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Open sharing of research data is crucial to advancing our understanding of the human
brain and discovering treatments for neuropsychiatric disorders. It is critical, however, to
balance these goals with participant rights to privacy and confidentiality. We discuss the
ethics of practicing open neuroscience at Baycrest Academy for Research and Education
(BARE), a small but prominent Canadian neuroscience research institute based in a
geriatric hospital. Through a systematic documentary analysis of applications for ethical
approval, consent forms and study protocols from 244 studies, we report on data sharing
trends and participant consent rates at the institute. We found that overall, 52% of these
studies planned to share data. Following a significant increase over recent years, over
60% of the 91 studies launched since 2023 have data sharing plans, of which 80% (44/55)
are obtaining optional consent. Analysis of optional consent rates from 2912 participants
enrolled in 33 studies revealed that over 98% agreed to sharing their research data for
unspecified future use. In addition to setting a benchmark for open data sharing in
Canadian neuroscience institutes, we provide actionable recommendations for institutes
to support their researchers in sharing neuroscience data openly, ethically, and
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responsibly.

INTRODUCTION

Sharing research data is a core pillar of open science. In
neuroscience, open data is proving crucial to the field’s
massive efforts towards building a comprehensive under-
standing of normal brain function as well as discovering
the mechanisms underlying and treatments for a host of
devastating neurological and psychiatric disorders. The re-
use of existing data is accelerating the speed of discovery,
enhancing statistical power (by pooling data across stud-
ies), and improving the quality of scientific research via in-
creased transparency, reproducibility and replicability. De-
spite these many benefits to the neuroscientific endeavor,
there is a tension with participant rights, due to increasing
concerns about data protection and privacy of neurological
information (neurorights!). Ethical research frameworks
emphasize the need to protect participant rights to privacy
and confidentiality. As such, it is crucial that participants
make informed choices based on clear information about
the future uses of their data, the protection of their iden-
tity, and the risks of re-identification. In this paper, we dis-
cuss the evolving ethics of practicing open neuroscience

in the Canadian context, from the perspective of Baycrest
Academy for Research and Education (BARE), a small but
prominent neuroscience research institute based in a
Toronto geriatric hospital. We report the results of a sys-
tematic analysis of study protocols that reveals data sharing
trends and participant consent rates at the institute, setting
a benchmark for open science consent practices in Cana-
dian neuroscience research institutes.

ETHICAL OPEN NEUROSCIENCE IN THE CANADIAN
CONTEXT

In Canada, scientists must comply with the Tri-Council Pol-
icy Statement on Ethical Conduct for Research Involving
Humans (known as TCPS-22). Although this policy aligns
with international ethical standards, the interpretation of
the guiding principles has some unique implications for
the practice of open data sharing. Participant autonomy in
research must be respected whether they are directly in-
volved in research or their data is being used in secondary
research. Researchers must obtain participant consent to
retain their data for future use - including in studies by
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the researchers themselves that diverge from the stated re-
search questions in the original consent. Research Ethics
Board (REB) review is required before re-using data, even
if those data were originally collected outside of Canada.
Participants should have, at the time of data collection,
provided consent for their data to be re-used; if not, re-
searchers may be required to seek consent for re-use. An
emerging ethical issue under the TCPS-2 framework is that
data shared in online repositories is not usually accompa-
nied by details regarding participants’ original consent to
re-use their data.>

Privacy includes the right to determine and control how
data about oneself will be used. To that end, researchers
must provide participants with sufficient information about
data sharing to facilitate as complete an understanding as
is reasonably possible, including the intended audience and
methods of sharing, whether they will be asked to provide
separate consent for future use, the extent to which fu-
ture uses are known, and the possible risks (Articles 3.2 and
3.13, TCPS-22). Typically, not all future uses are known -
especially if the data is to be shared for re-use by others -
and the risks associated with data sharing cannot be fully
known as new risks will invariably emerge over time. In or-
der for consent to be informed, individuals need to under-
stand that there may be risks that are currently unknown,
and they do not, and will not, know all the ways in which
the data may be used.4

Some primers on ethical data sharing recommend that
broad consent for unspecified future use should be rou-
tinely obtained from participants.>¢ It is recommended
that researchers avoid promising that data will not be
shared; with more journals requiring data sharing for the
purposes of reproducibility, this may hinder publication.
Moreover, researchers should not promise that future
analyses will be constrained to certain topics, as this limits
the usability of data. However, broad consent for unspec-
ified future use brings with it additional ethical consider-
ations. Under TCPS-2, researchers must consider that, if
broad consent for data sharing is a condition of participa-
tion, then there is a risk of coercion to share data, particu-
larly if the study holds benefits for participants (e.g., clin-
ical trials).” Moreover, individuals should not be excluded
from participation only because they do not wish to share
their data. Therefore, it is recommended that Canadian re-
searchers separate consent for data sharing from consent
for study participation. As such, consent templates that are
developed outside of the Canadian context that have open
data sharing as a mandatory condition of study participa-
tion, such as the Open Brain Consent Template,8 are no
longer aligned with TCPS-2.2

The need to obtain separate consent for unspecified fu-
ture use is somewhat at odds with open science best prac-
tices. One concern the BARE Open Science Committee
raised with Canada’s Panel on Research Ethics is that if
some participants decline to provide broad consent, then
the published findings will not be reproducible from the
partial dataset that is permitted to be shared with the sci-
entific community (the Request for Interpretation submit-
ted to the panel is available at https://osf.io/zg249/files/).

Given many journals require data to be shared, some re-
searchers may exclude from analysis the data of partici-
pants who did not consent to data sharing, so that the pub-
lished study results align with the shareable portion of the
collected data. Clearly this practice has negative ethical im-
plications, including the lack of transparency, irresponsi-
ble use of participant time, and wasting research funds to
collect data that will not be used. The Panel clarified that
broad consent is not required to share data with a jour-
nal for verification in the context of peer review, such as
error detection and reproducibility.” However, it is often
the wider scientific community who undertakes these forms
of verification (e.g., see® for examples of reproducibility
projects) and the open sharing of complete datasets fa-
cilitate these reproducibility efforts.10 The Panel did con-
cede that researchers can make a case to their REB for
data sharing to be a condition of participation, such as
when the study objective is to create a large shared dataset
(e.g., Canadian Consortium on Neurodegeneration and Ag-
ing, CCNA1l), but that mandatory data sharing should be
an exception.

Another related concern is that explicitly asking partici-
pants for consent to share data may encourage participants
to opt out of data sharing, further compounding this issue.
In contrast to this perception, however, a number of studies
have found that participants are generally in favor of shar-
ing both research datal?13 and routinely-collected health
datal415 for the benefits of advancing scientific knowledge
and helping others. Although it has been stated that most
patients want their data made available in order to accel-
erate the development of treatments and cures,!® and opt-
in rates have been estimated at 90% for neuroscience stud-
ies,17 we are not aware of any studies reporting data on the
rates at which participants actually opt-in to data sharing
in neuroscience research.

BALANCING DATA SHARING WITH PARTICIPANT
CONFIDENTIALITY IN NEUROSCIENCE RESEARCH

Open data sharing is built on the FAIR principles — that
shared data be Findable, Accessible, Interoperable and
Reusable.l8 Accessibility is often interpreted as public ac-
cessibility, but this may not always be appropriate. Pro-
tecting participant confidentiality and privacy is central to
ethical data sharing and becomes paramount when data
are sensitive and its disclosure may harm participants.1?
Jwa and Poldrack?0 argue that neuroscience data — which
includes medical information including diagnoses of neu-
ropsychiatric conditions, measures of cognitive functioning
(e.g., on neuropsychological tests or experimental cognitive
tasks) and various modalities of brain imaging (e.g., elec-
troencephalography  [EEG], magnetoencephalography
[MEG], magnetic resonance imaging [MRI], positron emis-
sion tomography [PET]) to measure brain structure and
function — are particularly sensitive.8 For instance MRI im-
ages can be inherently identifying, capturing the physical
form of the face and skull, hence skull-stripping being a
best practice for de-identifying data.2! Even so, unique gy-
ral folding patterns captured by structural MRI images can
enable the matching of participants across MRI datasets,
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and could potentially be used for re-identification with de-
velopments in artificial intelligence.22 Brain images not
only reveal existing health conditions and estimated brain
age,23 they can also be used to estimate the risk of future
neurological and psychiatric conditions. For instance, a sin-
gle MRI at age 45 can be used to predict future physical
frailty, chronic diseases and mortality.24 Moreover, images
capture brain abnormalities with high specificity that, if
rare in type and location, could be potentially identifying
(e.g., an abnormality in a circumscribed brain region).

Jwa and Poldrack?0 raise the issue that unlike other med-
ical data, neuroscientific data is particularly intimate — be-
ing central to one’s identity and personhood - and the
potential for decoding one’s thoughts, mental states, or
personality characteristics from patterns of functional ac-
tivity could be a violation of mental privacy. They note
that the risks of decoding may be more conceptual rather
than actual, at least for the time being, however their dis-
cussion highlights important considerations for neurosci-
entists planning to share imaging data. For instance, func-
tional MRI (fMRI) studies of autobiographical memory
involve participants recalling past personal experiences
both inside and outside of the scanner.25 Transcripts of au-
tobiographical memories must be rigorously de-identified
before they can be shared or data use agreements must be
in place.26 Presumably the same protections should be ap-
plied to the fMRI correlates of these memories if future de-
coding technologies could render these neural patterns as
memory “transcripts”.

Some of these issues highlight the need for researchers
to approach data sharing with intentionality and responsi-
bility. It is important to consider that within a single study,
different methods may be appropriate for sharing different
data types, depending on the sensitivity of the data and
potential for re-identifiability. This granular approach can
also be applied to consent, such that participants are given
the opportunity to decide which types of data they are will-
ing to share.20

OPEN SCIENCE AND DATA SHARING AT BARE

BARE is situated on the campus of Baycrest, a geriatric hos-
pital in Toronto, Canada, and is composed of the Rotman
Research Institute (RRI) and the Center for Education. RRI
is home to around 23 principal investigators conducting re-
search on aging, cognitive neuroscience, and brain health.
Researchers have access to multiple onsite neuroimaging
methodologies (3T MRI, MEG and EEG), and several spe-
cialized centres including the Kimel Family Centre for Brain
Health and Wellness,27 the Anne and Allan Bank Centre for
Clinical Research Trials, and the Ben & Hilda Katz Interpro-
fessional Research Program in Geriatric and Dementia Care.
RRI also hosts multi-institute neuroscience initiatives such
as the CCNA. The Centre for Education also conducts re-
search projects, and Baycrest Hospital also has a number of
clinical researchers. All research activities involving human
participants at RRI and Baycrest Hospital must be reviewed
and approved by the Baycrest REB.

Over the past 5 years, BARE has been developing an
Open Science initiative with funding from the Tanenbaum

Open Science Institute.28 A key component of this work
has been developing a close partnership between the BARE
Open Science Committee and the Baycrest REB to integrate
open science considerations in REB processes. To date, ac-
tivities have included: (1) adding dedicated sections on data
sharing and future data use to the REB application form; (2)
approving template consent language for data sharing that
follows TCPS-2 guidelines (as described above); (3) adding
a new question to the REB Annual Report to systematically
track the number of participants consenting or declining
to share their research data; and (4) reporting data sharing
consent rates to the BARE Open Science Committee.

THE CURRENT STUDY

To the best of our knowledge, there has not been a system-
atic investigation of the number of neuroscience studies
with plans for data sharing, and the rates at which partici-
pants consent to data sharing when it is optional (i.e., not
a mandatory part of study participation). The aims of this
research are twofold: (1) to report statistics on data sharing
plans and consent rates at a Canadian neuroscience insti-
tute; and (2) investigate the factors that influence whether
researchers plan to share data and whether, if given the
option to choose, participants consent to share their data
for unspecified future use. Importantly, this study will es-
tablish a benchmark for open science consent practices in
Canadian neuroscience research institutes, and provide
data to inform decisions made by researchers and REB
about sharing data for unspecified future uses.

In this quantitative documentary analysis, we reviewed
the files of all currently active projects lodged with the Bay-
crest REB, examining the content of data sharing plans and
consent forms. Documents from healthcare institutions are
a rich source of written data on how organizations organize
and implement services2? — in this case, open science prac-
tices within research conducted under the oversight of the
Baycrest REB. We systematically coded a number of vari-
ables including the study population, types of data to be
shared, whether data sharing was optional, and if so the
rates at which participants opted out of data sharing.

We hypothesized that plans for data sharing would be
less likely for highly identifiable data (e.g., audio or video
data), more sensitive data (e.g., neuropsychological test
data, biological samples) and studies involving vulnerable
populations (e.g., patients with neuropsychiatric or other
health conditions). We also explored whether data sharing
plans varied by study design and whether or not testing
involved an in-person component. We expected that data
sharing plans would be more likely in newer studies given
the increasing awareness and uptake of open science prac-
tices,30 and that for those studies planning to share data,
that the provision of optional consent would be more com-
mon since the change in TCPS-2 in 2023. We also predicted
that data sharing would be most common in studies being
run at the RRI; working primarily in the fields of neuro-
science and psychology, these researchers likely have more
knowledge of open science than those based in other parts
of Baycrest (e.g., Centre for Education, Baycrest Hospital).
Finally, in line with previous studies indicating high partic-
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ipant support of data sharing reviewed above, we expected
rates of consent for data sharing to be high; we did not have
a clear hypothesis as to whether consent rates would vary
according to study population.

METHODS

The current study was not pre-registered. REB approval was
not required. Data and analysis code are available on Open
Science Framework (https://osf.io/zg249/).

SAMPLE

Figure 1 provides a flow chart of the REB project files and
studies included or excluded from each analysis in this
quantitative documentary analysis. Screening of the 347 re-
search project files held by the Baycrest REB resulted in
the exclusion of 172 files for reasons such as being inactive
in 2025, not having sufficient documentation to code for
the variables of interest (i.e., REB application form, study
protocol, and approved consent forms), involving only sec-
ondary analyses of existing data (i.e., no collection of pri-
mary data from participants), or being out of scope (e.g.,
projects assessing general participant eligibility for sub-
sequent studies, or program evaluation). The final sample
comprised 175 REB files; 19% of these projects included
multiple studies, for a total of 244 studies that were ex-
amined for their data sharing plans. As shown in Figure 1,
studies were further filtered for analyses on provision of
optional consent and participant consent rates. For studies
providing optional consent for data sharing, we extracted
from annual reports (if available in the REB file) the re-
ported rates at which participants agreed to share their
data. Note that these data were only available for 42% of
the studies using optional consent for two main reasons:
(1) reporting optional consent rates is a new section in the
Baycrest REB annual report and over a third of studies shar-
ing data started in 2024-2025 and had not yet submitted
an annual report; and (2) some studies submitting an an-
nual report had no data to report (e.g., recruitment had not
started).

DATA EXTRACTION AND CODING

The documentary analysis involved the extraction of data
and coding of 15 variables shown in Table 1. One researcher
(D.G.) coded all REB files. First, a subset of 5 REB files were
coded and discussed with two senior researchers (D.R.A.
and N.D.K.) to ensure consensus. Any queries about coding
subsequent REB files were resolved by consensus (D.G. and
N.D.K.).

We used the year of the initial REB application as an es-
timate of when the study was started. We grouped the year
data in two ways: firstly into four 5-year bins, and secondly
into those that started prior to 2023 and those that started
on or after January 1, 2023. This latter distinction was made
for two reasons: in 2023, the new TCPS-2 requirement for
a separate consent option when obtaining broad consent
for unspecified future use of data came into effect, and

the Baycrest REB introduced template consent language for
open science data sharing3! as part of our open science ini-
tiative at BARE.

Study population was coded according to the perceived
vulnerability of the participants within the study context.
We categorized any study that recruited participants under
the age of 18 years (whether participants had a health con-
dition or not) as ‘youth’, even if the study involved adults.
Any study enrolling adult participants with a health condi-
tion were categorized as ‘patient’; in the majority of these
studies, the health conditions related to memory impair-
ment (including subjective cognitive decline, mild cognitive
impairment, dementia, amnesia) or another neurological
or psychiatric condition; some studies focused on geriatric
conditions such as hip fractures or pressure injuries; and
a few studies included health conditions with implications
for neurocognitive function such as bilateral salpingo-
oophorectomy). Studies enrolling healthy adults of any age
over 18 years were categorized as ‘healthy’, unless these
participants were tested in their work capacity (e.g., health
care professionals, carers) in which case they were classified
as ‘worker’. Although we had planned to examine studies
on healthy older adults separately from studies testing only
healthy younger or middle-aged adults, a non-trivial por-
tion of studies only stated that they were planning to re-
cruit healthy adults aged 18 years or over without specify-
ing if this group included older adults.

We coded the data type(s) collected in a study. ‘Alphanu-
meric’ data is a very broad category that includes, for in-
stance, performance metrics on experimental tasks, survey
responses, and all kinds of derived data (e.g., fMRI signal,
coordinates, volume of brain regions). ‘Neuropsychological’
data was coded separately from alphanumeric data given
these include pencil and paper records of performance and
are considered more sensitive in that these are clinical
tests. ‘Audiovisual’ data were audio- and video-recordings
as well as photographs of participants. ‘“Transcripts’ were
narrative data, and although usually derived from audiovi-
sual data they were coded separately because direct iden-
tifiers (face, voice, etc.) were no longer present. However,
these data were not collapsed with alphanumeric data given
the often sensitive content of transcripts, reflecting conver-
sations and interviews with researchers. Note that a con-
centration on memory research at BARE means that many
of these transcripts describe autobiographical memories of
personal experiences. ‘Biological samples’ included blood,
cerebrospinal fluid, saliva and urine samples. ‘Brain imag-
ing’ methodologies were EEG, MEG, structural and func-
tional MRI and PET. ‘Other’ data types eye-tracking and
DEXA scans to assess bone strength.

The level of data identifiability referred to whether data
were de-identified (i.e., coded with a participant number),
anonymized (i.e., the key linking participant codes with
identity is destroyed), anonymous (i.e., no identifiers were
ever recorded, such as in online studies); or identifiable
(i.e., some identifiers remain to, for instance, provide link-
ages across national datasets).

Documents were examined to determine whether any
of the data types collected were going to be shared. For
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Figure 1. Flow chart outlining the screening of REB files and exclusions, as well as the numbers of studies (following
relevant exclusions) included in each of three analyses: Analysis 1 which examined the factors influencing the
probability of studies planning to share data for unspecified future use; Analysis 2 which examined whether year of
submission influenced the probability that studies planning to share data provided optional consent; and Analysis 3
which examined the factors influencing consent rates.!Program evaluations and assessments of general participant
eligibility for subsequent studies were considered out of scope.219% of the 175 project files contained 2+ studies.323
studies were not yet required to submit a report; and 23 studies had no data to include in their annual report (e.g., yet to

recruit participants).

studies planning to share data, we then examined the con-
sent form to determine whether a template was used for
the section on data sharing, and whether participants were
provided with information about open science to give the
broader context in which data sharing was to occur. Infor-
mation about open science included statements that data
sharing would allow other researchers in the scientific com-
munity to conduct future research studies on the topic or to
explore additional or new research ideas, as well as state-
ments about the general aims of open science such as ad-
vancing scientific progress, building knowledge and im-
proving health; increasing  transparency and
reproducibility; enabling replications; and to encourage
collaborations. It was determined whether the intended au-
dience for the shared data was internal or external to the
institution. We coded whether a data repository was men-

tioned, and if so, whether a definite repository was named
or examples of repositories being considered were provided.
We coded whether data sharing for unspecified future use
was optional or a mandatory condition of study participa-
tion, and for studies where it was optional, whether the
consent question was posed as an opt-in, opt-out, or yes/no
decision. Finally, we coded whether data on optional con-
sent rates were available, and if so, these data were ex-
tracted for further analysis.

STATISTICAL ANALYSES

Analyses were computed in R (version 4.4.3).32 Although
the data have a nested structure, most PIs and most REB
projects were only associated with a single study, and thus
mixed effects models specifying either PI or REB project
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as a random effect failed to converge. Therefore the re-
ported models include only fixed effects. Multivariate lo-
gistic regressions were computed using the glm() function.
To determine the factors that predicted the likelihood of
whether or not a study planned to share data for unspeci-
fied future use, the regression model had 11 predictors (see
Table 2) including separate predictors for each data type
(because a single study could have multiple data types).
To examine the factors predicting the likelihood of partic-
ipants consenting to share their data, we ran another lo-
gistic regression with three predictors. For each multivari-
ate logistic regression, the significance of each predictor
was assessed using a type-III ANOVA as implemented in
the Anova() in the R package ‘car’ (version 3.1-2).33 For
any significant predictors, we compared the levels of that
factor to a reference level while controlling for all other
predictors in the model using the R package ‘emmeans’
(version 1.10.4).34 Finally, for the analysis of whether pro-
vision of optional consent changed before and after 2023, a
chi-squared test was computed. R packages ‘dplyr’ (version
1.1.4)3 and ‘tidyr’ (version 1.3.1)36 were used for data ma-
nipulation and ‘ggplot2’ (version 3.5.2)37 was used for visu-
alization.

RESULTS

DESCRIPTIVE STATISTICS

An overview of the studies included in the documentary
analysis is provided in Table 1. Unsurprisingly, two-thirds
of the studies are part of research projects being conducted
at the RRI, and given only active studies were considered,
two-thirds of these projects were started in the past 5 years.
The majority of studies (75%) had observational as opposed
to interventional (25%) designs, and 72% of studies had
an in-person component. Almost half of studies (44%) en-
rolled adult participants with health conditions (i.e., pa-
tient populations) and another 40% tested healthy adults;
very few studies tested youth (4%) or workers (12%).
Alphanumeric data was the most common type of data,
collected by 93% of studies. In line with the neuroscience
focus of BARE, 35% of studies included some form of brain
imaging (e.g., EEG, MEG, MRI, fMRI, PET) and another 41%
collected neuropsychological test data. Less frequent data
types were audiovisual (20%), biological samples (10%),
transcripts (15%) and other (7%). The majority of studies
(90%) used de-identification to protect confidentiality,
which is unsurprising given that the in-person nature of
most neuroscience studies (e.g., neuroimaging, neuropsy-
chological tests) do not allow for anonymous data collec-
tion, and anonymization is prohibitive to longitudinal
tracking of participants with health conditions.
Approximately one-half (52%, n=128) of the 244 studies
planned to share data for unspecified future uses; of the 91
studies launched since 2023, over 60% have data sharing
plans. Our examination of the consent forms in these 128
studies indicated that only 23% used a template consent
form designed to explain data sharing to participants, and
56% of studies framed data sharing in the broader context

of open science. In almost all cases (97%), data were in-
tended to be shared with an audience external to the in-
stitution. Although 55% of the studies planning to share
data mentioned a repository in the consent form, mostly
this was the provision of example repositories that might
be used. By and large, Open Science Framework (OSF) was
the most frequently named repository (n=31 of 47 reposi-
tory mentions); this was followed by internal infrastructure
(n=5), Canadian repositories for neuroscience data (e.g.,
Brain-CODE, n=4; CCNA, n=3), University of Toronto’s
Scholars Portal Dataverse (n=2), and OpenNeuro (n=2).

We found that 62% of these studies (i.e., 79/128) sepa-
rated consent for data sharing from consent for participa-
tion; that is, data sharing was optional rather than manda-
tory. This percentage was 80% for studies launched since
2023 (i.e., 44/55). Most commonly across the 79 studies,
this consent decision was posed as a yes/no question (57%),
with other studies using opt-out (25%) or opt-in (18%) for-
mats.

WHAT TYPES OF STUDIES ARE MORE LIKELY TO SHARE
DATA?

We examined a number of factors that could potentially in-
fluence the probability that studies planned to share data
for unspecified future use; full results are shown in Table 2.
The overall model with all factors was significant (p < .001).
First, the 5-year time window during which the study was
started, as indexed by the year of the REB application, had a
significant effect on data sharing plans (p < .001; see Figure
2A). Relative to studies launched between 2002 and 2007,
data sharing was more common in studies started after
2014. Specifically, the predicted probability of data sharing
for studies started in 2014-2019 (0.47) was 3.32 times more
likely than those started in 2002-2007 (0.14). Similarly, the
probability of data sharing for studies started in 2020-2025
(0.52) was 3.72 times more likely than for those started in
2002-2007 (0.14). There was a strong effect of the institu-
tion on data sharing rates (p < .001). Relative to studies run
at the RRI where the predicted probability of data sharing
was 0.60, data sharing was 2.84 times less likely in studies
being run at Baycrest hospital (0.21), 4.30 times less likely
in Clinical Trials Unit studies (0.14), and 2.21 times less
likely in External studies (0.27). We found that the likeli-
hood of data sharing did not differ according to whether the
study design was interventional or observational (p = .464).
Moreover, the inclusion of an in-person component did not
significantly affect data sharing (p = .915). The predicted
probability of data sharing was 3.15 more likely in studies
collecting biological (0.49), than those without (0.15, p =
.019); the collection of other data types did not have signif-
icant effects on data sharing plans (p values > .277; see Fig-
ure 2C).

In contrast to our hypotheses, the effect of population
was not significant (p = .426; see Figure 2D). We reasoned
that this null result may reflect population being con-
founded with institution, for example, that studies at hos-
pitals are more likely to involve patients. A cross-tabulation
showed that whereas the majority of studies at Baycrest
Hospital (53%) and the Clinical Trials Unit (89%) involved
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Table 1. Descriptive statistics for variables of interest

Variables Categories (s tu':iies)
Total studies examined 244
Project Overview
Institution BARE Clinical Trials 9
BARE Education 8
BARE RRI 154
Baycrest Hospital 60
External Institution 13
Year of initial application: by period 2002-2007 20
2008-2013 21
2014-2019 47
2020-2025 156
Year of initial application: pre- vs. post 2023 Pre-2023 153
Post-20232 91
Study Design
Design Interventional 61
Observational 183
In-person component No 68
Yes 176
Population Healthy (> 18 years)P 97
Patient¢ 107
Workerd 30
Youth (<18 years)® 10
Data types collectedf Alphanumeric 226
Audiovisual® 50
Biological Samples 25
Brain Imagingh 86
Neuropsychological 101
Transcripts 36
Otherl 17
Data identifiabilityl Anonymous 12
Anonymized 10
De-identified 220
Identifiable 2
Data Sharing
Plans to share at least one form of data No 116
Yes 128
Of n=128 studies planning to share data
Use of template CF for data sharing No 98
Yes 30
Open science explained in CF No 56
Yes 72
Data repository mentioned in CF Definite repository® 11
Example repository! 59
None mentioned 58
Audience for shared data mentioned in CF Internal to BARE 4
External to BARE 124
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Data sharing for unspecified future use

Of n=79 studies with optional consent

Decision format

Optional consent rates available

Mandatory 49
Optional 79
Opt-in 14
Opt-out 20
Yes/No 45
No 46
Yes 33

Note. BARE=Baycrest Academy for Research and Education; CF=Consent Form; RRI=Rotman Research Institute; n = number; #Post-2023 category includes studies from January 1,

2023 onwards; ®’Healthy’ included studies recruiting healthy adults of any age; ©Patient’ included any study that recruited participants with memory impairment (including subjec-

tive cognitive decline, mild cognitive impairment, dementia, amnesia) or other neurological or psychiatric conditions; ¢ Worker’ included any study that recruited people based on

their work role, irrespective of their age; ®Youth’ included any studies that recruited individuals aged under 18 years, healthy or otherwise, and even if the study also recruited

adults; fNote that n’s for data types add up to more than total N because a single study could collect more than one data type; 8Audio or video recordings or photographs; MElectroen-

cephalography (EEG), magnetoencephalography (MEG), structural or functional magnetic resonance imaging (MRI), positron emission tomography (PET); iIncluded eye-tracking,

DEXA scans (for bone strength); iDe-identified data do not contain direct identifiers (e.g., name is replaced a participant code), for anonymized data the key linking participant codes

back to identities is destroyed, and anonymous data were collected from participants whose identity was never disclosed to researchers; XConsent form was definite about the reposi-

tory data are to be shared in; IConsent form provided example repositories where data might be shared.

patients, the majority of RRI studies (55%) involved healthy
participants, and 100% of studies in Education involved
workers. When Institution was removed from the regres-
sion, the overall model remained significant ()(2(1 4= 30.18,
p =.007) and a significant effect of study population on data
sharing emerged (XZ(3) =9.67, p = .022). Relative to studies
on healthy adults where the predicted probability of data
sharing was 0.57 (95% CI [0.35, 0.77]), data sharing was 1.49
times less likely for patient studies (OR = 0.47, predicted
probability = 0.38, 95% CI [0.21, 0.60], p = .020) and 1.91
times less likely for studies on workers (OR = 0.32, predicted
probability = 0.30, 95% CI [0.12, 0.58], p = .017). The es-
timated probability of planned data sharing in studies on
youth was the lowest at 0.24 (95% CI [0.05, 0.66]) but this
difference from healthy adults did not reach significance
(OR =0.24, p = 0.107). Nevertheless, these results should be
interpreted with some caution given that the effect of Pop-
ulation was not significant over and above Institution in the
full model, suggesting that the institution at which a study
is conducted is more important in determining data sharing
than the participant populations involved in the study.

HAS THE PROVISION OF OPTIONAL CONSENT CHANGED
OVER TIME?

Of the 128 studies planning to share data for unspecified
future uses, 62% provided optional consent. Here we were
interested in whether the year of study application might
influence the probability of whether consent for data shar-
ing was optional or a mandatory condition of participation.
When examining the effect of the year the study application
was made, we only report results for the pre- vs post-2023
comparison rather than by the five-year periods. This was
due to the relatively low number of studies sharing data in
earlier time periods (resulting in one cell with n=0 when
broken down by optional consent). This analysis showed a
significant effect of time, XZ(1) = 12.32, p < .001. Prior to
2023, just over half (52%) of studies had mandatory data
sharing (38 of 73) whereas after 2023, this pattern reversed
entirely with 80% of studies providing optional consent (44
of 55 studies).

WHAT FACTORS INFLUENCE RATES OF PARTICIPANTS
AGREEING TO SHARE THEIR DATA?

We had data on consent rates available from 33 studies,
representing consent decisions collected from a total of
2912 participants. Overall, 98.35% of these participants
agreed to share their data for unspecified future use (95%
binomial confidence interval: [97.82%, 98.78%]); only n=48
declined. Across studies, the mean consent rate was
98.03%, ranging from 90%-100% of participants opting in.

A multivariate logistic regression model examining the
factors that might influence consent rates was not signifi-
cant (p = .055; see Table 3 for full results), with none of the
factors we examined having a significant effect on the rates
of consent. That is, whether the studies began before or af-
ter 2023 (p = .061), included patients or only healthy adults
(p = .324), mentioned data repositories in the consent form
or not (p = .693), and irrespective of the format of the con-
sent decision (opt-in, opt-out, or yes/no; p = .097), mean
consent rates were approximately 98%.

Because this overall consent rate was based on the mi-
nority of studies for which consent rates were available,
we tested whether studies with available consent rates dif-
fered systematically from those without to rule out any po-
tential biases. Across a series of bivariate chi-square tests,
we found no significant relationship between consent rate
availability and any predictor of consent rates reported in
Table 3 (p values > 0.13). Moreover, annual reporting of
consent rates to the REB is mandatory when data sharing
consent is optional, and thus studies with low consent rates
could not simply decline to report theirs. Thus, we have
no reason to believe that the high average consent rate we
found is not also representative of studies for which con-
sent rates were not available.
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Table 2. Statistical results from analyses on the frequency of studies planning to share data for unspecified future use

Plsal:‘ ngd [;a)ta Model Statistics
Predictors aring {n,
No Yes X df p OR p(share) 95% Cl
Overall Model 116 128 51.68 18 <.001
Year of Application 17.15 3 <.001
2002-2007t 15 - - 14.10% 3.71%,41.20%
2008-2013 15 .844 1.16 16.01% 4.40%,44.12%
2014-2019 18 29 .013 5.36 46.79% 22.04%,73.23%
2020-2025 68 88 .003 6.73 52.48% 30.61%,73.45%
Institution 21.49 4 <.001
BARE RRIT 57 97 - - 59.52% 32.72%,81.64%
BARE Clinical Trials 5 .029 0.11 13.84% 2.52%,49.95%
BARE Education 4 289 0.37 35.51% 7.82%,78.13%
Baycrest Hospital 42 18 <.001 0.18 20.98% 7.73%,45.68%
External Institution 8 5 .034 0.25 26.89% 7.17%, 63.64%
Study type 0.54 1 464
Interventionalt 29 32 - - 26.67% 10.37%, 53.35%
Observational 87 96 464 1.32 32.41% 15.11%,56.36%
In-person component 0.01 1 915
Not 30 38 - - 29.87% 12.04%, 56.99%
Yes 86 90 915 0.96 29.05% 13.09%, 52.66%
Data: Alphanumeric 1.18 1 277
Not 10 8 - - 23.58% 7.51%,53.95%
Yes 106 120 279 1.83 36.11% 18.43%,58.58%
Data: Audiovisual 0.03 1 .859
Not 92 102 - - 30.35% 12.52%,57.01%
Yes 24 26 .859 0.92 28.58% 11.69%,54.75%
Data: Bio. samples 5.52 1 .019
Not 105 114 - - 15.49% 5.63%, 35.99%
Yes 11 14 .028 5.19 48.76% 19.68%,78.71%
Data: Brain imaging 0.12 1 734
Not 77 81 - - 30.71% 13.76%, 55.18%
Yes 39 47 734 0.89 28.23% 11.55%,54.23%
Data: Neuropsych. 0.17 1 .681
Not 75 68 - - 28.06% 12.70%,51.10%
Yes 41 60 .681 1.15 30.90% 12.69%,57.90%
Data: Transcript 0.68 1 410
Not 102 106 - - 24.86% 10.74%,47.64%
Yes 14 22 415 1.59 34.51% 12.84%, 65.34%
Population 2.78 3 426
Healthyt 36 61 - - 39.96% 18.39%, 66.29%
Patient 54 53 207 0.64 29.81% 13.59%, 53.42%
Worker 18 12 .700 0.79 34.45% 12.71%, 65.48%
Youth 8 2 206 0.31 16.99% 2.86%,58.75%

Note. Significant p values are shown in bold type. The ‘other’ data type category was not included in this analysis. TReference level (intercept); BARE=Baycrest Academy for Research

and Education; Bio.= Biological; CI=Confidence Interval; df=degrees of freedom; Neuropsych. = Neuropsychogical; OR=0dds ratio; p(share)=probability of planned data sharing;
RRI=Rotman Research Institute. Note that in the cross tabulation of planned data sharing by data type predictors, each observation is a single instance of a data type rather than a

single study.

DISCUSSION

TRENDS IN PLANS FOR OPEN DATA SHARING

A very clear effect in the current data was the increase over
time in both the number of studies planning to share their

data and describing this in consent forms, as well as studies
making consent for data sharing an optional part of partic-
ipation. In fact, we found that studies initiated in the last
decade were more than three times as likely to share data
that studies prior to 2007; of studies starting between 2023
and 2025, 60% were planning to share data, with 80% of
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Figure 2. (A) Probabilities that studies planned to share data for unspecified future use broken down by the year of
initial REB submission (presented in 5-year windows). (B) Probabilities that studies planning to share data provided
optional consent broken down by year of initial submission (presented as before and after January 1, 2023). (C)
Probabilities that studies planned to share data for unspecified future use according to whether or not the studies
collected particular data types. (D) Probabilities that studies planned to share data for unspecified future use broken
down by study population. Error bars are 95% confidence intervals. Alphanum.=Alphanumeric; Bio.=Biological,

Neuropsych.=Neuropsychological tests; p=probability.

these providing optional consent. Against the backdrop of
broader shifts in open science culture, the increased use of
optional consent also coincides with both the updated rec-
ommendations in TCPS-2 to use a separate consent deci-
sion for data sharing when future use is unspecified, as well
as the Baycrest REB’s introduction of template consent lan-
guage that includes an opt-out decision for data sharing.
Although the BARE Open Science Committee deliberated
over whether to use an opt-in or opt-out decision in the
template consent, the findings presented here indicate that
the format has little impact on consent rates — although it
should be noted that some studies on data sharing do re-
port a participant preference for opt-in decisions.38

One implication of the current findings is that the ma-
jority of studies employing an optional consent format are
not able to share 100% of the study data, thus impacting
the ability for the data to be used for replicability and re-
producibility. In addition to missing participants, shared

datasets can be incomplete because certain variables or
data points are removed or “blurred” in order to preserve
confidentiality. Common practices include transforming
quantitative variables such as age to age bands,> or for
qualitative data such as transcripts, redacting or replacing
potentially identifying information with more general
placeholder terms.3 However, ensuring data quality is only
one purpose of sharing data - and many aspects of data
quality can feasibly be determined from a near-complete
dataset. If, on the other hand, the purpose of data sharing is
framed as promoting the re-use of existing data, then shar-
ing a partial dataset achieves this objective.

As we had predicted, the identifiability of data influ-
enced the likelihood it would be shared. However, although
we had expected that some forms of more sensitive data,
such as audiovisual data or neuropsychological test results,
might be less likely to be shared, this was not the case. In-
stead we found that studies collecting biological samples
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Table 3. Statistical results from analysis on the rates of participant consent for sharing data for unspecified future use

Predictors n X2 df p OR p(consent) 95%Cl
Overall Model 32 10.84 5 .055
Year of Application 3.50 1 061
Pre-2023t 17 - - 98.88% 97.97%, 99.39%
Post-202349 15 064 0.55 98.00% 96.44%, 98.88%
Population? 0.97 1 324
Healthy' 19 - - 98.23% 96.87%, 99.00%
Patient 13 .334 141 98.74% 97.61%, 99.34%
Repository Mentioned 0.16 1 .693
Not 10 - - 98.64% 96.82%, 99.42%
Yes 22 697 0.83 98.36% 97.38%, 98.97%
Format of Consent Decision 4.66 2 .097
Opt-Int 6 - - 98.87% 96.72%, 99.62%
Opt-Out 6 .208 0.47 97.61% 95.75%, 98.67%
Yes/No 20 876 0.91 98.76% 97.94%,99.26%

Note. TReference level (intercept); 2Post-2023 category includes any study applications submitted after January 1, 2023; PNo studies involving youth, and only 1 study involving work-
ers, had optional consent data available, thus analyses were limited to healthy vs. patients; CI=Confidence Interval; df=degrees of freedom; n=number of studies; OR=0dds ratio;

p(consent)=probability of consenting to data sharing.

were more likely to be planning to share data. This finding
stands in contrast to research indicating that researchers
can be hesitant to share biological samples, citing concerns
of potential “misuse” of data as well as the finite nature of
these specimens.40 However, the purpose of some studies,
such as CCNA, is to deeply phenotype large samples of in-
dividuals, collecting multiple biological specimens (blood,
saliva, urine and cerebrospinal fluid) along with neu-
roimaging and neuropsychological tests, in order to iden-
tify biomarkers for neurodegenerative diseases — with the
intention that these studies are made open to other re-
searchers. In CCNA, data sharing is managed by committee
to allay concerns of misuse and allocate finite specimens.4!
Indeed, it was evident that many consent forms in our
analysis outlined different methods of data-sharing for dif-
ferent data types according to sensitivity and risk of re-
identification, in line with the adage, “as open as possible,
as closed as necessary”.#2 For instance, alphanumeric data
might be shared on a public repository, brain images on re-
quest, and biological samples and audio recordings with a
data use agreement. Future analyses should quantify how
data-sharing methods vary with data types and whether
these choices influence consent rates.

To increase shared understanding of ethical and regu-
latory conditions of data access and re-use for different
types of data, researchers should be encouraged to make
use of new developments such as the Data Use Ontology
(DUO).43 This initiative has created a standardized vocabu-
lary of data use terms that can be used to annotate shared
datasets with permitted uses (e.g., “general research use”,
“disease specific research”) and any conditions or restric-
tions (e.g., “ethics approval required”, “geographical re-
striction”, “non-commercial use only”, etc.) Importantly,
the DUO annotations are machine readable, enabling re-
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searchers to more easily search for and find datasets with
data use conditions that match their intended research
uses.

Open Science Framework was the most commonly
named repository in consent forms, consistent with the
predominance of alphanumeric data to be shared. It is strik-
ing that of the 47 studies planning to share neuroimaging
data, OpenNeuro was only mentioned in the consent forms
of 2 studies, despite being a well-used repository.#* Open-
Neuro requires that all uploaded data are made publicly
available (under a Creative Commons CCO license), making
it impossible to keep shared data “as closed as possible”
when this is required. Instead, Baycrest researchers
planned to share neuroimaging data on Canadian reposito-
ries (e.g., Brain-CODE%5 or CCNA%6) or retain it on inter-
nal infrastructure for future sharing — all of which provide
options for different levels of openness. Importantly, data
does not have to be public to be accessible; even sharing
only metadata can satisfy FAIR!8 requirements as the data
will be findable?” and should outline clearly how to access
the data.42 Interestingly, with the increase focus on neu-
rorights and the risks of re-identification from neuroimag-
ing data, OpenNeuro recently announced they will be es-
tablishing tiered levels of access to facilitate the sharing of
more sensitive datasets.48

PARTICIPANT CONSENT AND OPEN SHARING OF
NEUROSCIENCE DATA

This is, to our knowledge, the first study to report rates of
consent for data sharing in neuroscience studies. We found
that over 98% of 2912 research participants consented to
sharing their data, and none of the factors we examined —
such as the study population, format of consent decision,
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or whether a repository was mentioned - significantly in-
fluenced this rate. Moreover, rates of consent were stable
over time, at least before and after 2023. The high rate of
consent across studies at Baycrest substantiates previous
reports that participants are in favor of data sharing,12-15
motivated for example by advances in the understanding
of neuropsychiatric disorders and accelerating the develop-
ment of treatments. Indeed, Meyer® argues that these at-
titudes towards data sharing reflect the reasons why most
participants volunteer to participate in research in the first
place, and are congruent with participants’ expectations
that reasonable efforts are made to ensure high quality re-
search.

The findings reported here could be useful for ethics ap-
proval boards with respect to granting retrospective ap-
proval for data sharing where consent was not originally
obtained from participants. Often it is impracticable to re-
contact participants to obtain consent, and ethics boards
have to determine whether it is likely that participants
would have agreed given the information in the consent
form. Relevant to this adjudication, our data show that con-
sent rates have not changed appreciably over time, and do
not differ between studies involving individuals with health
conditions (including neuropsychiatric disorders) and those
testing only healthy individuals. These retrospective deci-
sions are complex and in addition to questions about data
sensitivity and risk of re-identification, they are highly con-
tingent on whether the original consent form was silent
on data sharing or whether individuals consented to par-
ticipate with the guarantee that their data would not be
shared.®

The high level of participant support for data sharing
contrasts somewhat to the data sharing plans of re-
searchers. On the basis of the current data we cannot know
the reasons why researchers might be more or less inclined
to share data, although we did find that studies conducted
in a hospital or clinical trials setting were less likely to
be sharing data. It has been suggested in the literature
that a hesitancies to engage in open data sharing can arise
when working with vulnerable populations, perhaps be-
cause of uncertainties around regulations that govern data
sharing,4% concerns that potential harms related to data
sharing may be heightened by their vulnerability,!3 or as
Wallace et al.>0 suggests, a “misplaced commitment” to
protect the privacy of participants. The authors recommend
that researchers increase their understanding of the ethics
of data sharing and suggest that REBs have a role to play
in educating researchers.50 At Baycrest, the REB and Open
Science Committee have co-run several workshops on eth-
ical issues in open science including data sharing, and the
REB runs a “Chat with the Chair” session a few times a year
to facilitate informal discussions around ethical issues.

Another interpretation, however, is that many partici-
pants, healthy or otherwise, do not fully understand what
‘data sharing’ means or the potential implications of shar-
ing their research data. Some research has shown that the
understanding of consent forms is far from complete>!52
and finding ways to improve participant comprehension is
imperative. Encouragingly, research has shown that the use

of enhanced consent forms — well-designed brochures us-
ing language at the 8th grade reading level — significantly
increases participant understanding, as do extended con-
versations that facilitate trust-building and allow opportu-
nities for questions.>3 These concerns notwithstanding, a
large study by Mello et al.13 found that participants in clin-
ical trials are aware of the potential risks of data sharing,
including that their data could be stolen or used for com-
mercial purposes, yet 82% of them judged the perceived
benefits of sharing their research data to outweigh these
risks.

LIMITATIONS OF THIS RESEARCH

This work is not without its limitations. This is a single-
institution case study of open data sharing practices and
consent rates at a small Canadian research institute with
a specific focus on geriatrics and cognitive neuroscience.
Although these characteristics limit the generalizability of
these findings to other institutions, countries and research
specializations, we hope that the deep analysis and rec-
ommendations presented here will support and inspire in-
creased uptake of open data sharing practices in the neuro-
sciences.

We were not able to directly compare consent rates be-
tween different populations because currently, researchers
only report to the REB consent numbers at the study-level.
As such, we were only able to compare studies that ex-
clusively enrolled healthy individuals with studies that in-
volved at least some participants from potentially vulnera-
ble populations. Additionally, we were not able to separate
studies recruiting healthy older adults to determine
whether data sharing practices differed for older versus
younger adults for several reasons. For the majority of stud-
ies, the REB application indicated they were recruiting
healthy “adults” aged 18+ years without specifying an up-
per age limit, making it impossible to identify which of
these studies recruited older adults. Of those REB files that
did indicate involvement of older adults, almost three-
quarters involved another, arguably more vulnerable, group
such as patients. In future, we hope to collect more granu-
lar data to help us better assess these questions.

A further limitation is that the study sample excludes
REB files that were inactive in 2025. Consequently, data
from earlier time periods (e.g., 2002-2007) likely skew to-
wards long-running studies, rather than a full representa-
tion of ongoing research during that time period. Thus, it
is possible that survivorship bias may have influenced the
baseline and temporal comparisons analyzed in this report.

Another limitation is that we are only able to examine
the numbers of participants opting in (or out) of data shar-
ing when it is optional. That is, the number of participants
in studies with mandatory data sharing who would have
opted out of data sharing if given the choice can never be
quantified. Further, we did not have data on the numbers
declining to participate in studies because they do not wish
to partake in mandatory data sharing, and acquiring these
data was beyond the scope of the current documentary
analysis. However, our results here suggest that the rates
are likely low. It was also beyond the scope of the current
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study to track whether studies planning to share data even-
tually did so; this will be a goal for future research.

RECOMMENDATIONS

On the basis of our findings, we make several recommen-
dations that we encourage other neuroscience institutes
in the Canadian neuroscience eco-system (and beyond) to
consider adopting. First, institutes would benefit greatly
by encouraging better collaboration between open science
teams and REBs. Given that data sharing can be practiced
in ethical and responsible ways, obtaining REB approval
should not be the major impediment for open science. A
strong collaboration can underpin the successful imple-
mentation of our other recommendations. First, there is
value in having data to inform policy and to identify gaps
in practice, and so we recommend that other neuroscience
institutes adopt similar practices in systematically tracking
consent rates and related metrics. One possibility is that
consent codes — annotations originally developed to track
the re-use restrictions from consent forms>4 - could be re-
purposed and expanded to enable open science teams to
easily compute statistics such as those we have presented
here.

Second, open science teams and REBs should work col-
laboratively to produce clear guidelines for responsible
sharing of different data types (perhaps has part of an in-
stitutional resources for creating data management plans),
as well as template consent language for data sharing that
are aligned with relevant ethical regulations (e.g., TCPS-2).
Templates can be developed for the sharing of data types
commonly collected at the institute, for different methods
of data sharing, or tailored to the needs of populations
commonly involved in local research. For instance, the Uni-
versity of Ottawa Heart Institute has created template con-
sent language for public as well as controlled data shar-
ing.55 Third, it is important to educate researchers about
responsible data sharing so they are well-equipped to pro-
vide simple explanations to research participants and an-
swer their questions during the consent process. Ideally,
educational activities should target all researchers, from
the principal investigators developing and overseeing the
projects to the research assistants and students who are of-
ten the point of contact with participants. Our results also
indicate that researchers who are based outside of research
institutes and universities — such as hospital clinicians -
need more exposure to open science principles and prac-
tices. At Baycrest, we are confident that all of the above ef-
forts will see a continuation of the upward trajectory in the
number of studies planning to share data.

CONCLUSIONS

In summary, this study provides a benchmark for open data
sharing in Canadian neuroscience institutes. Recent years
have seen a significant increase in open data sharing at
BARE, with 60% of studies launched since 2023 planning
to share data and 80% of these studies providing optional

consent. We found that over 98% of 2912 participants in
Baycrest studies agreed to their research data being shared
for unspecified future use, and this rate was unaffected by
the participant population or the format of the decision.
We found that studies collecting biological samples were
more likely to have planned for data sharing, and noted
some trends regarding repository selection for neuroimag-
ing data. Given the importance for data sharing in neuro-
science, we provide recommendations that we hope will as-
sist other Canadian neuroscience institutions in increasing
data sharing practices among their researchers. Our expe-
rience at BARE has shown that a strong collaboration be-
tween the open science team and the REB is foundational
to this endeavor. It has yielded a comprehensive under-
standing of the open data practices at our institute that we
report here, and it is enabling us to identify and actively
address the educational needs of our researchers as we sup-
port them in sharing neuroscience data openly, ethically,
and responsibly.
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