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ABSTRACT

The Information Technology (IT) field has been rapidly growing for the past few
decades which has resulted in an increasing demand for skilled professionals.
Such demand has led to a significant increase in the number of students pursu-
ing IT-related education and careers. While this expansion is beneficial for the
industry, it has created numerous challenges for the educational institutions offer-
ing IT education. These institutions have to manage increasing class sizes while
maintaining high educational standards, for example, by providing timely and in-
dividualized feedback for students. Traditional methods of assessment and feed-
back are often becoming unsustainable since the workload of the teaching staff
also increases due to the need to manage more courses, students and resources.
These activities have become time-consuming and repetitive, and this time could
potentially be better utilized elsewhere. This thesis addresses these challenges by
exploring the potential for automation in assessment and feedback processes in IT
education, with a focus on programming courses.

The research methodology involved a detailed analysis of the current chal-
lenges faced by educators at the University of Tartu in teaching and learning activ-
ities related to automated assessment and feedback. This thesis used a qualitative
approach in the form of mini-group interviews and inductive content analysis in
order to capture the perspectives of the teaching staff on these topics. These in-
terviews provided valuable insights into the needs, expectations, and concerns of
educators regarding automated assessment and feedback. Inductive content anal-
ysis was used to identify key themes and patterns, which highlighted the necessity
for automation tools that simplify the creation and maintenance of automated as-
sessments.

The analysis was followed by designing and implementing the proposed sys-
tems. One system developed as part of this research is capable of automatically
assessing programming tasks with graphical output. This system uses image
recognition to detect the specified objects from the graphical outputs generated
by students’ code. The image recognition service returns a score indicating the
probability of the given object being present in the image, and the system makes
an assessment based on this score. The system was evaluated in multiple program-
ming courses at the University of Tartu, where it received positive feedback from
participants, particularly for the instant feedback it provided. This system signif-
icantly reduced the manual effort required from instructors and provided timely
assessments of graphical programming assignments which had previously been a
manual and time-consuming process. Additionally, this thesis introduced another
system to standardize and simplify the creation and maintenance of automated
assessments. The system consists of the Test Specific Language (TSL), its parser
and compiler, the Tiivad assessment library, and a user interface that orchestrates
these components. This TSL-based system enables the definition of assessments
in a language-agnostic and structured manner while focusing on easier develop-
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ment, maintenance, and modification of assessments without requiring extensive
technical expertise. The integration of the TSL framework supports both dynamic
and static assessment tasks, from basic syntax checks to more advanced func-
tional tests, including object-oriented concepts. By focusing on a user-friendly
interface, this system significantly reduces the complexity involved in creating
and maintaining automated assessments. This also lowers the barrier to using au-
tomated assessment across various educational settings. The system was used and
evaluated in a programming course and received positive feedback from users for
its ease of use and valuable time-savings. The results of this thesis offer benefi-
cial insights for IT educators in different educational institutions with a focus on
teaching programming. More specifically, the results provide value in program-
ming courses with a large number of participants. These systems help educators
to design and automatically assess a wide range of programming assignments, in-
cluding tasks with graphical output, in a user-friendly approach. The developed
systems and gathered insights in this work can serve as a framework for future
research and development.
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1. INTRODUCTION

This chapter serves as a foundation for the thesis by presenting the research prob-
lem, focus, and contributions. It outlines the growing challenges in IT education,
particularly with the need for automated assessment and feedback systems. The
purpose of this chapter is to fit this thesis into the broader context of IT education.

1.1. Research problem

For the past few decades, the shortage of personnel in the field of Information
Technology (IT) and computer science has seen a significant growth (Oehlhorn
et al., 2019). The number of open positions has been increasing faster than the
number of qualified candidates, resulting in more and more young people show-
ing interest in the field, acquiring IT-related education, and pursuing IT-related
careers (Eurostat, 2024; Mets, Viia, & Ruusa, 2024). Educational institutions,
from kindergartens to online platforms and universities, including the University
of Tartu, are trying to facilitate such remarkable growth of interest in the field by
creating more opportunities and student places for enrolling in IT courses. Note-
worthily, students of different races, genders, ages and (academic) backgrounds
are applying and showing interest in the IT courses (Chen et al., 2021).

However, the increased interest in learning computer science and programming
has created challenges for the IT faculties and teaching staff (Pettit & Prather,
2017). One of the biggest challenges is accommodating such a high number of
enrolling students while ensuring the quality of education does not drop with the
increasing number of students (Charitsis et al., 2022). The growing size of IT
courses results in greater workload for the teachers due to the need to manage
more courses, students and resources. Some of the most common and elementary
teaching activities are grading, providing feedback, and assessing the solutions of
different (programming) assignments (Charitsis et al., 2022). All the aforemen-
tioned activities have become time-consuming and repetitive, taking up valuable
time that could otherwise be used elsewhere by the teaching staff.

In order to alleviate the aforementioned issues, automation could be used as a
potential solution by simplifying and automating the different faculty work pro-
cesses such as grading, feedbacking, assignment generation, attendance moni-
toring, and many others (Paiva et al., 2022). Furthermore, automated feedback
generation promises zero-cost support and instant feedback for the students in
need of assistance (Phothilimthana & Sridhara, 2017). Different automation ap-
proaches become even more beneficial and valuable in courses with a large num-
ber of students such as Massive Open Online Courses (MOOCs), where efficient
and accurate assessment and feedback is crucial (Charitsis et al., 2022).

Computer science institutions have studied, used and implemented automated
assessment tools (AATs) for decades already (Hollingsworth, 1960) and this seems
to be the common process nowadays (Pettit & Prather, 2017). There are many
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ways automation is utilized in the software industry, but those methods or forms
of automation might not be suitable for the educational context (Fulcini et al.,
2023). Teaching staff play an important role in the digitalization and automation
of different educational processes, as their insights into learning and teaching can
potentially be highly valuable (Wohlfart & Wagner, 2023). In order to ensure that
automated systems are supporting the educational needs instead of harming them,
it is crucial to gather the opinions of the teaching staff and one way to do it is
through conducting interviews with them.

There is a wide variety of programming languages and programming assign-
ments that can be automatically assessed in different ways. The most common
form of automated assessment for a program’s functionality is dynamic assess-
ment where the program is executed and its result is compared against a sample
solution (Paiva et al., 2022). However, not all programming assignments have a
fixed output, and some are more creative, such as programming assignments with
graphical output (Thornton et al., 2008). Graphical tasks have proven to be pop-
ular and useful among students (Koren, 2024; Pugnali et al., 2017) and manually
assessing them is time-consuming, therefore one specific area of interest is explor-
ing and implementing such assessment tools to automatically assess programming
assignments with graphical output (Douce et al., 2005). This type of assignments
poses unique challenges since, in addition to the textual output of the program, the
visual output must also be assessed. In order to address this, specific automation
tools must be developed that can also work with the graphical output of the sub-
mitted solutions. The literature on automated assessment has described various
methods and tools for assessing textual programming assignments (Messer et al.,
2024), but there seems to be a gap when it comes to assessing assignments with
graphical output: while there are some systems capable of assessing programming
assignments with graphical output (Mertz et al., 2008; Tisha et al., 2023), there is
no approach yet that would take the student’s submitted code, generate graphical
output based on it, and automatically assess it in educational settings.

Many institutions are building automation tools for a specific need only, doing
it quickly and without proper standards, which often results in issues with long-
term scalability and maintainability (Pettit & Prather, 2017). Such a high com-
plexity for onboarding automated assessment can become a stopper for educators
who may not have the necessary technical background (Skalka et al., 2019). This
gap potentially slows down the widespread usage of automated assessment in the
educational settings. Without having a standardized and easier way to create and
maintain automated assessments, the potential benefits of automated assessment
cannot be realized. Therefore, there is a gap to be filled when it comes to a user-
friendly system that would simplify the creation and maintenance of automated
assessments.
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1.2. Research focus

This research is focused on exploring and developing innovative approaches and
systems for automating the assessment and feedback processes in IT teaching.
The study aims to simplify and improve the work processes of the teaching staff
by leveraging automation. It is considering the perspectives and requirements of
the teaching staff. Firstly, the research focuses on gathering the perspectives and
needs of the teaching staff regarding automated assessment systems. The opinions
and vision of the teaching staff were collected through interviews. The interviews
help to identify the challenges and opportunities faced by the teaching staff re-
garding automated assessment and feedback. After gathering and analyzing the
data, the further research direction was set in regard to the improvements of auto-
mated assessment systems.

Secondly, the research focuses on addressing the challenges of automatically
assessing programming tasks with graphical output. The previous solution in
which the assessment was performed manually is used as a base and data from
it for validation. Different techniques and methods are explored for providing au-
tomated assessment of graphical tasks. After selecting an approach, the system is
implemented and evaluated by students.

Lastly, the research focuses on simplifying the creation and maintenance of
automated assessments by creating a standardized way of doing it. Test Specific
Language (TSL) is a language designed to provide a standardized, programming
language-agnostic, user-friendly, reliable and scalable way to define all the details
that are needed for automatically assessing a specific assignment at hand. In order
to remove the dependency of creating TSL files manually, a user interface was
developed. Two additional components (parser and compiler) were developed as
part of this thesis to validate the correctness of the TSL and generate the actual
automated assessment code. This code is processed by the Tiivad library, which
was also developed as part of this thesis to handle the assessment and feedback for
different programming assignments. This approach helps to reduce the workload
of the teaching staff while providing consistency and reliability among different
assignments and courses.

Generative AI (GenAI) has shown great potential in feedback generation, pro-
gramming assistance, and adaptive learning. However, its applicability to the
specific challenges in this research remains limited. The primary focus of this
study is on the automation and simplification of the creation and maintenance of
automated assessments, rather than directly on different feedback mechanisms.
Although GenAI tools offer promising capabilities, their suitability for grading in
automated assessment is still evolving. Nevertheless, this thesis discusses their
role in education and assessment, acknowledging their potential for future ad-
vancements.

This research is conducted within the University of Tartu, specifically within
the Chair of Programming Languages and Systems (CPLS). Automation has been
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used in programming education for many decades already in CPLS. Existing tools
such as the Virtual Programming Lab (VPL) (Rodríguez-del-Pino, 2012) have
been widely used for automated assessment, particularly in programming courses
and MOOCs. However, existing automated assessment systems still face chal-
lenges. These include difficulties in creation and maintenance, limited adaptabil-
ity to different programming tasks, such as those involving graphical output. In-
sights from teaching experiences at the university directly motivated this research.
They shaped its focus on improving the creation and maintenance of automated
assessments to make them more adaptable, efficient, and applicable across a wider
range of programming tasks.

1.3. Contributions of the thesis

This thesis makes three contributions to the theory and practice of automated as-
sessment. Each contribution is based on answering two research questions.

Contribution 1: Gathering and understanding the teaching staff perspectives
and needs in regard to automated assessment and automated feedback. Contribu-
tion 1 is based on Publication I. Unlike prior research, which has largely focused
on the technical implementation of automated assessment systems, this study sys-
tematically captures the perspectives of the teaching staff. By doing so, it identi-
fies specific pain points that are often overlooked in system design, such as the bal-
ance between automation and human involvement in assessment. The qualitative
approach used in this study provides a deeper understanding of faculty concerns
and needs, which can guide the development of more effective and user-friendly
assessment tools.

• RQ.1.1 Which of the faculty work processes related to assessment could be
automated according to the opinions of the teaching staff?

• RQ.1.2 How does the faculty staff describe and characterize effective auto-
mated feedback?

Contribution 2: Development and implementation of a system capable of au-
tomatically assessing programming tasks with graphical output and students’ per-
spective on it. Contribution 2 is based on Publication II. Existing automated as-
sessment tools primarily focus on text-based programming assignments, whereas
this research extends automation to graphical assignments using image recogni-
tion. While some prior studies have explored graphical output assessment, this
research improves reliability by integrating configurable probability thresholds
and evaluating the system in real educational settings.

• RQ.2.1 How can image recognition be used in order to automatically assess
programming tasks with graphical output or visual representations?

• RQ.2.2 How do course participants perceive the performance of the auto-
mated assessment of programming tasks with graphical output?
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Contribution 3: Designing and implementing a system that hosts Test Spe-
cific Language (TSL) together with its parser, compiler, automated assessment li-
brary Tiivad and user interface, to standardize and simplify the process of creating
and maintaining automated assessments. Contribution 3 is based on Publication
III and Publication IV. Unlike previous approaches that often require extensive
manual coding and technical expertise to create automated assessments, this re-
search introduces TSL as a structured, programming-language-agnostic method
for defining assessments. Additionally, a user-friendly interface was developed
to reduce the barrier to entry for instructors, making the adoption of automated
assessment more feasible in various educational settings. This contribution ad-
dresses the scalability and maintainability issues that have hindered the widespread
use of automated assessment in programming courses.

• RQ.3.1 How can a system for automated assessment of programming tasks
be created in order to simplify the creation and maintenance processes?

• RQ.3.2 What impact does the new system using TSL have on the workload
of teaching staff in large-scale programming courses?

1.4. Structure of the Thesis

This chapter introduced the research problem, outlined the research focus, and
presented the key contributions. It also provided an overview of the challenges
in IT education related to automated assessment and feedback. The following
chapters explore these topics in greater depth. Chapter 2 explores the historical
development of automated assessment, various assessment methodologies, and
key features of existing automated assessment platforms. This is followed by
Chapter 3, which describes the study’s context, detailing the educational environ-
ment, courses, and technological infrastructure. Faculty insights on automated
assessment and feedback are presented in Chapter 4, summarizing perspectives
gathered through interviews. Chapter 5 then discusses the development and eval-
uation of a system for automatically assessing programming tasks with graphical
output. Chapter 6 introduces Test Specific Language (TSL), a standardized ap-
proach for simplifying automated assessment creation. The design, implementa-
tion, and evaluation of TSL are covered, emphasizing its impact on reducing in-
structor workload. The findings are analyzed in Chapter 7, discussing their impli-
cations for teaching staff, automated assessment systems, and programming edu-
cation. Finally, Chapter 8 concludes the thesis by summarizing key contributions,
acknowledging limitations, and suggesting directions for future research. Sup-
plementary materials, including TSL documentation, interview data, and courses
context, are provided in the appendices.
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2. BACKGROUND

This chapter provides an overview of the historical and current landscape of au-
tomated assessment systems. First, it discusses how these systems have evolved
over decades and their relevance in different educational contexts. Secondly, as-
sessing program features both via static and dynamic code analysis is discussed.
Thirdly, features and limitations of existing platforms are described. Last, but
not least, it examines the various types of automated feedback, analyzing their
correlation to learning outcomes and to reducing teaching workloads.

Although Automated Assessment (AA) and Automated Feedback (AF) are
closely related, they serve different purposes. AA focuses on grading by eval-
uating student submissions using predefined criteria such as test cases, output
matching, or static code analysis. Usually, it provides evaluations in the form
of scores. AF, on the other hand, extends beyond grading by guiding students
through the learning process with explanations, hints, and suggestions to improve
their solutions. AA systems can include basic feedback, such as correctness in-
dicators or output comparisons. However, AF is primarily formative, supporting
students in gradually improving their understanding through repeated practice and
feedback. This distinction is important in this thesis: Sections 2.1-2.3 focus on
AA for correctness evaluation and grading, while Section 2.4 shifts toward AF
strategies that enhance learning, including different feedback strategies. By treat-
ing these as separate concepts, the thesis highlights how AA ensures objective and
consistent grading, while AF supports learning through instructional guidance.

2.1. History of automated assessment

To give an overview of the history, major advancements were chronologically
divided into logical units. Such separation of assessment systems into three gen-
erations was introduced by (Douce et al., 2005), and more recently, in a not so
strictly divided historical overview of the automated assessment by (Paiva et al.,
2022). Different assessment methods, systems and their characteristics are noted
in the following paragraphs and the listing of example tools in them is by no means
comprehensive but rather an illustration.

2.1.1. 1960s and 1970s (1st generation)

In the earliest automated assessment system, presented by Hollingsworth (1960),
students wrote their submissions in assembly language on punched cards. Those
punched cards were then executed with a specific grader program. The grader
was only able to assess whether the solution was correct or wrong. The system
was physically big and came with multiple limitations, including the fact that it
was not completely automated in reality and required human interaction to work,
and the solutions had to be written in machine language (Hollingsworth, 1960).
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The system may seem simple and robust by nowadays standards, but it made it
possible to more than double the number of students in a class. Furthermore, even
with such basic functionalities, the security concerns already arose, and it became
evident that students could harm the grading systems intentionally.

Along with the rapid growth in programming systems, assessment systems
have also become more sophisticated. The first major leap was the possibility to
grade programs written not only in machine language but also in programming
languages (Berry, 1966; Forsythe & Wirth, 1965; Naur, 1964). Some examples
include, for example, a program developed by Forsythe and Wirth (Berry, 1966)
that asks students to write a procedure with specific parameters and is then tested
with multiple sets of parameters and comparing the procedure results against pre-
defined values. Another example is a program called GRADER2 that was de-
veloped and used in Stanford for grading novice students’ ALGOL programs by
generating random input data and validating the results (Forsythe & Wirth, 1965).
Peter Naur (1964) developed a grading system that assesses the efficiency and log-
ical completeness of students’ algorithms instead of their formal correctness. The
aforementioned systems make use of a grading program that works as follows: (1)
the submission is transformed into procedures and injected into grader, (2) these
procedures are sequentially executed with test data (also embedded within the
program), (3) the execution time can be monitored as an option, and (4) the cor-
rectness of tests is evaluated by comparing the outcomes of a learner’s procedure
with those of the solution.

2.1.2. 1980s and 1990s (2nd generation)

In the 1980s software became more manageable and programming languages
more user-friendly. These advancements made it possible to move from complex,
difficult to maintain systems to much simpler GUI tools and command-line utili-
ties (Isaacson & Scott, 1989). Isaacson and Scott (1989) outlined a "script-based"
method and created a command-line tool that accepts a directory containing the
learner’s submission along with a predefined set of test input and output files as
its input. As the submitted programs were potentially executed on the instructor’s
machine, more (security) concerns arose, such as wiping the instructor’s disk, load
testing the assessment system on purpose, etc.

For countering the aforementioned issues, TRY was introduced (Reek, 1989).
There were two main advancements compared to the previous approach. Firstly,
TRY wraps the assessment part of the hard drive with a directory so that it would
look like a root of the file system. This essentially blocks access to the outer
hard drive for malicious activities. Secondly, TRY makes it possible to limit the
number of submissions for learners to force them to think thoroughly about their
solution before resubmitting.

Program correctness was not the only thing that could be assessed and mea-
sured. The possibility of assessing CPU time, evaluating metric scores related

22



to code complexity and style, was introduced by a new system called ASSYST
(Jackson & Usher, 1997). A notable feature of ASSYST is its role as both an
automated assessment system and a grading assistant, allowing for submission
handling, report generation, and the assignment of weights to specific test aspects
through its graphical user interface (GUI).

As programming courses became more popular and more students enrolled,
while evaluation was based on assessing the programming assignments, there was
a need and opportunity to make the assessment asynchronous by creating an on-
line assessment system, called BOSS (Joy & Luck, 1998). Students could submit
their homework via BOSS and as a response an e-mail receipt was sent to the
student confirming the submission. Teachers and tutors could use it to access the
submitted solutions for testing and marking. The system was originally designed
for Unix operating systems and C programming assessments, but later underwent
significant evolution, adopting Java as a teaching language. It was transformed
into a two-part system: (1) a module capable of assessing Java GUI applications,
and (2) a tutor grading and assignment management application.

Computer-based assessment was not the only innovation that computers and
access to the internet brought to programming courses and education in general.
Not only specific assignments and assessments but also the whole course manage-
ment, administration and even content delivery could be moved online (Benford et
al., 1995). For such a purpose, the Ceilidh system was developed, which made it
possible to divide courses into units and exercises together with the possibility of
distributing lecture notes and other materials to students. Interestingly, the system
found widespread use and survived many technological advancements for more
than a decade, only to be succeeded by CourseMarker (Higgins et al., 2003).

2.1.3. 2000s and 2010s (3rd generation)

The next big leap in automated assessment systems occurred thanks to or in corre-
lation with the widespread adoption and increased stability of the internet world-
wide. In the 2000s, it became more feasible and reasonable to implement web-
based architectures for automated assessment systems (Cheang et al., 2003; Ed-
wards & Perez-Quinones, 2008; Higgins et al., 2003; Joy et al., 2005; Leal &
Silva, 2003; Morris, 2003). Essentially, it means that there is a client running in
the web browser that communicates with external services such as databases and
other services that contain, for example, the assessment logic and test data, etc.

Many of the older systems, such as Ceilidh (Benford et al., 1995) that evolved
into CourseMaker (Higgins et al., 2003) and BOSS (Joy & Luck, 1998), adapted
to and acknowledged the rise of the internet. On the other side of the spectrum
were many systems that did not survive the internet adoption phase and were
gradually replaced by newer systems. This can also be related to the fact that
many technologies are not relevant anymore and the skills that were required or
assessed by those systems have antiquated (Swiecki et al., 2022).
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Until around 2010, many of the automated systems were language-agnostic
(evaluation relied primarily on output comparison), focusing on the most popular
programming languages: Java, C/C++, Python, and Pascal. Interestingly, many
new domains of assessment have appeared, including GUI development (English,
2004; Gray & Higgins, 2006; Muuli et al., 2017; Thornton et al., 2008), database
management (de Raadt et al., 2006; Ke et al., 2009), assembly programming (Lin-
gling et al., 2008), web development (Fu et al., 2008; Hwang et al., 2008; Szti-
panovits et al., 2008), concurrent programming (Oechsle & Barzen, 2007), au-
tomated testing (Allowatt & Edwards, 2005; Edwards, 2003), and diagramming
(Higgins et al., 2002; Waugh et al., 2004). From the perspective of educators,
there have been enhancements in automated assessment tools. Beyond generating
assessment summaries, some tools now offer instructors dashboards featuring sta-
tistical representations of student activity, primarily centered around submission
results (Edwards & Perez-Quinones, 2008; Leal & Silva, 2003).

While discussing the latest trends in technology and automation, it is important
to note the relevance of machine learning and AI-based techniques for automati-
cally assessing and providing feedback for programming tasks. Some of the more
traditional, statistical-based, approaches include the following models: random
forest (Lazar et al., 2017), support vendor machines (Verma et al., 2021), and
ridge regression (Srikant & Aggarwal, 2014). More recent, neural network-based,
approaches include the following models: convolutional neural networks (CNNs)
(Gupta et al., 2019), recurrent neural networks (RNNs) (Bhatia et al., 2018), and
long short-term memory (LSTM) models (Nabil et al., 2021).

However, there are persistent challenges that remain, including grading solely
based on output and providing limited feedback, often supplemented by instructor-
defined hints. One potential remedy is utilizing industry-standard automated test-
ing frameworks like xUnit-based tools, offering both familiarization with future
professional tools and more detailed assessment (Amelung et al., 2008; Spacco
et al., 2006). Additionally, promising approaches involve static analysis, assess-
ing code without execution, to evaluate functionality by extracting metrics from
source code and detecting plagiarism (Ahtiainen et al., 2006; Ala-Mutka et al.,
2004; Prechelt et al., 2002; Rahman & Nordin, 2007). Experimental methods,
like comparing learner attempts using graph similarity with known solutions, fur-
ther enhance assessment (Wang et al., 2007).

2.1.4. 2020s (4th generation)

Another generation of automated assessment and feedback tools has emerged in
the 2020s, which is driven by advancements in Large Language Models (LLMs),
artificial intelligence (AI), and specifically generative AI (GenAI) (Prather et al.,
2023a). Unlike earlier rule-based or static assessment approaches, modern AI-
driven tools leverage machine learning, natural language processing, and genera-
tive AI models to provide more context-aware, adaptive, and dynamic feedback to

24



students (Kwak et al., 2023; Sun et al., 2024). These tools are no longer limited to
research prototypes, but have already been integrated into real courses and have
demonstrated practical benefits in programming education (Prather et al., 2024;
Raihan et al., 2025).

One of the most significant developments is the rise of AI-powered code assis-
tants such as GitHub Copilot, ChatGPT, CodeAid, and CodeHelp, which provide
real-time support for students learning to program (Denny et al., 2024; Prather et
al., 2024). These systems go beyond traditional automated assessment, which pri-
marily evaluates correctness, by offering explanations, debugging assistance, and
coding hints (Chang et al., 2025; Denny et al., 2024). Studies have shown that
such tools can significantly improve the learning experience by providing person-
alized feedback that adapts to students’ skill levels and misconceptions (Chang et
al., 2025; Sun et al., 2024). For instance, a recent study found that ChatGPT-3.5
provided personalized feedback in 89% of cases for a simple while loop assign-
ment, offering code style improvements and alternative solutions, which helped
stimulate creativity and critical thinking among students (Azaiz et al., 2023).

Unlike earlier test-case-based assessment systems, AI-powered solutions are
capable of interpreting student intent, providing guidance even when code is par-
tially correct or follows alternative solution strategies (Leinonen et al., 2023). In
contrast to conventional automated grading systems that focus on binary correct-
ness, LLM-driven models can assess stylistic, structural, and conceptual correct-
ness, considering whether a student’s approach aligns with best practices (Prather
et al., 2023a). Furthermore, generative AI allows for dynamic exercise creation,
adjusting the difficulty of assignments based on a student’s progression and pre-
vious performance (Kwak et al., 2023).

Despite their promise, AI-driven assessment and feedback tools introduce new
challenges to programming education (Becker et al., 2023). Over-reliance on AI-
generated solutions has raised concerns that students may use these tools passively
rather than engaging in problem-solving themselves (Chen et al., 2021; Prather et
al., 2023b). Additionally, issues of academic integrity and AI-assisted plagia-
rism have become a growing concern, as many of these tools can generate fully
functional code snippets that students can submit without modification (Denny et
al., 2024). Another challenge is that while LLMs provide impressive responses,
they lack pedagogical awareness, meaning their explanations may sometimes be
misleading or not aligned with instructional goals (Wermelinger, 2023).

Moving forward, the integration of AI-powered assessment tools into program-
ming courses will require careful consideration of best practices (Prather et al.,
2023a). Researchers emphasize the need for AI literacy training, ensuring that
students use these tools ethically and effectively rather than as mere shortcut so-
lutions (Prather et al., 2023a). Moreover, educational institutions may need to
develop custom AI models tailored for programming pedagogy, rather than rely-
ing on general-purpose LLMs that lack explicit educational design (Raihan et al.,
2025). Lastly, future AI-enhanced learning environments should consider hybrid
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assessment approaches, combining automated feedback with human oversight to
maintain educational integrity and personalized learning (Prather et al., 2024).

2.2. Assessing different program features

2.2.1. Dynamic code analysis

In 1994, Kay, Scott, Isaacson, and Reek (1994) brought focus to the challenge
of consistently and thoroughly grading students’ programs, particularly when it
comes to dynamic aspects. Even small programs can generate multiple execution
paths, which makes manual assessment impractical. Automation offers a solution
by executing the program at hand with different inputs and configurations (An-
nor et al., 2022). However, executing students’ programs exposes the system to
potential bugs or malicious features that could harm the system. For instance, pro-
grams might try to access any files on the system without permission or consume
excessive system resources such as memory or CPU (Liu et al., 2021). Therefore,
it is highly recommended to run automated assessment systems in an isolated en-
vironment, often called a sandbox (Karvandi et al., 2022).

Functionality. Assessing functionality is the cornerstone of grading programs,
with the main goal being to ensure that a program meets the requirements spec-
ified in the task description at hand (Paiva et al., 2022). In the vast majority of
cases, this involves executing the program on a set of test cases, and afterwards
comparing the generated output to the expected results. However, such a strict val-
idation might be problematic in educational settings where it is not recommended
to fail the test due to minor differences to expected results, such as white-space
characters, capitalization or other minor typos (Paiva et al., 2022). In order to al-
leviate the well-known problem, many approaches have been proposed, including
partial grading with pattern matching (Liu et al., 2019), regular expression match-
ing (Pieterse, 2013), and comparing output tokens instead of characters (Yu et al.,
2017).

As functionality assessment is a critical component both in educational and in-
dustrial environments, it is understandable that there are many industry-standard
testing tools, like the xUnit family (e.g., JUnit, CUnit, PyUnit), that are widely
adopted in the educational settings as well, offering fine-grained evaluation at
class, method, and statement levels (Paiva et al., 2022). Automated assessment
tools, such as JPLAS (Funabiki et al., 2013) and STAGE (Pape et al., 2016),
leverage these frameworks. Additionally, web testing tools like Selenium (Siochi
& Hardy, 2015) and mobile testing frameworks like Appium1 are applied to auto-
matically evaluate the functionality of students’ web pages and mobile apps.

Efficiency. The efficiency of computer programs can be measured with the fol-
lowing parameters: time or duration, memory usage, CPU usage, disk space us-
age, network usage, and power consumption (Ihantola, 2011). The simplest and

1https://appium.io
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most popular measurement seems to be the time (Millsap, 2010). The efficiency
is usually evaluated by measuring and monitoring different metrics while the pro-
gram is executed with various test cases (Enstrom et al., 2011). As the measure-
ments are dependent on the test cases, the results are relying on the quality of the
test cases design and the accuracy of the model solution that the program results
are compared against (Hansen & Ruuska, 2003). Furthermore, the results can
be influenced by various program features such as input/output implementations
(Ala-Mutka, 2005). The feedback and results can be provided in various forms
such as plotting CPU time against input size, as in OpenCPS (M.-Y. Chen et al.,
2006). Some other tools capable of measuring CPU time are, for example, Assyst
(Jackson & Usher, 1997) and Online Judge (Cheang et al., 2003). Assyst is also
capable of measuring efficiency by calculating the number of times each block
or statement in the program is called and comparing the results against a model
solution.

Test Coverage. It is also desirable to teach and assess the quality of test suites.
The software industry is striving for the highest quality of software, yet the on-
going issue with software defects causes a notable amount of downtime (Ray
et al., 2017). In order to alleviate the vast amount of bugs, software must be
tested thoroughly. Regrettably, the process of software testing is often viewed as
monotonous and uncreative work by the developers (Steinhöfel & Zeller, 2024).
This has also led to a noticeable gap in the knowledge required for writing mean-
ingful and sufficient tests. As the curricula of undergraduate computer science
are already packed, there should be a shift towards integrating the testing pro-
cess into software development itself (Chisăliţă-Creţu et al., 2021). This can be
done by different assessment strategies, such as requiring students to submit test
datasets alongside their assignments to ensure students create and independently
test their programs (Chen, 2004; Edwards, 2003). Chen (2004) uses a set of faulty
instructor programs, grading based on the number of identified issues, while Ed-
wards (2003) assesses the validity and coverage of test datasets against problem
specifications.

Special features. In many systems, dynamic assessment occurs sequentially
for multiple test data sets, preventing evaluation during processing, yet tools like
Quiver (Ellsworth et al., 2004) enable instructors to establish state persistence
between test cases for chaining different tests. Language-specific implementa-
tion challenges, such as dynamic memory management in C++, are often difficult
for students to grasp, but tools like the Tutnew library (Rintala, 2002) can assess
these issues in real-time by overriding memory management methods, printing
assessment results upon program completion and detecting serious memory man-
agement errors.

Software programs featuring graphics and graphical user interfaces are appeal-
ing to students due to their impressive visual results, but they are challenging for
automatic testing systems (Douce et al., 2005). Therefore, detailed requirements
and rules are mandatory for programming tasks with graphics. Some such sys-
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tems have been developed, though, for example a system by English capable of
assessing GUI programs using JEWL (English, 2004).

2.2.2. Static code analysis

Unlike dynamic code analysis, which usually requires execution of the program,
static code analysis is performed without executing the code but rather taking a
deeper look into the source code and its features (Chelf & Ebert, 2009), for ex-
ample, by using Python’s Abstract Syntax Trees (AST) (Hovemeyer et al., 2016).
The main advantage of static code analysis is the ability to analyze source code
without executing it, which helps to uncover potentially critical issues that would
go unnoticed by dynamic analysis due to the limited test cases and specific run-
time conditions (Novak et al., 2010). Static code analysis is used for checking
style, finding errors without executing code, discovering vulnerabilities, finding
inefficiencies, measuring code quality with different metrics, and detecting pla-
giarism (Thomson, 2021).

Style. Automatic analysis of computer programs by demanding correct syntax
is often enforced by language compilers and interpreters. Compilers and IDEs
like GCC2, Clang3, Microsoft’s Visual Studio4, and JetBrains’ IntelliJ IDEA5

provide capabilities that tackle issues such as unused variables, type conversions,
and non-standard language features. In the 1980s, more research was aimed at
code readability and maintainability through style. Many tools such as Ceilidh
(Benford et al., 1995), Assyst (Jackson & Usher, 1997), PASS (Dromey & Ryan,
1993) and Style++ (Ala-Mutka et al., 2004) were developed in order to assess
code readability and compliance with software quality standards. Additionally,
tools like Checkstyle6, PMD7, FindBugs8, SpotBugs9 and SonarQube10 are fre-
quently integrated into automated assessment systems to automate the measure-
ment of code quality. They focus on identifying common programming mistakes
made by novice programmers, such as unused variables, empty catch blocks, and
unnecessary object creation. These tools work on a variety of common program-
ming languages and are maintained to date. The integration of such tools into any
automated assessment system helps students to improve the overall quality and
maintainability of their code (Messer et al., 2024).

Syntax errors. While the assessment of program functional errors is usually
done by dynamic testing against test data, syntax errors which can also lead to

2https://gcc.gnu.org
3https://clang.llvm.org
4https://visualstudio.microsoft.com
5https://www.jetbrains.com/idea
6https://checkstyle.sourceforge.io
7https://pmd.github.io
8https://findbugs.sourceforge.net
9https://spotbugs.github.io

10https://www.sonarsource.com/products/sonarqube/
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programs not working properly can be identified through static analysis without
executing the code. Some of the more common syntax errors include missing
semicolons, unresolved variables, and mismatched parentheses or braces (Denny
et al., 2014). In order to help students understand and overcome those issues, dif-
ferent tools have been developed. For example, CodeWrite is a web-based tool
that provides automated feedback on students’ Java code submissions in order to
help them understand and correct their syntax errors (Denny et al., 2014). Sim-
ilar purpose is served by CAP (Code Analyzer for Pascal) self-assessment tool
that provides detailed, user-friendly feedback on syntax, logic and style errors in
Pascal programs (Schorsch, 1995). For C++ programs students can use the auto-
mated assessment tool Athene that also provides clearer compiler error messages
in order to help students understand and fix their syntax mistakes (Pettit et al.,
2017). While not designed explicitly for educational purposes, these tools could
serve as automatic aids for educators and students to pinpoint potential program
errors efficiently.

Plagiarism. As mentioned earlier, together with the rise of computer science
and automated assessment, plagiarism and its detection grew hand-in-hand due
to the fact that programs are essentially paragraphs of text and those are easy to
copy (Ðurić & Gašević, 2013). Many modern tools now offer built-in plagiarism
checks or the ability to integrate specialized solutions. Most of those checks and
solutions are done via static code analysis without requiring any code execution
(Paris, 2003).

Nowadays, it is very common to integrate specialized plagiarism tools (No-
vak, 2016) into any automated assessment system, although many already have
built-in plagiarism checks (Chen et al., 2017; Nunome et al., 2010; Yu et al.,
2017). These tools employ three primary methods for detecting plagiarism in
source code: structural, semantic, and behavioral. Structural methods compare
code structures, from token sequences (Aiken, 2002; Anzai & Watanobe, 2019;
Inoue & Wada, 2012) to advanced data structures like trees (Fu et al., 2017; Zhao
et al., 2015). Semantic methods, on the other hand, assess the meaning of sus-
pected plagiarized source code using dependence graphs (Chen et al., 2010; Silva
et al., 2020), control flow graphs (Chae et al., 2013), call graphs (Prado et al.,
2018) and latent semantic analysis (Cosma & Joy, 2012; Flores et al., 2015; Ullah
et al., 2020). Behavioral methods for detecting plagiarism analyze the student’s
behavior when submitting their code (Huang et al., 2020). For example, the fre-
quency and timing of the solutions can be measured and compared against peers.
One way to measure this, proposed in (Huang et al., 2020), uses an SCD (code
similarity concentration) feature that references the Gini coefficient, showing how
evenly the similarities of a student’s code are distributed among other students in
order to detect patterns indicating potential plagiarism.

Software metrics. At some point, in addition to program correctness and ex-
ecution, software metrics, such as complexity, size and coupling, began to draw
research interest as significant evaluation criteria (Rees, 1982; Van Verth, 1985).
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Software metrics, as the name suggests, are numeric measurements used to char-
acterize computer programs, serving as a basis for program evaluation and com-
parison. Although those metrics are easily obtained automatically, their educa-
tional relevance must also be considered, because metrics should align with learn-
ing objectives and instructional needs (Nguyen et al., 2021). For instance, the
significance of requiring students to submit programs with a specific count of
lines, comments, branches or statements should be done with caution, as these
measurements are often tied to program style and design (Ljubovic & Nosovic,
2012). There are some widely recognized and used metrics though, such as Hal-
stead’s metrics (Caulo et al., 2021; Halstead, 1977) which count attributes such
as operators and operands, and McCabe’s cyclomatic complexity (Graßl et al.,
2021; McCabe, 1976) which assess program complexity through control struc-
tures. In order to measure size, the Lines of Code measure (LOC) has been used
for decades already in order to assess and predict quality of the software (Fenton
& Neil, 1999; Monteiro et al., 2021; Njoku et al., 2024). Code coupling measures
how heavily a module or a class relies on other modules. One way to measure
this is via the Coupling Between Objects (CBO) metric (Chidamber & Kemerer,
1994; Martins et al., 2021; Ozturk, 2022; Romano et al., 2022). Higher coupling
can lead to difficulties in maintenance and error-proneness while making modifi-
cations (Qusef et al., 2011).

Design patterns. There are many common mistakes that novice and some-
times even advanced programmers make while designing their programs. One
can think about design patterns as best practices for solving those issues (Zhu,
2012). Usually design patterns help to organize the code in a way that would
make it reusable by following specific rules within the interaction of classes and
objects (Zhu, 2012). Although code design is not always the most straightfor-
ward aspect to automatically assess, there have been some efforts, such as Dong
et al.’s work (2008) on recognizing design patterns, and Taherkhani’s research
(2008) on identifying sorting algorithms through static analysis. Some existing
automated assessment tools mainly address lower-level design issues (Saikkonen
et al., 2001; Truong et al., 2004), more specifically check whether the solution’s
structure aligns with predefined structures, such as the presence of loops or re-
cursion. Furthermore, a tool has been developed that recognizes common design
patterns from either program code or UML design specifications, which could aid
in verifying that a student’s program implementation aligns with the design docu-
ment or teacher’s design pattern requirements (Antoniol et al., 2001).

In summary, static code assessment should definitely be encouraged as it comple-
ments the dynamic testing methods. It enhances teaching staff’s ability to assess
the quality, performance and reliability of students’ programs. Moreover, static
analysis together with synthesis and repair techniques can be combined with dy-
namic testing to provide deeper insights and hints into why tests fail. It plays an
important role for students as well by enforcing computational, structural, design
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and functional thinking. These characteristics make it a valuable tool in program-
ming education and assessment.

2.3. Features of automated assessment platforms

Automated assessment platforms have become crucial in computer science edu-
cation by giving students immediate and scalable feedback (Falkner et al., 2020).
Making automated assessment useful and maintainable depends on multiple fac-
tors such as the programming language chosen for teaching (Pears et al., 2007).
The selection of programming language is important, but it is not the only consid-
eration. Strickroth and Striewe (2022) highlight the fragmentation in task-based
grading and feedback systems. Many such systems are developed without stan-
dardization or re-usability. They emphasize the need for scalable and interoper-
able solutions to ensure long-term sustainability and wider applicability in pro-
gramming education. Additionally, this selection also depends on the faculty his-
tory and preferences, industry needs and the programming language characteris-
tics (Pears et al., 2007). For example, Java, C, and C++ are widely used, including
in our university, but they are not ideal for beginners due to their complexity com-
pared to, for example, Python (Close et al., 2000; Palumbo, 1990). Connecting an
automated assessment platform with learning management systems such as Moo-
dle (Alstes & Lindqvist, 2007; Gutiérrez et al., 2010; Jimenez-Gonzalez et al.,
2008) makes the course management easier, but on the other hand such integra-
tions make room for security concerns (Alstes & Lindqvist, 2007; Gutiérrez et al.,
2010; Jimenez-Gonzalez et al., 2008; Skalka et al., 2019). Sometimes a specific
configuration and setup is needed if the domain taught is very specific. For exam-
ple, having parallelism in programming assignments can cause unreliability and
difficulty identifying root causes that require specialized tools like mentioned in
(Oechsle & Barzen, 2007). There are many web-based assessment solutions that
require an external network connection which might not always be desirable or
doable (Paiva et al., 2022). Furthermore, teaching and grading practices, such as
resubmission policies and possibilities for (semi)manual assessment, can also alter
the design of automated assessment (Edwards & Perez-Quinones, 2008; Malmi et
al., 2005). Last but not least, having publicly available platforms makes it easier
for them to be adopted on a wider scale, but security must be guaranteed for such
platforms (Amelung et al., 2008; Gotel et al., 2007).

2.3.1. Programming language

Typically, the selection of a programming language is determined within a spe-
cific context, taking into account factors like faculty preferences, alignment with
industry requirements, technical characteristics of the language, and accessibility
of pertinent resources and tools (Pears et al., 2007). Although languages like Java,
C, and C++ are widely used both in industry and education, there has been sig-
nificant discussion (Baharum et al., 2020; Close et al., 2000; Leping et al., 2009)
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regarding their appropriateness for educational purposes, particularly when intro-
ducing programming to beginners (Pears et al., 2007). It is worth noting that these
languages were not originally developed with a primary focus on educational use.
On the other hand, languages explicitly designed for educational purposes, such
as Python, Logo, Eiffel and Pascal, arguably offer advantages over more complex
languages due to issues like verbosity and notational overhead while providing
more syntactic simplicity (Palumbo, 1990). Automated assessment platforms also
benefit from simpler programming languages because it is easier to analyze and
assess them, which makes it also easier to provide more specific feedback without
making students overwhelmed by complex syntax and concepts (Barr & Guz-
dial, 2016). The decision to choose a programming language should be context-
specific, aligning with course objectives and learning outcomes, and educators
must consider the broader curriculum when making this choice, recognizing that
there is no one-size-fits-all solution in computer science education (Böszörményi,
1998).

2.3.2. Learning management systems

The integration of automated assessment of programming assignments within the
framework of Learning Management Systems (LMS) has attracted considerable
attention. Notably, there are several automated assessment tools designed to sup-
port programming assignments within platforms like Moodle (Alstes & Lindqvist,
2007; Gutiérrez et al., 2010; Jimenez-Gonzalez et al., 2008), Sakai (Suleman,
2008), Cascade LMS (Helmick, 2007; Nordquist, 2007), and Plone (Amelung et
al., 2006, 2008). One of the reasons for this integration is to avoid maintaining
both of these systems and potentially duplicating course management functional-
ities (Danutama & Liem, 2013). Furthermore, such integration makes it easy to
reuse course materials, assignments and also automated assessments. In addition,
keeping the systems isolated while interchanging only the most relevant infor-
mation such as grades improves the overall security (Roy et al., 2015). Usually,
LMSs host different courses, which can make them vulnerable to security risks.
Potentially malicious code executed on any of the courses could cause more harm
on the LMS, therefore, isolating the LMS from the automated assessment system
would increase the security (Danutama & Liem, 2013).

2.3.3. Special domains

In addition to programming languages, the different exercise topics also play a
crucial role in the setup of automated assessment as some domains require a
unique setup and specialized type of tests. Visual programming has demonstrated
its importance and usability in introducing programming concepts across various
educational levels (Kelleher & Pausch, 2005). Programming tasks with paral-
lelism often raise challenges due to their unreliability and errors where the root
cause is not easy to identify. Such challenges require specialized tools such as
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ASAS (Automatic Software Assessment System) developed by Oechsle & Barzen
(2007). For databases, common automated assessment is performed by output
comparison via scripts that query for example an SQL server, retrieve results and
compare them to expected results (Kleiner et al., 2013). Such configuration lacks
security, feedback and simplicity (Abiteboul et al., 2005). A simpler approach
would be using a model that calculates syntactic similarity between the answer
and reference solution (Panni & Hoque, 2020). Automated assessment of web
projects consists of not only source code validation but also testing of functional
user interfaces within web browsers. This means simulating user interactions with
web content and verifying respective changes to the browser’s state. Frequently,
such assessment requires web servers and databases, often with external accessi-
bility through specific ports. Peveler et al. (2020) introduced a system that uses
Docker and its containerization concept to run students’ code and the requisite
services while ensuring isolation.

2.3.4. Resubmissions

Errors are an integral part of practicing programming, enabling students to learn
from them. Nevertheless, it is important to have some sort of control over the num-
ber of resubmissions to discourage mindless trial-and-error approaches (Malmi et
al., 2005). Some of the strategies include, most trivially, limiting the number of
submissions and feedback while introducing deadlines, although this may lead to
student confusion and mistrust of automated assessment (Guerreiro & Georgouli,
2006). Other approaches involve imposing time penalties that increase after each
failed attempt (Janhunen et al., 2004), creating parameterized, randomly assessed
assignments (Brusilovsky & Sosnovsky, 2005), or employing competition-style
deadlines to motivate students (Guerreiro & Georgouli, 2006), but this raises con-
cerns about prioritizing speed over quality. Additionally, hybrid approaches like
Marmoset (Spacco et al., 2006) offer both unlimited and limited submission op-
tions with public and release tests to balance thorough testing with critical think-
ing.

2.3.5. Possibility for manual assessment

Combining manual and automated assessment offers a balanced approach where
teaching assistants (TAs) can provide additional feedback or override grades as
needed (Souza et al., 2016). Manual assessment or feedback can range from en-
abling teachers to view student submissions through the assessment system (e.g.,
VPL (Rodríguez-del-Pino, 2012) in Moodle) to making it possible to simultane-
ously display the TA feedback and automated assessment feedback (e.g., Web-
Cat) (Edwards & Perez-Quinones, 2008). Although some systems may support
grade overrides or feedback by TAs, it is critical to ensure the grading mecha-
nisms are transparent to prevent confusion among both educators and students
(Prather et al., 2019).
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2.3.6. Public availability

The limited availability of open-source or freely accessible systems is a concern-
ing and disappointing trend in the field (Gotel et al., 2007). Many research papers
mention the development of prototypes without providing access to the tools, or
those tools are too complex for integration (Rößling et al., 2008; Souza et al.,
2016). Furthermore, teachers are often too busy to take on the challenge of find-
ing such tools, learning them and building their courses and teaching practices
around those tools (Barra et al., 2020). This all makes the reusability and cooper-
ability more difficult and rather encourages different researchers and institutes to
build their own in-house solutions.

2.3.7. Security

Securing the automated assessment process is of critical importance as there is of-
ten actual code execution. There are several approaches for tackling the security
issues. For example, sandboxing tools like Systrace (used in EduComponents)
could be used to provide a secure and controlled environment to prevent poten-
tially malicious or erroneous code from affecting the host machine (Amelung et
al., 2008). Furthermore, Merry (2009) discusses the use of the Linux security
module for sandboxing. Some systems (Chen et al., 2006) are using static analy-
sis, such as regular expressions, to filter out malicious code. Another widespread
approach is to move the grading process to the client-side within students’ com-
puters, as exemplified by Mailing It In (Sant, 2009) and E-Commerce virtual lab-
oratory (Coffman & Weaver, 2010). There is a similar approach where, instead of
running the assessment on students’ hardware, programs are run on a server sep-
arate from the rest of the system (Amelung et al., 2008). In addition to security
features, sandboxing also helps to measure different software metrics as discussed
above by setting hardware limitations on the machines.

2.4. Automated feedback

Delivering instant and suitable feedback is a significant challenge for introductory
programming courses with a growing number of students. Feedback and grades
provide an honest reflection on the students’ learning and progress. Providing
timely and adequate feedback becomes pivotal for students’ academic progress.
The most efficient and direct feedback coupled with assistance is in the form of
face-to-face meetings with instructors (Chickering & Gamson, 2006; Wut & Xu,
2021). Providing such a “service” to hundreds of students coupled with feed-
backing, grading and assessment quickly becomes repetitive and occupies an ir-
rational portion of teachers’ time (Phothilimthana & Sridhara, 2017). Some sort
of automation is recommended in order to alleviate the load of the instructors and
to make the supporting activities more scalable (Falkner et al., 2020). Providing
feedback and grades automatically is an instant and cost-free option for supporting
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students who need assistance (Phothilimthana & Sridhara, 2017). The submitted
programs can fail during the compilation of the code or during the execution of
the program (K. M. Ala-Mutka, 2005). However, running an error-free program
is not enough, since the provided code must also give the correct answer (Paiva
et al., 2022). In all the aforementioned failure points, the student must receive a
corresponding error message and feedback (Sharma et al., 2018). It is important
to note that automated feedback can be provided not only to students but to the
instructors as well (Souza et al., 2016). Feedback can be provided on different
aspects of the solution and in different forms (Messer et al., 2024).

Feedback strategies can be categorized into several types based on their cog-
nitive and functional characteristics, as outlined by Narciss (2008) and Keuning
et al. (2018). To provide structure, the different types of feedback are explored
in the upcoming section. Three of the simpler feedback concepts are described in
the following paragraphs.

Knowledge of Performance (KP). Running an error-free program is not enough,
since the provided code must also give the correct answer (Paiva et al., 2022). KP
feedback reflects on the overall performance level, such as the percentage of tasks
completed correctly. For instance, "You completed 80% of the tasks successfully."

Knowledge of Results/Response (KR). KR focuses on the widely used binary
assessment approach, which categorizes solutions only as correct or incorrect with
nothing in between (Parihar et al., 2017). Such feedback is not optimal as partially
correct solutions should also receive feedback and credits ranging, for instance,
between 0 and 1 points.

Knowledge of Correct Results (KCR). KCR provides the correct solution or a
model response, allowing students to compare their work against an ideal output
(Keuning et al., 2018). For example, in all failure points, the student must receive
a corresponding error message and feedback to understand their errors (Sharma et
al., 2018).
More elaborated feedback concepts combine multiple types of insights and are
detailed in the upcoming paragraphs.

Knowledge about Task Constraints (KTC). KTC offers hints on task require-
ments or rules, helping students align their solutions with given specifications.
Some examples of partial assessment and feedback have been proposed in (Bet-
tini et al., 2004; Ellsworth et al., 2004) where reflection classes that enable calling
methods by their signature are used to assess functions and methods of the solu-
tion in isolation instead of assessing the whole solution together.

Knowledge about Concepts (KC). Provides explanations or illustrative exam-
ples to reinforce understanding of the subject matter. Systems such as ELP (Truong
et al., 2003) assess individual statements of the submitted solution, which helps
learner to understand the individual programming concepts.

Knowledge about Mistakes (KM). Identifies specific errors, such as syntax or
logical issues, with varying levels of detail. It is possible to help students under-
stand errors in their code by pinpointing the errors and showing similar examples
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of faulty and correct code snippets with student-friendly error descriptions and fix
examples as, for example, in the GradeIT system (Parihar et al., 2017). Systems
like HelpMeOut (Hartmann et al., 2010) and TRACER (Ahmed et al., 2018) offer
suggestions for compilation error based on an errors database or by comparing the
faulty submission against error-free versions.

Knowledge about How to Proceed (KH). Suggests next steps or procedural
guidance to rectify errors or progress further. Both students and teachers have
something to gain from highlighting (perhaps even with different colors) the spe-
cific erroneous line and the character of the student’s faulty submission (Dong
& Khandwala, 2019). This way it would be easier for instructors to provide ad-
ditional feedback, if need be, and students would also see right away where the
culprit lies (Hartmann et al., 2010). Clustering submissions with similar features
and providing automated feedback on them is a popular technique. There are both
manual approaches to creating clusters as well as doing it automatically by us-
ing machine learning and program analysis (Head et al., 2017; Piech et al., 2015;
Sharma et al., 2018).

Knowledge about Metacognition (KMC). Encourages reflection on strategies
and processes, fostering self-regulation and independent problem-solving. Ide-
ally, every student should have a personal tutor for constant feedback and support,
but this is recommended for cases where there are few resources available and a
small number of students (Kristiansen et al., 2024). Realistically, for most of the
cases it is not possible due to different limitations. One way to alleviate the prob-
lem is to analyze students during the solving process (Fu et al., 2017). This can be
done for example by gathering log data, on top of which predictive models can be
applied and results generated and displayed on a specific dashboard for teachers
that shows a visual overview of the whole class with an option to see a specific
student in a more detailed view (Diana et al., 2017).

A good learning platform should apply multiple feedback types improve the learn-
ing experience (Narciss, 2008; Keuning et al., 2018). One such example is Code-
cademy, which is an interactive tutorial platform that integrates various feedback
mechanisms (Jeuring et al. 2022). For KR, Codecademy provides instant feed-
back on whether the submitted solution is correct or incorrect. Furthermore, for
KCR, it highlights differences between the learner’s submission and the expected
solution. In order to make them clearer, visual highlights are often used to clar-
ify errors. Additionally, for KM, the platform provides detailed explanations for
compilation errors together with task-related hints to help learners in correcting
their code. Last, but not least, for KTC, static hints are provided for each sub-
goal of the task at hand. These rules are predefined and are not depending on the
learner’s solution, which ensures consistency in the task requirements.

Automated feedback is a pivotal component in IT education, starting from ba-
sic error correction and extending to more complex learning processes. However,
there are still multiple challenges, such as scalability and adaptability, to tackle.
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Future efforts should focus on improving the personalization by, for example, ex-
ploring technologies like machine learning and AI.
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3. CONTEXT OF THE STUDY

Over the past few decades, there has been a remarkable growth of interest in the
Information Technology (IT) specialty, and the University of Tartu is no different
in this sense. The ongoing shortage of IT workforce increases the demand for
the specialty among young individuals. This also means an increased number
of IT enthusiasts enrolling in different IT-related educational institutions, courses
and other forms of education. The University of Tartu is accepting hundreds of
students from different backgrounds annually to take part in the various IT related
courses and curricula. Interestingly, it is not only IT students who are interested
in the courses but also students from various other disciplines. The increasing
number of students enrolling and participating in IT-related coursework brings
more work for the faculty staff as they need to juggle different teaching activities
within multiple courses with an increasing number of students.

In light of the aforementioned perspectives, the present research explores fac-
ulty work processes related to automated assessment and feedback within the
Chair of Programming Languages and Systems (CPLS) at the University of Tartu.
The CPLS at the University of Tartu is responsible for the following courses:
Computer Programming, Object-oriented Programming, Databases, Algorithms
and Data Structures, Automata, Languages and Compilers, among others. A de-
tailed overview of these courses, including enrollment numbers, student demo-
graphics, teaching resources, course content, programming language, is provided
in Appendix A. Unless specified otherwise in Appendix A, all courses are con-
ducted in Estonian. Additionally, most courses follow a traditional grading sys-
tem (A–F). However, two introductory courses — Introduction to Programming
(in Estonian) and Introduction to Programming (in English) — use a pass/fail
grading system instead.

The Virtual Programming Lab (VPL) (Rodríguez-del-Pino, 2012) plugin for
Moodle has been one of the key components in automating many of the processes
in the courses, such as the creation of programming assignments and automated
tests. VPL has also been used in many of the MOOCs hosted by the CPLS. In
addition to Moodle-based automated assessments, there is another system, called
Lahendus, developed within the CPLS, which allows students to view courses,
assignments and grades, and submit their solutions for automated assessment. La-
hendus is also synchronizing data on students and their grades from Moodle.

At the University of Tartu, faculty members can select and manage educational
tools as long as they comply with GDPR and legal regulations. University man-
agement and IT support do not control the adoption of new tools, but instructors
are expected to take full responsibility for their operation. This flexibility has
led to diverse tools being used across courses in CPLS. There are some systems,
such as the university’s official study information system (SIS), that are centrally
regulated and must be used. Additionally, if a system requires licensed software,
funding must be acquired through grants or other institutional resources. IT sup-
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port services are available when faculty members require technical assistance or
when specialized configurations are needed. This decentralized approach enabled
the development and deployment of the automated assessment solutions in this
thesis without requiring institutional approval.

The author’s role in the development and implementation of the automated as-
sessment system was strictly as a technical expert, responsible for the technical
aspects of automation and system maintenance. The author did not teach, co-
teach, or participate in the instructional process, ensuring that their role did not
influence the course outcomes or student performance. This distinction is im-
portant in maintaining the objectivity of the research, as the results were derived
independently of the author’s involvement in teaching-related activities.

The old Automated Assessment system used in Moodle relied on the VPL plu-
gin, which presented several usability and maintenance challenges for instructors.
While a few experienced faculty members managed to use the system effectively,
many IT educators found it too complex to operate efficiently. A significant issue
was the management of automated assessments, which required frequent duplica-
tion of the assessment library code and corresponding assessment code whenever
a new assignment was created. This duplication process introduced a high risk
of errors, as any modifications or fixes needed to be manually updated across
all exercises, making maintenance cumbersome and inefficient. Additionally, in-
structors often relied on trial and error to configure assessments, leading to incon-
sistencies and inefficiencies in the grading process. Many adjustments were made
by adding quick fixes (hacks) to existing codebases. This resulted in fragmented,
non-standardized solutions with no backward compatibility. Moreover, the system
lacked version control or history tracking, making it difficult to monitor changes,
roll back to previous versions, or collaborate effectively on assessment improve-
ments. These limitations significantly hindered the scalability and maintainability
of the system, ultimately reducing its usability for a broader range of instructors.

The CPLS at the University of Tartu has been organizing introductory pro-
gramming MOOCs since 2014 (Lepp, Luik, Palts, Papli, Suviste, Säde, & Tõnis-
son, 2017). A detailed overview of these MOOCs and their content can be found
in Appendix B. This thesis primarily focuses on the 8-week course Introduction to
Programming, conducted in Estonian, which was designed mainly for adults with
little to no programming experience and diverse motivations (Luik et al., 2018).
The course uses both self- and automated assessment (Lepp, Luik, Palts, Papli, Su-
viste, Säde, Hollo, et al., 2017). The participants can get automated feedback via
different channels such as self-assessment questions and automatic “troubleshoot-
ers” that answer the most common questions. In addition, automated assessment
is performed on Moodle quizzes and on programming tasks (Lepp et al., 2018).

Both, the regular and graphical assignments and automated assessments are
hosted in Moodle and assessments are created with the Moodle’s VPL plugin.
VPL allows users to define test cases for each task. Some test cases are, for
example, comparing input to the expected program output with the possibility to
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provide feedback messages for different outcomes of the test. When a student
submits a solution of a specific task to Moodle, the submission is sent to the
VPL execution server that is hosted on one of the university’s virtual machines.
Every time a submission is sent, a temporary sandbox within the virtual machine
is created to ensure the security of the system (Karvandi et al., 2022).
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4. FACULTY INSIGHTS ON AUTOMATED
ASSESSMENT AND FEEDBACK

This chapter addresses the following research questions: RQ.1.1: “Which of the
faculty work processes related to assessment could be automated according to the
opinions of the teaching staff?” and RQ.1.2: “How does the faculty staff describe
and characterize effective automated feedback?”. The chapter relies on Publica-
tion I which describes the results gathered through interviews conducted in the
University of Tartu regarding the automation of assessment and feedback in the
IT educational setting from the teaching staff perspective. The theme of the inter-
views and interview questions were conceived with a view of getting answers to
the research questions. The chapter gives a thorough overview of the contribution
in order to understand the current challenges and possibilities for improvement
associated with automated assessment and feedback.

4.1. Data collection and sample

For data collection, a qualitative approach was chosen in the form of mini-group
interviews. The selection of the mini-group format was based on the recommen-
dation from (Anderson, 1990), as it allows to explore and share the automation
topic in great detail and depth. As the interviewees had valuable experiences to
share, interviewing them in small groups made sure that everyone had a chance to
speak up and contribute, unlike in larger groups where potentially some individu-
als might steal the show and others’ opinions might get overlooked or discarded.

The interviewees for the interviews were chosen from within the Chair of Pro-
gramming Languages and Systems. The selection was based on their prior experi-
ence with automation and first-hand experience with teaching IT-related courses.
Table 1 provides an overview of the interviewees, more specifically their respec-
tive roles in the faculty, their genders (M = male, F = female), and their ages
(the second number in parentheses). The interviews were carried out in Decem-
ber 2019. The interviewees were grouped based on the time they preferred to be
interviewed, while also trying to match up the most compatible individuals.

The goal orientation of the interviews relied heavily on the research questions
because that sets the focus for the research. Therefore, the interview questions
(Appendix C) were formulated based on the research questions. The questions
could be split into five different types defined by Krueger (1994) as follows: open-
ing, introductory, key, transition, and closing questions. After the opening part of
the interview, the interviewees were asked two introductory questions regarding
some of the more common and routine activities they have to perform in their
teaching roles and a reflection on their prior experience with automation if any.
After the introductory questions, four key questions were asked to pinpoint spe-
cific work processes that should be automated for teachers and students. The last
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Table 1. People who took part in the interviews and contributed to the research (with age
and years of teaching experience).

Interview no. Interviewees
1. Teaching Assistant (F1, 33, 8)

Associate Professor (F2, 68, 25)
2. Teaching Assistant (M1, 34, 6)

Lecturer (M2, 60, 26)
Teaching Assistant (F1, 42, 1)

3. Lecturer (M1, 67, 18)
Teaching Assistant (F1, 35, 7)
Research Fellow (M2, 34, 5)

4. Professor (M1, 51, 25)
Lecturer (M2, 45, 17)

5. Lecturer (F1, 33, 9)
Associate Professor (M1, 70, 46)

6. Associate Professor (F1, 52, 18)
Associate Professor (F2, 39, 15)

7. Lecturer (M1, 43, 18)
8. Teaching Assistant (M1, 26, 1)

Associate Professor (M2, 39, 6)

two key questions invited the interviewees to envision an ideal study process and
to forecast possible future trends in automation without any limitations. The inter-
view concluded with a question about the interviewees’ idea of their own potential
roles in making the future vision possible.

In total 8 interviews were conducted, including a pilot interview that kicked off
the interviewing process. The pilot session is important as it was used for validat-
ing the overall processes, timing, questions, interview format, etc. After the pilot
interview the questions were polished wherever needed, for example, if they were
not clear enough, required additional explanation or even follow-up questions if
the interviewees were not able to provide a reasonable answer within reasonable
time. The pilot interview lasted approximately 78 minutes and had two intervie-
wees. Notably, the results gathered from the pilot session were also included in
the analysis and results. All the interviews were conducted by two persons and the
roles were split as follows: one of the persons was responsible for leading the in-
terviews, which involved doing the introduction, asking questions and follow-up
questions, keeping the discussion flowing, and also summarizing and concluding
the interviews. The other person was more in a supportive role, taking care of
summarizing the key points, jumping in whenever needed, and keeping an eye on
the overall flow of the interview together with the timing and interview structure.
Before the actual interview, an introductory part was carried out in which the for-
mat and objectives were presented. At the same time, a consent for recording was
obtained from each of the interviewees while informing them that those record-
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ings will not be published and that their anonymity is ensured. The recordings
were used solely for getting all the details of the interviews by later transcribing
them. Furthermore, the interviewees were assured that their ideas would not be
used against them and that offering ideas and providing solutions would not make
them responsible or obligated to implement any of the suggestions. The average
length of the recordings was around 71 minutes, which is fairly similar to the pilot
interview that gave the general impression. All the recordings were transcribed by
the thesis author word-by-word, without including filler words (e.g. "um", "uh")
repetitions, and irrelevant noises to produce a polished text. Non-verbal expres-
sions including (long) pauses, laughter, sighs or anything else were not included
in the text. In transcriptions, speakers were labeled in the following format to
differentiate between multiple speakers: "Interviewer 1:" and "Interviewee 2:".
Although, there were only a few such cases, standard language was selected in
order to prioritize readability and clarity meaning that any non-standard speech or
words get transcribed into standard language. There were no timestamps in the
transcriptions that would indicate the time of any given sentence. The shortest
interview had 2941 words, and the longest one had 5737 words while in total all
the transcripts added up to 29962 words.

4.2. Data analysis

An inductive content analysis approach was chosen in order to demystify and
make sense of the qualitative data (Elo & Kyngäs, 2008). The input for the analy-
sis were the transcripts from all the eight mini-group interviews. The phenomenon
under investigation was a perfect fit for inductive content analysis in which, ide-
ally, the subject matter has not been studied before or there are no conclusive
results (Elo & Kyngäs, 2008). The transcripts were read through multiple times
in order to be familiar with the data and have all the context as guided by Elo
and Kyngäs (2008). After familiarizing with the data, the analysis process took
place consisting of open coding, category creation, and abstraction. The analysis
was done based on the research questions as suggested by Mayring (2000), which
helps to go in-depth in the data due to the fact that the transcripts get analyzed
multiple times from different angles (research questions).

QCAmap11, a web-based tool, was used for category formulation and coding,
with researches guiding the process and the tool facilitating the technical exe-
cution. The distinction between human actions and the tool’s accomplishments
in QCAmap lies in their respective roles in the transcription analysis process.
Researchers drive the analytical decisions by first uploading transcription(s) into
the tool, highlighting relevant passages, and tagging them with appropriate codes
based on their judgment and research objectives. They also define the categories
for organizing the generated codes. The codes can then be organized via drag-

11https://www.qcamap.org/ui/en/home
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and-drop functionality in QCAMap by moving the codes into their respective
categories as the researchers see suitable. Additionally, human interpretation is
essential for deriving insights and conclusions from the coded and categorized
data. QCAmap serves as a facilitator and technical enabler by providing an in-
terface for coding and categorization features. The tool also makes it easier to
compare coding results across multiple coders.

Meaningful coding units were identified in the text as those parts of the text
that conveyed an important overall meaning in the context of the research question
(Elo & Kyngäs, 2008). These units ranged from short phrases to longer ones con-
taining multiple sentences that remained meaningful and understandable on their
own. For example, a shorter coding unit was "useful on large-scale courses", and
a longer one, complaining about the assessment system, stated: "It would be great
if the automated assessment could accept multiple different solutions, because
students might have different ideas on how to solve a specific task. Currently,
however, each task allows for only one specific solution approach." The context
unit for this analysis was the paragraph or sentence surrounding the respective
coding unit.

The analysis yielded a total of 38 codes describing automated assessment
(RQ.1.1) and 28 codes connected to automated feedback (RQ.1.2). The formation
of the categories and subcategories for RQ.1.1 based on the codes can be seen on
the Figure 1. Similarly, the relationships between categories, subcategories, and
codes for RQ.1.2 are displayed on the Figure 2. After the initial coding phase, the
next stage of the qualitative inductive content analysis involved grouping codes
into categories and subcategories based on similarities in the content. This catego-
rization was conducted by three different individuals in order to ensure a general
understanding of the data and categories.

The first part of the coding was carried out in iterations solely by the author
to establish internal consistency before involving a second rater. The coding was
conducted on the entire dataset, meaning that the rater independently coded 100%
of the interviews. After generating the first set of codes, the coding was repeated
after a couple of months to identify discrepancies, potential new codes, and possi-
bly irrelevant codes. This iterative process helped refine and stabilize the coding
framework. The first iteration resulted in intra-rater reliability score of 70%. After
the first iteration, another one was carried out, which concluded with an intra-rater
reliability score of 85%. Such an iterative process ensures and increases reliability
of the research. To further enhance reliability, another researcher independently
coded the entire dataset after the author had completed the initial process. Initial
inter-rater reliability was calculated at roughly 50%, which indicates significant
differences between the raters. To resolve the differences, the codes were merged
and unified through discussion until a common understanding was reached. After
the harmonization, both researchers re-applied the codes independently which re-
sulted in an improved inter-rater reliability of approximately 78%, which shows
substantial agreement (Shweta, Bajpai, & Chaturvedi, 2015). Inter-rater reliabil-
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ity was measured using the percentage agreement method, which determines the
ratio of coding decisions where both raters reached a consensus (Gisev, Bell, &
Chen, 2013).

4.3. Results and discussion

The following chapter describes and interprets the data gathered from the inter-
views. The aim is to understand which assessment processes could be automated
and how effective automated feedback should look like from the faculty staff per-
spective. The discussion covers the different major topics and subtopics that
became evident from the interviews. This analysis helps to identify the current
challenges, benefits and potential improvements in the automated assessment and
feedback from the teaching staff’s point of view. Some quotations from the inter-
views are presented in the text, in which the parentheses after the quote specify
the interview number together with the interviewee identification.

4.3.1. Regarding automated assessment

For automated assessment, the results from the analysis provided five main cat-
egories: Improvements of automated assessment, Use of automated assessment,
Negative effect on students, Instructor-related topics, and Technical concerns (Fig-
ure 1). Some categories consists of subcategories providing more detailed and
specific aspects of automated assessment. The definitions and anchor examples
for the categories are presented in Appendix D.1 providing further clarification
and illustrative evidence for each category. “Improvements of automated assess-
ment” are focusing on how to improve the system by adding functionalities and
considering more use cases. The “Use of automated assessment” category high-
lights different scenarios where automated assessment could be applied. Potential
drawbacks of automated assessment are mentioned under “Negative effect on stu-
dents”, however, they are not discussed in depth in this thesis and are described in
more detail in Publication I. Potential benefits for teachers while using automated
assessment are described under the “Instructor-related topics” category. Last but
not least, “Technical concerns” captures the limitations of automated assessment
from a technical perspective. Some categories and subcategories related to auto-
mated assessment are described in the following paragraphs, but only those rele-
vant to this thesis are included here. An exhaustive list can be found in Publication
I.

Use of automated assessment.
Cases for use. The interviewees said that automated assessment is particularly

useful in cases with a lot of students since it is highly scalable. An example of
such usage would be MOOCs. This point has also been noted in previous research
(Nafa et al., 2023).

The general consensus from the interviews was that a hybrid approach is the
most ideal since it incorporates both automated assessment and human involve-
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Figure 1. Categories, subcategories, and corresponding codes used for the formulation of
automated assessment concepts.
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ment. More specifically, it was suggested to use automated assessment for as-
signments that students perform at home so they can receive instant feedback.
According to the interviewees, the key is to find a proper balance between au-
tomation and human interactions.

This automated check does help, but the human dimension is crucial.
But the truth is likely somewhere in between. (2.M1)

Task-related topics. The interviewees acknowledged the challenges of auto-
matically assessing creative (graphical) assignments, but it is possible for some
cases, for example, using JEWL to automatically assess GUI programs (English,
2004). The interviewees emphasized the necessity of assignments such as cre-
ating screen recordings and writing essays or texts with discussion. They also
noted that students enjoy writing, but these tasks are time-consuming to assess
manually, and it seems that automation does not provide a solution, either.

Furthermore, we have a task where screen videos need to be created.
While each of them lasts only a couple of minutes, it takes a lot of
time to review all of them in detail. If this process could be automated
somehow, it would certainly be convenient. (6.F1)

Instructor-related topics. Unfortunately, automated assessment currently comes
with significant challenges. The interviews revealed that creating and maintaining
automated assessments is a very complex and time-consuming process. More-
over, only a few individuals in the CPLS at the University of Tartu have the nec-
essary skills and knowledge. The existing system is fragile and lacks proper doc-
umentation. Many interviewees emphasized the critical importance of creating
a user-friendly interface or simplifying the process of creation and maintenance
of automated assessments for the department. This issue is not unique to our in-
stitution and despite many skilled researchers working on automated assessment
systems, most of them are designed for internal use and lack standardization and
collaboration (Ala-Mutka, 2005; Paiva et al., 2022).

In addition, my thinking is that creation of automated checks could
be simplified or perhaps improved somehow. So that it would be easy
to create them and that I would not need to contact someone else
whenever I need to change them. (2.F1)

There seems to be a general consensus among the interviewees in the sense
that automated assessment saves teachers’ time, hence allowing them to focus on
other aspects of teaching. However, teachers still tend to manually check the au-
tomated assessment results from time to time, indicating a trust issue in relation to
automation. Some interviewees noted that if the output of automated assessment
was a negative result, they would manually go over the results to make sure that
the student did not lose any potential points. Ala-Mutka et al. (2004) have also
noted that using automated assessment pressures instructors to thoroughly analyze
and justify each assignment and test case.
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Even when the test shows that everything is ok, I personally tend to
make some random double checks. Did it really work how it was
supposed to, did the student perhaps not invent something, which the
automated check was unable to detect? (3.F1)

Improvements of automated assessment. Although partial assessment of solu-
tions is possible (Bettini et al., 2004; Ellsworth et al., 2004; Truong et al., 2003),
the interviewees noted that the automated assessment system used in the CPLS is
capable of providing only binary assessment, i.e., whether the solution was right
or wrong. Such an all or nothing approach has its limitations and does not provide
an accurate picture of students’ performance. Many interviewees suggested as-
sessing different components of an assignment separately and in different stages
in order to support non-binary grading that would reflect students’ knowledge
more accurately.

Another helpful option could be, perhaps, splitting assignments into
smaller parts. This would give us timely information not only on
a single programming assignment but also on a specific part of the
assignment. (5.M1)

Technical concerns. The interviewees expressed concerns regarding automated
assessment often being too tightly connected to the assignment related to it, which
can cause limitations on the assignment. This means that making minor tweaks or
changes in the assignment forces updates also to the automated assessment sys-
tem. Additionally, for some instances, an assignment can have multiple correct
solutions, but the automated assessment system may accept only one specific an-
swer. For example, a programming assignment might expect a dictionary as a so-
lution but should not force the dictionary keys to be in a specific order. Moreover,
in some cases, the automated assessment system requires files to have specific
names, and any submission with a different name can result in a score of zero
points for the solution.

It would be nice if automated checks could accept a range of different
solutions, because students tend to have different visions and ideas
about how a particular task should be solved. At the moment, there
is, in principle, only one course of solution envisaged for each task.
(6.F2)

The interviewees noted that one the worst scenarios is when the automated
assessment system accepts a faulty submission or when students somehow man-
age to cheat the system in a way that they would receive points for submitting an
incorrect solution.

With automated checks, it sometimes happens that they need some
kind of fix, and a resourceful student is able to make a type of mistake
that is not expected in automated assessment. (3.M1)
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Figure 2. Categories, subcategories, and corresponding codes used for the formulation of
automated feedback concepts.

4.3.2. Regarding automated feedback

The results from the qualitative inductive content analysis provided three main
categories for automated feedback: Feedback for both (students and teachers),
Feedback for teachers, and Feedback for students (Figure 2). Each category con-
sists of multiple subcategories providing more detailed and specific aspects of
automated feedback. The scheme shows clearly that the highest number of sub-
categories emerged about the feedback related to the students and the common
feedback has the least number of subcategories. Such a distribution makes sense,
since students are the main focus in educational processes, requiring the feedback
received by them to be as detailed and optimal as possible. The definitions and an-
chor examples for the categories are presented in Appendix D.2 providing further
clarification and illustrative evidence for each category. A few topics that are rel-
evant for this thesis regarding students are provided in the following paragraphs.
A more detailed overview with all the topics can be found in Publication I.

Feedback on the points awarded is often provided by the automated assessment
system in a binary format meaning that the submission is reported as being either
correct or incorrect. As per the interviews, this type of feedback is not very helpful
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for students, since the solution can be partially correct and such a solution would
receive at least a few points from instructors if assessed manually. Many intervie-
wees recommended a non-binary assessment approach for automated feedback,
in which even partially correct solutions would still receive some points for the
parts of the assignment that are correct.

And also, that it would not simply pass or fail. That there would be
points in between, for instance, 0.5 or 0.7. (6.F2)

The interviewees suggested that, if possible, the feedback provided to the stu-
dents should be as close to natural language as possible to make it similar to the
feedback provided by the instructors. This means that the error messages should
be detailed to provide students with as much support as possible in order for them
to be able to understand why their solution is wrong and how to improve on it.
Many interviewees noted that the students often do not understand why their so-
lution failed the automated assessment or what is incorrect in their solution. The
previously developed system GradeIT (Parihar et al., 2017) addresses the same is-
sue by providing examples of both correct and incorrect code snippets along with
modified error descriptions.

But the more intelligent the feedback systems we created, the better
the feedback provided. When we look at the thousands of solutions
and the feedback given in response to them, we can hopefully find a
way to use them to synthesize feedback, based on machine learning.
(4.M1)

4.3.3. Recommendations for improving the current system

The interviews yielded several noteworthy findings regarding automated assess-
ment and feedback. The ideas discussed above were compiled and illustrated in
the following schema (Figure 3), which outlines the current automated assessment
system together with its potential improvements and additions suggested by the
interviewees. Those improvements are marked down next to the rectangular boxes
in free form text.

First, generating assignments dynamically could reduce the risk of plagiarism,
as each student would receive a unique variation of the assignment. In terms of
automated assessment, the system should be able to evaluate different parts of
a solution in isolation rather than using a binary approach (correct/wrong). Log
data from students’ solving processes could also be used to determine whether a
student completed the assignment independently and to identify the most difficult
parts where students tend to get stuck. Simplifying the process of creating and
maintaining automated assessments is essential, and a more user-friendly inter-
face would reduce the technical knowledge required from instructors. Addition-
ally, running a plagiarism detection system automatically after students submit
their solutions would help identify suspicious similarities and alert instructors ac-
cordingly. Error feedback should be improved by, for example, showing the exact
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Figure 3. The schema of the automated assessment system used in the University of
Tartu, with possible additions and improvements.

faulty line that caused the error and providing student-friendly explanations along
with step-by-step solutions. The system should also detect and highlight issues re-
lated to code complexity, such as inefficient coding style, unnecessary lines, and
poor variable usage, to encourage better programming practices. Various feed-
back tools for teachers should be developed, including dashboards that provide
an overview of student progress, highlight struggling students, and track submis-
sion patterns. Furthermore, submission limit alerts could notify instructors when
students submit tasks excessively, indicating a potential need for additional sup-
port. Finally, both students and teachers would benefit from cumulative feedback
tracking, allowing them to review past assessments and feedback while monitor-
ing their progress over time.

These insights are pivotal for identifying potential areas of improvement in
the realm of automated assessment and feedback, contributing to the teaching and
learning processes and academic experiences for both students and instructors.
Overall, the interviews provided valuable insights into the current state of auto-
mated assessment in educational settings and offered actionable recommendations
for improving these systems.
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5. AUTOMATICALLY ASSESSING PROGRAMMING
TASKS WITH GRAPHICAL OUTPUT

The following chapter focuses on the following research questions: RQ.2.1: “How
can image recognition be used in order to automatically assess programming tasks
with graphical output or visual representations?” and RQ.2.2: “How do course
participants perceive the performance of the automated assessment of program-
ming tasks with graphical output?”. The research questions are answered and
dealt with in Publication II, which proposed a solution capable of automatically
assessing programming tasks with graphical output using image recognition. In
this chapter we analyze the possibilities and challenges of automatically assess-
ing the programming tasks that have graphical output, graphical representation or
GUI elements. The chapter describes the implementation and provides insights
and results gathered from the participants.

5.1. Graphical assignments

The weekly assignments in the course typically consist of four tasks and a quiz.
The graphics-related tasks were introduced in the fourth week. Participants could
choose an object they wished to draw programmatically, such as a flag, a traffic
sign, or a house. Importantly, at least one of the tasks had to be submitted and
passed in order to pass the course. Python’s Tkinter library was used to program
the graphical objects. One modification, introduced after the previous year’s ver-
sion of the course, was an additional task where participants could draw a freely
chosen image simply by including a keyword for describing the object in Estonian
language within their solution programs.

The first graphics-related task was to write code that would result in a graphi-
cal output containing a flag of an Estonian rural municipality (Appendix E). The
passing criteria required that the flag needed to consist of at least three different
colors or have an interesting shape (Figure 4). It was recommended to choose a
cyclic flag (for example, waves on the flag) in order to use looping constructs in
the solution code.

The second task was to draw a traffic sign. For this task there were no re-
strictions or limiting constraints, meaning that the participants could choose any
traffic sign they wanted (Figure 5). However, it was still suggested to choose a
cyclic traffic sign in order to incorporate looping constructs in the code.

The third task required drawing a house (Figure 6). There were multiple con-
straints on this topic. Firstly, the house had to contain at least three different
elements such as a door, a window, a roof, or a chimney. Secondly, the house had
to include at least three different colors. There were no restrictions on choosing
the elements or colors.

Manually assessing over 1200 programming tasks with graphical output high-
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Figure 4. Two participants’ solutions to the flag task.

Figure 5. Two participants’ solutions to the traffic sign task.
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Figure 6. Two participants’ solutions to the house task.

lighted the inefficiencies and challenges in the current process. Some of the chal-
lenges included bearing with very slow and congested Moodle forum threads for
submissions and providing accurate and timely feedback. Automating the assess-
ment became a necessary improvement.

5.2. Development process

Manually assessing tasks that involve graphical output is time-consuming, be-
cause in addition to the code, the generated output must be evaluated. In order to
alleviate the workload from manually checking the graphical output, there are sev-
eral image recognition service providers such as Clarifai12, Google Cloud Vision
API13, and Imagga14, to name a few.

The development of the new system followed these key steps (Muuli et al.,
2017):

1. Analysis of the previous means of assessment.
2. Collection of the previous submissions.
3. Analysis of the image recognition service providers.
4. Implementation of the new system.
5. Testing of the new system on the previous submissions.

5.2.1. Analysis of the previous means of assessment

At first, the system for uploading the solutions and assessing them was analyzed.
In the first course, there was a specific forum in which students had to upload
their solutions into a dedicated forum created for it. It became evident that such
a way was not sustainable for many reasons. First of all, there were more than
1200 solutions that had to be assessed manually. In case of faulty submissions,
such as images submitted instead of the solution code or the code not working

12https://www.clarifai.com
13https://cloud.google.com/vision
14https://imagga.com
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as expected, the author was informed about it. Furthermore, since the forum was
accessible to all the participants of the course, everybody could see each other’s
work and not everyone actually wanted to share their code or artwork. In addition,
the forum became very slow after hundreds of solutions had been uploaded.

5.2.2. Collection of the previous submissions

Since the first course had more than 1200 solutions it was reasonable to use these
solutions as test data for the new system. A specific script was generated that
downloaded all the solutions, including both the solution code and generated im-
ages if they were uploaded. If an image was not uploaded, it was generated from
the student’s code if the code worked as expected. The high number of sample
codes and generated images was ideal for validating the stability and reliability of
the new system in the later stages.

5.2.3. Analysis of the image recognition service providers

As opposed to regular novice programming tasks, in which the output of the so-
lution code can be matched with the expected solution, the tasks with graphical
output also require assessment of the generated graphical output. Since there is
already a variety of services with the functionality of image recognition, a service
provider capable of recognizing objects from provided images had to be chosen.
There are multiple such service providers available on the market, such as Clari-
fai, Google Cloud Vision API, and Imagga, to name a few. In order to be selected,
a service provider had to meet various criteria such as service speed, pricing, cus-
tomer support availability, documentation, and capability to provide image recog-
nition based on keyword. Clarifai was chosen as the suitable candidate since it
was able to handle the necessary load when it was tested on previous year’s so-
lutions. Clarifai is known for its visual recognition capabilities since winning the
ImageNet 2013 competition (Russakovsky et al., 2015). Furthermore, its free tier
consisting of 5000 requests compared to 1000 for Google Cloud Vision did fit
the course’s requirements. Even though the customer support was unstable and,
at times, misleading, they were able to provide valuable insights into their prod-
uct together with the documentation in the end. Perhaps most importantly, it was
possible to provide the image recognition API with keyword for finding specific
objects in the presented image. Such functionality was not supported by the other
service providers that were considered.

5.2.4. Implementation of the new system

The task’s description says that the students have to use a Python library called
Tkinter for creating the graphical output. As the first step, the submitted code is
verified using Python’s abstract syntax trees (AST) statically without executing
the code (Hovemeyer et al., 2016). After verifying the correctness of the code, the
submitted file is renamed in order to remove any special characters from the file
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name that could cause issues. In order to generate the graphical output of the code,
it has to be executed on a virtual machine. Since the Tkinter library requires a dis-
play and there is no real display on a virtual machine, it is simulated by installing
a virtual display server called Xvfb15 (X virtual framebuffer) that performs the
graphical operations in virtual memory without showing screen output.

The students have to create programs with graphical output that is being dis-
played on the screen, but for automatically assessing the output, it also needs to
be stored on the hard drive. In order to save the image, the submitted code is
modified by injecting additional code that generates a PostScript (.ps) file. The
PostScript file is then converted into a more common image format, .JPG, using a
specific software program called GhostScript16. The GhostScript program is also
installed in the virtual machine. After this process the final image is ready to be
analyzed for finding specific objects.

The service responsible for recognizing objects in the image created from the
submitted code is Clarifai. Clarifai’s image recognition service is accessed via its
API. The image created from the submitted code is sent to the API together with
a keyword that describes the object that needs to be recognized in the image. For
example, in the case of the assignment where a student needs to draw a traffic
sign, the keyword “traffic sign” is sent to the API together with the generated
image. The API expects a JSON payload containing the image, which is first
encoded in base64, and also the keyword describing the object to be recognized.
The response from the API is also in the JSON format containing a numeric value
of the probability that the required object exists in the image provided. It was
decided that submissions that received a probability score higher than 0.7 (70%
probability) would be marked as “passed” and the others as “failed”. A simplified
schema of the system describing the process flow can be seen in Figure 7.

The probability threshold that determines the passing and failing of the test
can be easily adjusted if need be. For example, the Clarifai service might be more
accurate on some of the topics than on others. In case of a successful assessment,
students received a message that their test passed. In case of a failure, the student
was informed of their result, also mentioning the probability score that the Clarifai
service scored on their image (Figure 8). The student was then advised to try to
resubmit the solution or wait for manual assessment. The graphical tasks did not
have a limit on the number of submissions, enabling students to improve their
solutions and try different approaches.

In order to let students share their artwork, a special forum was created. The
only rule, to avoid plagiarism, was that one could only see others’ work after they
had posted theirs first. Posting the graphical output of solutions was not manda-
tory for passing the course.

15https://www.x.org/releases/X11R7.6/doc/man/man1/Xvfb.1.xhtml
16https://www.ghostscript.com
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Figure 7. An illustrated and simplified schema of automated assessment for programming
tasks with graphical output.

Figure 8. An example of a solution that did not receive the minimal probability score for
passing the test. It received a probability score of 15.05% out of the minimal 70% to pass
the test.
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After one course, some improvements were added to the course and automated
assessment. The most notable addition was the possibility to automatically assess
programs with graphical output on any topic. For this purpose, a new assignment
called “Drawing on a free topic” was introduced where students could choose
their own topic they wanted to draw on (Appendix F). The only requirement for
this test was that they had to add a single keyword as a Python’s comment on
the first line of their program, stating the topic. What made the solution even
more user-friendly was the possibility to write the keyword in Estonian instead
of English. In addition to this, there were no limitations on the keyword selec-
tion, which meant that the participants could choose any word, including abstract
terms. For example, if a student decided to draw a key, they could add a comment
on the first line, such as “#võti”, which means “key” in Estonian. The system used
Google Translator to translate the keyword into English to pass it on together with
the image to the image recognition service provider Clarifai.

5.3. Research method

The MOOC “Introduction to Programming” (Appendix B) has been running con-
tinuously and the research focuses on three specific periods: March to May 2016
(Run 0), January to March 2017 (Run I), and October to December 2017 (Run II).
Run 0, which had 1770 participants, is relevant for a comparison of manual and
automated assessment. Run I included 1828 participants, out of which 989 (54%)
successfully completed the course, and Run II had 1718 participants, out of which
1036 (60%) successfully completed the course. The results from Run I and Run
II are presented separately due to significant differences between the runs.

The quantitative dominant mixed methods approach was used and therefore
the questionnaires consisted of both closed and open-ended questions. Before the
questionnaire was opened to the MOOC participants, it went through a piloting
process. For the actual MOOC participants, completing the questionnaire was
voluntary and did not affect their course progression. In both runs the question-
naire was administered shortly after the graphics-related tasks. In Run I and Run
II, there were 766 and 915 participants, respectively, who answered the question-
naire.

The questionnaire in Run I included 14 questions, out of which some (Ap-
pendix G) were relevant for this research, and in Run II, there were six relevant
items (Appendix H) in the questionnaire. The closed questions surveyed the par-
ticipants’ opinions regarding the complexity and appeal of graphical tasks. During
Run I, participants had to provide feedback on the "Draw a flag", "Draw a traffic
sign", and "Draw a house" tasks separately. In Run II on the other hand, they
were asked about the most challenging task overall among all the tasks assigned
during the four weeks. Responses were measured on a 5-point Likert scale. Ad-
ditionally, there were two open-ended questions that consisted of comments and
descriptions of advantages and problems related to the general functionality of
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automated assessment for graphical tasks.
For the closed questions, descriptive statistics were used to assess participants’

opinions on the complexity of graphical tasks and the general implementation
of automated assessment. The open-ended answers were qualitatively coded by
the thesis author and another researcher and any differences were thoroughly dis-
cussed between them until a common ground was found. The coding for Run I
resulted in inter-rater reliability score of 88% and for the Run II the inter-rater reli-
ability score was 85% respectively, which shows an acceptable level of agreement
(Shweta, Bajpai, & Chaturvedi, 2015). The inter-rater reliability was measured
using the percentage agreement method, which calculates the proportion of cod-
ing decisions where both raters agreed (Gisev, Bell, & Chen, 2013). The analysis
yielded a total of 20 codes describing Run I (Appendix I) and 23 codes describ-
ing Run II (Appendix J). For both runs, the coding resulted in identification of
four themes: advantages and problems of graphical tasks, and advantages and
problems of automated assessment of graphical assignments. The definitions and
anchor examples for the categories are presented in Appendix D.3 and Appendix
D.4, providing further clarification and illustrative evidence for each category.

In order to capture any false negatives and false positives, all the submissions
from Run I were manually checked by the thesis author. Furthermore, the data
from the system itself provided important insights. Specifically, insights were
gained from analyzing the submissions that were either not automatically assessed
or received a non-passing grade, as these cases helped to identify potential issues
within the automated assessment system. There were 2272 submissions (from
1828 participants) for the graphical tasks that were automatically assessed in Run
I. For Run II, the analysis was performed on the 23 failed automated assessments
out of the 45 drawing tasks with the free topic.

5.4. Results

This section provides the findings from different phases of the system’s evalu-
ation. Results regarding the system’s performance and participants’ opinion on
graphical tasks are provided. Lastly, various challenges such as keyword transla-
tion inaccuracies and keyword database shortages are examined.

5.4.1. Run I

The results show that the tasks with graphical output were moderately challeng-
ing, with an arithmetic mean difficulty rating of 3.4 (Figure 9). Notably, the task
"Draw a flag" was submitted the highest number of times (570 out of 1118) among
the respondents of this question despite almost half of the respondents rating its
difficulty as 4 or 5.

Feedback on the graphical tasks showed that respondents liked the opportunity
to choose the complexity level suitable for them, enjoyed comparing the artwork
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Figure 9. The results on respondents’ perception of the difficulty of the graphical tasks.

generated amongst course members, but found drawing (programming) geomet-
rical objects with coordinates somewhat challenging. Additionally, some respon-
dents noted that they spent way more time on polishing their graphical tasks com-
pared to other assignments. More than half of the respondents (404 out of 766)
found the graphical tasks to be the most interesting out of the 8 tasks assigned in
weeks three and four.

The general implementation of automated assessment for graphical tasks re-
ceived positive feedback. It was rated on a scale from 1 to 5 where 1 means “does
not work at all” and 5 means “works really well”. The average score received for
this was 4.4 out of 5. However, some issues were highlighted, such as situations
where respondents had problems but still passed the assessment somehow, vague
feedback from the automated system, and a lack of understanding about how the
automated assessment works.

The analysis of open-ended questions for automated assessment of graphical
tasks and graphical tasks themselves revealed key advantages and challenges. Au-
tomated assessment received praise for its efficiency, instant feedback, and re-
duced teacher workload. However, false positives, unclear failure reasons, and
incomplete evaluations created issues of reliability, with some participants noting
that they did not understand why their solution failed. Additionally, on some oc-
casions, delayed feedback and penalization of non-standard solutions limited its
effectiveness for complex or creative tasks. On the other hand, graphical tasks of-
fered significant benefits by allowing choosing suitable complexity, encouraging
creativity, and enabling real-time visualization of solutions.

Analysis of data produced by the automated assessment system revealed that
4.6% (104) of submissions contained false negative cases and 0.5% (11) had false
positive grades. Some of the issues were easily mitigated, e.g., by addressing
the threshold value for passing or failing test cases. Others on the other hand
were more complex, such as the image recognition service not being able to find
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the specified objects in the produced image. It is important to note that all the
submissions were double checked manually for validation with specific emphasis
on false positives, false negatives and on any issues that occurred.

Submissions that received a probability score higher than 0.7 were marked
automatically as “passed”. This threshold was chosen after testing the system on
the previous submissions from Run 0 and based on the instructor’s experience.
The chosen passing criterion worked well, since the number of false positives
was low. Although the threshold can be adjusted, it should be done with caution,
because lowering it might increase the number of false positives.

During the first usage of the system (Run I), 28 hours of manual work were
saved. That being said, the development of the system took at least twice the
amount of hours saved. Importantly, the amount of hours saved will increase
significantly with each of the following runs as little to no modifications will be
needed in the system.

5.4.2. Run II

In Run II, the feedback regarding automated assessment was collected differently.
More specifically, the feedback regarding complexity was gathered by asking
about the most difficult task instead of separate ratings for each task. 45% of
the respondents chose graphical tasks as the most complex ones, but the major-
ity (46.1%) thought that the topics related to loops were the most difficult. 335
(36.6%) of the respondents marked the graphical tasks to be the most interesting
ones amongst the tasks in the first four weeks of the course. The performance
of the automated assessment of graphical tasks received very positive feedback
also in Run II (Figure 10). There was also a free text comment section, which re-
sulted in a similar conclusion to Run I. Additional positives from Run II included
students enjoying the high availability of the assessment system and its ability to
provide feedback on how to improve the solution. However, on the negative side,
students pointed out that the system can be slow at times and lacked the capability
to insert an additional image file to the drawing.

A new non-mandatory task for drawing on a free topic was introduced in Run
II. It was tried out by 45 participants and the solutions outputted images on a
variety of topics, including the following: laptop (“sülearvuti”) (Figure 11), ra-
diator (“radiaator”) (Figure 12), car (“auto”), chess (“male”), ruler (“joonlaud”),
cube (“kuubik”), heart (“süda”) and egg (“muna”). Out of the 45 submissions, 22
(48.9%) passed the automated assessment and 23 (51.1%) were assessed manually
for various reasons.

5.5. Challenges

One of the challenges was related to the automated translation of the keyword
from Estonian to English. On some occasions, the keyword was translated inac-
curately in a way that did not fit the context of the image. For example, in Figure
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Figure 10. Respondents’ evaluation of automated assessment of graphical tasks.

Figure 11. An example of a drawing of a laptop. The keyword used for translation was
“#Sülearvuti”.

Figure 12. An example of a drawing of a radiator. The keyword used for translation was
“#Radiaator”.
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Figure 13. An example of a drawing of a gate. The keyword used for translation was
“#Värav”.

Figure 14. An example of a drawing of a spruce. The keyword used for translation was
“#Kuusk”.

13 we can see an image of a gate (“värav” in Estonian), but it was translated as
“gateway”. Such translation caused a very low probability score by the Clari-
fai service, because “gateway” is more often understood as something related to
technology. If the translation would have been for example “fence”, the submis-
sion would have received a high probability score, passing the test. Interestingly,
changing the fence color to brown (instead of red) improved the probability score
significantly for some reason.

Another example can be seen on Figure 14 containing a fir. The keyword used
by the participant was “kuusk” which was automatically translated as “spruce”.
Interestingly, if the translation would have been “fir” the automated assessment
still would not have passed it, but using a more general keyword such as “tree”
would have passed the automated assessment. This leads to a suspicion that using
more general keywords can provide better results than very specific keywords.

There were several keywords that did not have a translation (e.g., “Klaabu”,
a children’s cartoon character) which resulted in a failed automated assessment.
Furthermore, there were some keywords that were not present in the Clarifai’s
image recognition service keyword database, which also resulted in a failed auto-
mated assessment.
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5.6. Conclusion and limitations

Several challenges must be overcome while developing such a system. The first
challenge is identifying the necessary components: selecting suitable image recog-
nition service and keyword translation and figuring out how to get access to var-
ious infrastructure components. The next step is configuring and integrating all
the different components such as Moodle, the university’s virtual machines, the
assessment software, and the external service providers. Throughout this process,
the stability and reliability of the whole system must remain unaffected since the
infrastructure is also used for other services/courses. Also, the system must be
stable and reliable for students to have a good studying experience. Given the
positive feedback from the respondents and the time saved for instructors, the
system will definitely be used in future courses.

There were some limitations on the image recognition service provider’s side
that became evident during the usage of the service. For example, the API expects
only one keyword per image, although describing the context of the image can
potentially be made easier by giving more keywords. Additionally, the vocabulary
of allowed keywords was not publicly available. This resulted in some of the
drawings not being automatically assessed, since the keyword provided was not
recognized. The only way of knowing which keywords were allowed was through
trial and error. Moreover, if the keyword provided in Estonian resulted in multiple
translations in English, only the last one was used for recognition.
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6. INTEGRATING TEST SPECIFIC LANGUAGE (TSL)
INTO AN AUTOMATED ASSESSMENT SYSTEM

This chapter addresses the following research questions: RQ.3.1: “How can a
system for automated assessment of programming tasks be created in order to
simplify the creation and maintenance processes?”, RQ.3.2: “What impact does
the new system using TSL have on the workload of teaching staff in large-scale
programming courses?”. The research question is answered and dealt with in Pub-
lications III and IV. Contribution 3 discusses the development and implementation
of a system that simplifies the creation and maintenance of automated assessments
for programming tasks by utilizing Test Specific Language (TSL). It also shows
the results and user feedback of the system in practice together with future direc-
tions. The chapter describes in detail the development processes, implementation
and architecture details and concludes with the results from a piloting run as re-
ported by multiple instructors.

6.1. Development process and system design

After the interviews described in Chapter 3 were carried out and analysis per-
formed on top of the transcripts, the outcomes were shared within CPLS work-
shops as had been promised to the interviewees during the interviews. Such a
format ensured transparency among the participants and also increased trust and
interest in the topic. The goal of the workshops was to extract and prioritize ac-
tionable items based on the interview results in regard to the current automated
assessment system (Muuli et al., 2021). As a result, it was concluded that the cre-
ation and maintenance of automated assessments for programming tasks should
be simplified and a new system created for it. The new system should include,
at a minimum, all the functionalities and capabilities currently available in the
previous system. In addition, the new system has to contain some of the major
functionalities that the teaching staff consider essential.

The first step was figuring out and designing the new system based on end-user
preferences. It was concluded that different stakeholders such as teaching staff,
students and potentially others would be using the system. The focus was set from
the teaching staff perspective, though, as the process to be improved was the cre-
ation and maintenance of automated assessments. A process flow describing the
teaching staff process of generating automated assessment descriptions in TSL
via the user interface is depicted in Figure 15. The process starts with the teacher
logging into the Lahendus system and selecting the desired course. The teacher
must then decide whether the goal is to use an existing automated assessment or
creating a new one. If the teacher decides to create a new automated assessment,
they are directed to the page for creating a new automated assessment where they
must fill out a form and confirm the creation. The system will automatically vali-
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date the form for correctness and completeness. If the form is invalid, the teacher
is prompted to fix the errors, which also get highlighted. If the assessment is suc-
cessfully validated, the system generates the TSL file and links to the selected
assignment. If the teacher decides to use an existing assessment, they can select
it from the user interface and it will be added to the selected assignment with-
out any additional steps necessary. Such a process improves the efficiency while
reducing repetition. The diagram was later used as a basis for implementing the
functionalities in the system.

Since there was no unified interface for describing and specifying automated
assessment, it was decided to create a new declarative markup language called
TSL (Test Specific Language). TSL should contain all the required information
that a single automated assessment requires. This information includes inputs
(both to functions and programs, also in the form of files), expected outputs (both
for functions and programs, also in the form of files), passing criteria, and cus-
tomizable messages for test outcomes. Initially TSL was written in XML that
also contained a DTD (Document Type Definition) that described the structure of
TSL in the form of elements and attributes, their order and nesting structure. After
a little while it became apparent that maintaining, updating and documenting the
XML format is not sustainable, since it is not very user-friendly nor readable. It
was decided to migrate the TSL definitions to YAML format for improved read-
ability and ease of use. In addition to YAML, support for writing TSL in JSON
was also added for technical reasons. More specifically, since the system’s back-
end programming language is Kotlin and we need to generate TSL from the user
interface and vice versa, serialization of TSL is required. That being said, there
was no built-in package in Kotlin that would work out of the box with serializa-
tion the way it was used. The easiest and most logical way to proceed was to use
a functioning built-in Kotlin serializer17 with JSON format, since it has a multi-
platform support, conversion from YAML to JSON was painless, and this way
the user interface and TSL interface could share a large part of the code. Cur-
rently, JSON is used as a default for TSL, but backwards compatibility is kept
with YAML.

The potential end-users (CPLS teaching staff) were also kept nearby through-
out the planning and development process. Weekly meetings were scheduled
where new features were presented and reviewed, bugs were reported, and future
ideas/directions presented. Keeping the end-users in the loop with the develop-
ment process ensured the right direction by letting them shape and validate the
features while keeping the user interface user-friendly and intuitive so that most
of the teaching staff would feel at ease using it.

During the design phase of TSL, considerations were made regarding the test
execution sequence. Initially, it was decided that the creator of TSL would have
the flexibility to choose the order of tests. However, after listening to the feed-

17https://github.com/Kotlin/kotlinx.serialization/blob/master/formats/README.md
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Figure 15. A process flow describing the teaching staff process of generating automated
assessment descriptions in TSL via the user interface.
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Figure 16. Process flow of assessing a submitted solution.

back from the end-users it became apparent that the sequence of tests did not
significantly impact the assessment process. As a result, the option to select the
test order was removed from the user interface, and the order was subsequently
hard-coded to simplify the test creation and reduce room for error. Furthermore,
the initial plan was that no other test would be carried out after a test failure was
encountered. However, this was also modified during the testing phase in a way
that all test cases would execute regardless of the outcomes of previous tests to
provide more transparent and unified evaluation.

Parsing and compiling the TSL file required the development of a TSL parser
and compiler to validate TSL correctness and generate required assessment code
based on the TSL. Additionally, a Python library named Tiivad (“Wings” in En-
glish) was developed that executes the tests described in TSL and provides the
results and feedback.

Once all the system requirements and components had been gathered, the next
task was to integrate all the pieces and think about the actual assessment process
flow in which the student uploads a submission that will get automatically as-
sessed (Figure 16). The user interface was not available in the period when the
development took place, therefore, separate documentation was created that de-
scribed the creation and validation of a TSL file from scratch. This was the only
way that the end-users were able to test out the latest changes and updates and
provide feedback.

The final component of the system to be designed and implemented was the
user interface (UI), as all the aforementioned functionalities and services needed
to be in place beforehand. It was constantly reminded and brought to attention in
the weekly meetings to ensure that the UI was intuitive for most of the teaching
staff in programming courses. Initially, a mock-up was created (Figure 17) using
Figma18, that provided the first look into the UI’s functionality and appearance.

18https://www.figma.com
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Figure 17. User interface mock-up generated with Figma.

6.2. Implementation

This section describes the practical steps taken to implement and integrate all the
components within the automated assessment system. It outlines the core com-
ponents developed within the thesis, including the TSL, user interface, parser,
compiler, and Tiivad assessment library, and explains how they relate and com-
municate to each other in order to create a user-friendly solution. The implemen-
tation focuses on ease of use, scalability, and reliability to ensure that educators
can define and maintain automated assessments in a user-friendly way without too
much complexity.

6.2.1. Supported test types

Dynamic and static tests are widely used assessment types in software develop-
ment. This system follows the same approach and it also includes the capabilities
for testing some of the object-oriented programming (OOP) concepts (K.5). Each
of these types of tests has its benefits and limitations and should be used for spe-
cific purpose. For example, we should not be using OOP tests if there are no OOP
concepts within the assignment or solution.

In the current system, static tests are used for detecting specific characteristics
within the student’s code, such as the presence of loops, try-except blocks, or
function calls (K.3, K.4, K.5).

In the created system, dynamic assessment is done by comparing its results
against predefined expected outcomes. It is used for testing programs, functions
and class instances within the scope of this research. At first, the student’s sub-
mitted program, class, or function is executed, and afterwards different kinds of
analysis are performed on them. For example, it is possible to validate if a spe-
cific function returned an expected value, whether a program generated expected
output such as printing out expected strings, or if the program or function throws
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an exception during runtime.
In order to extend the testing scope with more advanced programming con-

cepts beyond basic programming constructs, OOP specific concepts like class
definition, instantiation, and method invocation are used (K.5). This functionality
was added since some of OOP principles are already included in beginner pro-
gramming courses and automated assessment helps to ensure that students grasp
fundamental OOP principles and their application.

By having the capabilities of assessing automatically both the fundamental
programming concepts and more advanced concepts such as OOP principles, the
assessment framework ensures a broad set of tools to assess students’ program-
ming skills. Combining the static and dynamic approaches in validating program,
function and class behavior it is possible to catch a wide spectrum of issues, from
regular syntax issues to class object initializations and much more.

6.2.2. TSL

TSL (Test Specific Language) is a configuration file written in either JSON or
YAML format. TSL contains everything related to assessing a specific program-
ming assignment at hand. TSL documentation describing all its functionality can
be seen in Appendix K. There can be one or more tests, each consisting of one or
more different checks. End-users can choose between manually creating or alter-
ing a TSL file or letting the system generate it for them based on the selections
made via UI. TSL is currently focused on the Python programming language but
does not set a hard requirement for it. It can be expanded without limitations to
any other language/technology and integrated with any system. It is possible to
utilize TSL with any existing automated assessment system by developing a cus-
tom parser and compiler coupled with an automated assessment backend service
tailored for any specific requirements.

For one exercise, it is currently possible to test 1 to N different aspects of the
code. The TSL file follows a certain structure (Figure 18). In the beginning, the
programming language to be tested is defined together with the TSL version to be
used. In addition, the file names to be tested are defined and a Boolean value that
specifies if some preliminary tests are executed, e.g., testing whether the submitted
file is empty or valid. After that, the different groups of tests have to be defined:
program tests, function tests, or class tests. Each of these groups, in turn, includes
individual tests. An individual test can have its own specific required and optional
parameters. Some required parameters are test type and, for example, function
name in case the test needs to test anything specific to a function. Some optional
parameters are, for example, points weight to be given and messages displayed to
the end user based on the test result.

Benefits of using TSL. The adoption of TSL for automated assessment of pro-
gramming tasks offers multiple advantages over conventional methods such as
manual creation of assessments separately for every assignment. TSL provides
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a concrete structure and syntax for all the different types of automated assess-
ment for programming tasks. Such an approach simplifies the creation of new
automated assessments but also updating and maintaining the existing ones. The
standardized approach brings consistency across all the different assessments. Ev-
ery TSL file must follow a similar structural format, which also makes it easier
to create, understand and maintain a larger number of assessments, since they are
quicker to update and modify.

With TSL, the teaching staff do not need to worry about the underlying tech-
nical details and mechanisms that are actually performing the automated assess-
ment. Instead, they can focus on creating and updating the instruction files that
define what needs to be done and how. Such abstraction helps the teaching staff to
put more effort in the pedagogical aspects of teaching rather than having to worry
about the implementation details, potentially causing frustration.

By having a standardized format, the risk of human error is minimized. Of
course, mistakes can still happen while defining the assessment logic and rules,
but the mistakes that would happen while creating and updating the underlying
implementation are eliminated. This leads to more reliable and robust assessment,
which is important for fair evaluation.

TSL also makes it convenient to reuse assessment definitions across assign-
ments and courses. It is easy to modify and adapt the TSL files for existing or new
assignments, saving valuable time while ensuring the quality of assessment.

Although TSL is currently implemented primarily for Python assignments, it
is designed to be language-agnostic. This means that it can be extended to support
other programming languages in the future. This provides flexibility and scalabil-
ity for different educational environments.

6.2.3. Automated assessment back-end called Tiivad

The actual assessment takes place inside the back-end via a dedicated Python
library called Tiivad19. Tiivad was developed to take care of the automated as-
sessment process. It takes as input the student’s submission and the automated
assessment script generated by the Compiler (see next subchapter). The generated
script calls functions from the Tiivad library that takes care of the actual assess-
ment. It then runs all the tests on the student’s submission, generates feedback on
each of them, and reports back results in a structured JSON format. The output is
retrieved by the Lahendus system and reported back to the end-users (students and
teachers). Tiivad is isolated from the rest of the system for security reasons as the
student’s code is executed and can contain malicious code. The assessment part
is encapsulated inside a Docker container that is operated independently without
accessing other parts of the system.

19https://github.com/emuuli/tsl-tiivad
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Figure 18. A sample TSL file for a program execution test.
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6.2.4. Parser & compiler

A parser20 is used to validate the TSL file for any misconfigurations such as miss-
ing or extra fields and wrong field types. The parser reads in the TSL file as text,
serializes its content and transforms it into a tree structure consisting of differ-
ent test objects specified in TSL. After TSL has been parsed, it is passed on to
the compiler20 that extracts all the objects from the tree and converts them into a
Python script consisting essentially of Tiivad back-end assessment function calls
(Figure 19). For smooth integration of this new functionality into the existing sys-
tem, the Kotlin programming language was used for developing both the parser
and compiler as the existing system, Lahendus, is also developed in it.

6.2.5. System design

All the added/developed components, including TSL parser, TSL compiler, User
Interface, and Docker container with Tiivad back-end, are facilitated in the Lahen-
dus system. In the diagram (Figure 20) it is illustrated how the different compo-
nents of the automated assessment system for programming tasks are structured
and interact with each other.

Teachers can create and modify automated assessments for different program-
ming assignments via the user interface. Once an assessment is created or mod-
ified and saved, a TSL file is generated based on the selections made in the user
interface. The TSL file is saved together with the assignment in the database. Af-
ter the automated assessment is configured and saved, the parser reads in the TSL
file and transforms it into a Kotlin tree object consisting of relevant details of the
assessment. After the intermediate tree object is created, it is fed to the compiler
that transforms it into executable Python code consisting of function calls from
the Tiivad library that take care of assessing the uploaded submission.

Once an assignment has been created together with its automated assessment,
it is ready to be tested and used by the students. Students can upload their solution
to the selected assignment for automated assessment. The student’s submitted
code is sent together with the generated Tiivad assessment code into an isolated
Docker container. Such design ensures that assessment takes place in a secure
and controlled manner and prevents potential security threats. The Tiivad back-
end assessment code is executed in the Docker container, and it performs the
assessment on the submitted solution and returns the results. The results together
with feedback are processed, saved into the database and also returned to the user
interface where they will be available for both students and teachers to view.

This design ensures a secure and reliable automated assessment and provides
nearly instant results and feedback for students while significantly reducing the
workload of the teaching staff. Having the assessment in isolated Docker contain-
ers and the assessment definitions described in TSL improves the maintainability

20https://github.com/kspar/easy
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Figure 19. Actual Tiivad assessment code generated by the compiler based on a previ-
ously parsed TSL file.
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Figure 20. System design scheme showing how different parts of the system communi-
cate with each other.

and scalability of the system. Such a scalable approach can then be utilized in
both regular programming courses and also in the large-scale MOOCs.

6.2.6. User interface

The User Interface (UI) is arguably the most critical component of such a system
as it serves as the primary interface between the end-user and the back-end ser-
vices performing the automated assessment. This means that every detail in the
assessment configuration within the GUI must be thoroughly considered to avoid
incorrectly configured automated assessment resulting in either wrong positives or
wrong negatives. That being said, the UI cannot be too comprehensive as it still
must be intuitive for the end-users meaning that it should be as simple as possi-
ble, but at the same time contain all the necessary details for properly configuring
automated assessment. The UI provides capabilities for creating new automated
assessment suites consisting of one or more dynamic and static test cases (Figure
21).

Users can select and enable any number of specific tests per assignment, with
the option to include the same test multiple times, each with different inputs and
expected outputs for better coverage. Each test can have a different custom points
weight, making it possible to prioritize some tests over others in terms of points
assigned and received. Moreover, different informative messages can be config-
ured, with custom keywords based on test outcome such as failing the test or
passing the test, or even for pre-execution (Figure 22 & Figure 23).
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Figure 21. The UI for creation of a test case for validating a function call.

Figure 22. Sample check in program execution test using a custom keyword in response
messages.
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Figure 23. Result of a program execution test in which the keyword of the response
message has been replaced with the values provided to the check (Figure 22).

6.3. Validation

The system was thoroughly covered with unit tests and in addition to this, it was
validated on real solutions before piloting it on a real course. The idea behind
validating on real solutions was to collect a set of different approaches that can
be used for solving an exercise and to figure out different edge cases that the unit
tests would not cover. In total, around 14400 submissions (both correct and in-
correct) were used among 15 different assignments. All the 15 assignments were
moved to the new system together with their respective automated assessments
that were made compatible with the new system. Such an approach made it pos-
sible to validate and compare the results for the same solutions on both systems.
A simple Python script was created that took care of the comparison. It ran all
the submissions through both the new and old automated assessment systems and
built comparative Excel tables out of the results for each assignment. Such an
approach found several issues in the old system and more than 50 bugs in the new
system that were not discovered by the unit tests.

For example, some specific code structures such as "time.sleep()", "sys.exit()",
and "if name == ’main’:" would disrupt the normal assessment procedure and
cause endless loops and premature termination of assessment. Such issues in a
real course would potentially reduce the benefits gained through automated as-
sessment by causing more misunderstandings and false negative grades. Differ-
ent approaches and solutions to different assignments also caused issues. More
specifically, features like importing a package with an alias and creating lists and
dictionaries via comprehension were overlooked during the implementation of
automated assessment, and any solutions containing these features were not ac-
cepted because the assessment library was unable to handle them. Some issues
were also caused by the differences in editors, operating systems, and file encod-
ings used by students which had not been accounted for before. Moreover, many
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improvements had to be made in TSL, the compiler and the automated assessment
code to address gaps in the necessary functionality for testing.

6.4. Evaluation of the system

The new system has been operational since September 2023 and the first results
were gathered after three months of use, in December 2023. In this short period
of time, it has already been used to create automated assessments for around 115
programming tasks across various introductory programming courses at the Uni-
versity of Tartu. Some of the courses have been Introduction to Programming,
Introduction to Programming II, and Computer Programming. There are already
plans to expand it to more courses. In total, more than 500 individual checks were
created within these first three months of usage.

Creating an automated assessment for a simple task, such as checking whether
a program contains a loop, required writing more than 100 lines of custom as-
sessment code in the old system based on Moodle. Moreover, for each of the
automated assessments, the assessment library had to be attached manually. In
addition, every time there was an improvement or fix in the assessment library,
it had to be updated in each and every assignment separately (in case the fix or
improvement was relevant). As a result, the latest version of an assessment library
is often difficult to locate, after it has spread to multiple branches over time whilst
new assessments were created. The process of creating a new automated assess-
ment for any given programming task could take up to two hours. This time could
easily double if the person was not properly onboarded or lacked the technical
expertise. On the other hand, creating a simple automated assessment in the new
system via the user interface can be done in less than 10 clicks and in a couple of
minutes. Such a great difference in time and complexity shows the effectiveness
and benefits of the new system right away.

Even though the new system for creating and maintaining automated assess-
ments is more user-friendly and saves time, it does not remove all the overhead
from the teaching staff. The key questions on what needs to be tested in which
programming tasks and on designing the test cases remain the same. That being
said, the overhead and complexity of testing is now reduced to selecting options
from the user interface instead of writing custom assessment code, which makes
the whole process less time consuming and tedious. As mentioned before, the
assessment code in the old system was written in Python and the median size of
an automated assessment was 4KB and 117 lines of code (excluding common
modules and assessment library). Implementation and testing for each task took
approximately 1-2 hours on average. In contrast, the creation of similar assess-
ments in TSL via the user interface takes about 5-15 minutes depending on the
amount of test cases. What makes the new system even more powerful is the
fact that no custom validation or testing of the automated assessment has to be
performed since there is little to no room for error in case of making the correct
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and valid selection in the user interface. Analysis reveals that the estimated time
saved by using the new system was approximately 170 hours, based on a compar-
ison of task creation times between the old system (1 to 2 hours per task) and the
new system (5 to 15 minutes per task). Although this calculation provides a rea-
sonable estimate, it is based on user-reported experiences and may not be precise
100%. The actual time savings may vary depending on the complexity of tasks
and individual user workflows.

If a user chooses to write TSL manually (instead of clicking on selections
via UI) in the Lahendus environment, the system has a feature that validates the
correctness of TSL and provides hints in case of malformed TSL, for instance,
required fields missing or unknown fields. This ensures that the manually created
TSL is syntactically correct, and it can only be saved and attached to the task if it is
actually correct. This significantly reduces the time required for testing automated
assessment logic and minimizes the need to use any reference materials or look at
other automated assessments during implementation. At this moment, the biggest
gains can be seen while creating automated assessment for object-oriented pro-
gramming assignments. In the old system, the automated assessment code written
in Python for OOP tasks averaged about 30 KB and 690 lines, because they often
consist of multiple classes containing several fields and methods.

Overall, the implementation of TSL for automated assessment offers a stable and
efficient solution for solving many of the challenges faced by the teaching staff.
TSL is standardized, user-friendly and robust in the sense of error resistance. It
can be a valuable tool for improving the creation and maintenance of automated
assessments for programming tasks.
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7. DISCUSSION

This chapter provides an overview of the discussion of the key findings of this
research based on the research questions. Each of the findings is also discussed in
more detail within their respective Publications I-IV.

The main motivation for this research was the increasing load on the teaching
staff due to growing student enrollments in IT-related courses. Traditional meth-
ods of assessment and feedback are effective, but only for small courses with a
small number of participants. When the number of participants increases, such
manual methods become impractical when applied at scale. The key focus for
this thesis was to explore how automation could address these challenges by im-
proving the efficiency, scalability and reliability of the assessment processes while
making sure that the quality of assessment remains valuable.

7.1. Teaching staff perspectives on assessment and feedback
automation

A crucial aspect of this thesis was the involvement of faculty members through
interviews in order to identify the key challenges they faced in assessment and
feedback (RQ.1.1). These discussions revealed two recurring pain points. Firstly,
there is a large amount of time spent manually grading graphical programming as-
signments due to the lack of automated tools capable of evaluating visual outputs.
The second point is the complexity of creating and maintaining automated assess-
ments using existing tools. The existing tools often required technical knowledge
or a lot of manual configuration, which made them impractical for non-technical
teaching staff. These insights were directly used as a basis for the other two
technical contributions of this research. First is the automated assessment sys-
tem for graphical programming tasks that utilizes image recognition. Second,
the TSL framework simplifies the creation and maintenance of automated assess-
ments. This shows how research can be based on real-world teaching staff needs
rather than purely theoretical considerations.

Furthermore, faculty members provided valuable insights into what types of
feedback are most effective in programming education (RQ.1.2). Across the
interviews, it was clear that students benefit most from error-specific feedback
(knowledge about mistakes, KM) and step-by-step debugging guidance (knowl-
edge about how to proceed, KH). These findings align with research stating that
effective feedback should be actionable and informative rather than simply con-
firming correctness (Narciss, 2008; Keuning et al., 2018). Interestingly, while
many existing automated assessment tools are capable of binary correctness feed-
back (knowledge of results, KR), faculty members expressed concerns that such
simplistic feedback does not support meaningful learning. This aligns with pre-
vious studies (Ala-Mutka et al., 2004; Pieterse, 2013), highlighting that students
require deeper feedback explanations to improve their coding skills. Faculty mem-

80



bers also recognized the value of hints and task-specific guidance (knowledge
about task constraints, KTC). Still, they stressed that these should be used cau-
tiously to prevent relying solely on automated hints.

7.2. Automating the assessment of programming tasks with
graphical output

One of the most urgent issues raised by faculty members during interviews was
the lack of automated assessment for programming tasks with graphical output.
In text-based programming tasks, correctness can be determined through struc-
tured test cases (Paiva et al., 2022). Still, graphical assignments require visual
inspection to determine if the generated graphical output corresponds to the ex-
pectations. This process makes the graphical assignments highly labor-intensive.
Given these challenges, this study examined how image recognition technology
could be leveraged to automatically assess programming tasks with graphical out-
put (RQ.2.1).

Prior research on automated assessment has mostly focused on text-based eval-
uation, with limited exploration of graphical task automation (English, 2004;
Thornton et al., 2008). Since manual grading of graphical outputs is highly time-
consuming and existing solutions are inadequate, a new system was developed
to automate grading by detecting objects in student-generated images using im-
age recognition. Previous research on graphical assessments (Mertz et al., 2008;
Tisha et al., 2023) introduced automated assessment for graphical tasks, but ex-
isting solutions did not fully automate the process of generating graphical output
from student code and assessing it in an educational setting. This study demon-
strates that such an automated assessment system can be implemented, bridging
this gap and enabling scalable assessment of graphical programming tasks.

It was equally important to evaluate the system’s performance and reliability
(RQ.2.2). The system had 4.6% false negatives and 0.5% false positives, mainly
due to object detection errors. The system received a 4.4/5 score from its users
and reduced manual assessment efforts by 28 hours for instructors, which shows
both effectiveness and potential for further improvements. However, challenges
remain, particularly in ensuring that the system is robust enough to handle diverse
graphical representations while maintaining fairness and accuracy. The effective-
ness of the system depends on the quality of image recognition models, which
may struggle with complex or unconventional student solutions. These findings
suggest that while automated graphical assessment represents a significant step
forward, further refinement is needed to ensure that such systems can effectively
balance automation with human oversight.
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7.3. Simplifying the creation and maintenance of automated
assessment with TSL

Another major challenge highlighted by faculty members was the difficulty of set-
ting up automated assessments using existing tools. Many instructors expressed
frustration with the technical complexity required to create and maintain auto-
mated assessments (RQ.3.1). This aligns with prior research on the challenges of
designing automated assessment systems, including considerations for teaching
practices, assessment policies, and platform security (Edwards & Pérez-Quinones,
2008; Skalka et al., 2019). These challenges can discourage teaching staff from
adopting these tools despite their potential benefits. In direct response to these
concerns, this study created the Test Specific Language (TSL) — a standardized,
language-agnostic framework designed to simplify the creation and maintenance
of automated assessments. TSL provides a structured but intuitive approach that
allows educators to define automated assessments without requiring deep pro-
gramming expertise. By lowering technical barriers, TSL makes automated as-
sessment more accessible, especially for instructors without a programming back-
ground. The study’s findings confirm that a structured approach to defining as-
sessments can significantly reduce the load on educators, enabling them to focus
more on pedagogy rather than on technical implementation (RQ.3.2). By mak-
ing the automated assessment creation and maintenance more user-friendly, TSL
represents a step toward making it more practical, sustainable, and scalable in IT
education.

One of the challenges in educational technology is to ensure the long-term sus-
tainability of software tools. Many automated assessment systems are developed
as research projects but fail due to limited maintenance resources, evolving tech-
nologies, and lack of standardization. Haaranen et al. (2023) highlight that many
computing education tools suffer from software decay and often become obsolete
unless they are actively maintained and aligned with long-term institutional goals.
However, the system developed in this research has already been successfully in-
tegrated into the existing Lahendus system, which is used in hundreds of schools
in Estonia. Lahendus has a dedicated development team responsible for ongoing
maintenance, updates, and long-term support to ensure that the system remains
functional and up to date. Furthermore, at the university level, multiple students
are actively working on research projects (bachelor and master’s theses) that con-
tribute to the continued improvement of TSL and related tools. This approach
mitigates the risk of abandonment, ensuring institutional support and community-
driven development.

In conclusion, this study highlights the importance of designing scalable and
effective automated assessment systems that have been designed and built from
the end-users’ perspective. In the future, assessment tools utilizing AI and ma-
chine learning mechanisms for providing feedback can provide personalized, adap-
tive feedback in which the responses evolve based on student progress (Gupta et
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al., 2019; Bhatia et al., 2018). The findings of this research lay a foundation for fu-
ture advancements in automated assessment, with implications for both academia
and the broader educational technology landscape.
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8. CONCLUSION AND IMPLICATIONS

In this chapter, the implications and limitations of this study are presented together
with suggestions for future research. This thesis used a qualitative approach in
the form of mini-group interviews and inductive content analysis in order to cap-
ture the perspectives of the teaching staff regarding automated assessment and
feedback. A system capable of automatically assessing programming tasks with
graphical output was developed in this research and also validated by gathering the
insights and results from the participants. Another system consisting of TSL, its
parser and compiler, assessment library Tiivad, and a user interface that orches-
trates the actions, was implemented within this research in order to standardize
and simplify the creation and maintenance of automated assessments. The results
of the thesis provide valuable insights for educators in educational institutions
to simplify and support the teaching and learning processes such as assessment
and feedbacking. Additionally, the developed systems and insights gathered from
the teaching staff can be used as a framework for future research and development.

8.1. Theoretical implications

The theoretical implications of this research are outlined below.
Understanding teaching staff perspectives on automated assessment sys-

tems. The perspectives of teaching staff were captured in regard to automated as-
sessment systems. The results help to get insights into the benefits and challenges
related to such systems and technologies. The faculty members highlighted mul-
tiple important work processes that could be automated or for which automation
could be improved, such as grading programming assignments. They also sug-
gested that it is crucial to find the right balance between automation and human
interaction, recommending the use of automation for home assignments where in-
stant human feedback is not possible. It was highlighted that automation is more
challenging when it comes to creative assignments and it might be more beneficial
to assess assignments incrementally instead of only comparing the result with the
expected outcome. Different submission strategies and policies were discussed in
regard to forcing students to engage more with the assignment at hand and not
rely too much on automation. One of the concerning outcomes was that there is
currently no easy way to identify struggling students since there are no overview
dashboards or automated notifications indicating who may be struggling.

The role and improvement of automated feedback systems. The opinions
of the teaching staff also emphasized the importance of automated feedback sys-
tems. It was mentioned that automated feedback must be detailed but then again
student-friendly, and it should be able to provide feedback on both the correct
and incorrect solutions. The faculty members indicated that timely and appropri-
ate feedback is crucial for students’ learning and progress. Automated feedback
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should help students understand their mistakes and guide them on how to fix those
errors without telling them the exact correct answer to the solution. It was recom-
mended to improve the automated feedback to make it as close to natural language
as possible, so that it would not scare students away by being too technical and
detailed and would also feel similar to the feedback they receive from the teaching
staff. The faculty members also mentioned that both students and teachers could
benefit if the erroneous spot in the submitted solution would be highlighted in a
different color. In addition, it was suggested that it would be useful and inter-
esting to see the ongoing progress of students in the labs while they are solving
the assignments in order to capture the places where they might need help or get
stuck.

8.2. Practical implications

The practical implications of this research are outlined below.
Developing automated assessment systems to enhance programming edu-

cation. A new system capable of automatically assessing programming assign-
ments with graphical output was developed and tested out on real courses. The
system is using an image recognition service provider, called Clarifai, to recog-
nize objects in the images generated from the submitted solutions. The image
recognition service rates the provided images with a score indicating the proba-
bility that the given object is present in the provided image. The probability score
of 0.7 (70%) is used as the passing threshold, but this can be configured based
on assignment and any specific needs. This system helps to reduce the manual
workload of instructors and is an efficient and scalable solution that can be used
in different courses.

Enhancing assessment reliability and usability through Test Specific Lan-
guage (TSL). Test Specific Language (TSL) was developed to standardize and
simplify the creation and maintenance of automated assessments for program-
ming tasks. In addition to TSL, the following tools were developed to integrate
TSL into an already working solution: A parser that verifies the correctness of
the given TSL file, a compiler that generates executable automated assessment
scripts for the Tiivad library, and a user interface that simplifies the creation of au-
tomated assessments by making it possible to configure the assessments via drop-
downs, checkboxes and text fields. The Tiivad back-end framework takes care
of the actual assessment and feedback within an isolated environment in Docker.
This system simplifies the creation and maintenance of automated assessments
and also reduces the manual workload of the teaching staff significantly. Further-
more, it minimizes the risk of (human) errors and improves the consistency among
different courses and assignments.
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8.3. Limitations

This research has several limitations, which are discussed below.
Scope and generalizability of the study. The interviews conducted in this

study were limited to a single specialty chair at a single university. This poten-
tially reduces the generalizability of the findings regarding automated assessment
and feedback practices for different educational institutions and environments.
Additionally, the study focuses primarily on the perspectives and opinions of the
teaching staff and leaves out the perspectives of the students. Since students have
also a central place in the teaching and learning processes, their insights and ex-
periences with automation could provide valuable information and ideas. Further-
more, the interviews of this research were all carried out in a short and limited
timeframe, which could potentially leave out trends that are relevant in a different
semester or time of the year and might also exclude a long-term vision.

Dependence on a single image-recognition service provider. The automated
assessment for programming tasks with graphical output is currently relying on a
single image-recognition service provider (Clarifai). There are other alternatives
available in the market that could potentially provide better accuracy and more
functionalities. The technology stack has a hard requirement, meaning that the
students have to use the Tkinter library for generating the graphical output, which
might not be applicable in different educational settings.

Limited functionality and language support in Test Specific Language
(TSL). The current implementation of Test Specific Language (TSL) supports
a limited number of tests and checks and only the Python programming language.
Having support for only a single programming language could reduce the appeal
for using TSL in situations where, for example, the course has already been set up
for other technologies. Additionally, TSL has been used and tested within a single
educational environment, Lahendus, which limits the scope and generalizability
of its applicability and usability.

8.4. Suggestions & future research

The following section outlines suggestions for future research and potential im-
provements.

Expanding the study to multiple institutions and student perspectives. Ex-
panding the scope of the study to include multiple institutions and faculties, and
also their students, would provide a wider range of insights into the field of au-
tomated assessment systems. Also, having a broader perspective would help to
capture common areas of focus and also common challenges in different educa-
tional settings. Having such a common ground would also help to solve those
challenges in a more uniformly applicable manner instead of tackling the issues
individually in each institution.

Investigating the impact of automation on teaching and learning. Future
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research could also study and measure the impact of (improved) automation (in-
cluding automated assessment and feedback). It would be interesting to know how
automation affects the teaching methodology from the teachers’ point of view and
how it affects the learning processes from the students’ point of view. Such re-
search could help us find out how much and what kind of influence do these auto-
mated systems have on teaching strategies, engagement, and learning outcomes.
With more information on those aspects, it would be easier to improve the overall
user experience of the systems and also simplify and ease the adoption of such
systems and technologies.

Enhancing automation for programming tasks with graphical output. There
are multiple ways how the automation for programming tasks with graphical out-
put could be researched further and improved. For example, more image recogni-
tion service providers could be analyzed and potentially the previous years’ sub-
missions could be used as input data and training set for the service providers in
order to improve the accuracy. Also, there might be new technologies and func-
tionalities available that could be used in addition to merely recognizing objects
in images, for example, detecting different colors in an image and perhaps even
telling the user what was detected in the image instead of only trying to identify
objects. Furthermore, research could be done on the ways the feedback provided
to the student could be improved above and beyond of only indicating binarily
whether the result was correct or not.

Expanding Test Specific Language (TSL) for broader applicability. Future
research on TSL could focus on improving its adaptability and applicability in
different educational settings. For example, since it currently supports only the
Python programming language, it could be extended to add support for more pro-
gramming languages, which would make TSL more attractive for different courses
and curricula. Furthermore, expanding the list of available tests and checks would
help to cover a wider range of potentially more complex topics, which would re-
duce the load of manual assessment for those topics and make the assessment
more consistent between different courses and assignments.

Exploring the potential of AI in automated assessment and feedback. The
number of use cases and capabilities that Artificial Intelligence (AI) is capable
of solving or assisting in is constantly growing. Different AI technologies and
applications could potentially be used in educational contexts to provide more so-
phisticated and student-specific feedback. AI could analyze different patterns in
students’ submissions and provide more individual suggestions for personalized
learning needs. Future research should investigate and explore the different capa-
bilities and potential of AI in terms of automated assessment and feedback in order
to provide feedback customized for the particular student and the assignment.
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Course
name

Students* Demographics** Teaching
resources***

Course content Language

Computer
Program-
ming
(6 ECTS)

340-523 Computer Sci-
ence, Mathematics,
Mathematical
Statistics, Com-
puter Engineering,
Physics, Chemistry
& Materials Sci-
ence & others

1 × Inst.
max 18 × TA

Algorithms and programs. Representations
of algorithms, flow-charts. Branching algo-
rithms. Loops. Sub-algorithm. Refining algo-
rithms for given text-based problems. Types.
Program structure. Names. Variables. Op-
erations. Expressions. Text output. Boolean
expressions, comparing. Functions - defining,
returning the value, invoking. Conditional
statement. Loop statement. One-dimensional
arrays. Scanning an array. Returning an array.
Nested loops. String processing. String pro-
cessing. Dictionaries. Tuples. Sets. Input and
output. Data exchange with files. Recursion.

Python

Object-
oriented
Program-
ming
(6 ECTS)

241-325 Computer Sci-
ence, Mathematics,
Mathematical
Statistics, Com-
puter Engineering
& others

1 × Inst.
max 12 × TA

Java program, compiling, running Primitive
types. Expressions. Selection. Loops. OOP
paradigm. Objects and classes. Variable
scopes. Eclipse. Static variables. Signature.
Java array. Strings. Textual I/O. Inheritance
and polymorphism. Overriding. Class Ob-
ject. Abstract classes and interfaces. Wrap-
per classes. Interface Comparable. Graph-
ics. JavaFX. Events. Listeners. GUI. Excep-
tions. Streams. Binary I/O. Dynamical data
structures (list, stack, queue). Java data struc-
tures. Collection. Interfaces. List and Map.
Threads.

Java

Program-
ming II
(6 ECTS)

206-309 Computer Sci-
ence, Mathematics,
Mathematical
Statistics & others

1 × Inst.
max 11 × TA

Arrays. Recursion. Strings. Java

Appendix A. SUMMARY OF COURSES UTILIZING
AUTOMATED ASSESSMENT

Table 2. Summary of courses utilizing automated assessment.
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Course
name

Students* Demographics** Teaching
resources***

Course content Language

Databases
(6 ECTS)

231-349 Computer Sci-
ence, Mathematics,
Mathematical
Statistics & others

1 × Inst.
max 14 × TA

The basic concepts of relational databases.
The structure and syntax of SQL. Data de-
scription and modification languages. Sim-
ple queries, filtering, grouping and aggrega-
tion. Views and access restrictions. Data
integrity. Database systems and most com-
mon data models. The theory of database
design in the relational model. Relational
languages, their classification, and languages
used in practice. Query optimization. Spe-
cific questions (data warehouses, data protec-
tion, reliability, etc).

SQL

Algorithms
and Data
Structures
(6 ECTS)

195-276 Computer Science,
Computer Engi-
neering & others

1 × Inst.
max 10 × TA

The concept of data structure. The classi-
cal data structures together with related algo-
rithms: sequences, hash tables, trees, graphs.

Java

Automata,
Languages
and Com-
pilers
(6 ECTS)

125-236 Computer Science
& others

1 × Inst.
max 5 × TA

The course covers introductory topics in com-
piler construction, focusing on regular expres-
sions, context-free grammars, syntax trees
and code generation. Central to this course
is one of the most important concepts in com-
puter science: inductive definitions. Context-
free grammars is a convenient notation for
this. As structural induction is a fundamen-
tal proof method in formal verification, un-
derstanding the inductively defined structure
of computer programs is the first step towards
trustworthy program design. Most exercises
in this course are designed to develop such an
understanding.

Java

Functional
Program-
ming
(6 ECTS)

41-82 Computer Science
& others

1 × Inst.
max 4 × TA

Introduction to a FP language. Basic values
and operations (including lists). Higher or-
der functions. Types and (parametric) poly-
morphism. Lazy evaluation and infinite struc-
tures. Definition of data types. Untyped
lambda calculus. Simply typed lambda cal-
culus. Church’s thesis. Type inference. Com-
binatorial logic. Type classes (ad hoc poly-
morphism). Monads and input/output. Vec-
tors and other dependent types.

Idris
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Course
name

Students* Demographics** Teaching
resources***

Course content Language

Program-
ming in
C++
(6 ECTS)

82-121 Computer Engi-
neering, Computer
Science & others

1 × Inst.
max 6 × TA

Using GNU C/C++ compiler, Make, Doxy-
gen. Best practice in designing C++ applica-
tions. Using the C++ Standard Template Li-
brary.

C++

Introduction
to Program-
ming (in
Estonian)
(3 ECTS)

105-192 Geography, Geol-
ogy & Environ-
mental Technol-
ogy, Science &
Math Teaching,
Information Man-
agement & others

1 × Inst.
max 6 × TA

Algorithms and programs. Representations
of algorithms, flow-charts. Branching algo-
rithms. Loops. Sub-algorithms. Develop-
ing algorithms for given text-based problems.
Program structure. Names. Variables. Op-
erations. Expressions. Boolean expressions,
comparisons. Conditional statements. Loop
statements. Lists. Functions. User input.
Reading from a file. Writing to a file. Sim-
ple user interface.

Python

Introduction
to Program-
ming II (in
Estonian)
(3 ECTS)

28-69 Elective course 1 × Inst.
max 3 × TA

Algorithms and programs. Representations
of algorithms, flow-charts. Branching algo-
rithms. Loops. Sub-algorithm. Refining algo-
rithms for given text-based problems. Num-
ber systems. Bit, byte. Types. Program struc-
ture. Names. Variables. Operations. Ex-
pressions. Text output. Boolean expressions,
comparing. Methods, description, return of
value, invoke. Conditional statement. Loop
statement. One-dimensional arrays. Array
scan. Array return. Nested loops. String
processing. Input and output. Data exchange
with files. Screen graphics. Overview of dif-
ferent programming languages. Main phases
of software development.

Python

Introduction
to Program-
ming (in
English)
(3 ECTS)

128-240 IT Law, Science
& Technology,
Quantitative Econ-
omy, Business
Administration,
Geoinformatics,
Innovation &
Technology Man-
agement & others

1 × Inst.
max 6 × TA

Algorithms and programs. Representations
of algorithms, flow-charts. Branching algo-
rithms. Loops. Sub-algorithms. Develop-
ing algorithms for given text-based problems.
Program structure. Names. Variables. Op-
erations. Expressions. Boolean expressions,
comparisons. Conditional statements. Loop
statements. Lists. Functions. User input.
Reading from a file. Writing to a file. Sim-
ple user interface.

Python
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Course
name

Students* Demographics** Teaching
resources***

Course content Language

Introduction
to Program-
ming II (in
English)
(3 ECTS)

36-100 Elective course 1 × Inst.
max 3 × TA

Algorithms and programs. Representations
of algorithms, flow-charts. Branching algo-
rithms. Loops. Sub-algorithm. Refining algo-
rithms for given text-based problems. Num-
ber systems. Bit, byte. Types. Program struc-
ture. Names. Variables. Operations. Ex-
pressions. Text output. Boolean expressions,
comparing. Methods, description, return of
value, invoke. Conditional statement. Loop
statement. One-dimensional arrays. Array
scan. Array return. Nested loops. String
processing. Input and output. Data exchange
with files. Screen graphics. Overview of dif-
ferent programming languages. Main phases
of software development.

Python

* Number of students varying for the past 5 years.
** Others = Some students who enroll voluntarily. For the rest, it is a mandatory
course.
*** Instr. = Responsible instructor. TA = Teaching assistant.
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Course name Students Demographics Course content Language
About Program-
ming (1 ECTS)

Up to 2247 People with no prior experi-
ence in programming. The
course is designed for individ-
uals of various ages.

Algorithm. Program. Vari-
able. Data types. Conditional
statement. Loop. Function.
Regular expression. Data han-
dling. Reading and writing
files.

Python

Introduction to
Programming
(3 ECTS)

Up to 1770 Learners with little to no
prior experience in program-
ming. Completing the course
"About Programming" is ben-
eficial but can be compensated
with high motivation and en-
thusiastic learning.

Algorithm. Program. Vari-
able. Data types. Conditional
statement. Loop. Function.
Regular expression. Data han-
dling. Reading and writing
files. Lists. User interfaces
and graphics.

Python

Introduction to
Programming II
(3 ECTS)

Up to 1047 The course requires program-
ming knowledge at least at the
level of the "Introduction to
Programming" course.

Two-dimensional lists. Nested
loops. Data structures. Ref-
erencing and mutation. Data
processing with the Pandas
module. Recursion. The
course concludes with a final
project.

Python

Appendix B. SUMMARY OF MOOCS
Table 3. Summary of MOOCs.
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Appendix C. INTERVIEW QUESTIONS ON
AUTOMATION IN TEACHING AND LEARNING

PROCESSES

Introductory questions

These questions aim to explore common routine activities in teaching and the
participants’ prior experience with automation.

1. Are there any routine or repetitive tasks in academic work that could
benefit from automation?

• Are there specific tedious tasks in teaching or administration that you
regularly encounter?

• Could some of these tasks, such as grading, entering grades, or creat-
ing/maintaining automated assessments, be automated?

2. What are your prior experiences with automation in academic work?
• Have you been involved in creating, using, or updating any kind of

automation (assessment)?

Key questions

These questions focus on identifying specific processes that could use automation
for teachers and students.

3. What aspects of the teaching process should be automated to make in-
structors’ work more efficient or effective?

• Are there areas in your subject(s) where automation is most needed?
• How might automation improve the teaching workflow?
• Could automation provide instructors with new capabilities, such as:

– Generating learner profiles?
– Assigning students to groups based on their profiles?
– Providing instructors with guidance or actionable insights?

• Beyond your own courses, what automation opportunities could apply
to other courses or disciplines?

4. What aspects of the student’s learning process could be improved or
streamlined through automation?

• Are there areas in your courses where automation could enhance the
learning process?

• How might automation benefit students’ work and academic perfor-
mance?

• Could automation provide students with capabilities they currently
lack, such as:
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– Personalized feedback?
– Task management tools?

• Beyond your own courses, what automation opportunities could apply
to the broader student experience across different disciplines?

5. What would an ideal teaching and learning process look like?
• What key elements should be part of an ideal educational process?
• What activities should be performed by each stakeholder (instructors,

students, and administrators) at different stages of the learning pro-
cess?

• What should be the role of humans in this process?
• What should be the role of computers or automated systems?
• What are the potential risks in designing such an ideal process?

6. What are your recommendations for the future of automation in teach-
ing and learning?

• In which direction should automated systems, such as automated as-
sessment tools, or general teaching automation, progress?

• What could be the ultimate outcome or goal of such automation ini-
tiatives?

Concluding question

This question focuses on the participants’ personal involvement in shaping the
future vision of automation.

7. What role do you envision for yourself in implementing this vision?
• What are your views on the use of machine learning or artificial intel-

ligence in education?
• Do you foresee a future where machines replace teachers entirely?
• Does this possibility evoke concerns or fears?
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Appendix D. CATEGORIES, DEFINITIONS, AND
ANCHOR EXAMPLES

D.1. Categories, definitions, and anchor examples for
automated assessment

Table 4. Categories, definitions, and anchor examples for automated assessment.
Source: https://osf.io/k8vjy

D.2. Categories, definitions, and anchor examples for
automated feedback

Table 5. Categories, definitions, and anchor examples for automated feedback.
Source: https://osf.io/8m5cq

D.3. Categories, definitions, and anchor examples for Run I

Table 6. Categories, definitions, and anchor examples for Run I.
Source: https://osf.io/ct5am

D.4. Categories, definitions, and anchor examples for Run II

Table 7. Categories, definitions, and anchor examples for Run II.
Source: https://osf.io/udhtn
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Appendix E. PROGRAMMING ASSIGNMENT -
DRAWING A FLAG OF AN ESTONIAN RURAL

MUNICIPALITY

Task description:
Create a Python program that displays a graphical output in a window with a white
background and the title "Flag". The program has to draw the flag of any Estonian
rural municipality of your choice (including at least three colors or contain a more
complex shape).

The flag must include at least three colors or contain a more complex shape. Ev-
eryone makes their own choice. Some quite interesting challenges include the
Narva-Jõesuu, Tartu, or Palamuse flags. It is recommended to choose a flag that
includes repeating or cyclic elements to make use of loops in your solution.

If desired, you may share an image of your program’s output with fellow stu-
dents in the dedicated forum called "Flag, traffic sign, and house designs".

Note: Instructions for capturing a screenshot are provided. If you have been strug-
gling with the task for a long time, you may seek help from the Troubleshooter,
which provides explanations for common issues and useful hints.
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Appendix F. OPTIONAL PROGRAMMING
ASSIGNMENT - DRAWING ON A FREE TOPIC

Task description:
As part of the mandatory assignment this week, students are required to draw a
flag, traffic sign, or house. Many creative solutions have been submitted, and to
assess them, an automated evaluation system is used to determine whether the re-
quired object is present in the image. While this system generally works well, it
is still under development, and there is potential for further improvements.

One area of exploration is testing whether the system can automatically recognize
objects that students define themselves. Therefore, in this optional task, students
are invited to choose their own topic and create a drawing using Python’s Tkinter
module.

The submitted program must include the following element in the first line as
a comment:

• Exactly one Estonian word describing the object in the drawing (as a com-
ment using #).

Note: Students are encouraged to share their images in the forum titled “Drawing
on a free topic - Drawings for other participants”, where they can view and discuss
each other’s work.
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Appendix G. QUESTIONS RELEVANT TO
GRAPHICAL TASKS FROM RUN I

1. Please evaluate the complexity of the week 4 assessment tasks.
• Task 4.1 (Capital Letters)
• Task 4.2a (Estonian Administrative Unit Flag)
• Task 4.2b (Traffic Sign)
• Task 4.2c (House)

Each task had to be evaluated on the following scale:

• 1 - Too easy
• 2
• 3
• 4
• 5 - Too complicated
• Didn’t solve this task

1.1 If desired, please comment on your answer.

2. In this course, we are testing a new automated assessment system for
graphical tasks (flag, traffic sign, and house).
Please rate the functioning of the automated assessment of graphical solu-
tions.

• 1 - Worked very poorly
• 2
• 3
• 4
• 5 - Worked very well

3. Please provide feedback on the automated assessment of graphical so-
lutions. What are its positive and negative aspects?

4. The most interesting topic/task/question was...
Write what you found to be the most interesting from the materials of weeks
three and four.
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Appendix H. QUESTIONS RELEVANT TO
GRAPHICAL TASKS FROM RUN II

1. Which week (1-4) had the most difficult tasks for you?
• Week 1
• Week 2
• Week 3
• Week 4

1.1 If desired, please comment on your answer.

2. Please rate the functioning of the automated assessment of graphical
solutions (flag, traffic sign, and house).

• 1 - Worked very poorly
• 2
• 3
• 4
• 5 - Worked very well

3. Please provide feedback on the automated assessment of graphical so-
lutions. What are its positive and negative aspects?

4. The most interesting topic/task/question was...
When answering, consider all four weeks of the course.
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Appendix I. CODING SCHEME FOR EVALUATING
AUTOMATED ASSESSMENT AND GRAPHICAL

TASKS FOR RUN I

Figure 24. Categories, subcategories, and corresponding codes for evaluating both auto-
mated assessment of programming tasks with graphical output and the tasks themselves
in Run I.
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Appendix J. CODING SCHEME FOR EVALUATING
AUTOMATED ASSESSMENT AND GRAPHICAL

TASKS FOR RUN II

Figure 25. Categories, subcategories, and corresponding codes for evaluating both auto-
mated assessment of programming tasks with graphical output and the tasks themselves
in Run II.
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Field Description Mandatory
language: String The programming language this test is meant for. Default value is

“python3”.
No

validateFiles: Boolean Condition that decides if basic validations are being executed on
the input files.

Yes

requiredFiles: List<String> The list of files that must be submitted. Yes
tslVersion: String The version of TSL to be used. Yes
tests: List<Test> The list of tests to be executed (A.3, A.4, A.5). Yes

Field Description Mandatory
id: Long Unique test identifier. Yes
name: String Name of the test that will be displayed to the user. Default value is test

type (A.3, A.4, A.5).
No

pointsWeight: Double Points weight of the current test. Default value is 1.0. No
visibleToUser: Boolean Condition that decides if the user should see this test and its results.

Default value is True.
No

inputs: String Placeholder for displaying the inputs. Currently not in use. No
passedNext: Long Placeholder for choosing the next test in case the current test passes.

Currently not in use.
No

failedNext: Long Placeholder for choosing the next test in case the current test fails. Cur-
rently not in use.

No
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Appendix K. TSL DOCUMENTATION

K.1. TSL general fields for all the tests

Table 8.

K.2. Test general fields for all the different test types

Table 9. Test general fields for all the different test types.



Test name Test specific fields Description
program_execution_test standardInputData: List<String>

inputFiles: List<FileData>
genericChecks:
List<GenericCheck>
outputFileChecks:
List<OutputFileCheck>
exceptionCheck: ExceptionCheck

Program execution test.

program_contains_try_except_test programContainsTryExcept: Con-
tainsCheck

Test that verifies if a program con-
tains a try/except block.

program_calls_print_test programCallsPrint: CallsCheck Test that verifies if a program calls
the print function.

program_contains_loop_test programContainsLoop: Contain-
sCheck

Test that verifies if a program con-
tains a for/while loop.

program_imports_module_test genericCheck: GenericCheckLong Test that verifies if a program im-
ports specific module(s).

program_contains_keyword_test genericCheck: GenericCheck Test that verifies if a program con-
tains specific keyword(s).

program_calls_function_test genericCheck: GenericCheckLong Test that verifies if a program calls
specific function(s).

program_defines_function_test genericCheck: GenericCheckLong Test that verifies if a program de-
fines specific function(s).

program_defines_class_test genericCheck: GenericCheckLong Test that verifies if a program de-
fines specific class(es).

program_defines_subclass_test className: String
superClass: String
beforeMessage: String
passedMessage: String
failedMessage: String

Test that verifies if a program de-
fines specific subclass(es).

program_calls_class_test genericCheck: GenericCheckLong Test that verifies if a program calls
specific class(es).

program_calls_class_function_test genericCheck: GenericCheckLong Test that verifies if a program calls
specific class function(s).

K.3. All the different program test types available in TSL

Table 10. All the different program test types available in TSL.
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Test name Test specific fields Description
function_execution_test functionName: String

functionType: FunctionType
createObject: String
arguments: List<String>
standardInputData: List<String>
inputFiles: List<FileData>
genericChecks: List<GenericCheck>
returnValueCheck: ReturnValueCheck
paramValueChecks:
List<ParamValueCheck>
outputFileChecks:
List<OutputFileCheck>
outOfInputsErrorMsg: String
functionNotDefinedErrorMsg: String
tooManyArgumentsProvidedErrorMsg:
String

Function execution test.

function_contains_loop_test functionName: String
containsLoop: ContainsCheck

Test that verifies if a function
contains a for/while loop.

function_contains_keyword_test functionName: String
genericCheck: GenericCheck

Test that verifies if a function
contains specific keyword(s).

function_contains_return_test functionName: String
containsReturn: ContainsCheck

Test that verifies if a function
contains the return keyword.

function_calls_function_test functionName: String
genericCheck: GenericCheckLong

Test that verifies if a function
calls specific function(s).

function_calls_print_test functionName: String
callsCheck: CallsCheck

Test that verifies if a function
calls the print function.

function_is_recursive_test functionName: String
isRecursive: RecursiveCheck

Test that verifies if a function is
recursive.

function_defines_function_test functionName: String
genericCheck: GenericCheckLong

Test that verifies if a function de-
fines specific function(s).

function_imports_module_test functionName: String
genericCheck: GenericCheckLong

Test that verifies if a function
imports specific module(s).

function_contains_try_except_test functionName: String
containsTryExcept: ContainsCheck

Test that verifies if a function
contains try/except block.

function_is_pure_test functionName: String
containsLocalVars: ContainsCheck

Test that verifies if a function
contains only local variables.

K.4. All the different function test types available in TSL

Table 11. All the different function test types available in TSL.
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Test name Test specific fields Description
class_imports_module_test val className: String

genericCheck: GenericCheckLong
Test that verifies if a class imports
specific module(s).

class_defines_function_test val className: String
genericCheck: GenericCheckLong

Test that verifies if a class defines
specific function(s).

class_calls_class_test val className: String
genericCheck: GenericCheckLong

Test that verifies if a class calls spe-
cific class(es).

class_function_calls_function_test val className: String
classFunctionName: String
genericCheck: GenericCheckLong

Test that verifies if a class function
calls specific function(s).

class_instance_test val className: String
classInstanceChecks:
List<ClassInstanceCheck>
createObject: String

Test that verifies if a class instance
has specific attributes with specific
values after specific operations.

K.5. All the different class test types available in TSL

Table 12. All the different class test types available in TSL.
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Field Description Mandatory
standardInputData The input that the user can enter via the keyboard. No
inputFiles List of input files that will be generated by the test consist-

ing of file name and content.
No

genericCheck A specific check that allows to validate different conditions
within a given string.

No

outputFileChecks A specific check that allows to validate different conditions
within a given file.

No

exceptionCheck Check that verifies if an exception is thrown. No
containsLoop Check that verifies if a while/for loop is present. Yes
containsReturn Check that verifies if a return statement is present. Yes
callsCheck Check that verifies if the print function is called. Yes
isRecursive Check that verifies if a function is recursive. Yes
programContainsTryExcept Check that verifies if a try/except block is present. Yes
programCallsPrint Check that verifies if the print function is called. Yes
programContainsLoop Check that verifies if a while/for loop is present. Yes
containsLocalVars Check that verifies if a function consists of only local vari-

ables.
Yes

containsTryExcept Check that verifies if a try/except block is present. Yes
className Class name. Yes
classFunctionName Class function name. Yes
classInstanceChecks Check that verifies if a class instance contains specific

fields with specific values.
No

superClass Superclass name. Yes
createObject A block of Python code that is executed within the test to

set custom content/context for the test.
No

beforeMessage A message to be displayed to the user before the execution
of the test.

Yes

passedMessage A message to be displayed to the user in case the test
passes.

Yes

failedMessage A message to be displayed to the user in case the test fails. Yes
functionType Enum: Function/Method. Yes
arguments List of arguments for the given function. No
returnValueCheck Check that verifies if a function returns the correct value. Yes
paramValueChecks List of function parameters with specific index and value

to be checked for a given function.
No

K.6. TSL test fields

Table 13. TSL test fields.
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Field Description Mandatory
outOfInputsErrorMsg Custom error message for the case where the program

asks more user inputs than were given.
No

functionNotDefinedErrorMsg Custom error message for the case where the testable
function is not defined in the solution code.

No

tooManyArgumentsProvidedErrorMsg Custom error message for the case where the given
function expects a different number of arguments than
was given.

No
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Field Sub-fields Description
FileData fileName: String

fileContent: String
Describes the content of the file with a given name.

GenericCheck checkType: CheckType
nothingElse: Boolean
expectedValue: List<String>
elementsOrdered: Boolean
dataCategory: DataCategory
ignoreCase: Boolean

A specific check that allows to validate different condi-
tions within a given string.

GenericCheckLong checkType: CheckType
nothingElse: Boolean
expectedValue: List<String>
elementsOrdered: Boolean
dataCategory: DataCategory
ignoreCase: Boolean

A specific check that allows to validate different condi-
tions within a given string.

OutputFileCheck fileName: String
checkType: CheckType
nothingElse: Boolean
expectedValue: List<String>
elementsOrdered: Boolean
dataCategory: DataCategory
ignoreCase: Boolean

A specific check that allows to validate different condi-
tions within a given file.

ExceptionCheck mustNotThrowException:
Boolean

Check type that verifies if an exception is thrown.

ContainsCheck mustNotContain: Boolean Check type that verifies if a condition is met.
CallsCheck mustNotCall: Boolean Check type that verifies if a specific function is called.
FunctionType Enum: Function/Method.
ReturnValueCheck returnValue: String Check type that verifies if a function returns the correct

value.
ParamValueCheck paramNumber: Int

expectedValue: String
Check type that verifies if the given function parameter
is correct on a specific position.

RecursiveCheck mustNotBeRecursive: Boolean Check type that verifies if a specific function is recur-
sive.

ClassInstanceCheck fieldsFinal: List<FieldData>
checkName: Boolean
checkValue: Boolean
nothingElse: Boolean

Check type that verifies if a class instance has given
fields with a given name and a given value.

FieldData fieldName: String
fieldContent: String

Describes the content of the field with a given name.

K.7. TSL objects descriptions

Table 14. TSL objects descriptions.
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Field Description
ALL_OF_THESE Checks if all the elements provided are found in the target list of

elements.
ANY_OF_THESE Checks if any of the elements provided are found in the target list

of elements.
ANY Checks if there are any elements in the target list of elements.
NONE_OF_THESE Checks if none of the elements provided are found in the target

list of elements.
MISSING_AT_LEAST_ONE_OF_THESE Checks if at least one of the elements provided is found in the

target list of elements.
NONE Checks if there are no elements in the target list of elements.

Field Description
CONTAINS_LINES From the given input, it extracts lines using newline characters and removes

any whitespace before or after the line.
CONTAINS_NUMBERS From the given input, it extracts all the numeric values.
CONTAINS_STRINGS From the given input, it extracts all the occurrences of the given strings.
EQUALS Simply removes all the whitespace before and after the given input.

K.8. TSL object CheckType and CheckTypeLong field values

Table 15. TSL object CheckType and CheckTypeLong field values.

K.9. TSL object DataCategory field values

Table 16. TSL object DataCategory field values.
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SISUKOKKUVÕTE

IT õpetamise hindamis- ja tagasisideprotsesside
automatiseerimine – loomise ja haldamise täiustamine

õppejõudude vaatenurgast

Infotehnoloogia (IT) valdkond on viimaste aastakümnetega kasvanud ning see on
endaga kaasa toonud märkimisväärse nõudluse kvalifitseeritud spetsialistide järe-
le. Vabade töökohtade arv on omakorda suurendanud IT-hariduse ja sellega seotud
karjääride poole pürgivate õppijate arvu. Erinevad õppeasutused ning platformid,
alustades lasteaedadest, veebipõhistest platvormidest ning lõpetades ülikoolidega,
proovivad pakkuda erinevaid võimalusi IT-alaste teadmiste omandamiseks. Ol-
gugi, et selline trend on tööstuse jaoks kasulik, toob see haridusasutustele kaasa
mitmeid väljakutseid. Üheks peamiseks murekohaks on tekkinud vajadus halla-
ta suuremaid gruppe õppureid, säilitades piisavat kvaliteeti pakutud haridusele,
näiteks andes õppijatele õigeaegset ning individuaalset tagasisidet. Traditsiooni-
lised hindamise ning tagasisidestamise meetodid pole suurenenud hulga üliõpi-
laste, ülesannete ning kursuste tõttu enam paljudele õpetajatele erinevates õpeta-
miskeskkondades ning -vormides jätkusuutlikud. See doktoritöö uurib hindamis-
ja tagasisideprotsesside automatiseerimise võimalusi IT-hariduses, keskendudes
programmeerimiskursustele, kus ülesannete hindamine ning tagasisidestamine on
sageli korduv ning aeganõudev protsess.

Esimene panus doktoritöös on välja selgitada, millised on suurimad problee-
mid ning väljakutsed programmeerimiskursustel ning kuidas automatiseerimine
võiks aidata neid probleeme lahendada. Doktoritöös kasutatakse kvalitatiivset lä-
henemist, viies õppejõududega intervjuusid läbi minigruppides. Intervjuud tõid
esile mitmeid olulisi protsesse, mida saaks automatiseerida või mille olemasolevat
automatiseerimist tuleks täiustada. Ühe olulise puudusena tuli välja, et graafilise
väljundiga programmeerimisülesannetel ei ole automaatkontrolle ning nende hin-
damine on ajamahukas, sest lisaks koodi läbivaatamisele tuleb see ka käivitada, et
valideerida graafilist väljundit. Samuti selgus intervjuudest, et olemasolevad auto-
maatkontrollid ei ole õppejõududele piisavalt kasutajasõbralikud ega paindlikud,
mistõttu nende kasutamine ning haldamine nõuab liigset tehnilist oskust. Nende
intervjuude tulemused andsid selge suuna edasistele uurimis- ja arendustegevus-
tele.

Teine panus doktoritöös on pildituvastusel põhineva automaatse hindamissüs-
teemi loomine, mis võimaldab hinnata graafilise väljundiga programmeerimis-
ülesannete lahendusi. Loodud süsteem genereerib üliõpilase esitatud koodist graa-
filise väljundi ning esitab selle Clarifai-nimelisele teenusepakkujale, kes saadab
vastusena tõenäosuse, et soovitud objekt esineb antud graafilisel väljundil. Selle
tõenäosuse järgi määratakse ülesanne kas arvestatuks või mittearvestatuks. Süs-
teemi rakendati mitmetel programmeerimiskursustel, kus see vähendas oluliselt
õppejõudude töömahtu ning ühtlasi andis üliõpilastele kohest tagasisidet. Kursus-
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tel osalejatelt küsisti ka tagasisidet ning nad hindasid enim süsteemi võimekust
pakkuda kiiret ja täpset tagasisidet, mis võimaldas neil oma lahendusi vajadusel
täiustada.

Kolmas panus doktoritöös on TSL-i (Test Specific Language) loomine ning ra-
kendamine. TSL-i eesmärk on lihtsustada ja standardiseerida automaatkontrollide
loomist ning haldamist. TSL võimaldab defineerida ühe ülesande automaatseks
hindamiseks kõik kriteeriumid struktureeritud ning lihtsal viisil. TSL-i rakenda-
miseks loodi TSL-i parsija ning kompilaator, mis valideerivad ning teisendavad
selle hindamisskriptiks. Automaatseks hindamiseks loodi teek Tiivad, mis käivi-
tab genereeritud skripti, teostab automaatkontrollid ning tagastab tulemused. Sel-
leks, et TSL-i ei tuleks luua käsitsi, on loodud kasutajaliides, mis lihtsustab õp-
pejõududel testide seadistamist ning haldamist. Kõik need komponendid töötavad
koos, et vähendada õppejõudude töökoormust, võimaldades neil kiiresti ja täpselt
määratleda hindamiskriteeriumid. Kasutajaliides kaotab vajaduse sügavate tehni-
liste teadmiste järele. Loodud süsteem standardiseerib ja kiirendab hindamisprot-
sessi, tehes selle lihtsamaks ja vähem aeganõudvaks, võimaldades õppejõududel
keskenduda rohkem õpetamise sisulistele aspektidele.

Kokkuvõttes annab doktoritöö olulise panuse IT-hariduse valdkonda, pakkudes
lahendusi, mis võimaldavad automatiseerida hindamis- ja tagasisideprotsesse ning
vähendada õppejõudude töökoormust. Loodud süsteemid mitte ainult ei paranda
hindamiste kiirust ja täpsust, vaid pakuvad ka skaleerimisvõimalusi suurematele
kursustele. Töö tulemused ja loodud süsteemid aitavad suunata tulevasi uurimu-
si ja arendustegevusi IT-hariduses, pakkudes tuge tõhusamate ja paindlikumate
hindamissüsteemide väljatöötamiseks.
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