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ABSTRACT

Over time, programming has become a crucial skill that students from various
backgrounds and disciplines increasingly learn. Since much of the learning takes
place outside the traditional classroom setting, teaching methods must be adapted,
and additional tools are needed to support these courses effectively. Varying lev-
els of prior programming experience among students further increase the diver-
sity, resulting in a notably wide range of educational needs. Furthermore, high
dropout rates remain a significant issue in introductory programming courses. The
early weeks of an introductory programming course are especially critical, as they
most indicate students’ eventual success. Given all these factors, it is essential
to explore how students differ in their learning approaches while programming
and identify effective ways to support them, particularly during the crucial initial
phase of the course.

This thesis aims to explore how programming-process data can be utilized to
profile and support students in introductory programming courses and to iden-
tify instances of plagiarism. Log data was collected from different introductory
programming courses taught at the University of Tartu, such as “Computer pro-
gramming”, “Introduction to programming”, “Introduction to programming II”,
and “From Technology Consumer to Creator”. The data was utilized to identify
and analyze different solver types, examine their variation and consistency over
time, provide log-based feedback, evaluate its effect on student performance, and
find relevant plagiarism detection characteristics based on programming process
information. Data was also collected from a pre-course questionnaire on prior
programming experience, from the Moodle learning management system and the
Study Information System. The main approach was quantitative. Clustering was
used as the primary method for forming and analyzing solver types. An experi-
ment was conducted to get information about the efficacy of the log-based feed-
back.

This research demonstrated that students can be grouped into distinct solver
types based on their behavior patterns in programming, with similar patterns ap-
pearing among both beginners and non-beginners. The main solver types iden-
tified are: (1) "Frequent pressers of the run button", (2) "Receivers of syntax er-
rors", (3) "Balanced solvers", and (4) "Late starters of the program execution".
A notable discovery was identifying a new behavior feature in programming as-
sociated with lower performance, which is the late start of the first execution of
the program. Balanced solvers with below-average values across all features can
be linked to higher performance, while some groups achieved comparable results
despite differences in behavior patterns, emphasizing the diversity. It is essen-
tial to note that compared to the first midterm exam, groups had more notable
differences in the second midterm scores. This may also suggest that skill gaps
widen as the course progresses. The study also revealed that solver types are not
persistent during an introductory programming course. Furthermore, the study



showed that feedback derived from programming log data significantly improved
exam test results, which focused on code reading skills. The experiment revealed
that log-based feedback notably decreased the time beginners needed to complete
programming tasks and increased their exam test scores. Programming-process
data also proved valuable for enhancing plagiarism detection methods. Specifi-
cally, the study found that general style features, due to their consistency, could
be effective in history-based plagiarism detection tools. This history-based ap-
proach gave input for developing the tool Thonny Log Analyzer, which compares
students’ programming-process data for plagiarism detection.

Based on the results of this thesis, an important recommendation is to promote
a teaching approach that encourages students to run their programs frequently as
a regular and integral part of the coding process. Educators can show the best
practices in practice sessions by demonstrating program writing habits that use
regular executions. The results also underscore the importance of focusing on
debugging skills in the early weeks of the course. Focusing on debugging can help
decrease the number of students who choose not to run their programs. According
to the findings of the thesis, it is effective to use log-based feedback regularly in
programming courses to improve beginners’ code-reading abilities. It is essential,
especially considering that in the era of Al, it is increasingly necessary to develop
strong code-reading skills.



CONTENTS

List of Original Publications

1. Introduction
1.1. Research Problem . . . . . . ... ... ... ... .. ......
1.2. The Focus of the Research . . . . . ... ... ... .......

2. Theoretical Background

2.1. Solvers’ Behavior Features in Programming . . . . . .. ... ..

2.2. Student Profiling for Finding Solver Types . . . . . . .. ... ..

2.3. Relations between Behavior Features in Programming and Perfor-
MANCE . .« v v v v e e e e e e e e e e e e e e e e e

2.4. Influence of Previous Programming Experience on Behavior Pat-
terns in Programming and Performance . . . . ... ... .. ..

2.5. Feedback Related to the Programming Process . . . . . . ... ..

2.6. Using Programming-Process Data in Plagiarism Detection

3. Methodology
3.1.ResearchDesign. . . . . . ... ... ... ... ...,
3.2.ContextoftheStudy . . . ... ... ... ... ... ......
33.Sample . ...
34.DataCollection . . . . ... ... ...
3.5.Data Analysis . . . . ..o

4. Results

4.1. Analyzing Solver Types: Forming, Variations and Persistence . . .
4.1.1. Solver Types based on Programming-Process Analysis . . .
4.1.2. Variations in Midterm Exam Scores of Solver Types . . . .
4.1.3. Persistence of Solver Types Over Time . . . . .. ... ..

4.2. Influence of Log-Based Feedback on Students’ Performance
4.2.1. Influence on Exam Scores . . . . . ... ... ... ...
4.2.2. Influence on Programming Task Solving Time, Number of
Runs, Error Messages, and Pastes . . . . . . ... .....

4.3. Behavior Features in Programming for Detecting Plagiarism
4.3.1. General and Programming Style Features . . . . . . . . ..
4.3.2. Plagiarism Detection Tool Using Behavior Features in Pro-
GraMMING . . . . . o v v v e e e e e e e e

5. Discussion
5.1. Solver Types and Their Differences in Performance . . . . . . . .
5.2. Log-Based Feedback and Its Influence on Performance . . . . . .
5.3. Plagiarism Detection Based on Programming Process . . . . . . .

13

14
14
17

18
18
19

21

23
24
26

28
28
30
32
33
36

40
40
40
42
47
48
48

49
53
53

55

59
59
63
65



6. Conclusion and Implications 68

6.1. Theoretical Implications . . . . . ... ... ... ... ..... 68
6.2. Practical Implications . . . . . . . ... ... ... ... 69
6.3. Limitations . . . . . . . .. ... 70
6.4. Suggestions for Future Work . . . . ... ... ... ... .. 71
Bibliography 73
Acknowledgements 83
Sisukokkuvote (Summary in Estonian) 84
Publications 87
Curriculum Vitae 176
Elulookirjeldus (Curriculum Vitae in Estonian) 177



DN AW =

12.
13.
14.
15.
16.
17.

18.
19.

LIST OF FIGURES

. Research model for the doctoral study . . . . ... ... ... ..
. Clusters of the whole group at midtermexam 1 . . ... ... ..
. Clusters of the whole group at midtermexam?2 . . ... ... ..
. Clusters of beginners and non-beginners at midterm exams 1 and 2
. Examples of error messages of a Bricklayer, a Stonecutter, and a

Master . . . . . ..

. Distribution of midterm exam scores for the whole group at midterm

exam l byclusters . . . . .. ... ... ... ... ... ...,

. Distribution of midterm exam scores for the whole group at midterm

exam2byclusters . . . . . ... ... Lo

. Distribution of midterm exam scores for beginners and non-beginners

byclusters . . . . . . ...

. Movement of beginners between clusters . . . . . ... ... ...
10.
11.

Movement of non-beginners between clusters . . . . . . ... ..
Exam test and programming task scores of beginners (A - experi-
mental group, B - control group) . . . .. ...
Exam test and programming task scores of non-beginners (A - ex-
perimental group, B - control group) . . . . . . ... ...
Time taken to solve the programming task (A - experimental group,
B-controlgroup) . . . . ... ...
Beginners time taken to solve the programming task (A - experi-
mental group, B - control group) . . . . . ... ..o
Non-beginners time taken to solve the programming task (A - ex-
perimental group, B - control group) . . . . ... ... ... ...
Pasted texts percentage analysis . . . . . ... ... ... ... ..
Solver types and their performance . . . . . . .. ... ... ...
Influence of log-based feedback on performance . . . . . ... ..
Types of behavior features in programming for detecting plagiarism
INSEANCES .« . v v v v ot e e e e e e e e e e e e e e

10

28
40
41
41
43
44
44
46
47
48
50
50
51
52
52
56
60
63

66



O 00 1 O\ L B WIN -

—_
=)

—_—
p—

12.

13.
14.

15.

16.
17.

LIST OF TABLES

. Research questions, samples, data sources, and analysis methods .
. Courses from which data were collected . . . . . ... ... ...
. Background information forRQ1 . . . . . . .. ... .. ... ..
. Background information forRQ2 . . . . . . ... ... ... ...
. Background information forRQ3 . . . . . . ... ... ... ...
.DatacollectionforRQ1 . . . . .. . ... ... ... .......
.DatacollectionforRQ2 . . . . .. . ... ... ... .......
. The main behavior features and references for RQ1 and RQ2 . . .
. Descriptive statistics of both midterm exam scores for the whole

groupbyclusters . . . . ... ...

. Descriptive statistics of midterm exam scores for beginners and non-

beginners . . . ... ... L

. Movement of beginners between clusters from midterm exam 1 (rows)

tomidtermexam 2 (columns) . . . . . . ... . ... ... ....
Movement of non-beginners between clusters from midterm exam 1
(rows) to midterm exam 2 (columns) . . . . ... . ... .....
Summary statistics of exam test and programming task scores . . .
Summary statistics of programming task solution time, the number
of runs, error messages, and pastes . . . . . ... ... ... ...
Using parentheses, quotation marks, apostrophes, and square brack-
etsinwriting . . . . . . . . ...
Usingofi = i + 1andi += 1in programming . . . . . .. . .
Types of plagiarism detection analysis in Thonny Log Analyzer . .

11

29
31
32
33
33
34
36
39

45

45

47

48
49

51
53

54
57



CP
IDE
1P1

P2
IPM
MOOC
SIS
TCC

VPL

LIST OF ABBREVIATIONS

University course "Computer Programming"

Integrated development environment

University course "Introduction to Programming"

University course "Introduction to Programming II"

MOOC "Introduction to Programming"

Massive open online course

Study Information System

Course "From Technology Consumer to Creator" for high-school
students

Virtual Programming Lab (Moodle plugin)

12



LIST OF ORIGINAL PUBLICATIONS

Publications Included in the Thesis

I Meier, H., E. Tonisson, M. Lepp, and P. Luik (2020). “Behaviour Pat-
terns of Learners while Solving a Programming Task: an Analysis of Log
Files”. In: 2020 IEEE Global Engineering Education Conference (EDU-
CON). Vol. 11. IEEE, pp. 685-690. DOT: https://doi.org/10.1109/
educon45650.2020.9125134.

I Meier, H. and M. Lepp (2021). “Style Features in the Programming Pro-
cess Which Can Help Indicate Plagiarism”. In: 7th International Confer-
ence on Higher Education Advances (HEAd’21). Vol. 7. Editorial Univer-
sitat Politecnica de Valéncia, pp. 623-630. DOI: https://doi.org/10.
4995/head21.2021.13072.

III Meier, H. and M. Lepp (2023a). “Effectiveness of Feedback Based on Log
File Analysis in Introductory Programming Courses”. In: Journal of Edu-
cational Computing Research 61.3, pp. 696-719. DOI: https://doi.org/
10.1177/07356331221132651.

IV Meier, H. and M. Lepp (2023b). “Clusters of Solvers’ Behavioral Patterns
Based on Analysis of the Programming Process”. In: 2023 IEEE Frontiers
in Education Conference (FIE). Vol. 53. IEEE, pp. 1-6. DOI: https://
doi.org/10.1109/FIE58773.2023.10343479.

V  Meier, H., M. Lepp, and R. Kiitt (2024). “Plagiarism Detection Tool Based
on Programming Activity Logs”. In: 2024 IEEE Global Engineering Ed-
ucation Conference (EDUCON). Vol. 15. IEEE, pp. 1-7. DOI: https://
doi.org/10.1109/educon60312.2024.10578885.

VI Taveter, H. and M. Lepp (2025). “Clusters of Solvers’ Behavioral Patterns
Among Beginners and Non-beginners and Their Changes During an Intro-
ductory Programming Course”. In: Informatics in Education 24.1, pp. 199—
221. DOI: https://doi.org/10.15388/infedu.2025.07.

Author’s Contribution to the Publications

Publications I-1V, VI Formulating the research questions, data collection,
data analysis, literature review, and writing the paper
as the main author.

Publication V Supervising with the second author the tool that was
developed by the third author, writing sections III-V.

Note on the Usage of Al

I acknowledge using ChatGPT (40 mini) to reformulate some parts of my text in
chapters 3—6 and for identifying synonyms.

13


https://doi.org/https://doi.org/10.1109/educon45650.2020.9125134
https://doi.org/https://doi.org/10.1109/educon45650.2020.9125134
https://doi.org/https://doi.org/10.4995/head21.2021.13072
https://doi.org/https://doi.org/10.4995/head21.2021.13072
https://doi.org/https://doi.org/10.1177/07356331221132651
https://doi.org/https://doi.org/10.1177/07356331221132651
https://doi.org/https://doi.org/10.1109/FIE58773.2023.10343479
https://doi.org/https://doi.org/10.1109/FIE58773.2023.10343479
https://doi.org/https://doi.org/10.1109/educon60312.2024.10578885
https://doi.org/https://doi.org/10.1109/educon60312.2024.10578885
https://doi.org/https://doi.org/10.15388/infedu.2025.07

1. INTRODUCTION

This chapter outlines the research problem that motivated the author to explore
how data from the programming process can be utilized to profile and support
students in introductory programming courses and detect plagiarism. The chapter
concludes by presenting three research questions of the study.

1.1. Research Problem

Programming has, over time, become an essential skill increasingly learned by
students from different backgrounds and disciplines (Luxton-Reilly et al., 2018;
O’Malley & Aggarwal, 2020). The changing situation has brought several chal-
lenges to programming education. One is large courses, where online learning has
a more significant role. So, the courses need adapted teaching methodology and
additional tools for supporting students (Castro & Tumibay, 2021). It is important
to consider that much of learning occurs outside the classroom. Still, the need for
support can be different depending on the student (Santos et al., 2013; Song et
al., 2021). The second challenge is increasing diversity. The situation where there
are large courses and, in addition, more students with non-major contexts creates
a situation in which students’ educational needs are relatively varied (O’Malley
& Aggarwal, 2020). The students’ different previous programming experiences
further increase the variability. For example, beginners have to do more work
to solve the programming tasks (Vihavainen et al., 2014b). In addition to the
challenges already described, high dropout rates remain a problem in introduc-
tory programming courses (Bennedsen & Caspersen, 2019; Luxton-Reilly, 2016;
Medeiros et al., 2018; Watson & Li, 2014). From this perspective, the importance
of the first few weeks of an introductory programming course is emphasized. Re-
search has revealed that the third and fourth weeks are most predictive of final
outcomes (Porter & Zingaro, 2014), and some authors have named the first weeks
in the same context (Ahadi et al., 2014; Estey & Coady, 2016). On the other hand,
another study has found that the best prediction can be made based on the weeks
in the middle of the course (Chen et al., 2022). Therefore, considering all the
aspects mentioned above, it is essential to find ways to understand the differences
between students in programming and how we can better support their learning,
especially at the very beginning of the programming course.

One of the ways to gain knowledge about students’ behavior in programming
is to use programming-process data. Data collected about the programming pro-
cess can be analyzed and used for various purposes. Among them are student
profiling for detecting behavior patterns in programming, giving feedback, and
possibilities for plagiarism detection. Behavior patterns in programming can be
detected using behavior features in programming. In this thesis, “behavior feature
in programming” means a variable that can be captured using recorded data from
logs. Another essential term in this thesis, “behavior pattern in programming”,
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is a particular way of acting during the programming process, including at least
two behavior features in programming. Third term, “solver type”, means in this
thesis a group characterized by a particular behavior pattern in programming. The
terms “pattern of programming behaviors” (Pereira et al., 2020), “characteristics
of programming behavior” (Watson et al., 2013), “behavior” (Vihavainen et al.,
2014b), “programming behaviour,” “behaviour pattern” (Hosseini et al., 2014),
“programming pattern” (Blikstein et al., 2014), “coding pattern” (Fujiwara et al.,
2012) have also been used in a similar sense.

Several studies have pointed out that students’ behavior patterns in program-
ming vary (Hosseini et al., 2014; Pereira et al., 2020; Vihavainen et al., 2014a).
Some studies have used environments that record detailed information about the
programming process, which has helped to understand beginners’ behavior pat-
terns in programming. For example, it has been found that beginners copy and
paste a lot at the beginning of the course (Blikstein, 2011; Vihavainen et al.,
2014a), and they use a lot of trial-and-error attempts (Blikstein, 2011; Hosseini et
al., 2014). At the same time, research has also revealed that some students never
execute their programs (Carter & Hundhausen, 2017). Significant differences can
sometimes indicate a peculiarity on which the results do not depend (Blikstein et
al., 2014). However, some behavior patterns in programming indicate difficulties
or inefficiencies that can be addressed to improve outcomes. For example, higher-
performing students have better skills of dealing with errors (Pereira et al., 2020;
Watson et al., 2013; Zhang et al., 2023b), and they usually change their code more
between submissions (Pereira et al., 2020). However, in previous studies, profil-
ing has not primarily addressed the gradual, stepwise nature of the programming
process, and there remains room for further integration of essential features in
programming into profiling. Because the findings are partially inconsistent, it is
necessary to examine more closely which behavior patterns in programming are
related to the performance. Finding behavior patterns in programming that indi-
cate higher and lower performance can provide input to develop ways to improve
the course. Moreover, there is limited research on behavior patterns in program-
ming that investigates beginners and non-beginners as distinct groups and uses
more detailed data than submission level.

Log data is also a valuable resource for getting information to use for giving
feedback to students. For example, based on logging data of the programming
environment, the knowledge of students’ recent errors has been used for group
work and practicing debugging (Deeb et al., 2018). The possibility is also ap-
plied so learners can analyze their programming process after solving the task
(Matsuzawa et al., 2013). Some programming-process visualization tools are cre-
ated so teachers can effectively analyze where students struggle and then dis-
cuss problem-solving techniques or use other possibilities to support students
in a classroom (Rubinstein et al., 2019; Yan et al., 2019; Zhang et al., 2023a).
In addition, efforts have been made to find ways to use detailed programming-
process data to analyze when and how to provide automatic feedback (Jeuring

15



et al.,, 2022). For example, the research proposes instructions that include au-
tomated questions for learners who exhibit trial-and-error behavior and provide
positive feedback when they complete a subgoal. Considering the above, it can
be said that giving feedback based on log data provides possibilities to focus on
improving process-related skills in addition to current programming topics, and it
is important to find the best practices for it. It is essential to note that the practice
of integrating programming-process-based feedback with teaching in a classroom
is relatively recent. Furthermore, only a few studies address feedback to enhance
programming-process-specific skills and students’ abilities to read and interpret
programs.

Using programming-process data to detect plagiarism is becoming increas-
ingly essential. One reason is that tools based on comparative source code anal-
ysis are ineffective against obfuscation methods such as reordering statements,
renaming variable names, etc. (Anjali et al., 2015; Herrera et al., 2019; Novak
et al., 2019; Rodriguez-Veliz et al., 2023). In addition, plagiarism detection is
especially complicated in introductory courses because programs are relatively
simple and short (Modiba et al., 2016; Ryman et al., 2021; Ryman et al., 2022).
At the same time, most plagiarism detection tools are still based on source code
analysis (Li et al., 2023; Ljubovic & Pajic, 2020; Novak et al., 2019). How-
ever, steps have also been taken toward using data from the programming process
to check and deter plagiarism. For this purpose, publicly available IDE plugins
that generate logs with keystroke-level data have been used (Hart et al., 2023;
Hellas et al., 2017). The history of repository commits has also been used for pla-
giarism checking (Rodriguez-Rivera et al., 2022). One functionality for getting
information about potential issues is replaying the programming process and vi-
sualizing it (Shrestha et al., 2022) or generating graphs about significant changes,
for example, insertions and deletions (Rodriguez-Rivera et al., 2022). In addi-
tion, some studies use timing information of keyboard press and release events
during programming (Byun et al., 2020). Other features can also be valuable
for detecting academic dishonesty, for example, average or maximum length of
paste, number of pastes, number of compilations, number of successful compi-
lations, coding speed, number of short and long pauses, etc. (Ljubovic & Pajic,
2020). Finding possibilities to develop effective plagiarism detection tools based
on programming-process data can make it more challenging to use obfuscation
methods and can help teaching, especially in large courses. Although progress
has been made, using tools based on programming-process analysis remains rel-
atively time-consuming as each student’s work must be reviewed individually.
Consequently, there is a need for tools that can perform more of the comparative
analysis automatically and flag cases that require further inspection.
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1.2. The Focus of the Research

This thesis aims to determine how programming-process data can be used to pro-
file and support students in introductory programming courses and check plagia-
rism.

The thesis addresses the following research questions:

* RQI1: What types of solvers can be differentiated from the analysis of the
programming process, in which statistically significant differences exist in
midterm exam scores between solver types, and how persistent are these
types over time (the whole group, beginners, and non-beginners)?
Research question 1 is addressed in Publications I, IV and VL.

* RQ2: How does feedback based on logs affect exam results, task comple-
tion time, number of runs, error messages, and pastes (of the whole group,
beginners, and non-beginners)?

Research question 2 is addressed in Publication III.

* RQ3: What features based on programming-process data can be used to
detect plagiarism?

Research question 3 is addressed in Publications II and V.

17



2. THEORETICAL BACKGROUND

This chapter provides an overview of the theoretical basis for this thesis. In the
beginning, various behavior patterns in programming are described, followed by a
discussion of the possibilities of student profiling. Then, the relationship between
behavior patterns and performance and the influence of previous programming
experience is observed. In addition, using information from the programming
process to provide feedback to students and check plagiarism is considered.

2.1. Solvers’ Behavior Features in Programming

This section looks at how the study of the programming process has shown that
students’ behavior patterns in programming differ in various ways, and studying
the variations helps to understand what students do during the programming. Be-
havior patterns in programming have been studied using data of varied degrees of
detail and different behavior features in programming (Hundhausen et al., 2017).
For example, some works are based on information from submissions (e.g., Al-
bluwi & Salter, 2020), some use copies of student code every time they compile
their programs (e.g., Tabanao et al., 2011), while others save all students’ actions,
including keystrokes and all code changes (e.g., Blikstein, 2011). Different de-
grees of detail can be identified, but the main data levels can be divided as follows
(coarsest to finest): (1) submission level, (2) snapshot level and (3) keystroke
level (Villamor, 2020). Using programming-process data, in points of view, it
is necessary to consider that about half of the students work with programs they
never submit, and some submit their work and continue working with the same
programs (Vihavainen et al., 2014b). Using a system that recorded a series of
snapshots, it has been found that students make more conceptual changes dur-
ing the first quartile of task solving, and then it reduces quickly (Hosseini et al.,
2014). In addition, students write different amounts of code between compila-
tions or saves (Ardimento et al., 2022), and the amount and time of deleted code
varies (Hosseini et al., 2014). Some students use a lot of copy-pasting, and some
do not (Blikstein, 2011; Vihavainen et al., 2014a). Most students add code grad-
ually, while some add a large part of code and then start modifying it (Hosseini
et al., 2014). Some students use a lot of trial-and-error attempts (Blikstein, 2011;
Jemmali et al., 2020; Lépez-Pernas & Saqr 2021; Michaeli & Romeike, 2019),
while others try to write the program without running it (Ardimento et al., 2022;
Carter & Hundhausen, 2017). Students also take pauses of varying lengths dur-
ing programming (Leinonen et al., 2022; Shrestha et al., 2022). Some students
use debugging to fix errors, while most do not use it (Ardimento et al., 2022).
Interestingly, it has been revealed that the students who make more edits in code
work more in a programming environment without dealing with materials outside
of the editor (Leinonen et al., 2017). It is also essential to note that sometimes
students act differently in different phases of the programming process, and then
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we can analyze which behavior is dominant (Hosseini et al., 2014). For example,
sometimes a student solves only one part of the assignment incrementally.

Although different programming languages are used in introductory program-
ming courses, e.g., Python (Pereira et al., 2020; Shrestha et al., 2022), Java (Hos-
seini et al., 2014; Leinonen et al., 2022; Vihavainen et al., 2014a), NetLogo (Blik-
stein, 2011), and C++ (Bey & Champagnat, 2022; Carter & Hundhausen, 2017),
the general trends observed in programming behaviour are remarkably similar
across different languages. Attempts have also been made to compare languages.
For example, using a data-driven approach, it has been found that students who
use Python in an introductory programming course receive fewer error messages,
require fewer attempts, and spend less time compared to those using Java (Lokkila
et al., 2023; Naveed, 2024). In addition, Python programs are shorter. At the same
time, the language does not influence the most common error types students re-
ceive (Lokkila et al., 2023). Another study found context-dependent differences
in digraphs; however, typing speed and the possibility to use digraphs in distin-
guishing students are not influenced by context (Edwards et al., 2020).

In summary, research has shown that it is possible to detect a wide variation
of behavior patterns in programming based on different granularity levels of data.
However, there is still little research on the programming process at a level more
detailed than submissions.

2.2. Student Profiling for Finding Solver Types

One direction in the analysis of the programming process is student profiling. This
has been done using different analysis options and varied behavior features in pro-
gramming. This subsection discusses the different methods for student profiling to
find solver types. Student profiling also helps to find connections between behav-
ior patterns in programming and students’ performance (e.g., Pereira et al., 2020;
Piech et al., 2012; Shrestha et al., 2022; Zhang et al., 2023b). These connections
are discussed in subsection 2.3.

One way of student profiling is to do it based on detailed programming-process
data but form solver types manually using the main behavior feature as the ba-
sis of dividing (e.g., Blikstein, 2011; Hosseini et al., 2014). Some researchers
have used machine learning methods, such as cluster analysis. Clustering can be
based on a single behavior feature in programming, such as pauses (Shrestha et
al., 2022) or debugging (Zhang et al., 2023b), or include many different behav-
ior features in programming related to the programming process (Pereira et al.,
2020). When dividing students into groups, bottom-up and top-down strategies
are also distinguished (Shi et al., 2023). The bottom-up approach means that
students are divided into groups based on behavior features in programming, for
example, through cluster analysis (e.g., Bey et al., 2019, Pereira et al., 2020). The
top-down strategy implies that, at first, students are divided based on characteris-
tics such as performance. Then, differences and similarities in behavior patterns
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in programming are compared within pre-fixed groups (e.g., Albluwi & Salter,
2020).

Different researchers have formed groups, which will be discussed below.
Based on the small number of students but detailed information on code inser-
tions, deletions, compilations and error messages and their timeline monitoring,
three main groups have been formed: “Copy and pasters”, “Mixed-mode” and
“Self-sufficient” (Blikstein, 2011). While the code of students who belong to
the “Self-sufficient” group grows linearly, containing pauses, “Copy and pasters”
sometimes use the previous solution as a starting point or copy a large amount
of code during programming. The “Mixed-mode” group works in a way that is a
combination of the previous two. Somewhat similar characteristics and detailed
individual-level information are also the basis of a study where students were
divided into four groups: "Builders", "Massagers", "Reducers”, and "Strugglers"
(Hosseini et al., 2014). “Builders” work incrementally, and correctness also grows
gradually. “Massagers” have periods when they make small code changes without
visible progress. “Reducers” reduce concepts during the programming. “Strug-
glers” have problems to write correct code for a long time. Students have also
been divided by the number of unit test runs into three groups, which were named
“Intellects”, “Thinkers”, and “Probers” (Sharma et al., 2018). "Intellects" ran tests
the lowest number of times, had more code changes between two tests than others
and had the best score in the first trial. “Thinkers” ran tests more frequently than
“Intellects” but less frequently than “Probers”. The amount of their code changes
was also between two other groups. "Probers" ran tests most frequently, had the
most minor code changes between two tests and had a similar score in the first
trial than "Thinkers".

Listed below are some studies where machine learning methods have been
used to form groups. Using cluster analysis and snapshots in every compilation,
students have been grouped based on the development path (Piech et al., 2012).
The first group of students make steadily small steps towards the correct solution.
The other group of students sometimes had moments when they encountered se-
rious functional problems, and they made big steps from a semi-working program
to a working correct program. Other research used cluster analysis and data about
keystrokes, compile/run events, and focused on pauses (Shrestha et al., 2022).
Students were divided into longer pause and shorter pause clusters. Cluster analy-
sis has also been used to investigate differences in finding and fixing errors (Zhang
et al., 2023b). Group A students were good and fast in debugging. Group B stu-
dents suffered from logic and runtime errors, while group C had problems mainly
with syntax errors. There have also been studies where several behavior features
in programming, such as the number of submissions, the average time between
two submissions, the average number of changes and the percentage of submis-
sions with syntactical errors, have been included in the cluster analysis (Bey et
al., 2019). Cluster 1 students had many submissions with brief gaps between sub-
missions, and their code changes were irregular. Cluster 2 students had a small
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number of submissions with long time gaps and the largest code changes between
submissions. Cluster 3 had the lowest number of submissions, with brief gaps
and minor changes between submissions. Cluster 1 students had more syntax
errors than Cluster 2, but there were no essential differences between clusters.
Another work, which used behavior features in programming related to submis-
sions, divided students into six clusters (Bey & Champagnat, 2022). Cluster 1
students were good at composing the solution but encountered syntax errors be-
cause they were hurrying. Cluster 2 members moved between different solutions
and changed their code profoundly between submissions. Cluster 3 represents stu-
dents who had difficulties compiling the solution. Cluster 4 students were overall
good because they took time to conceive their solution. Cluster 5 students expe-
rienced difficulties composing the solutions because they spent too little time on
them, and Cluster 6 members submitted their code frequently to get feedback and
learn from their mistakes. There is also an example of research that used clus-
ter analysis and many different behavior features in programming based on more
fine-grained data (Pereira et al., 2020). It allowed for information on various as-
pects of the programming process. Error messages received during programming,
repeated error messages, correctness, the ratio between pasted and typed charac-
ters, and code changes between submissions are included in this study. Features
related to the use of the programming environment, such as procrastination, time
spent in IDE, number of logins, etc., have also been added. Cluster A students
had the lowest number of error messages, repeated error messages, and the lowest
ratio between pasted and typed characters. Still, they spent the most time in IDE
and had the biggest number of logins into the environment. Cluster C students had
the highest number of error messages, repeated error messages, and the highest
ratio between pasted and typed characters. Still, they spent the least time in IDE
and had the lowest number of logins into the environment. Cluster B was between
the previous two regarding several behavior features in programming, but they
had the shortest time between starting programming and the assignment deadline.

In summary, various methods of student profiling have been found, from man-
ual dividing based on the main feature in programming with a detailed process
description to cluster analysis based on multiple features in programming. Still,
in most works, the profiling focus has not been on graduality in the programming
process, and there are still possibilities to incorporate new essential features as
part of profiling.

2.3. Relations between Behavior Features in Programming and
Performance

The variations in the programming process have led researchers to ask which be-
havior features indicate good performance in programming, and which indicate
difficulty or inefficiency. Error messages have been widely considered an impor-
tant feature related to performance (Bey et al., 2019; Carter et al., 2015; Estey
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& Coady, 2016; Jadud, 2006; Pereira et al., 2020). It has been found that stu-
dents with fewer error messages perform better (Tabanao et al., 2011). It has
been pointed out separately that well-performing students have fewer syntax er-
rors (Pereira et al., 2020). At the same time, among better-performing students
are also those who are good at finding solutions but make syntax errors because
they hurry to get their assessment results (Bey & Champagnat, 2022). In addition,
attention has been paid to the speed and efficiency of error correction. It has been
revealed that students who can deal with errors faster perform better (Pereira et
al., 2020; Watson et al., 2013; Zhang et al., 2023b). Concerning errors, it has
also been observed that students who perform worse do not have a systematic ap-
proach to programming but use a trial-and-error method (Heinonen et al., 2014).
However, there are studies that highlight that some students do not check code
correctness at all (Ardimento et al., 2022; Carter & Hundhausen, 2017), and those
who do not execute programs are more likely to fail the exam (Carter & Hund-
hausen, 2017). The last fact also points to the importance of debugging. It is
emphasized that good debugging skills are the door to better results (Zhang et al.,
2023b). The studies have also found that systematic teaching of debugging skills
increases the efficiency and speed of finding bugs (Alqadi, 2024). Interestingly,
the students who get average results use a debugger the most (Carter & Hund-
hausen, 2017). The students with the best outcome use a debugger with the same
frequency as the students who get worse results. However, the results are contra-
dictory. Namely, a study found that the number of times a debugger was used was
negatively correlated with program correctness (Leinonen et al., 2017).

In addition to the features mentioned above, it has been revealed that copy-
paste usage (Pereira et al., 2020) and a greater number of long pauses (with du-
ration over ten minutes) (Shrestha et al., 2022) are indications of lower results.
The latter feature can mean that the students who have more frequent long pauses
use that time to search for information from materials. The frequency of sub-
missions, changes, and the time between them has also been studied. It has been
revealed that weaker students submit more frequently (Albluwi & Salter, 2020;
Bey et al., 2019) and make fewer code changes between submissions (Pereira et
al., 2020). It aligns with the finding that students who start submitting while only
some lines are written perform worse (Bey & Champagnat, 2022). It is essential
to note that this is the case only if we use submission-level data. Another study
investigated code update frequency and size based on snapshots, which are related
to execution times, and did not find correlations with course outcomes (Blikstein
et al., 2014). In addition, it has also been revealed that faster students tend to have
fewer saves and executions (Hosseini et al., 2014). Attention has also been paid
to how changes in behavior patterns in programming during the course are related
to student progress. Interestingly, based on the code update size and frequency, it
has been revealed that students whose behavior patterns in programming change
more during the course perform better (Blikstein et al., 2014). It aligned with
other work that showed that at-risk students can be detected in the first two weeks
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of the course and their behavior remains the same during the semester (Estey &
Coady, 2016). Some studies have looked at learners’ programming time over a
whole semester. Learners who achieve better results have been found to spend
more time in the programming environment (Munson & Zitovsky, 2018; Pereira
et al., 2020). The amount of programming time at home and the final result of
the course are particularly strongly related (Munson & Zitovsky, 2018). Conse-
quently, the students with better results practice more. It was also observed that
high-achieving students tended to use more independent strategies from the be-
ginning of the course, as evidenced by their minimal use of help-seeking sessions,
and they maintained this approach throughout the course (Lopez-Pernas & Sagqr,
2021).

In conclusion, different behavior patterns in programming are related to stu-
dent performance, but the results are partly contradictory. It is necessary to study
more thoroughly which ineffective behavior patterns in programming indicate a
lack of necessary skills that could be improved by focusing more on them in teach-
ing, and which patterns simply characterize beginners or non-beginners.

2.4. Influence of Previous Programming Experience on
Behavior Patterns in Programming and Performance

The behavior patterns in programming have also been studied from the perspective
of how they relate to students’ previous experiences or lack of these. For example,
based on keystroke-level data, learners have been found to copy and paste a lot at
the beginning of their first programming course when they do not have any pre-
vious experience yet (Vihavainen et al., 2014a; Blikstein, 2011). Beginners copy
code from previous assignments they have solved or from examples in the materi-
als. They also use their previous programs as a starting point for the next programs
(Blikstein, 2011). The use of a trial-and-error approach (Blikstein, 2011; Jemmali
et al., 2020) and difficulties in finding syntax errors (Denny et al., 2012; Marceau
etal., 2011) are also associated with beginners. Beginners also have more errors in
initial submissions (Albluwi & Salter, 2020). Based on the above, beginners need
different help than more experienced learners, and it depends on their behavior
patterns in programming. For example, if they use copy-pasting, they need more
examples to learn from and use in solving programming tasks (Blikstein, 2011).
It should also be taken into account that the workload of beginners in solving pro-
gramming tasks is much bigger than that of those with some previous experience
(Vihavainen et al., 2014b). The differences between beginners’ and experienced
students’ behavior patterns in programming can be used for different purposes.
This can be taken into account when giving feedback. Namely, it is revealed that
the usefulness and effectiveness of feedback can depend on the experience level
of learners (Worsley & Blikstein, 2013). Also, systems that exploit differences
in behavior patterns in programming to distinguish beginners from non-beginners
can be used to work out support strategies (Leinonen et al., 2016).
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It is essential to note that research has revealed a correlation between course
outcomes and previous programming experience (O’Malley & Aggarwal, 2020;
Veerasamy et al., 2018; Zhang et al., 2013). It has been considered in many stud-
ies that deal with predicting student achievement (Hellas et al., 2018). Research
has shown that students with prior programming experience get better results on
midterm and final exams (O’Malley & Aggarwal, 2020). Some contexts, such as
object-oriented programming and teaching methodologies, may reduce the out-
come differences (Ventura & Ramamurthy, 2004). Interestingly, it has been re-
vealed that previous programming experience is an essential predictor of the first
programming course results but does not have the same significant influence on
the outcomes of subsequent programming courses (Holden & Weeden, 2003).
Also, students with previous programming experience are more self-efficient be-
fore the programming course, and this remains the case after the course (Wieden-
beck et al., 2004).

In sum, the behavior patterns in programming and performance of beginners
and non-beginners differ in introductory programming courses. So, it is neces-
sary to consider this when studying student behavior patterns in programming
and their connections with performance. In addition, there is little research re-
lated to student behavior patterns in programming that has examined beginners
and non-beginners separately.

2.5. Feedback Related to the Programming Process

Feedback, its quality, and opportunities in programming courses for beginners
continue to be important research topics (Rocha et al., 2023). Early feedback at
the beginning of learning programming has also been emphasized, as it improves
the effectiveness of students’ approaches and reduces the use of trial-and-error
strategy (Ebrahimi et al., 2012). Also, it has been found that feedback is effec-
tive if it is concise and instructive (Fu et al., 2023). Feedback can be classified
into distinct categories based on different aspects. A widely used classification
includes: (1) knowledge of performance, which reports summative feedback, for
example, the proportion of tasks completed correctly, grade, and number of er-
rors; (2) knowledge of results, which indicates whether the learner’s response is
correct or incorrect, or focuses on pointing out mistakes; and (3) knowledge of the
correct result, which presents or explains the correct answer (Keuning et al., 2018;
Narciss, 2008; Narciss, 2013; Narciss & Huth, 2006). While the previous classi-
fication described simple feedback, the following five types represent elaborated
feedback elements, each targeting a specific aspect of the instructional context: (1)
knowledge about task constraints, which offers guidance on task requirements and
general suggestions on how to approach the task; (2) knowledge about concepts,
which offers hints as conceptual clarifications and illustrative examples related to
the subject matter; (3) knowledge about mistakes, which indicates different types
of information about mistakes, for example, test failures, locations and types of er-
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rors, some details about logic errors and style issues; (4) knowledge about how to
proceed, which can include hints for error correction, information about the next
steps, potential problem-solving strategies, or various types of improvements; and
(5) knowledge about meta-cognition, which concerns, for example, a learner’s
awareness of the most appropriate strategy for solving a given problem, checking
progress while solving, or evaluating their approach, also offering information on
the strategies required for self-regulation of the learning process (Keuning et al.,
2018; Narciss, 2008; Narciss, 2013).

The ability to collect detailed information about the programming process pro-
vides new opportunities for giving feedback. One way is to create tools that help
learners analyze their programming process. For example, a tool has been created
that allows one to replay the programming process and see automatically gen-
erated results of metrics such as solving time, the number of compilations and
runs, etc. (Matsuzawa et al., 2013). The feedback showed that students rated the
tool highly because of its usefulness in analyzing the programming process. An
option has also been used in which students are sometimes required to verbally
reflect on, for example, error messages while solving programming tasks (Deeb
& Hickey, 2021). In this case, they can improve the code after sending reflections
about plans to fix the error, and teachers can see the reflective comments written
by students. The effect was that students solved tasks quicker and had fewer er-
ror messages, but on the other hand, more students gave up. Some efforts have
been made to generate automatic example-based feedback when students request
help during the programming process (Zhi et al., 2019). They use this option be-
cause research has revealed that beginners need examples to learn. In addition
to the feedback related to different errors, motivational messages are also effec-
tively used to increase students’ engagement (Holanda et al., 2023; Marwan et al.,
2020).

It has been considered essential to create resources to support the interaction
between students and teachers in the classroom. For example, a tool has been de-
veloped that visualizes the programming process and provides feedback to teach-
ers and students so that teachers and students can talk together about problem-
solving techniques (Yan et al., 2019). The aim was to achieve meaningful integra-
tion of automated feedback with the personal feedback from teachers. There are
also examples of systems that help inspect and monitor students’ steps in real-time
in the classroom (Rubinstein et al., 2019; Yu et al., 2023; Zhang et al., 2023a).
Systems typically have views of varying degrees of generalization, but they differ
in focus. Some of them have a view of misconceptions (Rubinstein et al., 2019),
but in some cases the teacher sees a real-time view of each learner’s activities,
which are placed on the dashboard to reach more learners than teachers could
manage in person (Guo, 2015). Some environments include real-time informa-
tion on students’ programming behavior at both general and individual levels so
teachers can adjust observed knowledge instantly in classroom teaching (Yu et
al., 2023; Zhang et al., 2023a). The overviews a teacher can see about their class
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provide diverse added value. For example, these have been found to help quickly
identify struggling students, analyze their behavior, and assess the need to give
additional feedback (Zhang et al., 2023a). Based on real-time information that
covers individual and class-wide tendencies, teachers can adapt their instructions
more precisely to the needs of students. They can discuss mistakes they observed
in many working processes, give tailored feedback and offer exercises that im-
prove relevant skills based on the observed information (Zhang et al., 2023a). It
has been found that a good combination of online feedback with generalization
adjusted in classroom teaching is effective (Yu et al., 2023).

In conclusion, several ways have been found to improve feedback using prog-
ramming-process data. The approach of combining information from program-
ming-process data and teaching in a classroom is still relatively new. In addi-
tion, only a few studies focus on feedback research to improve the programming-
process-specific skills and the ability to read and interpret programs.

2.6. Using Programming-Process Data in Plagiarism Detection

Programming-process data is valuable in plagiarism detection, especially in the
context of introductory courses. Specifically, first programs tend to be simple and
short, making it difficult to detect dishonesty because the code could be similar
even when created independently (Modiba et al., 2016; Ryman et al., 2021; Ry-
man et al., 2022). In addition, students use different obfuscation methods to mask
their plagiarism. Typically, they change variable names, change the order of vari-
ables, make differences in comments, reorder program parts or statements in pro-
gram parts, add nonrequired code lines, spread code over several lines, etc. (Purié
& Gasevié, 2013; Novak et al., 2019). Although there are various algorithms de-
veloped for the detection of source-code plagiarism, including those based on
style, semantics, text, attribute counting, structure, string matching, etc. (Denzler
et al., 2024; Hrkut et al., 2023; Novak et al., 2019), comparison of source codes is
ineffective against obfuscation methods (Herrera et al., 2019; Novak et al., 2019;
Rodriguez-Veliz et al., 2023). However, it is essential to mention that with the in-
creasing prevalence of Al-generated code, comparing styles has become more im-
portant again, for example, by counting style anomalies (Denzler et al., 2024). It
is a possible direction in source code comparison and using programming-process
data as well.

Among the newer plagiarism-checking approaches are those that use program-
ming-process data. For example, some IDEs have plugins for logging keystroke-
level data (Hart et al., 2023; Hellas et al., 2017). Some systems add logged in-
formation to a local file, and if teachers decide to use logs for plagiarism checks,
students must submit logs with their solutions (Hart et al., 2023). Then, teachers
have the possibility to replay the programming process. Although it is possible to
detect plagiarism, it is quite time-consuming to replay all students’ programming
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processes separately if a student has renamed variables, shuffled lines of code,
copied large amounts of code, or retyped plagiarized code (Hart et al., 2023).

Also, tools have been created that in addition to replaying the programming
process provide some visualization (Shrestha et al., 2022). This is designed to
enable an immediate overview of the general characteristics of the programming
process; additionally, it is possible to replay the process and view the final solu-
tion simultaneously. Visualization of code-changing patterns can help detect pla-
giarized solutions more effectively, but every programming process needs to be
checked separately (Shrestha et al., 2022). Some web-based environments enable
the use of keyboard press and release events to increase automation in potential
plagiarism detection (Byun et al., 2020) or use the average time it takes to type
character pairs — digraphs (Longi et al., 2015). It is more common in a natural
language context but there have also been attempts to develop and use it in the
programming-process context in introductory programming courses.

In addition to keystroke-level data, there are other options for using program-
ming-process data for plagiarism detection. For example, the repository history
data can be used for checking plagiarism (Koss & Ford, 2013; Rodriguez-Rivera et
al., 2022). The systems provide different statistics, such as the number of commits
over time and tests passed, or create cumulative graphs based on inserted and
deleted lines of code (Rodriguez-Rivera et al., 2022). For example, a graph that
has mostly inserted lines and very few deleted ones would indicate a potential case
of dishonesty. Tools can also detect who starts early and who procrastinates (Koss
& Ford, 2013). In addition, some well-known systems can be used to check the
originality of each submitted version (Rodriguez-Rivera et al., 2022; Schleimer et
al., 2003).

In approaches to plagiarism detection, steps have been taken to incorporate
data from the programming process. Using tools based on programming-process
analysis is still quite time-consuming. Even solutions that use visualizations usu-
ally require quite a lot of work from teachers because of the need to check ev-
ery student’s work separately. Therefore, there is a need for tools that make
more comparative analysis automatically and detect cases that require additional
checks.

27



3. METHODOLOGY

This chapter provides an overview of the research methodology. In the beginning,
the research design is presented, followed by an introduction to the context of the
study and a description of the sample and data collection process. Finally, data
analysis methods are explained.

3.1. Research Design

The following research model (Figure 1) illustrates the directions to explore based
on students’ programming-process data and the potential connections with perfor-
mance and previous programming experience. The presented potential connec-
tions are based on the literature review.

Influence

Used for Influence Groups by previous
Feedback programming

experience

Programming process
data

Used for Influence

Solver types Influence
(use behavior patterns in
Determine prog[amming)

Behavior features
in programming

Performance

Used for
Influence

Plagiarism detection
Used for

Figure 1. Research model for the doctoral study

Three main directions in using programming-process data are student profiling,
giving feedback, and plagiarism detection. Student profiling is based on behavior
features in programming. It offers possibilities to detect different behavior pat-
terns in programming, and it is essential to consider the possible influence of pre-
vious programming experience and connections with performance. Performance
is also related to receiving feedback. For plagiarism detection, programming-
process data can be used in different ways, including using behavior features in
programming. In this research, the programming-process data are obtained from
the programming environment Thonny, which logs user actions during program-
ming. More detailed information about Thonny is given in context subsection
3.2.

The three research questions were addressed based on the three mentioned
ways to apply programming-process data to support students in introductory cour-
ses and check plagiarism. The research questions and corresponding samples, data
sources and data analysis methodology are presented in Table 1.
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3.2. Context of the Study

This subsection introduces the courses from which data were collected for the
study or where the experiment was conducted. Considering the different aspects
of the research, five programming courses taught at the University of Tartu are re-
lated to the research: “Computer Programming” (hereafter CP), “Introduction to
Programming” (hereafter IP1), “Introduction to Programming II”” (hereafter IP2),
MOOC “Introduction to Programming” (hereafter IPM), and “From Technology
Consumer to Creator” (hereafter TCC). All five (CP, IP1, IP2, TCC, IPM) are
introductory programming courses in Python and are taught in Estonian. The
courses differ in type, target group, form of study, volume, etc., described in Table
2. University courses (CP, IP1, IP2) use flipped classroom methodology. It means
that students first familiarize themselves with each new topic at home, solve pro-
gramming tasks, and answer test questions. Then, they deepen their knowledge
of the same topic in the classroom under the guidance of a teaching assistant and
get feedback. In the years 2020 and 2021, during the pandemic, the practical ses-
sions were conducted on Zoom. Exams for all courses include test questions and
programming tasks to be solved under controlled conditions. The test questions
mainly test the program reading skills, and the programming tasks evaluate the
ability to write programs. The task instructions describe in detail the functionality
of the program(s) to be created and the parts of the program(s). The program(s)
must be created within a certain time. Exams in the courses last 90-180 minutes
(see Table 2 for more details), of which a maximum of 30 minutes is allocated to
answering test questions. All courses required the use of the Thonny programming
environment and the submission of Thonny logs during the course. Submission of
Thonny logs is also mandatory when students are writing programming tasks in
the exam. Thonny is used in the Python introductory courses because it is a Python
programming environment developed specially for beginners’ courses (Annamaa,
2015). Its functionalities help students who struggle at the beginning of learning
programming. For example, it has the option to debug programs, which allows for
effective detection of mistakes and learning how programs work. Thonny also has
functionalities of replaying the programming process and logging user actions in
detail during the programming processes. These user actions (saved with times-
tamps) encompass activities such as editing the program text by distinguishing
between pasted and manually typed text, interacting with standard input, output,
and error streams (stdin, stdout, stderr), loading and saving files, executing pro-
grams, utilizing stepping commands, etc. (Annamaa, 2015). Both last-mentioned
options — replaying the programming process and logging user actions — also
provide opportunities for educational research and plagiarism detection. CP is
compulsory for most students, IP1 and IP2 are mandatory for some curricula, but
students can choose them as elective courses regardless of their study level.
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3.3. Sample

This subsection describes the samples used to obtain answers to the research
questions. For RQI, samples from the CP and IPM were used. Three samples
were used from the CP course (participants of the first midterm exam, the second
midterm exam, and both midterm exams), which included all students whose sub-
mitted logs were complete and did not contain pre-exam activities that were not
related to the exam (for more details, see Table 3). One sample was used from the
IPM course. First, every tenth log of those students’ logs was selected who passed
the exam, and 90 logs were collected in this stage. Then, each log was analyzed,
and those that were correct, contained information only about solving the exam
task, and were in one file, were selected.

Table 3. Background information for RQ1

Course Cp IPM
First Second Participated Exam
midterm midterm in both
exam exam midterm
exams
N 301 275 233 27
Experience | Beginners Beginners Beginners -
79 (26.2%) 72 (26.2%) 61 (26.2%)
Non-beginners | Non-beginners | Non-beginners
222 (73.8%) 203 (73.8%) 172 (73.8%)
Gender Men Men Men Men
179 (59.5%) 165 (60%) 138 (59.2%) 15 (56%)
Women Women Women Women
122 (40.5%) 110 (40%) 95 (40.8%) 12 (44 %)

For RQ?2, data from two years (2020 and 2021) from the course IP1 were
used. An experimental group and a control group were formed for the experi-
ment. Those students who participated in the exam and answered the question-
naire about previous programming experience were included in the groups (57
students in 2020 and 68 students in 2021). The groups were then balanced based
on the following characteristics: previous programming experience, gender, and
mandatory nature of the course. Finally, the Chi-Square test was used to check for
group balance. More information about the groups can be found in Table 4.

For RQ3, one sample from the courses IP1 and IP2 was used. The sample
consists of students who in 2020 studied in courses IP1 and IP2, submitted exam
solutions and log files for both exams, and submitted log files of homework tasks
for at least 50% of the weeks. Seventeen students met those conditions. In addi-
tion, the logs and submitted solutions from the two courses were used to validate
the plagiarism detection tool Thonny Log Analyzer. One of these log and solution
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Table 4. Background information for RQ2

Course 1P1
Group Experimental group Control group
N 25 55
Experience Beginners 13 (52%) Beginners 28 (51%)
Non-beginners 12 (48%) | Non-beginners 27 (49%)
Gender Men 8 (32%) Men 17 (31%)
Women 17 (68%) Women 38 (69%)

collections includes data from the course IP1 in 2022, and the other from the TCC

course in 2023. Additional information about the samples for RQ3 is presented in
Table 5.

Table 5. Background information for RQ3

Course IP1 and IP2 TCC IP1

N 17 141 44

Gender | Men 5 (29.4%) Men 76 (53.9%) Men 8 (18.2%)
Women 12 (70.6%) | Women 65 (46.1%) | Women 36 (81.8%)

3.4. Data Collection

This subsection describes the data collection process. It is important to note that
informed consent was obtained from participants for the studies for this thesis. We
likewise have permission from the Research Ethics Committee of the University of
Tartu (341/T-2, 2021-2026). For all research questions, information retrieval from
Thonny logs was used to obtain behavior features in programming. Submission of
logs was mandatory for all courses. Students submitted Thonny logs in Moodle.
Selected information about the programming process was extracted from each
student’s logs into a CSV file. For RQ1, the log data from IPM was additionally
collected using Thonny’s functionality of replaying the programming process. In
addition to the log data, information was obtained from pre-questionnaire about
previous programming experience, from Moodle learning management system
and the Study Information System (SIS). Studies (O’Malley & Aggarwal, 2020;
Veerasamy et al., 2018; Vihavainen et al., 2014b) have found that prior experience
in coding affects performance in introductory programming courses. Therefore,
it was considered as well. A survey was conducted at the start of the course to
get information on whether students had prior experience. This study employed a
single multiple-choice question that provided the options presented in Table 6. For
this study, the results were categorized based on programming experience into two
groups: non-beginners (students who selected options 2, 3, or 4 on the question,
indicating prior programming experience) and beginners (students who selected
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option 1, "I have never attempted programming"). More information about data

collection for RQ1 is given in Table 6.

Table 6. Data collection for RQ1

Number of runs

Number of error messages
Number of error messages
by type

Number of pastes

Number of pasted charac-
ters

Number of debugs

Number of files opened
Time solving till first run
Number of characters at
first run for each program
Number of characters at log
submission for each pro-
gram

Course CP IPM
Data from Task start time Task start time
Thonny logs Task end time Task end time

Error messages  with
timestamps

The time between an error
message and next run
Runs with timestamps
Runs with and without
error messages

Use of debugger with a
timestamp

Number of previous solu-
tions opened

Parts of program written
before the first execution

Pre-questionnaire

About previous program-
ming experience

Single  select multiple
choice question answers:

1) I have never attempted
programming,

2) I have experimented
with  programming but
made minimal progress,

3) I am capable of creating
basic programs,

4) 1 possess strong pro-
gramming skills, and this
course offers me little new
knowledge.

Data from Moodle Scores for programming | Pass/fail exam
tasks in two midterm exams
(max score 20 points for
each)

Data from SIS Gender Gender

For RQ?2, the main research method was an experiment during which data were
collected. Thonny logs were used to get information about features in program-
ming (see Table 7) and more detailed information to give log-based feedback. The
lecturer provided written feedback to the experimental group on the programming
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process in Moodle after the homework deadlines, in addition to the comments on
errors and style that were given to all groups. Furthermore, all groups received
automated instant feedback before the homework deadline, which consisted of
elaborated feedback according to Narciss’s (2008) classification, more precisely,
knowledge about mistakes (e.g., test failures with explanations, types of error
messages with clarifications, error locations). Students were allowed to resubmit
their homework multiple times until the automated assessment reached a "passed"”
status. The log-based feedback can be categorized as knowledge about how to
proceed, as it concerns learners’ problem-solving strategies and improving pro-
gramming techniques useful to proceed with tasks, as well as knowledge about
meta-cognition, because it helps them improve their general programming tech-
niques and evaluation of their work and strategies (Keuning et al., 2018; Narciss,
2008; Narciss, 2013).

To give feedback based on the logs, the lecturer examined the homework logs
of all students in the experimental group each week, utilizing Thonny’s feature
of replaying the programming process. This Thonny’s feature provides character-
level playback of students’ programming activity from start to finish. It enables
the observer to see the exact sequence in which the program was constructed,
when parts were removed, when the program was executed, what the output was,
and how the student responded to any error messages. Therefore, the lecturer
was able to provide feedback on the programming process itself. If the logs re-
vealed inefficient programming techniques, recommendations were provided for
improvement. For instance, if the log indicated that the student was attempting
to resolve an error message primarily through trial and error, the lecturer recom-
mended, in individual feedback, using the Thonny debugger. Here is one example:
"Perhaps stepping through both your own solutions and the while-loop examples
from the material with a debugger (click the bug icon next to the run button, then
keep pressing F7) will help you see how the program works". Similarly, if the
student had not tested a function independently but instead wrote the entire pro-
gram at once and subsequently struggled to find errors, the lecturer suggested
testing the function separately in individual feedback. When effective working
practices were observed, these were also acknowledged in the feedback. Gen-
eral recommendations were also provided during the practical session based on
the information obtained from the logs. For example, if the logs revealed that
many students struggled to understand loops while working on their homework,
the concept was revisited in greater detail during the practical session. In partic-
ular, it was demonstrated how to use the print function to trace the sequence of
commands.

In addition, a pre-questionnaire was conducted to get information about stu-
dents’ previous programming experience. This study used a single multiple-
choice question, with the response options presented in Table 7. Participants were
grouped by programming experience into two categories: non-beginners (those
who chose options 2 or 3, indicating some prior programming experience) and
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beginners (those who selected option 1, "I have never attempted programming").
For exam scores and students’ background information, the learning management
system Moodle and the Study Information System were used. More details about
data collection for Q2 are available in Table 7.

Table 7. Data collection for RQ2

Courses IP1 and IP2

Solution time

Number of runs

Number of error messages
Copying-pasting

Programming-process information for log-
based feedback (using Thonny’s function-
ality of replaying the programming pro-
cess)

Data from Thonny logs

Pre-questionnaire About previous programming experience
Single select multiple choice question an-
swers:

1) I have never attempted programming,
2) I have experimented with programming
but made minimal progress, or

3) I possess strong programming skills, and
this course offers me little new knowledge.

Data from Moodle Scores on the exam tasks:

Test questions (max score 24 points)

A programming task (max score 24 points)
Data from SIS Gender

Specialty

Field of study

Mandatory nature of the course

For RQ3, Thonny logs were used to obtain information about general style fea-
tures and programming style features that can be used to detect plagiarism. The
plagiarism detection tool Thonny Log Analyzer was used to control whether in-
formation from Thonny logs — including determining the number of executions,
total time spent coding, file size, and the ratio of pasted text to manually typed
text, identifying duplicate submissions, detecting identical pasted texts, recogniz-
ing the same source code pasted in different log files, and assessing source code
similarity — can be used to check for plagiarism.

3.5. Data Analysis

This subsection gives an overview of the data analysis process. The main ap-
proach is quantitative. A quantitative approach was selected as it relies on objec-
tive measurements, enabling the identification of patterns and trends through data
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and extrapolating findings to a larger population (Dehalwar & Sharma, 2024). The
data were processed and examined using IBM SPSS Statistics software.

For RQ1, cluster analysis was used for forming one classification, and the
other one, with a small sample, was done manually based on the most obvious
differences in behavior features in programming, applying a top-down strategy.
The behavior features in programming underlying both analyses are presented in
Table 8. First, the cluster analysis is presented and the manual grouping is de-
scribed after that. Clustering is a useful technique for uncovering hidden patterns
in datasets, and previous studies frequently employ the k-means algorithm to iden-
tify solver types using programming-process data (e.g., Bey et al., 2019; Pereira et
al., 2020; Shrestha et al., 2022; Zhang et al., 2023b). Samples from CP were used
for the cluster analysis (see Table 3). The four features in programming, such as
the number of runs, the number of error messages, the percentage of typed charac-
ters at the first execution, and the percentage of syntax errors, were applied in the
analysis. These were mainly selected based on previous research. However, one
behavior feature in programming is new — previous studies have not incorporated
the percentage of typed characters at the first execution. Furthermore, the cluster
analysis testing phase incorporated additional features, including task completion
time and debugging instances, but these were not as meaningful. The percentage
of characters typed before the first run is a crucial feature in programming, which
has not been considered in previous research analyzing exam score differences
among various solver types, both beginners and non-beginners. This metric could
be significant, as it reflects a delayed start to debugging, potentially correlating
with exam scores. The number of runs and error messages are included because
a high count may indicate many trial-and-error attempts, suggesting ineffective
behavior (Jemmali et al., 2020; Sharma et al., 2018). At the same time, the rel-
atively high number of errors may also be caused by frequent testing, and it can
be indicative of inefficient behavior if students avoid debugging at all and do not
execute their programs (Carter & Hundhausen, 2017). Including features in pro-
gramming related to potentially ineffective behavior (such as a high number of
error messages and a sizeable percentage of syntax errors) also aids in identifying
which other features are typically associated with these behaviors.

The next step involved standardizing the feature scores to a consistent scale us-
ing the z-score. Each dataset was analyzed using k-means cluster analysis, with a
maximum of 10 iterations. The goal was to categorize students based on features
in programming. Since k-means cluster analysis often requires testing different
cluster numbers to identify the most meaningful solution for the research context
(Jain, 2010), we experimented with cluster models containing three, four, five, six,
and seven clusters. The analysis also included various programming features in
addition to the final ones. The results indicated that the most meaningful solution
was achieved with four clusters. The overview of the analysis methods is pre-
sented in Table 9. An Alluvial diagram was employed to visualize the transitions
between clusters.
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The sample from IPM (see Table 3) was used to create an alternative set of
solver types. Clear distinctions were observed in solving time, frequency of error
messages, reliance on previous solutions, etc., between learners who approached
the task gradually and those who did not. As a result, learners were initially cate-
gorized based on whether they followed an incremental solving process. Further
analysis was then conducted to identify differences within these groups, which
led to dividing learners into three distinct categories based on these additional
variations.

For RQ2, the experimental and control groups’ exam test scores and exam
programming task scores were first compared, with whole groups, beginners, and
non-beginners analyzed separately. Additionally, the groups were compared based
on the behavior features in programming outlined in Table 8. The features in pro-
gramming for the analysis were chosen based on the results of previous research.
The analysis methods and their details are presented in Table 1.

For RQ3, the logs were examined to identify characteristics that distinguish
students’ programming styles. All logs from the two courses included in the sam-
ple were analyzed using Thonny’s programming-process replaying functionality.
Additionally, the submitted programs were reviewed. Before the analysis, a table
listing characteristics that could differentiate students was created. Each week, in-
formation about individual students was added to the table during the log analysis.
The data collected from each student’s logs over different weeks was then com-
pared. Furthermore, the degree to which students’ programming style features
aligned with those found in the study materials was also assessed.
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Table 8. The main behavior features and references for RQ1 and RQ2

Feature Explanation References RQ
Number of | The total count of the | Blikstein, 2011; Jadud, 2006; | RQI,
runs program executions | Sharma et al.,, 2018; Tabanao et | RQ2
during the solution(s) | al., 2011; Vihavainen et al., 2014a
of exam programming
task(s)
Number of | The total count of er- | Blikstein, 2011; Carter et al., | RQI,
error mes- | ror messages encoun- | 2015; Jadud, 2006; Price et al.,, | RQ2
sages tered during the solution | 2020; Sharma et al., 2018; Ta-
of two midterm exam | banao et al., 2011; Vihavainen et
programming tasks al., 2014a; Watson et al., 2013
Percentage The proportion of char- | The percentage of typed char- | RQI1
of typed | acters typed before the | acters before the first run has
characters first execution in two | not been incorporated in previous
at the first | midterm exam program- | works.
execution ming tasks In other prior studies, the amount
of code written between exe-
cutions or submissions (Bey &
Champagnat, 2022; Pereira et
al., 2020; Zhang et al., 2023b),
as well as execution-editing se-
quences (Carter & Hundhausen,
2017), have been taken into ac-
count.
Percentage The percentage of syntax | Bey et al., 2019; Estey & Coady, | RQ1
of syntax | errors relative to the to- | 2016; Pereira et al., 2019; Pereira
errors tal number of errors en- | et al., 2020; Pereira et al., 2021
countered while solving
two midterm exam pro-
gramming tasks
Completion Completion time of | Matsuzawa et al., 2013; Pereira et | RQI,
time exam programming task | al., 2019; Vihavainen et al., 2014b | RQ2
Number of | Number of files opened | Blikstein, 2011 RQ1
files opened during solving
Number of | The total count of pastes | Blikstein, 2011; Vihavainen et al., | RQ2

pastes

during solving of the
exam programming task

2014a
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4. RESULTS

This chapter presents the key findings based on the three research questions ad-
dressed in the doctoral thesis. Subchapter 4.1 describes solver types, their differ-
ences in midterm exam scores, and the persistence of types. Subchapter 4.2 deals
with log-based feedback and how it affects exam scores, task-solving time, num-
ber of runs, error messages, and pastes. Subchapter 4.3 presents behavior features
in programming that can be used to detect plagiarism.

4.1. Analyzing Solver Types: Forming, Variations and
Persistence

This subchapter addresses the first research question, with more detailed results
available in Publications I, IV, and V1.

4.1.1. Solver Types based on Programming-Process Analysis

The following solver types were identified using cluster analysis: (1) "Frequent
pressers of the run button", (2) "Receivers of syntax errors", (3) "Balanced solvers",
and (4) "Late starters of the program execution". Among both beginners and non-
beginners, clusters that shared characteristics with the overall group clusters were
identified. Figures 2 and 3 present the whole group clusters for the first and sec-
ond midterm exams, and Figure 4 presents the beginner and non-beginner clusters
for the first and second midterm exams.

2

B Number of program executions

B Number of error messages

m Percentage of typed characters
at the first run

W Percentage of syntax errors

N

o

Freguent pressers Receivers Balanced solvers Late starters of the
of the run button of syntax errors program execution

Figure 2. Clusters of the whole group at midterm exam 1

The groups can be characterized as follows: "Frequent pressers of the run
button" stand out by executing programs more often and receiving more error
messages than others (in all cases, p < 0.001). "Receivers of syntax errors"
are characterized by the highest proportion of syntax errors (in all cases, p <
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B Number of program executions

Bl Number of error messages

m Percentage of typed characters
at the first run

W Percentage of syntax errors

° = gE- .l-l I. [

Freguent pressers Receivers
of the run button of syntax errors

Balanced solvers

Late starters of the
program execution

Figure 3. Clusters of the whole group at midterm exam 2
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Midterm exam 1

1II
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Beginners
Midterm exam 2

Cluster 1 Cluster2 Cluster 3 Cluster 4

Cluster 1 — Frequent pressers of the run button
Cluster 2 — Receivers of syntax errors

Cluster 3 — Balanced solvers

Cluster 4 — Late starters of the program execution

Cluster 1 Cluster2 Cluster 3 Cluster 4

Non-beginners
Midterm exam 2

2
1
0 -

mEp-
Cluster 1 Cluster2 Cluster 3 Cluster 4

I Number of runs

I Number of error messages

I Percentage of syntax errors

B Percentage of typed characters at the first run

Figure 4. Clusters of beginners and non-beginners at midterm exams 1 and 2



0.05). "Balanced solvers" exhibit below-average values across all features. Fi-
nally, "Late starters of program execution" had the highest proportion of written
program characters before their first execution (in all cases, p < 0.001).

Using a different method and a smaller sample, another set of groups was iden-
tified and labeled as “Bricklayers”, “Stonecutters”, and “Masters”. “Bricklayers”
approached the task step by step, similar to how a bricklayer builds a wall gradu-
ally. They ran the program for the first time after writing a function. Throughout
the programming process, they corrected errors and needed little to no use of pre-
vious solutions while receiving a fair number of error messages. “Stonecutters”
tested their work for the first time only after completing most of the solution. This
can be likened to a stonecutter’s work, which requires raw material before starting
to shape the object. It is a labor-intensive process that demands considerable effort
and various tools. “Stonecutters” needed a longer time and received more error
messages than any Bricklayer. All Stonecutters received repeated error messages
and needed 5-21 previous solutions. “Masters” tested their work for the first time
after writing most of the solution, but their code was already nearly correct. As a
result, they received fewer error messages and encountered fewer difficulties than
“Stonecutters”. Examples of error messages received during the programming
task-solving process of a Bricklayer, a Stonecutter, and a Master are presented in
Figure 5.

4.1.2. Variations in Midterm Exam Scores of Solver Types

To analyze midterm exam scores, the scores of all clusters were compared with
each other. Table 9 presents the descriptive statistics, while the boxplots in Fig-
ures 6 and 7 illustrate the distribution of midterm exam scores. Regarding the
first midterm exam, the Mann-Whitney U test revealed a statistically significant
difference between "Balanced solvers" and "Receivers of syntax errors" as well as
between "Balanced solvers" and "Late starters of the program execution." Specif-
ically, the midterm exam scores of "Balanced solvers" were higher than those of
"Receivers of syntax errors" (U = 2835, p < 0.05) and "Late starters of the pro-
gram execution" (U =2493.5, p < 0.05). For the second midterm exam, "Balanced
solvers" got higher exam scores than "Frequent pressers of the run button" (U =
2503; p < 0.05) and "Late starters of the program execution" (U = 539; p < 0.05).
In addition, "Receivers of syntax errors" performed better than "Frequent pressers
of the run button" (U = 1434; p < 0.05) and "Late starters of the program execu-
tion" (U =296; p = 0.05).

Additionally, midterm exam scores were compared between clusters by sepa-
rately analyzing the scores of beginners and non-beginners on both midterm ex-
ams. The descriptive statistics are provided in Table 10, while Figure 8 illustrates
the distribution of midterm exam scores for beginners and non-beginners by clus-
ters. The Mann-Whitney U test revealed that when beginners and non-beginners
were analyzed separately, there were no statistically significant differences in their
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Figure 5. Examples of error messages of a Bricklayer, a Stonecutter, and a Master
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Figure 6. Distribution of midterm exam scores for the whole group at midterm exam 1
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Figure 7. Distribution of midterm exam scores for the whole group at midterm exam 2
by clusters
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Table 9. Descriptive statistics of both midterm exam scores for the whole group by clus-

ters
Cluster Exam Students Mean | SD | Min | Max
Frequent pressers of 1 66 (21.9%) | 14.85 | 4.28 | 3.5 20
the run button 2 83(30.2%) | 15.19 | 437 | 4.5 20
Receivers of syntax 1 61 (20.3%) 13.63 | 5.06 1 20
€rTors 2 55 (20%) 17.20 | 4.10 | 3.5 20
1 121 (40.2%) | 1592 | 4.37 | 4.5 20
Balanced solvers
2 118 (42.9%) | 17.99 | 3.72 | 3.5 20
Late starters of the 1 53 (17.6%) 13.85 | 5.51 2 20
program execution 2 19 (6.9%) 11.87 | 7.02 0 20

first midterm exam scores across clusters. However, for the second midterm exam,
statistically significant differences were observed among clusters for both begin-
ners and non-beginners. Among beginners, those in the "Balanced solvers" cluster
had significantly higher second midterm exam scores than those in the "Receivers
of syntax errors" (U = 58, p < 0.05) and "Late starters of the program execution"
(U =129, p <0.05) clusters. For non-beginners, "Balanced solvers" outperformed
"Frequent pressers of the run button" (U = 1058, p < 0.001) and "Late starters of
the program execution” (U = 251, p < 0.05). Additionally, "Receivers of syntax
errors" scored significantly higher than "Frequent pressers of the run button" (U =
698, p < 0.001) and "Late starters of the program execution" (U = 165, p < 0.05).

Table 10. Descriptive statistics of midterm exam scores for beginners and non-beginners

Cluster Exam | Students | Mean | SD | Min | Max
Frequent pressers of 1 13 (16.5%) | 12.04 | 3.74 | 7.5 19
the run button 2 20 (27.8%) | 14.68 | 4.64 7 20
g Receivers of syntax 1 9(11.4%) | 10.61 | 6.85 6 20
£ | errors 2 9 (12.5%) 10.61 | 6.84 1 20
i) 1 43 (54.4%) | 12.71 | 4.54 5 20
& | Balanced solvers 2 | 26(36.1%) | 1683 | 419 | 65 | 20
Late starters of the 1 14 (17.7%) | 993 | 505 | 3.5 19.5
program execution 2 17 (23.6%) | 11.82 | 6.09 | 3.5 20
Frequent pressers of 1 54 (24.3%) | 15779 | 4.11 | 3.5 20
o the run button 2 62 (30.5%) | 1544 | 4.17 | 45 20
& | Receivers of syntax 1 53 (23.9%) | 14.89 | 3.6 3.5 20
-En errors 2 51 (25.1%) | 18.51 | 3.24 | 3.5 20
-qli Balanced solvers 1 84 (37.8%) | 16.55 | 4.03 | 4.5 20
2 2 79 (38.9%) | 16.83 | 2.77 | 6.5 20
Late starters of the 1 31 (14%) 16.35 | 4.29 2 20
program execution 2 11 (5.4%) 14 7.07 0 20
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Figure 8. Distribution of midterm exam scores for beginners and non-beginners by clus-

ters
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4.1.3. Persistence of Solver Types Over Time

Two Alluvial diagrams illustrate the transitions of beginners and non-beginners
between clusters (see Figures 9 and 10). Among the 61 beginners, 37 (61%)
moved to different clusters, while 24 (39%) remained in the same cluster. Table
11 provides further details on the movement of beginners between clusters.

Midterm exam 1 Midterm exam 2
Cluster 1. Frequent pressers of the run button

s of the program execution

Figure 9. Movement of beginners between clusters

Table 11. Movement of beginners between clusters from midterm exam 1 (rows) to
midterm exam 2 (columns)

Cluster 1 | Cluster 2 | Cluster 3 | Cluster 4
n=17) (n=238) (n=20) (n=16)

Cluster 1. Frequent pressers 3 (43%) 1 (14%) 1 (14%) 2(29%)
of the run button (n = 7)
Cluster 2. Receivers of 0 (0%) 1(17%) | 3(50%) 2 (33%)
syntax errors (n = 6)
Cluster 3. Balanced 11 31%) | 5 (14%) 14 (39%) 6 (17%)
solvers (n = 36)
Cluster 4. Late starters of the 3(25%) 1 (8%) 2 (17%) 6 (50%)
program execution (n = 12)

A gray background indicates remaining in the same cluster, while bold numbers rep-
resent the highest transition probability.

The proportion of transitions among non-beginners is similar to that of begin-
ners. Figure 10 displays the movement of non-beginners between clusters. Of
172 non-beginners, 101 (59%) transitioned to different clusters while 71 (41%)
remained the same. Table 12 provides more details on the movement of non-
beginners between clusters.
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Midterm exam 1 Midterm exam 2

Cluster 1. Frequent pressers of the run button

Figure 10. Movement of non-beginners between clusters

Table 12. Movement of non-beginners between clusters from midterm exam 1 (rows) to
midterm exam 2 (columns)

Cluster 1 | Cluster 2 | Cluster 3 | Cluster 4
(n=53) (n=43) (n=66) (n=10)

Cluster 1. Frequent pressers 24 (55%) | 9 (20%) 9 (20%) 2 (5%)
of the run button (n = 44)
Cluster 2. Receivers of 14 (39%) 8 (22%) | 13 (36%) 1 (3%)
syntax errors (n = 36)
Cluster 3. Balanced 14 20%) | 19 28%) | 34 (49%) 2 (3%)
solvers (n = 69)
Cluster 4. Late starters of the 1 (4%) 7(B0%) | 10 (43%) 5 (22%)
program execution (n = 23)

A gray background indicates remaining in the same cluster, while bold numbers rep-
resent the highest transition probability.

4.2. Influence of Log-Based Feedback on Students’
Performance

This subchapter addresses the second research question, with more detailed results
available in Publication III.

4.2.1. Influence on Exam Scores

First, the exam test scores for the experimental and control groups were compared
(see Table 13). The Mann-Whitney U test indicated that the experimental group
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had significantly higher exam test scores (U = 432.5, p < 0.05). While the exper-
imental group also outperformed the control group in the programming task, the
difference was not statistically significant (U = 648.5, p > 0.05).

Table 13. Summary statistics of exam test and programming task scores

Group N | Min | Max | M | SD | Mdn Sk K
Test Exp 25 16 24 | 217 | 24 22 -0.735 | -0.339
scores Control | 55 | 10.8 24 19.8 | 3.2 20 -0.841 0.583
Task Exp 25 14 24 | 224 | 2.6 | 23.5 | -2.045 3.865
scores Control | 55 10 24 21.1 | 4.1 | 23.5 | -1.395 0.813

Exp - Experimental; N - Number; Min - Minimum; Max - Maximum; M - Mean; SD
- Standard Deviation; Mdn - Median; Sk - Skewness; K - Kurtosis.

A separate analysis of beginners and non-beginners was also conducted (see
Figures 11 and 12). The Mann-Whitney U test revealed that beginners in the
experimental group achieved higher exam test scores, with the difference being
statistically significant (U = 78, p < 0.05). Their programming task scores were
also higher, though the difference was not statistically significant (U = 170, p >
0.05). On average, beginners in the experimental group scored 22.0 points on the
exam test and 21.5 on the programming task, whereas beginners in the control
group scored 19.6 and 20.5 points, respectively. For non-beginners, those in the
experimental group outperformed those in the control group in both the exam
test and programming task, but these differences were not statistically significant
(Test: U =130.5, p> 0.05; Programming Task: U = 154.5, p > 0.05). On average,
non-beginners in the experimental group scored 21.4 points on the exam test and
23.3 on the programming task, while those in the control group scored 20.0 and
21.8 points, respectively.

4.2.2. Influence on Programming Task Solving Time, Number of
Runs, Error Messages, and Pastes

To provide a more detailed description of the programming task solution beyond
exam scores, solution time, the number of runs, error messages, and pastes were
analyzed. The summary statistics for these indicators are presented in Table 14.

The Mann-Whitney U test indicated that the experimental group completed the
programming task more quickly than the control group, with the difference being
statistically significant (U = 458.5, p < 0.05). The density plot (see Figure 13)
illustrates the distribution of task completion times.

A separate analysis of beginners and non-beginners was also conducted. The
Mann-Whitney U test showed that beginners in the experimental group completed
the programming task significantly faster (U = 100.5, p < 0.05). The average
task-solving time for experimental group beginners was 53 minutes, while con-
trol group beginners took 72.1 minutes. Non-beginners in the experimental group
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Figure 12. Exam test and programming task scores of non-beginners (A - experimental
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Table 14. Summary statistics of programming task solution time, the number of runs,
error messages, and pastes

Group | N | Min | Max | M SD | Mdn Sk K
Solution Exp 25 | 22 95 | 49.1 | 21.3 46 0.378 | 0.922
time Control | 55 22 96 63 | 245 66 0.267 | -1.322
N of Exp 25 45 222 | 13.6 19 0.366 | -1.150

2
runs Control | 55 2 83 274 | 21 19 1.220 0.971
N of error | Exp 25 0 31 8.8 8.5 6 1.374 1.014
0
0

messages | Control | 55 65 13 | 124 10 1.905 | 5.233
N of Exp 25 28 62 | 73 4 1.994 | 3.567
pastes Control | 55 0 34 6 7.5 4 2.504 | 6.535

Exp — Experimental; N - Number; Min - Minimum; Max - Maximum; M - Mean; SD
- Standard Deviation; Mdn - Median; Sk - Skewness; K - Kurtosis.

0.0107

Group

[]e

Density
[ ]
>

0.005

0.000 1

2‘0 4‘0 6‘0 8‘0
Time
Figure 13. Time taken to solve the programming task (A - experimental group, B - control
group)

completed the task faster than those in the control group, but the difference was
not statistically significant (U = 131, p > 0.05). Non-beginners in the experimen-
tal group took an average of 44.8 minutes, compared to 53.6 minutes for non-
beginners in the control group. The density plots (Figures 14 and 15) show the
distribution of task-solving times for both beginners and non-beginners.

Students in the experimental group had fewer runs and error messages than the
control group, although these differences were not statistically significant (Runs:
U =625.5, p > 0.05; Error messages: U =543.5, p > 0.05). The control group had
fewer pastes than the experimental group, but this difference was also insignifi-
cant (U =678, p > 0.05). The Mann-Whitney U test revealed that beginners in the
experimental group had a lower number of runs and error messages, but the differ-
ence was not statistically significant (Runs: U = 155, p > 0.05; Error messages: U
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Figure 15. Non-beginners time taken to solve the programming task (A - experimental
group, B - control group)
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=137.5, p > 0.05). Beginners in the experimental group had an average of 22.92
runs and 9.54 error messages during the programming task. In contrast, begin-
ners in the control group had an average of 27.96 runs and 13.96 error messages.
The control group beginners had fewer pastes (respectively 5.43 and 8.31), but
this difference was also insignificant (U = 153, p > 0.05). Non-beginners in the
experimental group also had a lower number of runs, error messages, and pastes
compared to those in the control group, with no statistically significant differences
(Runs: U =148, p > 0.05; Error messages: U =135.5, p> 0.05; Pastes: U =138.5,
p > 0.05). Non-beginners in the experimental group averaged 21.33 runs, 8 error
messages, and 3.83 pastes in the programming task, while those in the control
group averaged 26.89 runs, 12.04 error messages, and 6.59 pastes.

4.3. Behavior Features in Programming for Detecting
Plagiarism

This subchapter addresses the third research question, with more detailed results
available in Publications II, and V.

4.3.1. General and Programming Style Features

The study focused on two types of behavior features in programming related to
style: (1) general style features and (2) programming style features. While pro-
gramming style features refer to the variations related to the syntax options, gen-
eral style features refer to general patterns that appear during the programming
process, for example, the sequence in which brackets, quotation marks, apostro-
phes, and square brackets are written. For instance, some individuals may first
write an opening bracket, followed by the text, and then the closing bracket (as
shown in Table 15: (x) "x" [x]). Others may first write an opening bracket, imme-
diately followed by the closing bracket, and then insert the text inside (as shown
in Table 15: () "" []). Students were categorized into seven distinct types based on
the primary sequence in which general style elements are written (Table 15).

Table 15. Using parentheses, quotation marks, apostrophes, and square brackets in writ-
ing

Type number Type Number of students
1 (x) “x” [x] 8
2 0" 4
3 x) “x” [] 1
4 0“x"[] 1
5 x)’x’ ] 1
6 Mixed: (x) “x” [x]and ) ""[] 1
7 Mixed: (x) ’x’ [x]and ) ""[] 1
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Students’ approach to writing brackets and other symbols remained consistent
from week to week, showing little to no change throughout the course. The or-
der in which they wrote these elements appeared intuitive, suggesting they did
not consciously think about it. The study also examined whether students pre-
ferred quotation marks or apostrophes when programming. Of the 17 students,
15 primarily used quotation marks, as written in the study materials. Overall,
their choice between quotation marks and apostrophes remained stable over time.
Some students occasionally used apostrophes in specific contexts despite mainly
using quotation marks. One student who typically used apostrophes, switched to
quotation marks while working on the final assignment but later replaced them
with apostrophes. This behavior could suggest potential plagiarism. The study
also investigated whether students used spaces in their expressions. Among the
17 students, one wrote without spaces, two had an inconsistent style, and 14 pri-
marily included spaces. Additionally, it was observed that the study materials
influenced students’ use of spaces, as spaces were generally present in the pro-
vided materials. The following part deals with style features more closely related
to programming. One aspect examined was the choice between ’i += 1’ and ’i
=1+ 1. Students used both variations, often trying one before switching to the
other. Toward the end of the course and during the second course, there was an
increased use of ’i += 1’ (Table 16). When comparing students’ choices with the
study materials, it became evident that the materials played a significant role in
influencing their programming decisions.

Table 16. Usingof i = i + 1andi += 1 in programming

Introduction to Introduction to
programming programming IT
Week Style N  Week Style N
feature feature
onlyi =1+ 1 1 onlyi =1+ 1
Week 3 onlyi += 1 9  Week 1 onlyi += 1 14
both 7 both
onlyi =1i+1 3 onlyi =1i+1 2
Week 4 onlyi += 1 13 Week 2 only i += 11
both 1 both 1
missing 3

onlyi=1i+1 1

Week 6 onlyi += 1 16 -

both 1

onlyi =1+ 1 1 onlyi =1+ 1
Final onlyi += 1 15 Final onlyi += 1 15
assignment  both 1 assignment  both 0
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When opening a file, most students used the format ’file = open("data.txt",
encoding="UTF-8")’. The alternative approach, *with open("data.txt") as file’,
was not used by any students in week 4. However, by week 6, one student used it
in a single task and continued using it consistently throughout the second course
and the final assignment. The format ’file = open("data.txt", encoding="UTF-8")’
was also the one presented in the study materials. Additionally, how students han-
dled file opening was analyzed more thoroughly, including whether they specified
encoding or included parameters like ’r’. The findings showed that their approach
varied from week to week rather than remaining consistent. The results suggest
that general style features tend to remain consistent over time. This consistency
makes them useful for automatically verifying whether a student has completed
a task independently. The use of programming style features undergoes more
changes over time and is, therefore, unsuitable for plagiarism detection.

4.3.2. Plagiarism Detection Tool Using Behavior Features in
Programming

Although using Thonny’s functionality of replaying the programming process
allows analyzing behavior features in programming related to style, it is time-
consuming. So, using a tool for automatic programming-process-based plagia-
rism detection is reasonable. Thonny Log Analyzer was created to reduce the log
analysis time and offer different analysis types based on the programming pro-
cess. It is crucial that users can utilize a ZIP file containing all students’ Thonny
logs to conduct plagiarism analysis. Six types of plagiarism detection analysis,
which are presented in Table 17, were used in Thonny Log Analyzer for creating
the plagiarism detection functionality based on log data from the programming
process. Users can also change specific settings according to their needs. For
example, they can specify the proportion of pasted text at which the application
should flag and display a corresponding case in a reviewable list. Figure 16 shows
a view of one analysis type in the developed tool. To expand the plagiarism de-
tection functionality to other languages, an IntelliJ Platform plugin was developed
for generating logs. Additionally, a modified version of the Thonny Log Analyzer
was developed to analyze these logs.

To evaluate the effectiveness of the new tool, it was tested on logs collected
from various courses, which had been retrieved from Moodle. The same sets of
student solutions were also examined using the VPL plug-in, and the outcomes
were compared. The new tool detected instances of plagiarism that the other tool
had failed to identify. One such case was found in the TCC course. During the
exam, one student used ChatGPT, resulting in a program that was not similar to
any other student’s work. Consequently, the VPL program similarity analysis
was unable to find it. However, the new tool raised an alert through two types
of analysis. The student work analysis flagged the case due to the short total
working time of 13 minutes, while the pasted text percentage analysis highlighted
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Duplicate files )~ Student work analysis (2 Pasted to typed texis % €&)

Identical pasted texis @) ~ Source code pasted ) ~ Source code comparison )

Folder/logfile 0.
Pasted text length: 2168
KS3-2502572- Typed text length: 133
assignsubmission-file- Filename: KS-2502572-assignsubmission-
! file-/2023-04-06-16-20-58-0 txt;
Foldername: KS-2502572-assignsubmission-file-

MT-2002670- Source code file: pyyteni_arvestus.py
assignsubmission-file-
[ 10
KL-2502647- def muna_suurus{kaal):
assignsubmission-file- if kaal < 53:
return 'S5’
o elif kaal »>= 53 and kaal <= 62:
return "M’
elif kaal »= 63 and ksal <= 72:
return "L’
else:

return "XL"

failinimi = input("Sisestage failinimi: ")
kaalud = []

Figure 16. Pasted texts percentage analysis
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Table 17. Types of plagiarism detection analysis in Thonny Log Analyzer

Type of analysis

Description

Duplicate files

Identifies whether submitted log files are identi-
cal. This is achieved using the CRC-32 (Cyclic
Redundancy Check) algorithm, which computes
file checksums. If two files have matching check-
sums, they are considered duplicates.

Student work analysis

Examines general characteristics that may suggest
log files are incomplete. It identifies cases where
the number of runs, working time, or log file size
falls below a specified threshold.

Pasted to typed text %

Identifies source code files within logs where the
proportion of pasted text surpasses a predefined
threshold.

Identical pasted texts

Examines pasted text within logs and identifies ex-
act matches.

Source code pasted

Searches logs for pasted text that matches source
code found in other students’ logs.

Source code comparison

Compares source codes within logs to iden-
tify similar ones.  Similarity is determined
using Dice’s coefficient, which must exceed
a specified threshold.  For this comparison,
the compactTwoStrings function from the
string-similarity library is used, returning a
value between 0 and 1, where O indicates com-
pletely different strings, and 1 signifies identical
ones.

Since comparing all source codes would be too
time-consuming, the codes are first sorted by
length, and only the nearest y source codes on ei-
ther side of the selected code are analyzed. The
value of y is determined using the formula:

BE if 10000 5
y 10000 jf 10000 s
X X

)

where x represents the length of the source code
array.

it because most of the program had been pasted. A manual review confirmed that
the entire solution was copied. Another case emerged in the mandatory university
course IP1. The new tool verified that three students had shared their code. This
occurred during an exam retake for those who had not passed it initially. A total of
ten students submitted their solutions for the second attempt. The VPL similarity
analysis showed high similarity between two student pairs, yet no concrete proof
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of plagiarism was found in the comparative analysis. While the first pair showed
strong similarity, the new tool did not detect it. However, the new tool flagged
the second pair, along with a third student whose final code differed enough to
remain undetected in the VPL similarity results. Despite the differences in their
final programs, analysis of the logs revealed that all three had used the same exam
solution. In every case, the similarity reached 100%. The shared code was also
found by comparing the pasted segments with the source code in students’ logs.
Furthermore, one of the three students was flagged by the pasted text percentage
analysis, while the other two had used the same code without copying and pasting
it directly.
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5. DISCUSSION

This chapter presents the main discussion of the results based on the created re-
search model and posed research questions. A more in-depth discussion of the
findings can be found in Publications I-VI. Subchapter 5.1 focuses on solver
types based on the programming process analysis, variations in midterm exam
scores, and the persistence of solver types during the introductory programming
course. Subchapter 5.2 deals with log-based feedback and its influence on stu-
dents’ performance. Last subchapter 5.3 describes the options of using program-
ming-process data to help detect plagiarism.

5.1. Solver Types and Their Differences in Performance

In this study, different solver types were identified based on the analysis of the
programming process. Two different ways of categorizing solvers were applied.
Figure 17 summarizes the solver types found, their distinguishing behavior fea-
tures in programming, and aspects that influence performance. The figure is based
on the research model described in subchapter 3.1. In the figure, the solver types
are distinguished by color based on performance; two-colored groups mark dif-
ferences in the group’s performance among beginners and non-beginners. This
subsection first discusses essential aspects of the solver types, then the differences
in performance.

Solvers can be categorized into four clusters based on their behavior patterns
in programming, which are determined by the following features: the frequency
of code executions, the number of error messages encountered, the proportion of
code written before the first run, and the rate of syntax errors. The first cluster is
distinguished by a high number of code executions and error messages; the sec-
ond cluster stands out due to a high rate of syntax errors; the third cluster shows
a balanced profile across all measured features; and the fourth cluster is notable
for initiating code runs later in the programming process. The first cluster which
executed programs a lot of times and had a high number of error messages, likely
used frequent trial-and-error attempts, which is a behavior that is often noted by
other researchers (Jemmali et al., 2020; Lopez-Pernas & Saqr 2021; Michaeli &
Romeike, 2019). It can be said that previous research has focused heavily on in-
vestigating and highlighting the role of error messages while dealing with novices
and their habits. In this light, the interesting finding is the fourth cluster, which
ran their program for the first time only after writing a substantial portion of the
code. This behavior has been under-emphasized, although it has been noticed that
some students prefer to write a significant amount before refining it (Hosseini et
al., 2014) or sometimes write code without checking its correctness (Ardimento
et al., 2022). However, this behavior has not been thoroughly researched and has
not been included in student profiling by cluster analysis. Interestingly, this also
aligns with another classification in this thesis, which was found using a different
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approach and a smaller sample size. This classification identifies groups labeled
as “Bricklayers”, “Stonecutters”, and “Masters”. The primary difference among
these groups lay in their approach to solving the task, specifically, whether they
built their solution incrementally, tested portions of their code (“Bricklayers™), or
waited to run the program until most of the solution was already written (“Stone-
cutters” and “Masters”). In addition, solving time was considered, as well as the
number of error messages, frequent error messages, subsequent repeated error
messages, and the use of previous solutions. Every “Stonecutter” took longer to
solve the exam task and encountered more error messages than any “Bricklayer”.
It is essential to emphasize that two classifications using different methodologies
identified a solver type that starts executing later. The group “Late starters of pro-
gram execution” in the first classification aligns with “Stonecutters” in the second
classification.

Starting the program execution later could also be connected to increased use
of copying and pasting. For instance, “Stonecutters” who began running their pro-
grams later opened between 5 and 21 previous solutions, while “Bricklayers” only
needed to look at 0 to 5 earlier solutions. Although another study has found that
students often use copying and pasting, especially during the first weeks of a pro-
gramming course (Vihavainen et al., 2014a), it has not been previously associated
with the late start of program executions. Research has found that beginners who
rely heavily on copying and pasting often require more code examples, whereas
others benefit more from detailed step-by-step instructions (Blikstein, 2011), but
this study highlighted the importance of teaching debugging and improving cod-
ing habits. It is essential to highlight the value of studying different solver types,
as students with varying programming styles need different support (Blikstein,
2011; Lopez-Pernas & Saqr 2021).

The four clusters described above are similar among beginners, non-beginners,
and the whole group. The similar overall patterns can be attributed to the fact that
all students were enrolled on an introductory programming course and generally
lacked extensive experience. The study also aimed to investigate whether there
were differences in two midterm exam scores between different solver types. Un-
like in the second midterm exam, the groups had no statistically significant dif-
ferences in the first midterm exam scores when analyzed for beginners and non-
beginners separately. When analyzing beginners, it can be said that “Frequent
pressers of the run button” and “Balanced solvers” achieved better results than
others, although the differences were not statistically significant. One possible
explanation is that students’ programming styles are still developing at the start of
the course and therefore do not reveal precise trends. Another reason could be that
the tasks in the first midterm exam are relatively simple, allowing students to com-
plete them successfully even with less effective programming approaches. How-
ever, based on the whole group’s first midterm exam scores, it can be concluded
that students with a high rate of syntax errors or those who execute programs late
tend to perform worse than those who are balanced across all aspects.
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Unlike in the first midterm exam, there were notable differences in the second
midterm exam scores when analyzing separately for beginners and non-beginners.
This may also suggest that skill gaps widen as the course progresses, highlight-
ing the need for early support for struggling students. This idea is aligned with
Zhang et al. (2023b), who found that students with strong debugging skills out-
performed others on the first exam, with the performance gap growing even larger
by the second exam. The results of the second midterm exam for both beginners
and non-beginners show that the late start of the first run describes one group of
students who tend to have lower scores. Additionally, among beginners, a high
rate of syntax errors and a delayed start of program execution, combined with
a small number of executions, are both patterns linked to weaker performance.
This is an important insight, especially since weaker students have typically been
associated with a high number of trial-and-error attempts (Bey & Champagnat,
2022; Blikstein, 2011; Heinonen et al., 2014; Hosseini et al., 2014; Michaeli &
Romeike, 2019; Pereira et al., 2020; Tabanao et al., 2011). However, in addition
to previously described weaker students, the newly identified group of struggling
students does not have many error messages because they do not run their pro-
grams enough or do not do it at all. Some students attempt to write large code
sections without testing or using a debugger when needed. Although weaker stu-
dents are mainly associated with many error messages, it has been noted that some
do not execute programs (Carter & Hundhausen, 2017), but this behavior has not
been given separate attention. These findings underline the importance of teach-
ing program debugging early in the course and adopting strategies that encourage
frequent testing. Advising students to run their programs after completing small
sections can be beneficial. Teaching assistants can also model good practices by
regularly demonstrating how to use program executions during coding. Empha-
sizing this approach in the first weeks of the course can help students detect errors
more effectively and deepen their understanding of how programs function.

Interestingly, among beginners, a higher rate of syntax errors is linked to
poorer performance, while for non-beginners it is associated with one of the
better-performing groups. Although this new finding requires further study, it sug-
gests that performance is influenced not just by the rate of syntax errors but also by
students’ ability to correct them quickly and effectively (Pereira et al., 2020; Wat-
son et al., 2013; Zhang et al., 2023b). Therefore, it is possible that non-beginners
with a higher proportion of syntax errors can fix them quickly. This may be re-
lated to the observation that some students have a good attitude for taking time
before designing solutions but still have many syntax errors (Bey & Champagnat,
2022). The fact that two different groups of non-beginners outperformed the other
two groups highlights that there is no single approach that defines successful stu-
dents. This suggests that teaching should accommodate the idea that students can
effectively use different working styles.

The study also sought to detect how consistently solver types remain in the
same groups during the introductory programming course among beginners and
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non-beginners. The results indicate that group membership is not persistent —
more students shifted to a different group than remained in their original one, re-
gardless of whether they were beginners or non-beginners. The causes of these
group changes require additional research. Further study is also needed to under-
stand which students remain in the same group, which ones switch, and how these
moves relate to their performance in the course. Previous research dealing with
changes over time in behavior patterns in programming is contradictory, suggest-
ing that changes may indicate better (Blikstein et al., 2014) or worse performance
(Bey et al., 2019).

5.2. Log-Based Feedback and Its Influence on Performance

An experiment was used to evaluate the influence of log-based feedback. Logs
were used to obtain data about the programming process, both for providing feed-
back to students and getting more information about exam performance, in addi-
tion to exam scores. Figure 18 summarizes the influence of log-based feedback
on students’ performance. The figure is based on the research model presented in
subchapter 3.1.
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Figure 18. Influence of log-based feedback on performance
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The analysis revealed that the experimental group scored significantly higher
on the exam test than the control group. Although their performance on the pro-
gramming task was also better, the difference was not statistically significant. Al-
though other researchers have reported that feedback on the programming process
can improve outcomes (e.g., Yan et al., 2019), this experiment added the knowl-
edge that log-based feedback has an influence on exam test performance. This
part of the exam primarily assessed students’ ability to understand what a pro-
gram does. The observed improvement in this skill may be linked to the nature
of the feedback, which was focused on refining the programming process. For
example, when logs revealed that students were making random changes in an
attempt to fix their code, they were encouraged to use Thonny’s debugger to grasp
better how their program functioned. Thonny’s debugger, which enables learners
to follow the program’s execution step-by-step, helped facilitate this understand-
ing. Previous studies have also emphasized the importance of teaching debugging
(Ahmadzadeh et al., 2005; Chmiel & Loui, 2004; Deeb & Hickey, 2021). How-
ever, our study clarified that regularly encouraging students to use the debugger
likely accelerated the development of their code-reading skills.

In this study, beginners and non-beginners were also separately analyzed. In
the experimental group, exam test scores were higher among both beginners and
non-beginners, but the difference was statistically significant only for beginners.
This suggests that log-based feedback was particularly beneficial for students
without prior programming experience. This further emphasizes that the effec-
tiveness of feedback can vary depending on the learner’s skill level (Worsley &
Blikstein, 2013) and that previous programming experience can influence stu-
dents’ performance in programming courses (Leinonen et al., 2016; Veerasamy et
al., 2018; Zhang et al., 2013).

Several specific aspects were examined to gain a deeper understanding of how
students approached the exam programming task: the time taken to complete
the task, the number of program executions, error messages encountered, and
instances of code pasting. The results indicated that the experimental group com-
pleted the task more quickly than the control group, with the difference being
statistically significant. When breaking down the analysis by prior programming
experience, it was found that both beginners and non-beginners in the experimen-
tal group completed the task faster. However, the difference reached statistical
significance only for beginners. This suggests that log-based feedback notably af-
fected beginners’ task completion time. These findings are consistent with earlier
research (Deeb & Hickey, 2021; Yan et al., 2019), but these results emphasize
especially the importance of focusing on those novices who have never tried pro-
gramming. The reason for the bigger influence on beginners may be due to the
fact that they are still developing their programming habits and often use ineffi-
cient strategies, such as frequent copy-pasting, trial-and-error attempts, or avoid-
ing executions. As a result, they benefit more from feedback that emphasizes the
programming process.
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The feedback based on the logs focused on improving coding practices —
for example, encouraging debugging tools and promoting a methodical approach
where learners write and debug code in stages to ensure each part functions cor-
rectly. This process helps them learn how to debug their programs, understand
how they operate, and identify mistakes more efficiently, ultimately speeding
up their ability to write functional code. Previous studies have highlighted that
novices often struggle to locate errors early in their programming education (Denny
et al., 2012; Marceau et al., 2011). More experienced students, on the other hand,
may already have established routines that are harder to adjust. This points to
the need for tailored support: beginners and non-beginners benefit from different
types of guidance. Helping students focus on the programming process can re-
duce inefficient trial-and-error behavior and the tendency to avoid executing code,
affecting task completion time.

It is crucial to recommend that educators emphasize teaching effective pro-
gramming techniques to beginners and provide personalized support to those whose
current approach is ineffective, for instance, those who rely heavily on trial and er-
ror or rarely run their programs. Such support can help students develop a clearer
understanding of program behavior. This research shows that one effective strat-
egy is using tools that allow instructors to observe how students write and debug
code. It is essential to emphasize the role of the instructor who uses the program-
process information for teaching, not just tools. The instructor’s role in giving
log-based feedback has been emphasized in some works (Yu et al., 2023; Zhang et
al., 2023a) but not specifically in the context of developing efficient programming
behaviors, encouraging debugging tools, etc. To further study log-based feedback
and its efficiency, the experiment could be repeated with a larger participant group
to determine the differences better.

5.3. Plagiarism Detection Based on Programming Process

To find potential plagiarism detection options for use in history-based tools, the
logs were used to analyze style features in the programming process during the
two programming courses using Thonny’s functionality of replaying the program-
ming process. Figure 19 summarizes the usage of suitable types of behavior fea-
tures in programming for plagiarism detection.

During the analysis, style features were divided into two groups: (1) general
style features; (2) programming style features. General style features describe
common patterns that emerge during programming, such as the typical order in
which elements are typed. Programming style features refer to the individual deci-
sions students make when coding, especially in situations where there are several
correct ways to write syntax. The findings suggest that general style features are
more consistent over time. These stable patterns can help detect whether a student
has completed a task independently and can be used to check plagiarism automat-
ically. However, since students may share similar characteristics, it is essential
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Figure 19. Types of behavior features in programming for detecting plagiarism instances

to analyze various style features and combine them with additional indicators,
such as the average time it takes to type character pairs (digraphs). Some envi-
ronments already use keyboard press and release events for automatic plagiarism
detection (Byun et al., 2020). General style features can also be integrated with
techniques that analyze code similarity. In contrast, programming style features
are more variable and evolve throughout the course. Students in introductory pro-
gramming classes typically do not demonstrate stable use of these features, as
their coding habits are heavily influenced by examples found in learning materi-
als. Solutions of final assignments are often shaped by the structure and style of
exercises students use as examples while coding. Therefore, programming style
features alone are unreliable for automatically verifying whether a student com-
pleted the task independently. On the other hand, as students now often use Al-
generated code, programming style features are becoming important in another
way. Namely, counting style anomalies is one possible option to help detect the
use of Al-generated code (Denzler et al., 2024).

Although some IDEs have the functionality of replaying the programming pro-
cess (Annamaa, 2015) or can use a plugin that records keystroke-level data (Hart
et al., 2023), it is still time-consuming if the system requires the instructor to deal
with every log separately. Therefore, it is essential to develop tools that enable a
visualization of code-changing patterns and results of different types of analysis
(Shrestha et al., 2022). It is also important to analyze many logs at once.

The plagiarism detection tool Thonny Log Analyzer, which received input
from this study, uses a comparison of logs, which means incorporating program-
ming process information into plagiarism detection. It employs six types of analy-
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sis to detect potential plagiarism: it detects duplicate log files; checks overall char-
acteristics that might indicate incomplete logs; flags source code files where the
amount of pasted content exceeds a set threshold; analyzes pasted segments in the
logs to find exact duplicates; searches for pasted content that matches code from
other students’ logs; and compares source code across logs to identify similarities
between them. This tool processes logs simultaneously and visually displays the
results of the different analysis types.

The following behavior features in programming, which were used in Thonny
Log Analyzer, help detect incomplete logs and potential plagiarism instances:
number of runs, number of error messages, task completion time, logfile size,
and pasted texts. Lack of executions and error messages, or only a small number
of them, may suggest that the program was not properly tested. Sometimes it can
be an indicator of plagiarism. At the same time, a short task completion time and
small logfile size could point to possible plagiarism or the student’s submission of
incorrect or incomplete files. It has also been noted earlier that the task-solving
speed and the occurrence of pastes help detect plagiarism (Ljubovic & Pajic,
2020). However, copying and pasting does not automatically indicate plagiarism,
as students may copy content from course materials or their own earlier work.
It has been emphasized that some students copy and paste a lot while program-
ming (Blikstein, 2011; Vihavainen et al., 2014a). Nevertheless, careful review can
help identify actual cases of plagiarism if pastes are extracted automatically. Var-
ious comparisons that examine pasted content within programming-process data
or even duplicate content in different students’ logs, which is not pasted, help de-
tect plagiarism that might be difficult to uncover using other approaches. These
comparisons also enable instructors to identify potential cases from large amounts
of data efficiently.

It is important to continue investigating style features using quantitative meth-
ods that help distinguish between students’ coding patterns. This can support the
development of tools aimed at detecting potential plagiarism, especially when stu-
dents complete final assignments at home and instructors cannot directly observe
who is doing the work.
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6. CONCLUSION AND IMPLICATIONS

This chapter presents the conclusions along with theoretical and practical impli-
cations, outlines the limitations of the study, and offers recommendations for
future research. The main approach was quantitative, aiming to explore how
programming-process data can be utilized to support students in introductory pro-
gramming courses and detect instances of plagiarism. The data was used to form
and analyze solver types, investigate their variations, and persistence; to give log-
based feedback and study its influence on students’ performance; and to find pla-
giarism checking options based on programming process information.

This research showed that solvers could be categorized into groups based on
their behavior patterns in programming, with similar patterns observed among
both beginners and non-beginners. A key finding was the identification of a new
behavior feature in programming that is commonly linked to lower performance —
the late start of the first execution of the program. Specific patterns associated with
higher performance were identified, and it was found that some groups achieved
comparable results despite exhibiting different behaviors, thereby highlighting the
diversity among learners. It was also discovered that solver types were not persis-
tent throughout the first programming course. In addition, the study showed that
providing feedback based on programming log data significantly enhanced exam
test performance. Programming-process data is also valuable for developing more
effective plagiarism detection options. Namely, this thesis found that general style
features are a possible option for history-based plagiarism detection tools, because
of their persistence. In addition, the approach relying on students’ programming-
process data was the foundation for creating a tool to detect plagiarism.

6.1. Theoretical Implications

Theoretical implications of this research are presented below.

The relationship between the late start of program execution and perfor-
mance. This thesis identified a new behavior feature in programming associated
with lower performance. Specifically, it was revealed that the late start of pro-
gram execution is related to poorer outcomes in both beginner and non-beginner
groups. It is essential to note that the revealed feature is not characterized by the
frequency or number of errors, which is the usual understanding of features that
distinguish low performers. This finding provides an essential aspect for future
research exploring student performance in programming from multiple perspec-
tives.

The importance of log-based feedback. Providing feedback based on the
programming process is a relatively recent approach. So far, only a few studies
have explored incorporating insights from the programming process into prac-
tical classroom activities. This study demonstrated that feedback derived from
programming logs resulted in notable improvements in exam performance and
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reduced the time for beginners to complete programming tasks. Therefore, this
method appears particularly effective for novice learners. This is an essential
piece of knowledge to consider in future studies that are investigating feedback
options for beginners.

Suitable behavior features in programming for detecting plagiarism. Us-
ing programming-process information for plagiarism detection is a relatively new
approach. There has been little analysis of the types of features that can be used for
this purpose. The study showed that, unlike programming style features, general
style features are stable and well-suited for plagiarism detection. This is essential
knowledge to consider when analyzing various combinations of potential features
for plagiarism detection tools.

6.2. Practical Implications

Practical implications are provided below that could be considered when teaching
programming in introductory courses.

Executing programs frequently and using debuggers. The study found a
connection between the late start of the program execution and students’ lower
performance. A key recommendation is to teach programming in a way that en-
courages frequent program execution as a natural and regular part of the coding
process. Teachers could provide tailored exercises for students less inclined to
run their code to practice programming using executions. The findings also high-
light the importance of emphasizing debugging skills during the initial weeks of
a course. Early focus on debugging can help reduce the number of students who
either avoid running their programs or wait too long to do so. Using built-in de-
buggers within programming environments can significantly help students iden-
tify errors. These tools assist with debugging and enhance understanding of the
program flow and the sequence of command execution. Introducing and promot-
ing these tools is especially valuable in large classes where they can help students
become more independent and methodical in their programming practice. It is
also beneficial for teaching assistants to stress, particularly in the early weeks,
that even small programs are composed of multiple parts. Assignments that in-
volve building programs step-by-step can reinforce this concept. Additionally,
teachers can demonstrate good practices by showing how to write programs and
regularly execute them. In some cases, they can explain that students who delay
executing their programs until most of the code is already written often achieve
lower grades.

Considering solver types in practical sessions. The study found that certain
groups achieved similar performance levels despite exhibiting different behav-
ior patterns in programming, highlighting the diversity among learners. Insights
into various behavior patterns in programming can provide teachers with valuable
guidance for developing and applying diverse support strategies. Some beginners
benefit more from additional examples, while others require more thorough and
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detailed instructions. In particular, paying attention to the differences between
solver types can sometimes be beneficial during practical sessions, and suitable
practices can be identified through discussion.

Applying log-based feedback to strengthen code reading skills. The study
demonstrated that log-based feedback produced the greatest improvement in the
test performance in an exam that tested code reading skills. Therefore, this is a
good method to use to improve code reading abilities. In the age of Al, more
attention should definitely be paid to developing code-reading skills.

Using log-based feedback in teaching programming to beginners. The ex-
periment showed that log-based feedback significantly reduced beginners’ time
to complete programming tasks and overall influenced more beginners. As such,
this feedback approach should be used particularly for students with no previous
programming experience at the beginning of an introductory programming course
to get better results. To reduce teachers’ workload, it is reasonable to give log-
based feedback to students with ineffective behavior patterns in programming, for
example, those who use the trial-and-error approach or do not run their programs.

Combining general style features with additional data to detect plagia-
rism. The study concluded that general style features could be an applicable
choice for history-based plagiarism detection tools due to their persistence over
time. On the contrary, programming style features tend to vary and evolve through-
out the course. However, because some students use some general style features
similarly, it is essential to use a diverse set of these features and supplement them
with additional data, such as the average time to type digraphs. General style
features can also be integrated with techniques that analyze program similarity.

Incorporating a history-based method for plagiarism detection. Currently,
most plagiarism detection tools depend on comparing source code, which can be
ineffective against obfuscation strategies used by students. As a result, a tool was
developed that uses a history-based method for plagiarism detection, enabling it to
identify certain types of plagiarism that might otherwise be hidden through code
manipulation.

6.3. Limitations

It should be noted that this thesis has limitations that should be considered when
interpreting or generalizing the results.

Constraints of log data. Collecting data from logs provides detailed insights
into activities within the programming environment, but not beyond it. To gain a
more comprehensive understanding in the future, it could be beneficial to include
additional data from other learning environments used during the course, such as
the learning management system.

Slight variation in students’ academic background. The data used to find
solver types were gathered from a university course primarily attended by com-
puter science majors. While there were some groups of students from other
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disciplines, the results might vary if the dataset included a wider range of aca-
demic backgrounds. Since the experiment of giving log-based feedback involved
a course attended by students of various disciplines, the results might differ in a
course composed primarily of computer science students.

Small granularity in an analysis. The persistence of solver types was ana-
lyzed only at a general level. A small sample did not allow for a detailed analysis
of persistence and movement of solver types, nor did it include relations to per-
formance.

Limited sample size and short courses. The primary constraints in exam-
ining style features for plagiarism detection are the limited sample size and the
short duration of the courses. The findings may differ if the course is aimed at a
different audience or if it is not an introductory-level course.

6.4. Suggestions for Future Work

The following are proposed suggestions for future research.

Incorporating supplementary data from other course platforms. Log data
provides detailed insights into activities within the programming environment, but
does not capture what happens outside of it. To gain a more comprehensive under-
standing in the future, it may be beneficial to include additional data from other
platforms used during the course, such as the learning management system. In
addition, it is a valuable future direction to incorporate more background infor-
mation, which can uncover new relations that help make choices in teaching, for
example, forming groups in large courses or developing personalized approaches.

Investigating the persistence of solver types in more depth. For future re-
search, it is necessary to use a larger sample size and a more in-depth investigation
into the persistence of solver types and their relationship to course outcomes. Un-
derstanding which tendencies are more or less effective throughout the course is
crucial. Identifying movement patterns between groups linked to higher or lower
exam scores would be valuable, as it could lead to practical strategies for en-
hancing teaching effectiveness. It is also uncertain whether solver types remain
impersistent only during the initial programming course or over a longer time-
frame. Studying changes over an extended period can provide new insights into
understanding solver types and may give possibilities to help learners in a more
personalized way.

Verifying results and developing a tool for automated log-based feedback.
It is crucial to verify whether an experiment providing log-based feedback yields
consistent results with a larger sample size and a different programming language
context. A dedicated tool should be developed to streamline and automate the
extraction of relevant information from logs to enable the systematic use of the
method across various instructors. This tool could be designed for teachers and
students, ensuring both groups receive meaningful and actionable feedback. Im-
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plementing Al in this kind of educational tool certainly provides additional op-
portunities for analysis, feedback, and more personalization.

Enhancing the plagiarism detection tool. Looking ahead, there are many
possibilities for improving the plagiarism detection tool. Enhancements could
include adding new types of analysis to provide a more thorough comparison of
students’ development processes and to improve the accuracy of plagiarism detec-
tion. For example, integrating a timeline analysis that compares the timelines of
students’ work could offer valuable insights. The source code comparison analysis
could also be refined using language-specific similarity algorithms. Additionally,
future improvements should focus on detecting Al-generated code.
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SISUKOKKUVOTE

Programmeerimisprotsessi andmete kasutamine
sissejuhatavatel programmeerimiskursustel: lahendajatutipide
leidmine, tagasiside andmine ja plagiaadi tuvastamine

Aja jooksul on programmeerimisest kujunenud oluline oskus, mida iiha enam
Opivad erineva taustaga iilidpilased paljudelt erialadelt. Kuna suur osa Oppimisest
toimub viéljaspool traditsioonilist klassiruumi, tuleb dpetamismeetodeid kohanda-
da ning kasutada sobivaid rakendusi, et neid kursusi tdhusalt toetada. Ulidpilaste
erinev varasem programmeerimiskogemus suurendab mitmekesisust veelgi. Li-
saks on suur viljalangevus sissejuhatavatel programmeerimiskursustel jatkuvalt
tdsine probleem. Kursuse esimesed nddalad on eriti suure tidhtsusega, kuna nen-
dest sdltub oluliselt edasine dnnestumine. Kodiki neid tegureid arvestades on olu-
line vilja selgitada, kuidas iilidpilaste ldhenemised erinevad programmeerimise
Oppimisel, ning leida tdhusaid viise nende toetamiseks, eriti kursuse alguses.

Selle doktoritdd eesmirk oli vilja selgitada, kuidas saab programmeerimis-
protsessi andmeid kasutada iilidpilaste lahendajatiilipide leidmiseks, nende toeta-
miseks sissejuhatavatel programmeerimiskursustel ja plagiaadijuhtumite tuvasta-
miseks. Andmeid koguti mitmelt kursuselt. Nendeks olid Tartu Ulikooli kursused
,Programmeerimine*, ,,Programmeerimise alused*, ,,Programmeerimise alused
II*“ ja ,,Tehnoloogia tarbijast loojaks“. Andmeid kasutati lahendajatiitipide leid-
miseks ja analiiiisimiseks, nende erinevuste ja piisivuse uurimiseks. Samuti oli
oluline logipdhise tagasiside andmine ja viljaselgitamine, kuidas sedalaadi taga-
siside mojutab iilidpilaste tulemusi. Programmeerimisprotsessi andmeid kasutati
ka plagiaadituvastuseks sobivate tunnuste leidmiseks. Tdiendavaid andmeid kogu-
ti kursuste eelkiisitluste kaudu, et selgitada varasema programmeerimiskogemuse
olemasolu, samuti saadi infot Moodle’i dppekeskkonnast ja dppeinfosiisteemist
(OIS). Peamine lihenemisviis oli kvantitatiivne. Klasterdamist kasutati peamise
meetodina lahendajatiiiipide moodustamiseks ja analiiiisimiseks. Selleks, et saada
teada, kui tdhus on programmeerimisprotsessi logide pdhine tagasiside, viidi 14bi
eksperiment.

Uurimistd6 néitas, et iilidpilasi saab jaotada iseloomulikesse lahendajatiitipi-
desse programmeerimise kditumismustrite pohjal ning mustrid on sarnased nii
algajate kui ka mittealgajate seas. Peamise liigituse aluseks olid jargmised tun-
nused: kiivitamiste arv, veateadete arv, siintaksivigade osakaal ja kirjutatud ti-
hemérkide osakaal programmi esimesel kidivitamisel. Peamised tuvastatud lahen-
dajatiiiibid olid: 1) “Sagedased kiivitajad”, 2) “Siintaksivigade tegijad”, 3) “Ta-
sakaalukad lahendajad” ning 4) “Hilised kiivitajad”. Oluline tulemus on hilise
programmi kéivitamisega alustamise seos madalamate kontrollt6d tulemustega.
Tépsemalt selgus, et hilisem k#ivitamisega alustamine on seotud madalamate tu-
lemustega nii algajate kui ka mittealgajate hulgas. See on oluline tulemus, kuna
viga palju on madalamaid tulemusi seostatud veateadete sagedusega, aga on ole-
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mas ka selline madalamate tulemustega grupp, kes ei saa palju veateateid, kuna ei
kéivita programme voi teevad seda vihe. Korgemate kontrollt6o tulemustega on
leitud lahendajatiiiipidest “Tasakaalukad lahendajad”, keda iseloomustavad kdiki-
de kaasatud tunnuste osas keskmisest madalamad niitajad. Samas suutsid moned
lahendajatiiiibid saavutada sarnaseid tulemusi hoolimata erinevatest programmee-
rimise kditumismustritest, mis viitab mitmekesisusele. Oluline on mérkida, et eri-
nevalt esimesest kontrollt6ost ilmnesid gruppide vahel suuremad erinevused teise
kontrollto6 tulemustes, mis voib viidata sellele, et oskuste tasemete erinevused
kasvavad kursuse jooksul. Uuring niitas ka, et kuulumine lahendajatiiiipidesse ei
ole kursuse kestel piisiv.

Selgus, et programmeerimisprotsessi logide pohjal antud tagasiside parandas
maérgatavalt kontrolltdo testi tulemusi, mis kontrollib koodi lugemise oskust. Eks-
periment nditas, et logide pohjal antud tagasiside vihendas oluliselt just algaja-
te programmeerimisiilesannete lahendamiseks kuluvat aega ning parandas nende
kontrollt6o testi tulemusi. Programmeerimisprotsessi andmed osutusid vaartus-
likuks ka plagiaadituvastuse viiside tdiustamisel. Uuring tdi esile, et iildised stii-
litunnused — néiteks teatud stimbolite kirjutamise jarjekord — véivad oma piisivu-
se tottu olla tdhusad plagiaadi tuvastamiseks programmeerimisprotsessi andmete
pohjal. Programmeerimiskeele siintaksiga seotud valikud aga ei ole piisivad, kuna
soltuvad palju Gppematerjalides olevatest ndidetest. Kontrollt6o lahendused on tu-
gevalt mdjutatud ka ndidislahendustest, mida iilidpilased programmeerimise ajal
kasutavad. Programmeerimisprotsessi andmeid kasutav lihenemine voeti aluseks
ka rakenduse viljatootamisel, mis vordleb iilidpilaste logidest saadud infot, et tu-
vastada vOimalikke plagiaadijuhtumeid.

Doktoritoo tulemuste pdhjal on oluline soovitus kasutada dpetamisel 1dhene-
mist, mis julgustab iilidpilasi oma programme sageli kédivitama, nii et see oleks
regulaarne ja loomulik osa koodi kirjutamise protsessist. Oppejoud voiksid prakti-
kumides demonstreerida, kuidas programmeerida nii, et kdivitamine on t66 kdigus
regulaarselt kasutusel. Tulemused réhutavad samuti silumise oskuste arendamise
olulisust kursuse esimestel niddalatel. Keskendumine silumisele voib aidata vi-
hendada nende iilidpilaste arvu, kes piitiavad programme kirjutada ilma neid kéi-
vitamata. Selle uurimist6o tulemuste podhjal on algajate koodi lugemise oskuste
parandamiseks tGhus kasutada programmeerimisprotsessi logidel pdhinevat regu-
laarset tagasisidet. See on eriti oluline tehisintellekti ajastul, mil tugevate koodi
lugemise oskuste arendamine on iiha vajalikum.
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