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Abstract. We describe a programming problem generator powered by
OpenAl’'s GPT-4o (or more recently, ol) that was used by an introduc-
tory programming class to prepare for midterms. The system had 59
unique student users out of a class of 192. We found that the system was
much better at producing problems with solutions that were in the scope
of the course material when it used ol as the underlying LLM instead of
GPT-40; the model change raised the percentage of in-scope problems
from 47.5% to 85%. The students generated rather more problems than
expected, with an average of 16 or 17 problems per student per exam.
However, there was no evidence that student grades on their midterms
improved as a result of interacting with the problem generator.
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1 Introduction

Not every student wants additional practice problems before the midterm, but
many do. Luckily, large language models (LLMSs) offer the promise of unlimited
practice problems. But students asking for such problems on their own face a
challenge: how can they engineer the prompt so that the problems are within
the scope of the current course? Students trying to query LLMs on their own for
such problems might face the frustration of getting a problem that was unsolvable
using the techniques covered in their own course. Students might also ask for
problems that are about material the instructor considers unimportant, or get
such problems from the Al. An LLM trying to generate problems may lack the
context to make a good problem for the course, even if the problem is ostensibly
a good problem in the abstract.

We have created a GPT-based practice problem generator for use in an in-
troductory data science course that teaches programming. The practice problem
generator specifically makes programming practice problems that touch on topics
that the student selects with a “tickybox” interface. To keep the problems rele-
vant to the course, the LLM is provided in the prompt with all the programming
examples covered in the course, and it is instructed to only use programming
keywords and techniques that are illustrated in that code. We experimented with
the ability of two models to follow that directive, and found that while GPT-40
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was able to stay within the bounds of the course some of the time, ol was able
to stay within bounds most of the time - almost twice as often.

We also logged the students’ use of the system and were thereby able to
answer questions like, how many queries did a typical student make? How many
unique student users did the system have? How many topics were in a typical
query? And finally, could we perceive the impact on student grades? Selection
effects make it difficult to definitively answer the last question, and we do not
know if there was any effect of more motivated students using the system more,
or perhaps struggling students using the system more. But we can report what
we observed, including the size of the effect when students who hadn’t been using
the system for midterm 1 (an exam halfway through the semester), started using
it for midterm 2 (an exam four fifths of the way through the semester).

Section [2] will explore some related work in this space. Section [3.I] will detail
the design of the Al tutor. Section will describe the class that the tutor as-
sisted with. Section[d] will report our observations of the system and the students.
We then will offer some conclusions and next steps in Section

2 Related Work

Experimenting with LLM-generated practice problems has immediate precedents
in [8], [I5], and [12]. [8] explored the effects of letting students choose their own
themes for problems, and found that students generally responded positively
to this intervention. [15] used OpenAlI Codex to generate problems, and found
that 75% of problems were judged to be sensible, 82% were judged novel, 79%
matched the requested topic, and only 30% passed their own suite of tests. [12]
looked at how LLMs could use existing programming puzzles to make more
complex, novel, and challenging problems. However, none of these methods took
place in the context of a course where students were trying to use the problem
generator to help study for an exam, and thus none explored the issue of which
LLM is best for generating problems scoped to the course, nor did they study
the impact of using the system on grades; these are our key contributions.

Large language models like ChatGPT have had mixed success in evaluation
for academic purposes [7][13]. Academic gains were shown by students who were
given 10 days of access to ChatGPT where they were encouraged to ask questions
about the subject matter [20]. [2] did not measure its agents’ effect on student
performance, but their system performed well on the researchers’ measures of
accuracy, fluency, empathy, engagement, and relevance. [I1] used ChatGPT to
provide hints to students, but found a 30% error rate that did not compare
favorably to a human. [4] assessed the use of ChatGPT to judge student writing;
the system had a clear bias toward positive sentiment over the instructor, and
the ultimate effects on student performance were not assessed.

Our work also lives in the same space as intelligent tutoring systems (ITSes),
computer-assisted instruction (CAI), and human tutors, as all of these are trying
to improve the student’s academic success through guided practice. For ITSes,
which are historically expert systems, [6] reports an average gain in performance
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of 0.66 standard deviations. [5] found that the gains from ITSes might actually
come from freeing the instructor to give personalized instruction, rather than
the benefit coming from working the problems per se. Older computer-assisted
instruction (CAI) systems seem to raise scores by about 0.3 standard deviations
[18]. Human tutors’ effect on student grades is unclear, with estimates ranging
from 0.4 [6] to 2 [18]. Compared to these systems, simply providing practice
problems is rather more hands-off, as the system doesn’t provide any kind of step-
by-step working of the problems or feedback. But it does provide the promise of
quickly adapting to the needs of the particular student and course.

3 Methods

3.1 The Problem Generator

The students interacted with the GUI shown in Figures [I| and [2} The topics
the students could select included “if”, “lists”, “while”, “boolean operators,” “for
loops,” “nested loops,” “functions”, “sets or dictionaries”, “matplotlib”, “numpy”,
“pandas”, “regular expressions”, “files and exceptions”, “object-oriented python”,
“recursion”, and “graphs”. Multiple topics could be selected.

The student’s selection was passed on to GPT-40 with the following instruc-

tions:

Give me a practice problem for an introductory course in python and
data science that uses the following concepts: [list of concepts] The first
section of your response should say “PROBLEM?” followed by the prob-
lem. The second section of your response should say “SOLUTION” before
the Python code that solves the problem. The solution must be simple,
because this is practice for an exam where students will have limited
time. The third section of your response should say “HINT” before a
hint that would help with the one issue the student was most likely to
get stuck on. Additionally, all Python keywords, syntax, and concepts
that you use in the solution must be drawn from the following code from
lecture: [lecture code]

The lecture code was all the python code that had appeared somewhere in
lecture for the course. (This restriction was tried for the second midterm, late
in the course, but wasn’t yet implemented before the first midterm, which was
halfway through the course.) This all fit into the context window with no need
for additional compression or prompt engineering.

The response was then broken up into an initial problem to show the student,
a hint that was only shown if the student clicked on a hint request button, and
a solution that was only shown if the student clicked on the “show solution”
button.
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Midterm 1 Topics v
it Lists While Boolean Operators For Loops
Nested Loops Functions Sets or Dictionaries matplotlib numpy
Midterm 2 Topics v
pandas Regular Expressions Files and Exceptions
Object-oriented Python Recursion Graphs

Generate Problem

Problem

Createa “Node" class to represent a node in a linked list of integers. Each node should contain an integer value (* number") and a reference to the next node (" next").
Add a method *sum_all" to the *Node class that recursively computes and returns the sum of all integer values from the current node to the end of the list.

Write code to:

2. Usethe *sum_all* method to compute and print the sum of all values in the lst.

Fig. 1. Top half of the GUI, used by the students to request practice problems.

Get a Hint Solution

Hint/Solution

When implementing the * sum_all* method, remember to handle the base case: ifthe *next' node s *None", return the current node's value. Otherwise, add the current node's value to the result of
invoking *sum_all" on the next node.

Fig. 2. Bottom half of the GUI, used by the students to request hints and solutions.

3.2 The Course

The problem generator was deployed in a course that introduced students to
programming through Python, as well as covering other data science topics. 192
students were enrolled. The course taught how to program in Python over the
first half of the course, then covered assorted topics such as running time and
graphs in the second half of the course.

The first midterm, delivered close to halfway through the course, concen-
trated on coding in Python, with multiple choice questions such as “What out-
put is expected from the following code?” and “Which line should be corrected
to make this code function?” in addition to two paper-and-pencil programming
questions. The second midterm, delivered four-fifths of the way through the
course, contained review questions about programming, multiple choice ques-
tions about other data science topics (proper machine learning practices, visual-
ization, etc), and another two paper-and-pencil free-response programming ques-
tions. Both midterms were wholly in-class and “paper-and-pencil,” and served
as insurance that students could not get good grades by just relying heavily on
generative Al.

Weekly homework was assigned that was distinct from the practice prob-
lem generator problems. The homework throughout the course was delivered
via Jupyter notebooks, where students would usually write code to answer a
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prompt (“Write a function that ...”), but they might occasionally need to an-
swer a thought question (such as needing to analyze the running time of some
code, or explain that they are observing the phenomenon of overfitting). A dif-
ference from the practice problems is that these problems often had a story or
situation associated with them and multiple parts to the problem that developed
it. Homework was for credit, while the practice problems were not. Both served
as practice that prepared the student for the midterm exams’ paper-and-pencil
programming.

The topics covered by the course included: introductory variables, branch-
ing, and other essentials; introduction to matplotlib, numpy, and loops; functions
and dictionaries; dataframes; string manipulation; files; object-oriented program-
ming; recursion; machine learning with scikit-learn; SQL; advanced pandas; and
complexity.

For help, two instructors, three graduate teaching assistants, and two un-
dergraduate course assistants each offered three hours a week of office hours.
(None of this staff besides the author interacted with or maintained the prob-
lem generator.) The course met three times a week. The textbook, Deitel and
Deitel’s Introduction to Python for Computer Science and Data Science, was
recommended to students as an additional source of practice problems, but its
structure only loosely matched the structure of the course, and the book was
optional.

No direct credit incentive was given for doing problems created by the gen-
erative Al, which was offered to students as a way to practice for the midterms.

4 Results

RQ1: What proportion of students would use an optional practice
problem generator, and how much?

Out of a class of 192, 27 unique students used the system before the first
midterm, and 59 unique students used it between the first and second midterm.

The average number of problems generated per student was 16 leading up
to the first midterm, and 17 between the first and second midterm. The largest
number generated for a single student for each exam was 76 for the first midterm
and 89 for the second. (To put these numbers in perspective, a single homework
assignment would typically have roughly 7 problems of the same scope as these
generated problems.) Figures and show the distributions of number of queries
per student.

RQ2: How did the students make use of the ability to request
specific subject matter in their problems?

Figure [f] shows the distribution on the number of topics requested in a single
query. It seems students most often (1135 queries) requested just a single topic
in their problems, meaning most of the queries could have been handled by,
for example, a single dropdown menu. But 608 other queries requested two or
more topics in the problem - most commonly, two (211 queries). We had thought
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Fig. 3. Distribution of the number of queries per student leading up to midterm 1.
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Fig. 4. Distribution of the number of queries per student leading up to midterm 2.
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that more students would check all the boxes, but this was not a very common
strategy.

1000

800 A

600 +

Queries
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Topics requested

Fig. 5. Distribution of the number of topics requested in each query, across both
midterms.

The most common subjects requested were object-oriented programming
(416 queries), recursion (410 queries), and pandas (400 queries). These were all
subjects that students found difficult, but that also had solutions that tended to
stay “in-bounds” of the course coverage more than others using GPT-4o.

It’s worth noting that one advantage of the “tickybox” system is allowing
the instructor to know what subjects the students feel they could use more
practice on, for use in homework later (Figure@. Extracting the subject matter
of freeform queries to an LLM could take more work and be error-prone.

RQ3: Did the problems stay “in bounds” for the material of the
course?

40 problems were sampled from the logs for the version of the system that
instructed GPT-40 to keep the problems within the bounds of the Python cov-
ered in lecture. Of these, it was found only 47.5% of the problems stayed “within
bounds” for their solutions, with the rest introducing material that was not
covered in the course. (The in-bounds determination was made by the present
author, who wrote the course materials and could easily tell at a glance when
material fell outside the scope of the course’s Python coverage.) Most problems
were solvable in some way using tools for beginners, but it was just the solution
generated by the Al that used techniques that were too advanced, including dic-
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Fig. 6. Number of queries for the 8 most popular subjects.
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tionary comprehensions, the use of lambda functions, and other material that
wasn’t covered in the course yet. (Experiments with 20 samples and no scope-
limiting instructions suggest this performance is roughly no better than if there
were no scope-limiting instruction at all.)

The second version of the system, which was deployed in a later semester,
used the OpenAl ol model instead of GPT-40, and this helped tremendously,
bumping the percent of queries that were “in-bounds” to 85% in a sample of 40
student queries that were rerun with the new system. It seems the instruction to
stay within the bounds of the Python discussed in lecture was too complex for
GPT-40 to solve, but not ol. The difference in frequency of staying in-bounds
was statistically significant (p < 0.001) relative to the base model, using a Chi-
squared test.

Figure [7] illustrates the difference in percentages of questions with answers
that were in-bounds.
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Fig. 7. Different systems’ ability to produce problems within the scope of the course.

RQ4: Did using the system appear to improve student grades?

This is a somewhat difficult question to answer, because there may be a
certain level of student who is attracted to the system - diligent enough to want
to do extra work, but not experienced enough to feel comfortable with their
preparation. There could therefore be a selection effect in who uses the system.
Nevertheless, for the first midterm, we performed a t-test on the midterm grades
of students who used the system versus those who did not, and we found no
difference (p = 0.89). So if there was a selection effect for students who were doing
worse in the course, it was not stronger than the benefit of using the system. On
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the second midterm, students seemed to do 4% better if they used the practice
problems, but this difference only approached significance (p < 0.165)

To try to get at causality, we next looked at the grades of students who
didn’t use the system for the first midterm, but did use the system for the second
midterm, to see if their grades improved. The thought was that if the system is
effective, these grades should improve; and it would be less likely to be influenced
by selection effects because if certain students were predisposed to using the
system, they would have already signed up in the first round. Students who were
new users saw a bump in midterm scores 1% higher than other students when
moving from one midterm to the next, but this difference was not significant
(p = 0.67).

5 Discussion

We have two major contributions here. The first is a technical contribution -
in such a problem generator, it seems that one absolutely needs to use an ol
quality model or similar reasoner, or else the instructions to stay within the
bounds of particular course material will be ignored. This difference was stark
and surprising, and should be of interest to anyone wishing to create a similar
LLM-driven practice problem generator.

But the second finding is that giving students this endless stream of practice
problems is not as effective as we might have thought, as the improvement in
midterm scores for students who used the system only approached significance.
Just giving students more practice is seemingly not all that they need to succeed
on exams. We don’t actually know that they did the practice problems, which
could be one reason why their performance is not what we expected; perhaps
they generated a few, none struck their fancy, and they moved on. Perhaps stu-
dents just generated problems, almost immediately looked at their answers, and
said to themselves, “I probably could have done that.” Or perhaps the problems
generated that were out-of-scope for the class distracted students from the sub-
ject matter they should have been studying. We don’t have a clear idea as to why
the basic idea of giving more practice wasn’t more effective. But this is surely
one example of Al not really solving a problem on its own - we need to think
harder about how this fits into the students’ study environment and practices.

In short, the promise of LLM-generated content for courses needs to be tem-
pered by two realizations. One is that a plan for content generation needs a
powerful enough LLM to carry it out, or else instructions may be ignored. An-
other is that throwing problems over the wall at students is likely only going to
be so effective, and there probably needs to be some plan in place to ensure they
actually do the work, and ideally learn from it.

What would such a plan look like? Offering extra credit for doing these
problems is problematic because students could simply use LLMs to solve the
same problems they generated. A different move might be to simply change the
interface so that they can submit answers to the problem, then get some kind of
gamified congratulations for submitting successful solutions. The issue may be
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framing student expectations about what they ought to do with these problems
- not merely look at them, or even study them, but do them. This is less obvious
in a system that can’t take and grade solutions.

But it remains possible that this problem generator using ol-generated prob-
lems may actually increase scores after all, since the students only ever interacted
here with the more problematic system that stayed in bounds half the time (the
ol powered system was developed after the semester in question, but was tested
with the students’ actual queries of the earlier system). In the future, we will
combine ol problem generation with an ability to submit answers, and possibly
remove the ability to see an answer directly altogether, since the presence of
the solution button may be tempting students to jump to the solutions without
solving them. The exact way in which these problems are presented may have a
big effect on how they are used.

This work can be seen as a novel take on ITS systems that offer practice for
students outside their normal homework. Exactly how such systems are deployed
can make a big difference in the size of the students’ academic gains[5]. Still, it
is common for some students to request practice problems before the midterms,
and this system offered an unlimited supply.
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