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Automated assessment tools have been used for over 60 years and they have evolved over
the years. Now, LUT University has come to a point where a new tool, CodeGrade, is
being introduced and tried out in the Web Applications course where the CodeGrade’s
features can be tested in many ways. At the same time the course is being renovated
and it will include new programming assignments. The goal of this thesis was to find
out how capable the new tool is, and how it can improve the programming assignments.
Based on the feedback survey made for the students, CodeGrade performed well and got
an average score of 3.8 on a scale of 1-5. The new programming assignments were seen
as challenging, and most of the students saw it as a positive thing. In the future the course
staff has to be extra careful with the assignment instructions as even a small misspelling
in a critical point may lead to redundant work for the students.
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Automaattisen tarkistuksen työkaluja on käytetty jo yli 60 vuoden ajan, ja kehitystä niissä
tapahtuu jatkuvasti. Nyt LUT-yliopistolla on päästy siihen tilanteeseen, että uutta työkalua,
CodeGradea, kokeillaan Web Applications -kurssilla, jossa työkalun eri ominaisuuksia
voidaan kokeilla monipuolisesti. Samaan aikaan kurssin materiaaleja päivitetään, ja oh-
jelmointitehtävät tehdään uusiksi. Tämän paperin tavoitteena oli selvittää, miten uusi
työkalu pärjää näissä olosuhteissa ja miten ohjelmointitehtäviä saataisiin kehitettyä uuden
työkalun avulla. Opiskelijoiden antaman kurssipalautteen perusteella CodeGrade suoriu-
tui hyvin ja sai asteikolla 1-5 keskiarvosanaksi 3.8. Ohjelmointitehtävät nähtiin haasteel-
lisina, ja suurimman osan mielestä tämä koettiin hyvänä asiana. Tehtävänantojen kanssa
tulee jatkossa olla tarkka, koska pienetkin kirjoitusvirheet kriittisissä kohdissa voivat ai-
heuttaa opiskelijoille ylimääräistä työtä.
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1 INTRODUCTION

Automated assessment is not a new thing in software engineering as it has been used since

1960s. The usage of automated assessment tools (AATs) has a lot of benefits, including

savings in time and money (Malmi et al. 2002), but most importantly it can actually im-

prove the academic performance and increase student interest (Wilcox 2015, Ramos et al.

2013, Woit & Mason 2003). Gárcia-Mateos & Fernández-Alemán (2009) carried a survey

among the students about the usage of AAT/Online judge, Mooshak, and 77% agreed that

“the judge has been a very useful tool in all the activities”. Also, in a survey made by

Saikkonen et al. (2001), 80% thought that automatic assessment in general is a good or

excellent idea. Some aspects that affect the popularity of the automated assessment is the

high availability (Wilcox 2015, Enström et al. 2011, Restrepo-Calle et al. 2019, Solomon

et al. 2006) and fair and objective assessment (Gárcia-Mateos & Fernández-Alemán 2009,

Insa & Silva 2018, Restrepo-Calle et al. 2019, Woit & Mason 2003, Pinter & Szenasi

2020). In fact, Parihar et al. (2017) tested GradeIT, an assessment and program repair

tool combination, with 15 000 student submissions and found it to be more stable in grad-

ing than multiple teaching assistants (TAs). Fitzgerald et al. (2013) also compared four

human graders to one another, and found that they had different reasons to one another

for giving a certain grade. Automated assessment improves self-assessment skills and

encourages students to work independently (Montoya-Dato et al. 2009, Gárcia-Mateos &

Fernández-Alemán 2009, Yu et al. 2006).

At LUT University, various AATs have been used to assess programming mass courses,

such as the first computer science course (CS1), but more technically advanced topics

such as browser-based software or Android applications have been previously assessed

manually. This has not been a big issue, because the number of students in these courses

have been low. However, now that the number of intaken computer science students to

bachelor-level studies have roughly doubled each year for the past four years, from 25

to 200 students, the issues of manual assessment, like unfair and inaccurate assessment

(Parihar et al. 2017) and increased workload, are becoming a serious issue. The university

has previously tried to use an AAT for web application course (Knutas et al. 2019), but due

to the lack of proper automated feedback and issues in maintaining the tool, the university
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started a project to map out the AATs and select the most suitable one for future courses.

In that project, the goal was to acquire AAT that could be used in most of the programming

courses, so that there would not be a need to manage multiple tools. As a result of this

project, CodeGrade was chosen for further analysis (Mäkelä 2021).

The next step for introducing a new AAT to the university was to try it out in a program-

ming course. Web Applications course was chosen for this purpose as it at the time had

major issues. Also, due to the fact that browser-based software has a lot of different kinds

of features that could be tested, such as graphical user interfaces (GUI), databases and

networking, it provides a possibility to try CodeGrade in many ways to get a see how it

could work with other technologies in other courses.

1.1 Objectives and restrictions

The goal of this thesis is to improve the Web Applications course by improving its pro-

gramming assignments by using a new AAT for the LUT University, CodeGrade. Im-

provement of the programming assignments is essential, as the course is heavily oriented

on developing programming skills, and it is best learned by doing. While the Web Ap-

plications course will be renovated almost from scratch, this thesis will only focus on

the programming assignments and the usage of CodeGrade in this course. The research

questions are the following:

1. How does the new automated assessment tool compare to the previous tools?

(a) How does the tool support teachers to make automatically assessed assign-

ments?

(b) How do students see the new tool compared to the previous tools?

2. How should new assignments be constructed for the Web Applications course?

(a) How should the assignments be assessed?

(b) How to change the assignments to answer the demands of students?
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To answer the first question and its sub-questions, variety of AATs features are going to

be used in the Web Applications course to see how it supports the creation of different

kinds of programming assignments, and what tools it provides to manage the assignments.

To get knowledge of how the programming assignments should be done, literature and

student feedback will be used. To get the students point of view about the topics, two

surveys are made in the course and the comments of the students as well as their behavior

during the course are taken into account.

1.2 Structure of the thesis

The first chapter of this thesis gives the background and introduces the problem. The

literature and relevant studies are summarized in the second chapter. In the third chap-

ter the research methods for this study are described. The previous implementations of

the Web Applications course are analyzed in chapter four, and the new programming as-

signments are presented in chapter five. In the discussion part of this paper, the research

questions are answered and performance of the AAT and the programming assignments

are described. In the last chapter, the whole thesis is summarized.
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2 AUTOMATED ASSESSMENT OF PROGRAMMING

ASSIGNMENTS

Automated assessment has been used for quite some time for programming assignments.

First AAT was presented in 1960s Hollingsworth (1960), and it was used to assess pro-

grams made for IBM 650 computer that used punched cards. Also, GUIs have also been

assessed for at least 20 years (English 2004). During this time, there has been made

multiple studies on how the automated assessment affect on student’s academic perfor-

mance and instructor’s workload. In this chapter, success factors and possible issues of

automated assessment are being taken a look. Also, programming assignment analysis

methods are described.

Literature review for the thesis was conducted using a snowballing approach. Snowballing

is a systematic search approach which uses the reference list of a paper or the citations

to the paper to identify additional papers (Wohlin 2014). The steps of the snowballing

procedure are outlined in Figure 1. In short, snowballing starts from identifying the start

set from which the procedure will begin. The start set should contain papers from different

publishers, years and authors so that the start is diverse. With a diverse starting set, it is

more likely to find relative papers from different places. Other characteristics of a good

start set are that the start set has enough papers and that it is formulated from keywords

in the research question (Wohlin 2014). After the start set has been identified, the first

iteration of the backward and forward snowballing is conducted. In forward snowballing,

the new papers are identified on those papers that citing the paper being examined, and

the backward snowballing identifies new papers using the references of the paper being

examined. This part should be iterated as long as no new relevant papers are found.

The potential papers for a start set was gathered from Google Scholar using search terms

“automated assessment programming”. The search resulted 100 papers in total, from

which the start set was filtered. The literature review started with 33 relevant papers.

Criteria for the filtering were that the paper had to be published in 21st century and the

paper must be relevant for the thesis and written in English. The first iteration had 1229
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unique papers. 60 papers were included to the thesis from this process, and only one

iteration was done due to the time restrictions. Papers that were behind paywall, written

in some other language than in English or could not be accessed for some other reason

were excluded from the snowballing procedure.

Snowballing

1. Look at title of paper
citing

2. Look at the abstract
of the paper
referenced

3. Look at the place of
reference

4. Look at the full paper
citing

Forward

In each step in both backward and
forward snowballing, it is possible to
exlude or tentatively include paper

1. Look at title in
reference list

2. Look at the place of
reference

3. Look at the abstract
of the paper
referenced

4. Look at the full
referenced paper

Backward

Start literature
search

Identify a tentavie
start set

Iterate until no new
papers are found

Final inclusion of a paper should
be based on the full paper

If no new papers found,
stop the snowballing
procedure

Figure 1. Snowballing procedure (Wohlin 2014).

2.1 Success factors of automated assessment

Introducing AAT to programming course does not automatically decrease instructor’s

workload or make the course better. To get all the benefits from the automated assess-

ment, there are multiple factors that should be considered. Pieterse (2013) lists factors

that are likely to contribute to successful application of AAT. These factors were iden-

tified from a literature review coupled with their own experience. The factors that are

presented are quality assignments, clear formulation of tasks, well chosen test data, good

feedback, unlimited submissions, student testing maturity and additional support. The
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factors are discussed in this subsection.

Quality assignments

The difficulty of the assignment affects the quality. When creating the assignment, it

should be noted that what to expect from the students: Hernan-Losada et al. (2008) pro-

poses defining certain metadata for the assignment and using Bloom’s taxonomy for defin-

ing the demanded cognitive level to perform the assignment successfully. Using Bloom’s

taxonomy this way helps the instructor to outline the learning objectives on each assign-

ment and think again the difficulty level. It can be useful smooth the learning curve of

the students by starting with assignments that can be done in the level of comprehension,

and eventfully leading students to synthesis level. These levels are described in Table 1.

This information is used when assignments are created by trying to make weekly assign-

ments gradually more difficult on cognitive levels. It is important to keep the assignments

challenging enough even though the assignments start from the lower cognitive levels, be-

cause the difficulty of the exercises motivates the students to better performance (Malmi

et al. 2002).

Table 1. Partial Bloom’s taxonomy incorporated to programming assignments (Hernan-Losada
et al. 2008, 2010).

Taxonomy level Description
Comprehension Writing the program from a known algorithm done with e.g pseudo

code. Second sort of exercises for this category is to give the stu-
dent a incomplete program, and fragments from which to choose
from to complete the assignment.

Application Applying a known formula or method to a new situation.
Analysis Ability do decompose a task to modules/sub-tasks and understand

their relations.
Synthesis Design a program for a new problem, or building a structure or

pattern from several elements.

Clear formulation of tasks

Using automated assessment tool requires giving clear and concise instructions for stu-

dents (Cheang et al. 2003, Ullah et al. 2018, Rubio-Sánchez et al. 2012). Usually the test

cases that are made for the assignment are precise, so it is necessary to give all the needed
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information for the students right in the beginning to prevent frustration amongst students

due to having to deal with an unexpected requirements and specifications. For example,

Yu et al. (2006) studied the usage of PASS automated assessment system, and found that

if using the program output comparison, the wanted output should be precisely described

so the students would not misunderstand the wanted formatting.

Well chosen test data

Choy et al. (2005) used AAT called PASS in two programming courses, and many stu-

dents that used the system said program output comparison, also called I/O -testing, being

frustrating. There are more advanced tools for input/output (I/O) testing to make it more

equitable, such as output tokenization (Poon et al. 2016). Using more advanced I/O -tools

instead of traditional comparison may reduce frustration among students because of the

more relaxed formatting requirements. This also applies to test cases that are based on

string comparison. Test data should also give points from partially correct solution, be-

cause novice programming students are not always capable of doing the full assignment

(Ullah et al. 2018). This means that one assignment should consist of multiple test cases,

and points should be given when the student has achieved the test case. Although, it

should be kept in mind that sometimes it is necessary to grade test cases in order to make

sure that the students focus on the main goal of the assignment. There are methods for

generating test data automatically, such as a data-driven approach introduced by Pieterse

& Liebenberg (2017). Using randomized or individual test data for the same assignment

is pedagogically a good thing for two reasons: First, it prevents the students from copy-

ing one another, and secondly, it encourages to natural co-operation (Korhonen & Malmi

2000).

Good feedback

Based on Malmi et al. (2002) experience, the main benefit of the AAT is the ability to set

up sufficient number of practical assignments for the students and give them feedback on

a large scale. In large scale courses it is not always possible to give manual feedback on

assignments until the end of the course, and even then, it would require a lot of teachers

and assistants. It should be possible to give formative feedback even on large courses be-



15

cause it has a positive correlation to student’s academic achievements (Hao & Tsikerdekis

2019) and instant feedback to students encourages students to enhance their programming

skills (Choy et al. 2005, Epstein et al. 2002).

There are multiple types of feedback that the AAT may give and known types has been

categorized to five types by Narciss (2008). Keuning et al. (2018) used this categories

and subtypes for these categories based on findings from literature. The summaries of

these subtypes can be found from Table 2. Knowledge about Mistakes is the most pop-

ular type (Keuning et al. 2018, 2016), and that may be because program correctness is

the most popular quality factor in assessment (Romli et al. 2010). Hao et al. (2019) com-

pared hint-based, gap between expected and actual result, and binary feedback methods,

and based on findings the expected/actual feedback style was the most helpful for the

students. However, there are also comments from the students that the AAT should give

broader feedback on how to solve the errors (Restrepo-Calle et al. 2019). When design-

ing assignments for automated assessment, different kinds of learning methods should

be considered, and feedback should be encouraging for majority: traditionally, the feed-

back from the programming assignments has been mostly verbal and therefore does not

courage visual students to proceed (Korhonen et al. 2003). If possible, some visualiza-

tion tools or testing tools that produce screenshots or videos about the program should

be used to support visual learning. For example, in web assignments Cypress framework

(Cypress n.d.) could be useful since in addition to verbal feedback from the test cases,

it is also possible to produce videos and screenshots. Visualization is not popular way to

give feedback, and the main reason may be the difficulty of producing it (Ihantola et al.

2011).

Unlimited submissions

Benefit of re-submission is that students can revise their submissions based on feedback

(Malmi et al. 2002, Ala-Mutka 2005a). Malmi et al. (2002) found that when they allowed

re-submission, the first submission was clearly worse. However, the overall performance

was still slightly better when re-submission was introduced. Using automated assessment

with only one submission allowed per student per task may decrease teacher’s productivity
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Table 2. Feedback types (Narciss 2008, Keuning et al. 2018).

Type Subtype Description
Knowledge
about Task
Constraints

Hints on Task
Requirements

Tool gives a hint on missing requirement by
highlighting the missing requirement from task
statement or sending a message.

Hints on
Task-processing
rules

Tool gives a hint on what are the ways to solve
the assignment. For example, the tool might tell
that the assignment is possible to do iteratively
by [...] or recursively by [...].

Knowledge
about
Concepts

Explanations on
Subject Matter

One way to do this is by referring to internet
source when a student encounters a problem.

Examples
Illustrating
Concepts

If a student encounters a problem, the tool may
give an example program that the student has
done previously or an example program that is
closely related to the assignment.

Knowledge
about
Mistakes

Test failures Resembles the output of professional testing
tools, such as xUnit tools. Also, input/output
(I/O) testing is included to this subtype.

Compiler Errors The output of the compiler is given to a student,
enabling the student to do the task without
directly using compiler.

Solution Errors This can be done by comparing a student’s
solution to a few model solutions and
identifying differences in measures such as size,
time and structure.

Style Issues Gives feedback based on how coding
conventions are obeyed. One example is
Style++, and some teachers and assistants stated
that the quality of the student’s coursework got
noticeably better when Style++ was introduced
(Ala-Mutka et al. 2004).

Performance Issues Feedback on how the solution performed. For
example, how long did the solution take, or how
much memory did it use.

Knowledge
about How
To Proceed

Bug-Related Hints
for Error Correction

Give hints on errors. This can be thought as an
extension for test failure -subtype: instead of
only pointing out the failure, this feedback type
also gives a hint on how to fix it.

Hints on
Task-processing
Steps

Gives hints about what is the next step to solve
the assignment.

Program
Improvements

May give advices on how to improve
performance or make the code more readable.

Knowledge
about Meta-
Cognition

- Checking if a student really knows why the
answer is correct.
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(Liebenberg & Pieterse 2018), and summative assessment with automation tools increases

instructor’s workload (Pieterse & Liebenberg 2017). Some students may try to carry

out assignments by re-submission with minor changes to code. This strategy is called

trial-and-error, and it seems to be associated to inferior performance, although causality

is not clear (Auvinen 2015). Introducing limit to re-submissions reduces significantly

students from using trial-and-error, but the limit of the re-submissions should be high

enough so that it does not affect to students who are not using it (Karavirta et al. 2006).

Another option is to introduce regression penalties to reduce the usage of the trial-and-

error strategy (Baniassad et al. 2021).

Student testing maturity

Also, introducing style analysis tools, such as Style++ (Ala-Mutka et al. 2004), gives the

student a better basis of coding conventions, which in turn assures better co-operation

with other programmers (Ala-Mutka et al. 2004). Cardell-Oliver et al. (2010) introduced

tools for testing the quality of the code and found that students who used those tools had

greatly reduced amount of style warnings. Yu et al. (2006) proposes that hiding some test

cases from the students may courage them to test their programs more comprehensively

and find problems before submitting their code to AAT.

Additional support

Automated assessment frees time for teachers and teaching assistants (TAs) from man-

ual assessment (Enström et al. 2011). Therefore, there is a possibility to dedicate time

for individual tutoring. Taherkhani et al. (2012) stated that even though using AAT re-

duces time from manual assessment, they directly moved the workforce to scaffolding

of the students. Programs offered them the opportunity to build interaction with the lec-

turer upon the error/suggestion messages (Delgado-Pérez & Medina-Bulo 2020). Pieterse

(2013) lists options to compensate for the decreased involvement of the instructor. The

main areas that require additional support are instructions on how to use the AAT, a place

where to ask for support concerning the assignments, such as an open discussion forum

for all the students, and improvement of the AAT feedback.
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2.2 Issues of automated assessment

Using AAT does have many benefits when used correctly, but it does have some conse-

quences. For instance, these issues may concern either the academic performance of the

students or the workload of the instructors. Pieterse (2013) has identified some issues

about the usage of AA based on the experience reports found from literature and on their

own experience. In this section, these issues are described to get a better view on things

that may become a bigger problem when an AAT is introduced to the course. These fac-

tors are not the end of the world, but the knowledge about them reduces the number of

unexpected problems and helps from not making the same mistakes.

Challenging effort

Designing programming assignments for automated assessment requires special attention

because even small mistakes in the marking definitions may cause unnecessary problems

(Ala-Mutka 2005b). Writing test data for automatic assessment can be a challenging

process (Lepp et al. 2017a, English & English 2015, Ullah et al. 2018, Lepp et al. 2017b)

and requires substantial amount of thought (Chen 2004). Writing test data for automatic

assessment can be a very particularly process (Lepp et al. 2017a, English & English 2015,

Ullah et al. 2018, Lepp et al. 2017b) and requires substantial amount of thought (Chen

2004). The test cases also needs to be designed thoroughly for AAT (Ala-Mutka 2005b,

English & English 2015), meanwhile assignments that will be manually assessed can be

phrased less precisely and marking can be more impressionistic (English & English 2015).

In conclusion, most of the challenges of automatically assessed assignments comes from

creating the assignments, therefore there should be reserved enough time to assure that

the assignments can be done carefully.
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Increased effort

While automated assessment reduces time from manually assessing student programs,

creating assignments that can be automatically assessed may take increased amount of

time. Lepp et al. (2017a,b), Gotel & Scharff (2007) admits that making quality test cases

require increased effort from organizer. For example, this increase can be seen in prepa-

ration time for practices (Delgado-Pérez & Medina-Bulo 2020): Lecturer must determine

the requirements for the student assignment, implement the assessment and rewrite the

instructions for students and check whether some elements must have proper identifica-

tion to be able to automatically assess it. Abelló et al. (2016) used automated assessment

for Structured Query Language (SQL) assignments, and the main disadvantage was the

time consumption when the teachers had to make the test databases and test cases for

the courses. There are ways to ease this problem within the system: in a study made by

Solomon et al. (2006) the surveyed teacher proposes that providing a GUI instead of us-

ing manually writing scripts may reduce the amount of work needed to do the test cases.

When using an AAT, students tend to demand more exercises (Yu et al. 2006), which also

increases the effort. When Bruzual et al. (2020) started using the automated assessment

for Android applications, the creation of the assignments required a lot of time, but the

total effort was still less than manually grading.

Suppressing creativity

Because of the extreme precision in assignment requirements that are necessary for au-

tomated assessment to work, students may not get to be so creative. This may not be a

big problem when the course is about basic programming skills, but courses that aim to

teach software design might have problems when using AAT (Pieterse 2013). One way

to allow students to be more creative is to ease automated assessment and give students

more responsibility of their learning.

Plagiarism

When programs are assessed automatically, students seems to have a bigger tendency

to copy the solution (Pieterse 2013). One of the factors that affect to it is the type of
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the assessment feedback. Kyrilov & Noelle (2016) found that students who got binary

feedback and could not get the program work quickly enough resorted to plagiarism or

stopped trying to submit. Kyrilov & Noelle (2015) came to conclusion that binary feed-

back had significantly more plagiarized code than not getting formative feedback at all.

One possibility to mitigate plagiarism is to give students personalized assignments, which

discourages plagiarism and encourages natural co-operation in solving problems (Malmi

et al. 2002). However, depending on the amount of variation in assignments, it has the risk

of increasing instructor’s workload in the assignment creation process, which is already a

time-consuming process.

Higher skill expectations

Using AAT requires students to master both testing skills and the AAT itself. This might

be too much for CS1 students, and especially compilation errors discourage their motiva-

tion to complete their programs (Akahane et al. 2015, Gotel et al. 2007). For instance, stu-

dents gave feedback on AAT that assessed Java programs that the compiler errors should

be parsed to more accessible format for beginner students (Gotel et al. 2007). Also, the

AAT should not bring new difficulties to the course: the system should be easy to use and

there should be given enough time for students to learn to use the system (Gordillo 2019,

Nordquist 2007). To mitigate the problems concerning the programming environment,

teachers may provide software environments for the students (Gordillo 2019). Another

option is to use web applications because they are more likely to be independent of the

operating system and other environment dependencies.

Malicious programs

Kratzke (2019) identified four cheating methods that the student used in their course that

used Java programming language and Virtual Programming Lab (VPL) automated assess-

ment tool: overfitting tricks, redirection cheats, problem evasion tricks and point injection

cheats. The most common one was the overfitting trick, which aims for getting full points

from the assignment without solving the problem in a general way. An example for a

overfitting solution to an assignment that requires creating a sum function can be seen in

Figure 2. Redirection cheat is directing the algorithm to use the instructors model solu-
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1 def sum(a, b):
2 if (a == 2 && b == 3):
3 return 5
4 else:
5 return 12

Figure 2. Overfitting solution for a sum function.

tion. Problem evasion tricks are used to get full points without doing it the wanted way.

For instance, student may create a function that looks like it is recursive but does it itera-

tively. Point injection cheats require knowledge about the AAT, and it is used to directly

inject code that interacts with the AAT. For instance, VPL uses certain types of rows in

standard output for grading, so if the student is aware of this feature, the student can give

for herself/himself full points.

Limited capability

Automated assessment is not capable of doing all the types of assessments and analysis.

For example, current AATs are not capable of assessing a variety of non-functional at-

tributes, such as modular conceptual cohesion, so human assessment cannot be entirely

replaced (Galan et al. 2019). Automated assessment also cannot replicate code reviews,

which Wilcox (2015) believe are especially valuable to novice programmers. To mitigate

the affection of the lack of hand-marking, different kinds of assessment techniques should

be used to get more comprehensive assessment. In the section 2.3 different programming

analysis methods that could be used are described.

2.3 Programming assignment analysis

Program analysis and assessment methods can be categorized to dynamic and static anal-

ysis. Dynamic analysis is based on getting needed information by executing the code,

while static analysis gathers information without executing the code. Some tools, such as

CodeGrade (CodeGrade 2021), make it possible to use either of them or both at the same

time. Using both approaches at the same time, automated assessment could be powerful

and efficient (Liang et al. 2009). Both static and dynamic analysis have subcategories for
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analyzing the code, and those categories are discussed in this subsection.

2.3.1 Dynamic analysis

Romli et al. (2010) found that most of the studies focus on dynamic assessment. Popular

ways to use dynamic analysis is either I/O testing or unit testing (Biňas 2014). Dynamic

analysis is also mostly black box testing (Biňas 2014), which means that it can be quite

hard to test whether the assignments are done according to non-functional requirements.

For example, it may be hard to test with unit tests whether the algorithm is done itera-

tively or recursively. In addition to black box testing, it is possible to do gray box testing

with unit tests (Gupta & Gupta 2017). It is done by dividing the assignment to a set of

functions, which will be then tested separately.

Dynamic analysis approaches can be categorized to functionality, efficiency and testing

skills (Ala-Mutka 2005a). Functionality is checking that the program fulfills the func-

tional requirements, and it is the most common way of assessing programming assign-

ments (Ala-Mutka 2005a). It is usually done by running the student’s code against sev-

eral test data sets. Efficiency analysis is usually done by running the program against

several test cases and measuring the program behavior during the execution. There are

multiple measurements that can be analyzed, such as CPU or clock time used, maximum

memory allocation the program requires or the storage usage. Testing skills approach is

used to analyze how the student tests a program. This can be done by measuring how

much the test data set covers lines in the student’s own program or running the set against

instructor’s buggy code (Ala-Mutka 2005a).

Dynamic analysis is not capable of giving any grades when the program cannot compile,

which may discourage students (Arifi et al. 2015, de Oliveira Brandão et al. 2016). Also,

even when the program compiles, the dynamic analysis gives feedback only to failing test

cases, and students must find the error causing it without any hints from the assessment.

This implicates that the dynamic analysis is more suitable for students that have already

a more advanced level of programming skills (Arifi et al. 2015).
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2.3.2 Static analysis

Static analysis should not be forgotten from the assessment process: it may not be the

best approach for evaluating if the program works, but it is an effective way to check the

quality and readability of the source code (Biňas 2014). Static analysis of the code uses

the same technology that is used for compilers and language tools to gather information

from the code without executing it (Fonte et al. 2013). Popular way to assess programs

statically is through software metrics, such as lines of code (LOC) or number of variables

(Fonte et al. 2013). Other approaches are programming style assessment, syntax and

error detection, structural and non-structural similarity analysis, keyword detection or

plagiarism detection (Fonte et al. 2013, Rahman & Nordin 2007).

Programming style analysis checks the readability of the code. For example, analy-

ses indentations, structure, comments and variable names. For analyzing coding style,

industry-level linter tools may be used. Also, compilers provide useful information for

assessing coding style (Ala-Mutka 2005b). For instance, Java compiler warns about un-

used variables and imports. Error detection analyses syntax and semantic errors. Some

syntax errors are for example missing semicolon in C language or missing closing braces.

Semantic errors can be infinite loop or type incompatibility. Software metrics analyses

the program based on measurements such as complexity level of the code, the size of

the project or the performance of the program. Structural similarity How similar the

student’s solution is when compared to instructors model solutions. In non-structural

similarity Students code is compared to answer schemes. Keyword analysis searches

words from the source code. It can be used to check whether the project has copyright

comments. Plagiarism detection is like structural similarity, but the solutions of the

students are compared to one another.

For programming assessment there can be more specific ways to analyze to code stat-

ically. Striewe & Goedicke (2014) lists scenarios in where static analysis can be ap-

plied for teaching purposes: checking that some libraries are not allowed (for example,

java.util.LinkedList is not allowed in a linked list assignment), required code structure is

used and plagiarism detection. Static analysis is also widely used in assessment of block-
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based programming languages, such as Scratch, App Inventor or Snap! (von Wangenheim

et al. 2018).

One remarkable drawback of the static analysis is that it needs all the viable solutions for

the assignment (Arifi et al. 2015, Rahman & Nordin 2007). This is not a huge problem

when dealing with assignments that have limited amount of possible solutions, but using

only static analyzers might be impractical in more complex assignments because of the

number of possible working solutions.
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3 RESEARCH METHODS

Design-Science Research Method (DSRM) was chosen for being used in this thesis. De-

sign science research is used when an artifact is created to address a problem (Hevner et al.

2004). There are different entry points for research when using Design science research

(Peffers et al. 2007). The goal of this thesis in the DSRM is to define an objective-centered

solution. In this case, the artefact will be the updated programming assignments for the

Web Applications course, including the instructions that are required for students to be

able to do the assignments. The DSRM process model defined by Peffers et al. (2007) is

presented in Figure 3.

As it can be seen in Figure 3, this thesis is objective-centered solution from research

point of view. This could have also be interpreted as Design and Development Centered

Initiation, but due to the decision of starting the development from scratch and not using

old materials and tools, there was no need to continue from the previous programming

assignments or AAT. The problem and motivations are described in the introduction of

this thesis, and they are related to the automated assessment of web applications. In

Chapter 4 the previous implementation of the Web Applications course is described and

analyzed to identify the problems that the course has had.

The objective is to solve the issues that LUT University is having with automated assess-

ment of web applications. In this thesis these issues will be solved with new programming

assignments that are suitable for AA. This thesis also provides an artefact for integrating

the programming assignments with CodeGrade. In addition to solving the problems in the

Web Applications course, this thesis also presents a case study about using CodeGrade.

This case study can be the used for analyzing how CodeGrade could perform in other

programming courses, such as CS1 or Object oriented programming.
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Possible Research Entry
Points

Problem-Centered
initiation

Objective-Centered
Solution

Design &
Development

Centered Initiation

Client/Context
Initiated

Define Objectives of a Solution 
Develop programming
assignments and CodeGrade
integration 

Design & Development 
- Programming Assignments 
- CodeGrade Integration

Demonstration 
Use the artefact in course

Evaluation 
- Observe students 
- Get feedback 
- Mid-course survey

Communication 
- Master's thesis

Problem identication & motivation 
Automated assessment of web
applications

Process
iteration

Nominal process sequence

Figure 3. DSRM process model (Peffers et al. 2007).
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First step for making the artefact is to check what literature has to say about how different

factors affect the automated assessment of programming assignments. This is a necessary

step to avoid mistakes that have been documented already and to get insight of what has

already been solved and what are the next steps in the scientific community. The feedback

from previous implementation of the Web Applications course is used to understand what

the issues of the course were, especially concerning previous AAT, AutoGrader or the

programming assignments.

The design of the programming assignments is done iteratively. The skeleton of the pro-

gramming assignments is designed before the course starts, but it was decided that not all

of the assignments were implemented immediately due to new assessment techniques and

testing tools that might introduce new issues. Instead, continuous evaluation from observ-

ing student’s submissions and feedback is used to improve the issues that arose during the

course. Additionally, a small-scale survey is introduced in the middle of the course to

give students a possibility to anonymously express their concerns about the course.

The artefact is demonstrated in real use in the Web Applications course. At the same

time, it is continuously evaluated based on observations on the student submissions and

feedback to see what the common issues are amongst students. When a new issue arose

from the data, if there is enough time, the issues will be solved before the next assignment.

A feedback survey is conducted after the course. In this survey, the students are asked a

variety of questions, from overall feelings about the course to more specific things such

as how well they learned each topic.

This thesis is used to communicate the findings of this research.
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4 PREVIOUS IMPLEMENTATION OF THE COURSE

This section presents the previous implementation of the Web Applications course in

LUT University. The course had a serious rework between 2018 and 2019, in which

the whole development stack was changed from a PHP centered stack to using Node.js

and React. A new AAT called AutoGrader was introduced for grading web applications.

While AutoGrader has some advanced features, such as graphical output of test cases, it

also has some serious issues with reliability, and it lacks some management features that

are obligatory to handle larger courses.

4.1 Course structure

The content of the course in 2019 and 2020 is divided into five different categories: lec-

ture materials, demos, weekly assignments, course project and external material. Lec-

tures materials have lecture videos and PDFs about the theoretical topics, and demos

contain videos demonstrating how things could be coded and source code for these de-

mos. Weekly assignments contain programming tasks and the external materials include

various articles and documentation. The course topics can be seen in Table 3. There are

topics for the first 12 weeks, and the last two weeks were reserved for the course project.

Table 3. Improved programming assignments.

Week Topics
1 HTML, JS
2 HTML, CSS
3 Responsive Design, materialize
4 Docker containers
5 Node.js, express.js, MongoDB
6 AJAX, JSON, Cache, security & authentication
7 React
8 React
9 React

10 Web analytics & tracking, GDPR
11 Canvas & HTML5 games
12 Open data & APIs
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Between years 2019 and 2020 the content of the Web Applications course had remained

the same, but the grading criteria was modified, and it was made stricter for 2020. The

weight of the final project was reduced from 60 to 50 points, and essay and visiting lecture

were introduced as a part of the criteria. Limit for passing the course was increased from

40 to 50 points. Summary of the course grading is described in Table 4.

Table 4. Course grading criteria from years 2019 and 2020.

Part
2019 2020

maximum required maximum required

Final project 60 20 50 25

Weekly assignments 40 20 40 20

Essay 0 0 8 0

Visiting lecture 0 0 2 0

Total 100 40 100 50

While the course structure and topics look promising, some of the topics were not un-

derstood well by the students: When the students were asked after the course in 2020

how well they understood certain topics, there were issues with understanding AJAX for

instance. Figure 4 shows how the students understood each topic in 2020. Based on

the same feedback, the most mentioned issues that the course had were the quality and

amount of lecture materials, the quality of weekly assignments and problems with the

AAT.
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Codesandbox

APIs

DFB

Caching
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ExpressJS

NodeJS
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CSS

HTML

Javascript

Mean (3.1)

Figure 4. Graph from 2020 implementation, question was “how well have you understood
the following topics?(1=not at all; 5=very well).” 8 students answered to the questionnaire.
SaA=Security and Authentication, DFB=Difference between frontend and backend.

4.2 AutoGrader

AutoGrader is an AAT that was created to assess in Web Applications course (Knutas

et al. 2019). Assessment is done by using a Cypress framework (Cypress n.d.), which is an

industry-level integration testing framework. Cypress was chosen due to its ability to use

multiple testing approaches, such as unit testing, behavioral end-to-end testing and web

traffic monitoring (Knutas et al. 2019). Cypress has features that can be used to support
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different learning types. For instance, it is possible to create a video from the automated

assessment process that shows how the testing is done, it can produce screenshots from

the failing assessment and it provides the traditional verbal feedback with customizable

messages. AutoGrader took an advantage of the video feature, and was built around

it. However, in the middle of the 2020 implementation of the course there were issues

with AutoGrader: the storage of the server got full and therefore Autograder was not

able to function. After a re-deployment, the video output was not visible for the students

anymore, so the students had to rely on verbal feedback. Because of the focus on the video

output, the verbal feedback had its limitations and is comparable to binary feedback. An

example of the verbal feedback is in Figure 5. There was also a sudden drop in average

points in the assignments 5 and 6 in 2020 when compared to 2019 implementation. The

7th assignment was assessed manually. Figure 6 shows the average points students got

from each programming assignment returned to AutoGrader. It is likely that there is a

correlation between the issues with the AutoGrader and lower points.

1 {
2 "non_styled_game" : {
3 "renders_container": "PASSED",
4 "renders_table": "PASSED",
5 "reacts_on_click": "PASSED",
6 "win_condition_works_1": "FAILED",
7 "win_condition_works_2": "FAILED",
8 "win_condition_works_3": "FAILED",
9 }

10 }

Figure 5. Example verbal output of the autograder



32

A
ss

ig
nm

en
t1

A
ss

ig
nm

en
t2

A
ss

ig
nm

en
t3

A
ss

ig
nm

en
t4

A
ss

ig
nm

en
t5

A
ss

ig
nm

en
t6

A
ss

ig
nm

en
t7

0

2

4

6

8

10

12

14

16

2019
2020

Figure 6. Average points for every programming assignment that the AutoGrader gave. Data is
from course’s Moodle page.

AutoGrader has a lack of general management tools such as a student search or manual

override of points. Due to the issues with the automated feedback in 2020, more on more

students started to ask from TAs why their program did not work. Because AutoGrader

does not have a feature to search specific submissions, it was almost impossible to man-

ually check what issues the submissions had. Also, it was not possible to override the

points that the AutoGrader has given. Thus, additional point boxes had to be added to

the course Moodle page to mark the difference between AutoGrader’s and TA’s points.

Depending on the the assingment, it could have been faster to only manually assess the
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programs.

The long term usage of AutoGrader was not possible due to the lack of resources to main-

tain it. AutoGrader has some serious issues that must be fixed to make the system stable

and usable on large scale courses. Additionally, because AutoGrader is only capable of

assessing web applications, other AATs are needed for other types of programs.

4.3 Previous programming assignments

The same assignments were used in 2019 and 2020 implementations of the course. There

were seven programming assignments in total, of which six were assessed using auto-

mated assessment. Each week had one set of tasks, which resulted in a one working web

application. For example, the goal of the first weekly assignment is to build a tic-tac-toe

game using JavaScript and HTML5, and a couple of the tasks that it had were generating

a table using JavaScript, making the table interactive and adding a win condition to the

web application. All the weekly programming tasks are described shortly in Table 5.

Table 5. Previous programming assignments.

Week Name Description
1 Tic-tac-toe Creation of a tictactoe game using HTML5

and JavaScript.
2 CSS Using CSS to format the tictactoe game, and

adding timer for players turn
3 Responsive

design
Modifying the tictactoe gameboard so that it
uses a grid layout instead of basic HTML5
table.

4 Rahti Deploy the first week’s assignment to Rahti
(Rahti n.d.).

5 Express.js Converting the HTML for Pug view engine,
and storing the game status to MongoDB
database (MongoDB n.d.).

6 Express.js &
AJAX

Make a multiplayer version of the tic-tac-toe
game.

7-9 React Implement the tic-tac-toe game using React.
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According to the feedback given by the students, the learning curve of the weekly as-

signments had some major issues. The most notable one was that the first assignment of

the course was overwhelmingly hard, and after that the assignments were relatively easy.

Because the first six assignments give 8 points per assignment and the last one gives 16

points, it was easy to get the minimum amount of 20 points from the weekly assignments.

The tests that were implemented in AutoGrader were not precise, and if the student did

the first assignment well, it was possible to get few points from assignments 2 and 3

without doing any extra work. Figure 7 shows the average points students got from the

assignments.
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Figure 7. Percentage of students that made at least one submission to the assignment. Data is
from the course’s Moodle page.
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5 DESIGN AND IMPLEMENTATION

Based on the previous feedback from the Web Applications course and literature about

programming assignments and automated assessment, the programming assignments were

renovated. In this rework, CodeGrade was introduced, and the development of program-

ming assignments were started from scratch. The aim of the programming tasks is to

gradually increase difficulty each week. To make the assessment more engaging and able

to support multiple types of learning, different types of feedback were used, such as video

output, snapshots from failing tests and verbal feedback for each test case.

5.1 Course structure

The lecture topics of 2021 can be seen in Figure 6. When compared to the previous

version of the course, the topics are similar except for a few exceptions. Web analytics

and tracking, Open data and GDPR got removed from the topics, and template engines and

fullstack were added. The schedule of the topics changed a little. For example, Docker is

now introduced after Node.js. This way, when a student has made a Node.js application,

it could run inside Docker container. Each lecture consists of two parts: theoretical topic

and demonstration. In the demonstration part the lecturer demonstrates how each topic

could be done in code. Starting from week 4, the code that was used in the demonstrations

was also given to students through a version control system.

Weekly quizzes were added to the course, and students got points from them. The new

grading criteria can be seen in Table 7. The students had to do the weekly quiz in order to

get access to the instructions of weekly assignment. This decision was made to encourage

students to review the lecture material of specific week before making the programming

assignments.
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Table 6. Lecture topics in 2021.

Week Topics
1 HTML, JS
2 CSS
3 Responsive Design, AJAX, JSON
4 Node.js, express.js, npm
5 Node.js, express.js, MongoDB
6 Docker containers
7 Template engines, authentication & authorization
8 Web storage
9 React

10 React
11 Fullstack
12 Canvas & HTML5 games

Table 7. Course grading criteria for year 2021.

Part Maximum Required
Final project 50 25
Weekly quizzes 10 5
Weekly assignments 30 15
Essay 5 0
Visiting lecture 5 0
Total 100 50

5.2 Programming environment

Web Application programming consists of multiple areas. Because of this, the students

have to use multiple tools to achieve the required skills. This brings out many problems.

One of them being that if all the tools are introduced at the same time, it could be over-

whelming for the students to understand all of them at the same time. To reduce this

effect, it was chosen to introduce these tools step by step. The first assignment for each

used tool is show in table 8.

Table 8. Tools and softwares that the students are required to use.

Week Tools to be installed or used
1 CodeSandbox
4 Node.js and editor
5 MongoDB
6 Rahti
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While the installation and usage of Node.js is essential in web development, it was chosen

not to be used until the fourth week. The first three weeks are done by using CodeSandBox

(CodeSandbox n.d.), which is an online integrated development environment (IDE) for

web development. It can be used to create web client applications, and it is also capable of

launching Node.js applications, making backend development possible. It was chosen for

the first few weeks as it does not require any installations. This way it is more convenient

for students to start the course.

After three first weeks it is recommended for students to install Node.js to their own com-

puters. However, it is still possible to do the assignments with CodeSandbox. Students

are recommended to use a local version of Node.js so that they would get used to its

environment, such as using package managers like npm or yarn, and running Node.js ap-

plications from a command line. The students are allowed to use an editor of their own

choice. However, if students did not have an existing preference for the editor, Visual

Studio Code is recommended because both the lecturer and the teaching assistant were

capable of giving advice about it, and it is one of the most popular editors in theStack

Overflow Developer Survey 2021 (2021). All of the demonstration videos were done by

using Visual Studio Code. Visual Studio Code is an open source text editor developed by

Microsoft.

Mongo was chosen as the database for this course. Its usage starts from the sixth week.

It was chosen because of its interoperability with JavaScript. Since databases are usually

a key part of a web application, it has to be integrated to the course. However, some of

the database systems require a lot of work for setting up which will be an issue in the

tightly packaged course. Mongoose is a schema-based solution to model the data (Mon-

goose n.d.). It brings the database to the student’s application without adding too much

workload. Mongoose is also used with Javascript which removes the need for students to

invest time and effort in another programming language.
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Rahti is used to deploy students’ applications to the web. Rahti is a container cloud

service that is maintained by Centre for Scientific Computing (CSC). CSC offers Rahti

as a free service for students that are using it for their study projects. Rahti uses Red

Hat’s Openshift container platform which is a hybrid cloud foundation for building and

scaling containerized applications. Because CodeGrade is not capable of setting up its

own Docker containers and assessing Dockerfiles or docker-compose.yaml files, Rahti

was chosen for its usage of Docker containers.

5.3 Testing tools

External tools are required to make the AA of web applications possible. For example,

a feature that needed to be added to CodeGrade was a tool that could resemble real user

input as much as possible. Multiple learning types should be supported, so a variety of

feedback types have to be produced. For these reasons Cypress was chosen as a first-

option tool. However, it was not always feasible to use, so in some cases React testing

library and Jest were used.

Cypress

Most of the assessment is done by using Cypress (Cypress n.d.). Cypress is an end to

end testing framework for web applications. It has some features that help write test

cases more efficiently. Most notable features are the real time reload and “Time travel”.

The real time reload runs the tests automatically if some changes have been made to the

tests. With “Time travel” Cypress takes snapshots between test steps. For example, if

the test case has a step for press a button in the website, it is possible to check the state

between and after the button press. Cypress produces multiple types of feedback, which

contributed to the selection as a main testing framework. The most important feedback

types are the screenshots from failing test cases and video from the entire test suite. An

example screenshot that Cypress produces is in Figure 8.
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Figure 8. Screenshot that Cypress produces from a failing test. In this assignment, student has to
confirm a deletion of elements using window.confirm(). The test failed because the element was
deleted even though the test was configured to cancel the deletion.

Jest

Jest (Jest n.d.) is used when assessing React assignments. Jest is a JavaScript testing

framework that is capable of testing different kinds of libraries and frameworks. It is

capable of testing popular frontend frameworks such as Angular, React and Vue, but it is

also being used in testing Node.js and Babel applications. It also works with TypeScript

programming language. While Cypress produces a variety of feedback types, Jest was

used in some React assignments where there was need for a low-level analysis of React

elements. For instance, Jest can test that a React component has a specific React child

component, or that a React component uses certain types of properties. These kinds of

tests would not be possible with Cypress. Because the feedback that Jest provides is not

as rich as what Cypress can produce, the test cases were given to students for local usage.

This enables students to see the logic of the test case and get feedback faster, encouraging

for test driven development.
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1 FAIL src/__tests__/teht2.test.js
2 Right components created (2 ms)
3 App.js has Week.js component (32 ms)
4
5 App.js has Week.js component
6
7 TestingLibraryElementError: Unable to find an element by: [

data-testid="/week/"]
8
9 <body>

10 <div>
11 <div>
12 ...
13 </div>
14 </div>
15 </body>
16
17 12 | test("App.js has Week.js component", () => {
18 13 | let { container, getByTestId } = render(<App />);
19 > 14 | expect(getByTestId(/week/)).toBeInTheDocument();
20 | ˆ
21 15 | });
22 16 |

Figure 9. Failing test from Jest and React testing library combination. The assignment was to use
a component named Week.js inside App.js component.

React testing library

React testing library (React testing library n.d.) is used with Jest. This library is a light-

weight solution for testing React components. It is necessary to use this library due to its

ability to render the elements in document object model (DOM), making the assessment

feel like it is made by an user. An example output eof using React testing library and Jest

can be seen in Figure 9.

5.4 Assessment environment: CodeGrade

CodeGrade is an automated assessment tool that started as a university project at the

University of Amsterdam. It was developed to make grading process more efficient and

reducing the time for giving students feedback (CodeGrade 2021). As of now it is used

in more than 50 universities and has graded over 750 000 assignments. CodeGrade was

chosen to be used in LUT University for its variety in required features (Mäkelä 2021).

Some of the main requirements for the AAT were the possibility of submitting via version
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control, various possibilities in automated assessment, such as unit testing and output

comparison, statistics about student performance, plagiarism detection and some general

management features such as manual points override and group submissions.

In CodeGrade, assignment can be submitted either via Git version control systems (VCS)

or as a file submission. Submitting via version control can be done in two ways, either

by using deploy keys and webhooks or giving CodeGrade access to your Github or Gitlab

repositories. If using deploy keys and webhooks, CodeGrade will pull the newest changes

directly from the project repository and start the assessment process automatically. How-

ever, because the process of setting the deploy keys and webhooks can sometimes be time

consuming or hard for students it may become overwhelming to set them if it has to be

done multiple times. The other option in VCS submission is to give CodeGrade access to

all repositories. When that is done, the student can select which repository to use. Pro-

grams can also be submitted as a zip file. CodeGrade is able to automatically detect and

open zip archives, which makes it possible for teachers to use same assessment process

as in submissions made via VCS. CodeGrade also has a feature that makes it possible

to restrict or require certain types of files. This can be useful, for instance, in situations

where the instructor has made unit tests for certain file, making it straight away clear for

students why their submission did not pass. An overview of general assignment setup

options are shown in Figure 10.

CodeGrade has a variety of testing methods to make assessment process versatile, such as

unit testing, run tests, traditional IO tests and code quality tests. Unit tests are done with

industry-level unit test frameworks that are wrapped with scripts to make them compat-

ible with CodeGrade. This compatibility can be achieved with any unit test framework

as long as it supports JUnit XML output. Run tests simply test that the program executes

successfully, meaning that the exit code of the program should be 0. IO tests have mul-

tiple options to make the assessment more flexible. These options are case insensitivity,

ignoring trailing whitespace, ignoring all whitespace, substrings and Python3 regular ex-

pression (CodeGrade 2021). Code Quality tests assess the style of the code using existing

linters.
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Figure 10. Screenshot of the CodeGrade’s general assignment setup options.

External tools and packages can be used in the grading process. Every separate assign-

ment that uses AutoTest is run as a container which uses the latest Long-Term Support

(LTS) version of Ubuntu. These containers can be configured with scripts. AutoTest setup

consists of two phases: global setup and student setup. Everything done inside the global

setup will be already available in each of the assessment containers. Student setup makes

it possible to setup or compile for each student submission individually. One of the limi-

tations is that the containers are not capable of virtualization, making Android, Docker or

OS assessment impossible.

CodeGrade can provide automated and manual feedback for the students. Automated

Feedback is produced by AutoTest. AutoTest has a folder where files can be uploaded

during the assessment process. These files will be shown to the students, and there are no

limits in file types. However, CodeGrade is not able to render videos for the students, so

instead the students have to download these videos and watch them with their own video

players. Multiple types of feedback can be given from a single test to support both visual

and verbal learners for example. Manual feedback can be given on a single line which

may be useful on small courses. Example view of the visual feedback can be seen in

Figure 11, and a view of the verbal feedback can be seen in Figure 12.
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Figure 11. Screenshot of the CodeGrade’s visual feedback.

For Plagiarism detection, CodeGrade uses a modified version of JPlag (Prechelt & Malpohl

2003). JPlag is a plagiarism detection tool that parses and converts code into string to-

kens. These tokens are then compared in pairs to determine the similarity. In each of these

comparisons, JPlag tries to cover one string token with substrings from the other string

token. (Prechelt & Malpohl 2003) CodeGrade provides some settings for plagiarism de-

tection. For instance, it allows to compare to other assignments from other courses. This

makes it possible to reuse assignments from previous year and check for plagiarism from

previous courses. Settings page for plagiarism detection can be seen in Figure 13.
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Figure 12. Screenshot of the CodeGrade’s verbal feedback.

5.5 Programming assignments

Programming tasks were made for weeks 1-12, and the last two weeks of the course were

reserved for the final project of the course. The first 11 assignments were assessed using

CodeGrade, and the last assignment is assessed manually as it was not viable to assess

HTML5 games automatically. The goal of each weekly assignment is to build a web

application, and the applications are done by doing a set of tasks. Every week has a total

of five tasks, except that sixth week has only four, that the student has to accomplish to get

full points. The names of the tasks can be seen in Appendix 1. Each task was assigned to a

cognitive level in Bloom’s taxonomy. The Bloom’s taxonomy level on each task tells what

the required cognitive level is for students to be able to do the assignment. The Bloom’s

taxonomy level were linked to technology that is used in the task. Technologies that
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Figure 13. Screenshot of the CodeGrade’s plagiarism detection options.

are used to accomplish the task are described in Appendix 2. Technologies described in

this table are top concepts that may consist of multiple similar technologies. For instance,

Node.js also includes express.js which is a server framework that is built on top of Node.js.

Setup includes everything that concerns development environment.

In previous implementations of the course, the weekly assignments consisted of steps,

but the assessment was done with one larger test case, and not all of the steps in the

instructions were assessed. Now, each of the tasks are assessed separately so that it is

more clear to a student what they need to do, and what concept should be understood to
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accomplish the task.

5.6 Assessment

With the combination of Cypress, CodeGrade and Jest many features of web applications

can be tested that could not be tested before. One remarkable testing feature is that due to

extensibility of the Cypress the database can be tested. For instance, in programming task

W5.1 students are asked to save a recipe to a database. Now, the existence of the table or

the collection and the correctness of the records in the table can be tested. Another feature

is that CodeGrade allows internet connection, so a deployed website can be tested. This

feature is utilized in task W6.1 where students are required to deploy an application to

Rahti.

Unfortunately, this testing tool combination lacked some features that could have been

useful on the course. For instance, because CodeGrade runs the student’s code in a Linux

container (LXD), it is not possible to run software that requires hardware acceleration.

This excluded programming tasks that would have required Docker, so therefore it was

not possible to run students’ Docker applications or assess their Dockerfiles. Also, Code-

Grade does not provide more powerful containers for bigger tasks. For instance, in pro-

gramming assignments 6, 7 and 8, where the same container runs MongoDB, Cypress

and the student’s applications simultaneously, it can take up to 6-7 minutes to assess one

assignment.
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6 DISCUSSION

In this chapter, first the general course improvements and drawback are discussed. After

that, the performance of CodeGrade is discussed as well as the programming assignments.

Then, the limitations of this study and future work are discussed.

6.1 Overall improvements and drawbacks

Based on the feedback survey that was done at the end of the course, the course improved

in almost all of the measured areas. The most important thing is that the students un-

derstood the taught topics better than in 2020. In Figure 14 is a graph that shows what

students answered to a question “how well have you understood the following topics? (1=

not at all, 5=very well)”. This question was also asked in the 2020 implementation of the

course, but there is some variation in the topics. In most cases the students thought that

they understood the topics better in 2021 version of the course than in 2020. An excep-

tion was that understanding of CSS stayed at 4.3. In React, JSON and AJAX the mean

improved greatly. Overall, the mean of this question improved from 3.1 to 3.9.

If the topic got an average score of more than 3, it can be assumed that the students under-

stood the topic well. Even though the course improved in each topic except CSS, in some

cases the improvement was not enough and they stayed below 3. For instance, Docker

and canvas/HTML5 games had a mean of under 3. The lack of proper Docker assign-

ments might explain why the topic was not so well understood. It was not possible to

implement Docker assignments due to the limitations of CodeGrade that were explained

previously. Low score in Canvas/HTML5 games could be explained by the small number

of submissions to assignment 12, which focused on making a game. Figure 15 shows that

under 20% of students returned something to assignment 12.
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JSON
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Figure 14. Graph from the 2021 implementation, question was “how well have you under-
stood the following topics?(1=not at all; 5=very well).” 23 students answered to the ques-
tionnaire. SaA=Security and Authentication, DFB=Difference between frontend and backend,
C/G=Canvas/HTML5 games.
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Figure 15. Percentage of enrolled students that submitted at least once the assignment.

6.2 CodeGrade

CodeGrade provides a lot of features for assessing and gives the instructor a possibility

to create and use their own tools, but it lacks some functionalities for debugging and

testing the test cases that are made to assess student’s programs. For example, only one

test submission can be used at a time. This makes it cumbersome to debug the test cases

with a right and wrong solution, because it requires the instructor to wait that the first test

submission is done and then manually change the solution to the other one. This is not a
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big problem when the assignments are small and take just a few seconds to run, but with

larger programs, where it takes a few minutes to assess the solution, it becomes an issue.

Another problem is that there is no option to exclude files or directories from plagia-

rism detection. This becomes an issue because the students may include node modules

-folders, which have the dependencies, into their submission. This made the plagiarism

detection tool unusable. Fortunately, in CodeGrade it is possible to disallow files and

directories with certain names from submission.

From the students point of view, CodeGrade performed well. When the students were

asked how useful they considered the tool on a scale of 1 to 5 (1=not useful, 5=very

useful), it got an average score of 3.8. This was a positive surprise, because a lot of new

features were tried out with CodeGrade and the grading process was sometimes slow and

took about 6-7 minutes for assessing one programming assignment.

6.3 Assignments

Overall, the assignments were seen as challenging by the students. This divided students

in the feedback, as most of them liked the challenge, while some saw them too difficult.

The assignments were intentionally made challenging, but in couple cases it seemed that

the assignment were too difficult. In Figure 16, which shows how many times students on

average submitted their solution, it can be seen that it spikes tremendously on assignment

4 and stays up on assignment 5. Assignments 7 and 8 also have a lot of submissions, but

based on feedback the assignments 4 and 5 were seen as the most challenging ones. One

student said in the feedback that “while the first three weeks were really easy, the weeks

4 and 5 jumped straight to the deep end.” Week 4 had a lot of new things for the students

and it was the week when Node.js and Express.js were introduced. Also, if the students

had got used to using Codesandbox as their editor, they also had to learn a new text editor

that could be used locally. Additionally, the instructions for assignment 4 had a couple of

critical misspellings, including one where the id of one element was wrong.
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Figure 16. The number of submissions student made on average for each assignment.

Some of the assignments required the previous week’s assignment to be done, but based

on the feedback a few of the students did not like that. For instance, in assignment 4 the

task was to create a skeleton application for the backend in which the students creates

routes for handling request, and assignment 5 focused on saving the request data to a

database and finding the data from the database. If some students did not manage to do

tasks assignment 4 for some reason, they still needed to do them to achieve points from

assignment 5. Because this challenge was mentioned by a few students in the mid-course

survey, it was decided to modify later assignments so that they would not be as dependent

on assignments from previous weeks.

The automatic feedback was not understandable in some cases. It was observed that most

of the ambiguous feedback was produced by misuse of Cypress framework. Because the

students were not provided with the Cypress test cases, the students lacked of some feed-

back that the test code itself produces. This was especially a problem with the expect()
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1 const payload = {
2 name: "Pizza",
3 instructions: ["Preheat oven", ...],
4 ingredients: ["tomato sauce", ...]
5 }
6 cy.request("/recipe/" + payload.name, payload).then((response) => {
7 expect(response.body).to.have.property("name", payload.name);
8 });

Figure 17. Cypress test without message.

1 const payload = {
2 name: "Pizza",
3 instructions: ["Preheat oven", ...],
4 ingredients: ["tomato sauce", ...]
5 }
6 cy.request("/recipe/" + payload.name, payload).then((response) => {
7 expect(
8 response.body,
9 "response.body.name should have value " + payload.name

10 ).to.have.property("name", payload.name);
11 });

Figure 18. Cypress test with message.

-function that Cypress provides. For instance, in Task 4.1 students are required to make

an API server that echoes back the body of the request. The used test case is shown in

Figure 17. The issue here was that when the response did not have a body, the student will

see only a message “Target cannot be null or undefined.” When a custom message was

added like in the Figure 18, the student will see a message “response.body.name should

have value Pizza: Target cannot be null or undefined.” While this is not a perfect solution,

at least it indicates that there might be an issue in the body of the response.

6.4 Limitations

One of the limitations is that the whole course got renovated, so it cannot be said how

the modified weekly assignments and the change of AAT on their own had an impact on

the student’s learning. Also, not all of the possible data was used to analyze how well

the assignments or AAT performed as the focus was more on students’ feedback and on

general statics such as average score per assignment, total submission amount and the
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Figure 19. Average points for every programming assignment.

percentage of students that submitted at least once to the assignment. Other elements that

could have also been used to analyze the students overall performance are, for instance,

the course project or the weekly quizzes. By analyzing the course projects it could have

been possible to tell how well the students actually performed instead of asking it from

the students.
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6.5 Future work

In the next implementation of the course, the instructions should be checked carefully

to get rid of all the misspellings in the instructions as it is frustrating for the students

and increases their workload. Also, one of the ways to reduce the frustration of students

towards automated assessment is to provide them with a locally runnable version of the

test cases. This would enhance and speed up the testing process. However, this might

increase the instructors workload due to the need of implementing some test cases twice.

In the future, it has to be checked whether there would be a solution that does not increase

the workload but also speeds up the students programming workflow.
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7 CONCLUSION

In this thesis, the piloting of a new automated assessment tool, CodeGrade, in the univer-

sity and improvement of the programming assignments of the Web Applications course

were carried out. To implement the upgraded programming assignments, DSRM was used

as a process method, and the feedback survey of the previous implementation of the Web

Applications course was used to find out the parts that require improvement. Literature

about automated assessment was read to avoid the same mistakes others have made. The

new automated tool was compared to the previously used assessment tools to find out how

it would compete against them.

With CodeGrade, it was possible to make new kinds of assessments, including full stack

web applications with database assertions, and it can be extended to wide variety of pro-

gramming tasks. CodeGrade can be easily extended to support wide variety of program

assessment, and the toolbox CodeGrade provides by default can handle a lot programs

already. Feature that CodeGrade lacks for bigger projects, just like the web applications,

is the performance. On a full-stack application it takes about 6-7 minutes to assess an

assignment. Overall, students liked it and gave CodeGrade an average score of 3.8 on a

scale of 1-5 (1=not at all, 5=very well).

The new assignments were seen as challenging, and for many students this was a positive

thing. However, on a couple assignments, especially 4 and 5, there were a lot of new

things at the same time, and it appeared as a lower average points from assignments and

as an increased amount of submissions. Students appreciated how the new assignments

were tied up with the lecture topics. There were also misspellings at critical points, which

created frustration for students.
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Delgado-Pérez, P. & Medina-Bulo, I. (2020), ‘Customizable and scalable automated as-

sessment of c/c++ programming assignments’, Computer applications in engineering

education 28(6), 1449–1466.

English, J. (2004), ‘Automated assessment of gui programs using jewl’, SIGCSE Bull.

36(3), 137–141.

URL: https://doi.org/10.1145/1026487.1008033

English, J. & English, T. (2015), ‘Experiences of using automated assessment in com-

puter science courses’, Journal of Information Technology Education: Innovations in

Practice 14(1), 237–254. cited By 3.
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Appendix 1. Programming tasks and their cognitive complexity

Table A1.1. Programming assignments. Each task has a target level in Bloom’s taxonomy.

Week TaskId Task Bloom

1

W1.1 Hello World! Comprehension

W1.2 Table Comprehension

W1.3 Creating new elements to a list Comprehension

W1.4 Getting value from a element Comprehension

W1.5 Removing DOM elements Analysis

2

W2.1 CSS classes, ids and tags Comprehension

W2.2 Table with advanced CSS Application

W2.3 Div usage Analysis

W2.4 List and selectors Analysis

W2.5 Removing only one element Analysis

3

W3.1 HTML generator in JS Analysis

W3.2 Dog image API Comprehension

W3.3 Mobile first CSS Comprehension

W3.4 Media queries Comprehension

W3.5 Wiki text from Wikipedia Comprehension

4

W4.1 First API Comprehension

W4.2 Page that uses the API Application

W4.3 Adding a new recipe Application

W4.4 Uploading image Comprehension

W4.5 Materialize CSS Analysis

6

W5.1 Recipe to database Application

W5.2 Get recipe from database Application

W5.3 Special diets Analysis

W5.4 Image upload Synthesis

W5.5 Image download Synthesis

5

W6.1 CSC Account Comprehension

W6.2 Running an application on Rahti Application

W6.3 Environment variables Analysis

W6.4 Change branch Analysis

(continues)



Appendix 1. (continued)

Week TaskId Task Bloom

7

W7.1 Registration Application

W7.2 Login Application

W7.3 Route that requires authentication Application

W7.4 Registration validation Application

W7.5 Todos Comprehension

8

W8.1 Registration page Synthesis

W8.2 Login page Synthesis

W8.3 Hidden content and logout Synthesis

W8.4 Adding todos Analysis

W8.5 Login and registration error mes-

sages

Analysis

9

W9.1 create-react-app Comprehension

W9.2 Creating and using own compo-

nents

Comprehension

W9.3 Props, lists and keys Application

W9.4 Component states Application

W9.5 Conditional rendering Analysis

10

W10.1 React router Analysis

W10.2 useEffect Application

W10.3 Material-UI Application

W10.4 Internalization/i18n Analysis

W10.5 High Order Components Application

11

W11.1 Client setup Comprehension

W11.2 express and Mongo setup Comprehension

W11.3 Connecting React and express for

development environment

Application

W11.4 advanced routing Analysis

W11.5 Building the application for produc-

tion environment

Analysis

12

W12.1 Game setup Comprehension

(continues)



Appendix 1. (continued)

Week TaskId Task Bloom

W12.2 Game loop Application

W12.3 Guidelines for player Application

W12.4 Custom moving objects Application

W12.5 Scenes Analysis



Appendix 2. Used technologies in each task

Table A2.1. Technologies that are used in each task. Node.js is a combination of using node and
express.js. Setup consists of general tasks to create and manage the programming environment,
such as generating project templates using npx or installing required softwares like Node.js or
MongoDB. In this table, JS means using vanilla JavaScript on the client side.

TaskId HTML JS CSS JSON AJAX Node.js React.js npm Setup Mongo

W1.1 X

W1.2 X

W1.3 X

W1.4 X X

W1.5 X X

W2.1 X X

W2.2 X X X

W2.3 X

W2.4 X X

W2.5 X

W3.1 X X X

W3.2 X X X

W3.3 X X

W3.4 X X

W3.5 X X X

W4.1 X X

W4.2 X X X

W4.3 X

W4.4 X X X X

W4.5 X X

W5.1 X

W5.2 X

W5.3 X

W5.4 X

W6.1 X X X X

W6.2 X X X X

(continues)



Appendix 2. (continued)

TaskId HTML JS CSS JSON AJAX Node.js React.js npm Setup Mongo

W6.3 X X X X X X

W6.4 X X

W6.5 X X

W7.1 X X X X

W7.2 X X X X

W7.3 X X X X

W7.4 X

W7.5 X X

W8.1 X X X

W8.2 X X X

W8.3 X X X

W8.4 X X X X

W8.5 X X

W9.1 X X X

W9.2 X

W9.3 X

W9.4 X

W9.5 X

W10.1 X

W10.2 X

W10.3 X

W10.4 X

W10.5 X

W11.1 X X X

W11.2 X X X

W11.3 X X

W11.4 X X

W11.5 X

W12.1 X

W12.2 X

(continues)



Appendix 2. (continued)

TaskId HTML JS CSS JSON AJAX Node.js React.js npm Setup Mongo

W12.3 X

W12.4 X

W12.5 X
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