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Abstract
Concerns about student privacy increasingly limit direct access to
large-scale educational data, prompting interest in data enclaves—
secure environments that enable in-situ analysis without releasing
raw data. While data enclaves are widely used in other domains,
their adoption in educational research has been limited. This pa-
per examines user perspectives on MORF (the MOOC Replication
Framework), a past attempt to create a publicly available, privacy-
preserving data enclave for education data. We report results from
a survey of MORF users. Survey responses indicate that MORF
enabled research that would otherwise have been infeasible: half
of respondents produced publishable outputs using MORF data,
and most reported no viable alternative datasets. At the same
time, users identified substantial barriers to adoption, including
steep learning curves, limited documentation, challenges with data
discovery, constrained debugging workflows, and opaque error
reporting (many of which stemmed from privacy-driven design
choices). User accounts match a prior post-mortem by developers
in some areas but not others: while users agreed with developers
that privacy protections disrupted iterative research workflows,
they were less negative about containerisation and more negative
about data documentation than the developers. We conclude by
identifying important considerations for future educational data
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enclaves, emphasising the need for stronger documentation and
better privacy-preserving debugging support.
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1 Introduction
Concerns about student data privacy remain prominent in discus-
sions about the potential use of large-scale educational data to
support basic research and improve learning experiences [11, 25].
While direct access to data is preferred by many data scientists,
some data is considered too sensitive (by its owners or by legis-
lation) to share, even if a good-faith attempt is made to remove
personally identifying information (PII; [15]). In addition, some
data sets are too large for humans to fully deidentify, humans make
errors in deidentification [31], and even state-of-the-art deidenti-
fication tools do not achieve 100% recall for PII [2, 9, 31]. Other
privacy-preserving techniques, such as differential privacy, offer
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some level of protection but introduce trade-offs in terms of analytic
utility and validity [28]. Yet other approaches attempt to create
secure environments where research can be conducted without ex-
porting data [13]. These approaches, however, consider privacy in
primarily technical terms, leaving fundamentally human-centered
questions unaddressed: how do the measures introduced to protect
privacy reshape and constrain the way researchers work, and can
the systems built to enforce these protections actually be used by
the researchers who depend on them.

We ask these questions in the context of researchers’ use of data
from MOOCs, Massive Open Online Courses. Protecting student
privacy is a legal and normative obligation, but it is not completely
clear which obligations apply to MOOC data. In the United States,
where the platform we will discuss was hosted, the Family Educa-
tional Rights and Privacy Act (FERPA) protects personally identifi-
able information in the education records of enrolled students [6],
but its application to MOOCs is contested: the platforms are not
themselves FERPA-covered institutions, and open-course partici-
pants are frequently not deemed “students” of the offering institu-
tion — leading the U.S. Department of Education’s own chief pri-
vacy officer to observe that MOOC data is seldom FERPA-protected
[30, 32]. Australia has no education-specific equivalent; such data
is instead covered under the general Privacy Act 1988 (Cth) and its
Australian Privacy Principles [23], with state and territory regula-
tions and NHMRC research-ethics oversight also relevant — though
whether these apply to a given dataset turns on whether individu-
als remain reasonably identifiable and on the type of entity (e.g.,
public or private) holding the data. Compounding this complexity,
Australia’s regulatory environment is tightening: the Privacy and
Other Legislation Amendment Act 2024 introduced a statutory tort
for serious invasions of privacy and an explicit requirement for
“technical and organisational measures” to safeguard personal infor-
mation [24]. Given these overlapping and evolving requirements,
infrastructure that never releases raw data may prove particularly
useful precisely because it can support research and open science
practices while protecting participants and limiting institutional
risk.

These challenges have prompted calls for the use of data enclaves
in education—secure, access-controlled environments that allow
researchers to analyse sensitive or confidential data [13]. Such en-
claves typically support in-situ analysis tools while limiting direct
access to, or export of, raw data in order to protect confidentiality
[21]. Managing who may see and use sensitive data, and under
what controls, is itself an active concern in human-computer in-
teraction [3], and data enclaves are currently used across multiple
domains, including healthcare [17, 22], economics [18], and geospa-
tial research [12].

One of the more significant attempts at creating a publicly acces-
sible enclave for educational datawasMORF, theMOOCReplication
Framework [10]. MORF was a joint project of three U.S. institutions:
the University of Pennsylvania, the University of Michigan, and
the University of Denver. At its peak, the platform housed data
from millions of learners enrolled in hundreds of MOOCs and sup-
ported a variety of research studies that would have been difficult
to carry out without access to such specialised data. Nevertheless,
despite the distinctiveness of its data and the research opportuni-
ties it enabled, MORF saw limited adoption beyond the institutions

that developed it [1]. In addition, despite the release of MORF’s
source code, that code has not been used by other researchers or
developers, to the best of our knowledge.

Baker and Hutt [1] offered a perspective, as two of the platform’s
developers, on the factors that may have contributed to limited
adoption. They noted that MORF consistently prioritised partici-
pant privacy, but that this emphasis created a persistent trade-off
in which usability and (to a lesser extent) functionality suffered,
ultimately limiting adoption. They also discussed prospective users’
challenges with the platform’s core workflow—particularly the need
to work through Docker, to plan and implement analyses without
being able to directly view the underlying data, and to debug code
with limited and delayed feedback—frictions that interrupted the
normal iterative cycle of analysis. They further argued that restric-
tions on allowable outputs, while necessary for privacy, constrained
what researchers could do and added additional overhead to the
process of conducting analyses, particularly hampering debugging.
As a result, in their account, initial enthusiasm often turned into
frustration and disengagement, and successful projects generally
required substantial involvement from researchers at Penn orMichi-
gan rather than being conducted independently by external teams.

Developers are not always well-positioned to judge users’ ex-
periences, however: they may not recognise which frictions mat-
ter most, and they may be overly optimistic — or, in this case,
pessimistic — about how a system is actually experienced in use
(cf. [19]). This gap between designers’ and users’ perceptions is
a longstanding concern in human-computer interaction [7] and
is especially consequential for research infrastructure, where the
users are themselves researchers whose work is enabled or con-
strained by design choices made in the name of privacy [14, 27].
Such infrastructure sits at the boundary between two goals that
are frequently in tension — protecting participants and enabling
research — and the choices made at that boundary shape both how
well a platform works and who is able to use it at all. To understand
how this tension is experienced in practice, we surveyed former
users of MORF, with the platform’s developers facilitating access
to past users, about the platform’s benefits and flaws, drawing on
their perspectives to identify considerations for the design of fu-
ture privacy-preserving research infrastructure, in education and
beyond.

2 methods
2.1 Participants and Recruitment
A colleague at the platform team compiled a list of 17 former MORF
users who had used version 2.0 or later [e.g. 10], who had never
been members of the core development team, to contact via email
to take the survey. When multiple members of the same research
team all used MORF for the same research project, only one mem-
ber (the primary contact person) was contacted. The MORF survey
was administered online, with the platform team contacting the
participants on our behalf to protect participant privacy, and was
conducted with the approval of the REDACTED IRB, with all par-
ticipants consenting.

Thirteen former MORF users responded to the email query and
completed the survey, a 76.4% response rate (one participant did
not answer every item; their responses are included only where
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present). Just over half of respondents (53.8%) were external users
who were not affiliated with the institutions that developed MORF
(University of Michigan, University of Pennsylvania, University of
Denver), indicating that MORF was used by researchers beyond
the core development team’s institutions. All of the participants
were students and/or professional researchers. The majority of
respondents (69%) reported having a Master’s degree or lower,
suggesting that many users were graduate students, research staff,
or early-career researchers rather than faculty.

2.2 Survey Composition
The survey1 was composed of 11 short-answer questions, 20 Likert-
scale items, and 4 multiple-choice questions. The questions were
developed to ascertain what users were able to accomplish with
MORF, what worked well, what didn’t work well, and what im-
provements can be made for future data enclave platforms. Likert
questions addressed the usability, clarity of documentation, ease
of completing work using MORF, and satisfaction with access to
data. Six-part Likert Scale questions were used in order to avoid
neutral responses and because of evidence for higher reliability
than five-part Likert Scale questions [5]. Short-answer questions
prompted respondents to describe in their own words what worked
well, what was challenging, and what they would like to see im-
proved in MORF and similar data enclaves. Multiple-choice ques-
tions addressed users’ comfort level, ease of use, efficiency, and the
user-friendliness of the platform. Participants were not required
to respond to all questions, and many participants responded to
only a subset of questions (more specifically, 6 participants did
not answer all questions, and 15 questions were not answered by
all participants). For each item, percentages reported below are
calculated only out of the participants who responded to that item.

2.3 Analysis
Likert and multiple-choice responses were summarised descrip-
tively. Short-answer responses were analysed qualitatively: two
of the authors reviewed the responses and, through discussion,
grouped them into recurring categories reflecting what users val-
ued, found difficult, or wished to see improved; we report the
proportion of respondents whose comments fell into each cate-
gory. We conducted interpretive categorisation, as opposed to a
deductive qualitative coding with formal inter-rater reliability sta-
tistics, because of the small sample size and the lack of an existent
qualitative codebook, and because the responses were brief and
largely unambiguous. Our aim was to characterise the range of
user experiences rather than to establish a replicable coding scheme
[16]. This methodological choice is characteristic in well over half
of qualitative research conducted in the HCI community [16].

3 Results
We organise our findings around three areas: (1) how researchers
used MORF, (2) the strengths in the platform that they valued, and
(3) the challenges they encountered. A recurring pattern, which we
take up in the discussion, is that the friction users experienced arose
less from the privacy mechanism itself than from the surrounding
documentation and tooling.
1Available online at https://osf.io/pjmuv/overview?view_only=b4b12a8f39084afebd20bcc50f318cc4

3.1 Uses of MORF
The users reported using MORF for a wide range of research topics,
including bias and fairness (17%), tool development (17%), and
dropout prediction (17%), student behaviour (17%), to test machine
learning algorithms (8%), for “teaching & experimentation” (8%), to
understand data management (8%), to study academic work (8%),
and for “learning analytics” (8%).

50% of respondents indicated that they had successfully pub-
lished at least one paper, poster, or other research output that relied
on MORF data. This suggests that, for a subset of users, MORF was
instrumental in producing tangible scholarly work.

3.2 Perceived Strengths of MORF
Overall, survey respondents reported that they liked having ac-
cess to the large and unique MOOC database, something that they
previously could not access prior to the creation of MORF. One
user wrote “The access to MORF database was a huge help”, while
another said “I really liked the fundamental idea. Being able to
have access to datasets folks may not otherwise have access to,
with build-in functionality (although limited) to carry out analyses.”
41.7% of users saw access to a large dataset as a key benefit of
MORF, stating that its benefits included “Easy-ish access to large
dataset”, “access to historical student data”, and “Support multiple
researchers for their research projects; streamline data retrieval
processes”.

The use of Docker was seen as a strength by some users, with
one user stating “Docker is easy to debug so it was a good developer
experience”, and another user noting “I think the best part was the
dockerized portion that allows any language to be used” (though
this second user was generally negative about MORF otherwise).
The code examples were also seen as a plus by some users, with
one user noting “As I recall the code samples were really easy to
get started with.”

One survey question asked participants if they were “able to do
the same research (more or less) with another data set afterwards?”
– 10 of 12 respondents responded “no”, indicating that for these
users, there was not a viable alternative to MORF. 10 of 12 respon-
dents also responded “high” to a question asking if “Data Utility”
was “high”, “medium”, or “low” – the other two both responded
“medium”.

3.3 Challenges and Areas for Improvement
Many users also identified challenges and areas of improvement
in a range of areas. First, users found it difficult to navigate the
data guides (which came from the original MOOC platforms, e.g.,
Coursera, rather than from MORF developers) and understand
where the data originally came from. One user stated, “I hate to say
this, but MORF was difficult to use at the beginning, and the data
guide was not very user-friendly.” Another user stated that “There
is no comprehensive data guide, so you need a specific expert to
connect you to it for research… The variables you need are usually
scattered across different tables, which can make them hard to find.”
A third user specifically requested a different “clear data guide”
which would “explain what is in each table and how to extract
data from it.” A fourth user asked for “Having a codebook of all
the variables in the database.” Users also said that having sample
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data values or synthetic data that they could download would have
facilitated analysis.

Documentation of the MORF platform itself was another limita-
tion identified by users. When asked “What changes to the MORF
system would make it more broadly used?” two users responded
that MORF designers should “Improve the documentation available
within the system” and “Provide better documentation.” Another
user said “the main limitations I found was the not clearly docu-
mented access and usage docs for usingMORF API… Due to unclear
documentation, it became a challenging task”.

Data extraction (pulling data from the database into a format
ready for input into analysis code) was also difficult for some users.
One user said “There is a steep learning curve to get familiar with
it in order to create the auto-data extraction process. Once you get
the hang of it, it becomes easier to use (though I think I have still
explored less than 40% of the data stored in the database)”. Another
user recommended that MORF developers “Make data extraction
easier.”

The overall quality of the data provided by the MOOC vendors
was also an issue. Some users reported that they observed duplica-
tion or inconsistency in tables; one user stated that “there were alot
(sic) of seemly dupliciated vairables (sic) and it was always unclear
to me which ones were correct and should be used” and further
suggested “Having rollup tables that aggregated basic data at the
student level and course levels across all courses/students. (e.g. stu-
dent table: student, course, start date, end date, complete, passed,
number of assignments completed…. etc.). Having example queries
with variables that researchers tend to use.” One user suggested
“I think richer data would help. Which isn’t really a criticism of
MORF so much as MOOCs themselves.”

Though some users liked the availability of Docker containers,
another user found it “hard to work with the docker containers.”
Even after using the platform, two users expressed uncertainty as
to what Docker containers were, suggesting that they may have
used the code examples sufficiently smoothly to not have had to
engage with Docker directly. These responses indicate a variety of
levels of expertise among the MORF users. Unfortunately, while we
asked about educational level in the survey, we did not ask about
participants’ levels of machine learning or programming experience
andwere therefore not able to explicitly compare responses in terms
of this.

One user noted that better support for debugging their code was
needed: “there were a lot of issues with bugs that I couldn’t solve
myself and getting in touch with someone who had access to the
servers to debug was extremely difficult.” This issue had to do with
the difficulty of debugging without access to unrestricted outputs;
any outputs beyond a standard set of approved libraries, including
debugging code, had to be checked and approved by a member of
the core development team, who was sometimes unavailable. This
user also said that, contrary to other respondents, they were able
to accomplish “not much” when using the platform. Another user
said that “in the initial days of my usage you couldn’t really see
an error message! If you code failed it just did” while another said
“decoding some error messages (e.g., internal server error)… would
be extremely useful for researchers” and a third said “also, the error
logs for MORF are hard to decode.”

Relatedly, several users recommended increasing the number
of output functions and tools for exploring the model. This was
experienced by the development team as a continual challenge
as well, to review code, consider possible misuses and risks, for
making a broad number of output functions available.

Database downtimewas brought up by one user, who stated, “The
main obstacle for me was the connectivity issues I encountered.”,
though another user treated this as a limitation of a specific version:
“A couple of years ago, it was almost impossible just to establish
communication with the most recent database… and conduct any
analysis.”

4 Discussion and conclusions
Taken together, the findings from this user survey both corroborate
much of the post-mortem perspective on MORF offered by Baker
and Hutt [1], but also diverge in key ways. There was substan-
tial agreement between developers and users that the platform’s
prioritisation of privacy protection introduced significant friction
into everyday research workflows, ultimately reducing usability.
Both developers and users identified difficulties related to debug-
ging, limited visibility into data, restrictions on outputs, and how
these limitations disrupted the normal iterative cycle of analysis.
Users’ accounts of delayed or opaque error messages, constrained
diagnostic outputs, and dependence on the availability of technical
support from the development team all echo developers’ concerns
that MORF’s safeguards imposed costs that were often not ade-
quately mitigated by either tool support or documentation [e.g.
1].

At the same time, the user perspective reveals several important
differences in emphasis. In particular, the developers appear to have
overestimated the degree to which Docker itself was perceived as a
primary barrier – a divergence consistent with the long-recognised
tendency for those who build a system to misjudge which of its
aspects users will find most difficult [7]. While some users did
report difficulty working with Docker containers, others described
Docker as a strength, noting its flexibility, portability, and support
for multiple programming languages. Notably, the users accessed
MORF prior to widespread availability of Artificial Intelligence in
Integrated Development Environments (e.g., Antigravity, Codex,
Claude Code). This current availability may reduce barriers to us-
ing systems that require Docker Containers and multiple coding
languages. Two users were able to rely on the provided examples
without engaging deeply with containerisation at all, suggesting
that Docker functioned as a largely invisible infrastructure layer
for these researchers rather than an obstacle. This pattern is charac-
teristic of infrastructure more broadly, which tends to recede from
view until it breaks down and becomes visible as an object of con-
cern [27]. The core usability challenges of MORF were less about
containerisation per se than about the surrounding ecosystem that
became salient when analyses failed to function – documentation
quality, data guides, debugging affordances, and the clarity of sys-
tem feedback. This finding highlights the importance of collecting
user feedback systematically (as done here) rather than relying
solely on informal reports, which may disproportionately represent
frustrated users. However, another possible interpretation of this
finding is that the users were more positive about Docker because
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many researchers who were uncomfortable with the idea of using
Docker did not attempt to use the platform at all. These individuals
would not have shown up in a survey of past users. As such, limi-
tations in the platform’s usability not only shaped how effectively
researchers could accomplish their goals, but also played a major
role in determining who was able to use the platform for research
at all.

Users were also more positive than the developers about the
value proposition of the platform itself. A majority of respondents
reported that MORF enabled research that they could not have
conducted otherwise, and half produced publishable outputs using
MORF data. This indicates that despite the substantial barriers to
use, the uniqueness and scale of the data were sufficient to justify
the effort for some researchers – particularly graduate students
and early-career researchers without the resources to collect their
own data sets, or seeking affordable (in this case free) access to
otherwise unavailable datasets (explicitly mentioned by several par-
ticipants), or investigating research questions uniquely addressable
with MORF data (also mentioned by several participants). However,
the fact that successful projects often required persistence and sup-
port from the development team (the human infrastructure that,
in practice, often makes technical infrastructure usable [14]), as
well as the very limited number of past users available to survey,
reinforces the developers’ viewpoint that MORF did not scale well
to independent external use.

These findings suggest several design implications that develop-
ers of privacy-preserving research infrastructure must address if
such platforms are to serve a broad community of researchers, in
education and beyond. First, enclaves must support iterative devel-
opment and debugging workflows that more closely approximate
standard data science practice, even under strict privacy constraints.
This includes clearer, more informative error reporting, tools that
enable fast feedback cycles, and privacy-preserving mechanisms
for exploratory analysis and diagnostics. As part of this, a broader
range of output functions – and faster processes for validating new
output functions – are essential, as both developers and users noted.
Second, comprehensive, researcher-oriented documentation is also
needed, both for the enclave and for the underlying data. This
factor was more heavily emphasised by the users than by the devel-
opers. Users also discussed the need for clear codebooks, example
queries, sample values, synthetic data examples, more streamlined
data structures, cleaner and more consistent data, and higher-level
“roll-up” tables to reduce the cognitive and technical burden of data
discovery. While many of these can be provided by a platform,
limits in documentation and data quality go beyond what devel-
opers can address by themselves and indicate a need for greater
partnership between enclave developers and the learning platforms
contributing data to maximise the potential benefit for researchers
[20]. Established frameworks such as the FAIR principles (findable,
accessible, interoperable, reusable) offer a useful starting point for
structuring such partnerships and guiding shared standards for
data documentation and quality [20].

Finally, enclave designers must explicitly plan for user indepen-
dence at scale. Platforms should minimise reliance on informal
developer intervention (for instance, to interpret error messages
and check debugging output for PII) and instead embed better sup-
port, guardrails, and guidance directly into the system. Human

technical support may be warranted in the early stages of platform
development, but this approach creates frictions even when suffi-
ciently resourced and is unsustainable in the longer term. For exam-
ple, future enclaves could invest in automated privacy-preserving
error reporting systems that can intelligently redact sensitive in-
formation from error messages while preserving diagnostic value
(cf. [26]). A complementary direction targets the documentation
and data-discovery burden that users identified as a central obsta-
cle. Community mechanisms such as forums in which researchers
share workflows, example queries, and hard-won knowledge of the
data - could make it easier for researchers to pick up the expertise
that MORF users had to obtain individually from the development
team, formalising part of the human infrastructure the platform
implicitly relied on [14]. This accumulated knowledge might in
turn form a natural basis for creating a human-AI collaboration
tool, such as an assistant that learns from shared workflows and
prior queries/responses, and then helps researchers locate relevant
variables, interpret opaque error messages, and navigate unfamiliar
data structures [e.g. 29].

Overall, while the example of MORF shows how difficult it can
be for enclaves to reduce barriers for users without compromising
privacy, the success of enclaves in other fields [8, 21] suggests
that careful attention to usability and researcher workflows can
meaningfully shift the balance. There are many cases where direct
data sharing is infeasible, and enclaves represent an alternative way
for researchers to access the data they need. MORF’s experience
demonstrates that researchers are willing to work within privacy-
protecting constraints when the data and research opportunities
are sufficiently valuable. If sufficient usability can be achieved, and
the value of the data is clear, a broader community of researchers
can be empowered to conduct important research on sensitive data,
while protecting the privacy of the learners and instructors (and
other types of participants, in non-educational domains) whose
data makes the research possible.
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