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Abstract

In this dissertation, a machine learning based chatbot is evaluated for its
effectiveness in supporting undergraduate Compute Science students.  Using
Rasa open-source framework and behavioral science theories, a chatbot was
created to support undergraduate students taking the Computer Networks 1
course at the School of Computer Science in a private selective university in
Kazakhstan. A randomized experiment with 103 undergraduates majoring in
Computer Science showed that the chatbot intervention had no effect on stu-
dents’ performance during the semester and in the final exam. Neither did the
chatbot affect student attendance. At the same time, the chatbot increased
course satisfaction by about 3 points. The results suggest that the chatbot

intervention does improve students’ satisfaction with the course while not af-

feeting academic outcomes.



Angarna

By:1 juiccepranms ia MAITHIAILIK OKBLITYIa Heri3/eirell 1aTdoT OHbIl KOM-
HLIOTEP K IbUILIM BaKkalaBpuaT cry/lenrrepilie Koijiay Kepeery/ieri THiM/iiir
yillin Oara.tada,/ibl. Rasa aniblk 0acraliksl HCNI31H 2KOHC MIHC3-KYUIbIK +bLIbIMbI-
UL TCOPHAJIADLIN Mafijgaiala oTbIpbll, KaszakeTalublll KEKe Taiay/ibl VIIH-
sepenreringie HMudopmarnka mexredinge Komnbiorepsik zkesijgep 1 KypebiH
OKIIThIH DakalaBpHal CTYACHTTCPIHC KOJLAy KOpeeTy VIIiH 4aT-00T KypPblLbL.
Nudpoprrarinka mavaiyibirst 0oitsima okuToiin 103 MarieTpanTIen parljloNii-
BAILISLIAIINALL 9KCHCPUMENT yaTOoTTLI] apajacybl CTYACHTTEP/H CCMeCTP/Ier
ZKOIle KOPLITHILLL eMTHXAI/ AL yirepinmine ocep eTneiirinin kepceerTi. Yar-
60T cTvaenTTepAn cabakka KaTblcybllia ga ocep eTkeH KoK. CombiMen Oipre
HATOOT Kyperal Kalararraiy/bl maMamen 3 ynaiira apTThipinl Hernzkeiep
TaThOT apaACyYhl aKa eMUsLIBIK HOTIKesIepre ocep eTiell, cTyleHTTep/iH Kyp-

CKa KallaraTTallYDLII KaKCapTaTLINLIIT KGpCCTC,I[i.



Annoranus

B 91oit juiccepraigty 1ar-00T 1a 0CHOBE MAIIUIIIONO 0By Helllsl OleNBaeTcs
C TO'KH 3Pellits ero 3PppeKTUBIOCTH B HO/YIePrKKe CTY/IeNTOB Hakasiaspiiara 10
nnpopyaruke. Henonbsyst mwaardopmy ¢ OTKPbITHIM HEXOHBIM KOJIOM Rasa u
TCOPHU 1OBCIACHYICCKUX IAYK, ObLI co3all JaT-00T id HOAACPAKH CTYACHTOB
Dakasaspuara, uzydaonux Kype «Komupsiorepisie cern 1» B Ixose Konibio-
TOPHBIX HAVK B ACTHOM COJICKTHBHOM yHusepentere s Kasaxcraue. Paonmi-
MpoBANLI 3xcepument co 103 eryjientami, CleiHau3ipyonMICcs B obJra-
¢TI KOMIBLIOTCPHBIX HAYK, HOKas3aJl, 1T0 BMeIIATe/ILCTBO yar-0ora ne noB/111sJ10
2 VCIeBAGMOCTL CTY/EITOB B Tedelle CeMecTpa i Ha BBLIIYCKHOM SK3AMELE.
UaT-60T TAKIKC 116 TOBIIHAT 11a TIOCCIIACMOCTD CTYACHTOB. I3 To 7Kke BPeMs 1aT-
OO yBCMMILL YIOBJACTBOPEHHOCTL KyPCOM IIPUMEPHO Ha 3 pavuia. Pesyinrarsl
HOKAZBIBAIOT, (10 BMEIATENHCTBO YaT-00Ta, JIeHCTBUTRIILHO 1TOBBIIIAET YIIOBJIE-

TBOPCIIIOCTL CTYOCIITOB KYPCOM, IC BAUsIS Ha aKaJeMITIeCKHICe pe3ynLTaTDI.
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1. Introduction

Recent advances in artificial intelligence (AI) technologies boosted the widespread
adoption of Al conversational chatbots in many arcas of human activity. Al
chathots have an enormous potential to be fruitfully utilized i higher educa-
tion due to their capacity to flexibly support large groups of students at a low
cost |1, 2. 3. 4].

The aim of this dissertation study is to ereate and evaluate the effectiveness
of a machine learning based chatbot for use in higher education to support
students taking Computer Science courses.

The sienificance of the study is in that machine learning based chatbots
are increasingly used in education in developed countries, but in Kazakhstan
and ofther developing countries such chathots are essentially non-existent. This
chathot will contribute to the development of machine learning based chatbots
and machine learning based educational technology in general in Kazakhstan
and bevond.

Using Rasa open-source framework, a chatbot is created to support under-
eraduate students taking the Computer Networks 1 course at the School of
Computer Science in a private sclective university in Kazakhstan. The chat-
bot was created using behavioral science theories that suggest that reminders,
information. and nudges influence decision-making and support individuals in
making decisions that increase welfare.

To evaluate the chatbot’s effect on students’ outcomes, a randomized ex-
periment is conducted with 103 undergraduates majoring in Computer Science.
Administrative data from the university databasc and course instructors is used.

The rest of the dissertation is structured as follows: chapter 2 presents the
scribes the chatbot design covering the theoret-

literature review; chapter 3 de

ical foundations of the chatbot, the technical aspects of how the chatbot was



created, and the knowledge base of the chatbot; chapter 4 provides an overview
of the data and methodology; chapter 5 presents the results, and chapter 6
concludes and discusses study limitations, suggestions for chatbot developers

and recommendations for future research.



2. Literature review

2.1 The history of chatbots

Chatbots, also called conversational agents, are computer programs that
allow the computer to “talk” with the user. It is therefore a particular type of
human-machine interface, capable of responding to requests made in writing or
orally.

The history of the chatbot is therefore to be linked to that of the Interactions
between human beings and their creations. And if it is generally believed that
the first conversational agents appeared in the 1960s, their origin can go back

much carlier,
The beginnings of chatbots

When we talk about robotics in the broad sense, we cannot imagine finding
traces of it before the industrial revolution. However, as early as the 18th
century, a man began work that appeared to be the first steps towards chatbots.
In 1780, a Frenchman Abbé Mical took part in a science competition organized
by a Russian academy. His invention: two copper talking heads, capable of
pronouncing four sentences. There was then no real interaction with the public,

but the ereations clumsily reproduced the human voice, giving the impression

of conversing [5J
Westinghouse humanoid robots

Then. Europe experienced a great period of industrialization, bringing with

it the beginnings of robotics. In this area, an American company has partic-
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ularly distinguished itself: Westinghouse Electric and Manufacturing Corpora-
tion. His first creation in this field was called Televox, which appeared in 1927
|6]. This funny humanoid was capable of performing simple actions, depending
on the sipnals received. He could accept a phone call, turn on a fan, cte.
Then. in 1937, Westinghouse launched a new robot: Elektro. Always with
an appearance imitating a man, however, it presented new features. He could
thus react to the voice of the user and walk, move his arms, or even smoke
a cigarctte. But above all, he could "speak", with a vocabulary of about 700

words. Elektro thus marked a decisive step towards modern chatbots [6].
The Turing test and the birth of artificial intelligence

However. the real turning point in the history of chatbots lies in the ap-
pearance of the famous “Turing test”.

Alan Turing was an English mathematician, born in 1912. After brilliant
studics, he devoted his energy to scientific research, particularly in the field of
logic. It is to him that we owe the “Turing machine”, which laid the foundations
of the modern computer, as early as 1937 (the same year as the invention of
Elcktro). He is also famous for helping the British Army decrypt messages from
the Enigma machine, used by Germany during World War II [7].

A few vears later, he began to take an interest in artificial intelligence. He
then proposes a new experience, which he calls "Imitation game", which will
later take the name of "Turing test". This is an experiment to determine the
ability of a machine to impersonate a human being. Its principle consists in
connecting an individual with two interlocutors: a machine and a human being.
The examiner is led to ask questions, the answers to which are provided by the
other two actors. He must then determine which of the two is human. If it
does not succeed, the machine is considered to have passed the Turing test, by
reproducing human hehavior. Subsequently, over the years, chatbots have been

perfected, embedding more and more artificial intelligence elaborated. With

the hope of successfully passing the Turing test. The most famous of them are
called ELIZA, ALICE, or even Sophia. But only one would have passed the

Turing test.
The history of chatbots has been punctuated by several more or Jess suc-
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cessful ereations. And it would be impossible to list them all here. But here
are some examples of conversational agents that, in their own way, have made

an impression.
ELIZA, the first chatbot

The founding act of the birth of chatbots is commonly dated 1966. That
year, Joseph Weizenbaum, a German-American professor at MIT, created ELIZA
[8]. It is a computer program (and no longer a humanoid robot), now considered
the first true conversational agent.

[ts principle: imitate the behavior of a psychotherapist, using a dialog box.
Patients are thus encouraged to confide in writing, and ELIZA responds to
them. So much so that some individuals became attached to the machine,
which could be irrefutable proof of a successful Turing test.

Nevertheless, ELIZA is then content to locate a key word in the patient’s
sentence, to then formulate a question. For example, if the user talks about
sports, the robot can answer: “Since when do you like sports? A method that

therefore had obvious limitations.
ALICE, reference for chatbots

However, ELIZA has inspired many scientists, even decades later. Including
the American computer scientist Richard Wallace, creator of ALICE in 1995
18].

The developer then takes up Joseph Weizenbaum’s idea, perfecting the
model. ALICE is thus able to identify keywords in user comments, but also
relies on more sophisticated rules. In this way, the program is able to dialogue
with a hwmnan being, without being content with only questions.

ALICE is still the benchmark for chatbots today. The conversational agent
has also been awarded three times (in 2000, 2001 and 2004) with a Loehner

prize, which highlights the programs that best meet the criteria of the Turing
test. Nevertheless, ALICE never fully succeeded. Unlike the following chatbot.

Eugene Goostman, first chatbot to pass the Turing test

12



Eugene Goostman is a conversational agent, developed by three Russian
computer scientists in 2001. Equipped with artificial intclligence, it is supposed
to reproduce the behavior of a 13-vear-old Ukrainian boy. In 2014, rescarchers
at the University of Reading decided to confront it with the Turing test [9].

The experiment takes place with 30 examiners, who must interact with
the chatbot for 5 minutes. The organizers then consider that the test will be
successful if the proportion of individuals fooled exceeds 30%. A result that will
eventually reach 33%. Eugene Goostian would therefore be the first program
to pass the Turing test [10).

A conclusion greeted with skepticisu by the scientific community [11]. The
reservations relate firstly to the time limit imposed for the conversation. But
the media also question the supposed performance of artificial intelligence, after

other inconclusive tests.
Sophia

Sophia is a different chatbot from the previous ones, while also being in-
spired by ELIZA. It is indeed a humanoid robot, like Televox or Elektro, but
more realistic |12).

But the remarkable capabilities of this modern chatbot lie in its ability to
mteract. Using voice recognition and artificial intelligence technologies, Sophia
can answer certain questions and hold a conversation on a few topics, such as
the weather. Additionally, the robot can adopt a series of facial expressions,
mimicking human behavior.

However, Sophia owes her notoriety above all to Saudi Arabia. In 2017,
the country granted the chatbot Saudi nationality, a first for a robot [13]. A
decision that obviously did not fail to arouse controversy. Several observers
have notably asked whether Saudi nationality allowed Sophia to vote or marry.

Siri, Alexa, Google Assistant... The advent of voice assistants

Finally, it is impossible to conclude without mentioning the new form of

chathots: voice assistants. These programs, capable of understanding oral
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commands and responding via voice synthesis, have experienced real growth
in recent vears. Thanks. in particular, to the giants of technology. It was
Apple who first drew, in 2011, with Siri, present in particular in its iPhone.
Then others followed suit: Amazon with Alexa, Google with Google Assistant,
Microsoft with Cortana. Conversational agents who have become true virtual
assistants. And which have allowed chatbots to enter the private sphere, beyond

their professional applications.

2.2 Artificially intelligent conversational chat-
bots: main types, programming issues and

possible solutions

Artificially intelligent (AI) chatbots are software which designed for commu-
nication and help users obtain information or advice via text or voice messages.
Advances in the field of artificial intelligence have contributed to the wide adop-
tion of chatbots. In particular, recent developments in machine learning, neural
networks, and natural language processing (NLP) made chatbots smarter and
more useful in many ways |14]. Thanks to these computer science advances,
modern chatbots allow businesses to improve customer experiences at a rela-
tively low cost. They serve users and reduce human employees’ workload by
effectively dealing with repetitive and frequently asked user questions or re-
(uests. Even when chatbots send user queries to human employees, human
cmplovee’s time and energy are used more efficiently as they only deal with a
fow cases where their direct involvement is necessary. In other words, Al chat-
bots have become popular because they allow businesses to serve their clients
well while also reducing the costs. Al chatbots are used in arcas like education
15], medicine [16], banking [17], and many others.

Despite such progress in making chatbots uscful and the wide adoption of
chatbots, there are still programming issues associated with chatbot develop-
ment. This section reviews recent literature in the field of chatbot programming

and development and summarizes the key programming 1SSUcs as well as ways

to address them.



2.2.1 Main types of chatbots

Overall, chatbots have different degrees of complexity and can be classified
by different criteria and architecture [18]. One way to group chatbots is into
three main types based on their historical evolution as follows: 1. script-based
chatbots, 2. database-based chatbots, and 3. natural language processing-
based chathots.

First, script-based chatbots (also referred to as button based chatbots) are
designed to function in a predefined linear way. They have the simplest type
of dialog system because developers create rigid tree-like structure where users
choose between options. When interacting with such chatbots, users mostly
don’t type anything, they just press the provided buttons to get what they
need or want. Such chatbots are often used in various kinds of online booking
or delivery services. This type of chatbots is easy to create and use.

The sccond type of chatbots are database-based chatbots (also referred to
as rule based chatbots). They rely on specific keywords from the user messages.
Depending on what keyword is identified by the chatbot, it moves to the next
stage of the conversation by using a responsc from the database connected to
that specific keyword. The design and complexity of such chatbots might be
very simple or more cumbersome, however the basic idea is that the chatbot
retrieves the keyword from the user’s message and with an “if-then” statement
matchos it with some response from the database or moves to another condition
connected to keyword. Such chatbots are efficient when a simple form of a dialog
system is necded, for example for answering frequently asked questions or other
similar services.

The third type of chatbots are natural language processing based chatbots
(also referred as Al based chatbots). These are more complex and more human
like dialog systems which involve NLP, machine learning and deep learning
models for different purposes. This type of chatbots generally consist of three
parts which is the natural language understanding part, the dialog management

part and the response generation part |14].



2.2.2 AT chatbots: Programming issues and possible so-

lutions

Based on the review of the literature on chatbot development, the three major
1ssues challenging programmers were identified.

1. Accounting for context. Human communication always takes place in
some context. Even when using a chatbot for a specific purpose, for example, for
getting information about student loan services, users interact with the chatbot
in highly contextual ways. They have their unique backgrounds, circumstances,
needs, language capabilities, and demands.

Solution: Natural language processing algorithms. One promising (though
not magical) solution is to use natural language processing algorithms to ac-
count for context [19]. By extracting meaning from spoken or written messages,
natural language processing algorithms can handle identity-specific encodings
(piteh, tone, cte.), grammatical mistakes, sclf-corrections, and other aspects of
speech that altogether create the context [20, 21].

2. Adapting to evolving conditions. Even after a chatbot has been built
and piloted, there are things that change in the world or in the things users
expect from the chatbot. New types of dialogs may need to be added into the
dialog management part or new responses may have to be added in the response
generation part.

Solution: Machine learning algorithms and human support. The potential
solution here is the utilization of machine learning algorithms that feed on the
responses handled by human employees. Specifically, if an unexpected question
was received by the chatbot and the chatbot couldn’t respond, it could send the
question to the human employee’s email. Later, when the human employee re-
sponds to the question, that email enters into the chatbot’s response generation
part and the dialog management part gets enhanced too. In sum, a knowledge
database, a dialogue history corpus, and an external data source providing the
chatbot with “intelligence” supported by machine learning algorithms address
this programming issue lgg], Human-annotated corpora, discussion forums, and
emails conversations are commonly used for these purposes [23]. Open-source
conversational Al frameworks like Deep Pavlov hold much promise in tackling

this issue in the future generations of chatbots.
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2.2.3 Preventing usability issues in chatbot programming

Very often, conversations with chatbots fail for a variety of reasons. However,
in most cases. the main reason is usability related programming and design
issucs. At this time, there is a considerable amount of literature describing
various chatbots and we have built a considerable amount of expertise in de-
veloping chatbots in general. So this section summarizes this literature and
alns to provide an overview of common usability issues that can be overcome
by programmers relatively casily.

Here are the most common failures encountered when interacting with a

chathot and how to avoid them.
1. Deadlocks in Conversations

AI chatbots are still relatively rare and script-based chatbots tend to be
more common due to their simplicity and general availability. So it is limitations
of seripts used by chatbot developers that create deadlock conversations when
the chatbot doesn’t really have anything to say in response to users. Such an
approach works relatively well for chatbots responsible for simple tasks, but

sometimes companies borrow simple decision-making voices and schemas.
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Sophia e X

some info. You can click here for a
all the details about how your

Ready? Here we go! Can | get
@ your first name?

Hi I'm Galymzhan

Thanks, Hi I'm Galymzhan! Can |
also have your email address in

E case we need to follow up with

you later?

Do you ship to Kazakhstan?

M What ¢an | help you with today?

L
[ -

= L7088 yOuUr message...
pr—— -

Figure 2.1:  Screenshot of a chatbot not understanding a question
(https:/ /www.lego.com /en-us /service)

If programmers neglect to infuse the bot with some sort of personality or
program it to deal with unplanned and unusual conversations, they risk boring
the users.

Overly simplistic programming is another common pitfall that should be
avoided. While tempting and easy for the programmer, such an approach is
wrong in assuming that all or most of users will actually talk with the chatbot
the way that was expected, especially if this way is simple and too straight-
forward. More pointed questions that are poorly handled are excusable, but if
the chathot fails to pick up variations of basic commands and phrases, it gets

awkward.
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€13 KoWraH cypax, boitiHIua XayanTap
TabuinFaH XoK. ETiHeMIH Cyparbiibiaabl
@3repTiHi3 HEMECE CYPAThiHbIIb KORbIHLIS

Figure 2.2: Screenshot of a conversation with a robot that does not understand
words (https:, /shyn.kz/)

One way to avoid such issues is to brainstorm several conversation flows.
The best way to do so is to pilot a chatbot and then use the data gencrated
through the pilot to develop the better knowledge base and conversation sce-
narios. Qualitative interviews or focus-group style research data is also a very
useful approach as theygenerate a lot of real-life data |22] and help programmers
to find out how target users actually talk, what language they use, ete.

This way the decision tree of a chatbot will be more nuanced and complex
and responsive to a variety of possible conversations. The chatbot doesn’t
have to really recognize a large database of words, but by creatively deflecting

irrelevant requests, one can prevent conversations from quickly reaching a dead

end.
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® CooblueHue. Send us a message X

Today

Hi are you a chatbot?

***  The team will get back to you soon.
Please introduce yourself;:

Figure  2.3: Screenshot  of  conversation with a  chatbot
(https:// www.kimep.kz/en/)

Here in Figure 2.3, the robot does not understand a basic question. There
arce programining solutions that can help developers overcome such issues. That
15, the chatbot market is so large now that one can buy a package that will
address most of the common conversation types. However, they tend to be in
the English language, so if one needs a Kazakh- or Russian-speaking chatbot,

the problem still needs to be addressed for each particular chatbot.

2. Information overload
What's more annoying than a friend briefly replying "OK. Cool" to a long

message just sent to them? A chatbot who begins to tell us about his life in a

message, when we haven't asked him anything.

20
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Figure 2.4: Screcnshot of a large amount of chatbot welcome  text
(https:/ /uyatemes.kz ‘aspan)

Instead of engaging in casual conversation with potential customers, chat-
bots like these overload users with tons of text. Such interaction is far from
engaging. Another example, in Figure 5 below, uses too many emojis and makes

the chatbot less than user-friendly.



®eC-c0EE T 14:30 &

< Home (1)

Jamie Ofiver >
... Manage

Hey Ben! Weicome
to Jamie's amazing
recipe generator .

It's a celebration of
Jamie's new book [
and TV show B, '5
Ingredients - Quick &
Easy Food'

Just send us any food
emoji youwant (., @,
@, @, R) and we'l
send you a recipe .

Get started with one of
these below , ortry
any other emoji that

: tickles your tastebuds...

) J  Aa ® 10

Figure 2.5: Screenshot of a large amount of chatbot welcome
text  (Sereenshot  of  long  text with  emoji  overload. Source:
https:/ /d2vrvpw630991z.cloudfront.net /chatbot-fails /jamie-oliver.jpg.

Buttons and links are a useful tool in building the chatbot. However, using
them too much may create a highly artificial and unfriendly chatbot experience.

Therefore, it is important to use buttons and links while integrating them
into a natural-sounding language, typically used online. Smaller and shorter
texts messages with only a few of essential links and buttons create a chatbot
conversation experience that is the closest to real human conversations [24].

Appropriate uses of buttons are for selecting scheduling options or maybe
other options essential for the service or product that the chatbot supports or
provides. In Figure 6 below, the Seattle Baloon chatbot uses buttons in a user-
friendly way by providing clear options for choosing the occasion for which the

user is planning to use the balloon. Emojis used sparingly liven up the buttons

.



list. The geometry of buttons also makes it interesting to look at them. If the
buttons were provided in an overly symmetric manner, the list of buttons would
look horing and unengaging. This chatbot puts the user in control of his or her

experience while swiftly guiding the conversation and making it efficient.

@ Seattle Balloon Assistant

Great! Let's get them answered
50 you can book a flight.

Are you celebrating something
special or just looking to escape
@ with an adventure?

l Anniversary “ Birthday @ |

' Adventure/Bucketlist [ l

' Covid questions

l Proposal &

[ Already Booked?

Reply to Seattle Balloon Ass... @ &) & &

Crat  ty Drift

Figure 2.6: Screenshot of a chatbot showing buttons to help schedule meetings
(www.scattlebalooning.com ).

3. Under- or over-developed personalities

Chatbots are of course robots created digitally, but they can and should

sound more human, natural and real.
A tone that is too dry or too distant can break the entire communication

strategy dosigned for a company. If websites are written in a lively and in-
teresting language but the chathot speaks in dry and boring language, such a
combination only can put the company trying to communicate with users at a

disadvantage.
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Figure 2.7: Screenshot of a conversation with a bot that is seript-only
(Littps: / chat.hrmessenger.com /)

However, doing the opposite is not necessarily better. Chatbots that are too
talkative and too comical can have the same negative effect on your customers.

Many chatbot perception surveys revealed that customers would like chat-
bots to crack jokes and express their emotions |25]. Nevertheless, it is important
to keep in mind that if users say they like humour, it doesn’t necessarily mean
they will like any humour. A joke that will make a splash in Kazakhstan, may
be misunderstood by those from India.

But a joke and a pun here and there probably won’t hurt anyone, and
sometimes the developers know how to use a lot of hurmor.

This excessive use of humor lengthens the response or resolution time for
customer requests. Which isn’t so funny anymore.

A solution for anonymous chatbots is to try to match their personality to
the way your agents or target customers talk. Gather the phrases and words
that agents and customers use most often and try to include them in vour
script. The more empathy and sympathy chatbots show, the better.

When writing the script, it is a good idea to create a profile for the chatbot.
List their likes, dislikes, goals, and issues to guide you through the text design

Process.
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Figure 2.8: Ola hair salon robot profile picture. Source:

https:  d2vrvpw630991z.cloudfront.net chatbot-fails/ ola.png.

While developing the personality for the chatbot, hiwl one should focus
on the conceptual design, it is necessary to keep in mind basic issues such as
grammatical accuracy and proper spelling.

One example of a chathot that has a strong personality and is well doen is
My Replika bot shown in Figure 9 below. The Al bot allows users to select the
chatbot from many possible personalities available. The users can even name
the chatbot they way they prefer. The chatbot has an extensive knowledge base
and uses humour elegantly. In the screenshot below, the chatbot somehow flirts
with the user while staying within the standard etiquette and without crossing

any borders, eultural or general.
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Fioure 2.9:  Screenshot of the chatbot lightly flirting with the user
o 9:

(https:/ my.replika.com/)
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This chatbot is an example of how a bot can mimic humans well by using

enhanced personality features and humor.
4. No added value

In 2016, Business Insider reported that 80% of companies wanted a chat-
bot by 2020 |26]. To be more precise, this figure is based on 800 responses
from business leaders from France, the Netherlands, South Africa and from the
United Kingdom. Tt’s not "every business", but it does bode well for vears to
come.

Yot with so many chatbots being used all over the Internet, many chatbots
disappoint as they do not provide any added value but scem to be created just
to make sur ethat website has a chathot.

Figure 2.10 below shows an example of such a chatbot which responds sim-
ilarly to basically any question posed. While not completely useless — as the
chatbot does provides some information, or, rather, all information it has - the

chatbot is far from doing anything value-added to what the website already

does.

Hat nopaepmKky

Cxonbxo crour caxap? 0918

Esa

Bac #mTepecyem:

1) OdopmaeHue JaKasa

2) Cpox xpaHenus Ha MB3

3} Bonpock! COTpyaHAdecTea
4) Nouewy MeHAeTCA ueHa npu
406aBNEHAY B KOP3INHY

5) Yro Aenath, ecAn 3aKal co
CcTarycost "Ha nouexe’

6) 3aaepxKka AOCTaBKY A ee
OTAEH2

7) Bo3Bpar AeHEXHbIX CPEACTE
3) Mndopmauvio o
OOOPMNEHHOA 3aRBKE B
Jluron Kabunete Ha

Hart noAAePMKK 3akpxTe

Kax sepuytb tosap? 0%19
Eaa

Bac unTepecyet:

1) Bosspar rosapa

2) OpopmaeHmne 3a8BKM Ha
B0O3BpaT TOEapa Yepes
nposepky & luuHom Kabunere
3) OpcpMenne BO3BPAT
Kypbepom

4) Bo3Bpar aeHEXHbIX CPEeACTB
5) 3anepxKa AOCTABKA 1 €€
oTMeHa

6) OTmena 3akaza

7) Opopmaenrpe 3aKa3za

8) Bonpocr coTpyanndecTsa
9) Kak oTCheanTh 33Ka3

Figure 2.10:  Screenshot of a florist robot repeating the same phrase

(https:/ kz.wildberries.ru/)

A common Haw in these bots: the lack of strategy and objectives. Chatbots



are attractive because they are able to take on small, mundanc tasks that once

overwhelmed employees.
But this modern, high-tech representation of a digital assistant is what
companics s scem to concentrate too much. These chatbots may have a role to

play, but their performance and added value are not enough.

MOMHE Nt KyninTh B0LY B LIOHE?

3bi6epATE =COOXOAUMYIO N=CODMALN

Figure 2.11: Screenshot of E-gov’s virtual agent question about misunderstand-
ing and suggesting irrelevant FAQ articles (www.egov.kz)

A solution here is to determine first if you really need a chatbot. If he

is in a position to be able to tackle certain problems that your agents, your

customers or your company are facing, clearly define his role and the missions

he can realistically accomplish.
For example, if you need to set up an FAQ type chatbot, make sure that it
ns customers frequently ask. PayPal has an entire

is well versed in the questio
s, but its chatbot doesn’t recognize keywords.

page dedicated to cmail scam

If one assigns a single task to the chatbot, it is important to make sure it
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completes it well. Regularly update the chatbot, so that it can identify and
handle all new issues and requests. And make sure you're using a chatbot
builder that’s right for you. The OMQ bot and Landbot.io are very useful and
simple to use for creating FAQ chatbots.

And above all, it 1s necessary to make sure the chatbot is connected to the
live chat solution, so that any unresolved requests can be routed. This shows
vour customers that their queries are taken care of and they haven’t just wasted

their time.
5. Dysfunctions

This is the biggest failure of all. When scripts fail and programs go wrong,
chatbots lose their way.

New chatbots are prone to errors in their early stages, much to the chagrin
of customers. You risk ruining your brand image and frustrating customers if
vou deploy a bot that is not yet ready to take on the real world.

In high-stress situations, like bank account fraud or canceled flights, a mal-

functioning chatbot is the last thing a customer wants to deal with.
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Figure 2.12: Screenshot of useless chat with an airline bot

(https:/ flyarystan.com/en/contact)

The only solution here is to test, test and test the bot again and again
before going live. It is recommended to ask people outside your development
team or a foew customers to test vour bot and give you feedback.

In the event of a malfunction with the chatbot, lighten the air by getting
the chathot to acknowledge its flaws (“Sorry, I got lost. Let’s try again”) and
offer options to move forward , For example:

Sometimes customers ask bots silly questions to test the scope of the con-
versation. When using a rules-based conversational structure for the chatbot,
it is important to create a rule that helps the chatbot handle these kinds of

civersions.
These can be keyword commands for the customer to use, forward-to-agent

options, or button options.
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Figure 2.13: Screenshot of a conversation with a chatbot who knows how to
stay on topic (Telegram Contact @magnumopt,ot)

If the chatbot is prepared to handle a few hitches here and there, it will be
less likely to break down and compromise the smooth running of the exchange.
If the chatbot consistently fails, it’s best to try something clse

In some cases, chatbots are not the solution to consider. Some of the biggest
chatbot failures the internet has seen, like Tay from Microsoft, have come from

hots that had a very narrow purpose or function.
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2.3 Review of research on using artificially in-
telligent chatbots in higher education

Rescarch on Al chatbots in higher education grew in the recent years yet
is scattered across various disciplines and research methodologies which makes
it difficult to systematically synthesize |24, 27|. Scveral reviews of the use
of chatbots in cducation have been published recentlv. Winkler and Sollner
[28] examine the applications of chatbots to improve learning processes and
outcomes. Perez et al. |29] focus on chatbots’ potential to improve learning and
student services. Okonkwo and Ade-Ibijola [30] review chatbots’ benefits and
challenges in education. Wollny et al.[31] explore studies of chatbots focusing
on applications, designs, evaluation, and educational effects.

While the reviews cited above synthesize an impressive amount of evidence,
they tend to focus on secondary education and often adopt broad interpretations
of chathots. Arguably, higher education students have somewhat different needs
than secondary education students, therefore, chatbot uses in higher education
have their own unique features. Furthermore, most of the literature on chatbots
in education describes various chatbots and their design features without any
empirical rescarch on chatbots’” actual use. This review aims to systematically
examine the burgeoning empirical literature on Al chatbots in higher education.

This section of the review is guided by the following research questions: 1)
What are chatbots used for in higher education? 2) How do chatbots affect
academic and non-academic outcomes of students in higher education?

The search was conducted in the following databases relevant for computer
science, education research, and social sciences: Association for Computing Ma-
chinery (ACM) digital library, Institute of Electrical and Electronics Engincers
(IEEE), Computer Society Digital Library (CSDL), Education Resources Infor-
mation Center (ERIC), Scopus, and the National Bureau of Economic Research
(NBER).

Since chatbots are relatively recent and the literature on chatbots in higher
education is in its emerging stage, the main search term we used was “chatbot”.
To make sure the search is comprehensive, the scarch terms list was developed
in consideration of possible studies that examine the use of chatbots to support

a) students preparing to enter higher education, b} students already enrolled in
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institutions of higher education, and ¢) students preparing for the labor market
or for subsequent stages of their educational trajectories. The search terms

11w » U

therefore included “chatbot for students”, “chatbot for education”, “chatbot for
K-127, “chatbot for university”, “chatbot for learning”, “chatbot for graduate
education”, and “chatbot for the job market”.

The papers included in the review had to meet the following criteria: 1)
demonstrate empirical evidence involving human participants on the nse of
chatbots in or for higher education, 2) be published in peer-reviewed journals,
3) be published in 2010-2021. 4) be published in English. After applying these
inclusion criteria, our final analytic sample included 6 papers.

Table 2.1 below presents an overview of the papers identified through the
search and included in the final analytic sample.

Ayedoun et al. 32| developed and evaluated a prototype of a chatbot en-
couraging willingness to communicate among university students studying En-
glish as a foreign language in Japan. Their chatbot prototype simulated a
conversation at a restaurant. A total of 5 undergraduate and graduate stu-
dents at a Japancse university interacted with the chatbot prototype. Before
and after participants’ interaction with the chatbot, the rescarchers measured
their willingness to cominunicate, interactions with the chatbot, nervousness,
degrec of immersion, and fluency of conversation. The findings showed that
confidence and desire for communication increased and nervousness decrcased
after interacting with the chatbot. Overall, the authors conclude that the chat-

bot increased participants’ willingness to communicate.

| Study [ Rescarch design Country Sample
size
Ayedoun ct al. |32 Pre-/post-analysis | Japan 5
Cicchanowski et al. |33] | RCT Poland 31
Fryer et al. |34] Pre-/post-analysis | Japan 122
Lin & Chang |35] Mixed methods Canada 28
Page & Gehlbach [36] RCT USA 7,489
Nurshatayeva et al. |37] | RCT USA 4,442

Table 2.1: Studies included in the review

Cieclianowski et al. [33] explored the psychophysiological reactions to chat-
hots and willingness to collaborate with a chatbot. Psychophysiological re-
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actions were measured using clectromyography, respirometer, clectrocardiog-
raphy, and electrodermal activity. Willingness to collaborate with chatbots
was examined using the theory of planned behavior survey, the social presence
survey, and the anthropomorphism scale. Two chatbots were designed for the
Kozminski Academy to assist new students with enrollment related issues. One
chatbot was text-based, the other chatbot had an avatar reading out the re-
sponses in addition to presenting them as text on screen. Participants (n=31)
were randomly assigned to cither of these chatbots. The overall conclusion of
this study is that participants enjoyed their interactions with both chatbots.
However. they were more positive about the text-based chatbot.

Fryer ot al. |34] examine the effects of using chatbots on task and course in-
torest of students studying English as a foreign language at a private university
in Japan. A total of 122 students from various majors were randomly assigned
cither to interacting with a chatbot or a human partner for one week. After
the first week, the treatments were switched, that is, the chatbot group started
chatting with a human and vice versa. The findings showed that the chatbot
decreased students’ task interest. Structural equation modeling showed that
task interest with a human partner only contributed to increasing course inter-
est. Notably, students’ task interest was high at the start of interactions with
the chathot. but decreased sharply after the first task suggesting that chat-
bot’s novelty cffect faded quickly and did not contribute to sustained interest
in learning,.

Lin Chang [35] present a chatbot aimed at improving university students’
writing skills. Their mixed methods study with Canadian undergraduate stu-
dents showed that the chatbot improved students’ essay outline performance
and was helpful in facilitating the communication between instructors and stu-
dents.

Page Cehlbach [36] conducted a randomized controlled trial with 7.489
students entering Georgia State University to estimate the effect of an Al chat-
bot on enrollment and academic outcomes in the first semester of university
studics. The chatbot aimed to support students in transitioning from high
school to college and enrolling in Georgia State University. The experiment re-
anlts showed that the chatbot increased success with pre-enrollment tasks and

yaised enrollment by 3.3 percentage points among students who expressed carly

33



commitment to study at Georgia State University.

Nurshatayeva et al. [37) replicated the study by [36] at East Carolina
Universitv. A total of 4,442 students entering East Carolina University were
randomly assigned to cither receiving the chatbot support or to business-as-
usual supports provided by the university. The results suggest that the chatbot
had no effect on overall enrollment rates but increased enrollment among first-
generation students by 3 percentage points.

The present review showed that rescarch papers cvaluating chatbots in
higher education focus on chatbots teaching English as a foreign language,
developing writing skills, and supporting students in their transition from high
school to university.

Overall, based on the reviewed studies, one can conclude that chatbots pos-
itively affect academic and non-academic outcomes of students in higher edu-
cation. Chatbots assist students in improving their English language skills and
other skills like writing. Chatbots also have the capacity to support students
in the completion of various administrative tasks and nudge them to enroll on
time in a university of their choice.

Notably. the reviewed papers tend to use rigorous research designs to cval-
uate the effects of the chatbots on the outcomes of interest. Randomized con-
trolled trials were common perhaps reflecting the considerable rescarch methods
capacity of the rescarchers studying chatbots in education. Sample sizes in the
two U.S.-based RCT studics are quite large reflecting the scale-up potential of
chatbots in contrast to other types of educational technologies. Overall, the
treatment cffects of chatbots yicld themselves particularly well to evaluations
involving advanced quantitative research designs. The area of chatbots for

higher education is ripe for more research.
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3. Chatbot design

3.1 Theoretical foundations for the chatbot

The literature review above showed that the most advanced chatbots for
supporting students in higher cducation arc created using behavioral science
|37, 38, 39|. Reminders, information provision, and support with completion of
specific steps are the core nudges used in the literature [40]. Specifically, the
chatbots using nudges or behaviorally informed features that help users make
better decisions for their welfare are the most promising to improve students’
outcomes at the tertiary education level [41].

Behaviorally informed interventions, including chatbots, are not only the
cutting-cdge solution offered by behavioral research, these interventions have
also been evaluated rigorously and they work. Randomized controlled trials
using hehavioral interventions showed that such interventions are effective in
improving many outcomes of interest, such as health-related and savings de-
cisions |41, 42|. Furthermore, in higher education specifically, the growing
evidence base shows the promise of nudges and other behaviorally informed
information interventions in improving students’ academic and non-academic
outcomes [39, 43]. Given the theoretical rigor and promising practical cffects,
in this dissertation rescarch, the chatbot was created using these behavioral
insights.

Notably, hehaviorally informed chatbots have been studied in a series of
cutting-edge social science research papers and are only emerging in the field
of computer science and computer science education. So, by creating a hehav-
jorally informed chatbot, this dissertation rescarch benefits from the interdisci-

plinary perspective.



3.2 Technical details of the chatbot

To develop the chatbot, I used the RASA open-source framework for au-
tomating text and voice-based conversatious [44, 45]. Rasa has modular archi-
tecture and this allows Rasa to be casily integrated with other systems.

RASA architecture contains two main parts which are NLU or natural lan-
guage understanding and Core or dialog management part |46, 47). These two
parts are designed to he separate for testing and evaluation purposes. Rasa
NLU takes inputs from users while Rasa Core makes decisions based on the
input received; these characteristies make Rasa Core comparable to an car and
Rasa Core to the brain of the chatbot technology |45).

Morcover, both parts NLU and Core are in a continuous development state
[48, 49]. For instance, Rasa Core can be utilized as a dialogue manager with
other services and not necessarily together with Rasa NLU. The code of both
NLU and Core is created in Python, however, both Core and NLU can expose
HTTP APls and therefore can be integrated in projects built with different
programming languages [44].

These two main parts contain several smaller components and incoming text
messages from the user go through the so-called sequence of components which
is called a pipeline. Each component can be customized and needs to process
mput information from the previous component and produce some output to
the next component |44].

Figure 3.1 below demonstrates Rasa’s architecture in more detail. The
“Interpreter” block represents the NLU component in Rasa. The incoming
messages from users go through the NLU. The NLU then produces structured
output containing both the original message received and information on its

intent and entities if any.
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Figure 3.1: Rasa architecture |50)

Next, the “tracker” keeps up the conversation and receives the output from
the interpreter. Next, this output goes to the “policy” when Rasa Core makes
a decision about which action to perform next. The “tracker” keeps the log
of the selected action. Finally, “action” denotes that the chatbot provides ana
appropriate answer to the user.

The class rasa.core.policies.policy makes the decision regarding which ac-
tion to take in cach conversation. Rasa Core’s main training policies include,
but are not limited to, MemoizationPolicy, MappingPolicy, KerasPolicy, TED-
Policy, EmbeddingPolicy, Form Policy, FallbackPolicy and TwoStageFallback-
Policy [45].

In order to get optimal results and performance developers tend to combine
these policies in their chatbots using config.yml. setting up the Max History and
Data Augmentation parameters is also imortant as they affect the performance
of the model. Rasa Coore makes policy decisions based on priority and sclects the
highest priority policy. The calculation of priority is carried out by estimating a
confidence score for each priority, that is, policies having the highest confidence
score have the highest priority. Supervised reinforced learning is typically used
to enhance the efficacy of the chatbots.

In order to customize the chatbot, I integrated into the pipeline a deep
Jearning model by arranging the inputs and outputs and classifying upcoming

‘ntents with the Sklearn Intent Classifier. This a common approach for chatbot

g 1 55 e 24 ]
customization [51, 52, 53, 54, 55].
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Conversation Driven Development in Rasa

Conversation-Driven Development (CDD) is the process of listening to the
users and using those insights to improve the chatbot. It is the overarching
best practice approach for chatbot development.

Developing great chatbots is challenging because users will always say some-
thing unanticipated. The principle behind CDD is that in every conversation
users are telling us—in their own words—exactly what they want. By practicing
CDD at every stage of bot development, one can orient chatbots towards real
user langnage and behavior.

CDD includes the following actions [50]:

e Share the chatbot with users as soon as possible

e Review conversations on a regular basis

e Amnotate messages and use them as NLU training data

e Test that the chatbot always behaves as you expect

e Track when the chatbot fails and measure its performance over time

e Fix how the chatbot handles unsuccessful conversations

CDD is not a linear process; you'll circle back to the same actions over and
over as you develop and improve your bot.

Rasa offers Rasa X, a purpose-built tool for CDD.

In this dissertation, T attempted using the conversation driven development.
However, due to the small number of participants and their limited interaction
with the chatbot, T had insufficient data for complete implementation of the
CDD.

3.3 Knowledge database for the chatbot

The knowledge base of the chatbot was created using two primary docu-
ments: 1) the university’s academic calendar, and 2) the course syllabus. From
the university’s official academic calendar, the main dates and events were ex-
tracted and programmed into proactive chatbot messages, e.g., as reminders
about approaching deadlines. From the course syllabus, course-specific infor-

mation was developed into proactive messages, €.8., as cOUrse announcements,
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reminders and tips for completing course assignments.

The chatbot used in this study was designed to support students both aca-
demically and socialization-wise. Table 2 presents the overview of the chatbot’s
pre-scheduled text messages. In March 2022, the chatbot was introduced to the
treatment group students and the chatbot-student interaction began, Through-
out March and April of 2022, the chatbot sent students relevant information
and reminders related to their core course assignments, such as quizzes and
lab tasks. During March and April 2022, the chatbot also sent attendance
hooster messages reminding students of the upcoming class sessions. Students
also received professional tips from the chatbot, these included messages with
links to useful websites, articles about how the skills developed in the course
they were taking could help them professionally in the future, and other similar
information.

Starting from March 2022 through May 2022, the chatbot sent motivational
and social messages in order to support students through the exam session which
takes place in May. Motivational messages included messages aimed to inspire
students to study in the course and aim for a productive career in Computer
Scienee. Social messages mostly consisted of congratulatory messages on na-
tional holidays, such as Nauryz (March 22), Unity Day (May 1), Defender of
the Fatherland Day (May 7). Social messages also included messages related

to the university-level and faculty-level events and activities.

39



Type of Messages

Description

| When sent

. Introduction
. Course assignments

Attendance boosters

. Professional tips

. Motivational

. Social

Chatbot introduction

Messages  about  course
assignments, reminders of
deadlines

Nudges and reminders aimed
at improving student atten-
dance

Messages with information
for professional development
Inspirational messages to
support  students’ interest
in the course and profession
more broadly

Miscellaneous messages, e.g.
congratulations on the Nau-
ryZ

March 2022
March-April
2022

March-April
2022

March-April
2022
March-May
2022

March-May
2022

Table 3.1: Overview of the chatbot’s pre-scheduled messages

40




Figure 3.2 below shows screenshots of how the proactive messages sent by the
chatbot looked for the users.
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Figure 3.2: Chatbot in action: Proactive messages t0 users
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Figure 3.3 below shows the interaction log of the users with the chatbot.
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The function of Spanning Tree Protacol (STP) is to prevent Layer 2
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EtherChannel is a port link aggregation technology developed by
Cisco. which provides fault-tolerant high-speed links between
Switches, Routers. and Servers. EcherChannel technology allows
multiple physical Ethernet links (Fast Ethernet or Gigabit Ethernet)
to combine into one logical channel.

Figure 3.3: Chatbot in action: Interactions with users
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4. Data and methodology

4.1 Data

The bascline student data was obtained from the university’s database and
includes basic demographics and high school outcomes. The list and description

of variables obtained from the university’s database is presented in Table 4.1

below.
Variable name || Description Coding
1 male Gender 1 -male, 0-female
2 age Age Numeric
3 langschool Language of instruction in high | KZ-—Kazakh,
school EN - English,
RU =Russian
4 altynbelgi Indicator for whether the student | 1=received Altyn Belgi,
received the Altyn Belgi medal of | 0=didn’t receive Altyn
distinetion in high school Belgi
5 hisgpa High school GPA Numeric
6 vear Year of study at the university Nuieric
7 englishlevel | Level of English proficiency =K1, 2=A3, 3=Bl,
4=B2, 5=Cl, 6=C2
8 gpa GPA at university Numeric

Table 4.1: Baseline variables

The chathot was intended to provide nudging and support to 3rd-year un-
luate students taking the INF313 Computer Networks 1 course at the
Science in a private selective university in Kazakhstan.

dergrac
School of Computer
All students major in Information Systems and their language of instruction
is English. All students arc citizens of the Republic of Kazakhstan and 99%

of them are of Kazakh ethnicity. In terms of financial aid, all students in the
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dataset are funded by the government scholarships.

Table 4.2 below displays some more basic descriptive statistics for the pooled
sample. Most students are male (75%). On average, students are about 19 vears
old though there are students aged as little as 17 years and as much as 24 vears.

The majority of students (86%) graduated from secondary schools with the
Kazakh language of instruction. Less than 3% of the students in the sample
studied in sccondary schools where English was the langnage of instruction.
And about 12% of students studied in schools where instruction was delivered
in Russian.

Academic-wise, there are about 20% of students who received the Altyn
Belgi (golden medal) distinction for their secondary studies. The average high
school GPA is quite high at about 4.7 out of 5 suggesting that overall, the
incoming students at this university did relatively well in high school.

The students mostly are in their 2nd year of studies at the university, have
B1-B2 English proficiency levels. Their average GPA carned at the university
so far is about 2.6, although the dataset includes students with GPAs as low

as .22 and as high as 3.8 (out of 4).

Obs. Mean SD Min | Max
Male 104 5 A4 0 1
Age 104 18.9 0.95 17 |24
Kazakh language || 104 85.58 0.35 0 1
high school
English  language | 104 2 88 1% 0 1
high school
Russian language || 104 11.54 0.32 0 1
high school
Received Altyn || 104 0.19 0.40 0 1
Belgi
High school GPA 75 4.68 0.40 3.1 |5
Year at university | 104 2.125 0.33 2 3
English level 90 3.52 0.99 i 6
| GPA at wiversity || 104 2.55 0.67 0.22 (3.8 |

Table 4.2: Descriptive statistics for the pooled sample
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4.2 Randomized controlled trial

A randomized controlled trial research design was used to evaluate the im-
pacts of the chatbot use on students’” outcomes. The randowmized controlled
trial approach is based on the counterfactual conceptual framework, whereby
the participants randomly assigned to the treatment and control groups com-
prise valid counterfactual and differ only in the treatment received |56, 57, 58].
Statistical comparison of the outcomes of the treatment and control groups al-

lows us to estimate the causal effect of the treatment in such rescarch designs

[57].

Variable Treatment  group | Control group | Difference

Mean (SD) Mean (SD) (SE)

ol 0.73 (0.45) 0.77 (0.43)  [-0.04
(0.09)

o 18.94 (0.96) 18.88 (0.94) | 0.06
(0.19)
Kazakh language high | 0.85 (0.36) 0.87 (0.34) -0.02
school (0.07)
English language high [ 0.04 (0.19) 0.02 (0.14) | 0.02
school (0.03)
Russian language high || 0.12 (0.32) (.12 (4.32] 0 (0.06)
school

Received Altyn Belgi 0.23 (0.43) 0.15 (0.36) 0.08
(0.08)

High school GPA 4.75 (0.40) 4.63 (0.40) 0.12
(0.09)

Year at university 2.15 (0.36) 2.10 (0.30) 0.06
(0.07)

English level 3.47 (1.00) 3.57 (0.99)  1-0.11
(0.21)

GPA at university 2.54 (0.67) 2.55 (0.67) -0.01
] (0.13)

Table 4.3: Balance tests
#ik 0,01, ** p<0.05, * p<0.1 According to t-tests and proportion tests, there
are 1o statistically significant differences between the treatment and control

pIOUPS.
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4.2.1 Randomization procedure and balance tests

For a randomized controlled trial, random assignment to treatment and
control is essential. We used Python 3 for randomizing the students taking the
INF313 Computer Networks 1 course.

The balance tests presented in Table 5 show that there are no statistically
significant differences in any of the covariates across the treatment status. This
suggests that randomization worked and the main assumptions of the random-
ized controlled trial are satisfied. That is, any differences in outcomes are

attributable to the treatment assignment.

4.2.2 Statistical estimation

To analyze the results of the randomized controlled trial, multiple linear re-
eression analysis will be used [59]. Multiple linear regression allows estimation
of the treatment cffects as the coefficients on the treatment variable. The re-
gression also allows adding multiple additional covariates effectively controlling
for variation in the outcome variable associated with cach of those covariates.
In addition, adding covariates increases the precision of the coefficients on the
treatment variable thus making it a preferrable option over simple tests like
t-tests.

The following equation was estimated using the multiple linear regression:

y,=a+ BITREATMENT: + Xy + €

ble for cach student I; TREATMENT]

where Y1 stands for the outcome varia
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variable indicating whether the student i is assigned to the treatment or control
group. Xy a vector of student characteristics including gender, age, language of
instruction in secondary school, an indicator for whether the student received
the Altyn Belgi distinetion award, high school GPA, English proficiency level,
and GPA; and Ei represents the error term.

The effects of the chatbot intervention on four outcome variables are ex-
plored. The first outcome variable is pre-final grades. These grades range from
0 to 60 and represent the grades earned by the students during the semester.
In the data, these grades are calculated by more than one instructor: the lec-
turer and the tutorial instructor. The grades are the sum of grades for various
assignments such as lab assigninents and midterms.

The second outcome variable is the final exam grade. This is calculated out
of 40 points and is estimated by the main course lecturers. The exam included
a written test with a coding assignment.

The third outcome variable is the number of absences. Since the lectures
in the course were online, only attendance in tutorial classes was taken into
account. The ahsences are simply counted and represent a discrete variable.

The final outcome is a measure of course satisfaction taken from the course
satisfaction survev by the course instructor. The variable contains students’
responses to a simple question “How satisfied are you with the course?” The
answers ranged from 0 representing “not at all satisfied” to 10 representing

“completely satisfied.”
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5. Results

5.1 Student-chatbot interaction

The chatbot interacted with the students from March through May 2022.
The chatbot delivered the messages via Telegram taking advantage of the fact
that Telegram is the preferred medium for student-instructor communication
at this university so students are used to getting course-related information via
Telegram specitically.

All the proactive messages were sent as scheduled. However, there were
technical glitches with the chatbot’s response component that prevented full
student-chatbot interaction in March. Starting in mid-April, the technical issue
was resolved and the chatbot became responsive to students’ messages.

Therefore, it should be noted that the treatment effects should be ter-
preted with caution as the chatbot intervention was somewhat limited. The
reasonable interpretation pertains to a beta-version of the chatbot rather than

to a complete chatbot intervention with full functionality.

5.2 Chatbot’s effects on students’ outcomes

Tables 5.1 and 5.2 present the main results.
In table 5.1, equation 1 is estimated without the vector of student covariates.

That is, the constant represents the average values of the outcome variables for
the control group while the coefficient on the “treatment” variable represents

the average values for the treatment group.
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(1)  Prefinal | (2) Exam (3) Absences | (4) Satis-
grades faction
Treatment 1.262 0.634 -0.210 S 10grrE
(3.259) (1.693) (1.111) (0.405)
Constant 3.5 i 4.902*** 5.194%%*
(2.315) (1.203) (0.789) (0.288)
Observations || 103 103 103 103
R-squared 0.001 0.001 0.000 0.367

Table 5.1: Chatbot effects (the model without covariates)
Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

The estimates in Table 5.1 overall show that the chatbot had no effects on
the prefinal grades, exam scores, and ahsences. Column 1 shows that while
the treatment students received about 1.3 points higher pre-final grades, this
difforence is not statistically significant. Similarly, the treatment students re-
coived about 0.6 points higher exam scores, but yet again , this difference is
not statistically significant.

Finally, the treatment students have, on average, 0.2 fewer absences, but
the difference across groups is not statistically significant.

At the same time, the chatbot increased student satisfaction in the treat-
The treatment group students reported approximately 3 points

ment group.
higher satisfaction with the course and the difference is statistically different (p

0.001).
Next, equation 1 1 estimated including the student-level covariates. These
ostimates are prcsonted in Table 5.2 below. There are a lot of missing values
ovariates, therefore, only 70 observations are in the data used for

in some ¢
Nevertheless, the results are similar to

estimating the complete equation 2.

those in Table 5.1
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[ l
(1)  Prefinal | (2) Exam | (3) Absences | (4) Satis-
oradoes faction

Treatment 0.657 -0.554 -1.158 3.141%F*
(3.360) (1.840) | (1.072) (0.522)

Male 3.143 5.396** | 0.354 -0.0757
(4.030) (2.218] (1.287) (0.627)

Age 0.0656 0.207 -0.293 0.462
(2.239) (1.226) (0.714) (0.348)

Nazakh  lan- || -0.395 -1.683 -3.111 1.077

guage  high

school
(8.403) (4.602) (2.680) (1.305)

Russian  lan- || 7.148 0.757 -1.846 2.659*

guage  high

school
(10.08) (5.522) | (3.216) (1.566)

Received  Al- | 0.362 1.819 8 542% 0.458

tvn Belgi
(4.724) (2.587) (1.507) (0.734)

High  school || -3.238 -0.769 2.051 -0.0523

GPA
(5.258) (2.879) (1.677) (0.817)

English level || 0.421 0.928 -0.818 -0.00447
(1.984) (1.087) (0.633) (0.308)

GPA at uni- || 19.17%%* 0.383 " | BT -0.0113

versity
(3.072) (1.682) | (0.980) (0.477)

Constant -5.202 -17.45 20.85 -4.443
(55.83) (30.57) (17.81) (8.672)

Observations || 70 70 70 70

R-sqquared 0.445 0.422 0.440 0.446

Table 5.2: Chatbot effects (the model with covariates)
Standard errors in parentheses. ¥ po 001 po005 Ty 01

Specifically. the chathot had no effects on .m't‘-rﬁnnl orades. on r-r{f‘nn SrOFes,
i ttorial attendanee. Sl e thathol mersased course sabistaction by

abonl ;’)}nlillih[]!‘ O.001).

Fouation [ was also estimatoed for various subgroups: for low-achieving, for

hivh-achioving. for males. for females. In all cases, the estimates were similar,
IR e

aopesting that the chatbot had 1o subgroup effects. These estimates snpport

ol




the interpretation that the chatbot increased course satisfaction both in the full

sample and within the subgroups investigated.



6. Conclusion

In this dissertation, a chatbot to support students majoring in C
Seience was developed using ‘ e
s Joped using the Rasa open-sourc
¢ framework. Tl
. The chatbot

was then cvaluated using a randomized controlled trial with 103 und 1
crgradu-

ate students taking the INF313 Computer Networks 1 course at the School of
ourse at the School o

Computer Science in a private sclective university in Kazakhstan
The randomized controlled trial evaluation showed that the C’hatb .
vention had no effect on students’ performance during the senlest;er a (zlt ‘mt"r'
final exam. Neither did the chatbot affect student attendance. At ltl} ui the
time, the chatbot increased course satisfaction by about 3 points He e
The results st '

satisfaction with the cou
in line with the recent studies of chatbots. In contrast with the

o on chatbot-supported nudging|36, 37, 60), we find no sub-

1ggest that the chatbot intervention does improve students’
rse while not affecting academic outcomes. This ap-

pears to be
existing literatur
roup effects of the ch

The estimates suggest reserved opt
joap and scalable support tool, it is important to understand

g atbot intervention.
imism about chatbot support of students.
While being a ¢l
that chatbots nay have

Yet, increased course satisfac
cducation institutions may wish to pursue. So chatbots may be ccommentded

ge uuivcrsitios a.

limited cffects on academic outcomes.
tion may be an important outcome that higher

for u iming to enhance student satisfaction. It is also possible
that afte
offort and therefore
qptually increase st

r extended use, satisfaction with the course may increase students’

performance.
ident retention rates and their intercst in the profession

It is also possible that course satisfaction may

QY



Limitations

This study has scveral limitations. First, the chatbot intervention was a
demo version with the interactive component becoming functional only in the
second half of the experiment due to technical glitches. With improvem.cnts and
with greater knowledge base developed hased on the student-chatbot interaction
data (and not just based on the proactive messages), it is possible that the
chatbot may indeed potentially enhance students’ academic outcomes. If not

grades, attendance could probably be boosted via timely and individualized

reminders. Longer duration of the intervention, for example, during the whol
i . ‘hole

comester. could also have different effects on students. In fact, many chatbot
) : clt

iuterventions in education, for example [34, 36], tend to be longer-term, ov
’ Tv , over

the period of several months.
Second. the study uses data from one university only. It is possible that
. M v tely M re

the university students have sufficient support both within the course taught

and at the level of their department and school. Therefore, the findings may be
’ & ay

difforent in another context where, for example, student support is less readily

available.

Third. the chatbot was developed in English as the rescarch site was a
university where the language of instruction is English. However, it is p ossible
that students arc not used to receiving such intcrventions in English. The
chatbot that spca

and not relatable.

characteristics of chatbots matter|25|, the choice of the chatbot language is an

ant factor in determining its success.
cademic outcomes and one course satisfaction out-

ks English may have been perceived as somewhat distant
Given the recent evidence suggesting that the linguistic

import
Finally, only short-term a
The chatbot could have potentially have effects on a wider

come 18 studied.

range of outeones:

Suggestions for chatbot developers

The following suggestions for chatbot developers are based on the experience
of creating the chathot for this study.
to work closely with the course instructors and

The first suggestion will be



with other stakcholders in building the knowledge base of the chatbot. It is
essential that administrative information, course information, and Vﬂl‘iOl. 3 "
toxtual Tules arc taken into account when creating the cllatb;)t content S

The sccond suggestion is to carcfully scleet the language of the c.h‘xthot
While sclecting English makes a lot of things easier given that most clza‘t‘boé
tools are seared for English, selecting the language which is native to qtuci’ t
may make the chatbot much more relevant and useful for studcntql Ineil] )
context of this dissertation study, Kazakh language should likely Bc‘ q(‘.lc('t d l e
most students speak Kazakh. Yet this leaves the question of ll(;W t(’)kbeqt' (s((a ‘ds
Russian speaking students who may be less fluent in Kazakh. m
Suggestions for future research

In future rescarch, the following should be addressed. First, the chatbot
. , the chatbo

theorv of action should be clearly formulated. Why the chatbot is expected
' s expecte

to affoct this or that outcome should be made clearer. The chatbot t
: ‘ » chatbot canno

he expected to he affecting any academic outcome or any non academic out
R -al C * OUt-

0 N by e N Y4 YA TATAN M 3 N
come. Perhaps the rescarch should move towards what outcomes chatbots ¢
¢ atbots can

reasonably affect.
Next, more replications n various contexts should be conducted in order to

understand how context may influence chatbot effects. At this point what w
. S _what we

Jether chatbots affecte - In’t affe : '
d or didn’t affect specific outcomes in a specific

niversity. Whether or not a chatbot will be effective in a specific new context

all ompirical question.
given the positive cffects of the chatbot on course satisfaction in

know is wl

remains
Further,

this study, it ap
academic me
|f-cfficacy, ctc.

other than English will be chosen as the interaction

pears reasonable to explore the potential of chatbots in in-

creasing non- asurcs such as motivation, interest in the discipline

or profession, 5¢
Finally. if a language
guage for the chatbot,

ish should be addressed. Utilization of conversational Al frameworks
v is recommended to make a functional chatbot speaking a
olish. |57, 58, 59|

lan programming issues related to using languages other
than Engl
like Deep Pavlo

language other than En
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