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Abstract—Programming is one of the most important skills of the 21st century. However, for
many students, learning programming is a rather complex process. In such cases, it is important
to maintain the interest and involvement of students in the learning process. It is believed that
digital games can solve this problem. One of the types of games that are well suited for
the field of computer science are puzzles, which are aimed, among other things, at developing
cognitive abilities. The purpose of the work is to develop models, an algorithm for the operation
and structure of a game chatbot with artificial intelligence for learning programming using
Wordle-like puzzles. Game Wordle was chosen due to its worldwide popularity and adapted
as a gaming chatbot for use in learning programming. Artificial intelligence in the chatbot is
necessary to control the appropriateness and appropriate time of its use, as well as adaptively
forming the difficulty level of puzzle. Based on the data collected as a result of using a non-
intelligent gaming chatbot, regression models of the influence of student indicators on the level
of interest and difficulty of puzzles offered by the gaming chatbot were built. The developed
models formed the basis of the algorithm of operation and structure of the gaming chatbot with
artificial intelligence. When using an intelligent gaming chatbot, it is possible to further train
the models and adjust the previously obtained coefficient values.
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1. INTRODUCTION

For many students, learning to program is quite a difficult process. This is due to the fact that
solving programming problems requires not only knowledge of programming languages, but also
appropriate levels of cognitive abilities (logical, critical, computational thinking). Low levels of
such abilities often create difficulties in learning and lead to a decrease in student engagement and
motivation.

The use of educational computer games is one of the methods for maintaining student interest
in learning in various disciplines and areas [1], including programming [2]. Cognitive abilities
and functions (working memory, processing speed, executive functions, etc.) can be significantly
improved by using games [3], and the specific effect depends on the types of games used [4]. Thus,
logical games and puzzle games are well suited for teaching computer science [5].

Traditionally, Parsons programming puzzles [6], which are randomly jumbled code fragments
that the learner must arrange in the correct order to obtain a working program, are well suited
for teaching programming at the initial stage. They are effective for mastering basic syntactic
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structures and programming logic, but their capabilities are limited and they are not sufficiently
focused on developing more complex cognitive skills.

At the same time, word puzzles, which are widely used in teaching foreign languages and
medicine, are practically not used in teaching programming, despite their enormous potential for
developing cognitive abilities [7]: vocabulary, working memory, cognitive processing, strategies for
retrieving information from working memory, reasoning and thinking abilities [8].

Effective programming directly depends on the knowledge of the syntax of the programming
language, vocabulary related to specific terminology, syntactic rules [9]. Even a minor deviation
from the syntax can lead to compilation or execution errors, requiring significant time spent on
debugging. Moreover, unclear and imprecise use of terminology in the code significantly complicates
its understanding both by the author and other developers, increasing the cost and time spent on
supporting and upgrading the software [10]. This is especially critical in large projects where
the code is written and supported by many people, and unclear vocabulary can lead to code
incompatibility, loss of time, and even to the occurrence of errors leading to a failure of the entire
system. Given the potential of word puzzles, it is necessary to develop the direction of their use
in teaching programming and computer science. Moreover, it is necessary to search for options for
implementing word puzzles that would be interesting and exciting for students of different levels,
while developing their skills.

One approach to creating educational games is to adapt well-known computer games (for exam-
ple, the adaptation of Super Mario in [11]). In recent years, a fairly popular word game is Wordle
(https://www.nytimes.com/games/wordle/index.html). Wordle is a word puzzle game in which
players must guess a word in several attempts. Scientific works appear that study strategies, the
process of solving puzzles, the complexity of words, and the behavior of players in this game [12–14].
Therefore, the principle of the Wordle game can be adapted to create a puzzle game for recognizing
program code for use in the process of teaching programming. Given the growing popularity of
chatbots in various fields, including education [15], as well as the text format of the Wordle game,
the adaptation can be implemented in the form of a chatbot.

The gaming chatbot with puzzle tasks can be embedded with models that will make it intelligent,
for example, in terms of generating tasks with an appropriate level of difficulty and interest. This
will increase the efficiency of its use, in particular due to the fact that interest affects engagement
and motivation, and the difficulty of tasks can affect interest. Similar gaming chatbots were no
found in the literature.

The aim of the work is to develop models, an algorithm for the operation and structure of the
gaming chatbot with artificial intelligence for learning programming using like Wordle-like puzzle.
To achieve this aim, it is necessary to collect data on the use of the first version of the non-intelligent
gaming chatbot, on the basis of which regression models can be built. These models will form the
basis for the algorithm for the operation and structure of the new version of the gaming chatbot.

2. RELATED WORK

2.1. Use of Educational Games

Although some studies have not found any positive effects from using educational games, most
scientists consider games to be a very effective and inexpensive teaching method that increases
interest in the training course, student engagement, academic performance, and knowledge as-
sessment after using games [17, 18]. Games can influence various aspects, including affective and
motivational elements, behavioral changes, knowledge acquisition, and the development of cognitive
and social skills [19].
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There are computer games for teaching computer science and programming, and their number
has been steadily increasing in recent years [5, 20–22]. There are games for different levels of
education, although games for teaching programming to beginners and schoolchildren predominate.
Among the existing games, puzzles and logic games are a separate area, since they are well suited
for teaching computer science and allow developing thinking skills and logical thinking [23]. This
is manifested in the improvement of such indicators as the speed of information processing, the
volume of working memory, cognitive control, argumentation and problem solving.

Word puzzles are a fairly popular type of game used in educational practice, especially in teaching
foreign languages and medicine. Their integration with courses, in combination with other learning
tools, helps to reduce the cognitive load on students, stimulate motivation, improve academic
performance [16], effectively develop general knowledge [25] and cognitive abilities [7, 24]. However,
word puzzles are not very common in programming education.

In recent years, one of the most popular word puzzles is the Wordle game. This game is intended
for entertainment, but it is possible to note the appearance of a fairly large number of scientific
works studying this game, the solution process, options for enumeration and search for a solution,
etc. [12–14]. Therefore, it is possible to consider the direction of adapting this game, as applied to
the educational process, in particular for use in teaching programming.

2.2. AI Chatbots

Puzzle games can be implemented in a variety of forms, including a chatbot. This format may
work well for some text/word puzzles. Basic chatbots use a rule-based approach [26]. In contrast,
AI chatbots use machine learning models.

AI chatbots are one type of conversational AI application. According to forecasts, the global
conversational AI market size is expected to grow at a CAGR of 21.8%, reaching $18.4 billion by
2026 (https://www.marketsandmarkets.com). Conversational AI has the potential to become a
mainstream technology in almost all market verticals (https://www.emarketer.com/content/tech-
catches-up-conversational-ai-ambitions).

Overall, the benefits of AI chatbots include providing a natural language, user-friendly interface
that can improve the user experience [27]. Using AI chatbots can reduce stress and help users avoid
information overload [28], providing users with a unique and more personalized experience. Such
chatbots can influence users’ emotions in a way that conventional enterprise systems cannot [29].

AI conversational systems can exhibit personality and have anthropomorphic characteristics [30],
better match user and organizational contexts, and are able to continually evolve by learning from
the content of requests and how users interact with them. Therefore, the continued use of AI
systems is important for their continued improvement, since they are usually based on machine
learning technologies. Since the continuous improvement of an AI chatbot depends on its use, it is
important to consider user behavior and engage usage patterns [31].

Currently, the development of AI chatbots is focused on the development of algorithm training
methods and approaches related to customization, anthropomorphism [32], personalization [33],
improving algorithms to obtain more accurate results [34] and expanding functionality, includ-
ing, for example, sentiment analysis [35]. There are proposals to create a new human-machine
intelligence [36].

Examples include AI chatbots that are used in the workplace [37], in business processes [38],
in organizing effective interactions with users and clients [39], in training [40]. Such chatbots are
more effective due to the automatic detection of user needs [41, 42] and the formation of user-
oriented behavior [43]. For example, in education, AI-powered chatbots can increase users’ interest
in learning mathematics [44] and reading [45].
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2.3. Formulation of the Task

In general, there are very few educational gaming chatbots described in the literature, and even
fewer educational gaming chatbots with artificial intelligence. [46] can be used as an example.

Each described chatbot has its own logical/scenario or AI/ML behavior model. Given the
originality of the task, such models are not suitable for building an intelligent gaming chatbot with
puzzles like Wordle and need to be developed. To do this, we will use the non-intelligent gaming
chatbot and conduct an experiment with it. The data collected as a result of the experiment will be
used to create machine learning models to control the behavior of the intelligent gamimg chatbot.
The models will control the level of difficulty of tasks and assess the feasibility of using a chatbot
at a given stage of learning a programming language by predicting interest in the task. The models
can be further trained based on new data obtained when using an intelligent gaming chatbot. Based
on the obtained models, we will create an algorithm for the operation and structure of the gaming
chatbot with artificial intelligence for teaching programming using Wordle-like puzzles.

3. GAMING CHATBOT WITH PUZZLE FOR LEARNING PROGRAMMING

The non-intelligent gaming chatbot “Identify the Python command” for the Telegram messenger
with text puzzle similar to the Wordle game [47] has been created, which is designed to teach a
text programming language, in particular Python (Fig. 1), and has the following game mechanics.

1. The aim of each task is to recognize a line of a certain program in several steps-attempts.
Initially, the line of the program is presented as a sequence of symbols ++, the number of which is
equal to the length of the line (with spaces).

2. Simplifications in the formation of the task are carried out in relation to the names of variables,
values of numbers, strings, lists, dictionaries and other structures. Thus, variables are changed and
used in the order a, b, c, . . . , numbers — in the order 1, 2, 3, . . . , symbols and strings — in the
order ‘a’, ‘b’, ‘c’, . . . , mathematical operations — in the order ‘+’, ‘−’, ‘∗’, lists, tuples, dictionaries,
etc. are simplified to 1 element.

3. The text entered at each step is checked for compliance with the length of the program line,
the syntax rules of the language and the rules of PEP8 (in the case of Python), and a check is also
made for the presence of already open and known symbols. In case of violations, the student is
informed about the discrepancy and incorrectness of the input, and in case of absence, a line with
open symbols is given, followed by a hint after the # symbol. The hint is given as a set of symbols
sorted in ascending order of ASCII code.

4. Open symbols and a hint after each attempt are formed based on the result of a symbol-by-
symbol comparison of the entered text with the required line of the program according to the same
rules as in the Wordle game: if the symbols match, i.e. are in the correct places, these symbols
appear instead of ∗, and if the symbols are in other positions, i.e. are not in their places, these
symbols appear in the hint.

5. The maximum number of correct attempts given to complete the task is 20.
6. There are 3 levels of tasks of varying difficulty and different scoring, the ability to change

and move between levels. When completing at least 3 tasks at the current level, the level can be
changed to the next one. The level can always be changed to a lower one. When completing task
in 5 or fewer attempts, on the first level 10 scores are awarded, on the second level 20 scores are
awarded, on the third level 30 scores are awarded. If the task is completed in more attempts, the
number of scores received decreases.

7. The number of characters in the task depends on the level: the higher the level, the more
characters in the used line of the program. Program lines with widespread functions, commands,
methods are used at levels 1 and 2, less common ones are used at level 3.
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Fig. 1. Operation of the gaming chatbot “Identify the Python command”.

8. A rating is maintained and after completing the task, the number of scores scored for the cur-
rent task, the total number of scores and the student’s current position in the rating are displayed.

The gameplay of “Identify the Python command” is as follows.

1. Every day at 09.00 the bot sends a task. The duration of the task within 24 hours is not
limited in any way.

2. The bot tracks the task completion, the entered attempts and, if there are none, sends a
reminder about the need to complete the task twice a day.

3. Text is entered in the Telegram input line, no keyboards other than the standard one for
entering text on a smartphone are used.

4. There is a functionality for answering students’ questions.
5. The student’s actions are recorded, statistics are collected on working with the chatbot:

determining the number of steps taken when completing each task, points scored, changing the
level.
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6. Interaction with the gaming chatbot is aimed at supporting the development of hard skills
(memorization and recall of commands, functions, methods of the programming language), as well
as cognitive skills (working memory, attention and logical thinking) [48].

4. MODELS DEVELOPMENT

4.1. Conducted Experiment

The experiment involved 60 first-year IT students studying the Python programming language
as part of a two-semester course. Most of the students had no programming experience when they
began their studies at the university. The experiment itself took place in the second semester.

The experiment used a non-intelligent game chatbot “Identify the Python command” and 2 ques-
tionnaires. The indicators in the questionnaires were assessed using a 5-point Likert scale.

Stages of the experiment.

1. Filling out the first questionnaire and indicating self-assessment of the level of writing pro-
grams in Python and the complexity of the course.

2. Using the chatbot for 10 days outside the classroom and solving one puzzle per day. Automatic
collection of data on the progress and results of solving tasks for each student.

3. Filling out the second questionnaire and indicating the interest and difficulty of the tasks,
sensation of involvement of working memory, attention and logical thinking when solving tasks.

4.2. Developed Models

To build the models, we used three data sources: the first questionnaire, the second question-
naire, and statistics on students’ work with the gaming chatbot.

The following indicators were obtained from the first questionnaire:

• Self-assessment of Python coding skill (SAWP);

• Assessment of Python course difficulty (ACD).

The following indicators were obtained from the second questionnaire:

• Self-assessment of sensation of working memory involvement in solving tasks (SAWM);

• Self-assessment of sensation of logical thinking involvement in solving tasks (SALT);

• Self-assessment of sensation of remembering Python function in solving tasks (SARF);

• Perceived difficulty of tasks (PDT);

• Interest in tasks (PIT).

The following indicators were obtained from the student work statistics:

• Final level of tasks in the gaming chatbot (FLT);

• Number of steps/attempts spent on solving a separate task (NS);

• Average number of steps spent on solving tasks (ANS);

• Final number of points for completing tasks (SRT).

We assume that the PDT perceived difficulty of tasks is influenced by SAWM, SALT, SARF,
FLT (Fig. 2). This influence can be explained as follows. If a student was at 2 or 3 levels, he faced
more difficult tasks, compared to those who were at 1 or 2 levels and were not at 3. Therefore, such
students will obviously rate the tasks as more difficult, i.e. FLT influences PDT. However, it should
be taken into account that if a student cannot solve a task while at a level, he will most likely move
to a lower level. Working memory and logical thinking play a key role in solving various problems.
To successfully complete tasks, it is necessary to remember Python functions and commands and
apply logical reasoning at each step (attempt) when open symbols appear. Working memory will
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Fig. 2. Model of the influence of indicators on the perceived difficulty of tasks.

Fig. 3. Model of the influence of indicators on the interest in tasks.

ensure the process of solving tasks, so SAWM will influence PDT. It should be noted that simple
tasks, unlike complex ones, do not exert a significant load on working memory. In addition to
working memory, the student’s level of logical thinking and the number of previously memorized
Python functions and commands will affect the perceived difficulty of the tasks. With a low level of
logical thinking and a low number of memorized functions, the student may experience difficulties
in solving even problems of average complexity, and the tasks will be perceived as difficult. Hence
the influence of SARF and SALT on PDT [49].

We assume that PIT interest in tasks is influenced by ANS, SAWP, PDT, ACD, SRT (Fig. 3).
This influence can be explained as follows. A large number of attempts spent on solving a task may
indicate both high task complexity and the use of brute force. Both of these options negatively
affect the interest in the tasks being performed. Therefore, ANS affects PIT. To successfully write
code, students must know and remember the functions of the Python language. Students who rate
their programming skills highly usually know a sufficient number of functions and have developed
logical and algorithmic thinking. Therefore, solving problems will be more interesting for them than
for students who are unsure of their programming abilities, are not familiar with a sufficient number
of functions, and do not have developed logical and algorithmic thinking. Therefore, SAWP affects
PIT. If students spend a lot of time solving complex problems, especially if they have a low level
of working memory and logical thinking, this can cause some discomfort and reduce the level of
interest. Therefore, PDT affects PIT. The use of gamification tools and digital games can reduce the
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Fig. 4. Heat map of the frequency of occurrence of combinations of perceived task difficulty and the number
of attempts to solve tasks.

cognitive load in complex courses. Therefore, ACD affects PIT. The more points a student scored
as a result of working with a game chatbot, the more engaged he was and the more interesting it
was for him to work with the chatbot. Thus, SRT affects PIT [49].

We conducted a regression analysis and built models of the impact of the parameters on the
interest and perceived difficulty of the gaming chatbot. To assess the importance and contribu-
tion of each parameter to the value of the dependent variable, standardization was used with a
mathematical expectation of 0 and a standard deviation of 1. The dependent variables were not
standardized.

To assess the perceived difficulty of the gaming chatbot tasks, a linear regression with a signifi-
cance level of p < 0.01 was obtained:

PDT = aSAWM · SAWM + aSARF · SARF + aSALT · SALT + aFLT · FLT + aPDT
0 , (1)

where the weighting coefficients take the following values:

aSAWM = 0.63∗∗∗, aSARF = −0.52∗∗, aSALT = −0.41∗∗, aFLT = 0.23∗,

aPDT
0 = 3.07∗∗∗ (∗∗∗−p < 0.001,∗∗ −p < 0.01,∗ −p < 0.1).

The coefficient of determination of the model was 0.82 (adjusted — 0.74).

To assess the interest in the gaming chatbot tasks, a linear regression with a significance level
of p < 0.001 was obtained:

PIT = aANS ·ANS + aSAWP · SAWP + aPDT · PDT + aACD · ACD + aSRT · SRT + aPIT
0 , (2)

where the weighting coefficients take the following values:

aANS = −0.68∗∗, aSAWP = 0.64∗∗, aPDT = −0.47∗,

aACD = 0.44∗, aSRT = 0.27∗, aPIT
0 = 3.73∗∗∗.
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The coefficient of determination of the model was 0.86 (adjusted — 0.78).

In the model (1), the SAWM, SALT, SARF indicators change little over a short period of time.
The FLT indicator characterizes the final level of tasks in the chatbot. With different FLT values,
different values of the number of steps to solve tasks are observed. So, with FLT = 2, the average
value of ANS = 5.4, and with FLT = 3, the average value of ANS = 5.0.

In the model (2), the SAWP, ACD indicators change little over a short period of time. The
SRT indicator characterizes the final number of points scored for completing tasks in the chatbot.
This indicator is correlated with ANS, and the Pearson correlation coefficient is −0.43. The PDT
indicator used in the model (2) is the output of the model (1).

We constructed a heat map that shows the frequency of occurrence of various combinations
of perceived task difficulty and the number of attempts used to solve the tasks. We plotted the
frequencies on the heat map as a percentage of the total number of tasks solved by students (Fig. 4).

The heat map showed that the highest frequencies of combinations of PDT values and the
number of attempts to solve tasks are observed among students who solved tasks in 1–6 attempts
and for whom PDT is medium or high. An increase in the number of attempts is observed among
students for whom the perceived difficulty of the gaming chatbot tasks was medium.

Therefore, it is possible to propose to use models (1) and (2) in the task issuance control
algorithm based on the ANS value.

4.3. Limitations of the Developed Models

Despite the statistical significance of the obtained results, it is necessary to take into account a
number of limitations associated with the developed models.

• Limited sample of students. The experiment was conducted on a limited sample of students
(60 people), which may not reflect the diversity of educational contexts and different groups
of students. Students with different levels of training, motivation and previous experience of
interacting with chatbots, programming in Python, using traditional puzzles may demonstrate
different reactions to tasks, which limits the generalizability of the results.

• Limited set of factors. The models do not take into account demographic factors of students,
the influence of external factors. These factors can affect the perception of difficulty and
interest in tasks, but they were not included in the analysis. In addition, time parameters
for completing tasks in the chatbot, such as duration or frequency of attempt input, were not
used.

• Subjectivity of assessments. The perception of difficulty and interest in tasks are subjective and
may vary among different students. The models are based on self-assessments by participants,
which may introduce biases related to individual preferences.

• Linear dependencies. The assumption of a linear relationship between the parameters and
perceived difficulty and interest in tasks may be an oversimplification. Real relationships may
be more complex and nonlinear, which requires further research and more complex models.

• Long-term effects. The experiment does not take into account the long-term effects of us-
ing the gaming chatbot, such as the impact on academic performance, motivation, and the
sustainability of interest in the learning process over time. This limits the ability to draw
conclusions about the long-term effects of introducing such technologies into the educational
process.

5. STRUCTURE OF THE GAMING CHATBOT WITH ARTIFICIAL INTELLIGENCE

The effectiveness of using the gaming educational chatbot in learning programming depends on
a number of factors related to the characteristics of the students. These factors include:
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Fig. 5. Structure of the gaming chatbot with artificial intelligence.

• Programming proficiency: students with basic knowledge and experience with a programming
language (in this case, Python) will benefit more from using the chatbot.

• Task-solving strategies and trajectories: students ability to effectively analyze tasks, plan
solution steps, and use adequate algorithms is directly related to their success in solving
tasks.

Perception of difficulty task is a key factor influencing interest in the chatbot. Perception of
difficulty is influenced by:

• Cognitive abilities: the volume of working memory and the level of logical thinking play an
important role in students ability to cope with tasks.

• Objective difficulty of task: the difficulty of the tasks should be adequate to the level of
students preparation.

• Solution trajectory: the number of steps required to solve a problem can affect the perception
of its difficulty.

• Knowledge of programming language functions and commands.

Based on this, we can conclude that the use of the gaming chatbot by beginners in programming
is associated with a certain risk. And a certain “threshold” level of student preparation is required,
including:

• Knowledge of basic Python functions and commands.
• Skills in reading and writing program code.

Students with a low level of working memory, logical thinking, or insufficient knowledge of
Python commands may face increased difficulty of tasks, which will negatively affect their interest
in the chatbot. Therefore, when introducing the gaming chatbot into the educational process, it is
important to take into account the individual characteristics of students and provide a “threshold”
level of preparation for its effective use.

It is possible to propose a structure of the gaming chatbot with models for managing Wordle-like
puzzle for learning programming. Here, based on the results of the survey and data transfer to the
chatbot, an assessment of the level of difficulty and interest of the tasks can be made, showing the
feasibility of using the chatbot at the current moment in time. Accordingly, the chatbot, depending
on the received values, will monitor the feasibility of use, and in case of feasibility, depending on
the strategy used and the completion of tasks, it will select puzzles of the appropriate level (Fig. 5).

We presented the algorithm of the intelligent gaming chatbot (Algorithm 1) in the form of
pseudocode.
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Algotithm 1. Intelligent chatbot behavior

Input : Models (1) and (2), survey and task completion results
Output: Chatbot usage recommendation, puzzle

1 Setting PDTl and PITl thresholds.
2 Determining SAWM , SARF , SALT , SAWP , ACD values based on testing and survey
results.

3 Using models (1) and (2) and determining initial values PDT0 and PIT0.
4 if PDT0 > PDTl or PIT0 < PITl then
5 Issuing a recommendation about undesirable and premature use of the chatbot at this

point in time.
6 Exit.

7 else
8 Issuing the first puzzle.
9 Monitoring the solution of the first puzzle.
10 Determining NS.

11 end
12 if Puzzle solved then
13 Based on NS and models (1), (2), the values of PDT , PIT are determined and a new

puzzle is generated taking these values into account.
14 As puzzles are solved, ANS is determined.
15 The values of PDT , PIT are recalculated and each new puzzle is formed in accordance

with them.
16 else
17 Formation of a new puzzle.
18 end

6. CONCLUSION

Wordle-like puzzles can be used at the stage of learning programming. In general, they are
quite an interesting educational tool for students. However, they should be used when the level of
students’ competencies is not low. In this case, solving puzzles will be exciting and useful. Also,
this type of puzzles may not be very interesting for students with a low level of RAM and logical
thinking.

Therefore, the introduction of machine learning models into the gaming chatbot, taking into
account the student’s indicators and the progress of the task, will allow the chatbot to predict the
perceived difficulty of tasks and interest in them. Due to this, it is possible to adapt the behavior
of the chatbot to the student’s level in order to make the difficulty of the tasks optimal, and the
interest — maximum.

The developed machine learning models formed the basis for the algorithm of operation and
the structure of the game chatbot with artificial intelligence. Based on the developed structure, a
new version of the game chatbot was implemented. Testing of the resulting chatbot showed great
interest in its use among students studying programming.

Some parameters of the models (FLT, ANS, SRT, PDT) can be determined by the chatbot
based on the results of completing the task and using the model 1. However, for some parameters
(SAWM, SARF, SALT, SAWP, ACD), it is necessary to conduct surveys at least at the initial stage
of connecting and launching the chatbot and, preferably, adjust them as the chatbot is used by
more frequent surveys. In this regard, it is of interest to replace subjective indicators with objective
ones and search for models that do not contain subjective indicators, or in which these indicators
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are expressed through the parameters of task completion. This will be the main direction of further
work.

In our future work, we also plan to expand the sample and take into account other indicators
in the models, in particular, demographic data of students and their experience with chatbots,
Python programming and solving traditional puzzles. We plan to consider nonlinear models of the
influence of indicators on the perceived difficulty and interest in tasks.
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