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Abstract
Research projects in postgraduate computing education courses
often rely on existing datasets due to the practical and ethical
constraints of collecting authentic learner data within a single
semester. However, finding high-quality data sets can be a consider-
able challenge for educators. Large language models (LLMs) offer a
promising way to address this challenge by enabling the on-demand
generation of synthetic data that closely resembles real learner data.
This allows research students to practice key elements of the re-
search process, including data cleaning, analysis, and reporting.
This paper reports on an initiative in which 44 postgraduate com-
puting education students across 15 groups used LLMs to generate
datasets for their research projects. The resulting datasets were
highly varied, including buggy code in multiple languages, code
with stylistic variations, UML diagrams, and natural language pro-
gramming prompts. Students valued the efficiency and scalability of
this approach but, as expected, raised concerns about authenticity.
Several groups also over-relied on AI for analysis, which was not
intended. We discuss lessons learned and highlight the potential of
synthetic data to enable authentic, scalable, and accessible research
experiences in computing education.
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1 Introduction
Postgraduate courses in computer science often include a compo-
nent of independent research, where students undertake a project
requiring the formulation of research questions, the collection and
analysis of data, and the written presentation of findings. In the
context of computing education projects, relevant data would usu-
ally focus on various aspects of learners – their code, behaviours, or
reflections – and this makes data gathering particularly challenging.
Designing and conducting studies involving human participants
is rarely feasible within the short timeframe of a taught course
(typically one semester or term), especially given challenges such
as navigating complex ethics approval processes and gaining access
to sufficiently large numbers of participants.

To overcome these constraints, instructors may look to existing
public datasets that their students can analyse as part of their project
work. Two examples in the computing education literature are
Blackbox [3] and FalconCode [6], both of which offer large-scale
collections of student programming data. These resources have
enabled numerous studies, but they also present several practical
challenges when used in teaching contexts. Firstly, large authentic
datasets can be difficult for newcomers to explore. Indeed, this was
the motivation that led Brown and Kölling to later release Blackbox
Mini as a simplified, more navigable subset of the full dataset [4].
Secondly, the kinds of studies that students can explore are limited
by the public datasets available. For instance, both the FalconCode
and Blackbox datasets contain code snapshots, supporting a narrow
range of project types, which focus on code analysis and are tied
to specific programming languages.

A third and significant challenge is the persistence of high-
quality datasets. The FalconCode project represents a fascinating
case study. The FalconCode dataset provides over five semesters of
student code samples from the United States Air Force Academy’s
introductory programming course [6]. The authors released it to
address the scarcity of datasets containing student code for com-
puting education research, and to “lower the barrier to entry for
CS education research.” Although it was first published in the 2023
SIGCSE Technical Symposium proceedings, at the time of writing,
the original public link to FalconCode is inactive. This illustrates
the fragile nature of such valuable resources.

More recently, large language models (LLMs) appear to offer an
exciting possibility: the on-demand generation of synthetic datasets.
This idea began to gain momentum in 2023, when Hämäläinen et al.
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demonstrated that LLMs could generate synthetic user research data
that was both plausible and difficult for humans to distinguish from
real responses [12]. Additional research across multiple domains
has shown that LLM-generated data can approximate authentic
distributions while avoiding the logistical and ethical barriers asso-
ciated with human data collection [19, 29, 34]. Within computing
education specifically, very recent work has focused on whether
LLMs can generate student-like programming errors, with studies
by MacNeil et al. [24] and Leinonen et al. [18] showing that syn-
thetic buggy code can replicate key features of authentic student
submissions. These promising early results suggest that synthetic
data could be extended beyond debugging contexts to support a
wider variety of research questions.

Building on these developments, we saw an opportunity to ex-
plore how synthetic data might support postgraduate research
projects in computing education. If LLMs can generate realistic
learner-like data on demand, then students could undertake re-
search projects aligned with their interests that would otherwise
be infeasible within a single semester. In this pedagogical research-
training context, synthetic data is used to support key aspects of the
research process – such as research design, data cleaning, analysis,
and reporting – but not to substitute for authentic learner data in
drawing empirical conclusions about real learners. This approach
raises intriguing pedagogical and psychological questions. Would
students feel equally motivated to work with data they knew to
be synthetic, or would the fact it is artificial reduce their inter-
est? Similar debates are currently playing out in the entertainment
industry around the use of AI-generated media [26, 30]. We hy-
pothesised that perceptions might depend on how realistic the data
appeared. We were also interested in students’ views on the eth-
ical implications of using AI-generated data, including issues of
transparency and bias, and whether engaging directly with data
generation tools might deepen their understanding of generative
AI as a research methodology – a valuable outcome in a computing
education research course.

We report our experience integrating synthetic research data
generation into a postgraduate computing education course. Our
aim is to examine whether and how synthetic data generation can
act as a pedagogical scaffold for postgraduate research. Forty-four
students (15 groups) were provided with OpenAI API keys and
guided in prompt engineering to generate datasets tailored to their
project topics. We analysed both the student reports (to identify
the types of projects made possible by synthetic data) and student
survey responses (to capture perceptions of advantages, limitations,
and learning experiences). We make the following contributions:

(1) We provide the first account of how synthetic data generation
can be embedded into a taught postgraduate research course,
documenting both the range of projects students pursued
and the kinds of datasets they created.

(2) We report student perceptions of working with synthetic
data, highlighting both enthusiasm for its efficiency and
scalability, and concerns around authenticity, bias, and over-
reliance on AI.

(3) We provide a rich reflection on the experience for the instruc-
tors in the course, outlining several key lessons for other
instructors interested in using this approach in the future.

2 Related work
2.1 Synthetic Data in Computing Education
There is growing recognition of the potential for large language
models (LLMs) to supplement traditional pedagogical approaches in
computing courses [11, 27, 28]. Denny et al. discuss how generative
AI is transforming computing education, identifying challenges
but also opportunities for new pedagogies that teach students to
prompt, specify, and critically evaluate AI-generated code [8].

While most of the attention has been focused on how LLMs can
enhance undergraduate teaching and learning [13, 23], one under-
explored area is their potential to generate synthetic datasets to sup-
port computing education research students. This is an important
area to explore – many empirical studies make use of large-scale
datasets from learners but few of these datasets are accessible for
other researchers to use. In fact, in a review of educational studies
involving programming process data, Ihantola et al. report that open
datasets are “exceedingly rare” [15]. Synthetic data may offer an
approach for addressing this key challenge, especially for meeting
the teaching needs of computing education research courses.

A key question is the extent to which synthetic data can mimic
authentic data. Recent work has shown that LLMs can be prompted
to generate code containing realistic bugs. MacNeil et al. [24] con-
ducted one of the first comparative studies of this kind, examining
whether LLMs could replicate the distribution of errors made by
computing students. Their results indicated that while unguided
models tend to produce unrealistic error patterns, carefully de-
signed prompts that incorporate information about common bugs
and their frequencies can guide models to generate more plausible
synthetic data. Building on this work, Leinonen et al. [18] compared
synthetic buggy code submissions directly against real student sub-
missions across multiple programming languages. Their findings
showed that with carefully engineered prompts, LLMs can generate
incorrect solutions whose test case failure distributions resemble
those of authentic student data.

Together, these studies highlight the promise of using LLMs
to generate realistic student-like data. They also motivate further
research into whether synthetic data can be extended beyond code-
level errors to support broader forms of educational research, such
as analysing student behaviour or feedback. Understanding the lim-
itations of synthetic data, including how postgraduate researchers
view the use of synthetic data for their projects, is also essential.

2.2 Synthetic Data Beyond Computing
Education

The use of synthetic data has beenmore widely explored in other do-
mains, motivated by issues of data scarcity and privacy. In Human-
Computer Interaction, for instance, Hämäläinen et al. [12] examined
GPT-3’s ability to generate open-ended questionnaire responses
and found that, while synthetic responses were often perceived as
highly human-like, they also suffered from errors and low diversity.
This highlights both the opportunities of synthetic data for ideation
and piloting, and the risks of relying on it without validation.

In learning analytics, researchers have investigated synthetic
data as a means of enabling collaboration and benchmarking while
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respecting student privacy. For example, Dorodchi et al. [9] demon-
strated that synthetic data generators can produce student record
datasets that preserve key distributions and support machine learn-
ing tasks with minimal loss of accuracy. Similarly, Zhan et al. [34]
conducted a comparative study of synthetic data generators applied
to real student datasets, assessing statistical similarity, learning-
analytics model performance, and privacy preservation, and found
that several generators produced synthetic data closely aligned
with real learning outcomes. Complementary work by Liu et al.
[20] showed that integrating differential privacy into synthetic
data generation frameworks can further strengthen protections for
students, albeit often at the expense of reduced data utility.

Beyond the education domain, a broader literature on LLM-
generated synthetic data has highlighted important design trade-
offs. Studies in natural language processing have found that syn-
thetic data can enhance performance in objective classification
tasks such as spam detection, but is less effective for highly subjec-
tive tasks such as humour or sarcasm detection [19]. In specialised
domains such as healthcare, synthetic data generated from LLMs
has been shown to substantially improve downstreammodel perfor-
mance for tasks like named entity recognition, while also mitigating
privacy risks [29]. More generally, recent surveys emphasise two
central requirements for effective synthetic data – faithfulness to
real distributions and sufficient diversity – and propose multi-step
frameworks for generation, curation, and evaluation [22].

While the use of synthetic data continues to gain traction in a
variety of fields, its applicationwithin computing education remains
relatively new.

3 Methods
3.1 Course Context
Our exploration of this idea took place in a postgraduate research
course in computing education taught at the University of Auckland
(approved by the University of Auckland Human Participants Ethics
Committee #25279). The course ran for 12 weeks in Semester 1, 2025
(starting 3 March), and was assessed primarily through a group-
based research project supported by individual presentations and
peer review activities. A total of 60 students were enrolled in the
course, and they worked on their projects in groups of three (20
groups total). In this article, we focus on the 15 groups (with 44
students; one group of two) who used synthetic datasets – we
exclude 5 groups that worked on projects with real datasets. The
overall aim of the course was to provide an authentic research
experience, requiring students tomotivate an area of study, generate
or collect data, analyse the results, and communicate their findings
in the form of a research paper and oral presentation.

3.2 Group Formation and Topic Selection
Students were invited to self-organise into groups of three. Once
a group was formed, they could select a project topic from a set
of provided areas. The areas were fairly broad in order to provide
flexibility for groups to interpret and formulate the research ques-
tions they wanted to explore. The five high-level areas that were
associated with synthetic data generation were:

• Programming style feedback
• Programming error detection and fixing with LLMs

Example 1: The transition from MATLAB to C, for me has been quite
easy with only a few problems to do with int and double (setting up the
variables). So far the code itself is in a similar level of difficulty compared to
MATLAB with only a few extra steps that are needing to be taken. However,
I find myself enjoying coding in C more at this current point in time.
Example 2: At first, it felt a bit intimidating because the syntax in C
looks less user- friendly compared to MATLAB. For example, in C, we need
to declare the type of each variable, while in MATLAB, we don’t have to
think about what type it is - MATLAB just figures it out. To be honest,
remembering all the curly braces and semicolons in C has been a pain,
especially after getting used to the cleaner MATLAB scripts.

Figure 1: Examples shown to students to illustrate synthetic
generation of open-response data in the style of a short per-
sonal reflective account of the transition between learning
two programming languages. Example 1 is an authentic stu-
dent response from a survey, and Example 2 is synthetic.

• Automatically solving image-based questions
• Variation in automatically generated code structures
• Robustness of student-written prompts to LLMs

3.3 Project Structure and Assessment Design
The research project was structured as a sequence of staged deliver-
ables designed to scaffold the groups through the research process.
Each group completed five written submissions (four staged sub-
missions and a final written research report that combined all of
the stages), as well as two oral presentations (one early presen-
tation that focused on the motivation for the work, and a final
presentation delivered at the end of the course). We now provide a
brief summary of the four staged submissions and the final report,
including their respective deadlines.

1. Research Article Introduction (due 23 March). The first written
task required groups to draft an introductory section of their paper.
The goal of this deliverable was to motivate the chosen topic and
articulate its significancewithin the context of computing education
research. Each introduction concluded with one to three clearly
defined research questions.

2. Review of Related Work (due 13 April). The second submission
focused on situating the project within existing research. Students
conducted a literature review and were expected to show evidence
of synthesis, pulling together related work and organising the find-
ings in a way that highlights similarities and identifies gaps.

3. Explanation of Data Source (due 4 May). The third deliverable
described the method of data collection, which for most groups in-
volved synthetic data generation. One class session, delivered on 11
April, introduced the practical aspects of synthetic data generation,
including use of API keys, performance and cost comparisons of
available models, and the importance of prompt design and refine-
ment. Further details are described in Section 3.4. This session also
illustrated several examples of synthetic data, including the example
shown in Figure 1, which compared an authentic student response
to a survey question with one generated by an LLM. For this de-
liverable, no analysis of the data was expected, only an account of
how the data was generated and prepared for later analysis.
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4. Method, Analysis, and Results (due 18 May). The final staged
submission required students to describe the methods they used to
analyse their data (from stage 3), report the key findings, and present
results through appropriate use of figures and tables. Groups were
expected to show how their analyses addressed their stated research
questions.

5. Camera-ready final report (due 13 June). The final report, de-
liverable 5, combined all of the previous sections, and included new
sections on discussion, limitations, conclusions and future work.
Groups were expected to submit this deliverable as though it were
the ‘camera-ready’ version of a research article adhering to ACM’s
“Proceedings of the ACM Conference” style (i.e. ‘sigconf’).

3.4 Synthetic Data Generation
To support the data generation process, every group was issued
a unique OpenAI API key and asked to keep their keys private
and to monitor usage carefully. The API keys were issued from an
OpenAI account for the University of Auckland, and had access to
all available models. During the introductory session on 11 April,
a comparison of model costs was shown to students to highlight
the extreme differences (for example, at the time, the standard rate
for GPT-4.5 was US$150 per million output tokens, whereas for
GPT-4o mini it was US$0.6 per million output tokens). The code
shown in Listing 1, which makes a single request and then displays
token usage, was shown to students as a starting point. Each group
was also provided another code template, which made several API
calls, including to display all models available to the API key and
to repeat a series of API calls a fixed number of times. Groups were
asked to keep track of their usage, and estimate costs, with the aim
of keeping them below USD$50 for the semester.

Listing 1: Example provided to students illustrating basic use
of the OpenAI API in Python
from openai import OpenAI
client = OpenAI(api_key="ab-cdef -ghi ... xyz")

completion = client.chat.completions.create(
model="gpt -4o",
messages =[
{
"role": "user",
"content": "Please respond to the following question

like a student ..."
}

]
)

print(completion.choices [0]. message.content)
tokens_used = completion.usage.total_tokens
print(f"Tokens used in this request: {tokens_used}")

Although groups had access to all models available at the time,
two model tiers were suggested: GPT-4o for higher-quality genera-
tions, and GPT-4o-mini for larger-scale, lower-cost outputs. Instruc-
tional material presented examples of how prompts could be crafted
to elicit responses resembling student reflections, explanations, or
programming-related tasks. For instance, students were shown how
altering the phrasing of a prompt could produce more diverse out-
puts. One trivial example involved appending the phrase “Please
generate five varied responses to this question” to a single API call
which was much more effective at generating varied responses than

making five separate API requests. Groups were also reminded that
prompt engineering was very important and takes time, and that
spending effort refining prompts was central to achieving useful
results.

Students were also shown examples from and asked to read
Leinonen et al. [18], which illustrated the generation of code con-
taining various bugs. In particular, that paper shows examples of
how modifications to a prompt can influence a model to gener-
ate more realistic outputs (i.e., providing test cases, or typical bug
distributions, to aid the model in generating likely bugs).

3.4.1 Expectations and Reporting. While the topics varied across
groups, the expectation was that the generated datasets would re-
semble authentic educational data, such as survey-style responses
(including free-text responses to reflective prompts) and program-
ming submissions (e.g., buggy code, solutions to programming
tasks). Each group was required to describe their synthetic data
generation process in their report (deliverable 3), including the
prompts used, the rationale for the chosen approach, and any steps
taken to clean the generated data.

3.4.2 Usage and Costs. Throughout the period of the project, the
institution account that issued the API keys was eligible for a num-
ber of daily free tokens, with fixed limits, for different models.
Specifically, at the time, 1 million tokens were available per day
across gpt-4.5-preview, gpt-4.1, gpt-4o, o1, and o3. In addition, 10
million tokens per day were available for gpt-4.1-mini, gpt-4.1-nano,
gpt-4o-mini, o1-mini, o3-mini, o4-mini, and codex-mini-latest. Only
usage beyond these limits and any usage of other models, were
billed at the standard rates. The total billed cost over the period
was USD$270.

3.5 End-of-Course Survey
Student perceptions of working with synthetic data were collected
through convenience sampling at the end of the semester, where
all students were invited to complete an anonymous survey. The
survey included five Likert items, on a five-point scale from Strongly
Disagree (1) to Strongly Agree (5), with statements about authentic-
ity, preference for real versus synthetic data, opportunities afforded
by synthetic data, awareness of ethical issues, and insights gained
into generative AI (see Table 1 for the questions). The survey also
included the following three open-response questions inviting stu-
dents to reflect on their experiences, as well as identify perceived
advantages and limitations in generating suitable synthetic data
for their project:

• Item 1: Please describe your personal experience and reflec-
tions using synthetic data for your project this year.

• Item 2: What advantages do you believe synthetic data gen-
eration offers for research projects in computing education?

• Item 3:What limitations do you believe synthetic data im-
poses on research projects in computing education?

A total of 38 students responded to the questionnaire, 30 of whom
had worked with synthetic data in their project and were included
in the analyses. Of these, five were missing at least one response
to a Likert item. There was insufficient data to impute. As Little’s
MCAR test was non-significant, the descriptive statistics and t-tests
are presented individually with the missing cases excluded. As a
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methodological note on the use of a t-test, t-tests between Likert
items exhibit similar power when contrasted with comparable non-
parametric tests [7].

An experienced researcher engaged with the student response
data and used a codebook approach to inductive thematic analysis
[2, 5]. They became familiar with the data and made initial codes
across the three items, which were then refined and revised after
coding all responses to each prompt (responses could be assigned
multiple codes). These codes and the initial themes were reviewed
by another experienced researcher, who agreed with the existing
codes and recommended a further four be included. Themes were
finalised and grouped under broader headings for presenting the
results.

3.6 Analysis of Student Work
In addition to the survey, we analysed the written reports submitted
by each group, focusing on how synthetic data was generated,
described, and used in their projects. Two researchers discussed
relevant aspects to analyse, which was followed by one researcher
collecting the relevant information from student reports. These
two sources of evidence – the survey and the reports – provide
insight into both the methodological practices of students when
using LLMs for data generation, and their views on the authenticity
and value of this approach in postgraduate research.

4 Results
4.1 Student Perceptions of Synthetic Data
We analysed both open-response reflections and Likert-scale survey
data to investigate students’ perceptions of working with synthetic
data in the course.

Descriptive statistics of responses to the Likert items are pre-
sented in Table 1. It also includes confidence intervals of t-tests
for average response deviation from neutral and corresponding
effect sizes. We found that students, overall, did not clearly indicate
whether synthetic data was more or less similar to real human
data and that they did not have a preference for working with real
human data or synthetic data. To more closely look at this finding
we investigated the relationship between the two responses and
found, logically, the more similar students found synthetic data to
real human data, the less they expressed a preference for working
with real human data (r = -.45, p = .02).

There was no evidence that students believed synthetic data
allowed them greater exploration of research questions (p = .18).
Interestingly, there was a reasonably prevalent degree of reported
recognition regarding ethical issues around the different forms of
data generation. Finally, there was a strong consensus that using
synthetic data provided insight into the role of GenAI in research-
ing.

The emergent themes from analysing the open responses are
grouped under four broader headings: (1) Reception, (2) Purposes,
Use, and Value, (3) Study Efficiency and Practicality, and (4) Re-
search Integrity. The themes are discussed in the following subsec-
tions and their distributions across items appear in Figure 2.

4.1.1 Reception. Students discussed their perspectives on syn-
thetic data collection (Figure 2→‘Reception’) largely in response to

0 2 4 6 8 10

Positively Received

Difficult or Frustrating Reception

0 2 4 6 8 10 12 14 16

Learning and Education

Limited Usefulness

Useful in Research Purposes, Use, and Value

0 10 20 30 40

Fast, Efficient, Convenient

Requires Effort

Collection benefits

Collection costs Study Efficiency and Practicality

0 5 10 15 20 25 30 35

Limited Validity

Strong Integrity

Weak Integrity Research Integrity

Item 1 (personal) Item 2 (advantages) Item 3 (limitations)

Figure 2: Distribution of emergent themes across the three
open-response items. The themes are grouped under four
headings: (1) Reception, (2) Purposes, Use, and Value, (3)
Study Efficiency and Practicality, and (4) Research Integrity.

Item 1. Positively Received responses included describing the pro-
cess as ‘rewarding’, ‘worthwhile’, ‘interesting’, and ‘exciting’. Though,
some students noted it was difficult or involved “some frustrations
with prompting” (Difficult or Frustrating). However, these responses
were not always framed negatively, with students viewing the chal-
lenge as part of the process. Together, this suggests a relatively
positive reception.

4.1.2 Purposes, Use, and Value. There was some conflict in the
responses around the use and value of synthetic data. Students
indicated it had Limited Usefulness.

We started to wonder: is it meaningful to analyze fake data to
draw real-world conclusions? It felt like our work was pointless
because the data itself was “wrong”.

However, others found it Useful in Research. In particular, when
responding to Items 2 and 3, students indicated the usefulness of
synthetic data collection, specifically in early phases of research.

... for performing early studies or giving researchers early con-
firmation if a study is worth gathering expensive real data for,
I think it is a valuable tool.

Collectively, this suggests students might not be inclined to view
synthetic data as valuable beyond pilot testing.

However, as evident in Figure 2→‘Purposes, Use, and Value’,
many students identified the important role it can play in Learning
and Education, for example, through “supporting targeted educa-
tional research and tool development". Specifically, students noted,
while responding to Item 1, its value in deepening understandings
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Table 1: Descriptive statistics of responses to the Likert items and t-tests reporting confidence intervals of the deviation from
neutral with effect sizes.

N Mean (SD) Skew (SE) Kurtosis (SE) t 95% CI p d

1. The synthetic data we generated was very similar to real
student/human data

27 3.41 (0.97) -0.40 (0.45) -0.23 (0.87) 2.18 0.02, 0.79 0.08 0.42

2. I would prefer to have worked with real student/human
data rather than generating synthetic data

28 3.50 (1.11) 0.09 (0.44) -1.30 (0.86) 2.39 0.07, 0.93 0.07 0.45

3. The synthetic data we generated allowed us to explore
research questions that would not have been viable with real
student/human data in this course

27 3.26 (0.98) 0.22 (0.45) -0.92 (0.87) 1.37 -0.13, 0.65 0.18 0.26

4. I was aware of ethical issues related to human data gen-
eration and synthetic data generation

27 3.78 (1.05) -1.03 (0.45) 0.77 (0.87) 3.85 0.36, 1.19 <0.01* 0.74

5. Working with synthetic data provided insight into the use
of Generative AI tools for research purposes

27 4.07 (1.11) -1.63 (0.45) 2.78 (0.87) 5.04 0.64, 1.51 <0.001* 0.97

Note. SD = standard deviation, SE = standard error, CI = confidence interval; Holm-Bonferroni adjusted, two-sided p values are reported with 𝛼 = .05.

of prompt engineering (n = 5), the research topic (n = 4), and OpenAI
API and keys (n = 3). Students’ responses to Item 2 reinforce these
reflections where they explicitly raise its suitability for educational
purposes.

4.1.3 Study Efficiency and Practicality. Figure 2→‘Study Efficiency
and Practicality’ outlines the four themes encompassed by this
heading. Students reflected extensively on synthetic data being
Fast, Efficient, Convenient.

Synthetic data allows researchers to quickly build structured
datasets without needing access to real student work.

In contrast, a number of students highlighted that the process Re-
quires Effort, in particular, attending to the significant effort in
prompt engineering. Students in Item 1 outlined the explorative,
precise, and iterative requirements of the process, describing that
“it required a lot of careful tuning and iteration”.

There were comments on the need to carefully understand the
scope of the research and relationship with the data generation,
as well as the need to spend time cleaning, supplementing, and
validating data.

So even though you can generate a lot of data, you still need
to spend time cleaning it and maybe manually supplementing
it to make it more realistic.

However, perceived effort was not necessarily discussed negatively.
Several students identified the Collection Benefits when using

synthetic data, specifically, (1) avoiding privacy and ethical consid-
erations (n = 9), (2) cost effectiveness (n = 3), and (3) database size
(n = 4). Only one student noted the Collection Costs with respect
to resourcing. Taken together, the data could suggest that the effi-
ciency benefits of synthetic data were generally seen to outweigh its
drawbacks, especially in time-constrained research contexts where
navigating ethics approvals, recruiting participants, and handling
sensitive human data can be challenging.

4.1.4 Research Integrity. Connected largely to students’ views of
the validity and reliability of synthetic data, Figure 2→‘Research
Integrity’ presents themes related to their perceived integrity of
research involving its usage. It is clear that students view the data
as having Limited Validity.

A major concern was whether this data truly reflected real-
world distributions – since we controlled the entire generation

process, it sometimes felt like being both the player and the
referee, raising questions about objectivity and generalizability.

In favour of the research having Strong Integrity, two students
responded to Item 1 indicating they found synthetic data realistic,
while eleven discussed in Item 2 the benefits of data controllability
or reproducibility.

Synthetic data generation offers scalability and control ... while
enabling reproducible experiments.

Finally, a few students considered the research to have Weak
Integrity. Students referenced the fact that different models have
different outputs (n = 3) and the difference in data complexity with
“real world” data (n = 5).

LLMs are imperfect and often too uniform, at least compared
to the enormously chaotic machinations of a human mind.

Overall, these reflections reveal a clear awareness of the valid-
ity limitations of synthetic data, but also an appreciation of its
scalability and reproducibility.

4.2 Project Types and Synthetic Datasets
A summary of each group’s synthetic dataset is provided in Table 2.
Across the 15 groups, the projects demonstrated substantial diver-
sity in both the design and scope of the synthetic datasets. First,
many examined LLM capabilities in programming tasks, including
code generation, debugging, and explanation (Groups A, C, E, F, G,
I, K, Q), often testing how factors such as prompt style or tempera-
ture (which controls diversity of LLM outputs) affected correctness
or pedagogical quality. Second, several projects investigated ways
to evaluate or enhance LLM feedback (Groups B, H, N), for exam-
ple by incorporating static-analysis tools (Group B and N). Third,
projects examined synthetic prompts (Groups M and S), for example
how manipulating the background profiles of simulated students
affected the prompts generated by those “students”. Finally, two
projects explored more visual data (Groups D, J), specifically UML
diagrams (Group D) and weighted graphs (Group J).

Dataset sizes ranged from 100 to 40000 synthetic outputs. How-
ever, only one team (Group H) provided a formal rationale for
dataset size through a statistical power analysis. Other groups typi-
cally determined the amount of data pragmatically, mostly based on
perceived sufficiency. In several cases, students appeared to equate
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Group Goal/task Dataset size Model(s) used Artefact(s) created Validation Human-
in-the-
loop

A Assess LLM code robustness across
prompt styles and temperatures

1.5k prompt–code pairs Unclear Python code outputs for 25 CS1 tasks Yes Yes

B Study impact of static analysis and
filtering on LLM feedback quality

3.5k code snippets GPT-4o, GPT-4o-mini Defective code + model-generated
feedback

Yes Yes

C Evaluate LLM debugging accuracy
across languages

2.8k buggy samples + fixes GPT-4o-mini Buggy code + fixes/explanations
(Python, Java, C, JavaScript)

Yes Yes

D Assess GPT-4o-mini’s ability to in-
terpret UML diagrams

971 UML diagrams GPT-4o-mini UML diagrams with textual descrip-
tions

Yes No

E Study how prompt strategies affect
code structure and complexity

40k code snippets GPT-4o-mini (code solu-
tions), GPT-4.1 (program-
ming problems)

Python solutions to 10 intro prob-
lems

Yes No

F Develop multi-agent RAG frame-
work for error correction

11k erroneous code solu-
tions (varied n reported)

GPT-4.1-nano Erroneous code solutions to MBPP
benchmark

Yes No

G Examine prompt effectiveness for
code generation

1.2k prompt–code pairs GPT-4o-mini Synthetic student prompts Yes Yes

H Analyze LLM feedback on variable
naming

100 code + 200 feedback
samples

GPT-4o-mini Code samples with varied variable
naming + LLM feedback

Yes No

I Assess LLM explanations of code
with semantic errors

2.5k code samples + 2.5k
explanations + 500 evalua-
tions of explanations

GPT-4o-mini Erroneous code examples with fixes,
explanations, and simulated student
ratings

No No

J Evaluate LLM solving of Dijkstra’s
shortest path problem

900 weighted graphs Randomized script Weighted directed graphs with im-
ages, Q–A, and metadata

Yes No

K Study variation and correctness in
LLM code completion

1.8k LeetCode solutions GPT-4o-mini Code for easy LeetCode program-
ming problems

No No

M Examine prompt robustness vs. stu-
dent performance

450 synthetic prompts GPT-4o-mini Synthetic prompts with background
profiles and code-generation re-
sponses

Yes No

N Compare GPT and static analysis
feedback on code style

1.5k code solutions GPT-4o Beginner Python code with style is-
sues

No No

Q Measure diversity of LLM-generated
code

100 code solutions ChatGPT, Claude, Gemini,
LLaMA, DeepSeek

LeetCode solutions from 5 LLMs No No

S Analyze how student level affects
prompt quality

5k prompt–response pairs GPT-4o-mini Prompts by 5 education levels + Fi-
bonacci code

No No

Table 2: Descriptions of the datasets students produced. Goal/task describes the high-level research objective of the group.
Dataset size outlines the number of outputs produced. Model(s) used describes which LLMs were used in data generation.
Artefact(s) created highlights the types of artefacts included in the synthetic dataset. Validation signals whether LLM outputs
were validated in any way (either automatically or manually). Human-in-the-loop shows if humans were included in the data
generation process, e.g. by having them validate outputs.

larger datasets with higher quality, even when this was not war-
ranted by the research question or task complexity. Groups N and
S, for instance, each generated thousands of samples but did so for
only single, relatively simple programming problems, yielding a
high volume of data but with limited diversity or analytical value.
This tendency to “go big” contrasts sharply with Group H, which
conducted a statistical power analysis to justify a much smaller
dataset of 100 outputs.

Although students were instructed to use LLMs for dataset gener-
ation only (for deliverable 3, which was independent of the methods
for data analysis in deliverable 4; see Section 3.3), a striking finding
was that many groups extended automation to the analysis stage.
Several teams built end-to-end pipelines where the LLM not only
generated but also validated and analyzed the data with minimal
human oversight. For example, Group I created a large-scale simu-
lated environment of 2500 student-like code submissions containing
semantic errors and built an automated pipeline that generated,
explained, and statistically evaluated each case using GPT-4o-mini.
Their system simulated student ratings across six pedagogical di-
mensions, computed correlations between linguistic metrics and

helpfulness, and produced visual analyses of LLM performance – en-
tirely without human raters. Similarly, Group E used GPT-4o-mini
to create 40000 code solutions to introductory problems and then
filtered and analyzed them through additional LLM-driven scripts
to quantify structural diversity. The minority (4/15) of groups that
included a ‘human-in-the-loop’ in the synthetic data generation
mainly used humans to verify the quality of the generated data. For
three groups, Groups A, B, and C, who used a human-in-the-loop
approach, a small subset of the generated data was validated by
humans. Group G manually reviewed all generated data. However,
while few groups had a human-in-the-loop, most (10/15) groups
included some validation of the generated data, but this was often
automatic. For example, some groups checked that the produced
code compiles (e.g., Groups C and D), while others validated that
unit tests fail when generating buggy code (e.g., Group F) or pass
when generating code that is supposed to be correct (e.g., Groups E
and M).

Model selection was relatively uniform: almost all groups em-
ployed GPT-4o-mini or GPT-4o. This is unsurprising since these
models were specifically mentioned in the lectures, and students
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were provided API keys for OpenAI model use. Generation meth-
ods ranged from simple parameterized prompting to multi-stage
workflows combining generation, filtering, and evaluation steps.

Overall, the projects illustrate both the opportunities andmethod-
ological challenges of using generative AI for data creation. Students
demonstrated considerable creativity in constructing automated
pipelines and leveraging LLMs beyond their original task. The wide-
spread tendency to automate the entire workflow from generation
to analysis suggests that students increasingly perceive LLMs not
merely as content generators but as comprehensive research assis-
tants capable of conducting end-to-end studies.

5 Reflections and Lessons Learned
5.1 Project and Data Design
5.1.1 Project Topics. When designing the project specification, we
listed five fairly broad areas from which students could select their
topic (see Section 3.2). This allowed us to prepare some supporting
material around each area, such as a small set of relevant papers that
groups could use as a starting point for their literature reviews. We
also selected areas where there had been some recent interest in the
literature. In hindsight however, this may have overly limited the
types of data students generated and hence, the research questions
they could explore. Given the flexibility of synthetic data generation,
in future iterations of the course we will provide greater autonomy
to students around topic selection. Some amount of scaffolding is
still needed – even with the prescribed topic areas in our current
study, some groups found navigating this required significant effort
(e.g., “the freedom to explore many directions often led to a lack of
focus and an overly broad initial scope” ).

5.1.2 Controlling Data Design. Although in the current work all
of the data was generated by the student groups, there may be
value in exploring instructor-generated synthetic data as well. In
previous iterations of the course, we invested significant effort in
sourcing high-quality datasets that students could select for their
group projects. In contrast, it may be less effort for us to create a set
of prompt-based ‘generators’ that could be used to produce novel
datasets. These could be designed to intentionally include known
structures, patterns, or biases for students to uncover. A benefit of
this approach is that it could lead to more consistent data quality
across groups, making assessment more equitable. Nevertheless,
designing and generating their own datasets enables students to
develop a range of practical research and data-handling skills.

5.2 Research Practice and Skill Development
5.2.1 Developing Technical Skills andDeepening Learning. We found
that students noted and appreciated learning relevant skills related
to interacting with LLM APIs. Specifically, we found students re-
ported deepening their understanding of prompt engineering, of
how to work with OpenAI APIs and keys, and of their research topic
through the process of data generation (e.g., “using this method al-
lows us to better understand and write prompts, learn how to use large
language models more effectively, and call APIs” ). This demonstrates
the suitability of using this process in education from a student
perspective. Moreover, managing API keys, monitoring token us-
age, and exploring various prompt refinement and engineering

strategies (e.g., zero shot, single-shot, multi-shot, chain of thought,
prompt templating, role-based prompts) are all relevant skills in
modern research and industry practice.

5.2.2 API Costs. While students noted the comparative cost bene-
fits of this approach to research, the cost was not insignificant. The
billed cost for running these projects was USD$270, and were it
not for the daily allowance of free tokens on some models this cost
would be considerably higher. We were fortunate that the institu-
tional account we used to generate the API keys had previously
been gifted sufficient credits from OpenAI to cover the bills.

Without financial support, it would be important to take delib-
erate steps to mitigate costs. One option would be to configure
API keys to only permit usage of the most cost-efficient models.
Another option would be to explore the use of open source small
language models (SLMs), which can run on local machines with
appropriate hardware support. A growing body of work suggests
that SLMs can approach and even surpass the performance of large
proprietary models in educationally relevant tasks such as answer-
ing student questions [21, 32], generating feedback on code [16, 25],
and analysing student reviews of courses and teaching staff [14].

5.2.3 Exposure to the Research Lifecycle. Perhaps the most impor-
tant pedagogical benefit of the approach is that it enables students
to experience the entire process of conducting research within a
single semester. One commonly-used model (from the LMA Re-
search Data Management Working Group) outlines the following
phases of the research lifecycle1: plan and design, collect and create,
analyse and collaborate, evaluate and archive, share and dissemi-
nate, and access and reuse. By using synthetic data, students can
engage with every phase of the lifecycle with the exception of ac-
cess and reuse, which relates to published work. In other words,
synthetic-data projects allow students to prototype a full research
study from inception to dissemination (with the caveat that the
data collection phase is replaced by a data-generation phase). This
provides students with training in the research lifecycle when it
might otherwise be infeasible, readying them to engage with real
data collection – when time and resources allow – in their future
work.

5.3 Over-Reliance on LLMs for Data Analysis
One lesson we learned is that it is important to set clear boundaries
to help students distinguish between when generative AI should
be used and when human evaluation is necessary. Our intention
was that students would use the API for the data generation aspect
(deliverable 3) of the project only, and then employ other techniques
(either custom scripts for large scale analysis or manual thematic
coding of open response data) for the data analysis task (deliverable
4). In practice, not only did many projects use the API to perform
the analysis of the generated data, but few projects utilised any
human oversight of the data that was generated. For example, Group
S, who studied how students’ educational level (primary school,
middle school, senior high school, undergraduate, postgraduate)
affects their prompts, constructed rubrics to evaluate the prompts.
However, instead of using the rubrics themselves for evaluation,
they had LLM-simulated ‘students’ rate prompts using the rubrics.

1https://researchsupport.harvard.edu/research-lifecycle
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As another example, Group D examined how multimodal mod-
els describe UML diagrams. They used ChatGPT-4o-mini to first
generate a set of UML task descriptions, and then from those de-
scriptions, corresponding UML diagrams (by generating PlantUML
source code). They then asked the same model to produce textual
descriptions from each of those diagrams. Rather than manually
assessing the accuracy of these descriptions, the group compared
the two model-generated texts using an LLM, which rated their sim-
ilarity, accuracy, and relevance. Because the same family of models
produced and evaluated the data, any shared systematic bias in
description quality would be reinforced rather than revealed, and
at no point did the group conduct human validity checks.

In the end, only four groups manually validated model outputs.
Promisingly, survey responses from these groups illustrated the
importance of manual validation (e.g. from a member of Group
C: “Make sure to leave enough time to clean and validate the data,
because a lot of the generated samples will have issues” ). As a result
of this lesson, we will make expectations around manual validation
and analysis more explicit in future iterations of the course.

5.4 Limitations Related to Authenticity, Ethics,
Engagement, and Bias

5.4.1 Reduced Engagement and Authenticity. Though the thematic
analysis indicated working with synthetic data was, generally, posi-
tively received (if difficult), some students felt unenthusiastic about
analysing artificially generated data. We found evidence that the
perceived preference for working with real human data was nega-
tively related to how authentic students perceived synthetic data to
be. This can present a potential engagement and motivation prob-
lem for students who do not perceive their work to be meaningful,
in particular, beyond learning or pilot testing (e.g. “Sometimes it
just feels pointless” ).

For postgraduate researchers, who often see themselves as emerg-
ing scholars, the absence of a real human connection to the data
may reduce the sense of doing authentic and meaningful work. Re-
cent work by Farangi et al. has shown that researchers have mixed
emotions when using generative AI for research, but most acutely
feel a loss of creativity, which seems to align with our results [10].

5.4.2 Loss of Human Research Opportunities. Although not a cen-
tral focus of this work, it is worth noting some secondary implica-
tions of synthetic data use for human research participation. Small-
scale educational studies often provide students with opportunities
to act as research participants, gaining valuable experience and con-
tributing to a sense of community. In fact, two of our student groups
(not analysed as part of this synthetic data generation study) used
an online tool to collect ‘real’ data from their peers in the course.
Such projects highlight the collaborative and community-oriented
aspects of educational research which are diminished when syn-
thetic data is used instead.

Participation in human studies is sometimes accompanied by a
small compensation. The total cost of running the synthetic-data
projects in our course was a little over USD$250. Assuming a typical
reimbursement rate of around USD$25 per person, this equates
to roughly ten human participants, enough to support a modest
authentic study. Thus synthetic data generation, while convenient
and cost effective, redistributes resources away from direct human

engagement. While students reported an awareness of ethical issues
in different forms of data collection, these did not appear among
their concerns so, perhaps, should be discussed in future.

5.4.3 Bias and Homogenisation. Concerns around reliability and
bias using synthetic data emerged as a common theme among stu-
dent groups, with the suggestion it “could introduce biases depending
on how the model is trained and may fail to reflect the misconcep-
tions that cause real student mistakes”. Another group felt: “relying
too much on synthetic data may introduce biases or oversimplify
patterns”. Prior work has shown that LLMs can encode biases origi-
nating from their training data and from reinforcement learning
from human feedback [17]. Empirical evaluations of LLMs acting as
educational ‘teachers’ further demonstrate variation in how mod-
els tailor content across demographic groups [31]. Understanding
how such biases actually impact synthetic educational data and
how they may shape student interpretations remains an important
direction for future research.

Another risk is the generation of large volumes of data with
limited diversity, leading to homogenisation. We found that some
groups generated very large datasets, but for very narrow tasks
(such as Groups N and S, who generated thousands of solutions to
a single very simple programming task). This resulted in a large
quantity of data, but with limited diversity and analytical value
(as one student said: “it didn’t output varied synthetic code - all
code looked the same, or some of the code were too short” ). We see a
related risk that relying on synthetic data could narrow the diversity
of ideas explored by students – exactly the opposite of what we
hope to achieve. Recent work has shown that generative AI can
make users more efficient yet less diverse in what they produce, as
models tend to homogenise ideas across individuals [1, 12, 33]. This
underscores the need to help students remain critical and creative
when working with AI.

6 Conclusion
In this paper, we reported our experience using synthetic data as a
pedagogical scaffold for postgraduate research projects in comput-
ing education. This approach helps address the challenge that edu-
cators face in providing access to a variety of high-quality datasets
within a limited timeframe. We investigated students’ views on
synthetic data generation, and we analysed their written research
reports, revealing substantial variety in the datasets produced. Stu-
dents valued the efficiency and scalability of synthetic data genera-
tion and appreciated learning to use AI as a research tool. However,
concerns about authenticity sometimes reduced engagement, and
some groups relied too heavily on LLMs for both data generation
and analysis, limiting opportunities for human validation and eval-
uation. We outlined several lessons that will guide future iterations
of this approach and see considerable potential for synthetic data
to broaden access to authentic and scalable research experiences in
computing education.
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