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Abstract: Digital infrastructures such as Learning and Evidence Analytics Framework
(LEAF) involve educational big data, whose secondary use offers unprecedented
opportunities for advancing research and impact on education. However, prior efforts
have struggled to balance privacy protection with societal benefits. To address this
issue, we present a novel data sharing system RelLEAF, developed on the LEAF
infrastructure. It implements the two-stage data sharing approach: (1) differentially
private synthetic data is shared and (2) real-data validation is performed on demand.
Since the latter incurs additional privacy loss and operational costs associated with
output checking, we conduct a formative user study to explore to what extent synthetic
data alone support secondary use and when real-data validation becomes necessary.
Results suggest that, while synthetic data alone could support exploratory analysis,
validation is perceived as necessary to publish findings or apply to practice, unless the
quality of synthetic datais guaranteed. Implications for system improvement and future
directions are discussed.
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1. Introduction

Increasing adoption of digital technologies in education has led to the development of large-
scale infrastructures, such as Learning and Evidence Analytics Framework (LEAF; Ogata et
al., 2022), the National Digital Education Architecture of India (DSEL, 2021) and the Taiwan
Adaptive Learning Platform (MOE, 2025). These infrastructures collect and store educational
big data, whose secondary use offers substantial research opportunities for understanding
learning processes and identifying potential issues that need support. Despite this potential,
access to such data is often limited to trusted researchers or even not provided to third parties
due to privacy constraints (Fischer et al., 2020). This hinders research opportunities and open
science practices in the education domain.

Prior efforts have attempted to address this problem yet have struggled to balance
privacy protection with collective benefits. On one hand, the lack of proper privacy protection
fails to obtain societal acceptance. The inBloom initiative aimed for exchanging educational
data and best practices across schools, yet it was discontinued just one year after its launch
following widespread public opposition about sharing sensitive personal information (Bulger
et al., 2017). On the other hand, overly strong privacy protection loses usability and potential
societal benefits. The MOOC Replication Framework (MORF) allows for remotely performing
analyses on large-scale MOOC data, yet maximised privacy protection resulted in limited
utility, hampering its wider adoption in the research community (Baker & Hutt, 2025).

To address this tension between privacy protection and data usability, we present a
novel data sharing system ReLEAF, developed on the LEAF infrastructure. ReLEAF adopts
the two-stage data sharing method proposed by Ito et al. (2026b): (1) differentially private
synthetic data is shared, and (2) real-data validation—researchers submit code to a validation
server—is performed on demand. In this paper, we discuss the system design and conduct a
formative user study. Implications for improving the system and future directions are
discussed.



2. System design

Figure 1 shows the overview of the ReLEAF system, consisting of two web Uls, Lab and
Review, and datasites hosted at each institution (i.e. validation servers). For a datasite, we
employ PySyft' to store both pseudonymised and synthetic data, and the web Uls function as
a hub of datasites. Each datasite contains multiple datasets, each of which contains one or
more assets, a pair of CSV files, each containing pseudonymous real data and corresponding
synthetic data generated from that real data.
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Figure 1. Overview of the ReLEAF system.

The two-stage approach combining differentially private synthetic data generation (DP-
SDG) and real-data validation was recently proposed as a practical method for sharing
educational data while protecting privacy (Ito et al., 2026b). DP-SDG offers robust privacy
protection, unlike traditional anonymisation that is unpredictably vulnerable to privacy attacks.
Ideally, if synthetic data achieve sufficient fidelity, researchers can rely exclusively on them.
However, as synthetic data can easily produce misleading or false discoveries (Montoya Perez
et al., 2024), real-data validation allows for non-DP output, intending to support researchers
in confirming findings. While Ito et al. (2026b) conceptually proposed the two-stage method
and experimentally assessed its utility and risk, our work designs a system that implements
the method. Specifically, ReLEAF implements the method as follows:

Stage 1. A datasite is deployed at each institution and a data custodian uploads DP
synthetic data and corresponding pseudonymous data through Review. Third-party
researchers download synthetic data through Lab and analyse the data locally.

Stage 2. Researchers may perform real-data validation on demand, following the
workflow shown in Figure 2. A researcher first creates a project in the datasite by
describing the research objective and public interest rationale and then develops a
validation request within a project with the help of LLM review. After a human reviewer
approves the request, the researcher can run the code on the datasite and obtain
output.

The Python code must be a self-contained function to comply with PySyft requirements.
No internet access or file writes are allowed, and common data science packages are
preinstalled on the datasites. Since real-data validation could unintentionally disclose personal
information, output checking is needed for statistical disclosure control (SDC; Griffiths et al.,

1 https://github.com/OpenMined/PySyft
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2024). Outputs are reviewed for their necessity to answer the research question associated
with a validation request and their collective benefits justified by the project description. We
explicitly prohibit outputting individual-level information, only permitting aggregated output.
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Figure 2. Workflow of real-data validation (stage 2) through ReLEAF.

3. Formative user study

While ReLEAF proposes an architecture designed to balance privacy protection with research
accessibility, real-data validation introduces additional information-theoretic privacy loss and
operational costs associated with output checking. Consequently, it is important to understand
to what extent synthetic data alone (stage 1) can support secondary use and when real-data
validation (stage 2) becomes necessary. Therefore, we conducted a formative user study
exploring how researchers perform secondary analyses using synthetic data alone and with
the two-stage approach implemented in ReLEAF. To this end, we set the following RQ:

¢ RQ: To what extent can researchers perform secondary use with synthetic data alone

and when does real-data validation become necessary?

3.1 Experiment settings

A pilot experiment was conducted with four graduate students over five weeks. Three
participants majored in educational technology and one in another field of computer science.
In the first week, participants went through a tutorial of ReLEAF and practiced output checking.
Then, we created the common project “Learning Habits and Outcomes” on which everyone
worked independently. The project objective was set to the following:
e Project objective: Understanding the relationship between learning habits and
outcomes and identifying potential issues with learners that would need support.
Three LEAF datasets from years 2022 to 2024 were prepared. Each dataset contains
seventh graders’ (N = 120 per year) learning outcomes (low, average and high) and time
spent on BookRoll over 17 weeks, an e-book system within LEAF (Ogata et al., 2017). The
BookRoll session data was aggregated by week and time windows—morning, afternoon,
evening and overnight—following the method of Hsu et al. (2023). We designed a multi-shot
synthesis setting, where similar data of different learner cohorts arrive regularly (lto et al.,
2026a):
1. Dataset 2022 was uploaded to ReLEAF, and students analysed it during the second
week
2. Dataset 2023 was uploaded at the beginning of the third week, and students analysed
both datasets during the week.



3. Inthe fourth week, students shared findings during the class.
4. Finally, dataset 2024 was uploaded at the beginning of the fifth week, and students
analysed it as well as previous datasets during the final week.

This way, we aimed to emulate a three-year secondary-use project. We generated DP
synthetic data by following the LLM-based multi-synthesis method of Ito et al. (2026b) with
privacy parameters £ = 1 and § = 1073. Specifically, summary statistics were calculated from
real data with DP, and then LLMs generated Python code to produce synthetic data that aligns
the given context, schema and the DP statistics. Generation of the second and third datasets
were informed of real-data validation results of previous years so that synthetic data quality is
expected to cyclically improve (lto et al., 2026b, 2026a). Informed consents were obtained
from both LEAF users and the pilot participants for using their data for research.

3.2 Focus group

A semi-structured focus group was conducted at the end of the pilot because it generates rich
language in vivo which helps designing subsequent studies, thereby suitable for a formative
study (Tracy, 2012). A moderator prompted the below questions, followed by free discussions:
e To what extent did you achieve the project objective with synthetic data?
e To what extent did you achieve the project objective with the addition of real-data
validation?

For analysing the focus group data, we used the Steps for Coding And Theorising
(SCAT), as itis suitable for one-time, small-scale data (Otani, 2008). SCAT codes utterances
into themes and constructs and then contextualises them back into a single storyline. Given
evolving evidence that LLMs can effectively support qualitative analysis (Hayes, 2025), an
LLM-based SCAT pipeline was developed.? Specifically, a human researcher, GPT-5.4,
Gemini 3.1 Pro and Claude Opus 4.6 generated themes and constructs independently. The
researcher filters LLMs’ outputs that are important but missing in the human output, and a
storyline is then manually created from the updated human output.

3.3 Results

For descriptive purposes, we report the number of requests over the pilot period in Figure 3.
Period 1 started when dataset 2022 was uploaded (week 2), period 2 started when dataset
2023 was uploaded (week 3 and 4), and period 3 started when dataset 2024 was uploaded
(week 5). 38 requests were created in total, 4 requests were rejected, and 8 requests were
withdrawn after LLM reviews. The number of requests increased over time, suggesting
validation requests typically occurred after an initial period of exploratory synthetic-data
analysis.
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Figure 3. Number of requests over time during the pilot.

Figure 4 shows the storyline derived by SCAT on the focus group data. The result
suggests that synthetic findings are perceived as infeasible to publish or apply to educational
practice. The participants reported that real-data validation becomes necessary for such

2 https://github.com/hibiki-i/scat-llm-pipeline-v2
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downstream integration, unless the fidelity of synthetic data is guaranteed. Nonetheless, we
also find challenges in the two-stage workflow. Discrepancies between synthetic and real data
could damage credibility in synthetic data, and transparency in the SDG process shapes the
analysis plan. As a trade-off with privacy protection, the review process can constrain the
speed of research processes.

The participants observed that LLM-generated synthetic data tended to produce hypothesis-
confirming results that are not validated on real data, pointing out the infeasibility to achieve
synthetic-data-alone scientific discoveries and practice applications. This included particular
concerns about longitudinal risk of false-discovery accumulation. To mitigate false discoveries,
participants demanded SDG transparency, which shapes the analysis plan. For conditions when
real-data validation becomes necessary, a participant optimistically viewed future synthetic-data-
alone analysis given sufficient fidelity, while still showing apprehension towards practical and
academic applications without real-data validation. On the other hand, another participant
posited delegation of validity assurance to data providers, demanding either validity guarantee
or real-data validation. Although real-data validation enables scientific publications and practice
applications, a participant experienced damaged credibility of synthetic data with real-data
\invalidation and the constraints on the speed of the research process due to manual reviews. )
Figure 4. Storyline of the focus group. Underlines indicate themes and constructs derived from
participants’ utterances through SCAT, where bolded ones are extracted by LLMs.

4. Discussion and conclusion

We presented a novel data sharing system ReLEAF. By implementing the two-stage data
sharing method, it aims to offer strong privacy protection while maintaining data accessibility
for researchers. Our formative user study suggests that, while synthetic data can support
exploratory analyses, findings would be difficult for researchers to publish or apply to practice,
requiring validation. This indicates ReLEAF’s key trade-off between privacy/operational costs
and societal benefits. Further work would be needed on what concrete benefits ReLEAF may
deliver by offering research opportunities and promoting open science practices and what risks
are accepted by stakeholders as a trade-off. This would inform the design of RelLEAF,
especially output checking of real-data validation.

Additionally, challenges are also identified. As the review process may block speedy
research processes, it would be beneficial to automate part of the process and make the
results and process time more predictable. Improving the quality of synthetic data is also
prioritised, since the lack of fidelity can lead to unnecessary validation requests and damage
credibility of synthetic data. Moreover, future work should also consider longitudinal
sustainability of ReLEAF such as reviewer training.

As limitations of the formative user study, the pilot employed a small sample size, and
participants may not represent the researcher population who would conduct secondary use.
Thus, the results lack generalisability, and more comprehensive, larger-scale evaluation is
needed. Nonetheless, the goal of the study is to generate design insights to inform future
system development rather than to provide reproducible evidence about researcher
behaviour.

In conclusion, to address data access issues with digital infrastructures in education,
ReLEAF is designed for trustworthy secondary use balancing privacy protection with collective
benefits. Our formative study highlights the trade-off between the benefits of reliably publishing
findings and applying to practice and privacy/operational costs, while also identifying
challenges that necessitate further system development. Future work needs to evaluate this
trade-off and address the identified challenges.
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