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The role of automated assessment in programming education has been gaining popularity in
recent years as the course participant numbers have continued to increase. This thesis details
the process of introducing an automated assessment system, CodeGrade, on an introductory
level software testing course with the goal of updating existing programming assignments
and moving towards completely automatic assessment process. The purpose of this paper is
to find out how CodeGrade performs in assessing student submissions and what methods
can be used to successfully evaluate students’ testing skills. A literature review is conducted
to find out recent themes in automated assessment as well as best practices in implementing
programming assignments and their assessment process. Updated programming assignments
and the performance of CodeGrade were evaluated through a course-end survey on a Likert-
scale of 1-5, resulting in a positive reception with CodeGrade having received an average
grade of 4.2 and course assignments an average grade of 4.3. Results showed that there was
still room for improvement, especially in terms of introducing programming assignments
that handled topics beyond unit testing. Additionally, the assessment process could be further
improved with a combination of tools to improve accuracy and provide quality feedback
even in cases where the assessment process is unable to be completed.
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Automaattisen arvioinnin rooli ohjelmoinnin opetuksessa on kasvattanut suosiotaan viime
vuosien aikana kurssin opiskelijaméarien jatkaessa kasvuaan. Tama opinndytety0 kuvaa
automaattisen arviointijarjestelman, CodeGraden, kayttoonottoprosessia
ohjelmointitestauksen johdantokurssilla, tarkoituksena péivittdd olemassa olevat
ohjelmointitehtdvat ja siirtyd kohti tdysin automaattista arviointiprosessia. Tamén tyon
tarkoituksena on selvittdd, miten CodeGrade suoriutuu opiskelijoiden testaustaitojen
arvioinnissa ja mitd metodeja voidaan kéyttdaa opiskelijoiden testaustaitojen arviointiin.
Kirjallisuuskatsaus toteutetaan selvittdmadn automaattisen arvioinnin viimeaikaisia teemoja
sekd parhaiksi todettuja kédytantdja ohjelmointitehtavien toteutusta ja niiden arviointia
varten. Pdivitettyjd ohjelmointitehtévia ja CodeGraden toimintakykya arvioitiin Likertin-
asteikolla arvosanoin 1-5. Tuloksena oli positiivinen vastaanotto: CodeGrade arvioitiin
keskimaaraisella arvosanalla 4.2 ja kurssin tehtavét keskiméadréiselld arvosanalla 4.3.
Tulokset osoittivat, ettd parantamisen varaa on vield etenkin uusien ohjelmointitehtavien
osalta, jotka késittelisivat muita testauksen aihealueita yksikkdtestauksen liséksi. Lisaksi
arviointiprosessia voidaan jatkokehittdd yhdisteleméalld erilaisia ty6kaluja arvioinnin
tarkkuuden ja annetun palautteen laadun lisd&dmiseksi etenkin tilanteissa, joissa
arviointiprosessia ei pystyté suorittamaan loppuun onnistuneesti.
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1 Introduction

Automated code assessment has been around for long time. In his paper Hollingsworth
(1960) details a positive experience of using automatic graders in being able to speed up
grading and thus generating savings when teaching programming to a large number of
students. Since then, automatic code assessment has gone through variety of changes, which
has resulted in even more possibilities utilizing automated assessment tools (AAT) as part
of programming education. AATSs provide many benefits to programming education such as
objectivity, consistency, speed and high availability for both assignments and given feedback
(Ala-Mutka, 2005). Especially students taking introductory programming courses might not
be familiar with testing their own code and tend to only focus on correctness of program
output instead of actual functionality of the code (Aaltonen et al., 2010). With the capabilities
and benefits provided by different AATS, student testing skills can be evaluated while also

providing students with valuable feedback to facilitate effective learning.

In the span of one year between 2022 and 2023 the student numbers on an introductory LUT
University ran software testing course Fundamentals of Software Testing had increased from
142 to 168 which equates to roughly 18% increase in participation. Ultimately, the rising
student numbers meant that there was a need to introduce tools to ease the grading process
while being able to provide feedback to the students on some of the general issues they are
having. Without a tool to support automated grading the teaching assistants (TA) would
effectively have to evaluate each programming assignment using traditional code inspection
methods and coordinating with each other to ensure that the grading is as fair as possible.
Additionally, with student numbers almost reaching close to 200 participants, manually
grading two essay-type assignments and a programming task each week required significant
effort from the TAs.

Together with assignment problem definitions leaving some room for interpretation and lack
of formal grading guidelines there was a clear benefit in introducing automated assessment
on the introductory software testing course. CodeGrade is an automated assessment tool that
was initially selected to be used by the software engineering department as a result of a
selection process conducted in LUT University during the year 2021. The main selling points

of CodeGrade were named to be its usability, range of features and compatibility with the
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existing Learning Management System (LMS), Moodle (Méakeld, 2021). CodeGrade had
been previously piloted on some of the early software engineering courses but had still not

been introduced in the context of software testing education.

1.1 Research questions and limitations

The goal of this thesis is to explore different approaches to automated assessment of
programming assignments in the context of LUT University ran course Fundamentals of
Software Testing. The course is conducted using Java as a primary programming language
with the course having prerequisites in object-oriented programming through an introductory
Java-course. As a result, the course assignments and their automated assessment are limited
to testing frameworks and analysis tools with support for Java programming language.
Automatic assessment of student solutions is conducted using CodeGrade, which works as
a further limiting factor when considering different methods in assessing student testing
skills.

This thesis aims to answer the following research questions:

1. How does Codegrade perform in automatic assessment of student written tests?
a. How well does CodeGrade facilitate learning and how easy is it to use from
students’ perspective?
b. How well does CodeGrade perform when assessing student solutions?
2. What methods can be used to automatically assess the student’s testing skills?
a. How to evaluate correctness of student solutions?
b. What techniques and tools can be used?
3. How should the course assignments be adapted to CodeGrade?
a. What changes should be made to course assignments to meet the needs of the

students and allow easy adaptation to CodeGrade and to promote learning?

The first research question has to do with evaluation of the AAT in the context of software
testing skills from students’ perspective. It is mostly answered by conducting a survey during
the Fundamentals of Software Testing course, presenting the data and discussing the results
as a part of this thesis. The second and third research questions are answered initially through

a literature review and during the implementation of course assignments as the limitations
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of used automated assessment system become more apparent. The answers to the third
research question are discussed during the final parts of this thesis, after first having

presented the results.
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1.2 Thesis structure

This thesis consists of eight primary chapters: Introduction, Literature review, Research
methods, Previous course structure, Implementation, Results, Discussion, Conclusion. The
first chapter aims to give a brief introduction to the thesis topic by providing background
information, brief problem statement, goals, and limitations. The second chapter summarizes
previous findings of relevant research and attempts to illuminate some of the central testing
related concepts. The chapter starts by outlining different automated assessment techniques,
their benefits and potential pitfalls, while focusing on their applications in an educational
setting, especially their applications in programming education. The third chapter presents
the research methodology used to conduct this thesis, after which in chapter four the previous
structure of the course Fundamentals of Software Testing is presented as background
information leading up to chapter five. In this chapter the implementation of the updated
course and the automated assessment process is presented. The sixth chapter presents results
obtained from the conducted survey and the data collected from the course Moodle pages.
In the seventh chapter the results are discussed. Finally, in the eighth chapter summary of

this thesis is presented and implications for the future are discussed.
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2 Literature review

This chapter examines previous literature on automated assessment in the context of
programming education. The literature review starts with short summary of advantages and
best practices in implementing automated assessment systems, after which some of the
related challenges are discussed. Following this, a categorization for AA systems is
presented and different methods for assessing programming assignments are described in a
broad setting. Finally, the importance of teaching testing skills and the role of test-driven

development in education is discussed.

Search for literature was carried out using Google Scholar and LUT Primo as the primary
databases. Google Scholar was used as the initial starting point using keywords related to
automated assessment such as: “automated assessment education” and “automated
assessment programming”. LUT Primo was also used to find literature but was typically
used in cases where literature on more specific topics was needed or a publication was not
available through Google Scholar. The initial search using the mentioned keywords worked
to limit papers to a selection of topics having to do with programming assignments and
automated assessment systems used in education. Literature was then selected with the
publication date and number of citations as the biggest contributors in finding some of the
more esteemed and recent publications. Abstracts were used as a primary identifier whether
the study would be included or not. However, in cases where the quality of the abstract was
low or the abstract did not contain enough information to decisively rule it out, conclusions

were also reviewed to finally create a starting set for the selection process.

The selection of literature was conducted using a snowballing approach. Snowballing refers
to the process of using the reference list or citations of a study to identify additional relevant
studies in an iterative fashion (Wohlin, 2014). Snowballing can be conducted as either
forward facing or backward facing process depending on whether the list of references or
citations in other papers are used. Instead of conducting both forward and backward
snowballing as suggested by Webster and Watson (2002), backwards snowballing was
deemed to provide an exhaustive collection of literature for this thesis.
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2.1 Automated assessment best practices

As the number of enrolments on a programming course increases, the workload course
personnel are subjected to affects the overall quality of grading and as a result also impacts
students’ academic performance (Avramov, 2022; Galan et al., 2019). AATs are able to
reduce workload by taking over some of the more time-consuming parts of code assessment
such as assessing correct program behaviour, code quality and even providing valuable
feedback that expedites learning (Ala-Mutka, 2005). In their research article Zampirolli et
al. (2021) discuss some the experiences regarding their implementation of automated
assessment system on an introductory programming course that has enrolled thousands of
students annually. Some of the mentioned notable benefits include faster feedback and
uniform assessment of exercises. Uniform assessment can be seen especially important on
courses that enrol a large number of students as often grading without automated assessment
(AA) involves subjective opinion of what constitutes a quality program, even when using
uniform grading criteria. Additionally, the complexity of the program creates further
challenges for the instructor to accurately assess the program simply by reading the source
code and plagiarism detection on these large online courses is often very inefficient or
impossible just by relying on human graders. (Avramov, 2022; Cheang et al., 2003; Kay et
al., 1994; Zampirolli et al., 2021)

Many success factors have been identified in related literature. Pieterse (2013) discusses
some of the more integral success factors and identifies them as: quality assignments, clear
formulation of tasks, well-chosen test data, quality feedback, unlimited submissions, student
testing maturity and additional support. One notable benefit of AA systems, that was already
briefly discussed, is their ability to free course instructors and assistants from having to
manually go through every submission. The need for quality assignments and clear task
formulation comes from the inherent differences of AA compared to manual grading. Unlike
with manual grading, which includes human interaction, AA systems need clearly
established grading criteria and are not able to account for solution creativity in the same
way a human could (Pieterse, 2013). This in turn creates the need for uniform assessment

process so that student performance can be equally measured (Zampirolli et al., 2021).

Many experiences on large scale online courses highlight the importance of allowing
unlimited submissions, reasoning that immediate feedback given by AA systems provides
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instant gratification and allows students to correct errors in real time without having to wait
for feedback from course personnel (Edwards, 2014). This in turn results in motivating the
students and reinforcing iterative learning. Furthermore, some of the more well known
problems with manual grading is its difficulty in providing consistent, timely and quality
feedback (Mekterovi¢ et al., 2020). In their research to different features of learning
management systems (LMS) R6Rling et al. (2008) present the ability to provide immediate
quality feedback as one of the most important and requested features, especially in smaller
scale LMSs such as tools intended for code evaluation. However, not all experiences with
immediate feedback are positive; in their publication Kyrlilov and Noelle (2015) detail their
experience with using an automated assessment system to provide instant feedback on
programming assignments and report that students receiving binary feedback, i.e. “correct”
or “incorrect”, were twice as likely to cheat. This further emphasizes the importance in
providing quality feedback that is not limited to simple binary feedback. (Ala-Mutka, 2005;
Malmi et al., 2002; Pieterse, 2013)

2.2 Automated assessment challenges

Submitted program may include flaws or malicious code that can cause damage to the
running environment by accessing restricted areas, causing server downtime or pose a
significant security risk otherwise (Ala-Mutka, 2005; Forisek, 2006; Rahman and Nordin,
2007). This problem is relatively easily managed with the introduction of a sandbox that
executes code in a secure isolated environment. However, even with an isolated sandbox
environment these threats do not completely disappear. Forisek (2006) details some of the
attacks a sandbox environment can be subjected to during computer science contests, such
as attacks that block execution or consume excessive amount of system resources. This can
be easily expanded to include grading systems used in programming education as the
environment in both is structured for similar use cases. It is also good to note that not all
attack types require malicious intent from the user but can also be caused by simple design
flaws in their own code. AA systems are often integrated with different LMSs which may
also become a target for malicious attacks. Integrating with LMS is beneficial but it is good
to be aware that the AA system is not the only critical point of entry for malicious attacks.
One of the challenges for LMSs is the authentication of users in a secure manner. Identity

federation of the Finnish universities, HAKA, is an example of a project that aims to answer
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this challenge by developing and maintaining infrastructure for secure authentication
(RORIing et al., 2008). (Ala-Mutka, 2005; Forisek, 2006; Ihantola et al., 2010)

When receiving feedback through AAT, especially with unlimited submissions, the students
have a tendency to focus on passing all the checks and achieving passing mark without
necessarily considering other more fundamental issues with their code such as design issues
(Chen, 2004; Edwards, 2014; Pieterse, 2013). Main consideration for the student is to pass
each test without necessarily understanding what is being tested and how. This way,
introduction of automated assessment systems on programming courses can inevitably result
in diminished learning when it comes to student’s own testing skills (Chen, 2004). While
this might seem like a significant drawback to using AA systems, this can be addressed by
adapting the system to assess student submitted test cases alongside the actual program code,
thus ensuring the students’ testing skills don’t fall behind. It is a different matter altogether
on how this is achieved and how effectively test cases are assessed. However, several
university driven projects have reported positive outcomes for this approach (Chen, 2004;
Edwards, 2014; Jackson and Usher, 1997). Another solution is simply limiting the number
of submissions allowed for students or by introducing a wait time between submissions,
although these limiting factors have been perceived to negatively affect learning and can be
seen as an obstacle, especially with programming education types using test-driven
development (TDD) (Edwards, 2003a). It is also possible to limit feedback given to the
student after submitting their code. However, this can cause confusion especially among
students that are distrusting towards AA systems, causing the students to make wrong
judgements on what the actual issue is. TDD is discussed further in section 2.5 Test-driven

development and assessment of testing skills.

Another challenge for AA systems is the issue of balancing quality with speed and
availability. One of the biggest benefits of automated assessment is the speed at which code
can be evaluated compared with needing the course instructor or assistant to manually go
through each assignment. This also often results in diminished feedback quality and
consequently the benefit gained from speed and availability varies based on the number of
course participants and the complexity of assignments. In the case of Massive Open Online
Courses (MOOCSs) that typically have little to no entry requirements the importance of both
speed and availability of assessment is emphasized due to the large number of participants

(Pieterse, 2013). However, with complex assignments it is often more beneficial to use a
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semiautomatic approach instead of a fully automatic approach, whereas a simple assignment

is easy to tailor in a way that supports fully automatic assessment. (Ala-Mutka, 2005)

2.3 Automated assessment categorization

One of the more common ways to categorize AA systems and tools is by division into three
distinct categories based on how they assess the program code: Dynamic-, Static- and Hybrid
assessment tools (Ala-Mutka, 2005; Arifi et al., 2015; Galan et al., 2019). Hybrid assessment
simply combines features from both static and dynamic assessment methods which is typical
for most assessment tools as by themselves dynamic- and static methods each have some
inherent weaknesses (Galan et al., 2019). Following sections discuss dynamic- and static
assessment methods and some of their weaknesses as described by related literature.

Different features that can be assessed with each assessment type are described in Table 1.

2.3.1 Dynamic assessment

Dynamic assessment is the most popular assessment type (Galan et al., 2019). Dynamic
assessment methods evaluate the target program by executing the program against a test case
with the intention of covering different execution paths and creating different states in the
program (Figure 1). The output of the program is then compared to a model solution to
ascertain correctness of the program. This general description of dynamic assessment
assumes that the program can be executed, however in presence of coding errors this may
not always be possible. One possible solution to this problem is evaluating the program in
smaller pieces, i.e. separately assessing each function and grading the program as a sum of
its functions. (Arifi et al., 2015)

One of the bigger weaknesses of dynamic assessments is its inability to give meaningful
feedback in cases where the program does not compile and consequently the student is only
shown an error message of failed program compilation. Additionally, even in cases where
the program compiles and finishes executing successfully, the feedback may be on a very
general level and at the mercy of test-case completeness as typically failed test-cases tend to

provide more detailed feedback on potential problems.
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Figure 1. Simplified dynamic assessment method (Arifi et al., 2015).

2.3.2 Static assessment

Static assessment tools (SATs) and methods are used to detect functional problems such as
faults, vulnerabilities and code smells and can also be used to address maintainability related
problems such as conforming to certain language specific coding standards (Beller et al.,
2016; Zampetti et al., 2017). Static code analysis is often used in conjunction with dynamic
analysis tools and methods, but static analysis still has clear benefits in being able to find
issues with the code that dynamic methods may have missed. Static analysis is especially
useful in situations where code can’t be executed dynamically as SATSs are able to evaluate
the program without actually having to execute it (Ala-Mutka, 2005; Lenarduzzi et al.,
2023).
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Coding style is a common static assessment target as coding style directly relates to
understanding and thus maintainability of the code (Ala-Mutka, 2005). Checkstyle and PMD
are examples of static code analysis tools that can be used to assess coding quality.
Checkstyle is used to evaluate Java coding style to ensure the code conforms to a determined
style configuration guide such as Google Java Style or Sun Java Style (Lenarduzzi et al.,
2023). Checkstyle inspects the code against a long list of different rules that are further
categorized into: annotations, block checks, class design, coding, headers, imports, Javadoc
comments, metric, miscellaneous, modifiers, naming conventions, regexp, size violations
and whitespace. Similarly, PMD also works based on different rules that are grouped under
following categories: code style, design, documentation, error prone, multithreading,
performance and security (Checkstyle, 2024; PMD Source Code Analyzer Project, 2024;
Lenarduzzi et al., 2023).

A persistent problem with static code assessment tools is the number of false positives,
namely the amount of false warnings caused by used rules (Lenarduzzi et al., 2023; Thung
et al., 2015). Static code analysis tools have been observed to have varied performance in
detecting faults depending on the target project. In their research Thung et al. compare five
different static analysis tools: FindBugs, JLint, PMD, CheckStyle, JCSC and detail how these
tools succeeded in finding faults on different open-source projects. The results indicate that
performance of static analysis tools varied noticeably depending on the type of project they
were used to inspect. Additionally, the faulty lines as marked by the tools were often
indicated very broadly and accompanied with generic warning messages. Consequently, the
developer would have to be very sceptical whether an actual fault was detected and if the
indicated fault is directly related to given warning message. Confirming each warning to be
authentic instead of a false positive is time consuming especially in larger projects and
according to some estimates takes three to eight minutes per warning (Beller et al., 2016, p.
2).

Regardless, the importance of SATs should not be overlooked as a part of quality assurance
activities, especially in the earlier stages of software development. In their research Zheng
et al. (2006) examine the economic costs of using SAT and evaluate the effectiveness
compared to other static analysis techniques such as code inspection. The results of their
research indicate that the costs related to SAT and actual fault detection yields are similar in

scale when compared to traditional inspections. However, In the context of programming
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education, the value of these tools is further emphasised as means to provide valuable

feedback on potential problems due to lack of experience from students which directly

affects code inspection quality.

Table 1. Categorization of automated assessment systems and features assessed by them.

Assessment Features assessed

approach

Reference

Dynamic

Functionality: Running a program against a test-case and
comparing output or return values to intended values. One of

the main features of most automated assessment tools.

Efficiency: For example, measuring the time it takes for a

program to terminate or to accomplish a certain
functionality.

Testing skills: Many tools such as Assyst and Web-CAT are
able to assess student test-suites along with submitted
program code. For example, by requiring students to submit
test suites along with the program code.

Resource usage: It is also possible to assess resource usage
during program execution, such as correct memory

management.

(Ala-Mutka,
2005;
Edwards,
2014)

Static

Style: Readability of the program. Covers aspects such as
variable naming, use of constants, line spacing,

commenting, program layout.

Errors: Syntax and semantic errors in program code.
Syntax errors refer to the use of incorrect grammar, i.e.
syntax of the programming language. This includes errors

such as typos and missing semicolons. Syntax errors are

(Arifi et al.,
2015;
Ihantola et
al., 2010;
Rahman and
Nordin,
2007)
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typically easy to detect as they are detected by compilers.
Semantic errors are logical flaws in the code that are
common especially with new programmers. Semantic
errors can be hard to spot since they are typically missed

during program compilation.

Metrics: measurable parts of the program such as
complexity, quality or performance. Calculates numerical
representation of properties such as: number of statements,
frequency of comments, cyclomatic complexity.
Key-word matching: Looking for certain pre-determined
keywords from program code. Can be useful for structural
checks or confirming certain functions were or were not
used as instructed.

Similarity: Structural and non-structural similarity. Can be
used to assess student solutions against answer scheme
provided by instructor or similarity in terms of plagiarism
detection. Suitable only for small and simple programs.

2.4 Automated assessment tools in education

Majority of AA systems developed for programming education purposes have built in
support for Java or include Java as one of the supported languages. The decision to support
Java as one of the languages can be explained by its popularity as one of the introductory
programming languages. Many examples of different AA systems exist in related literature
that are typically intended for a specific use case such as assessing programming exercises
and providing feedback, or they can even be more specialized systems such as systems for
plagiarism detection. These tools are often created as part of a thesis or to be used as a part
of a certain university course and are rarely used outside the intended scope. They often
remain in use only within the original institution regardless of how useful they are perceived

to be. This section introduces some of the more well-known automated assessment tools that
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have been previously used in programming education. (Ihantola et al., 2010; R6Rling et al.,
2008)

Web-Cat is an automated testing tool created by Virginia Tech that is designed to be
integrated with learning management systems (LMS). As of the end of year 2020, Web-CAT
had been used across 39 different universities and today the number is likely to be even
higher (Web-CAT, 2019). Web-CAT uses a TDD-oriented approach that requires
submission of test suite along with student’s own program code. The core ideology for the
tool is to allow students to demonstrate the correctness of their code themselves instead of
having to rely on indicators of correctness that are simple results of comparing their own
program output to example solutions. Grading of assignments is done by giving students
different scoring corresponding a certain code quality metric such as validity, completeness
and correctness. In practice, Web-CAT runs student test suite against example solution to
determine the validity of each test case. In addition to comparing program output, scoring
also considers code coverage achieved by student submitted tests. (Edwards, 2014; Virginia
Tech, 2019)

Assyst, developed in the University of Liverpool, is one of the earlier implementations of
automated assessment tools. The tool allows management of course assignment related
grading operations such as handling student submissions, organizing assignments, grading
submissions and sending reports back to students. Correctness of student solutions is
evaluated with simple 1/O-tests where program output with certain input is compared to
example output as specified by instructor’s model solution. Other used metrics include

efficiency, complexity, style and test data adequacy. (Jackson and Usher, 1997)

In the case of Assyst, efficiency of the program is the measure of central processing unit
(CPU) time spent executing the program (Jackson and Usher, 1997). Complexity is
determined using McCabe’s metric for complexity, otherwise known as cyclomatic
complexity, i.e. measure of different paths through the program code (McCabe, 1976, p. 1).
Style of the program is evaluated through simplified indicators such as module and identifier
length, comment frequency, number of indentations and blank lines (Berry and Meekings,
1985). Finally, Test data adequacy corresponds to statement coverage on code execution,
i.e. the number of executable statements covered by student’s own test data (Jackson and

Usher, 1997).
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2.5 Test-driven development and assessment of testing skills

TDD (Test-driven development) follows a process where the developer starts by writing unit
tests for the code they are about to implement and this is then repeated continuously as
functionality is ready to be implemented (Maximilien and Williams, 2003). The assumption
is that implemented code should always be able to pass the created unit tests. On the contrary,
this also means that code is being written as a response to failing test cases. As a result, TDD
promotes incremental development practices and allows developers to feel more confident
about their own code functioning as it was designed. Granted, this is all dependent on the
correctness of their test case design. (Edwards, 2003)

As was mentioned previously when discussing some of the challenges that come with
automated assessment, it is typical for students to overly focus on the most immediate
feedback which, in most cases, tends to be the output correctness. For example, in a case
where the program does not compile, the assessment tool would grade the program with a
zero and the student would not pay attention to anything past that. As a result, other important
aspects such as design and testing skills are put aside. Teaching testing skills is important
for several reasons; when the student is encouraged to perform testing activities as a part of
writing their program code, they also get to learn the flow of their program more effectively
(de Souza et al., 2014). Another more indirect example is a commonly heard phrase in
software engineering according to which the longer a defect remains in the software, the
more difficult and costly it becomes to remove (Maximilien and Williams, 2003). This might
not have immediate consequences for the students but is still important to emphasize early
on. TDD attempts to solve this issue by helping to detect and remove possible defects before
they become costly. Additional benefits include being able to teach students how to produce
code that is automatically verifiable, thereby enhancing code reliability, and also creating a
test bed for regression testing (Maximilien and Williams, 2003). (Edwards, 2014; Edwards,
2003)

In the previous section, two well-known automated assessment tools that both include
functionality for assessing students’ tests were discussed. In fact, most of the existing AA
tools use code coverage criteria such as statement coverage, branch coverage, modified
condition/decision coverage (MC/DC) as a test adequacy criteria (Hemmati, 2015;
Ivankovic and Petrovic, 2019). In simple terms, code coverage is the measure of parts of the



25

program that did not execute during one or more runs of the program (Tikir and
Hollingsworth, 2002). Statement coverage measures the number of executable statements
covered by the test suite. However, it is seen as one of the weaker coverage indicators due
to it being easy to satisfy but still remains one of the most used coverage measures (Hemmati,
2015; Inozemtseva and Holmes, 2014). Branch coverage measures the number of different
branches covered, i.e. paths that are taken by the test suite and is seen as a stronger form of
a test adequacy indicator. MC/DC breaks down each decision point in code to smaller atomic
conditions and evaluates them separately to form a compound decision. While being more
complex, it is also the strongest test adequacy indicator out of the discussed coverage criteria.
(Hemmati, 2015)

Despite being an effective and commonly used tool, code coverage doesn’t always guarantee
test adequacy even when combined with other static analysis methods (Hemmati, 2015). In
their paper, Aaltonen et al. propose mutation analysis as an alternative to code coverage
methods. One of the primary problems with code coverage was seen to be its possibly
deceptive results even with poor test quality. For example, students are able to write unit
tests that do not correctly assess the functionality of the target method but still achieve high
coverage simply because a method was called, or different paths were covered. Mutation
analysis is a technigue used to evaluate existing tests by introducing new artificial defects to
the program code that is being tested. Mutants, i.e. combinations of errors are generated in
large quantities and subsequently the tests are evaluated against created mutants. Tests that
are able to distinguish mutants from the actual program can be seen to have passed the test
objectives (Papadakis et al., 2019). Consequently, if a mutant is distinguished it is then
flagged as “killed”. The objective of mutation testing is killing the mutants and to this end a
mutation score is calculated. Mutation score serves as an indicator of how many mutants
were killed compared to how many killable mutants were missed by designed test cases. The
term “killable mutants” is used to indicate that not all mutants can be killed as some mutants
are seen as being equivalent to the original program and thus creating inaccuracies when
calculating the mutation score. Another source for inaccuracies is redundant mutants, i.e.
mutants that are Kkilled as a result of another mutant being killed. This way the redundant
mutants do not contribute to the process but still inflate the mutation score. (Kintis et al.,
2018; Papadakis et al., 2019)
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3 Research methods

This thesis is conducted using the Design Science Research (DSR) methodology. The
general outline of the DSR process in information science consists of repeated build and
evaluate loops where knowledge is drawn from existing knowledge base and used to produce
an artifact which is then evaluated and gained knowledge added to the knowledge base
(Brocke et al., 2020; Hevner et al., 2004). In the case of this thesis, the iterative nature is
partly limited due to time constraints created by the gap between different course iterations.

Instead, the artifact can be further improved by using this research as an initial starting point.

The activities included in the DSR process vary based on definition and may be split into
several subcategories. This thesis uses the definition presented by Peffers et al. (2020),
according which DSR process is divided into following activities: problem identification
and motivation, objectives of a solution, design and development, demonstration, evaluation

and communication.

Problem identification and motivation phase starts with defining the research problem and
consequently reviewing existing research to deepen understanding of the problem and its
possible solutions. Initial identification of the problem is drawn from the existing
environment which includes people, organizations and current or planned technologies
(Brocke et al., 2020). For this thesis, the initial problem was identified when the increasing
number of course participants in the Fundamentals of Software Testing -course resulted in
teaching assistants (TA) having to manually grade hundreds of assignments. Multiple TAs
were needed to grade each assignment which in turn could lead to variance in grading

between similar submissions.

Obijectives of a solution are defined as the need to re-evaluate the course assignments and to
produce automated assessment solutions that are capable of effectively evaluating students’
testing skills while providing valuable feedback. After the objectives have been defined, an
artifact is created during the design and development -activity. The design and development
of the artifact is grounded in knowledge gained during the literature review while also
somewhat restricted by capabilities offered by CodeGrade. Demonstration and evaluation
are conducted by implementing the produced artifact on the next iteration of the course and

subsequently receiving feedback from the students in the form of a course-end survey where
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the students are asked to evaluate different aspects of the course, including their experience
with programming assignments and the automated assessment system. The results are then

communicated in the latter part of this paper under chapter 6 Results.
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4 Previous course structure

The purpose of this section is to describe the structure and demographic of the course
Fundamentals of Software Testing during the fall 2022 iteration of the course, i.e. before the
introduction of AAT. Fundamentals of software testing is a second-year course ran by the
computer sciences department with object-oriented programming (OOP) course as a
compulsory prerequisite and some recommended introductory programming course
prerequisites. OOP is being taught in Java and therefore students enrolled on the course are

expected to have prior knowledge of programming in Java.

The course was split into seven weeks of topics and their corresponding assignments (Figure
2), with last week being omitted and replaced by a guest lecture. The weekly assignments
are a fairly even mix of either writing assignments or programming assignments. The
programming assignments typically required the students to submit their solution in a ZIP-
format. There were no further requirements on the structure of the submission, which
typically resulted in TAs having to solve some peculiarities when grading programming

assignments.
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+ Beal life problems

Figure 2. Lecture contents of each week and their corresponding weekly assignments.
Practical assignments that require coding are marked in orange.

The course grading was split into several different categories (Table 2) out of which weekly
assignments were optional so long as the student was able to reach their point target with
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other compulsory or non-compulsory activities. To pass the course the student was required
to achieve a total of 50 points, which equates to half of the total points available. Both the
course exam and project are worth 30 points each which also makes it possible to pass the
course without weekly assignments. However, students were still required to obtain at least
half of the total points available from each of the compulsory activities. This means that a
student could not, for example, pass the course without achieving 15 points from the course

project.

Table 2. Course grading categories and available points during year 2022.

Category Available points Compulsory
Exam 30 Yes

Project 30 Yes

Weekly assignments 30 No

Guest lecture 10 No
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5 Implementation

The purpose of this chapter is to detail the implementation of the updated version of a
software testing focused course Fundamentals of Software Testing. This chapter starts with
a description of the new course structure and then moves on to detail different tools that
make up the course environment. Finally, course programming assignments and their

assessment process are described.

5.1 Updated course structure

The basic structure of the course remained the same with a total of seven weeks of lectures
and related assignments. Lecture topics remained mostly the same with the exception of
practical tutorial videos moved up to first week in order for students to be better equipped
for the programming assignments. The biggest difference to the previous course
implementation is the change in weekly assignment structure which was updated to a more
consistent format of three weekly assignments: (1) Quiz, (2) Programming assignment, and
(3) Writing assignment. Quizzes require students to answer some basic questions on
corresponding weeks lecture contents and are mostly a tool to ensure lecture topics were
learned. They also work as a starting point for each weekly assignments as the other
assignments get unlocked only after completing that weeks’ Quiz-activity. Programming
assignments are assignments where students are asked to solve a testing related task by
writing actual program code. Programming assignments are all integrated with CodeGrade
and consequently require no manual grading from course assistants. Writing assignments are
mostly free-form submissions that answer a more in-depth question and vary from typical
essay-type answers to conducting black-box testing and documenting planned test cases.
While the writing assignments varied in content, this division of assignments is reasoned by
other assignments not requiring writing code or interaction with the CodeGrade system.
Another difference to the previous course is the addition of a bonus wiki-assignment that
had students expand existing testing related pages.

The pass criteria and point distribution between different activities (Table 3) also remained

roughly the same with some additional points becoming available from the new wiki-
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assignment. Weekly assignments were previously an optional part of the course as the
students could accumulate enough points to pass the course without actively taking part in
doing the weekly assignments. In the updated version of the course weekly assignments were
changed to being compulsory part of the course, requiring a total of 15 points to be able to
pass the course. Likewise, students would have to obtain half of the total points available

from both the course project and the exam to pass the course.

Table 3. Course grading categories and available points during year 2023.

Category Available points Compulsory
Exam 30 Yes

Project 30 Yes

Weekly assignments 30 Yes

Guest lecture 10 No
Wiki-assignment 5 No

5.2 Environment and tools

This section details the environment and tools used to implement the course Fundamentals
of Software Testing. The goal is to briefly introduce the core tools that make up the course
environment and describe some of their capabilities. As an automated assessment tool,
CodeGrade itself includes many features to benefit both students and course instructors,
making it the main point of discussion. All the course programming assignments are
implemented with CodeGrade capabilities in mind and the students are not required to set
up a special programming environment. However, for some of the weekly assignments and

for the course project it is still recommended to set up a local testing environment.

5.2.1 Moodle

Moodle is an extendable open source learning management system (LMS) used at LUT

University courses that is intended to provide an interactive online workspace that
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consolidates all course material, assignments and even exams to one location. Several
courses conducted by the software engineering department accept external students and
Moodle offers an easy way to authenticate users and enrol on a course even as a student that

is not using dedicated enrolment systems at LUT.

Moodle allows the usage of Learning Tools Interoperability (LTI) protocol to add external
add-on activities, which CodeGrade makes use of to integrate with LMSs such as Moodle,
Blackboard, Brightspace, Canvas and Sakai (CodeGrade, 2024a; Moodle, 2024). This way
Moodle accounts are automatically synchronized with CodeGrade through a shared session
and there is no need to separately log in to CodeGrade whenever working on programming
assignments. This also allows bi-directional communication between the two services to
synchronize student grades automatically. Other shared data between LMS and CodeGrade
include username, full name, email address, course name, assignment name and -state
(CodeGrade, 2024).

Moodle also provides other functionality that makes course management easier and
facilitates better learning. It’s possible to hold online discussions in the form of forums and
chats where the students can seek help from other students or course personnel. Moodle
offers some built-in features for collecting and viewing data, as well as creating and
exporting reports to different formats. These features make it easy to track student
progression during the course and in the context of this thesis, they also make it possible to
analyze different aspects of the course such as weekly assignments and course activity to

then draw conclusions on the implementation.

5.2.2 VS Code

Popularity of IDEs heavily correlates with popularity of different programming languages
but if not considered, Visual Studio and the more lightweight Visual Studio Code (VS Code)
hold the number one spot among most popular IDEs. Amongst programmers that have
chosen Java as their main programming language, the share of IDEs looks very different
with IntelliJ holding top spot with 78% share and VS Code with 6% share of Java developers.
(Carbonnelle, 2023)
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NetBeans used to be the recommended IDE to be used during the course but was changed
and demo videos updated to support VS Code instead. For this course the IDE choice is not
a critical factor as the role of it is to support simple testing activities locally on the students’
own system as opposed to larger projects. Because of its overall popularity it is also very
likely that students would have previous experience with VS Code or would end up using it
in the future. Like other popular IDEs, VS Code includes many features that make coding
easier especially for beginners. Syntax highlighting, code completion and -hints, debugging
capabilities, extensibility and its ease of use make it suitable for this use case. The current
requirements for the IDE are simple as it should at a minimum: (1) support testing with
JUnit, and (2) allow students to run Java code locally.

5.2.3 CodeGrade

CodeGrade is an automated assessment tool and a blended learning application tailored for
use in programming education. It originated as a course project at the University of
Amsterdam, motivated by firsthand experiences both as a student and as a teaching assistant
on computer science courses. Traditional grading methods were observed to be insufficient
for providing meaningful feedback and from the TA perspective the grading process was
seen as being too rigid, causing unnecessary overhead. CodeGrade includes variety of
different features that are used to make programming education easier for both students and
instructors. These are features such as grading related tools allowing creation of automatic
or manual grading rubrics or checking the authenticity of submissions via plagiarism
detection tools. Instructors are also able to benefit from CodeGrade analytics dashboard for
optimization purposes. This section will focus on the core features used in the assessment of
programming assignments and some of the more important features the students are in

contact with. These are features such as Code viewer and AutoTest. (CodeGrade, 2024b)

CodeGrade is built on the following three core technologies: (1) Vue.js, (2) Flask, and (3)
PostgreSQL. Vue is a front-end JavaScript framework used to build the user interface of
CodeGrade. Flask, which is a Web Server Gateway Interface (WSGI) framework, is used to
create the back-end of CodeGrade and finally, PostgreSQL is used as the database.
(CodeGrade, 2024c)
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Code viewer (Figure 3) is an online grading environment that includes functionality for both
teachers and students. For the students it is the main view they are presented to with their
submissions. Code viewer consists of three main sections that each provide different
functionality related to the submission: (1) Code, (2) Feedback Overview, and (3) AutoTest.
Code-section displays the submitted file with proper language specific highlighting and
supports inline feedback. It also includes a hierarchical file selection used to navigate
between submitted files and displays files that can be automatically generated during
AutoTest execution. Feedback-section simply displays all feedback given on an assignment
including inline- and general feedback. AutoTest-section is used to display the result of

automated assessment that the submission is tested against.

Code Feedback Overview AutoTest

package - com.example;

S Files Feedback

import static-org.junit.jupiter.api.Assertions.*;

v 2 TestStudent A
port java.util.ArraylList; (] AppTest.java

import - java.util.UUID;

8. import.org.junit.jupiter.api.Test;

Item em = new Item{"Test", -8,

14 assertEquals("Test”, testItem.getName());

testItem.setMame("Test2")

assertEquals("Test2", -testItem.getName());

Figure 3. Code viewer user interface.

AutoTest (Figure 4) is the system responsible for automated assessment and grading of
students’ programming assignments. With AutoTest, each student submission uses their own
individual Virtual Machine (VM) that runs on the latest Long Term Support (LTS) version
of Ubuntu. The VM environment itself has a wide variety of pre-installed software
commonly used to grade student submissions. Additionally, the environment comes with

wrapper scripts that support several different testing frameworks for different languages. For
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Java, both JUnit 4 and -5 are included but need to be installed separately with the help of a
wrapper script. AutoTest starts with a setup phase and creates a snapshot that is then used to
initialize separate containers for each testing phase or category. Setup phase is intended to
initialize the environment so that all the required files and versions of grading tools are in
order before running tests. Tests are built as combination of categories and related grading
rubrics. Each category then runs a set of tasks or smaller sub-tests determined by the visual

coding blocks and finally outputs a score. (CodeGrade, 2024d)

% sew #= Tests D Snapshots
P P

SEE PUBLISHED SNAPSHOT CREATED ON 2024-06-21 16:59 TO STUDENTS &7

& Hide
~ @ Run Only In'! editor ~ 4 0O i g
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1 # Write your bash script here.
2 REQUIRED="Checkout.java"

3 FILE=$(find $REQUIRED) Ullmlf
1

5 if [ "$(echo $FILE | wc -w)" != 1 ]; then

1 # Write your bash script here.

2 REQUIRED="Checkout”

3 FILE=$(find ${REQUIRED}.class)

4

5 if [ "$(echo $FILE | wc -w)" != 1 ]; then

~ B RunOnlyIn' submission =

o (&
BuiLp SnaPsHOT

Figure 4. Example test structure in AutoTest V2. Assignment from CodeGrade community
library.

5.3 Assignments

In their research Kollanus et al. (2008) describe their successful experience in incorporating
TDD on a software testing course in the University of Jyvaskylda and conclude that
incorporating TDD concepts to the curricula should happen early on but not too early;
meaning that TDD combined with challenging programming tasks can have an unintended

effect of overwhelming the students. Following their conclusion, to fit an introductory
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software testing course, the course assignments were built to introduce testing concepts but
at a level where the concepts are easy to understand and don’t require the students to produce
complicated code together with their tests. This was further reasoned with the limited scope

of the course and the number of other additional weekly tasks.

First couple of weeks’ lecture content consisted mostly of introduction of software testing
as a subject, different testing phases and terms related to testing. Based on the lecture topics
it was seen appropriate to introduce the students to how unit testing works in practice and so
the first programming assignments were more of an introduction to using JUnit and setting
up the local test environment. In TDD fashion, in the first programming assignment the
students were asked to implement a Body Mass Index (BMI) calculator based on already
provided set of unit tests. The assignment included a ZIP-file that contained two different
test classes corresponding to different grades obtainable from completing the assignment.
The student could choose to only complete the BMI-calculator as defined by the first set of
tests and obtain one point from the assignment or they could complete the complete
calculator as defined by the second set of tests to obtain full points from the task. The
assumption was that students already had previous experience from Java programming but
not on unit testing or JUnit. This approach would give them a chance to see the basic
structure of simple JUnit tests and allow them to ensure they are able run JUnit in their local
environment. During the second week the concept was flipped around, and the students
instead had to make their own unit tests utilizing JUnit. The assignment description and
assessment process were set up in a way that ensured the students use proper unit-testing

practices and build their unit tests using proper syntax.

In the assignment 3-2 the students were asked to create unit tests for a larger example
program consisting of several different classes. The assignment consisted of two separate
parts that were both part of the grading process: (1) creating unit tests that are required to
pass and, (2) creating unit tests that should fail, catching errors in the program code. The
first part required running students’ unit test against an example solution to ascertain
correctness of their unit tests. In the second part the tests were ran again but this time against
a solution where defects were introduced manually. The goal was then to find these defects
by not being able to visually detect them due to not having access to the version of the

program with bugs introduced. Assignment 6-2 had students also hunting for bugs but this
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time the students had access to the faulty program code and were able to find bugs using

program description, comments and CodeGrade hints.

Assignment 4-2 introduced a practical example of code coverage. In this assignment the
students were to conduct testing on a program with the goal of achieving near perfect
coverage percentage. The assignment itself was structured in a way that allowed the student
to reach almost perfect coverage by utilizing CodeGrade and JaCoCo to visually display
achieved coverage percentages for each class and method. Finally, assignment 5-2 had
students creating test stubs that allowed existing unit tests to pass.

5.4 Assessment of assignments

Assessment process of the programming assignments was implemented using three primary
technologies: (1) Semgrep, (2) JUnit, and (3) JaCoCo. Technologies used to assess different
course programming assignments and their inclusion in weekly assignments can be seen in
Table 4. Static assessment of program code and tests was accomplished using Semgrep, a
relatively new static code analysis tool first released in 2020 that supports a wide variety of
different programming languages (Semgrep, 2024). JUnit is an open-source testing
framework for Java programming language that is able to integrate with different build tools
such as Maven, Gradle or Ant (JUnit, 2024). JaCoCo is a code coverage tool for Java that is

paired together with JUnit to measure test adequacy.

Table 4. Technologies used with each CodeGrade programming assignment.
Assignment Semgrep  JUnit JaCoCo
1-2 v
2-2 v
3-2
4-2
5-2

AN NI NI NN

6-2
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Semgrep is used as a static code analysis tool on first two weeks of programming
assignments to ensure the students learn proper unit test structure and related conventions.
After first two programming assignments the importance of enforcing a certain test structure
was not seen as being the primary consideration, but the correctness of submissions was still
ensured with more detailed instructions and by formulating assignments in a way that
students had no choice but to come up with the right solutions to achieve a good grade.
Semgrep is very effective when the assignments follow a similar structure but struggles with

assignments that have multiple possible solutions (Avramov, 2022).

JUnit is the primary technology used in the assessment process and is used in the AutoTest
implementation of all course assignments. It is also the main tool used by students during
the course to construct their own tests. JUnit version 5 (JUnit 5) is used to execute a set of
test cases either provided by the student or uploaded to the assessment environment by the
instructor. To evaluate student submissions, a custom wrapper script is used to run the
command line version of JUnit with the defined test suite to generate an XML-report of the
test results. The report is then parsed to a CodeGrade suitable format and output to be used
by the AutoTest “Custom Test”-block (Figure 5). In the case of failure each individual test
result also provides information on the error and may also include other instructor added

hints. The students were typically awarded points for each passing unit test.
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invalid index properly
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(&) Test to see that generating UUID is () Test to see that Additem in store catches
working exception if item is null

() Test to see that reduceltemByAmount () Test to see that reduceltemByAmount
reduces cart item quantity works when total is negative

Figure 5. Example AutoTest result of student submitted tests. Custom Test -block displaying
JUnit test results.

JaCoCo is used to evaluate the adequacy of the students’ test suite by calculating a coverage
metric that indicates which parts of the code were covered by the tests. JaCoCo can be used
as a direct indicator on test adequacy but during the course it was used to teach students on
how code coverage works together with their JUnit tests. It works via class file
instrumentation using an agent together with the JUnit tests. Running JUnit test suite
together with JaCoCo generates a coverage report that can be visually examined to locate
different areas of improvement. This was previously possible in CodeGrade as the AutoTest
V1 allowed the students to view the generated visual representation of the coverage report
if the report was moved to a special AT_OUTPUT-directory that is accessible to students
(CodeGrade, 2021). However, with AutoTest V2 this was no longer possible and
customizing a wrapper script was necessary to generate a visually pleasing representation of
the coverage achieved. The wrapper script works in a similar fashion to the one used with
JUnit, the difference being in having to inject the JaCoCo agent and parsing the generated

coverage report to a representable format (Figure 6).
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Figure 6. CodeGrade submission code coverage example using JaCoCo and JUnit.
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6 Results

The purpose of this chapter is to objectively present results of the research based on the
feedback obtained from course participants in the form of a survey and based on data
collected from course Moodle page during the 2023 fall iteration of the course. The intention
of these results is to communicate how the change in course assignment structure was
perceived among the students and to compare trends in programming assignment
submissions between the two versions of the same course, i.e. course before and after

introduction of CodeGrade.

6.1 Survey

Data was collected in a form of a survey that was open to all participants after the course
had officially concluded and rewarded a point towards their final grade. A total of 79 answers
were collected out of 168 total participants which equates to roughly 47% of students that
submitted an answer to the survey. The survey itself included not just feedback on the
CodeGrade assignments but rather on the course as a whole —that is, polling general feelings
on the course topics, motivation and collecting free-form input on what went well or what
aspects need more improvement. This section limits presenting the survey results to areas

that directly relate to programming assignments.

The questions included both open-ended questions and questions where students were asked
to reply on a Likert-scale with a value ranging between 1-5. Open ended questions are

summarized with some of the more interesting quotes brought up as an example.

Q: The workload relative to the study credits awarded was. (Type: Likert. 1 very light; 3
appropriate; 5 very heavy)

The question itself does refer to the workload of the complete course, not just programming
assignments, but can still be used as a good indicator on whether the course assignment
difficulty was seen as adequate. Average of the answers landed almost exactly in the middle
with value of 3.1 and standard deviation of 0.6 (Figure 7). From the students’ point of view

the total course workload was seen as appropriate.
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Figure 7. Course workload as estimated by students.

Q: What aspects of the course need most improvement? (Type: Open)

Regarding weekly programming assignments one of the more requested improvements was
that the assignments should have more study materials and practical examples available,
especially during the first few weeks when JUnit is being introduced for the first time. The
experience with CodeGrade itself seems to have been a positive one but some respondents
wished for more assignment variety in terms of used technologies. One answer stated:

“Programming assignment instructions especially on the first weeks could have been

clearer.”

Some students seemed to also experience problems setting up their local testing environment
and hoped for additional material or step by step guides on how to make JUnit work on their
own machine. Especially for macOS users setting up the testing environment seemed to

create some unique challenges.
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Q: What was best about this course? (Type: Open)

Programming assignments and CodeGrade received a lot of praise and many respondents
felt that the programming assignments ended up being their favorite part of the course.
Course content and assignments were seen as easy to understand and some answers
mentioned liking the weekly assignment structure because they could still get something out
of the course and pass without being confident in their programming abilities. A respondent

mentioned:

“The weekly exercises were fun to do and the CodeGrade system was implemented well. The

project goal was also very clear. The teaching videos were informative too.”

Q: How useful would you consider the following parts of the course? (Type: Likert. 1 not

useful; 5 very useful)

Several aspects of the course were graded (Figure 8) with the topics of interest for this thesis
being exercise tasks and the CodeGrade submission system. Exercise tasks were graded with
an average of 4.3 and CodeGrade received an average grade of 4.2. The least favorite part
of the course was overwhelmingly named to be the optional wiki-assignment which was

added as a new task for this iteration.
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Figure 8. Course topic usefulness according to respondents.

6.2 Course assignments

Course assignment data was extracted from the course Moodle page and analyzed to gain
insight into what changes the programming assignments have gone through in terms of
attained grades and submission rates for each assignment. Data was obtained from both
before implementing the new programming assignments and after updating programming
assignments to support CodeGrade as an automated assessment tool. This section will

present and compare the data obtained from these two course iterations.

As was stated in section 5.1 Updated course structure, the new course assignments were
changed into a more consistent format. Instead of having a constant mix of writing and
programming assignments, the weekly assignments had one of each type, i.e. quiz,
programming assignment and a writing task each week. The average submission ratio
between writing assignments remained roughly the same (0.7 in 2022 compared to 0.67 in
2023) (Figure 9). However, the average submission ratio of programming assignments
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increased noticeably from 0.41 to 0.59. As the previous course implementation did not

include quiz-type assignments, no comparison can be made for quiz-activities.
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Figure 9. Submission ratio of different assignment types during old (2022) and updated
(2023) versions of the course.

Submissions rates of all programming assignments during both the old and new version of
the course can be seen in Figure 10. A downwards trend in the submission ratio can be seen
in the submission data of both course implementations. However, the 2022 version of the
course had a more dramatic decline as compared to the 2023 version while also experiencing
larger deviation between submission ratios of different assignments. The old course had its
peak submission ratio of 0.7 during the submission of first programming assignment and the
lowest submission ratio of 0.18 during the fifth week of the course. On the other hand, the
updated course experienced its highest peak of 0.67 also during the first programming
assignment of the course but followed a very linearly decreasing path with the lowest point
being the last programming assignment with a value of 0.49.
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Figure 10. Submission rate of all course programming assignments during old (2022) and
updated (2023) versions of the course.

General data for all the course assignments can be seen in Figure 11. Average number of
submissions is only calculated for CodeGrade assignments that support unlimited
submissions, whereas quizzes and essay-type assignments are limited to only one submission
for each student. Assignment 3-2 stands out as having especially high number of average
submissions per student. The submission ratio and average score for this assignment also
indicates slight increase in difficulty. Average score for all weekly assignment submissions

reached nearly 90% of the maximum points available which indicates that the difficulty of
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the assignments was certainly not too difficult for those who made an attempt at the

assignment.

Assignment Submission ratio Average score Max points % of max Avg. submissions
Quiz #1 0.91 0.87 1 86.67 %
1-2 0.67 1.74 2 87.12% 3.49
1-3 0.77 1.92 2 96.12 %

Quiz #2 0.84 0.88 1 87.73%
2-2 0.65 1.95 2 97.29 % 2.60
2-3 0.70 1.76 2 87.82 %

Quiz #3 0.83 0.91 1 90.79 %

3-2 0.56 1.45 2 72.27 % 7.72
3-3 0.76 1.78 2 88.78 %

Quiz#4 0.83 0.92 1 92.09 %

4-2 0.63 1.61 2 80.66 % 4.42
4-3 0.70 1.68 2 83.90 %

Quiz #5 0.80 0.95 1 95.37 %

5-2 0.52 1.88 2 93.88 % 3.49
5-3 0.54 1.63 2 81.67 %

Quiz #6 0.75 0.92 1 91.90 %

6-2 0.49 1.97 2 98.29 % 2.85
6-3 0.57 1.93 2 96.32 %

Figure 11. Assignment data for all course assignments during year 2023. Submission ratio,
average score of each assignment, maximum points available, percentage of maximum
points attained and average number of submissions for all programming assignments
included in the figure.

6.3 Course demographics

Course demographics for both versions of the course are presented as contextual data in
order validate the course assignment data used in previous sections. A Largely different
course demographic could influence the collected assignment data if, for example, the
number of students from other faculties with less programming experience suddenly

increased.

According to course data collected from the Moodle pages of each yearly iteration of the
course Fundamentals of Software Testing, the faculty split between students remained
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roughly the same while the total student numbers increased from 142 to 168 students (Figure
12). The clear majority of the students were part of the LUT School of Engineering Sciences,
followed by FiTech, School of Energy Systems, and finally School of Business and
Management, listed in decreasing order based on number of students. School of Engineering
Sciences includes variety of different areas of expertise, software engineering being one of
them (LUT University, 2024). FiTech on the other hand is an external network university
collaborative with several major Finnish universities participating and offering a selection
of technology related courses that range from introductory courses all the way to more
advanced courses (FiTech, 2024). Based on the course student demographics it is relatively
safe to conclude that the faculty split on each year should have no significant impact on

assignment data.
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Figure 12. Student numbers of each faculty during years 2022 and 2023.
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7 Discussion

The survey results indicate that the updated programming assignments and the introduction
of CodeGrade were received positively. Submission ratio of programming assignments saw
drastic improvements over the previous implementation and the collected responses as well
as course data indicate that the students were motivated to attempt the programming
assignments and receive a good grade. One of the initial goals when creating new
programming assignments was to engage the students with a low barrier to entry so that they
no longer opt to skip the assignment completely in favour of other non-programming
assignments. Previously, with the weekly assignments being a non-compulsory part of the
course, the students were able to avoid the more difficult looking assignments altogether.
However, with the restructuring of assignments and the introduction of automated
assessment, the students seemed more encouraged to make an honest effort at the
programming assignment. To achieve this, the students were permitted an unlimited number
of submissions which encouraged them to turn in a solution even if they did not perceive it
as being complete. This way the students were able receive a small number of points even if
they did not complete the entirety of the assignment and were rewarded for their efforts
accordingly. It is good to note that the drastic increase in assignment submission ratio, i.e.
students that had at least one submission on an assignment, is partly explained due to lowered
difficulty in receiving partial grades which in turn worked to encourage the students to keep
improving their submission. This way the students were provided with immediate positive
feedback that their new solution did in fact perform better in comparison to their previously

submitted version.

Many survey respondents expressed their satisfaction in the programming assignments and
how they supported learning through more concrete examples. On the contrary, some
explicitly stated that they wished for more practical examples that supported programming
assignments. The introduction of JUnit at the start of the course was in some cases seen as
being too abrupt as the course material and lecture content had not yet been updated to reflect
new programming assignments. While the students were provided with hints and external
resources to help them solve the current problem, some still wished for more direct

examples, especially on the usage of different JUnit assertions.
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Selection of technologies for automated assessment was initially motivated by related
research on different static- and dynamic assessment tools, particularly those related to prior
experiences using CodeGrade in an educational setting. One such case is Avramov’s (2022)
experience using a combination of CodeGrade, JUnit and Semgrep to grade programming
exams. Selection of tools was further limited by current CodeGrade capabilities as well as
recommended technologies showcased in CodeGrade documentation and blog posts
(CodeGrade, 2024a; CodeGrade, 2021). Semgrep was first used to ensure that the students
followed recommended practices when building their test cases, but this was quickly deemed
to cause unnecessary friction if the used patterns were too rigid. Programming exams are
generally graded while considering coding style and other structural specifications.
However, in the case of assessing unit tests, the role of a static assessment tools was regarded
more as a supporting tool and the students were allowed to design their test cases more freely.
Even in the absence of static code analysis tools, the quality of submissions remained

consistent.

VS Code was included as the recommended way for students to develop and test their test
cases in a local environment. It was still possible for the students to complete the assignment
by only utilizing the CodeGrade built-in code editor, but setting up a local environment was
recommended in order to teach the students how they can make use of standard development
tools such as debugger to find flaws and improve their code. However, some students
reported difficulties in setting up their local testing environment, especially macOS users
struggled finding supporting material to help them get started. As a solution to this problem,
the course material could be further improved to provide means for students to self-diagnose
and solve the issues they are having with their local development environment. After the
initial hurdles, the experience using VS Code for programming assignments was regarded

positively.

It is difficult to accurately estimate the success of CodeGrade implementation and its
capability in assessing student submissions because the introduction of CodeGrade was not
the only new change to the course. The course itself went through small structural changes
and even in the case of programming assignments the contents and grading criteria were
changed considerably. This makes it difficult to directly compare previous grades and draw
conclusions from them. Furthermore, the AA environment created some limitations in terms

of assignment design as the assessment of more creative designs was often very difficult or
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created opportunities for dishonesty in terms of cheating the system. For example, during
assignment 4-2, which presented a practical example of code coverage, it became apparent
that CodeGrade would not be able to display the automatically generated visual report on
achieved coverage and so a workaround was used to generate a coverage report using
CodeGrade functionality. According to the survey results and feedback received during
course exercise events, the experience using CodeGrade was very smooth and caused little
to no friction. The biggest cause of confusion was the lack of useful feedback in cases where

the submitted program did not compile due to presence of errors in the student’s code.

In the future, the assignments should be improved to include more tools to provide feedback
on errors and coding style. Currently, the students are able to use the general error messages
to pinpoint problems, but in some cases, this is a major cause for confusion. There is an
opportunity to improve the current assignments by including style enforcement with static
analysis tools. One weakness of JUnit is its inability to compile in the presence of syntactic
errors (Avramov, 2022). With static analysis tools it’s possible to provide meaningful
feedback in such cases where compilation is not possible. Another area of improvement is
the course material and its linking to programming assignments through practical examples.
This is an area that is likely to improve in the future versions of the course. Additionally, the
assignments could be expanded to include different kinds of testing methods and tools. For
example, the use of mutation testing in assessment of programming assignments holds

potential for further research.
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8 Conclusion

The objective of this thesis was the implementation of a newly adopted automated
assessment tool, CodeGrade, on an introductory level software testing course. In the process,
related literature was reviewed to gain insight into different methods of assessing
programming assignments, their benefits and possible drawbacks. Course programming
assignments were updated and migrated to use CodeGrade, after which a survey was

conducted to find out students’ attitudes and experiences using CodeGrade during the course.

Increasing student numbers on software engineering courses resulted in the need to introduce
automated assessment to answer issues with grading consistency, availability and speed in
receiving quality feedback. CodeGrade is an automated assessment system that, while being
a new addition to LUT University ran software engineering courses, had been successfully
piloted on some of the introductory level courses but had not yet been applied in the context
of software testing. Software testing is an important part of software engineering education
but also creates some unique challenges in terms of how to effectively evaluate the students’

testing skills.

A survey was conducted that asked the respondents to evaluate different course aspects on a
Likert-scale with values ranging between 1-5. The usefulness of CodeGrade received an
evaluation of 4.2 and together with free-form feedback it is clear that the experience using
CodeGrade as a programming assignment assessment system was received well. The total
workload of the course was evaluated with an average score of 3.1, which indicates that the
assignment difficulty was seen as adequate from the students’ point of view. Additionally,
the submission ratio of assignments improved greatly compared to the previous

implementation of the course and remained consistent from start to finish.

Large portion of feedback was associated with the need for additional supporting learning
material, especially during the first couple of weeks of the course. Future improvements
should focus on providing more practical examples and linking the course materials more
tightly to the assignments. It is also important to consider how to introduce different aspects
of software testing as the programming assignments still largely focus on unit testing topics.
While the workload of the course was evaluated to be appropriate there is also some room

to consider adding more in-depth assignments.
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Appendix 1. Survey questions

Course: Fundamentals of Software Testing (04.09.2023-20.10.2023)

Question 1: Motivation on this course was.

Type: Likert 1-5, where: (1) Very low, (5) Very High

Question 2: How much did you invest in your learning on this course?
Type: Closed
Options:

O1: I nether participated in the teaching events nor completed the required assignments

O2: I didn’t participate actively in the teaching events, but I completed the required
assignments.

03: | somewhat participated and/or completed some of the assignments.
O4: | somewhat participated and/or completed all the assignments.

O5: | participated in almost all teaching events and/or completed the required assignments.

Question 3: The workload relative to the study credits awarded was.

Type: Likert 1-5, where: (1) Very light, (3) Appropriate, (5) Very heavy

Question 4: The teaching methods used on the course supported my learning.

Type: Likert 1-5, where: (1) Strongly disagree, (5) Strongly agree

Question 5: The course as a whole promoted my learning.

Type: Likert 1-5, where: (1) Very little, (5) Very much



Question 6: What aspects of the course need the most improvement?

Type: Open

Question 7: What was best about this course?

Type: Open

Question 8: How well have you understood the following topics?

Type: Likert 1-5, where: (1) Not at all, (5) Very well

Topics:

T1:
T2:
T3:
T4.
TS:
T6:
T7:
T8:
T9:

T10:
T11:
T12:
T13:
T14:
T15:
T16:
T17:
T18:
T19:

Software testing V-model

Testing in agile (Scrum) software development
Alpha, beta, gamma, field testing

Inspections

Black-box testing

White-box testing

Grey-box testing

A/B testing

Test-driven development

Unit testing

Integration testing

System testing

Usability testing

Acceptance testing

Continuous integration and continuous deployment (CI/CD)
Regression testing

Bebugging

Prototype testing

xUnit



T20: Test documentation

T21: Test automation

T22: When to stop testing

T23: Test generation with Visual Studio Code

Question 9: How useful would you consider the following parts of the course?
Type: Likert 1-5, where: (1) Not useful, (5) Very useful
Topics:

T1: YouTube lecture videos
T2: YouTube demo videos
T3: Lecture slides

T4: Exercise events

T5: Exercise tasks

T6: Moodle news / texts
T7: Course project

T8: Exam

T9: Visiting lecture

T10: CodeGrade submission system
T11: Discord

T12: Wikipedia task

Question 10: What operating system were you mostly using when doing course tasks?
Type: Closed

Options: Windows / MacOS / Linux / ChromeQS / Android / i0S



Appendix 2. Survey data

Following tables display collected survey data as related to this thesis. Namely, data is
presented for survey questions 3 and 9 as these questions were the primary consideration for

the results of this thesis.

Question 3: The workload relative to the study credits awarded was.

Grade Number %

1 0 0.0

2 7 8.9

3 57 72.2
4 13 16.5
5 2 2.5
Total 79 100.0

Average grade: 3.1

Standard deviation: 0.6



Question 9: How useful would you consider the following parts of the course?

YouTube
lecture
videos
YouTube
demo videos
Lecture
slides
Exercise
events
Exercise
tasks
Moodle
news/texts
Course
project
Exam
Visiting
lecture
CodeGrade
submission
system
Discord
Wikipedia
task

16

16

3
8

11

34

30

10

22
22

16

20
28

4

22

28

28

15

31

20

31

29
20

22

17
13

5

45

38

36

11

38

15

36

26
31

38

27

Avg

4.4

4.2

4.2

3.2

4.3

3.4

4.3

4.0
4.0

4.2

3.7
2.6

Sd

0.9

0.9

0.9

11

0.8

11

0.7

0.8
1.0

0.9

1.3
11

79

79

79

77

79

79

78

79
78

79

78
77



