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Adaptive Learning Systems in Programming Education: A
Prototype for Enhanced Formative Feedback

Dominic Lohr 1, Marc Berges 1, Abhishek Chughz, and Michael Striewe ®3

Abstract:

Formative feedback is crucial in programming education, yet many learning systems fall short,
concentrating mostly on pinpointing errors rather than guiding learners on how to resolve them. This
is particularly unhelpful for novices who often lack advanced skills like debugging. Feedback is
considered more valuable when it addresses error causes rather than just symptoms. However, this
is challenging using only conventional methods like unit testing. Identifying error causes requires
detailed information about both the error and the learner. Our proposed prototype introduces a new
approach to integrating programming exercises into adaptive learning systems. It directly categorizes
student code into so-called answer classes using a combination of static and dynamic code analysis.
When integrated with data derived from a learner model, this approach enables tailored feedback that
lowers the barrier to learning programming while keeping motivation high.
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1 Motivation

Programming educators in higher education are faced with the challenge of teaching diverse
groups of learners whose prior knowledge of programming varies significantly [Cal5]. This
discrepancy often results from the different school systems and curricula that students have
passed through [Hul5]. While some learners have never written a single line of code others
already have experience in developing (small) projects. Not overwhelming the former and
not boring the latter is a pedagogical balancing act for educators, especially in the first few
sessions of a programming course.

Adaptive learning systems (ALS) are considered as a promising approach to meet the
heterogeneous needs of learners. Especially for programming novices, effective feedback is
seen as crucial to support learners. However, the type of feedback required varies greatly
depending on the individual learning level and type of error. Although providing elaborated
feedback is crucial for learners, most learning systems offer only simple feedback focused
mainly on mistakes [KJH19, Je22], without customization to individual needs. This often
stems from the challenge of linking mistakes to their underlying causes, as many systems
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lack a model of the learner’s unique profile, which we claim is crucial in most cases to infer
from symptoms to causes — considered as more valuable feedback by learners [LB21]. The
presented demo showcases a prototype that illustrates how an adaptive learning system can
address these challenges. It achieves this by integrating diagnostic features with adaptive
learning functionalities, merging established systems with a large language model (LLM).

2 Architecture

The architecture is composed of three integrated components: (A) the JACK system, (B) the
ALEA system, and (C) GPT4 — a state-of-the-art large language model.

To evaluate the learner’s program code we use JACK — an e-assessment system designed for
grading programming exercises [St16]. JACK allows for both static and dynamic analysis of
Java code. Based on these analyses we map the program code to specific answer classes.
From a large number of existing systems for automated feedback generation for programming
exercises [SS22], JACK is a suitable choice in this endeavor for two reasons: First, the
architecture of JACK is specifically designed for modularity and extensibility, what makes it
easy to integrate only the required components from JACK into the new prototype. Second,
JACK employs a dedicated, customizable module for static code analysis [SG14], that allows
the creation of exercise-specific rules and thus produces more fine-grained answer classes.

ALEA is an adaptive learning assistant for university courses that can provide customized
content for learners based on semantically annotated course materials [Kr23, Be23]. In
ALEA, learning objects are annotated following the Y-model framework [Lo23]. This
approach makes details regarding necessary prerequisite knowledge, relevant concepts,
learning objectives, and answer classes available to the system. Additionally, ALEA
incorporates a learner model, capable of offering insights into the concepts that learners
have successfully grasped within a specific cognitive dimension.

We use GPT4 to generate the feedback messages as the potential of the model to generate
feedback has already been demonstrated in studies [KLK23, LKK?24]. However, research
shows that the generated feedback often lacks customization and, therefore, adaptivity.
By applying retrieval augmented generation (RAG), we can dynamically add specific
information to the prompt, making the feedback more tailored to the learner’s needs.

2.1 System Design

Fig. 1 gives an overview of the architecture and the feedback pipeline. When feedback is
requested, the code is first sent to the JACK to analyze whether it is compilable code. If the
code contains syntax errors, there are three possibilities: (1) the compiler error message is
sent directly to the learner (2) an explanation of the error message is generated with GPT4
and sent to the learner or (3) the program code is repaired to compilable code using GPT4
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and then examined using the JACK system with regard to the answer classes. The latter
variant also enables the provision of feedback on semantic or logical errors if the program
code does not compile. This fundamentally expands the possibilities, as previous tools were
unable to provide feedback on logical or semantic errors in non-compilable code.

Learner

feedback
request

LM data /

GPT4 (LLM) GPT4 (LLM) concepts ALeA

feedback H - learner model

repair prompt formulation prompt H - domain model

Yes H
RAG
repaired code

+ info Syntax Errors

JACK

static / dynamic code request
analysis No - LM data
- concepts

Feedback
Specification
- !ype
- time
- representation

enhanced
adaptivity? Yes

AnswerClass
to FeedbackClass

Fig. 1: Overview of system design

2.2 Functionality

Fig. 2 shows a screenshot of the prototype*. While working on a task, learners can use
various methods to request different types of feedback, and it is up to the learner to decide
when and how to ask for help. This fosters self-directed learning, as learners have different
preferences. We also don’t want to interrupt learners during their cognitive processes (a
’thinking step’). Therefore, we leave the timing of the feedback to the learner but implement
automated support functionality when obviously struggling with the task, e. g. trying to
compile five times with the same syntax error. Feedback from the compiler can be requested
by using the RUN button. If there are test cases provided in the task the learner can request
the test results using the TEST button. When struggling with the task the learner can
request help any time using the HELP functionality.

4 Example task and code is taken from the Coding-Bat dataset [Ki22]
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T21: Fibonacci

The fibonacci sequence is a famous bit of mathematics, and it happens to have a recursive definition. The first two values in the sequence are
0and 1 (essentially 2 base cases). Each subsequent value is the sum of the previous two values, so the whole sequence is: 0,1, 1,2,3,5,8,13,
21 and so on. Define a recursive fibonacci(n) method that returns the nth fibonacci number, with n=0 representing the start of the sequence.

fibonacci(0) --> 0
fibonacci(1) --> 1
fibonacci(2) --> 1

Toimprove your recursive “fibonacci’ method, focus on the base cases and the
recursive case. Your base cases for n==8 and n==1 are correctly implemented,

; However, the recursive case needs adjustment. Currently, you're adding n to
o B the result of fibonacci (n-1), which doesn't follow the Fibonacci sequence
if( ) return 1; rules. The Fibonacci number at position n should be the sum of the numbers at
return n + fibonacci(n-1) positions n-1 and n-2. Try modifying your recursive call to incorporate this.

int fibonacci(int n) {
if (n= return

Fig. 2: Screenshot of the Prototype

3 Future Work and Vision

The prototype presented in this demo is limited to the programming language Java. One
reason for this is that the JACK system currently only supports an analysis of Python and Java
tasks. However, we claim that the system presented generalizes well to other programming
languages — presumably with a few adaptations. Developing suitable answer classes for
the programming tasks and writing suitable tests requires a considerable amount of time
for programming instructors. However, some of the answer classes can be generalized
across task types. It is, therefore, conceivable that in the future, the educator already has
a well-stocked toolbox of answer classes with the appropriate analysis tests available for
certain programming tasks.

Automated adaptive programming feedback offers a solution to the diverse needs of
students in large introductory courses. Traditionally, the lack of time and resources makes it
challenging for educators to provide personalized support, especially to those who need
it most. Our approach demonstrates an initial step towards providing automatic, tailored
feedback, addressing this critical gap.
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