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Abstract

Program analysis tools for the block-based programming environ-
ment Scratch support learners by identifying blocks indicative of
bugs, which may be evidence of misconceptions and likely lead
to faulty program behaviour. However, this information may not
be sufficient to guide learners towards fixing both their misunder-
standings and their programs. In this paper we therefore propose to
use large language models (LLMs) as a means to explain the issues
found by program analyses, and to help learners understand how to
debug and fix these issues. While the power of modern r1Mms has re-
sulted in a surge of new support tools for text-based programming
languages, Scratch programs pose additional challenges for LLMs:
The visual, block-based code first needs to be converted to textual
prompts for the LLMs, and even then is it unclear whether the LLms
can exhibit similar performance as for text-based programming
languages with their abundant training data. We determine the best
way of generating prompts from Scratch programs and their bugs,
and use these prompts with a dataset of buggy Scratch programs
to evaluate the ability of LLMs to reason about these bugs. Our
experiments demonstrate that LLMs can reason well about bugs in
Scratch programs, thus setting the scene for more powerful tools
that assist young learners in debugging their programs.
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Possible bug in sprite Gobo: Missing Loop
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Figure 1: Missing Loop pattern inferred and explained by the
LitterBox static code analysis tool.
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1 Introduction

Block-based programming languages such as Scratch are often used
as an entry point to programming education [24]. Even though they
can reduce complexity, especially young learners require assistance
due to their often limited prior experience [14]. However, provid-
ing this assistance may quickly overwhelm teachers because they
(1) lack time available per student [14, 31], (2) need to deal with a va-
riety of student problems (especially for open-ended programming
tasks) [31], and (3) often lack subject knowledge themselves [14].

To improve the support provided to learners, code analysis tools
can automatically identify and report issues such as code smells or
common bug patterns [11]. Tools such as LitterBox [10] are easy
to use, they require no context information and any program can
simply be uploaded and analysed. This convenience, however, is
mainly due to their limited output: They flag individual bits of
code and provide generic descriptions of the underlying patterns.
Learners then need to reason about their bugs in order to correct
their programs and misunderstandings. For example, they need to
understand the relevance of the incorrect code, how it affects their
specific program, how the underlying programming construct is
used correctly, and ultimately how to fix the program. Code analysis
tools rarely provide guidance on these aspects.

Figure 1 exemplifies this gap between what code analysis tools
can provide and what learners may need: The figure shows a hint
generated by the static code analysis tool LitterBox for the buggy
Scratch program in which the player collects points, but unlike
intended, the sprite ‘Gobo’ does not react if three points are reached.
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While LitterBox provides an explanation that the bug consists of the
use of a conditional statement outside a loop construct, it does not
give any contextual information: It does not tell the programmer
whether and how the bug affects the program’s behaviour, leaving
it unclear how resulting problems can be observed and debugged.
While a generic hint on adding a loop-block is given, it is unclear
whether this is sufficient to remove a possible misconception on
if-statements among students.

Recently, large language models (LLMs) have demonstrated aston-
ishing ability to reason about code, and they can now be found in
modern programming environments, for example to explain or syn-
thesise code. This ability provides an opportunity to bridge the gap
between what code analysis tools can provide and what learners
actually need: Given an issue detected by a code analysis tool, LLmMs
could explain how that issue changes the program behaviour, how
that change can be observed, what the learner may have misunder-
stood, and how to fix the issue. For our example (Fig. 1), OpenAI’s
GPT-4 model helpfully explains: ‘This means that if the player has
not scored three points within that very short time frame, Gobo will
not check the score again and therefore will not appear and say the
message even if the player later reaches 3 points.’

However, while 11Ms can deal well with textual programming
languages, it is unclear how well they perform with visual, block-
based programming languages like Scratch. On the one hand, this
is an issue of training: There simply is so much more textual code
available on the internet for LLMs to be trained on. On the other
hand, this is also an issue of representation: How does one provide
visual code as input to an LLM? These are important concerns, since
a hallucinating LM would confuse rather than support learners.

In this paper, we investigate whether LLMs are able to reason
about bugs in Scratch code, such that future research can integrate
them into code analysis tools or interactive tutorial systems. We
use 24 Scratch programs containing different bugs reported by
the static analysis tool LitterBox, and compare different methods
to encode these programs and LitterBox’s output into prompts
for OpenAI’s GPT-40-mini model and a locally hosted Gemma 3
instance. To choose the best representation we compare the rate of
detecting false-positive warnings and the ability to produce fixes for
actual warnings. Using the best representation, we compare the base
prompt with prompts using (1) chain-of-thought and (2) few-shot
learning. Selecting the best prompt we then investigate how well
the LLMs can reason about bugs in Scratch in terms of (1) describing
the faulty program behaviour observable by the user, (2) explaining
the underlying programming concept that may be misunderstood
and (3) naming possible user inputs to the program that replicate
the faulty program behaviour. Our key contributions are:

e Determining the best way to represent a Scratch program in
a textual prompt for LLMS.

o Determining the best prompt strategy for detecting bug pat-
terns and receiving fixes.

e Providing a way to automatically apply fix suggestions made
by the LLM™s.

The best results are achieved using GPT-40-mini with few-shot
learning for fixing bugs (22/24) and GPT-o04-mini with chain-of-
thought for detecting false-positive warnings (24/24). GPT-40-mini
and Gemma 3 demonstrate that they can reason about bugs in
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Scratch programs and excel in describing which bug-causing pro-
gramming concept the learner misunderstood for at least 21/24
programs. This opens up new possibilities for producing improved
learning environments that provide better support to learners.

2 Background

We propose combining Scratch analysis tools with LLMs to assist
learners in programming with Scratch.

Scratch. Scratch [22] aims to make programming more approach-
able for novices by emphasising recognition over recall, distinguish-
ing different categories of blocks by colour, featuring intuitive in-
teractivity via an event-driven paradigm and offering simple media
integration. Syntactical errors are prevented by shapes determining
how blocks can be assembled. Whereas programs in regular pro-
gramming languages are simply represented as text files, Scratch
programs are zip-archives containing image and sound files, as
well as a JsoN encoding of the visual code. While jsoN is a textual
format, these json files are not human-readable: They represent
blocks using collections of attributes such as opcodes and unique
IDs, and rather than reflecting the sequential nature of code they
may occur in any order, linked implicitly through their IDs.

Code Analysis Tools. There are different types of analysis tools,
but in this paper we focus on linters due to their widespread use
in programming education [17, 21, 25, 29]. Linters for Scratch (e.g.,
LitterBox [10]) can identify code smells [2, 30] (i.e., code idioms
that increase the likelihood of bugs during future changes) and bug
patterns [11] (i.e., aspects of code that are likely to lead to undesired
behaviour). LitterBox does so by statically generating an abstract
syntax tree (AsT) from the json file in a Scratch program and look-
ing for the block combinations that define code smells and bug
patterns utilising a visitor pattern on the AsT. Since LitterBox is a
static linter, it does not have information about what functionalities
a program should have or how a bug pattern occurrence influences
the execution of a program. However, it can at least generate feed-
back explaining a bug pattern in the local context of the program
code, such as in Fig. 1. This corrective feedback is intended to help
novices fix bugs [13, 15]. To represent the code addressed in the
feedback, LitterBox can convert any part of the AST representation
into scratchblocks' notation, which is a commonly used textual
representation on Scratch discussion boards on the internet.

Large Language Models (LLMs). Large language models are huge
neural networks that were trained on vast amounts of data to pre-
dict the expected answer to a given prompt [9], where both prompt
and response are interpreted as chunks of letters (tokens). These
models can be used to support various coding tasks in mature pro-
gramming languages, including refining the results of static analysis
tools [20]. In computer science education, recent work shows the
ability of LLMs to create programming exercises [28], to answer
student questions [18], to explain introductory programming code
examples [19], or to assist with auto-completion [16]. However,
to the best of our knowledge all prior work focuses on text-based
programming languages, except for a pre-print and its follow-up
user study indicating promising performance of OpenAI’s GPT-4

https://github.com/scratchblocks/scratchblocks, accessed May 2025
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LM when explaining Scratch scripts, or suggesting how to extend
or debug them [4, 5]. The best way to encode Scratch programs in
textual LLM-prompts and how to use LLMs to reason about the bugs
in these programs remains unclear.

3 Reasoning about Bugs using LLMs

Figure 2 describes a proposed framework for combining LLms with
Scratch analysis tools to obtain context-specific bug explanations.
Although we will refer to the LitterBox analysis tool in the following,
the framework generally applies to any tool capable of locating
bugs in Scratch programs. The input is a Scratch program in its JjsoN
representation, which contains all the information describing the
code of Scratch programs, such as a list of sprites with their scripts
and blocks. The jsoN file is then sent to LitterBox to be checked for
bugs. If a bug is found, LitterBox generates a JsoN file containing
a description of the bug, its location in terms of the responsible
block’s ID, and a general hint on how to fix bugs of this type. The
report can be rendered by a browser as in Fig. 1.

We infer an LLM’s basic reasoning ability by its ability to detect
false-positive LitterBox warnings given the bug description and the
relevant code snippet. In order to allow LLMs to process Scratch
code, the json file describing the code has to be converted to text,
for which there are multiple options, amongst them the original
JSON or the scratchblocks notation.

The overall prompt for the LLM is generated by combining the
bug description, the converted program and the question for the re-
spective bug into a single prompt as shown in Fig. 3a. The LitterBox
output can be localised in different languages, and the framework
can therefore also be configured to produce prompts in any lan-
guage, eliciting explanations in that language. Although Scratch
code can be localised in the user interface, the internal represen-
tation using opcodes implies that the framework always produces
English language textual representation of code except for user-
defined strings such as sprite- and variable names, messages, and
string constants which remain as-is.

Providing a suitable fix for a bug detected by LitterBox requires
a deeper level of understanding of the program structure. For this,
the LM needs to produce either (1) a valid json file representing the
fixed Scratch program or (2) valid code in scratchblocks syntax (cf.
prompt in Fig. 3b) that then needs to be converted to ysoN. Since
LitterBox can already parse and analyse Scratch JsoN files, we only
need to extend LitterBox to automatically handle the second case.

As Fig. 2 shows, we extended LitterBox to parse the scratchblocks
code and integrate it back into the original program, and then run
the static code analysis again to check whether the previous issue
was fixed. When integrating the scripts in scratchblocks format
returned by the LLM, the new scripts need to be matched to their
counterpart in the existing Scratch code. For this, we prefix each
script with a comment containing the script_id in the prompt. Since
the LLM retains the prefixed comments even when generating mod-
ified code and generates full scripts, we completely replace the old
version of the script by its presumably fixed version. Variables and
messages passed between scripts are not defined locally per script
in Scratch, but are part of global program metadata. Therefore, we
do not require the LLM to specifically define any new variables or
messages it introduces. Instead, we resolve unknown references by
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adding the required definitions in the integration step in LitterBox.
The initialisation of messages only requires their name as known
from the parsed code. We assume a default value of zero for regular
variables and an empty list for lists. Custom blocks are declared
within the sprite similar to regular scripts but with a special header
block. If the L1m defines a new custom block, we use this definition
during the integration. If the code calls an unknown custom block
without defining it, we do not need to create a definition since
Scratch ignores such blocks during execution. Further details of our
LitterBox extension can be found in a dedicated tool paper [7].

4 Evaluation

In the first three of the following research questions, we deduce the
best prompt design to ask LLMs about Scratch programs. We then
study the ability of LLMs to reason about Scratch bugs in the fourth.

RQ1 Which textual representation of Scratch program performs
best when querying the LLM?

RQ2 Does chain of thought prompting improve the LLM’s ability
to detect and fix valid static analysis issues?

RQ3 Does few-shot prompting improve the LLM’s ability to detect
and fix valid static analysis issues?

RQ4 Can 1LMs reason about Scratch programs?

4.1 Dataset

To answer our research questions we require a dataset of buggy
programs with corresponding fixes. While deriving such datasets
for textual programming languages can be done by mining abun-
dantly available open-source code and bugfixes from GitHub, this is
not possible for Scratch: Although projects can be publicly shared
on the Scratch website, there is neither a change history nor is there
issue tracking. The dataset for our experiments is therefore derived
from two sources: The first half is taken from a prior study on
debugging [15], where each program contains an instance of one of
the most common bug patterns in Scratch [11]: Comparing Literals,
Forever Inside Loop, Message Never Received, Message Never Sent,
Missing Clone Initialisation, Missing Loop. We omit Stuttering Move-
ment despite it being used before [15], as it is no longer considered a
bug pattern in more recent versions of LitterBox.> For each bug the
dataset contains two buggy programs together with their fixed, bug-
free versions. The programs are of typical sizes for Scratch courses:
There are 3-13 scripts, 2—6 sprites, and the weighted method count
ranges from 8 to 23. In addition, each program is accompanied by
a clear description of the program’s actual and desired output as
well as a Whisker [3] test suite checking whether the specific Lit-
terBox issue found in the buggy program variants is fixed and that
the program behaviour does not differ from the example solution.
These allow us to systematically cross-check the LLM’s answers.
We additionally sampled programs shared publicly on the Scratch
website containing the same bug patterns. From a dataset of about
8 million mined programs we considered all programs that contain
exactly one of the above bug types, resulting in 117 765 programs.
From these, we randomly chose two programs for each of the above
six bug patterns and also implemented a fixed version for each
program. The dataset size is limited by the required manual fix

https://github.com/se2p/LitterBox/tree/v1.9.2/src/main/java/de/uni_passau/fim/se2/
litterbox/analytics/smells, version 1.9.2, accessed September 2025
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Figure 2: Overview of the bug reasoning and fixing framework using LitterBox as a paradigmatic Scratch analysis tool.

You are given the following Scratch program: {program}

A static code analysis tool identified an issue in sprite {sprite_name}, script {script_id}, and
provides the following explanation: {explanation}

Does the given program actually contain the issue described by the static code analysis tool?
Answer the question with @@ yes @@ or @@ no @@.

(a) Detection of false-positive static code analysis warnings.

You are given the following Scratch program: {program}

The code contains the following bugs and code smells: {explanation}

Create a version of the program where these issues are fixed.

{{ if scratchblocks_format }}
Only output the ScratchBlocks code and nothing else. Include sprite and script ids in the
ScratchBlocks code.

{{ else if json_format }}
Only output a JSON in the same format as the Scratch program above and nothing else.

(b) Requesting a fix for a static code analysis warning,.

Figure 3: Base prompt templates.

implementation for each of these buggy programs, as well as the
successive manual analysis of LLM responses. The sampled pro-
grams have a weighted method count of 3-33 and contain up to 22
scripts that are distributed across 1-7 sprites. In total, the combined
dataset thus consists of 24 pairs of buggy and fixed programs.

4.2 Methodology

For our experiments, we prompted GPT-40-mini (2024-07-18) and
GPT-04-mini (2025-04-16) [27] via their OpenAI apI and a locally
hosted instance of Gemma 3 [12] as available on ollama.® For
Gemma 3 we used a context window of up to 16 384 tokens. To
account for randomness in the outputs, we repeated each query 5
times and use the most frequently returned answer by extracting
the yes/no verdict enclosed in ‘@@’ signs (cf. Fig. 3a). We used the
default temperature of 1 for all models.

RQs 1-3 deduce the best prompt design to ask LLms about Scratch
programs. We evaluate the LLM performance according to two levels
of code understanding. At the basic level, we ask the model to
determine whether a LitterBox-generated warning is a false-positive
or a true warning. We always include the bug description in the
prompt shown in Fig. 3a, but then create two alternative overall

3https://ollama.com/library/gemma3:27b-it-qat, hash 29ebOb9aeda3

Table 1: Conversion approaches from Scratch to text.

Conversion Description

JSON
JsoN-Extraneous
JSON-Sprite
JSON-Script
Blocks-Program
Blocks-Sprite
Blocks-Script

Transforms json file into string

JSON + removes extraneous JSON attributes
Extraneous + removes sprites without buggy script
Extraneous + removes all non-affected scripts
Transforms JsoN into scratchblocks notation

Sprite + transforms JSON into scratchblocks notation
Script + transforms JsoN into scratchblocks notation

prompts using the pairs of buggy and fixed program versions. In
the first prompt variant, we add the actually buggy program to the
prompt, i.e., we test whether the LLM correctly agrees with the true-
positive static analysis. In the second prompt variant, we instead
place the fixed program in the prompt, i.e., we pretend that the code
analysis tool found the warning in the actually correct program.
Assuming the LLM has an understanding of Scratch code, we would
expect it to identify this mistake and classify it as a false-positive
warning report. We query the LLMs with these two variants of the
prompt for each combination of model and conversion method.
To check for a deeper level of understanding, we evaluate the
LLMs’ ability to provide fixes for actual warnings as part of RQ 1-3.
We measure the number of correct fixes by running the LitterBox
analysis again after integrating the proposed change into the pro-
gram. We check whether the original bug no longer exists, and
using the Whisker tests ensure no new bugs have been introduced.

4.2.1 RQI: Program Representation. To evaluate the impact of the
format on the Lims’ performance in detecting and fixing issues,
we queried the Lims with various formats used in the program
placeholder in the prompt template (see Fig. 3a). We identified two
main textual formats to represent a Scratch program: the original
jsoN and the scratchblocks notation. From these we derived the
seven different conversions summarised in Table 1.

Since scratchblocks only represents individual scripts, we extend
the notation to represent whole programs by grouping scripts of
the same sprite and then adding comments that denote which sprite
the following scripts belong to. Furthermore, since scripts in Scratch
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do not have individual names or signatures like methods in textual
programming languages we add comments to the start of each
script marking them with the ID of their starting block (script_id).
With this, each script can be referenced individually.

As the performance of an LLM may be affected by the presence
of superfluous information, the json-Extraneous conversion uses
the ysoN representation but filters attributes that are irrelevant for
reasoning about the code (e.g., the block locations on the Scratch
workspace; see replication package for details). To further reduce
the information provided (and tokens consumed), the conversion
can also retain only the scripts of the bug-containing sprite (jsoN-
Sprite for ysoN and Blocks-Sprite for scratchblocks), or only the buggy
script itself (json/Blocks-Script). We use the affected block’s ID
supplied by LitterBox to identify sprites and scripts to be removed.

To benefit from the large LLM training dataset, the Scratch code
could alternatively be converted to a Python-like syntax. However,
we dismissed this format, since the LLm then could output code
using ‘pythonic’ patterns like classes or list comprehensions that
can neither be converted back to Scratch nor are familiar to students.

4.2.2  RQ2: Chain of Thought. Using the best program representa-
tion, we extended the base prompt (Fig. 3a) by requesting the model
to think in steps. This chain-of-thought prompting strategy has
been shown previously to improve the model’s ability to determine
false-positive warnings [20]. By prompting GPT-04-mini we can
evaluate whether a dedicated reasoning language model, that has
been specifically trained to use a chain of thought process when
answering [1, 27], results in improved responses.

4.2.3 RQ3: Few-Shot Learning. For the first two RQs we used a zero-
shot approach which requires the model to already have sufficient
knowledge about Scratch code, static analysis warnings, and the
scratchblocks format. In this RQ we investigate whether prompts
providing examples of the relevant issues and their fixes, i.e. few-
shot prompting, can help the model to understand warnings and fix
them. Using this approach the model can use the given examples as
a template from the local context that only needs to be adapted to
match the code location for the actual issue rather than having to
rely on similar training data. Using the best program representation
format (RQ1) and chain-of-thought prompting according to the
results of RQ2, we then additionally prefix the base prompt shown
in Fig. 3a with either one pair (one-shot prompting) or three pairs of
example scripts from other programs containing the same LitterBox
warning type and their fixes each.

4.2.4 RQ4: Reasoning. To analyse the bug reasoning capability
we use three tasks: describing how the bug affects the observable
program behaviour (Task 1), explaining a possible underlying mis-
conception of the developer writing the faulty code (Task 2), and
generating a list of steps to reproduce the faulty behaviour (Task 3).
For this RQ we use the best prompt regarding program represen-
tation (RQ1) and chain of thought prompting (RQ2) based on the
prior results. We do not consider one-/few-shot learning (RQ3) as
examples could only very generically describe what is considered
an explanation; examples of the actual effects of each different type
of bug would be very specific and different for each program. While
examples for false positives or fixes of bug patterns as used in RQ3
can be generated automatically, examples of how different bugs
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affect individual programs would need to be manually constructed.
Consequently, when students query LLMs about explaining the prob-
lems in their specific programs no other examples of the bug pattern
in a similar program would be available for using few-shot learning.
RQ4 is answered by manually reporting for each task and pro-
gram whether the LLM’s prediction is correct, incorrect or partially
correct. Given the lack of research on the feasibility and appropri-
ateness of LLM-generated feedback for Scratch we consider using
children (i.e., the target audience of Scratch) as raters to be unethi-
cal, and instead the raters are two of the authors of this paper. In
the case of disagreement between their independent ratings, they
discussed to reach an agreement on how to rate the task.

4.3 Threats to Validity

External Validity. Results of our explorative study may not gen-
eralise to other programs, bugs, or LLMs. We mitigate this partially
by evaluating our prompts on multiple LLms. We chose the GPT-
mini variants over the newer GPT-4.1 due to their faster responses
and considerably lower cost. GPT-5 was not yet available when
we conducted the experiments. Gemma 3 represents a state of the
art self-hosted model that can run on a single Gpu. OpenAI might
make future undisclosed changes to their proprietary GPT model
and thus change the results when replicating the experiments.

We acknowledge the limited dataset size resulting from both
the need to manually implement fixed versions of buggy programs
and the manual analysis of RQ4. However, a human analysis is
required since only then we can judge whether the LLM responses
and descriptions are understandable and appropriate for children.
By choosing a manual analysis instead of an automated one on a
larger dataset, we accept the threat to external validity to mitigate
a potential threat to internal validity.

We chose Scratch for our dataset since it is one of the most com-
mon introductory programming languages for children, having
about 135 million registered users. We did not extend our dataset
with other text-based programming languages, since Scratch pro-
grams contain inherently different bug patterns [11]. Experiments
on such a mixed dataset would therefore not be able to draw mean-
ingful conclusions on whether an observable difference is caused
by the choice of programming language or by different bug types.

Internal Validity. Since the output of LLMs is not deterministic,
repeating queries might yield different results even with the same
prompts. We mitigate this by repeating every query to the LLmM
multiple times before taking the majority vote of these responses
as final answer. A further threat to validity arises in case the LLM
has seen the Scratch programs already during training. However,
the dataset originating from the debugging study [15] was shared
directly by the original authors rather than a public replication
package. It is also unlikely that the programs in our dataset mined
from the Scratch website are part of the GPT training dataset, since
the download of programs is a multistep process unlikely to be
implemented in a general web-crawler and since the Scratch Ap1
enforces a rate limit of ten requests per second. Le., even if imple-
mented in the training data crawlers, it is unlikely they randomly

4https://scratch.mit.edu/statistics/, accessed September 2025
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Table 2: RQ1: Number of programs where the LLM agrees
with the true LitterBox analysis. Best-performing conversion
variant for each model highlighted in bold.

Conversion Buggy programs (n=24) Non-buggy programs (n=24)

40-mini 0o4-mini Gemma 4o0-mini o04-mini Gemma

JSON 17HE 23N 23l o0l 24 0
jsonN-Extraneous 17 22 24 10N 241N 1]
JSON-Sprite 20 24N /B ol 200 31

JSON-Script 2l 22N N 'l 7l 21
Blocks-Program 23 22 24 1310 24 1|
Blocks-Sprite 2l sl <N N vl 1|
Blocks-Script 21l 200N /N E 17l O

crawled the exact same 12 programs out of over 164 million publicly
available programs on the Scratch website.

Construct Validity. Our dataset contains no cases of actual false-
positive LitterBox warnings. Instead, we give the fixed program
version to the LLM and treat it in the prompt like a buggy program.
Therefore, our experiments might report a better than actual perfor-
mance in false-positive detection capability, since it is likely easier
to detect the full absence of an issue than detecting more subtle
cases where the LitterBox analysis does not work precisely. Fur-
thermore, the experiment procedure of RQ4 involves two human
raters, but an inter-rater reliability of 86.81% confirms reliable re-
sults. Extensive discussions were held between the two evaluators
in order to reach a final verdict on the few discrepancies.

4.4 RQ1: Program Representation

As Table 2 shows, the Gemma 3 model in all program representa-
tions nearly always assumes the warning produced by the analysis
tool is correct. Even in the best configuration, it can only detect the
false-positive warning in 3 of the 24 cases. Therefore, we assume it
does not actually understand the code. Using the Blocks-Program
conversion, GPT-40-mini can at least detect the false-positives more
than half of the time (13 of 24). Interestingly, the representation
seems to impact the performance of GPT-04-mini less, resulting in
it always classifying the programs correctly for all representations
that include the full program. Only when reducing the available
context to single sprites or scripts the performance decreases. While
the context from other scripts and sprites does not help much when
confirming the LitterBox analysis for all models, it results in a clear
improvement for the detection of false-positive warnings in non-
buggy programs. Other scripts may contain similar code examples
which support the LLM in making its decision.

For the json-based program representations, the removal of
unnecessary data benefits GPT-40-mini to detect that the program is
indeed buggy (JsoN: 17, Script: 22). Conversely, the addition of more
context helps when using scratchblocks-based inputs, both when
detecting truly buggy programs and when finding false-positives.
Since the blocks in the json format are in no specific order, we
conjecture that the removal of irrelevant blocks helps the model to
extract relevant information from the remaining blocks. In case of
the scratchblocks format, however, the code is structured similar to a
regular programming language so that logically related blocks (e.g.,
within a script) remain closely together in the textual representation.

Benedikt Fein, Patric Feldmeier, Gordon Fraser, and Florian Obermiiller

Table 3: RQ1: Number of programs fixed by the LLM by con-
version method. yson-based conversions omitted since no
fixes were produced for any of them by any of the models.

GPT-40-mini  GPT-04-mini Gemma 3
Blocks-Program 20 N 100 q |

Blocks-Sprite 19 ol cll
Blocks-Script 14«1 70 q |

Conversion

This makes it easier for the LLM to reason about the problematic
code in its local context. The addition of other parts of the program
may help the LLM to compare the code at the issue location to similar
patterns appearing in the program, which may lead to an improved
judgement whether the warning is valid or not.

For the task of fixing true warnings, the textual representation
of the program is even more important. As Table 3 shows, none
of the three models were able to provide a valid fix for any of the
JsoN-based inputs. Gemma 3 could in most cases (JsoN: 20 of 24)
at least generate an updated json that was parseable by LitterBox,
i.e,, representing a valid Scratch program. When given the jsoN rep-
resentation, the GPT variants on the other hand could only rarely
generate a valid Scratch program-JsoN (4o-mini: 1, 04-mini: 5). We
expected the jsoN-format to be challenging for LLMs, since the
already mentioned unordered storage of blocks as a linked list re-
quires multiple consistent changes to next-pointers when inserting
or deleting blocks. In case of the scratchblocks-based format, we
could always parse and integrate the LLM output into the origi-
nal program, even if it contained syntax errors. For example, the
LLMs often used brackets surrounding variables instead of paren-
theses (cf. Fig. 2). However, our parser implementation converts
non-parseable single statements into custom block calls without
effect during runtime. Therefore, the program can still be shown in
the Scratch user interface and since we add the piece of unparseable
text as name of the custom block, the original intention of the block
can in most cases still be inferred so that a manual fix is possible.

Similar to the false-positives, the inclusion of context from the
whole program helped both GPT variants to create a fixed pro-
gram (cf. Table 3). The script-local context does not seem to be
enough for the LLM to fully understand some bugs. The addition
of sprite-local context seems to be more relevant than code from
other sprites, since the addition of the sprite’s code led to five ad-
ditional fixes in case of GPT-40-mini, while the program-context
only resulted in one more fix to a total of 20 successfully fixed
programs. While for Gemma 3 the scratchblocks-based input also is
the only one that resulted in fixed programs, we did not observe a
similar improvement with additional context. Instead, the results
indicate that this model is not able to reason about the program in
most cases, thus resulting in only 6 fixed programs for any of the
scratchblocks-based inputs.

Summary (RQ1) The Blocks-Program conversion of whole pro-
grams into scratchblocks notation should be used when querying
an LLM, since this format clearly showed the best performance
for both tasks when using the GPT-40-mini model. For Gemma 3,
the results are not as conclusive, which we attribute to a general
lack of program understanding rather than the representation.
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Table 4: RQ2, RQ3: Number of programs where the LLm and
LitterBox agree. Prompts are zero-, one-, or three-shot.

RQ Model Shots Buggy Programs Non-buggy Programs
2 GPT-4o-mini 0 23 N 15l
2 GPT-o04-mini 0 20 N Y
2 Gemma 3 0 24 I 141N
3 GPT-40-mini 1 24 N i |
3 GPT-4o-mini 3 24 1IN ] |
3 Gemma3 1 23 N 141
3 Gemma3 3 24 N 31

4.5 RQ2: Chain of Thought

Since both detection of real bugs and false-positives as well as
creating fixes requires reasoning about the program, a chain-of-
thought process could lead the LLMs to a more detailed examination
and understanding of the given program. As seen in Table 4, for
both Gemma 3 and GPT-40-mini the number of buggy programs
where the Lim and LitterBox agree stays the same compared to
RQ1 with 24 and 23 out of 24 cases respectively. However, for the
detection of false-positive linter warnings the chain-of-thought
prompting results in an improvement for both LLms. While there is
only a slight increase for GPT-40-mini (from 13 to 15), Gemma 3
profits heavily. Here the false-positive detection increases from 1
(for the Blocks-Program encoding also used in this RQ) to 14 of
24 cases. This suggests that triggering a more active reasoning
process can help the LLMs in detecting false-positives instead of just
agreeing with what is contained in the prompt.

Unexpectedly, the reasoning model GPT-04-mini has the lowest
agreement with LitterBox on the buggy programs with only 20
cases. When looking at the false-positive detection rate however,
this model stands out by detecting all 24 false linter warnings. This
further supports the insight that an active reasoning process leads to
a more critical examination of the user input, detecting statements
which do not fit the program, and highlights that this model has
been specifically trained for this style of decision-making.

For the task of fixing true warnings, the reasoning via chain-
of-thought seems to be less important than for discerning false-
positives. Using GPT-40-mini the number of 20 programs fixed by
integrating the LLm given scratchblocks code stays the same as when
using the normal prompt (see Table 5). Looking at Gemma 3, there
is only a slight increase from 6 to 7 fixes. This may be rooted in
the fix generation just needing to find the broken part of the code
and to produce an altered version without critical reasoning if the
program really is broken like in the task to detect false-positives.
The reasoning focus GPT-04-mini was trained for even seems to
hinder this model compared to the normal GPT-40-mini as it only
produced 8 fixes. As with the other models, this task does not seem
to target the reasoning ability, which results in GPT-04-mini not
being able to utilise its core feature.

Summary (RQ2) Chain-of-thought prompting should be used for
detecting false-positive linter warnings as it shows very promis-
ing results compared to the basic prompt in RQ1, especially when
using the dedicated reasoning model. However, it seems to have
no effect on creating fixed programs.
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Table 5: RQ2, RQ3: Number of programs fixed by the LLm.

RQ Shots GPT-40-mini GPT-o4-mini Gemma 3

2 0 20 N sH 70
3 1 22 — 13/
3 3 22 I - 21/l

4.6 RQ3: Few-Shot Learning

The chain-of-thought process may be supported by giving the LLm
some examples of similar cases as part of the prompt. Since the
LLMs were already able to nearly always confirm true bugs in the
programs, we do not observe an improvement when adding exam-
ples to the prompt (cf. Table 4). More interestingly, the additional
examples lead to a worse performance in detecting false-positive
warnings. For example, GPT-40-mini with zero-shot prompting
can correctly classify 15 instances, but only 6 when also having an
example as part of the prompt. Only Gemma 3 with one example
can retain the previous performance of detecting 14 false-positives.

Conversely, when tasked with fixing programs, the examples of
similar fixes help the 1L™ms (cf. Table 5). For GPT-40-mini we ob-
serve a slight improvement to the already high number of successful
fixes (20 to 22), but for Gemma 3 the performance considerably im-
proves from 7 fixed programs when using zero-shot prompting to 18
fixes for one-shot and 21 for three-shot prompting. As highlighted
in the previous research questions, Gemma 3 does not seem to be
able to reason about the code as well as GPT-40-mini. Therefore,
the examples might help this model specifically to re-use parts
thereof when fixing the actual bug without requiring a further
understanding of the underlying program semantics.

Such a re-use of code examples without deeper understanding
might also explain the worse performance in the false-positive
detection task. When given no examples, the LLMs can only make
their decision based on the actual code and the description of the
bug as obtained by LitterBox. However, when given additional
examples of similar cases of false-positive reports, the LLM might
now try to match patterns between the examples and the actual
code. Since the examples stem from a different program, the patterns
do not sufficiently match and the LLm subsequently decides that the
program has the described bug. Since the LLMs therefore tend to err
towards the decision that the program has a bug, the performance
for the actually buggy programs remains high.

Compared to RQ1 and RQ2, both models can achieve a high
number of fixed programs when given examples (cf. Tables 3 and 5).
However, as Fig. 4 shows, only between 16.33 % (RQ1, 04-mini) and
74.42 % (RQ2, 40-mini) of the programs still pass all functional tests.
While for GPT the ratio of functionally correct programs increases
when using chain-of-thought prompting and decreases again when
adding examples, Gemma 3 only improves in the last case. This
decrease for RQ3 might again stem from the re-use of code examples
in the different program without fully adapting them to the new
requirements, i.e., the examples are misleading the model.

As explained in Section 4.4, our scratchblocks parser integrates
unparseable statements as no-op custom call statements into the
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Figure 4: Proportion of functionally correct programs af-
ter applying the LLM-suggested fix. Shows only the best-
performing variant, i.e., RQ1 Blocks, RQ2 chain-of-thought,
RQ3 with one example for GPT and three for Gemma.

fixed program. The improved test results suggest that for the worse-
performing Gemma 3 the examples might help the model to respond
in valid scratchblocks syntax more often.

As parse failures are handled as no-op blocks, we expect that
programs that no longer contain the LitterBox issue but also do not
pass all tests in most cases do not contain superfluous code which
breaks the program logic, but are rather missing functionality that
would have been present if all blocks could have been parsed.

Summary (RQ3) The best prompt design for both tasks and mod-
els uses the whole program in scratchblocks format in a chain-of-
thought prompt. GPT-40-mini works best without examples when
detecting false-positives and with one example when fixing bugs.
For Gemma 3, one example is best for detecting false-positives
and three for fixing bugs. Not only the task but also the model
must be considered when re-using or adapting prompts.

4.7 RQ4: Reasoning

Since RQ1 and RQ2 demonstrated that using the Blocks-Program
representation and prompting the LLMs to think in steps worked best,
RQ4 is answered by queries to GPT-40-mini and Gemma 3 to reason
about Scratch programs, using scratchblocks to represent programs
and require them to follow the Chain-of-Thought paradigm. We
refrain from providing examples as in RQ3 because providing such
examples for the three tasks analysed in RQ4 is not feasible in a
real-world application setting, as described in Section 4.2.4.

4.7.1 Task 1. In the first task, we asked the LLMs to predict how
the provided LitterBox warning affects the program behaviour. As
shown by Table 6, GPT-40-mini solves the first task 11 times, pro-
duces a partially correct answer 7 times, and fails to solve the task 6
times. In contrast, Gemma 3 produces a satisfying, partially correct
and incorrect answer for 12, 4 and 8 programs, respectively.

We observe that in two-thirds of all programs, both LLms achieve
the same result. However, even if the results for a given program
align, the LLM answers tend to vary in the depth of the provided ex-
planations. For instance, both LLms produce a satisfying answer for
the Treasure program, in which the developer apparently confused
a with a| = block. While the former has a purely
visual effect on the program, the latter actually changes the pro-
gram flow by triggering an event to which other listeners can react.
As the answers of both LLMs, shown in Fig. 5, correctly mention,
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Table 6: Classified predictions for reasoning about bugs in
Scratch programs. v , X , and D mark if the task was solved,
not solved, or partially solved by GPT-40-mini/Gemma 3.

Dataset Task1 Task2 Task3

HappyNewYear Comparing Literals Study X1x vIiXx VIV
Pong Comparing Literals Study V/v VI/X VIV

Program Issue

Balloon Comparing Literals Sample b»/d V/V VIV
Basketball Comparing Literals Sample X/X /X X/X
Parrot Forever Inside Loop  Study Iy I X
Winter Forever Inside Loop  Study VvV /X V/v/ D/X
IceCream Forever Inside Loop ~ Sample X/X V/v/ X/X
MagicCat Forever Inside Loop ~ Sample v /v VvV /V/ bV//
Labyrinth Message Never Rec Study /v IV DD
TicTacToe Message Never Rec Study vV /v VIV VLIV
ExplodingCar ~ Message Never Rec Sample v /v VIV M/ V/
Storm Message Never Rec Sample b/v V/V VIV
Garden Message Never Sent  Study /)y VIV XD
Treasure Message Never Sent  Study v /v V/V/ V/V/
BallRace Message Never Sent ~ Sample  D/D V' /vV/  D/D
Race Message Never Sent  Sample v /v vV /V/ X/V/
Catch Missing Clone Init Study | AR ARAN Y4
Snake Missing Clone Init Study XX JIv XX
EvilCat Missing Clone Init Sample v /v V/V/ VIV
Points Missing Clone Init Sample v /X /v /X
Ghosts Missing Loop Sensing Study  X/v  V/ /v  X/V/
Stars Missing Loop Sensing  Study /X VIVOD/X
Sheep Missing Loop Sensing Sample X/X V/v/ X/ X
SoundCat Missing Loop Sensing Sample v /v VvV /V/ V/V/
Sum Solved 11/12 24/21 10/13

The faulty code affects the observable behavior of sprites because the script associated with the ‘Girl”
sprite will never execute. This is due to the fact that the message ‘Happy End!” is never broadcasted
after it is said by the ‘Pirate’ sprite. As a result, the ‘Girl’ sprite, which is supposed to respond to that
message, remains hidden and does not enlarge or appear on the screen. This means that when the
program runs, the audience will not see the ‘Girl’ sprite’s expected behavior, leading to an incomplete
storytelling experience.

(a) GPT-40-mini.

The problem is that the message ‘Happy End!” is displayed by the Pirate sprite using ‘say’ blocks, but
it’s never broadcast using a ‘broadcast’ block. In Scratch, ‘say’ simply shows text on the screen; it
doesn’t trigger other scripts. The scripts in the Girl sprite, and potentially others (though only Girl’s
script is shown to be affected), are waiting to receive this message using ‘when I receive [Happy End!
v]’. Because the message is never broadcast, those scripts will never run.

Specifically, this means the Girl sprite will remain hidden throughout the entire execution of the
program. Its script, which makes it appear and grow in size, will never be activated. The rest of the
program will run as expected - the Pirate will shrink, glide around, and say its lines, the Treasure
Map will position itself, the Volcano Island will appear when the Pirate gets close, and the Treasure
Chest will show up. However, the effect involving the Girl will not happen, so the user will not see
the Girl sprite at all.

(b) Gemma 3.

Figure 5: Task 1 answers of GPT-40-mini and Gemma 3 for
the Treasure program. To avoid confusion, we translated the
sprite and message names to English.

this confusion leads to the Girl sprite not appearing on the screen,
which significantly alters the shown animations in the program.
However, only Gemma 3 explains that the two block types have
been confused. From a pedagogical point of view, the response of
Gemma 3 is preferable as it reveals a fundamental misunderstanding
about programming in the Scratch environment.

Both rrms produce fairly satisfying results for the issue cate-
gories Message Never Received and Message Never Sent, with all
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| Poims

‘, qy Try again!

(a) Main gameplay scene. (b) Game over scene
Figure 6: The Garden program containing a Message Never
Sent bug.

answers deemed correct or partially correct. Partially correct re-
sults often result from the LLms producing a proper answer but
hallucinating further details that are either confusing or simply
wrong. For example, in the Garden program, depicted in Fig. 6a, both
LLMs correctly explain that the faulty code affects the behaviour of
the Cactus sprite if the player touches one of these sprites. However,
both models hallucinate that the given LitterBox issue also leads to
a missing indication that the game ends, which is wrong since the
program changes the background scene and prompts the player to
Try again! as shown in Fig. 6b, regardless of the issue’s presence.

For the programs Basketball, IceCream and Snake, both models
produce unsatisfying answers. In all three programs, the LLMs can-
not infer the program behaviour, leading to false assumptions about
the control flow. Ultimately, these faulty assumptions cascade into a
wrong prediction of how a given LitterBox warning affects the pro-
gram. Since each of the three programs belongs to a different issue
category, we conjecture that the LLms struggle with understanding
the behaviour of these programs, regardless of their errors.

4.7.2  Task 2. The second task queries the LLMs to explain which
programming concept the developer of the buggy program might
have misunderstood. Both models perform exceptionally well on
this task, with GPT-40-mini producing satisfying answers for all
24 programs of the dataset and Gemma 3 solving the task for 21
programs. The good results in this task are particularly interesting
for teaching, as this promises an automated generation of hints that
help students eliminate their misunderstandings without forcing
them in a specific direction for solving the task [13] and not giving
away the solution to a problem straight away [23, 26].

Gemma 3 fails to produce satisfying answers for the programs
HappyNewYear, Pong and Basketball, which all contain Comparing
Literals issues. For HappyNewYear, Gemma 3 wrongly attributes the

issue to a <10 block, while the issue actually originates from
confusing the use of variables and strings in an equals condition.
Even worse, the LLM argues that the | < block does not contin-
ually monitor whether the respective condition is satisfied. This is
incorrect since repeatedly evaluating the respective condition is the
exact purpose of this block. For Pong, Gemma 3 incorrectly predicts
the player’s desired program behaviour, which ultimately leads to a
wrong assumption of the underlying misconception. Finally, when
prompted for the Basketball program, the model hallucinates the
presence of a bug different from the one given by LitterBox, and
thus, responds with a nonexistent misconception.
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The underlying programming concept that may be misunderstood by the person who wrote the
code is the use of variable comparisons. It appears that the programmer intended to compare the
variable ‘current year’ to 2021 in order to make the script progress after waiting. However, they
mistakenly referenced a static value rather than using the variable itself that holds the changing year.
This misunderstanding can happen if the programmer does not fully grasp how to use and update
variables in conditional checks. Proper understanding of variable manipulation and comparison logic
is essential to ensure that the code behaves as intended.

(a) HappyNewYear

The underlying programming concept that may have been misunderstood is the use of variables in
conditional statements. In Scratch, a comparison statement typically involves checking a variable’s
value against a constant. The original code seems to lack the proper variable within the comparison
brackets, which suggests that the programmer might not have understood how to reference and
utilize variables correctly. The proper structure is to insert a variable (like ‘baloons’) in the comparison
to check its value, rather than leaving it empty, leading to the always-FALSE condition.

(b) Balloon.

Figure 7: Task 2 answers of GPT-40-mini for the Hap-
pyNewYear and Balloon programs. We translated sprite and
message names to English for the purpose of this figure.

While Gemma 3 tends to struggle with bugs that fall into the
Comparing Literals category, GPT-40-mini manages to make a fine
distinction about the developer’s misunderstanding. As an exam-
ple, consider the answers given by GPT-40-mini for the programs
HappyNewYear and Balloon shown in Fig. 7, which both suffer from
incorrectly referencing variable values. GPT-40-mini explains that
for the game HappyNewYear, a string expressing the name of a
variable was used as an argument in a comparison operator in-
stead of the actual variable. In contrast, for the program Balloon,
the model recognises that the developer did not insert an argu-
ment in the first place and left the left-hand side of the comparison
blank. If an LLM is to be applied in an educational setting, these fine
distinctions are crucial as they help students in overcoming their
misunderstandings about the given programming environment.

Although Gemma 3 may occasionally produce bad answers (e.g.,
for the HappyNewYear program), the reviewers frequently felt that
the output of Gemma 3 was easier to understand and more ac-
cessible for young students, which is the primary target group of
Scratch and block-based programming environments in general.
For example, when queried for the TicTacToe program, which con-
tains a " but no matching message handler, the LLM explains
the concept of event broadcasting via the following analogy: The
concept is analogous to speaking on a radio—broadcasting a message
doesn’t automatically mean someone is listening. You need a receiver
tuned to the correct frequency to hear and respond to the signal.

4.7.3 Task 3. In the final task, we prompted the LLMs to generate
a list of steps to reproduce the faulty behaviour indicated by the
LitterBox warning. GPT-40-mini and Gemma 3 solved this task 10
and 13 times, respectively. Surprisingly, even though the prompt
does not explicitly ask for it, the LLms also add to each user input
the behaviour users should observe after executing the input action,
which is not only useful for debugging, but also provides an oppor-
tunity for dynamic program analyses to overcome hallucinations.
Besides the immediate use for debugging the faulty program, the
suggested steps to reproduce the behaviour and their results offer
an exciting opportunity for future work for automated testing of
Scratch programs [3, 8] by interpreting the suggested steps as test
inputs and the expected behaviour as test assertions.
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Figure 8: The Soundcat program containing a Missing Loop
Sensing bug.

Both rLMs failed to produce adequate steps to reproduce the bugs
in 8 programs. In the case of GPT-40-mini, 6 answers were deemed
wrong since the model failed to infer the program behaviour result-
ing from executing the provided steps. The remaining two answers
were considered not solved as the LLM prompts the user to perform
actions to which the program does not react. Regarding the faulty
answers provided by Gemma 3, 7 are due to inferring incorrect
programming behaviour as well, while one was deemed incorrect
as the model suggested using a tooltip feature that does not ex-
ist. We assume that the model refers to the Tips Window" feature,
which was part of a previous Scratch version but has been removed
since. We observe a high overlap between failures for task three and
failures for the other two tasks, as both LLMs fail to reason about the
expected program behaviour after executing the provided inputs if
they already failed to provide satisfying answers to the previous
tasks. This observation underlines the hypothesis that for some
programs, the LLMs struggle to understand the provided Scratch
code. In the future, this lack of understanding could be tackled by
fine-tuning LM models to reason about Scratch programs.

Similar to Task 2, the reviewers agreed that Gemma 3 produces
answers with more details and rated them to be more accessible,
especially for young students. For instance, when prompted for the
SoundCat program (cf. Fig. 8), Gemma 3 provides the instructions
shown in Fig. 9. The L1M correctly explains that some sound ef-
fects are only played if the sprite overlaps with blue or red colours
directly after it has moved to the right or left, respectively. Further-
more, the model invites the user to experiment with varying starting
positions of the moving sprite in order to experience the potential
effects of the bug. Such answers are very valuable from a peda-
gogical perspective, since experimenting with the program based
on the provided scenarios helps learners to overcome potential
misunderstandings and teaches them how to test their programs.

Overall, we observe that both LLMs manage to solve the tasks to
a varying degree. They both perform exceptionally well in Task 2,
promising exciting future avenues in automatically generating pro-
gramming hints for students. However, both models sometimes
struggle to comprehend the given Scratch code, leading to faulty
answers for tasks 1 and 3. In the future, we hope to improve the
LLMs reasoning about Scratch programs by fine-tuning the LLMs
to predict the behaviour of Scratch programs. Nevertheless, the
results of task 3 indicate that LLMs could be used to assist students
in debugging their programs in the future. Finally, the good results
of Gemma 3 might be particularly interesting for educators, since

Shttps://en.scratch-wiki.info/wiki/Tips_Window, accessed September 2025
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Steps to observe the faulty behaviour:

Here are the steps you can perform to observe the bug in action:

1. Start the program: Press the green flag. ‘Spritel” will move forward 10 steps 10 times.

2. Initial Blue Check: Observe if ‘Spritel” initially overlaps with the blue colour area. If it does, you
will hear the ‘Doorbell v’ sound and see the ‘Blue!” message.

3. Move and subsequent Blue check: If ‘Sprite1” does not initially overlap with blue, but moves into
a blue area after the first ‘repeat’ loop, observe that the ‘Doorbell v’ sound does not play. This is
because the blue check only happened once after the first ‘repeat’ loop finished.

4. Move and subsequent Red check: Similarly, if ‘Spritel” moves forward 27 steps 10 times and then
overlaps with red, observe if the ‘G Bass v’ sound plays. If it does not, this is due to the same issue.
5. Test multiple scenarios: Repeat the experiment several times, starting ‘Sprite1” in different positions
relative to the blue and red areas, to confirm the behaviour. You'll see that the sounds only play if the
Sprite happens to overlap with the colours immediately after the ‘repeat’ loops. If the Sprite enters
the coloured areas between the loops, it will not react.

6. Observe the Sprite’s movement: As the sprite moves forward, check whether it remains inside of the
coloured areas. If it does, it will not respond because the conditional statement is only checked once.
These steps will clearly demonstrate that the conditional statements are not continuously monitoring
the touching color condition, as the user likely intended. This confirms the bug identified by the
static analysis tool.

Figure 9: Task 3 answer of Gemma for the Soundcat program.

the model provides answers with great detail and can be hosted
locally on computing clusters in schools.

Summary (RQ4) Both studied LLMs excel at explaining possi-
ble isunderstandings of the programmer. However, both models
sometimes struggle explaining how bugs influence program be-
haviour, and suggesting steps to reproduce this faulty behaviour.

5 Conclusions

Although program analysis tools can identify bugs in Scratch pro-
grams, learners may require more help to resolve their misunder-
standings and fix their bugs. Our investigation demonstrates how
to best represent Scratch programs in LLM prompts to provide this
help. In conjunction with a program analysis tool, LLMs are able to
reason about the consequences of bugs, infer steps to reveal faulty
behaviour, and even provide suggestions on how to fix bugs.

These results enable many opportunities for future work, such
as enriching automated feedback, for example by providing not
just entire fixes, but next-step hints, related examples, explanations
of misunderstood concepts, or other context information instead.
Given that our baseline results showed that LLMs can reason about
Scratch programs without certain bounds, it might now be ethically
reasonable to continue future evaluations involving children in stud-
ies on the perceptions and effects of the LLM responses. Our results
also imply necessary future research on identifying hallucinations,
for example by trying to automatically execute suggested sequences
of interactions. We envision an agentic framework that can for ex-
ample ask the LLMm to fix the scratchblocks syntax in its output and
run the static analysis on the updated program to automatically
and iteratively improve the LLM responses. Our experiments are
based on three vanilla LLMs, and it would be interesting to experi-
ment with models fine-tuned for Scratch. Finally, we also envision
integrating the framework into the user interface of Scratch for a
seamless interaction with the rim.

The source code of our framework including our extensions to
LitterBox are publicly available together with the dataset, all used
prompts, scripts for reproducing the experiment and all obtained
results in our replication package [6].
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