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Abstract
Novice programmers often struggle to develop computational think-
ing (CT) skills in introductory programming courses. This study
investigates the use of Large Language Models (LLMs) to provide
scalable, strategy-driven feedback to teach CT. Through think-aloud
interviews with 17 students solving code comprehension and writ-
ing tasks, we found that LLMs effectively guided decomposition
and program development tool usage. Challenges included students
seeking direct answers or pasting feedback without considering
suggested strategies. We discuss how instructors should integrate
LLMs into assessments to support students’ learning of CT.

CCS Concepts
• Social and professional topics → Computing education.

Keywords
Large LanguageModels, code comprehension, debuggers, execution
ACM Reference Format:
Mohammed Hassan, Yuxuan Chen, Paul Denny, and Craig Zilles. 2025. On
Teaching Novices Computational Thinking by Utilizing Large Language
Models Within Assessments. In Proceedings of the 56th ACM Technical Sym-
posium on Computer Science Education V. 1 (SIGCSE TS 2025), February
26-March 1, 2025, Pittsburgh, PA, USA. ACM, New York, NY, USA, 7 pages.
https://doi.org/10.1145/3641554.3701906

1 Introduction
Understanding and writing code are essential skills [16], yet novices
often struggle to develop them. A multi-national study by the Leeds
working group found that most novices fail to acquire these abilities
by the end of an introductory programming course [15]. They “lack
the ability to take a problem description, decompose it into sub-
problems and implement them, then assemble the pieces into a
complete solution,” skills central to computational thinking.

Prior research has identified effective code comprehension teach-
ing strategies for novices [7–9, 21]. These techniques have shown
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potential for novices to learn and apply them independently over
time [21], including decomposing code into sub-goals [21], tracing
(mentally executing code), disproving intermediate hypotheses to
verify understanding, leading to actions like choosing diverse in-
puts [9], understanding relationships between variables [21], and
using debuggers [8, 20] and code execution tools [7].

In this study, we explore integrating these teaching strategies
into a Large Language Model (LLM)-based assistant within assess-
ments and evaluate how they can generalize toward teaching com-
putational thinking skills. Two key motivations drive this approach:
First, leveraging LLMs allows us to deploy these strategies at scale
in large introductory programming courses. Second, by providing
assistance directly within students’ working interface, we aim to en-
courage them to use the provided tools rather than seeking external
resources that could be used for cheating.

While prior work explored auto-generating code explanations
using GPT [30], this tells students what the code does rather than
helping them develop code understanding strategies. When given
answers, students may focus on what the answer is rather than
how to obtain it [3]. Code comprehension skills are especially cru-
cial when evaluating the correctness of code generated by LLMs.
Therefore, we investigate how students use an LLM-based chatbot
that aims to teach computational thinking skills by guiding them to
use debuggers and code execution tools embedded on assessment
pages. The research question is: How do novices use an LLM-based
assessment tool to help them learn computational thinking skills?

To answer this, we conducted qualitative think-aloud interviews
with 17 introductory programming students solving ‘Explain in
Plain English’ (EiPE) and code writing questions, using an LLM-
based chatbot present on the question pages (Figure 1), alongside a
PythonTutor-like [6] debugger and code execution tools.

2 Related Work
2.1 Computational Thinking
Computational thinking (CT) is the ability to solve problems ef-
fectively and efficiently by developing reusable solutions [31]. It
involves several interrelated skills: Decomposition (breaking down
complex problems into manageable parts), creating algorithms (de-
signing solutions that are efficient, logical, ordered, generalizable,
and reusable), debugging (identifying and fixing errors through
iterative refinement), abstraction (understanding core actions or
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(a) EiPE question with answer ‘re-
verses the digits of the largest num-
ber in the list.’ (b) Code execution tool (c) Debugger tool (d) Chatbot

Figure 1: Question assessment page, scrolling from left to right.

concepts within an algorithm), and pattern recognition (identify-
ing similarities and recurring structures across problems). These
foundational skills make CT a transferable and valuable approach
for addressing diverse problem-solving tasks across disciplines.

2.2 Metacognition
Metacognition is awareness of one’s own understanding and problem-
solving progress [25, 26], involving self-regulation and self-monitoring
[18]. Self-regulation includes planning, monitoring, and adjusting
strategies as needed; self-monitoring involves reflecting on strate-
gies used. Novices often lack metacognition [18], shown by reluc-
tance to abandon incorrect solutions, misunderstanding problems
[4], and rushing tasks. Scaffolding these skills through reflective
prompts and self-assessment can help [4, 19, 28].

However, the effectiveness of metacognitive scaffolding depends
on student engagement; active participation is crucial for success
[28]. Hauswirth et al. discussed challenges in metacognitive calibra-
tion, where students may engage superficially with self-assessment
tasks, mechanically rating skills without deeper consideration just
to complete the task, which suggests that the design of the tools
must promote deeper engagement [10]. Wang et al. emphasized
the importance of instructors in arousing students’ interest and
motivation in learning metacognition to promote engagement [36].

Our prior work [21] found that utilizing Karl Popper’s theory
of refutation [24] can help novices develop metacognitive skills.
Popper posits that knowledge advances by formulating hypotheses
and attempting to disprove them. Encouraging students to chal-
lenge their intermediate understanding addresses cognitive biases
like confirmation bias, the tendency to seek only confirming ev-
idence while disregarding contradictory evidence, which limits
understanding. By seeking evidence that challenges their hypothe-
ses, students consider problems more holistically and thoroughly
evaluate their problem-solving strategies, leading to actions like
choosing more diverse inputs when executing code.

2.3 Programs & Code Comprehension
Programs consist of intrinsic actions, the commands a computer
executes, and extrinsic purposes, its broader goals, concepts, and
societal meanings [2]. The Block Model [11] classifies code compre-
hension as understanding syntactical structure, execution behavior
(algorithmic structure), and intent (purpose), emphasizing that un-
derstanding intent (why its written) differs from how it executes.

Code comprehension is typically regarded as a mix of top-down
(hypothesis-driven) and bottom-up (decomposition or trace-first)
processes, depending on the programmer’s familiarity with the

code [13, 17, 23, 35]. In the top-downmodel proposed by Soloway et
al., programmers recognize familiar code patterns or ‘programming
plans’ [32]. Programmers can be familiar with concepts, plans, or
strategies at differing levels of knowledge: declarative (knowing
what something is), procedural (knowing how to perform it), and
strategic (knowing when, where, and how to use it). Superficial
memorization can lead to a lack of these advanced knowledge types.

2.4 Dialogue-based Tutoring
Conversational intelligent tutoring systems (ITSs) emulate one-to-
one human tutoring via text dialogue [29] and can be as effective
as human tutors [34]. They have been applied in fields like alge-
bra, physics [33], and code writing [1]. ITSs encourage students
to provide information in as much detail as possible to diagnose
their thought processes, using dialogue moves like hints and asser-
tions [29]. Allowing students to guide the conversation aligns with
constructivism, enabling them to construct knowledge by apply-
ing prior knowledge. Tailoring problem-solving paths adjusts to
student’s zone of proximal development. These systems often use
non-deterministic mechanisms like Hidden Markov Models.

Prior work has found that while dialogues in tutoring systems
help learners understand material better than static text, increasing
the frequency of dialogue interactions does not necessarily improve
learning outcomes [12]. Kopp et al. [12] andNückles et al. [22] found
that the most effective approach is a mixed strategy combining full
dialogue interactions with limited ones. They speculate that this
balanced method maintains the benefits of interactive learning
while preventing overload and reducing the risk of boredom or
decreased motivation from constant prompting. This suggests there
may be an optimal amount of dialogue for certain learning tasks.
Most prior research on dialogue-based tutoring systems relies on
log data and quantitative methods, not providing insights into when
and why students may benefit more from different dialogue modes.

3 Method
We conducted think-aloud interviews with 17 undergraduates (10
men, 7 women) who completed an introductory Python program-
ming course for non-technical majors in Fall 2023. With IRB permis-
sion, we recruited them via course roster emails. Each interviewwas
about one hour, where participants solved 10 Python EiPE questions
and 5 code-writing questions using a chatbot, a PythonTutor-style
debugger, and an execution tool. Following Ericsson et al.’s protocol
[5], we asked participants to verbalize their thoughts without trans-
lating them for our benefit to minimize fatigue, reminding them to
think-aloud if they were silent for more than 2–3 minutes. After
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Table 1: Success rates. “Incorrect with chatbot help” includes in-
stances that needed interviewer intervention for the participant to
solve correctly

Number of Questions
Correct with no help 21
Correct with chatbot help 14
Incorrect with chatbot help 5
Incorrect, did not use chatbot 0

each problem, the interviewer asked retrospective questions about
the chatbot. Participants received a $35 gift card as compensation.

We recorded the interviews over Zoom, then transcribed and in-
dependently analyzed them by two researchers, who met to discuss
interpretive differences. We inductively coded the data, focusing on
interactions with the chatbot and how student strategies differed
throughout the assessment. We applied the constant comparative
method to identify emerging themes and used reflexive coding to
reflect on our assumptions during analysis.

We guided the GPT-4o-based chatbot behavior using an extensive
prompt, similar to approaches in other LLM-based tutors [14]. An
excerpt of the prompt (truncated due to space limitations) follows:
“Be an intelligent tutor helping the student solve this Python problem.
Avoid giving code-specific hints; instead, provide hints for independent
understanding of the code. Ask questions like ’what’s the relationship
between var_a and var_b?’ Give hints on effectively using the given
tools. Suggest that students comprehend and execute specific code sub-
parts. You can (re)write relevant portions of the code and tell them to
copy/execute it. Encourage them to disprove intermediate assumptions
and choose diverse inputs using code execution or debuggers.”

We also explained to the LLM what code execution and debug-
gers were. The chatbot interprets a screenshot of the page with
each student message to understand the given problem and the
tools. In Table 1, we show the participants’ overall correct rates.
In the next sections, we report on instances of the chatbot helping
students solve problems, followed by unsuccessful instances.

4 Results: Code Reading Successful Interactions
This section describes instanceswhere the chatbot effectively helped
students solve EiPE problems. Some participants felt it was more
helpful than traditional ChatGPT, which often provides (sometimes
incorrect) answers without helping them understand their problem-
solving mistakes, as summarized by participant 16 below:

Participant 16: It was helpful and easy to understand. It would
tell you if you’re in the right direction or not. It would be like, ‘Oh,
you’re missing something.’ So I would go back and look through
it again to know what I was doing wrong. I thought the AI would
use more complex language, but it clearly broke down what I was
doing, what I was missing. Regular GPT’s feedback isn’t helpful; it
doesn’t go step by step. It just tells you the answer, and sometimes
it’s wrong, but I feel like this one was trying to direct you

In the next sections, we describe different types of assistance that
led students to solve EiPE problems correctly. It guided them on how
to make better use of debuggers and execution by providing advice
like breaking down lines of code, choosing more diverse inputs,
defining general syntax, and offering hints that prompted students
to ask more specific questions about their misunderstandings.

4.1 Suggestion to use Debuggers & Execution
When students ask the chatbot for answers (e.g., ‘What does the
code do?’), it suggests using the debugger or execution tool.
Participant 6: I can’t figure out the function so I was going to ask
the chatbot to explain [it]. But then the chatbot told me to use the
execution [tool]. ... It was a helpful reminder

4.2 Guidance on How to Use Tools
When students do not effectively use tools, the chatbot provides
guidance on how to use the tools by defining individual syntactical
elements present within lines of code and suggesting to choose
a diverse set of inputs to test each individual element. For exam-
ple, participant 15 struggled because they chose unhelpful inputs,
choosing single-digit inputs that appear the same when reversed.
Participant 15: I want to try inputting (inputs single-digit num-
bers for code in Figure 1a). Still return the same [input number as
output]. Now I want to ask the chatbot because I’ve tried several
[inputs] and they always return the same thing. (asks chatbot ‘rm
= int(str(max_num)[::-1]), explain it’).
The chatbot responds by suggesting to break down the expres-

sion and using the execution tool to choose inputs to test individual
parts of the expression, suggesting multi-digit integer inputs to be
able to observe and understand the reverse slicing operation.
Chatbot: To understand what the expression
‘rm = int(str(max_num)[::-1])’ is doing, break it down and
examine the steps involved. Start by exploring the individual oper-
ations being performed. Make use of the Interpreter tool to input
the individual parts of the expression and see what they output. For
example, you could start by setting ‘max_num’ to a known value,
like ‘123’, and then converting it to a string with ‘str(max_num)’
in the interpreter to see the effect. Next, you could take that string
result and apply the slicing operation ‘[::-1]’ to see what happens.
Participant 15: That chatbot is very helpful. This sentence here
is very important because it mentioned the slicing operation. So I
changed the test case to a bigger number. So the slicing will apply,
and I know what it’s doing here. (answers correctly). At first, I didn’t
use a big number, just a single digit number as an input and always
return the same thing. But it mentioned slicing. And I just changed
it to a larger number, like three digits, like 155 and execute code.
Then I can find something different.

4.3 Signs of Learning to Double-Check
Understanding Using Tools Independently

Some participants express that, in later questions, they learned to
use the tools more diligently independent of the chatbot after its
repeated suggestions.
Participant 1: The chatbot broke the habit of me going through
the debugger once and then giving up. It taught me to look through
it again. Just because you do it once and you might still be confused,
maybe you’re missing something and you need to go through again
The participant describes breaking down the code independently

and recalling syntax definitions it previously suggested:
I just slowed down and... broke it down even more in my mind with
the steps that [the debugger] was giving. And the modulo example
from earlier, I already knew. I asked the chatbot earlier what this
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did, so I didn’t need to... ask it again. I learned from what I did
the last time and I’m like, okay, let me just go through and do this
again and go even more step-by-step. My brain automatically knew,
like, okay, you’re stuck. Just look through it closer and do it again
For example, in a later question and without chatbot assistance,

participant 1 repeatedly re-uses the debugger trying more inputs:
Participant 1: (using debugger) I kind of got what the end result
is and about what it is. But let’s just do an easy list again. ... Let’s
change that to 80. Let me retry this. (answers correctly).

4.4 Guiding Students to Ask Better Questions
In some cases, when students asked vague questions, the chatbot
provided suggestions that led them to ask more specific questions
to target their specific misunderstandings. For example, after the
chatbot suggested to break down a line of code, some students asked
more specific questions targeting their initial misunderstanding:
Participant 6: (asks chatbot ‘explain this line of code
rn = int(str(max_num)[::-1])’ for question in Figure 1a)
Chatbot: It’s essential to start by breaking down the line into each
of its components. Investigate what each part does individually.
Additionally, use the Interpreter, to create examples with different
data and observe the outcome.
Participant 6: looking at the second line, it takes the variable
max_num, turns it into a string, and then back to an integer. Trying
to figure out the indexing because I don’t remember what double
colon means. Maybe I can ask. (asks chatbot ‘What does :: mean’)
After breaking down the line of code, participant 6 asked a follow-

up question that is more specific and directly targets their initial
uncertainty about the double colon syntax.
Chatbot: In Python, the colon (:) is used in slicing to indicate the
start and end positions for the slice. When you see ::, this is a slice
operation that includes the entire sequence. Furthermore, when it’s
used with a number after it, like ::-1, it represents step size. You can
run small tests with different sequences and slice configurations
in the Interpreter provided to you to see different outcomes and
understand how it behaves.
Participant 6: It finds the position that it’s in the list, themaximum-
then reverses it, and then it returns the list (answers correctly). The
chatbot was helpful in explaining what the double colon means.

5 Results: Code Writing Successful Interactions
Wehighlight instanceswhere the chatbot assistedwith code-writing
problems. Participants found it useful for decomposing problems
and implementing each step.
Participant 8: It was helpful for writing code since it leads you to
the correct thinking process if you break apart the question and ask
(the chatbot) each part of the question how to do it. It guides me on
how to create code. Without it, it would have been very hard for me

5.1 Breaking up Problem Statement to Concepts
The chatbot helps students break problem statements into mean-
ingful sub-functions with clear purposes. For example, participant
11 was solving a problem that asks whether a given timestamp is a
perfect square whose square root is prime. They began by typing
their thought process to the chatbot:

Participant 11: (Types to chatbot: "Returns true if number’s perfect
square and its square root’s prime else false.")
Chatbot: Tackle the problem by breaking it down focusing on two
tasks: determining if a number is a perfect square and if its square
root is prime.
Perfect Square: Write a function that returns ‘True‘ if an integer is a
perfect square. Use ‘math.sqrt‘ and check if the result is an integer.
Prime Number: Write a function that returns ‘True‘ if an integer is
prime. Check divisibility up to its square root.
In your main function ‘is_prime_square_date(day, month, year)‘:
1. Zero-pad day and month to maintain the correct format.
2. Concatenate ‘day‘, ‘month‘, and ‘year‘ into a single number.
3. Check if this concatenated number is a perfect square.
4. If it is, check if its square root is prime.
Test each helper function individually before combining them.

The chatbot describe how to break up the problem into a set of
distinct concepts each in its own helper function, and how to piece
these helper functions together. The participant is then successful:
Participant 11: So this is a separate function. We’ll change this to
number equals. Then compare to ... (implements correctly)

5.2 Breaking up Concept to Logical Steps
When students asked it for help on implementing concepts, it pro-
vided step-by-step instructions on how to implement it:
Participant 8: I’m going to first ask, because I’m not sure how I
can start this problem if I’m not comfortable with prime numbers.
How can I check if a number is prime?
Chatbot: To verify if a number is prime, you’ll need to check that
it has no divisors other than 1 and itself. One way to do this is to
try dividing the number by all smaller numbers greater than 1. If
none of them divides it evenly, then the number is prime. It’s a good
practice to write some test cases with known prime and non-prime
numbers to check your implementation.
Participant 8: Oh got it (writes code implementing loop for prime).

5.3 Writing Syntax of Constructs Guidance
In cases participants struggled in writing syntax, the chatbot pro-
vides guidance in the form of generic code examples of common
syntactical constructs. As an example, participant 11 struggled to
implement checking prime numbers:
Participant 11: How to loop through possible divisors?
Chatbot: Here’s a basic loop function:
for i in range(start, end):

# Perform actions within the loop using the variable 'i'

Consider: What’s the loop’s purpose? What are the start and end
conditions? What actions occur inside the loop? Write your loop
and test it with different values to ensure it works as intended.

It explains how to use loops, then they correctly implement it:
Participant 11: For i in range 2, integer times times 0.5 (writes
correct solution)

5.4 Tailored Sub-goals Leveraging APIs
In response to incomplete or incorrect solutions, the chatbot pro-
vides feedback and suggests sub-goals to implement to correct their
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solution. For example, participant 11 realized their solution didn’t
retain the remaining list elements after sorting the first k elements:
Participant 11: Wait, where did it go?
Chatbot: To sort the first k elements of array arr in ascending order
while keeping the rest of the array unchanged, you can’t modify
the first_k_elements variable that you’ve extracted from the array.
Currently, your code is only slicing the first k elements and storing
them in first_k_elements, but you’re not sorting them. Since the
goal is to sort those elements, you’ll want to apply a sorting method
to first_k_elements before returning the modified array.

The chatbot explained the issue and provided steps to correct it:
Chatbot: Here’s a strategy to follow:
1. Take first_k_elements which you’ve correctly sliced from arr.
2. Sort first_k_elements using a sorting method. Python lists have a
method called .sort() that you can use, which will sort lists in place.
3. Once you have the sorted first_k_elements, you need to combine
it with the unsorted remainder of arr.

The chatbot suggests relevant API methods, describes their util-
ity, and provides boilerplate code with sub-goal-labeled comments:
Chatbot: You can copy the updated function into the interpreter to
see the output with a sample input. For example, try the following:
def sort_first_k_elements(arr, k):

first_k_elements = arr[:k]

# Sort the 'first_k_elements' list in place using .sort()

# Combine the sorted 'first_k_elements' with the rest of 'arr'

# and return it

Participant 11: ... Elements would equal first k elements plus
array k onward. Then we return elements (writes correct solution)

The student receives recommendations on using debugging print
statements and testing with diverse inputs. Participants note how
the chatbot helps them understand how to use API methods:
Participant 15: I know swapcase is a function, but I don’t know
how to use it properly. When I write swapcase test, I get a NameError
is not defined. It’s confusing, why does it need to be defined if it’s
a function? I’d check the chatbot to learn the correct way to use it.
This is useful when I’m not familiar with a function.

6 Results: Unsuccessful Interactions
In this section, we describe instances where the chatbot’s assistance
failed to help participants without the interviewer’s intervention.
Somewanted answers, refusing to follow strategies. Others mechan-
ically adjusted answers based on feedback without trying suggested
strategies, while others were unsure what questions to ask.

6.1 Refusal to Try Strategies; Wanting Answers
Some students attempted to get the answer directly from the chat-
bot (e.g., ‘cheat’). When the chatbot did not provide direct answers
to their requests, some students appeared to refuse to follow its sug-
gested strategies. For example, participant 13 expressed frustration
when the chatbot provided guidance rather than a direct answer:
Participant 13: (Asks chatbot ‘summarize it in one sentence’).
Chatbot: To summarize the code’s purpose in a sentence, you may
want to use the offered tools to test the code with different ...

Assume that the variable x is a list of integers.
def f(x):

x.sort()

n = len(x)

if n % 2 == 0:

k1 = x[n // 2]

k2 = x[n // 2 - 1]

k = (k1 + k2) / 2

else:

k = x[n // 2]

return k

(a) Answer: ‘finds the median
number in a given list.’

Assume that the variable x is a list of integers.
def f(x):

p = []

for i in x:

if i > 1:

for m in range(2, i):

if (i % m) == 0:

break

else:

p.append(i)

return len(p) == len(x)

(b) Answer: ‘checks if all ele-
ments in a list are prime.’

Figure 2: Two example EiPE questions
Participant 13: This chatbot isn’t helpful. It’s not giving me the
straight up answer that I want. ... Can I use ChatGPT? It’s so stupid.
... Just frustrating me so much ... it just tells me what like an open-
ended teacher that doesn’t want to help you answer the question.
When the interviewer asked them to consider its feedback, they

correctly solved the problem by following its suggested strategy.
Interviewer: I wanted to ask why you only use the chatbot a little
bit and then I had to ask you to use it more.
Participant 7: I guess I was trying to use the chatbot more to
give me an answer rather than seeking help, so every time it spit
something out that wasn’t an answer, I disregarded it. When I
finally asked it like three questions, read them, and went back to
the execution function, I realized what was going on. Now, it has
been helpful. At first, I didn’t see it as helpful, but once I started
paying attention to it, asking more questions made the difference

6.2 Mechanically Adjusting Answers
Some students mechanically adjusted their answers according to
the chatbot’s feedback not applying its suggested strategies. For
example, participant 16 revises their answer by directly pasting
parts of the chatbot’s feedback onto their previous answer.
Participant 16: (Submits answer ‘returns an integer value from
the list if it is not divisible by zero’ for question in Figure 2a).
Chatbot: Your answer isn’t clear and doesn’t fully address the
code’s purpose. It seems you’re focusing on a specific detail without
capturing the overall function. Try breaking down and executing
parts of the code. For example, see what the code does up to the part
where x is sorted and the length is calculated.
Participant 16: It sorts the list. My answer isn’t complete (Changes
to ‘returns integer value from sorted list’ which is still incorrect).

6.3 Unsure How to Ask Complete Questions
Some participants who were stuck on solving problems expressed
that they were not sure what questions to ask the chatbot. For
example, participant 14 demonstrates this uncertainty:
Participant 14: I’m not sure. it’s confusing (Figure 3).
Interviewer: Maybe try asking the chatbot questions.
Participant 14: What kind of questions in this case?
When the interviewer asked them to write their immediate

thoughts directly to the chatbot, it provided better guidance:
Interviewer: Can you ask that thought you told me to the chatbot?
Participant 14: (asks chatbot ‘Why would someone want to do
this? What is the mathematical problem to solve?’)
Chatbot: To understand the mathematical problem the code solves,
you can start by examining the relationships between the variables
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Assume that the variable var_a is an integer.
def func_var(var_a):

var_b, var_c = 0, 0

for var_d in range(1, var_a):

var_e, var_f, var_g = 0, 0, 0

for var_h in range(var_d, var_a):

var_e += var_h

if var_h % 2 == 0:

var_f += 1

else:

var_g += 1

if var_e == var_a:

if var_f > var_g:

var_b += 1

elif var_g > var_f:

var_c += 1

break

elif var_e > var_a:

break

(a) Lines 1-18 of the code

if var_b > var_c:

return "A"

elif var_c > var_b:

return "B"

else:

return "C"

(b) Lines 18-24 of the code

Figure 3: An EiPE question with answer ‘checks whether
there aremore even or odd consecutive sums from 1 to var_a.’

and the conditions under which they change. Use the Debugger
tool to step through the code with different input values for ‘var_a’
and observe how the variables ‘var_b’, ‘var_c’, ‘var_e’, ‘var_f’, and
‘var_g’ are updated. This will help you identify the pattern and
purpose behind the calculations.
They solve the problem correctly after following its advice to

explain the relationship between variables:
Participant 14: it’s counting the odds in- it’s trying to see how
many of the numbers in the sequence- how many odds or even
numbers are greater in a sequence? ... How the sum relates to the
input and influences the A, B, or C. So it is summing the sequence
... of numbers (answers correctly)
These participants appear unaware that they can type their in-

complete thoughts or actions they have taken directly to the chatbot,
feeling the need to ask only complete questions:
Interviewer: What parts of the chatbot did you find unhelpful? ...
What kind of hints did you wish it gave you?
Participant 14: I feel like, I wouldn’t ask- ... I don’t know, I don’t
pinpoint ideas with the chatbot. I don’t tell the chatbot about what
I’m thinking. I would ask more concrete questions. ... It was weird
asking just about what I was thinking.
Their unawareness of expressing their thoughts or problem-

solving process directly to the chatbot can limit its ability to offer
targeted assistance on their incorrect problem-solving process.

7 Discussion & Conclusions
Overall, we found the chatbot effective in guiding students to prac-
tice computational thinking and metacognition. For code reading, it
helped students decompose complex code, define individual actions
(abstraction) using general definitions of syntax and API meth-
ods, use common development tools, and select input test cases to
double-check their understanding, skills crucial for debugging. By
guiding students to break programs into sub-actions, understand
each component’s role, and describe relationships, it facilitated
pattern recognition and helped piece together the overall purpose.
These strategies foster transferable skills that students can apply
broadly in programming and problem-solving.

For code writing, the chatbot guided students by decomposing
concepts into logical algorithmic steps in natural language, help-
ing them begin implementation. It clarified which syntax and API

methods to use and how to use them in general. In response to
incorrect or incomplete answers, it tailored sub-goals to guide them
in fixing their solutions. By guiding them on one sub-goal at a time,
it promoted iterative refinement.

An interesting finding is that the chatbot guided students to de-
compose problem statements by first identifying distinct, purpose-
ful concepts before implementation. This mirrors the software en-
gineering principle of high cohesion [27], where each sub-function
handles a single, well-defined task. By isolating each sub-purpose,
students created code with distinct sub-functions, promoting mod-
ularity, readability, reusability, and maintainability. By considering
the purpose behind each component, the chatbot aligned their
problem-solving strategies with professional practices. This under-
scores the importance of starting decomposition with purposeful
concept identification for cohesive, effective solutions.

For students who struggled more with code writing, the chatbot
guided them on how to write syntax by providing code examples
and general guidance on using constructs and API methods. This
suggests that it met students’ needs based on their prior knowledge,
whether they were familiar with particular syntax or the high-level
algorithms and logic pertaining to the concept. By operating within
their zone of proximal development, it offered support that was
appropriately challenging without overwhelming them.

While the chatbot was effective in most cases, some resisted
using the suggested strategies, expecting direct answers due to prior
experiences with ChatGPT. Others mechanically pasted suggestions
without applying them. Future work should explore refining the
chatbot interface to better promote productive engagement.

Some students believed they could only ask the chatbot com-
plete, formulated questions, leading to uncertainty about what to
ask. When they shared their thoughts with the chatbot per inter-
viewer suggestion, they received better assistance. This suggests
that chatbots and instructors should encourage students to share
their problem-solving actions and general thoughts, including frus-
trations, so the chatbot can provide better assistance.

We observed that when the chatbot suggested breaking down
lines of code to individual syntactical elements, it led students to ask
more specific questions to address their misunderstandings. Similar
to prior work on ITSs, this suggests we should design chatbots
to elicit more information from learners through decomposition,
allowing students to recognize which parts they do not understand
and focus on those specific aspects. This may indicate that students
are expressing metacognitive behaviors [25, 26], gaining awareness
of what they do (not) know about the problem.

Lastly, some students independently applied the strategies pre-
viously suggested by the chatbot in later questions. These students
exhibitedmetacognitive behaviors, such as learning to double-check
their understanding using debuggers and execution on their own.

8 Limitations
Our data may not be representative of all students. The sample
size is small, like most qualitative studies, due to the time-intensive
nature of coordinating interviews. Participants were self-selected,
potentially reflecting higher self-confidence and performance. The
short duration of the study limits conclusions about long-term
learning effects, which is an exciting area for future research.
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