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Abstract. Individual feedback is a core ingredient of a personalised
learning path. However, it also is time-intensive and, as a teaching form,
it is not easily scalable. In order to make individual feedback realisable
for larger groups of students, we develop tool support for teaching assistants to use in the process of giving feedback. In this paper, we introduce
Apollo, a tool that automatically analyses code uploaded by students
with respect to their progression towards the learning objectives of the
course. First, typical learning objectives in Computer Science courses are
analysed on their suitability for automated assessment. A set of learning
objectives is analysed further to get an understanding of what achievement of these objectives looks like in code. Finally, this is implemented
in Apollo, a tool that assesses the achievement of learning objectives in
Processing projects. Early results suggest an agreement in assessment
between Apollo and teaching assistants.
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Introduction

Learning in the perspective of the 21st-century skills aims, among others, at
enthusiasm, deep understanding, the ability to apply, and reflection. For the
programming courses of our program of Creative Technology, we address these
skills by giving open assignments that allow for individual solutions and creativity, while making students owner of their learning process. The programming
assignments let students define their own project, as long as they use the concepts taught in the course and demonstrate mastery of the learning outcomes.
A driving principle in this personalised learning process is individual feedback
to get students unstuck in their learning path when needed. However, individual
feedback is time-intensive, and, accordingly, does not scale well with an increasing number of students. In order to make individual learning processes also
realisable for larger groups of students, we develop tools that support teaching
assistants in giving feedback.
We developed an online platform called Atelier to aid communication between students and teaching assistants during programming tutorials. Students
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can upload their code and share it with teaching assistants. Teaching assistants
can leave comments and see each others’ comments, which contributes to consistency in giving feedback. Additionally, an automated code checker [6] identifies
standard faults, suggesting comments that the teaching assistant can share and
discuss with students. This increases the efficiency of giving feedback.
This paper introduces the extension Apollo1 , which analyses programs submitted to Atelier with respect to the desired learning outcomes for the course.
The results of Apollo help teaching assistants to identify shortcomings of a program faster, and hence also contributes to an increased efficiency and consistency
in giving feedback. Atelier and Apollo were developed in the context of the engineering and design bachelor programme Creative Technology at the University
for Twente, where students start programming in Processing2 .
Section 2 covers related work on learning outcomes and automated feedback.
In Section 3 we investigate learning outcomes in programming courses and how
mastery of these learning outcomes can be identified by an automated tool is
described in Section 4. Section 5 uses historical data to calibrate the system and
provides early validation of the approach when used in an actual course. The
final section closes with discussion and conclusions.

2

Background

This section introduces learning outcomes, including characteristics related to
their suitability for automated assessment, and approaches to automated feedback. The combination of both forms the basis for Apollo.
Learning outcomes. Learning outcomes range from vague aspirations to achieve
at the end of a program to very specific objectives to accomplish in a single
lecture. Wilson [16] splits learning outcomes into aims, goals and objectives.
– Aims give a general direction and are not directly measurable. They are
meant to guide an entire program or subject area. An example from our
programme is “Graduates understand and can use technology in the domain
of software, algorithms and physical interaction.”
– Goals are more specific than aims in terms of scope, but they can still relate
to an entire program or subject area. They can be formulated as a concrete
action, but do not have to be. An example from our program is “Students
can create algorithms for solving simple problems.”
– Objectives are often written in behavioural terms to describe more specific
learning outcomes. They should be observable and measurable, like “Students can implement a divide-and-conquer algorithm for solving a problem.”
We use the term ‘learning outcome’ to mean the intended learning outcome of
a course, which may or may not be the actual learning outcome for a student.
1
2

Available via https://github.com/creativeprogrammingatelier/apollo
See https://processing.org
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Learning outcomes can also be categorised according to “levels of mastery”,
similar to Bloom’s Taxonomy [3,10]. The Computer Science curriculum guidelines by ACM and IEEE [1] use three levels:
– Familiarity means the student knows a concept, or the meaning of a concept,
but is not able to apply it.
– Usage means whether the student can concretely use a concept, for example
in a program or when doing analysis.
– Assessment means that the student can argue for the selection of a concept
to use when solving a problem. This also requires the student to understand
available alternatives.
When looking at programming assignments, the related learning outcomes
are usually at the ‘usage’ or ‘assessment’ level.
Automated feedback A common approach that has been used since the 1960s is
the use of automated testing tools to check student submissions for correctness.
Douce, Livingstone and Orwell [5] describe several generations of these tools,
which all have in common that they require well-defined exercises with supplied
test cases to function correctly. In our context where students choose their own
projects to work on, these tools are not applicable.
Keuning, Jeuring and Heeren [9] reviewed 101 tools, and found a total of 8
approaches to provide feedback to students, of which automated testing is just
one. Four of the other approaches are specific to programming: external tools
(such as compilers), static analysis, program transformations, and intentionbased diagnosis.
This last approach tries to uncover the student’s strategy by matching code
with known ways and code patterns to achieve (sub)goals, following a structured
approach to programming [15]. A tool that uses this strategy is PROUST [7,8],
which was developed to provide feedback on free-form programming assignments,
based on goals the students learned approaches for. This suggests that a similar
approach would work well in our context of creative assignments.
An example of a tool that tracks the progress of students is the ACT Programming Tutor (APT) [4], which has a Skill Meter that shows the probability
that the student has mastered that skill. APT is also goal-oriented, but works
with production rules based on the current assignment: it will not let students
take steps that are not on a known path to a correct solution. While the Skill
Meter serves a goal similar to what Apollo aims to achieve, the APT approach is
not applicable in our context: all assignments need predefined solutions, whereas
our course has requirements that allow for a variety of individual solutions.

3

Learning Outcomes

The goal of this section is to identify the learning outcomes that are assessable
by an automated tool. First, those common in computer science courses are
investigated, then those specific to our course.
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Fig. 1. Leaning outcomes from the knowledge areas Software Development Fundamentals (Algorithms and Design, Programming Concepts, and Data Structures) and
Programming Languages (OOP) in the ACM and IEEE curriculum guidelines.

Fig. 1 illustrates the selection criteria applied to 31 learning outcomes related
to programming in the ACM and IEEE Computer Science curriculum guidelines
[1], from four topic areas relevant to our course. First, they are distinguished by
their level. Only the ‘usage’ and ‘assessment’ level are relevant for our purpose
since ‘familiarity’ precludes the ability to use a concept by definition. Next,
the learning outcomes need to be directly related to writing code. And finally,
the learning outcomes should be concrete and observable, which means that
only objectives are assessable. Considering these criteria, 15 out of 31 analysed
learning outcomes were found suitable for automated assessment.
The focus of our course lies on using programming as a tool for expressing creative ideas [11]. This involves, for example, simulating basic but specific
physical systems, rather than learning algorithms in isolation, as would be common in classic computer science programming courses. Consequently, the official
learning outcomes have a clear focus on the ‘usage’ level. The specific learning
objectives, however, are similar to other introductory programming courses: students have to learn how to write for-loops, they have to understand how variables
work and apply basic object-oriented programming concepts.
Based on the curriculum guidelines [1], the actual learning outcomes of our
course and the textbook [14], we defined five representative learning objectives:
1. Write a program that uses graphical commands to draw to the screen.
2. Write a program that uses looping constructs for repetition, using the appropriate looping construct.
3. Compose a program using classes, objects and methods to structure the code
in an object-oriented way.
4. Implement message passing to enable communication between classes in a
complex program, instead of using global variables.
5. Use elementary vector operations to simulate physical forces on an object.
These objectives are selected to give a fair representation of different types
of learning objectives and different degrees of freedom in the resulting code. The
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five topics are a selection of what students are expected at the end of the course,
which also concludes the first year of the Creative Technology programme.

4

Recognising Learning Objectives

Given the learning outcomes suitable for automated analysis, as identified in the
previous section, this section focuses on the specific analysis techniques. We first
describe the general technology used to detect evidence, and then for each of the
five learning objectives what will count as evidence of mastery.
Finding evidence means to recognise relevant usage of programming constructs and programming patterns. Previous research on static analysis of Processing projects [2,6] successfully adapted PMD3 . It is also used for Apollo.
For most rules, Apollo uses the following function to translate the count of
occurrences to a probability of showing convincing evidence:
Sa,b (n) = 1 −

1
+1

1 b
an

(1)

This function defines a family of “S”-shaped curves in the range [0, 1i, where
the slope is determined by the parameters a and b, which can be varied from
objective to objective, and from course to course.
The remainder of this section describes which aspects are relevant for the
different learning objectives, and how occurrences of relevant structures in the
code are counted. Unless mentioned otherwise, the S function is used to translate
this count into a probability. Its parameters will be determined in Section 5.
1. Write a program that uses graphical commands to draw to the screen.
This seems like a relatively simple goal, but full mastery also means that
students know different methods, can familiarise themselves with methods
that were not explicitly covered in the course and are able to use advanced
concepts, such as affine transformations.
Apollo uses a list of all graphical commands in Processing [12], grouped by
category. For a given program it creates a list of graphical commands that
have been used. The different metrics are then calculated as follows:
(a) Use of a variety of different drawing methods covered in the course.
Count the number of method calls from categories covered in the course.
(b) Use of advanced drawing methods, like those in the transform category.
Count the method calls in the transform category of drawing methods.
(c) Use of methods that are not explicitly part of the course material.
These are the methods that were not part of the count for the first metric.
The probability for the entire learning objective is a weighted average of the
individual probabilities. The first aspect has weight 3, the second weight 2
and the last weight 1. Students who do not use the covered drawing functions
frequently are unlikely to master the drawing commands, even if they do use
advanced or non-covered methods, so the first aspect should weigh most.
3

PMD is a tool for detecting code smells in Java, available at https://pmd.github.io
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for ( int i = 0; i < ts . length ; i ++) {
Thing t = ts [i ]; // Get an element
s += i * t. getValue () ; // Use index directly
}

Fig. 2. Example of an array iteration that requires the use of an index.

2. Write a program that uses looping constructs for repetition, using the appropriate looping construct.
This objective has two aspects: usage of loops, and choosing the appropriate
type of loop for a goal. In the context of our course we distinguish the
following goals with the related code patterns:
– Repeating some code while a condition holds, using a while-loop.
– Repeating a task n times while increasing a counter, using a while- or
for-loop. For-loops are preferred in this case.
– Iterating over all items in an array, using a for-, while-, or foreach-loop;
the latter is the preferred option.
– Iterate over all items in an array while using the index independently. In
this case, a foreach-loop can not be used, and the for-loop is preferred.
See Fig. 2 for an example.
Instead of listing and matching on every possible coding pattern related to
using loops, Apollo characterises loops based on their usage. This includes
the type of looping condition used, the types of variables used in the body and
how the iterator variable is used. Based on this, three metrics are calculated
as follows:
(a) Use of different types of loops. The number of different types (either for,
while, or foreach) of loops used in the program.
(b) Use of loops in a variety of situations, e.g. to iterate over an array, but
also for simple repetitions. Count the number of occurrences of loops
with different characterisations.
(c) Choose the appropriate looping construct for a given task. This is calculated as the ratio of loops that are the most appropriate in that situation
over all used loops. This value already expresses the chance that a correct
looping construct is chosen, and does not need to be converted.
The probabilities resulting from these metrics are averaged to calculate the
probability that the program contains convincing evidence that the student
achieved this learning objective.
3. Compose a program using classes, objects and methods to structure the code
in an object-oriented way.
This goal is not just about using the keyword class, but about structuring
the program by grouping related data and actions together. The paper [6]
proposes an object-oriented structure for interactive Processing applications
and also provides static analysis rules for automated detection of so-called
design smells in this structure. If a program is structured into multiple classes
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and none of the common design smells is detected, the student has likely
mastered this objective. Also, it is assumed that any useful class has methods;
Apollo uses a minimum of 2.
The metrics are calculated as follows:
(a) Use of classes with various methods. This is simply the number of classes
with more than two methods.
(b) Relatively few detected design smells in the code patterns. For this metric,
Apollo runs the static analysis rules defined in [6] to detect code smells
in the program. Because the chance of a small mistake is bigger in a
large program, the amount of smells is divided by the number of classes
counted for the first metric. In this case, since a larger number means
more problems, and less evidence of mastery, it uses a flipped version of
function S.
The probability for the overall objective is the average of these two metrics.
4. Implement message passing to enable communication between classes in a
complex program.
This objective is related to the previous objective of object-oriented design
but is included separately since it receives dedicated attention in the course
materials. The goal is to share information between classes. A common,
but discouraged, practice is to define a global variable that several objects
use. The alternative is method parameter passing, where one object calls
a method of another object and passes the information by parameter. The
second option is preferred because the information is not shared with other
parts of the program that might inadvertently change its value.
To detect if the student can apply message passing, Apollo first finds all
global variables. Only variables that are mutated in the program should
count for message passing, so global constants are filtered out. Then the
number of uses of these global variables across different classes is counted.
The detection of parameter passing happens similarly: Apollo determines
all calls to methods from outside the defining class and counts the passed
arguments. To get a similar count to the global variable use, only arguments
that are locally declared values are counted.
The probability that the program contains convincing evidence that the
learning objective is achieved, is then calculated as the ratio of parameter
passing instances over the total count of both communication methods.
5. Use elementary vector operations to simulate physical forces on an object.
Forces, acceleration, velocity and position are modelled in Processing using
the PVector class, so physical formulas are commonly translated into operations on these vectors. It is possible to define code patterns for common goals,
such as “apply a force to an object with mass”, “calculate the drag force for
an object in a medium”, “model gravity using constant downward force” or
“calculate friction”. If one or more of these patterns related to known goals
are found, it is a good indicator for mastery of this learning objective.
There are, however, many more physical phenomena than specifically covered
in the course and known to Apollo, especially since students are free to define
their own project. As a weak, but more general, indicator Apollo counts all
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operations on PVector objects. While this could also indicate abstract linear
algebra, an absence of PVector usage does indicate that the student is not
using PVectors for physical modelling.
To keep things manageable, Apollo only considers operations on PVectors
when comparing code patterns related to physics and simply ignores the
calculation of other parts of the solution. Apollo recognises five code patterns
for simulating physics, which are defined as a list of method calls on different
PVector instances.
Two metrics are computed as follows:
(a) Use of a known pattern for working with forces. Count the number of
times one of the five specified code patterns for physics matches with
the code, as explained before.
(b) Use of operations on PVectors. Simply count the number of operations
based on the declared PVectors.
The overall probability is calculated as the weighted average of both metrics,
where the first metric has weight 1, the second 2.5. This means that even
when no code patterns are recognised, a chance of 0.7 can still be reached
based on the number of PVector operations, which is desired because of the
mentioned limitations on detection of known physical structures.

5

Calibration and Validation

For an initial validation and determining the parameters for converting counted
metrics into probabilities, Apollo was used on an old dataset of final student
projects used in the evaluation of [6].
Calibration. To illustrate the method used for calibration of the parameters, we
discuss the example of counting calls to drawing methods covered in the course
materials. Other metrics were calibrated in a similar fashion.
Considering the drawing methods, we find that all programs in the dataset use between 4 and 17 different drawing methods, with a median of 9. The
first quartile is at 8 drawing methods, the third quartile at 11. To determine
the correct parameters for the function S, these statistics were mapped to the
desired chance. The first quartile is mapped to 50%, the median to 70% and the
third quartile to 95%. This means that a chance of understanding above 95%
is assigned to the 25% best programs, above 70% to the 50% best programs
etc. For the covered drawing methods this means that 8 used drawing methods
maps to a 50% chance of being convincing evidence, 9 used maps to 70% and
11 used to 95%. The parameters were then determined with a standard curve
fitting algorithm.
Integration. To test Apollo in practice, the tool was integrated with Atelier,
our online platform for programming tutorials, where it creates comments with
its assessment on every uploaded project. To reduce the chance that teaching
assistants would interpret Apollo’s assessments as grading, the probabilities calculated by Apollo were translated into words, following a mapping defined in
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Fig. 3. An example comment by Apollo. The second icon in the lower left corner
indicates that this comment is not shared with the student, but only visible for the
teaching assistant.

[13]. A chance of 20% or less is rendered as ‘improbable’, for example. The intention is that teaching assistants use this information to address when they
provide feedback, and not as a substitute for grading. See Fig. 3 for an example.
Apollo ran on 65 student submissions in the final week of the tutorial period
where students could ask for feedback on their projects. On 11 of these submissions, a teacher or teaching assistant indicated whether or not they agreed with
Apollo’s assessment. Out of these 11 comments, 8 were positive and 3 neither
positive nor negative. Message passing and physics were both mentioned three
times in these comments. In the case of message passing, always because Apollo
indicated a low score on these programs and the commenter agreed with that
assessment. For physics this was the case for two comments; the third indicated
that there was some physics in the program which was not detected by Apollo.
The low response rate can at least partially be attributed to the fact that
Apollo was only deployed in the last week of tutorials when many students seek
help on their final projects. Teaching assistants rightly prioritise helping as many
students as possible in the limited time they have during a tutorial.
In separate interviews with two teaching assistants, both indicated to agree
with the comments made by Apollo most of the time. One of them indicated that
they would like to get more information on why Apollo made the assessment,
the other mentioned that the overall information presentation in Atelier could be
better and that it sometimes feels “rather spammy.” Both did find the provided
information useful when looking at a project uploaded by a student.
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Conclusions

This paper reports on automatic assessment of learning objectives in a first-year
programming course, and its implementation in Apollo. Apollo is an extension of
Atelier, our online platform that supports teaching staff in the process of giving
feedback to students. To develop the tool, we first selected learning outcomes
suitable for automatic analysis of students’ code in a systematic way, starting
with the Computer Science Curriculum Guidelines, followed by the learning
outcomes for programming courses in our program. In general, learning outcomes
on the correct usage of e.g. programming elements are suitable for automatic
analysis, while more general goals concerning the understanding of an area are
not. Based on this, we identified a set of five representative learning objectives
to use for the development of Apollo.
For each of these learning objectives, we identified aspects that indicate
mastery of that objective and implemented rules in Apollo to recognise these
aspects in code. In the end, Apollo draws from both the static analysis and
intention-based diagnosis techniques for providing automated feedback. The core
of intention-based diagnosis is to uncover the goal a student had in mind while
writing their code by identifying common patterns used to achieve these goals.
This is most prominent in the learning objective on modelling physics, where
concrete patterns were used to represent common goals in that area. For other
objectives, we instead tried to characterise the common solutions to achieve a
goal to avoid having to list all possible ways in which a loop can be used.
While validation of the tool was limited due to time constraints, feedback
from teaching assistants does indicate that Apollo is a useful addition to the
Atelier platform. Early signs also tend to indicate that Apollo’s assessment is
mostly correct, but further validation is required to make a clear statement on
this. This will happen as part of an ongoing longer-term study.
There are two main areas in which Apollo could be improved. First, Apollo
only assesses individual programs, but it cannot yet accumulate outcomes from a
series of programs of one student to an overall chance that a student has achieved
a learning objective. Neither can it combine the results of a group of students
to create an overview of the overall progress in a course. These additions would
extend the use of Apollo beyond giving feedback on single programs into giving
insight into the learning paths of students.
Second, instead of a textual presentation, more intuitive visualisations of
Apollo’s results would be desirable. This becomes especially important when
the results are combined into student- and group-level numbers, possibly tracked
over time. An insightful presentation of results would also be useful for an evaluation to what extent the tool does improve the efficiency of giving feedback.
These two areas will be the subject of further research.
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