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Abstract
While autograding systems are prevalent in universities, their
application in K-12 education remains underexplored. Building
on automated feedback research, this study investigates how K-12
students’ prior programming knowledge and working behaviors
within the Artemis autograder influence learning success. Data from
76 10th-grade computer science students were analyzed, comparing
their performance on repetition exercises (testing 9th-grade prior
knowledge) with that on advanced exercises introducing reference
attributes, inheritance, and arrays. Using multiple linear regression
and Spearman’s rank correlation, student success metrics (score
and error quotient) and working behaviors (submissions and build
failures) were evaluated against a paper-and-pencil posttest. Results
indicate that prior knowledge strongly correlates with success in
advanced object-oriented topics, though this effect diminishes for
algorithmic concepts like arrays. Furthermore, behavior metrics
revealed complex interactions: identical measures yielded both
positive and negative learning outcomes, depending on the specific
topic. These findings suggest that future investigations require a
complete reworking of exercises tailored to research requirements,
rather than adapting existing materials.
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1 Introduction
The author’s bachelor’s thesis [8] examined different ways to
design automated feedback for programming exercises in a K-
12 educational context, using the autograding system Artemis
[14]. However, it revealed that this is an even more complex topic

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
Advanced Seminar, Computing Education Research Group Munich
© 2026 Copyright held by the owner/author(s).

than expected, whereas large sample sizes and as much contextual
information as possible are inevitable.

This study’s objective is to begin addressing the limitations
mentioned, especially the lack of context. This will be done by
evaluating students’ general work habits and learning outcomes
when using autograding systems.

While the original study focused only on programming exercises
on new topics in the students’ second year of learning to program,
the scope is now extended to include refresher exercises on previous-
year topics before starting new topics, and measures learning
outcomes afterward.

Some changes were made to the course concept for pedagogical
reasons, which make data analysis easier and increase sample sizes
as side effect.

2 Related Work
2.1 The Attachment Point
As mentioned before, this work immediately builds on the author’s
Bachelor’s Thesis [8], which investigated the design of automated
feedback in K-12 computer science education. The future work
section suggests collecting and analyzing additional data on context
and working behavior to gain a more comprehensive understanding
of the situation. Additionally, it’s recommended to increase the
sample size. The following school year, changes were initially made
for pedagogical reasons but also helped reduce impediments, such
as small group sizes and the urge to cheat on practice exercises to
achieve better grades. More details can be found in the section 4.1.
The decision to analyze this data was made after the end of this
course cycle, whereas the data had to be used as collected, without
influencing its structure.

Prior Knowledge. Brod [3] and Kennedy et al. [11] highlight
the importance of prior knowledge for learning about new topics.
The course concept already includes exercises to repeat knowledge
from the previous year. We will use the results of these repetition
exercises to gain more context for new-topic exercises and reduce
the impediment of missing context. Results of Kennedy et al. [11]
indicate that students with better prior knowledge can more easily
learn about topics that build on it. Brod [3] goes one step further
and specifies that students with higher prior knowledge benefit
more from active learning activities - in this case, programming
exercises with automated feedback - learn fast and keep the new
knowledge better in mind.
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2.2 Automated Feedback and Autograders
Autograding systems like TUM’s Artemis [14] provide student
with automated feedback on their submissions for programming
exercises. They have become irreplaceable in most university
courses [2] and massive open online courses (MOOC) [11], but
are only rarely used in K-12 computer science education.

Advantages. Autograding systems have several advantages
for teachers and students. On the one hand, programming is
highly frustrating for novices, and helping students individually
requires huge time investments by teachers, which they usually
cannot provide [12, 14]. Automated feedback reduces teachers’
workload during class and allows students to receive more and
immediate feedback. As a result, students learn better, engage better
with exercises, solve more of them, and stay motivated to keep
programming [6, 18, 19]. Besides that, data collected by autograding
systems can serve for learning analytics [20].

Problems. Unfortunately, all that glitters is not gold. Some
students tend to keep submitting new solutions without thinking
and fall into a behavior of trying to break the autograding system.
Besides, most autograding platforms meet universities’ needs for
the greatest possible flexibility in exercise creation, which makes
exercise creation severely complex [2, 16, 19]. Unfortunately, most
K-12 teachers do not have the skills and time to create exercises with
such a high degree of freedom and complexity. Additionally, the use
of autograding systems makes it easy for instructors to introduce
continuous assessment and grading of practice exercises, which is
counterproductive due to high pressure, decreased motivation, and
the urge to cheat for better grades. Besides lower learning success,
the latter also reduces data quality for subsequent analyses like this
one. One of the pedagogical changes to the concept was to remove
continuous assessment, and besides other advantages, improve data
quality.

3 ResearchQuestions and Hypotheses
3.1 ResearchQuestions
As outlined in the previous section 2, there are several aspects from
which we can gain more contextual knowledge about programming
tasks with automated feedback and tackle impediments of the
original study [8]. To formulate the research questions, the
following aspects seem promising:

• Controlling prior knowledge to isolate actual effects of the
exercises with automated feedback.

• Observe not only the successful solving of exercises but also
the behavior during that work.

• Include a measure for learning outcome for being able to
determine the effectiveness of the process.

Following these approaches, the following research questions
are formulated:
RQ1. What is the relation between prior knowledge about basic

topics of programming and…
(a) …the working behavior on…
(b) …the success of solving…
…advanced exercises with automated feedback?

RQ2. What is the relation between…

Advanced Exercises

Learning Outcome

Prior Knowledge

(a) Behavior
(b) Success

RQ2RQ3

RQ1

Figure 1: Overview of the ResearchQuestion Structure

(a) …the working behavior on…
(b) …the success of solving…
…advanced programming exercises with automated feedback
and the learning outcome on their (new) topics?

RQ3. What is the relation between…
(a) …the working behavior on…
(b) …the success of solving…
…programming exercises about prior-knowledge-topics and
the learning outcome on new topics?

3.2 Hypotheses
Literature. Following the results of Brod [3], it is expected that

the successful solving of exercises about prior knowledge has the
biggest impact on the successful solving of advanced exercises and
the learning outcome (RQ1(b), RQ3(b)).

Kennedy et al. [11] explains that students with low prior
knowledge find it hard to successfully engage with programming
exercises. In combination with Baniassad et al. [2], this leads to the
hypothesis that low prior knowledge is expected to correlate with
bad working behavior (RQ1(a), RQ3(a)).

Practical Experience. For RQ2, intuition and
practical experience suggest that higher scores in the advanced
exercises and better working behavior lead to better results in the
learning outcome.

Besides that, practical experience suggests that prior knowledge
has a greater impact than working behavior in all cases.

4 Research Methods
To answer the research questions, data from three 10th-grade
computer science courses were analyzed. This section explains
the general circumstances, the pedagogical concept, and how it
attaches to Herrmann [8], which constructs are measured and how
they are analyzed.

4.1 Circumstances, Curriculum and Pedagogical
Concept

Population. The data were collected within the scope of the
regular computer science class in three courses in the STEM branch
of a Bavarian Grammar School. These courses will later be referred
to as a, b, and c. Each course has 90 minutes of class per week.

Curriculum. In 9th grade, the students learned basic Java
programming concepts and object-oriented modeling. Therefore,
they are already familiar with classes, methods, attributes, and
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Table 1: Student Population by Course and Gender

female male total
a 13 15 28
b 6 15 21
c 8 19 27

Total 27 49 76

constructors, as well as return values, parameters, local variables,
primitive data types with arithmetic operations, conditional
statements with if-else, and for- and while-loops [8, 15]

Before continuing with the 10th-grade curriculum, exercises
focused on reintroducing programming language, object-oriented
modeling, methods with parameters and return values, loops, and
conditional branching are conducted to give students a chance to
refresh and assess (ungraded) their prior knowledge. As explained
later in 4.2 and 4.3, these exercises will serve as a proxy for
measuring prior knowledge of basic programming topics.

The new topics in 10th grade are classes as data types/object
references (later referred to as reference attributes), inheritance,
and arrays. For each of these topics, students can choose to learn
about the theory using written material, videos, or teacher-led
mini-lectures. Afterward, apply this theoretical knowledge to two
mandatory and one optional exercise per topic with automated
feedback.

Tools and Technology. BlueJ [10] was chosen as development
environment because it is the only option for using Git in the
school’s computer network due to firewall restrictions. Besides that,
about half of the students were already familiar with it, while the
others were using Greenfoot [1] before. As a fallback in case of
problems with the interaction of the IDE and the autograder, an
online code editor integrated into Artemis is available; however, it
does not allow running code online.

TUM’s autograder, Artemis [14], was used to deploy feedback.
None of the students had ever used the autograding platform for
Java programming. To mitigate the negative effects of students’
unfamiliarity with autograders during learning new topics [17], the
first repetition exercise was combined with precise instruction on
how to use the autograding system. Figure 2 visualizes the style
of exercises for new topics using the problem statement of the
first exercise on inheritance. Together with the problem statement,
students receive a source code template as a starting point for the
exercise.

Adaptation of Pedagogical Concept. The analyzed data were
collected in the school year following the one in which the study of
Herrmann [8] was conducted in. Compared to the original concept,
some changes were made for pedagogical reasons, which are useful
for this analysis, as they help reduce impediments to the original
study.

• All exercises on new topics were uniformly carried out, with
instructive feedback that told the student what to do next
to fix the current mistake. This increases the number of
participations and submissions that can be compared.

• Practice exercises were not included in the grading based
on their scores to ease the pressure of constant grading as

Exercise 07a 

The software of a car wash should be able to manage different types of 

vehicles. The general vehicle class is already implemented. There are also 

empty classes for Car and Van. 

1. (x) Edit Car and Van so that they become subclasses of Vehicle. 

Create a constructor with the same parameters as in Vehicle and 

don't forget to call the superclass constructor. 0 of 2 tests passing 

2. @ Modify 'Vehicle' so that all attributes can be accessed directly in 

the subclasses. 0 of 1 tests passing 

3. @ Declare an integer attribute 'weightInKg' in 'Van' and add a 

constructor parameter (with any name) whose value is assigned to 

the attribute. 0 of 2 tests passing 

4. @ Override the method 'isTollRequired()' in 'Van' so that it returns 

true if the van is heavier than 3500kg. 0 _of 1 tests passing 

5. @ Override 'getDescription()' in both subclasses so that 'Vehicle' in 

the returned text is replaced by 'Car' or 'Van' respectively. 0 of 1 tests 

passing 
6. @ Assign a new object of the Van class with any values to the 

reference attribute 'companyCar'. 0 of 1 tests passing 

7. @ Currently, only cars can be washed in the car wash. Therefore, 

check in 'washVehicle(...)' ıf ıt ıs an object of the Car class and only 

then assign the parameter value to the attribute 'currentVehicle‘. 0 of 

1 tests passıng 

The class diagram does not show any results but serves only as an overview of 

the structure. 

© Vehicle 

-currentVehicle |#String color 

+void washVehicle(Vehicle vehicle) -compan£L +Vehicle(String color) 

+void washComplete() m +boolean isTollRequired() 

i +String getDescription() 

/N 
© Van © Car 

-int weightinKg 

© CarWash 

+Car(String color) 

+boolean isTollRequired() 

+String getDescription() J 

+Van(String color, int weight) 

+boolean isTollRequired() 

+String getDescription() 

(/) Make sure you don't accidentally change the class names or the 

package statement! 1_of 1 tests passing 

Figure 2: First Exercise about Inheritance (translated)

suggested by Jenkins [9]. However, the project, which builds
on the skills learned in practice exercises, was still graded.
This reduces the urge to copy from other students or to
let AI solve the exercises just to get a better grade, thereby
increasing the overall validity of the results.

• Even though none of the exercises were mandatory in the
sense of punishment if not solved, the third exercise on each
new topic was tagged as optional for additional practice,
while the first two remained mandatory. Unfortunately, as
observed in the data, removing grading for practice exercises
led several students to skip even mandatory exercises.

• Besides that, every student had to complete the exercises
alone, even though they were encouraged to cooperate, what
most did. This also increases participation and submissions
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and allows for comparison of written exam results as a
posttest with data from the exercises.

4.2 Measured Constructs
Prior Knowledge. For determining the relation between the

students’ prior knowledge and the working behavior/success (RQ1),
respectively, the learning outcome (RQ3), compared to the prior
knowledge, the prior knowledge obviously has to be measured.
However, even though RQ2 does not immediately compare the prior
knowledge, it is still necessary to measure it for dividing the effect
of prior knowledge and exercise about advanced topics to be able to
precisely measure the latter. Otherwise, only an absolute outcome
value would be taken into account, which would be an enormous
threat to the interval validity.The repetition exercises follow the pre-
test model, even though they aren’t a formally developed research
tool; rather, they are designed with pedagogical considerations in
mind.

The prior knowledge is measured based on the working behavior
and success in the repetition exercises about topics of the previous
year (see 4.1). Hereby, a higher overall score, faster problem-solving,
and fewer submissions per exercise are interpreted as higher prior
knowledge.

More details about how working behavior and success are
operationalized can be found in the following sections.

Exercise Success. All research questions measure the success in
working on programming exercises. For repetition and new-topic
exercises, this measure is calculated identically. On the one hand,
exercise success is measured by the overall score a student achieved;
on the other hand, the performancewhen solvingmistakes is also an
important measure of how successful a student was in an exercise.
Especially since students can submit as often as they like until they
reach a score that satisfies them, it is important to consider the
process when measuring success. To achieve this, an error quotient
is calculated, which is explained in section 4.3.

Working Behavior. As explained in section 2, autograders may
negatively affect students’ work behavior. Therefore, one construct
to record is how students interact with the autograding system,
and to draw conclusions alongside other measures. The working
behavior is observed by tracking the submission count for exercises
and by accounting for the error quotient. The influences of this
measure may provide insights into the usefulness of autograding
systems in K-12 computer science education.

Learning Outcome. The superordinate goal of all teaching
is the final outcome in terms of learning success. Therefore, all
measured constructs are compared to this final measure. It can
be measured overall or by specific (new) topics. To determine the
learning outcome, a graded paper-and-pencil exam was carried
out. Similar to the exercise on repetition topics, whose success
is interpreted using the idea of a pre-test, the exam results are
interpreted with the idea of a post-test in mind, even though it’s
not a formally created and evaluated research instrument but an
exam designed following pedagogical considerations.

4.3 Operationalization
Exercise Success. To measure if a student completed an exercise

successfully, two metric measures will be taken into account: The
overall score and the error quotient. Both are normalized to the
[0, 100] interval for a more illustrative comparison. While the
overall score considers only the final submission to an exercise
(with 100 percent as the best possible value), the error quotient
measures the number of mistakes made and the number of tries it
takes the student to resolve them.

Figure 3 describes how the error quotient is calculated in the
interval of [0, 100] with 100 as the best possible value. For more
intuitive analysis and visualization of results, this calculation differs
from the one in the original study [8]. The error quotient punishes
submissions that contain any mistakes, and if none of the mistakes
of the previous submission were solved, the punishment is twice as
hard. A perfect value of 100 would indicate that a student solved
the exercise correctly in the first submission. The worst possible
value, 0, would indicate that a student submitted often and kept
making the samemistakes, or even more. 0 is never reached, but it is
approached asymptotically as the number of submissions increases.
For example, the worst value for one submission would be 50; for
ten submissions, it would be 5; for 20 submissions, it would be 2.5;
and the worst possible value for 50 submissions would be 1. This
takes into consideration that it is worse to repeat mistakes over
and over again than to solve one and make a new one afterwards.
If a mistake reappears after it disappeared, it is assumed it was
overshadowed by other mistakes and wasn’t actually solved.

Start: EQ = 0

For each
submission

Build failed?

Mistakes in
Submission?

EQ += 1

EQ += Percentage ∈ [0; 1] of unresolved
mistake instances from the last
(successfully built) submission

SubmissionCount ≥ 1 ?

EQ =
𝐸𝑄

𝑆𝑢𝑏𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝐶𝑜𝑢𝑛𝑡

Project EQ interval
(𝑤𝑜𝑟𝑠𝑡; 𝑏𝑒𝑠𝑡]

(2; 0] ↦ (0; 100]

EQ = null
(∼ no EQ calculated)

no Submissions left

no

yes

yes

noyes

no

Figure 3: Calculation of error quotient values based on [8, 21]
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When looking at these measures on exercise level, it is important
to consider that even though the measure might be perfect for the
first exercise on a topic, it could be very bad for the topic’s second
exercise, which might point out that the student still struggled on
the first exercise but solved it with enormous time required. As
the time-on-task for each exercise cannot be calculated properly
[8], looking at the score and error quotient are the only ways to
detect such anomalies. For the purpose of answering our research
questions, it is sufficient to break down themeasure to the topic level
rather than the exercise level. Therefore, the values are aggregated
to one average per topic, and the effects of major differences across
the exercises of a given topic are sufficiently eliminated.

Working Behavior in Exercises. To determine a student’s
working behavior, with special focus on potential autograder
misuse, the submission count and error quotient are analyzed.
Higher submission counts and worse error quotients might indicate
poor working behavior, such as brute-forcing the auto-grader by
changing and resubmitting without proper debugging or thought
process [2]. When working with text-based languages like Java,
build failures and syntax errors are common problems and would
be an interesting measure for both working behavior and success,
and will be reported in all results. However, students know that the
autograder will give zero points and provide no useful feedback
for such a submission, which is why they focused on submitting
only properly compiling code. Non-compiling code is easy to spot
in BlueJ before submitting and can be fixed. Thus, most syntax
problems are not visible in the autograder’s data and, therefore, are
not a useful measure for this analysis.

Another interesting measure to gain insights into working
behavior would be time-on-task [21]. Unfortunately, for this type
of exercise and course structure, a valid time-on-task cannot be
quantitatively calculated [8] and therefore cannot be included in
the operationalization of working behavior.

Learning Outcome. The learning outcome is calculated based
on the posttest score, which is assessed through a paper-and-pencil
exam. Due to scheduling and examination constraints, not all topics
could be covered during the assessment of the learning outcome. For
the courses a and b, the focus was on inheritance and arrays, while
for course c, the focus was on inheritance and reference attributes.
This leads to the drawback that there are fewer posttest results for
arrays, and even fewer for reference attributes. All variants had
mixed topics, multiple-choice exercises at the beginning, and spot-
the-mistake exercises. The latter were counted towards the topic to
which the mistake belongs. If multiple exercises on a topic were in
a variant, the topic’s score was calculated as the overall percentage.

To ensure a fair assessment, variants of posttest exercises
used across multiple courses were created. The variants were
created solely by renaming elements and exchanging conceptually
interchangeable datatypes or operations (e.g., arrays of integers
versus arrays of doubles).

The full set of posttest exercises is available in Appendix C. For
better clarity, only one variant of each exercise is shown.

4.4 Data and Statistical Methods
Due to the multi-dimensional structure of the research questions,
with many dependencies and relations among variables, statistical
methods must be chosen that can properly handle confounding
factors and make the actual effects visible. To achieve this, multiple
statistical analyses have been performed, building on each other.

Data Cleansing. Following the approach of the original study
[8], the following steps were taken to ensure undistorted data for
analysis:

• Double submissions where students submitted twice in 10
seconds without making any changes are treated as one
submission.

• Submissions without a generated result are treated as non-
existent. This is a bug in the auto-grading platform, and
students usually resubmitted right after and received the
correct result.

• For all calculations, only values are considered where
students actually participated in an exercise. If a student
skipped an exercise, his values aren’t included in any
calculation. Students may not participate for several reasons,
such as sickness, deciding they have practiced enough,
running out of time, etc. Therefore, treating these as 0 points
(or equivalent for other measures) would significantly distort
the data.

Normal Distribution. was not expected for most variables due
to the still relatively small sample (max. n=76) and the nature of
the observed metrics (submission count, error quotient, and score).
During analysis, this was verified for most values, especially those
calculated from subsets for a specific gender or topic. For posttest
results and values calculated for the full group on all exercises,
this assumption could not be verified. Nevertheless, nonparametric
test procedures were used in subsequent analyses for all groups
to achieve consistent results across all cases. Nonparametric test
procedures work with normally and non-normally distributed data,
but have the minor drawback of having less statistical power [7].

Multiple (linear) Regression. is used for being able to
determine which effects on the observed variable come from which
controlled variable. This is especially helpful when trying to isolate
the effect of the advanced exercises while controlling for prior
knowledge, and vice versa [7, 13]. Therefore, this will be the main
method used in answering RQ2 and RQ3.

To determine the degree of the function class to approximate
using polynomial regression, polynomial regressions of degrees
1, 2, and 3 have been performed on all relevant combinations of
variables. Thereafter, the root-mean-square errors (RMSE) were
compared. The results strongly indicated a linear relationship
between the variables, and only a few edge cases showed weak
tendencies toward quadratic relationships (and even fewer for
cubic relationships). More precisely, weak tendencies mean that
the difference between the RMSEs of the linear and quadratic
approximations was never greater than 10 in favor of a quadratic
relation, whereas most differences favored a linear relation,
reaching values as large as 2000 in favor of a linear relation. To
ensure comparability of the results, multiple linear regression was
used for all regression analyses [5, 7].
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Spearman-Correlation. was used to gain detailed insights into
how single metrics for advanced exercises and base-topic exercises
depend on each other. This method was mainly used to answer RQ1.
As described in section 4.3, behavior and success are operationalized
using two metrics each. To achieve more differentiated insights
into how these metrics interact, the exercise metrics were also
compared using multiple linear regression, though only a few
yielded significant results.

Identification of relevant relations for analysis. To identify
existing, significant relations between the investigated measures,
the previously described statistical methods were applied to all
combinations of measures with and without grouping by gender,
course, single topics, repetition/new topics. All combinations and
groups that yielded statistically significant values at a confidence
level of at least 5% (in multiple regression analysis, up to 10% if at
least one value was better than 5%) were then further analyzed.

5 Results
5.1 Key Figures of the Collected Data
The following histograms provide a first insight into the structure
of the collected data, grouped by repetition and new-topic exercises.
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Figure 4: Submissions by new/repetition exercises and total

Submission Count. Looking at the submission counts per
exercise and student (Figure 4), having mean and median values
around four to five supports the assumption that most students
maintain low submission counts. Some students nevertheless have
significantly higher submission counts up to 15, which might point
to autograder-breaking behavior. When interpreting this value, it
is important to keep in mind that most exercises have multiple sub-
tasks, which tend to result in more frequent submission to verify
intermediate results before proceeding to advanced tasks.

For exercises on new topics, the submission counts are, all in all,
a bit higher than for exercises about already known topics, which
supports the intuition from practice that it is harder and requires
more (instructive) feedback to solve exercises while learning the
topic compared to solving exercises whose topics were already
familiar in the past.

Build Failures. As expected only few submissions contain build
failures (Figure 5). The students were instructed that submitting
non-compiling code will result in 0 points and no useful feedback.
Although Artemis displays complete build logs, these are basically
unreadable for beginners. Because of this and the ability to easily
see build failures in BlueJ before submitting, only very few students
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Figure 5: Failed builds by new/repetition exercises and total

submitted uncompilable code, even though they might have had
syntax issues before.
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Figure 6: Score by new/repetition exercises and total

Exercise Score. Surprisingly, although the scores were well
above 50%, one would have expected them to rise further toward
100% because they did not have any limit on how often they
could try and were provided with instructive feedback on every
submission. Using unstructured observation from the classroom,
this can be explained by three factors:

• running out of time or motivation due to missing class or
distraction during class

• self-responsible decision that a topic has been practiced
enough (especially for repetition exercises)

• starting but not finishing optional exercises (this might
especially explain the peak at <10% for repetition exercises).

Nevertheless, in the total score per student, they performed well,
with a median of 68% and only a few students with total scores
below 50%.
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Figure 7: Error quotient by new/repetition exercises and total
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ErrorQuotient. With a significance value in the Shapiro-Wilk
test of >0.05 for repetition exercises and all exercises, the error
quotient is the only exercise measure that can be seen as normally
distributed. Interestingly, this does not apply to the error quotient
of exercises on new topics, where two students reached an average
EQ of 100 across exercises, meaning they solved all exercises on
advanced topics they participated in immediately correctly. This
wasn’t the case for the average EQ in repetition exercises for any
student, even though onemight expect they would be easier to solve
and yield better EQ values. However, as explained before, many
exercises have multiple sub-tasks, and especially the loops exercise
(see 20) with multiple fully independent sub-tasks encourages
students to submit unfinished solutions, afterwhich it is not possible
to achieve the perfect error quotient of 100. Therefore, the error
quotient must be seen as a relative progress measure rather than an
absolute success measure, for which the absolute score is available.
Overall, the error quotients are centered on a median of about 45
across all groups, yielding a consistent measure.

Posttest Scores. Unusually for examination in a computer
science course in K-12 education, according to practical experience,
the posttest results were normally distributed. The exceptions were
exercises on arrays, which showed a tendency toward an equal
distribution with a slight shift toward lower values. Overall, a
median of 50% was achieved, with the median for inheritance
exercises (57%) above the total median and the median for array
exercises (38%) below it. Besides the differences in the quality of
knowledge about these topics, the following aspects should be kept
in mind when interpreting these absolute values:

• Students only have a limited time to complete the test.
Therefore, the exercises that come last in the order may
yield worse results because students may run out of time.
For courses a and b, the array exercise was the last one in the
order; for course c, the exercise about reference attributes
was the last one. Spot-the-mistake exercises, which come
earlier and contain arrays for some and inheritance for
others, make up only a minority of points for the respective
topic.

• To constructively align practice and examination, different
styles of exercises were chosen (e.g. inheritance focused
on the duality of diagram and code, while arrays had a
deeper focus on algorithms and implementation). Practical
experience shows that coding exercises are usually harder
to solve on paper than diagram and modification exercises.

As with the other measures, the posttest results are much more
interpretable with a relative rather than an absolute approach.

5.2 Results for RQ1
To analyze the relation between students’ prior knowledge, their
behavior when working on repetition exercises, and their working
behavior and success when working on new topic exercises, the
correlations among the available measures have been calculated.
As described before, most measures weren’t normally distributed.
Therefore, Spearman’s rank correlation was applied, and the results
can be interpreted as follows according to Cohen [4]:

effect |𝜌|
minor/weak ≥ 0.1

medium/moderate ≥ 0.3
major/strong ≥ 0.5

For all correlations described below, values for the full group
and for gender groups have been calculated. For male and female
students, the correlation values did not deviate strongly from those
of the full group. The values differed slightly in intensity, and the
significance values were considerably worse due to the smaller
groups. Figures 9, 10, 11, and 12 give an overview of correlation
values for the whole group and will be analyzed in the following
paragraphs.

Internal Correlation of Repetition Measures. For each
exercise group, the score, error quotient, submission count, and
build failure count are related. Before comparing the repetition
and new-topic exercises, examining the internal correlation for
the repetition exercises will provide an initial intuition for the
data. There we see a moderate effect (𝜌 = 0.44) of students with
high scores also having higher error quotient values while having
fewer build failures (𝜌 = −0.42). A significant correlation between
the score and submission count within repetition exercises does
not exist, which is easily explained by the fact that students can
submit as often as they like to improve their scores. Students with
higher EQ values in repetition exercises also had moderately lower
submission counts (𝜌 = −0.33) and build failures (𝜌 = −0.42),
indicating that students with higher submission counts kept making
similar mistakes, thereby raising their error quotient. The weak
correlation (𝜌 = 0.26) between submission and build failure counts
was expected, as more submissions increase the likelihood of build
failures.

Internal Correlation compared. When comparing the internal
correlation values across exercises grouped by advanced topics
and repetition, it’s noticeable that some measures show completely
different correlations between topics, while others are consistent
across them. Only two of the six correlation values are consistent
across all topics. Those are a moderate correlation between
submission count and build failures, and a moderate-to-strong
correlation between high scores and the error quotient, peaking at
𝜌 = 0.74 for inheritance exercises. For inheritance and reference
attribute exercises, the score and submission count are positively
correlated, with strong effects for inheritance exercises (𝜌 = 0.59)
and weak effects for reference attribute exercises (𝜌 = 0.28),
while no significant correlation between these measures was found
for repetition and array exercises. Surprisingly, only repetition
exercises showed a significant (negative) correlation between score
and build failure count. While repetition exercises also showed
a moderate negative correlation between submission count and
error quotient, among the advanced topics, only reference attribute
exercises showed a similar relation. Inheritance and array exercises
did not show a significant correlation. The latter also applies to
a correlation between build failures and error quotient values.
However, comparing repetition exercises and reference attribute
exercises to focus on correlations between these two measures, we
see contrasting moderate effects: higher error quotients for higher
submission counts in reference attribute exercises, and exactly
the opposite in repetition exercises. Based on the given data, no
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Figure 8: Posttest results by topic and total

explanation could be found for this. As seen in section 5.1, only
very few students submitted build failures, which might distort this
relation when one student had a very high build-fail count on one
of the exercises. Figure 5 shows that for advanced topic exercises
(which reference attribute exercises belong to), some students had
significantly higher build fail counts than others, which supports
this thesis.
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Figure 9: Correlation: Repetition and New Topics
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Figure 10: Correlation: Repetition and Ref. Attributes
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Figure 11: Correlation: Repetition and Inheritance
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Figure 12: Correlation: Repetition and Arrays

Exercises on New Topics vs. Repetition. When looking for a
correlation between success and working behavior of repetition
exercises and the ones on new topics, one measure has similar
moderate effects around 𝜌 = 0.4 for repetition exercises with the
three new topics and the overall average of the new topic exercises:
Students who had many build failures in repetition exercises kept
making those mistakes in advanced exercises, too. As mentioned
before, the autograder does not provide helpful feedback on syntax
errors and does not support students in improving in this area.



Prior Knowledge & Autograders in K-12 Advanced Seminar, Winter Semester 2025/26, Computing Education Research Group Munich

Besides, syntax usually gets more complicated in advanced topics,
whereas students who have trouble with basic syntax will have
even more trouble in the advanced exercises.

All other correlations appear to be highly dependent on the
exercises’ topics. Array exercises have a much more algorithmic
approach, while reference attribute and inheritance exercises
are more object-oriented. These differences also show in similar
structured correlations between reference attributes/inheritance
exercises with repetition exercises, whereas array exercises exhibit
completely different correlations with repetition exercises. While
higher scores on repetition exercises are strongly correlated with
high scores on the first two advanced topics, no such effect was
observed for arrays. Similar for submission counts in the advanced
exercises: No correlation with any measure of the repetition
exercises was observed for arrays, while higher submission counts
in reference attribute and inheritance exercises were moderately
correlated with higher scores and submission counts in repetition
exercises. The correlation between high scores/submission counts
in prior knowledge exercises and high scores/submission counts in
advanced exercises supports our hypotheses, as topics build on each
other, and students usually maintain a consistent work behavior.
However, the correlation between high scores on repetition
exercises and high submission counts in the first two advanced
topics is surprising but can be explained by good students who
want to verify that they are working correctly before proceeding to
the next subtask, and maybe even rely on the instructive feedback.

Unfortunately, the multiple linear regression analysis did not
yield any results that provide deeper insights into the relations or
add value in any other way for answering RQ1.

5.3 Results for RQ2 and RQ3
To answer research questions 2 and 3, which investigate the
influence of prior knowledge and advanced topic exercises on
the learning outcomes of advanced topics, about 700 plausible
combinations of variables were analyzed using multiple linear
regression to identify significant influences on the learning outcome.
Most results were not significant, especially those with more than
2 independent variables. Nevertheless, some significant influences
could be identified. All regression coefficients are standardized,
meaning distortion caused by the variable’s scale (e.g., 𝐸𝑄 ∈ (0, 100]
vs. submission count usually ∈ [0, 15]) is removed, allowing direct
comparison of the coefficients. As described in previous sections,
the validity of statistical calculations based on build failure counts
is doubted. Even though some regression calculations yielded
significant coefficient values for build failure values, they are left
out.

Total outcomes. For the total posttest results, two regressions
had significant coefficients: The one comparing total and repetition
submission counts (figure 13) and the one comparing the influence
of scores in exercises about advanced topics with scores in repetition
exercises (14). Comparing scores in advanced versus repetition
exercises shows a slightly better learning outcome when students
achieve higher scores in repetition exercises than in advanced
ones. However, the absolute coefficient values are close to each
other, having moderate effects around 𝑅 = 0.3. This is especially
highlighted when comparing with the influence of the submission
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Repetition Submissions

Total Submissions

p=0.022

p<0.001

Regression (all, Posttest Total)

Figure 13: Regression: PT Total vs. Submission Count
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Figure 14: Regression: PT Total vs. Score

counts. The total submission count has a strong positive influence
(𝑅 = 0.8) while submission counts in repetition exercises have a
moderate to strong negative effect (𝑅 ≈ 0.8) on the total posttest
results. For interpreting this regression result, it is important to
consider that the average submission count per repetition exercise
is calculated from values that are also part of the average submission
count of all exercises. However, as the influences work in opposite
directions and a mutual reinforcement of the values is unlikely, the
results can still be used to answer the research questions.
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New Topics Score
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Figure 15: Regression: PT Mixed vs. Score (male)

Mixed Topic Outcomes. Among male students, scores on
advanced and repetition exercises both have a positive influence
on posttest results for mixed topics (figure 15). For female students,
this combination of variables did not yield significant results. The
mixed topics exercise is a multiple-choice exercise that covers array
indexing, the types of polymorphic objects, and the iteration count
of for-loops. Even though the scores of both exercise groups have
a positive effect on this posttest category, the effect of repetition
exercise scores is almost twice as high as that of the advanced
exercise scores.
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Figure 16: Regression: PT Ref-Attr vs. EQ
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Figure 17: Regression: PT Ref-Attr vs. Behavior

Reference Attribute outcomes. The most expressive results
were achieved for the influence on reference attribute results. Figure
16 shows a moderate to strong positive influence of error quotient
values in repetition exercises, while high error quotient values in
reference attribute exercises have a negative moderate to strong
effect on the posttest results about reference attributes. Even more
expressive are the results in figure 17, which include all behavior
measures, enabling us to directly analyze the influence of working
behavior in repetition vs. advanced exercises on posttest results.
The results show a strong positive effect of submission counts
in reference attribute exercises, whereas the same measure has a
strong negative effect in repetition exercises. For the error quotient,
it is the other way around. High error quotient values - indicating
fast mistake-solving - in exercises about reference attributes have a
moderate negative effect on the posttest results, while higher error
quotient values in repetition exercises have a moderate positive
effect on the results.

6 Discussion
6.1 RQ1
For the object-oriented topics, Reference Attributes and Inheritance,
the hypothesis that prior knowledge has the biggest impact on
successfully solving advanced exercises was found to be correct.
The data shows a strong correlation between those values. For
advanced exercises on arrays, the expected correlation was not
observed. This might suggest a programming-paradigm-dependent
correlation, or it might be because arrays are the last topic, and
students have more experience with the other advanced topics
before even starting exercises on arrays.

The hypothesis for RQ1(a) was that low prior knowledge
correlates with bad working habits. This hypothesis was not
supported by the results. This might have different causes. One
might be that it was simply wrong. Another possibility is that bad

behavior was defined incorrectly. Initially, many submissions were
seen as trying to break the autograder for solving the exercise.
However, many commits may also come from students after each
subtask to verify that they did the correct thing. As many of the
exercises have several subtasks, a more detailed, almost qualitative
look into the data would be required to find a proper explanation
for this phenomenon and answer the research question.

6.2 RQ2 & RQ3
Only a few statistical tests for research questions 2 and 3 led to
significant results. This may be due to too few students, which can
limit the ability to achieve significant results in multiple regression.
Nevertheless, some tests yielded significant results. Again, this
seems to be topic-dependent.

For mixed topic exercises in the posttest of male students, the
first hypothesis of prior knowledge having the biggest effect on the
learning outcome is strongly supported, while for the total score,
this is only barely the case, as the influence of success in repetition
and advanced exercises is almost the same.

Similar to the corresponding hypothesis for RQ1(a), the
hypothesis that high submission counts lead to bad posttest results
could not be verified. As explained before, the definition of bad
working behavior must be remodeled for future work. High average
submission counts over all exercises had a strong positive influence
on the total posttest results, while high submission counts in
repetition exercises had a negative influence. The latter would
support the hypothesis; however, the first would not. Given this
inconsistency, the hypothesis must be rejected in its entirety.

One exception to the non-significant missing insights is the
topic of Reference Attributes. The results clearly show that high
submission counts with low error quotients on the Reference
Attribute exercises, and vice versa for the repetition exercises, lead
to good learning outcomes for this topic. One possible explanation
is that students with good prior knowledge (low submission count
and high error quotient in repetition) receive a lot of (different)
feedback on the new topic and therefore have many opportunities
to learn from their mistakes. This idea might be worth investigating
in future work.

6.3 Limitations
Missing Data for Build Failures. Several results showed

interesting starting points for an analysis of the influence of build
failures and their resolution.

Different Posttests. Due to scheduling, different courses had
different posttest exercises and, in some cases, even different topics
(e.g., reference attributes were covered only in course c). This
significantly weakens the results’ power.

Long Exercises. Many of the exercises consist of many subtasks,
which makes it hard to determine if students simply submitted after
each subtask or actually made mistakes. The design of the error
quotient tries to address this limitation but cannot fully resolve it.

Students skipping Exercises. As mentioned before, several
students skipped or did not finish exercises for an unknown reason.
Knowledge of the reason for this would be important for properly
interpreting these values and not just leaving them out.



Prior Knowledge & Autograders in K-12 Advanced Seminar, Winter Semester 2025/26, Computing Education Research Group Munich

7 Summary and Future Work
Similar to the original study, from which this one was adapted,
many results lack significance and are highly topic-dependent.
Nevertheless, some good starting points emerge from it, showing
that prior knowledge is extremely important for successfully
learning slightly advanced programming topics. However, the
role of autograders in K-12 computer science education and their
influence are topics that need further investigation. While this
study immediately adapted the exercises from the original study [8],
future work must fundamentally remodel the exercises to resolve
the limitations mentioned before by creating more compact and
easier-to-interpret exercises. Nevertheless, autograding in K-12 CS
education remains a highly interesting and promising topic.

Declaration of the use of artificial intelligence
In preparing this thesis, I used Grammarly1 for grammar and style
corrections throughout all sections, ensuring clarity and coherence
in my writing. I used DeepL2 to enhance language quality and
translate minor parts of the literature. Additionally, I used GitHub
Copilot 3 to speed up the creation of Python and SQL code snippets
for data analysis. Besides that, I used Consensus 4 and Google
Scholar Labs 5 for literature research. Concluding, I used Gemini 6
to verify the paper’s consistency.
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A More Raw Analysis Plots
Raw plots from the statistical analysis can be found online under
the following address:

https://valentin-herrmann.com/Hauptseminar/
If the page becomes accidentally unavailable in the future, do not
hesitate to contact the author.

B Practice Exercises with automated Feedback
(original, German)

Exercise 02 is a modeling/diagram exercise without automated
feedback and was therefore left out.

Figure 18: Ex. 01 - Basics

Figure 19: Ex. 03 - Methods

Figure 20: Ex. 04 (1) - Loops

https://valentin-herrmann.com/Hauptseminar/
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Figure 21: Ex. 04 (2) - Loops

Figure 22: Ex. 04 (3) - Loops

Figure 23: Ex. 05a - Conditions

Figure 24: Ex. 05b - Conditions

Figure 25: Ex. 05c (optional) - Conditions
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Figure 26: Ex. 05d (optional) - Conditions Figure 27: Ex. 06a - Reference Attributes
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Figure 28: Ex. 06b - Reference Attributes Figure 29: Ex. 06c (optional) - Reference Attributes
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Figure 30: Ex. 07a - Inheritance

Figure 31: Ex. 07b (1) - Inheritance

Figure 32: Ex. 07b (2) - Inheritance

Figure 33: Ex. 07b (3) - Inheritance
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Figure 34: Ex. 07c (optional) - Inheritance

Figure 35: Ex. 08a - Arrays

Figure 36: Ex. 08b - Arrays

Figure 37: Ex. 08c (optional) - Arrays

C Posttest Exercises
To ensure clarity of the appendix, only one variant of each exercise
is shown if the variants do not differ significantly.
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Figure 38: PT: Mixed Basics

Figure 39: PT: Spot Mistake (Var.: Inheritance)

Figure 40: PT: Spot Mistake (Var.: Arrays)

Figure 41: PT: Reference Attributes

Figure 42: PT: Arrays 1
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Figure 43: PT: Arrays 2

Figure 44: PT: Inheritance 1

Figure 45: PT: Inheritance 2
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