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Abstract

One key challenge for instructors is creating high-quality edu-

cational content, such as programming practice questions for in-

troductory programming courses. While Large Language Models

(LLMs) show promise for this task, their output quality can be in-

consistent, and it is often unclear how to systematically improve

their performance. In this experience report, we present the devel-

opment process for ContentGen, an open-source tool that generates

programming questions within the context of data science instruc-

tional materials. We describe our process of designing the tool

and iteratively improving the tool through prompt engineering. To

evaluate our changes, we designed and open-sourced a dataset of

91 test cases based on our course materials and developed three

metrics to assess the generated questions: Correctness, Contextual

Fit, and Coherence. We compare three prompting strategies and

find that providing detailed instructions and an automatically gen-

erated summary of recently covered instructional materials to the

LLM substantially improves the quality of the generated questions

across our metrics. A usability study with six data science instruc-

tors further suggests that our final prototype is perceived as usable

and effective. Our work contributes a case study of evidence-based

prompt engineering for an educational tool and offers a practical

approach for instructors and tool designers to evaluate and enhance

LLM-based content generation.
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1 Introduction

One of the main challenges for instructors is creating and revising

educational content, such as practice questions for programming

courses. For programming learners, one common type of practice

question asks students to write short snippets of code to practice

basic skills. Recent advances in Large LanguageModels (LLMs) have

shown promising results for generating this type of content [24].

However, LLM-generated content varies in quality; while LLMs can

sometimes generate useful material, they often produce code with

subtle errors, hallucinations, or questions that are pedagogically

weak. This inconsistency prevents instructors from trusting LLM-

based tools because of the additional work required to verify and

fix the generated content.

One common strategy for improving LLM outputs is prompt

engineering, the process of designing and refining inputs (prompts)

to elicit desired outputs [23, 30]. However, it is often unclear how

to systematically evaluate whether changes to a prompt actually

lead to better results, especially in an educational context – what

does “better” mean when an LLM generates a practice problem? To

address this, we present an experience report on the design, imple-

mentation, and iterative improvement of ContentGen, a prototype

tool that generates simple programming questions within an in-

structor’s existing workflow. As data science instructors ourselves,

we built ContentGen as a JupyterLab extension that generates prac-

tice problems based on existing instructional material. However,

our initial version of the tool performed poorly, which motivated

us to use an evidence-based approach to improving it.

To guide our development, we constructed a dataset of 91 exam-

ples from data science courses we teach. We then developed three

binary metrics tailored to our pedagogical goals: Correctness (is

the solution code valid?), Contextual Fit (does the question use the
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lecture’s context?), and Coherence (does the question assess the rel-

evant topic?). Using this evaluation framework, we compared three

different prompting strategies: Baseline (generic instructions with

entire notebook as context), Detailed (step-by-step instructions

with variable information), and Structured (detailed instructions

plus an automatically generated summary of the lecture content

organized by pedagogical topics). We found that the Structured

prompt substantially improved the quality of generated questions

across all three metrics compared to the Baseline prompt. A us-

ability study with data science instructors further suggests that our

final prototype is perceived as useful and effective.

This paper contributes a case study of evidence-based prompt

engineering for an educational tool. We offer our process as a prac-

tical model for how instructors and tool designers can prototype,

evaluate, and iteratively enhance LLM-based content generation

tools. Our contributions are:

(1) The design and implementation of ContentGen, an open-

source tool for generating programming questions within

JupyterLab.

(2) A dataset of course materials from two data science courses,

along with our complete evaluation results, to enable repli-

cation and future work.

(3) A case study of our iterative prompt engineering process,

demonstrating how a lightweight quantitative evaluation

can lead to meaningful improvements in an LLM-based tool

for education.

2 Related Work

This section reviews prior work on generating and evaluating edu-

cational content with LLMs. Our work is situated within the broader

context of programming education, which is rapidly evolving with

the introduction of LLMs. These tools are changing student be-

haviors [10] and raising pedagogical concerns about cognitive of-

floading and skill development [15, 26]. In response, instructors are

currently adjusting their course materials and policies in various

ways [32, 33], including adapting to the use of LLMs [18], and are

also exploring methods of using LLMs productively to produce

educational material [22].

Generating Educational Content with LLMs. Recent advancements

in LLMs have opened potential applications for generating educa-

tional materials [11, 24]. However, studies indicate that the quality

of LLM-generated content can be inconsistent. Researchers have

found that questions produced by LLMs in domains like machine

learning and biology are often too simple or generic [7]. In other

cases, LLM-generated questions fail to capture the nuances of com-

plex topics like program execution [8], or have difficulty creating

effective distractors for multiple-choice questions [27]. A system-

atic review of automatic question generation also found a historical

focus on fact-based questions over higher-order thinking [16].

To address these shortcomings, researchers have proposed tech-

niques to improve the quality and relevance of generated content.

These include creating human-in-the-loop systems [3, 21] and im-

proving the generation process itself by incorporating principles

from educational psychology [29], focusing on problem-solving

steps [28], planning the question structure in advance [19], and per-

sonalizing content to be more contextually relevant [20]. This body

of work highlights a key challenge: while automated content gen-

eration is feasible, ensuring its pedagogical value requires careful

design. This paper extends prior work by presenting, to our knowl-

edge, the first real-world case study of improving LLM-generated

content for introductory data science programming.

Evaluating LLM-Generated Content. Since LLMs are both capable

yet imperfect, researchers have explored many methods of evaluat-

ing them [1]. In programming, benchmarks have been developed

to assess code generation on tasks ranging from functional correct-

ness [2] to real-world software engineering problems [12, 13].

Beyond code generation, a growing body of work evaluates the

pedagogical quality of LLM-generated educational content for pro-

gramming education. A common finding is that while AI-generated

materials are often factually correct, they may lack the richness of

human-authored content [5] or contain subtle errors [6, 14], high-

lighting the need for robust evaluation methods for LLM-generated

content. In this paper, we extend to metrics beyond just correctness

in order to better align LLM outputs with instructors’ pedagogical

goals.

While past work documents flaws in LLM-generated content,

programming and data science instructors still lack a clear process

to reduce the frequency and impact of these flaws. To address this

gap, we present a detailed case study of the iterative design, prompt

engineering, and evaluation of an LLM-based tool for generating

educational content, offering a practical model for other instructors

to systematically improve LLM-generated materials.

3 Instructional Setting and Design Goals

As instructors of programming-heavy data science courses, we

were inspired by the potential of LLM tools to generate program-

ming exercises [11, 24] and sought to apply these techniques in

our own teaching. We primarily teach first- and early second-year

data science students at a large, public, PhD-granting university in

North America. These students learn Python basics and then use

the pandas library to manipulate data tables for exploratory data

analysis and data cleaning. In our courses, we introduce Python

and pandas fundamentals with “finger exercises”: short program-

ming problems presented during lectures and office hours. These

exercises are close variants of material students have already seen

in lecture, designed to build confidence before they tackle more

challenging assignment problems.

Our initial attempts to generate these exercises using off-the-

shelf LLM tools like the ChatGPT and Claude web apps revealed

several challenges. First, providing the necessary context to these

tools was cumbersome. Our instructional materials are primarily

in Jupyter notebooks [17] which often focus on one or two specific

datasets. It is pedagogically important for generated questions to

reuse these datasets to avoid the cognitive overhead of students hav-

ing to understand a new domain. However, this required manually

providing information about the dataset in each prompt. Second, it

was difficult to persuade the LLM to adhere to our course-specific

programming idioms. For example, in one of our courses, we aim to

ease the learning curve of pandas by teaching novices to use more

verbose methods like df.get(’salary’) instead of the more stan-

dard df[’salary’]. However, we found it difficult to convince the
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Figure 1: An overview of ContentGen’s interface. A) Instructors can select a notebook cell as inspiration for a practice question.

B) They can specify the input prompt to clarify their intent. C) ContentGen generates a question and corresponding answer,

shown both in the sidebar and embedded below the original cell. D) Instructors can accept the suggestion, cancel it, or submit a

followup prompt for a new one.

LLM to adhere to our course’s guidelines. Finally, we found it chal-

lenging to systematically evaluate whether changes to our prompts

were actually improving the quality of the generated questions.

These challenges led us to define the following design goals for

a system to generate programming questions for data science:

D1. In-workflow: The tool should be embeddedwithin the inter-

face that instructors are already using to develop educational

content (in our case, JupyterLab), rather than requiring them

to switch to a separate web application.

D2. Automatic Context Discovery: The tool should automati-

cally gather the necessary information from the instructional

materials to generate a useful practice question, rather than

forcing instructors to manually select and provide context

in the prompt.

D3. Effective for Instruction: Generated questions should be

correct (the solution code is valid), have contextual fit (the
question uses the lecture’s context, like its datasets), and be

coherent (the question assesses the relevant topic).

4 System Design and Implementation

To instantiate our design goals from Section 3, we prototyped Con-

tentGen, a tool that generates in-context questions and examples

within JupyterLab. We direct readers to Figure 1 to see how the tool

appears to users.

4.1 User Interface and Workflow

To satisfy our goal of creating an in-workflow (D1) tool, instructors
interact with ContentGen through a sidebar chat interface within

JupyterLab. To generate a question, they select the notebook cell

with existing content that they want to use to generate practice

question variants. Then, they can enter a short prompt with desired

characteristics of their question, or leave the prompt blank to use the

system defaults. ContentGen will then generate a question, display

it in the sidebar, and also insert the question into the notebook

itself below the user’s currently selected notebook cell. Instructors

have the option to apply or cancel the generated cell, or provide

follow-up input to make changes. The first time instructors use

ContentGen after installation, they will be asked to enter an API
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key for the Gemini LLM, although future versions of the tool will

support other LLMs.

4.2 System Architecture and Implementation

ContentGen is implemented using standard Python, JavaScript, the

JupyterLab Extension API, and an LLM API. All code, prompts, and

datasets used for evaluating the tool are open-source on GitHub
1
.

The current version of the prototype exclusively uses Gemini 2.0

Flash because we wanted to see whether we could still produce

high-quality content using a smaller and cheaper model
2
.

To address our goal of automatic context discovery (D2), Con-
tentGen’s backend analyzes the contents of the current Jupyter

notebook when a user requests a question. The backend combines

the user’s prompt with contextual information extracted from the

notebook to construct a single prompt for an LLM. The specifics of

what context is extracted and how it is used in the prompt depend

on the prompting strategy, which we evolved over our iterative de-

sign process and describe next. The result from the LLM is returned

to the frontend, where the chat interface is updated and the new

cell is inserted into the notebook.

4.2.1 LLM Prompt Design. To generate practice questions that are

effective for instruction (D3) we compared three different prompting

approaches that used different amounts of notebook context and

preprocessing.

The first prompt version (Baseline) contains one paragraph of

instructions to the LLM to generate both practice question and

solution code. As context, it includes the entire notebook’s content

verbatim as a JSON string, the user’s currently selected cell, and

the user’s instructions. This prompt was designed to mimic the

scenario where an instructor copy-pastes their entire lecture as

context for an LLM prompt.

The second version (Detailed) contains detailed, step-by-step

instructions to the LLM that first asks the LLM to generate a code

snippet that is a slight variation of the user’s selected cell and only

then generate a question to match the code snippet. As context,

this prompt includes the same context as the Baseline prompt but

also includes the names of the currently defined variables in the

notebook.

The third and final prompt version (Structured) adds to the De-

tailed prompt by including extra information about the notebook’s

structure and organization. Specifically, before the user makes a

request, ContentGen proactively processes the notebook with an

LLM call to group cells into pedagogical topics, and lists out sub-

topics, functions defined, and datasets used within each topic. This

additional information is provided as a JSON string at the end of

the Structured prompt.

5 Quantitative Evaluation

To explore how prompt strategies can influence the quality of LLM-

generated content, we conducted a quantitative evaluation of the

questions and answers generated by ContentGen.

1
https://github.com/dstl-lab/ContentGen-demo

2
At the time of writing, Gemini 2.0 Flash is more than 95% cheaper per token than

flagship models like GPT-4o, Claude 3.7, and Gemini 2.5 Pro.

5.1 Methodology

We conducted a structured evaluation of contents generated by Con-

tentGen using a dataset of Jupyter notebook cells from real course

materials. Our methodology focuses on the three components: (1)

the construction of test cases, (2) the definition of evaluation met-

rics, and (3) a reliable evaluation process.

5.1.1 Test Case Construction. We purposively selected 91 test cases

from the lecture notebooks of two foundational undergraduate data

science courses that we teach. To ensure comprehensive coverage,

we selected cells that span all major programming concepts taught

in these courses, including Python basics, NumPy basics, pandas ba-

sics, intermediate pandas, data visualization, and machine learning

using scikit-learn.

Our selection strategy was informed by our teaching experience,

prioritizing cells that cover concepts students typically struggle

with and topics essential for completing homework assignments

and exams. Each test case consists of one notebook cell (either code

or markdown) paired with a brief user prompt designed to guide

question generation. These prompts are tailored to the educational

goals of each cell, such as “Generate a similar example or question
based on...”, and reflect how we would naturally request practice

questions as instructors.

For each test case, we used the three different prompt versions

of ContentGen (described in Section 4) to generate a question and

its paired answer. We generated an initial 273 question-answer

pairs. To simulate the realistic scenario where instructors iterate

on generated questions, we provided follow-up prompts for an

additional 24 pairs to attempt to fix clear issues in the initially

generated questions, resulting in a total of 297 question-answer

pairs across all prompt versions for evaluation.

5.1.2 Evaluation Criteria. We evaluated the quality of the gener-

ated questions and the corresponding answers using three metrics

developed based on our early empirical observations in pilot studies

and the design goals of ContentGen (Section 3). For data science, a

good question is not sufficient to be just correct, but also needs to be

presented in a clear and coherent way based on the current teaching

context. Therefore, we define three binary evaluation metrics in

Table 1.

5.1.3 Calibration and Evaluation Process. To ensure reliability and

consistency, we adopted a structured process with two rounds of

evaluation involving three authors of this paper. We began with

a calibration round, where all three authors independently rated

a randomly sampled subset of 55 question-answer pairs (approxi-

mately 18.5% of the 297 generated pairs) with the defined metrics.

After the independent ratings, the three raters discussed discrep-

ancies and refined shared interpretations. The agreement scores

in percentage and the Fleiss’ Kappa, summarized in Table 2, show

that the raters achieved high agreement across all three metrics.

The 𝜅 scores indicate substantial agreement for Correctness and

Coherence, and almost perfect agreement for Contextual Fit.

In the main evaluation round, each rater was assigned a distinct

version of ContentGen (one rater evaluated all Baseline questions,

another evaluated all Detailed questions, and the third evaluated

all Structured questions) and independently evaluated all ques-

tions generated with that version. This assignment strategy ensured
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Table 1: Evaluation metrics and scoring rubric used to assess

the quality of generated contents.

Metric Definition (must satisfy all)

Correctness The question is logically valid and includes

all necessary information to answer it.

The solution is accurate with respect to the

concepts, and the code is runnable.

Contextual Fit The question reuses the same dataset or vari-

ables for instructional continuity.

The question aligns with the topic of the orig-

inal cell and avoids unfamiliar APIs or con-

cepts not yet introduced.

Coherence The question is clear and focuses on the most

relevant educational topics or concepts.

The question is different from the existing

notebook cells and worth teaching as an in-

dependent example.

Table 2: Calibration results demonstrated high agreement

across all metrics.

Metric Agreement Percentage Fleiss’ Kappa 𝜅

Correctness 90.9% 0.772

Contextual Fit 90.9% 0.867

Coherence 87.3% 0.746

consistent evaluation standards within each prompt version while

the calibration process ensured comparable standards across ver-

sions. Each generated question was independently evaluated on the

three binary metrics described in Section 5.1.2, with raters assigning

a score of 1 if the question met the standard and 0 otherwise.

To facilitate comparison across different versions of prompt

strategies, we normalized the scores by computing the percent-

age of questions that received a score of 1 in each dimension. The

detailed analysis of the results is presented in Section 5.2.

5.2 Results

After confirming the reliability of our metrics through calibration

(Section 5.1.3), we conducted the main evaluation across all gener-

ated question-answer pairs.

The evaluation results (Figure 2) revealed substantial quality

differences across the three prompt versions. The Baseline version

performed poorly across all metrics, with Contextual Fit scoring

only 23%. Analysis of the failures revealed that Baseline questions

frequently created new datasets rather than reusing existing ones,

used pandas operations too advanced for the current point in the

course, or made incorrect assumptions about dataset contents (e.g.,

wrong column names).

The addition of detailed instructions in the Detailed version led

to dramatic improvements, particularly in Contextual Fit, which

jumped from 23% to 76%. This improvement was largely attrib-

uted to explicit instructions on variable reuse and scope alignment.

Figure 2: Iteration of prompt versions led to significant im-

provement across all metrics, with the Structured prompt

achieving the best performance overall.

However, Correctness failures still occurred when generated code

would error out or produce incorrect results, and Coherence issues

persisted when questions were either verbatim copies of existing

notebook cells or were pedagogically inappropriate (too simple or

too challenging).

The Structured version achieved the highest overall scores by

incorporating a structured summary of the notebook. This version

substantially improved Correctness and Contextual Fit, with ques-

tions more successfully reusing existing datasets in meaningful

ways. Coherence also improved compared to earlier versions, but

remained the lowest among all metrics, suggesting that generating

content clearly aligned with instructional goals remains the most

challenging aspect of automated question generation.

In addition, we examined the average number of tokens used in

each prompt version. The majority of tokens came from the lec-

ture notebooks themselves, which were inserted verbatim into the

prompt. Since notebook lengths vary considerably across courses

and lectures, total token usage also differed significantly. In our

dataset, the Baseline and Detailed versions used approximately

6,000–9,000 tokens per generation. The Structured version re-

quired about 12,000–16,000 tokens because it involved two separate

LLM calls: one to summarize the notebook structure and another

to generate a question. Despite the increased token usage, our tool

remains cost-efficient: we estimate that roughly 700 questions can

be generated per U.S. dollar using the latest Structured version

of ContentGen with Gemini 2.0 Flash.

These results suggest that systematic prompt engineering can

substantially improve LLM-generated educational content. The

progression from Baseline to Detailed to Structured prompts

shows that explicit instructions about variable reuse and context-

aware preprocessing are more effective than simply providing more

raw context. While all three metrics improved with better prompt-

ing, Coherence remained the most challenging metric, suggesting

that generating pedagogically appropriate questions requires care-

ful attention to instructional goals beyond technical correctness.
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6 Qualitative Evaluation

Our quantitative evaluation (Section 5) was based on the metrics

of Correctness, Contextual Fit, and Coherence that we created

based on our experience as instructors. To externally validate our

prototype’s usefulness for other instructors and to identify areas

for improvement, we conducted usability studies with data science

instructors.

6.1 Methodology

We conducted 50-minute, one-on-one, think-aloud usability studies

with six participants (P1-P6, three faculty and three teaching assis-

tants) from introductory and intermediate data science courses in

our department. All participants regularly used Jupyter notebooks

for teaching and had some experience using LLMs for content

generation. Participants installed ContentGen with the highest-

performing Structured prompt on their personal computers and

used ContentGen to generate practice questions based on a lecture

they gave recently. We asked participants interview questions de-

rived from the Technology Acceptance Model framework [9] and

analyzed the recordings using the thematic analysis framework [4].

6.2 Results

Instructors found ContentGen easy to install and intuitive to use

with minimal instruction (P1-P6). They reported that the generated

questions were generally useful and that they could see themselves

using the generated questions in their courses (P1-P6). Since this

positive feedback is consistent with our quantitative evaluation, we

focus the remainder of this section on pointing out the cases where

the tool did not perform well.

Our analysis of cases where instructors disliked ContentGen’s

output validated our three quantitative metrics. For example, in-

structors almost always ran the generated solution to check for

Correctness; when it was inaccurate, they noted that such errors

would “be misleading” for students (P2, P4). Similarly, issues with

Contextual Fit arose when a generated question failed to integrate

into the lecture’s flow. One instructor, for instance, pointed out that

a generated question used a function they didn’t “teach . . . until

a week later” (P1), disrupting the pedagogical sequence. Finally,

instructors flagged issues with Coherence when a question was not

pedagogically sound, such as when it was “very complicated” (P1)

or did not test the intended concept. As one instructor noted, the

goal is to “test the concept, not necessarily the syntax” (P2), and

questions failed when they did not meet this goal.

Although we originally imagined that a tool like ContentGen

could be useful during a live lecture to provide real-time practice,

instructors generally felt more confident using ContentGen while

preparing materials than using the tool live. Several also saw po-

tential for using it in less formal settings like office hours, where

they could “check the correctness” (P1, P4, P5) in a lower-stakes

environment. This reluctance to use the tool live stemmed from a

lack of trust in the LLM’s reliability: “you don’t know if it’s going

to give you a good question” (P1). Taken together, these findings

validate our evaluation metrics and suggest that LLM-based tools

could move from preparation aids to live, in-class assistants, if fu-

ture development prioritizes improving Correctness, Contextual

Fit, and Coherence to build instructor trust.

7 Discussion

In this section, we reflect on the process of prototyping ContentGen

and discuss the implications of our work for future research.

Engineering Prompts, Context, and Metrics. One of the most sur-

prising aspects of building ContentGen was the challenge of im-

proving LLM outputs. We initially anticipated that the main tech-

nical hurdle would be integrating our tool into JupyterLab, and

that working with an LLM API would be relatively straightforward.

In practice, the opposite was true. The most difficult part of our

process was not the implementation, but rather defining what “bet-

ter” meant for an LLM-generated practice problem. Our metrics

of Correctness, Contextual Fit, and Coherence emerged from our

experiences as data science instructors, who have different pedagog-

ical needs than instructors of more “traditional” computer science

courses. For example, ensuring that a generated question reused

a lecture’s dataset (Contextual Fit) was just as important as the

question being answerable (Correctness).

Once we defined these metrics, it becamemuch easier to navigate

the large design space of possible prompt and context variations

to provide the LLM. We recommend that future tool-builders work

closely with instructors to understand their specific needs and iden-

tify where off-the-shelf LLM outputs fall short before beginning the

engineering process. Although improving our prompt itself (from

Baseline to Detailed) generated an initial substantial improve-

ment across our metrics, we found that further iterations on the

prompt alone didn’t produce similar gains. Instead, much of our en-

gineering effort to produce the most effective Structured prompt

focused on curating the right context to provide the LLM. This

aligns with recent views that context engineering is perhaps a more

appropriate term than prompt engineering for the work required to

make LLM-based tools effective in practice [25, 31].

Using LLMs in Practice as Educators. Our findings offer several
practical implications for data science instructors and curriculum

designers seeking to leverage LLMs. First, our work suggests that

the most effective way to improve LLM-generated content is not

necessarily through intricate prompt design, but through careful

context curation. Instead of providing an LLMwith an entire lecture

notebook, instructors may achieve better results by first using an

LLM to generate a structured summary of the notebook’s topics,

functions, and datasets, and then using that summary as the context

for a second generation request. This two-step process, while more

involved, provides a concrete strategy for improving the quality of

generated content.

As LLMs become increasingly powerful and inexpensive, we

can imagine that instructors will less frequently create educational

content from start to finish, and more frequently provide creative

initial ideas for content that an LLM will generate. To be effective

in this new role, instructors may require new skills in prompting,

evaluating, and integrating AI-generated content into their courses.

This points to a potential need for professional development and

new tools that move beyond content generation to support instruc-

tors in this validation workflow, helping them quickly assess the

pedagogical quality of an output and build the necessary trust to

use these tools effectively.
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