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Abstract

Introductory programming courses often rely on small code-writing
exercises that have clearly specified problem statements. This limits
opportunities for students to practice how to clarify ambiguous
requirements — a critical skill in real-world programming. In addi-
tion, the emerging capabilities of large language models (LLMs) to
produce code from well-defined specifications may harm student
engagement with traditional programming exercises. This study
explores the use of “Probeable Problems”, automatically gradable
tasks that have deliberately vague or incomplete specifications.
Such problems require students to submit test inputs, or ‘probes’, to
clarify requirements before implementation. Through analysis of
over 40,000 probes in an introductory course, we identify patterns
linking probing behaviors to task success. Systematic strategies,
such as thoroughly exploring expected behavior before coding,
resulted in fewer incorrect code submissions and correlated with
course success. Feedback from nearly 1,000 participants highlighted
the challenges and real-world relevance of these tasks, as well as
benefits to critical thinking and metacognitive skills. Probeable
Problems are easy to set up and deploy at scale, and help students
recognize and resolve uncertainties in programming problems.
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1 Introduction

In real-world programming contexts, requirements are often con-
veyed in natural language, which is prone to ambiguity, misinter-
pretation, and the need for clarification [13, 36]. Failure to clarify
ambiguities early can be costly in software development [10]. Thus,
identifying gaps and clarifying missing details in specifications are
essential practices for developers. Despite their importance, they
are often not emphasized in introductory programming courses,
where the focus tends to be on solving well-defined problems with
clear, detailed specifications written by the instructor [1, 3, 7]. This
approach has, at least in part, been popularized by the use of auto-
mated grading tools that can instantly provide feedback on student
code but are typically used with well-defined problems [2, 14, 23].

While automated grading can scale well and is widely used in
programming courses, the arrival of large language models (LLMs)
has presented a significant challenge. Typical introductory-level
programming tasks can now be reliably solved by LLMs [9, 29]. This
means that students can simply provide a programming problem
statement — exactly as defined by their instructor — to an LLM as a
prompt to generate working code. This not only reduces student
engagement with programming tasks, but it may lead students to
question the value of writing code for well-specified tasks.

One approach to address this challenge is the use of program-
ming tasks with deliberately vague or incomplete specifications. Un-
like traditional tasks with well-defined requirements, such problems
are resistant to trivial solutions from LLMs because they lack the
details required for generating a correct response. More impor-
tantly, these tasks provide students with an opportunity to practice
identifying gaps and ambiguities, and to pose questions to fill in
the missing pieces. As an example, consider the request to “search
an array for the smallest even value”. While this initially seems
straightforward, several key clarifications are needed in order to
implement a function to solve this task:

o Should the function return a value, or print output directly?

e What should be calculated, an index position or a value?

e What should happen if there are no even values present?

e What should happen if the smallest even value occurs at
multiple positions within the array?

o If multiple positions are indeed wanted, then in what order?

In this paper, we explore how students approach and perceive
the challenge of seeking answers to such clarifying questions.
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Table 1: Possible ambiguities in the problem statement “find
the first vowel in a string”, each with a corresponding ‘probe’
(test input) and ‘clarification’ (expected output).

Ambiguity ‘ Probe ‘ Clarification
Return character or index? | “cat” ‘a’ (character)
Lower or upper case? “APPLE” | ‘a’ (lower)
Vowel or character order? | “pear” ‘a’ (vowel order)
Special character if none? | “Mmmm” | ‘-’ (hyphen)

A “Probeable Problem”, as defined by Pawagi and Kumar [26],
consists of a deliberately ambiguous problem statement and a mech-
anism for seeking clarifications regarding expected behaviour. A
Probeable Problem can be implemented as a traditional code-writing
task (thus automatically gradable) along with an oracle that clarifies
the expected output for any given input, or ‘probe’. Table 1 shows
an example of how such probes can be used to clarify the missing
details if asked to “find the first vowel in a string”.

The use of Probeable Problems has not been explored at scale in
an introductory programming context. In this work, we introduce
such problems in the weekly laboratory sessions of a large introduc-
tory programming course. These problems can easily be configured
using a standard auto-grader as a pair of tasks, each of which pro-
vides clarifying feedback. Probes allow students to submit their own
test inputs and observe the expected outputs, whereas code evalu-
ations check students’ code against instructor-supplied tests and
report any failing inputs. By imposing a small penalty on the latter
(which mimics the ‘expensive’ clarify after coding behavior), we
hope to encourage the ‘cheaper’ and more desirable clarify before
coding behavior. We collect over 40,000 probes and analyze how
probing activity relates to task success. We also investigate student
perceptions of these problems, in comparison to traditional pro-
gramming exercises with well-defined requirements. We organize
our analysis around the following three research questions:

e RQ1: How frequently do students submit probes prior to
writing any code, and how does this relate to overall course
performance?

e RQ2: To what extent do students rely on ‘cheap’ (clarify
before coding) probes compared with ‘expensive’ (clarify
after coding) code evaluations?

e RQ3: How do students describe their experiences with Probe-
able Problems compared to traditional programming tasks?

2 Related Work
2.1 Learning to Code Without Ambiguity

The idea of incorporating ambiguity into programming assignments
dates back decades. In 1978, Schneider [35] argued that a key skill
for CS1 students is the ability to “recognize and resolve uncertain-
ties in simple problem statements”. At the time, he proposed that
“some programming assignments should intentionally be left incom-
plete, requiring the student to consider the alternatives and to make
a reasonable decision on the omitted details”. Despite its promise,
this approach has seen limited adoption in introductory program-
ming education. Instead, the widespread popularity of automated
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assessment tools has reinforced a focus on solving well-defined
problems with clearly specified, unambiguous requirements [23, 25].
This exercise-intensive approach remains central to introductory
programming pedagogy, as highlighted by Luxton-Reilly et al. in
their comprehensive review of the literature [21].

While traditional code-writing exercises are effective for develop-
ing mastery of syntax and basic programming concepts, they tend
to neglect higher-order cognitive and metacognitive skills such as
handling ambiguous requirements, which is essential for real-world
programming [13, 36]. Moreover, the ubiquity of large language
models (LLMs) presents an immediate challenge to syntax-focused
pedagogies [9]. Modern LLMs are capable of solving well-defined
programming tasks with very high accuracy [11, 15, 17, 34]. This
has led to calls from the computing education community to ex-
plore new types of learning activities that are more authentic and
relevant in the era of Al-assisted programming [12, 33].

2.2 Embracing Ambiguity

While problem statements in introductory courses are usually well-
specified, this does not guarantee that students develop a correct
understanding of the problem before attempting to solve it. One
approach to address this challenge is to have students create and
solve test cases. For example, Craig et al. [6] and Denny et al. [8]
demonstrated that having students solve or create test cases before
writing code can enhance their understanding of problems and
reduce errors, even when a problem is well specified. Similarly,
Pechorina et al. designed a metacognitive scaffolding tool which
encouraged students to write and solve test cases prior to imple-
menting any code, which reduced errors during implementation
[27]. This confirms earlier findings from Prather et al. showing that
when students solve a test case after reading a problem statement,
they build more accurate mental models of the problem [30]. Wrenn
and Krishnamurthi highlighted that flawed problem comprehension
can lead to flawed implementations, particularly when students de-
velop tests and code based on the same misunderstanding [38]. They
addressed this by introducing Examplar, which provides feedback
on input-output examples to validate problem comprehension.
Unlike Examplar, Pawagi and Kumar directly focus on the issue
of ambiguous requirements when introducing the idea of Probeable
Problems [26], where essential details are deliberately omitted from
the problem statement. They evaluated this idea in a two-hour
programming contest with 67 undergraduate students from multiple
institutions. While students could often identify some of the missing
details through probing, they frequently missed others, especially
subtle omissions like tie-break mechanisms. Although students
could use Al tools like GitHub Copilot or ChatGPT, the incomplete
specifications meant these tools did not guarantee correct solutions.
In the current work, we apply the concept of Probeable Problems
for the first time to a large introductory programming course and
focus on analyzing both student perceptions and probing behav-
iors at scale. We believe that Probeable Problems, which can be
implemented using existing automated grading tools, offer an ex-
citing way to build on Schneider’s 50-year old vision. They require
students to uncover missing specification details through an itera-
tive process of writing test inputs and obtaining oracle feedback,
addressing a skill often neglected in traditional CS1 pedagogy.
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Table 2: The Probeable Problem statements, the default probe provided to students (which does not reveal an ambiguity),
and a brief summary of the ambiguities that students must identify to solve the problem. Model solutions (commented with
ambiguities and their resolutions) are available at: https://onlinegdb.com/8ny78ivwV

Problem Statement

Default Probe

Summary of ambiguities

P7 Implement a function to count the number of integers ~ CountBetween({1, 2, 3}, 3,0, 5) — 3 ‘a’and ‘b’ can be specified in either order, and
between a and b in an array of length n they are strictly excluded from the range
P8 Implement a function to search an array of lengthn  SmallestEven({50, 25, 2, 30, 45}, 5) — 2 multiple indices are printed in descending or-
for the smallest even value der, and special error printed if no evens
P9 Implement a function to find the first vowel in a string ~ FirstVowel(“apple”) — ‘@’ details in Table 1; return lower case character
in vowel order, special character if no vowel
3 Methods This is a “Ask The Client” question. You have been ap-

Our exploration of Probeable Problems takes place in the context of
a large introductory programming course taught at the University
of Auckland in the second half of 2024, with a total enrolment of
1028 students. This first-year course is compulsory for all engineer-
ing students, who only select specializations in their second year.
We identified three consecutive labs in the weekly lab schedule,
and introduced one Probeable Problem into each lab alongside sev-
eral traditional programming exercises. For convenience, we will
refer to the three Probeable Problems as P7, P8, and P9, where the
numbers correspond to the week of the course. Table 2 lists the
problem statements and the default probe (provided to students)
for each. Model solutions (commented with ambiguities and their
resolutions) are available online!.

The course uses the CodeRunner platform for automating the
grading of programming exercises [19]. Instructors set up program-
ming exercises by providing a problem statement, a set of test case
inputs with corresponding expected outputs, and a model code so-
lution (which is optional, but allows CodeRunner to verify the test
cases are valid during problem authoring). CodeRunner can be con-
figured to use regular expressions when matching expected outputs,
and so the ‘probe’ component of a Probeable Problem can be config-
ured using a single test case with a wildcard to successfully match
any output. To serve as an oracle, the template simply includes
a model solution for the problem (not shown to students) which
prints the output produced when called using the student-provided
inputs. Figure 1 illustrates the interface for accepting probes.

Consistent with course policy, for programming exercises a small
grading penalty applies for incorrect submissions (i.e. code submis-
sions that do not completely pass the test suite). A penalty is applied
to the final score for a given problem, which grows in 5% point
increments for multiple incorrect code submissions. This is a small
penalty relative to the course — each lab contributes 1% towards
the final grade, and a single programming exercise contributes no
more than 10% to a given lab. Each Probeable Problem consists of
the probe component (shown in Figure 1) and the corresponding
programming exercise. No penalties were applied for submitting
probes — students could submit as many probes as they wished -
but the standard penalties applied for incorrect code submissions.

In terms of describing these tasks to students, we followed the
approach of Pawagi and Kumar and referred to them as “Ask the
Client” questions. The framing shown to students at the start of
each question was as follows:

https://onlinegdb.com/8ny78ivwV
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proached by a mysterious client who would like you to
write a program for them, however, they have been a
little vague. They have asked you to...
This framing was then followed by the problem statement, and
a reminder that no penalty was associated with submitting probes.

1 |// You can modify any of these inputs as often as you like:
2 |int wvalues[] = {1, 2, 3};
3 |[int n = 3;
4 |int a = @;
5 |int b = 5;
4
Expected Got
v 2 CountBetween({1, 2, 3}, 3, @, 5) should return 3 | v

Passed all tests! +

Figure 1: The CodeRunner platform, a widely used automated
grading tool, configured to accept probes for P7: “Implement
a function to count the number of integers between a and b in
an array of length n”. Students modify inputs in the upper
editing pane, and view the expected output in the lower pane.

3.1 Quantitative Analysis

We define an attempt as the complete sequence of P’s (probes), F’s
(failing code submissions) and S’s (successful code submissions)
submitted by an individual student. Excluding the attempt for one
student who dropped the course after the P7 assessment, we logged
2,896 attempts across all three problems, containing a total of 44,068
probes. Of these, 3,649 probes were the defaults we had provided. As
shown in Table 2, each problem’s default probe was chosen to avoid
revealing any ambiguities about that problem. For our analysis, we
eliminated these default probes. For example, the attempt PPFS
represents two non-default probes, followed by a failing submission,
and ending with a successful submission.

Fewer than 2% of attempts were just S i.e., a single successful
attempt without any probes. We find it implausible that these were
honest attempts. Hence, we reject these attempts from our subse-
quent analysis in this paper (although note that future work could
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Figure 2: The cumulative percentage of students (y-axis) in each grade category for each Probeable Problem as a function of the
number of probes (x-axis) submitted prior to the first code submission (F or S).
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Figure 3: Box plots showing the ratio of probes issued per code submission in each attempt, across all grade categories and
problems. We exclude outliers where this ratio exceeds 35 (i.e., 2.9%, 1.3%, and 0.7% of P7, P8, and P9 attempts respectively).

explore such attempts as an indicator of academic misconduct). In
addition, we excluded attempts that did not include at least one
code submission (F or S). We focus on the remaining 930 attempts
for P7, 925 attempts for P8, and 901 attempts for P9. The vast ma-
jority of these attempts were successful (i.e., they included S). The
proportion of all attempts that were successful was considerably
higher for P7 (878/930) than for P8 (809/925) and P9 (801/901).

3.2 Thematic Analysis

One member of the research team conducted a reflexive thematic
analysis [5] to understand how students perceived this novel prob-
lem type. We asked students to respond to the question: “Please
comment on your experience solving this type of ‘Ask the client’ task
(where you must create input tests to clarify the behavior of a vague
problem statement) compared to a more traditional programming
task where a complete and detailed specification is provided to you.”

Students’ responses were first open-coded by a single researcher.
Next, the codes were iteratively reviewed and organized into themes
based on their relevance to RQ3. Finally, to help contextualize the
prevalence of the themes, we deductively counted the number of
instances for each theme. This final step is not a necessary compo-
nent of thematic analysis, but given the number of participants, it
provided helpful context for understanding the themes.

4 Results

For our analysis, we partition attempts into four categories based
on the eventual course grade received by the student that made the
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attempt: category A (grades A+, A, or A-), category B (grades B+,
B, or B-), category C (grades C+, C, or C-), and category D (grades
D+, D, or D-). Category D grades are failing grades in the course.

4.1 RQ1: Probing Before Coding

Prior to the introduction of Probeable Problems on Lab 7, students
were accustomed to immediately start writing code. Since we en-
couraged students to probe before coding, we hoped to see attempts
starting with several P’s before the first code submission (F or S).
Figure 2 shows the cumulative percentage of students for each grade
category as a function of the number of probes before their first
code submission (F or S). For a given number of probes p on the
x-axis, observe that the cumulative percentage of students (y-axis)
generally decreases as we move from category D to C to B to A.
For instance, on all three problems, more than half the students in
category D issued no probes before starting to code. In contrast,
only 5.1% of category A students started coding without probing on
P7, and this percentage fell to 2.4% on P9. We find it encouraging
that students in all categories appeared to see value in probing as
they gained familiarity with Probeable Problems. Thus, while fewer
than 25% of students from category C issued more than 5 probes
before coding on P7, this proportion increased to about 40% on later
problems. Interestingly, more than 10% of students in category A is-
sued over 30 probes when first exposed to Probeable Problems (P7),
but this percentage fell to less than 6% on the remaining problems.
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4.2 RQ2: ‘Cheap’ vs. ‘Expensive’ Clarifications

We encourage students to discover and clarify ambiguities via
‘cheap’ probing by imposing no penalty on probes. Students who
fail to discover certain ambiguities may submit code that resolves
these ambiguities differently from our model solution. Such code is
likely to fail at least one test case, and we show students the first
such failing test case to help them recognize this ambiguity. This is
a more ‘expensive’ way to discover and clarify ambiguities, since
we impose a small penalty for failing code submissions.

Figure 3 shows the ratio of ‘cheap’ probes versus ‘expensive’
code submissions issued by students. For each problem, the median
of this ratio decreases from category A to B to C to D, suggesting
a declining ability to imagine ambiguities (and thus a relatively
higher reliance on ‘expensive’ clarify after coding feedback). While
this is concerning, suitable interventions supplemented with many
Probeable Problems may help all students develop this ability.

4.3 RQ3: Qualitative Results

Our thematic analysis resulted in six key themes: difficulty and
frustration, real-world relevance, learning benefits, preference for
traditional tasks, engagement, and problem-solving strategies.

4.3.1 Difficulty and Frustration. The most common theme (436
responses) was that students found the problems to be difficult,
and at times, frustrating. The vague problem descriptions and hid-
den requirements were challenging, and students reported feeling
overwhelmed by the need to identify edge cases and account for
unanticipated scenarios. One student said, ‘I find these tasks often
quite difficult because of how vague the question is. This means that
I have to think ahead of time to determine different variables and
how each of the sections of code will be laid out.” Similarly, another
student shared, ‘T struggled a lot when trying to find what the client
is asking for. Once I found out what was being asked, I solved it, but
there were things I forgot to check such as what if there is no evens.”

4.3.2  Real-World Relevance. Students (348 responses) reported ap-
preciating the alignment between these tasks and real-world pro-
gramming scenarios. Many recognized that working with vague
specifications and clarifying requirements are essential skills for
developers who interact with clients in professional contexts. One
student commented, ‘T enjoyed it; I thought it was more accurate to
real-life examples where the client is not a coder and cannot describe
the code that well but can give examples of exactly what they like.”
Another wrote, “This type of exercise mimics a situation where a
client asks the programmer to create a program in a vague manner.
It makes me think consciously through every possible scenario and
what the output of the program should be.” Despite the prevalence of
this theme, some students also expressed unrealistic expectations
about requirement elicitation. For example, one student said, “In
reality, the client should provide a full list of requirements of what to
achieve, or they should provide more details on a specific component.”
Another student said, ‘T hate clients that aren’t clear about what they
want!” This highlights a disconnect for some students who may
not yet view requirement elicitation as an important skill.

4.3.3 Learning Benefits. Many responses (242) described the learn-
ing benefits that students believed these tasks provided. For ex-
ample, the process of probing for requirements and addressing
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edge cases improved their understanding of programming concepts
and problem-solving strategies. A student described this by saying,
“These tasks helped me think more deeply about the problem and dis-
cover aspects of the specification instead of just having it provided
to me.” Another said, ‘Tt was frustrating at times, but it helped me
improve my problem-solving skills and learn how to communicate
better in code.” In addition to improving problem-solving skills, stu-
dents described needing to think creatively. For example, a student
said, “Tt creates a fun and more problem-solving style approach to the
questions. It also allows me to think outside the box and challenge how
Iinterpret the results.” Some students also described metacognitive
benefits such as planning, reflection, and strategy development.
For instance, a student shared, “’Ask the Client’ tasks challenge me
to clarify vague requirements that reflect real-world scenarios. They
improve problem-solving and communication skills by focusing on
understanding the problem before coding, unlike traditional tasks
with clear instructions.” Although it is not yet clear whether these
benefits will translate to traditional programming tasks, it is en-
couraging that so many students described these metacognitive
benefits in their responses.

4.3.4  Preference for Traditional Tasks. Most of the students (312
responses) preferred traditional programming tasks with detailed
problem specifications. They described well-specified tasks as be-
ing more straightforward and less time-consuming. One student
stated, ‘T much prefer traditional programming tasks where it is less
guessing what is wanted. With the ‘Ask the Client’ tasks, it is very
easy to forget certain edge cases, which can be frustrating.” Students
often referenced the time wasted by probing for requirements. One
student shared, “Tt can be a bit of a pain due to the lack of information
provided from the client...[which] can lead to going down many rabbit
holes and causing time to be wasted.”

4.3.5 Enjoyment or Engagement. Despite the challenges, many stu-
dents (247 responses) described enjoying or feeling engaged by
the experience of uncovering requirements and edge cases. The
challenge was intellectually stimulating. One student noted, ‘T en-
Jjoyed these tasks; they are a good way to remember to make sure I am
testing for edge cases and fully understand what the code is supposed
to do.” Another said, ‘T really like these questions! They challenge me
to think critically and improve my ability to look for edge cases.”

4.3.6 Strategies and Problem-Solving. Finally, 198 responses high-
lighted the strategies students developed to tackle the ‘Ask the
Client’ tasks. Many shared their approaches for identifying edge
cases, systematically testing inputs, and iterating on their solutions.
One student explained, ‘T found it quite important to begin by trying
all the potential input cases to see what the expected output should
be so I got an idea of how to handle boundary cases and typical in-
puts.” Another said, T learned to be more critical in finding possible
edge cases to test. In future tasks, I will brainstorm edge cases before
starting to code.”

Overall, the thematic analysis shows that while the task is diffi-
cult and can be frustrating, many students described experiencing
benefits related to learning or metacognition. They appreciated the
real-world relevance of needing to clarify problem specifications
and found the challenge to be intellectualy stimulating.
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5 Discussion

One interesting aspect of the probing behavior is that it seems to
encourage metacognitive reflection. Metacognition, which is often
termed “thinking about thinking” is a crucial skill in programming
problem solving [28]. Recent work by Bubnic et al. has shown that
student metacognition can predict success in programming prob-
lem solving and could be one of the most important predictors of
success in introductory programming [4]. Prather et al. have noted
introductory programming students often struggle with metacog-
nitive difficulties, such as solving the wrong problem and a lack of
awareness as to where they are in the problem solving process [31].
The results of the thematic analysis above showed that students
were made aware of their own metacognition in ways that combat
these issues, such as thinking more critically and deeply about the
problem before beginning and that identifying the boundaries of
the problem encourages finding edge cases. While metacognition
was not directly measured in this experiment, it is often difficult
to measure and student reflections can serve as a proxy [20]. Fur-
thermore, recent work has noted that student metacognition and
self-regulation suffer dramatically when solving traditional pro-
gramming assignments with LLMs [32], and can decrease critical
thinking skills [16]. Therefore, Probeable Problems seem to be pre-
cisely the kind of metacognitive scaffolding that the computing
education research community has been calling for in response to
the threats of LLMs [9, 29, 32].

Recent work on novice programmer use of generative Al reveals
several striking similarities to our findings presented above. Mar-
gulieux et al. reported that higher performing students tended to
use Al less and later in the problem solving process [22]. This shows
a tendency by high performers to try and solve issues themselves
before seeking help from Al tools. Our results above showed that
students in the A category submitted more probes before submitting
code (see Figure 2), attempting to find the edge cases themselves be-
fore hitting one with a failed code submission. These differences in
behavior between grade categories may be interpreted through the
lens of Expectancy-Value Theory [37], which suggests that students
are more likely to engage in a task when they both value it and
believe they can succeed. Students who recognized the real-world
relevance of Probeable Problems, which was a prominent theme in
our qualitative analysis, may have seen them as more worthwhile
and thus engaged more deeply with the probing process.

Encouragingly, we observed a positive trend in all groups over
time as they progressed from P7 to P9, with more students sub-
mitting probes before coding and more probe submissions overall.
Moreover, the thematic analysis revealed that Probeable Problems
encouraged students to engage in thorough planning. This sug-
gests that Probeable Problems may provide a useful way to scaffold
metacognition in novices, and promote critical thinking about pro-
gramming that could decrease over-reliance on generative AL

6 Future Work

While requirement elicitation is often reserved for upper-level
courses, such as Software Design or Project Based Capstone Courses
[18, 24], the ability of LLMs to solve well-specified problems cre-
ates an opportunity to integrate this critical skill earlier in the
curriculum via Probeable Problems. Future work could explore
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how early exposure to Probeable Problems supports students in the
lower-performing categories, particularly those at risk of failure
(D category), by scaffolding critical skills like metacognition and
problem-solving. These skills are not only essential for navigat-
ing less well-specified labs or assignments in subsequent courses
but are also vital for tackling real-world programming challenges,
where ambiguity is a common obstacle.

Future work could also explore alternative grading strategies.
While the current approach does not penalize probing, it may be
possible to incentivize thoughtful engagement with the probing
process. For example, penalties could be introduced for making
many redundant probes, or the code implementation step could be
disabled until a sufficient number of probes have been submitted
to clarify the ambiguities in the problem. Experimenting with a
variety of grading models that emphasize more strategic probing
could deepen students’ critical thinking and task engagement.

Finally, the “Ask the Client” framing could be further enriched
through natural language or multimodal interfaces that simulate
real-world client interactions. Generative Al agents could simulate
the client, allowing students to ask clarifying questions in natural
language or engage through voice. This would create a more realis-
tic and immersive experience, helping students build both technical
and communication skills essential for professional work.

7 Limitations

One limitation of this work is that the analysis focuses on the quan-
tity of probes submitted by students. While this provides useful
insights into engagement with Probeable Problems, it does not
account for the quality or types of test cases used. A richer analy-
sis that examines the diversity, relevance, and depth of submitted
probes could yield a better understanding of how students approach
problem clarification. Also, it is possible that motivated students
who are performing well in the course are more likely to engage
in systematic probing. The observed correlation between probing
behavior and academic success does not establish causation and
warrants further investigation.

8 Conclusion

We explored the use of Probeable Problems [26] in an introductory
programming course, where students clarified vague problem spec-
ifications through probing. Our results show that students appreci-
ated the real-world relevance of these tasks and reported benefits
such as improved problem understanding, greater attention to edge
cases, and enhanced problem-solving strategies. Higher-performing
students engaged more systematically with probing, submitting
more test inputs before coding and relying less on failed code sub-
missions to clarify ambiguities. While some students found the
ambiguity frustrating, many described the tasks as intellectually
stimulating and reflective of real programming practice. Probe-
able Problems offer a scalable way to foster critical thinking and
metacognitive skills, and may help address some of the challenges
posed by generative Al in programming education.
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