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Abstract

Purpose of review Impulsivity is a risk factor for problematic substance use. Understanding its neural underpinnings requires
large neuroimaging samples, which are difficult and costly to obtain. This scoping review aimed to identify open-access data-
sets that allow researchers to investigate the neural basis of impulsivity in relation to substance use.

Recent Findings We searched PubMed, Scopus, and major data repositories. 35 openly available datasets with over 200 par-
ticipants (ranging from 200 to 500,000) were identified that contain (1) impulsivity, (2) substance use, and (3) neuroimaging
measures. We compiled this information into a searchable, interactive Shiny-based application to help researchers identify
relevant datasets.

Summary Although access to large datasets is improving, more progress is needed to ensure data are findable, accessible,
interoperable, and reusable. This review lowers barriers to using open-access data by guiding researchers toward available
datasets relevant to the neural basis of impulsivity and substance use, as well as provides recommendations for future data

sharing.
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Introduction

Impulsivity is a multifaceted construct that can refer to an
array of primarily maladaptive behaviors, including diffi-
culty inhibiting responses and hasty decision-making [1, 2].
A substantial body of research has identified high levels of
impulsivity as a risk factor for developing problematic sub-
stance use and substance use disorders (SUD) [3—7]. This
reproducible association between impulsivity and SUDs
highlights impulsivity as a promising target for SUD pre-
vention and intervention [8].
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However, the multidimensional nature of impulsivity
makes it difficult to study, as distinct neural mechanisms
likely underlie its different components; both trait
impulsivity and state-dependent fluctuations in inhibitory
control contribute to impulsive behavior but these
processes may rely on separate neural systems [1]. Since
our understanding of the construct-dependent neural
mechanisms of impulsivity remains limited, the progress
toward developing neuroscience-informed prevention
strategies and interventions targeting this core risk factor
for SUDs has been slow.

Several barriers exist that impede faster progress in
uncovering the neural circuitry leading to impulsivity.
First, acquiring neural data using neuroimaging
methodologies can be costly and requires specialized
equipment and expertise, which is not available to all
investigators. Second, even when such resources are
available, the timeline from study design to data collection
to analysis to publication is lengthy; this timeline
only increases when trying to reproduce findings, thus
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delaying scientific progress. Further, collecting data from
sufficient numbers of participants to be well-powered
to detect reproducible effects can be cost-prohibitive.
Using large samples is key to identifying reliable brain-
behavior associations [9]. Third, although there are some
openly available, large datasets that include measures of
impulsivity, substance use, and neuroimaging, they can
be difficult to locate if they are not deposited in easily
findable ways and are therefore underutilized. Finally,
even when datasets are located, if metadata is not well-
documented, it can take a significant amount of time for
researchers to determine if a candidate dataset meets their
needs (e.g., includes the specific measures they need, has
the age range of interest).

To address these challenges, we conducted a scop-
ing review to identify and catalog available datasets that
include (1) impulsivity measures, (2) substance use mea-
sures, and (3) neuroimaging measures. We summarize
key dataset characteristics of interest to researchers (such
as available measures, sample size, age range). Addition-
ally, we discuss the current landscape of available data in
relation to the FAIR (Findable, Accessible, Interoperable,
and Reusable) principles, which provide a set of descrip-
tive and qualitative guidelines for data sharing, in order to
make recommendations for future steps [10]. Further, we
provide an online application developed using the Shiny
R package that provides a searchable metadata reposi-
tory to help researchers efficiently identify datasets that
include their population or measures of interest [11]. Our
goals for this review are to lower barriers for researchers
trying to find and access openly available datasets, pro-
mote the design of well-powered studies that can clarify
the neural mechanisms of impulsivity and their relation-
ship to substance use, and improve future data sharing
practices.

Methods

This review was conducted using established guidelines
for scoping reviews [12]. We searched for datasets using
PubMed, Scopus and individual data repositories includ-
ing: the National Data Archives, the NIH Brain Devel-
opment Cohorts (NBDC), Neurolmaging Tools and
Resources Collaboratory (NITRC), the Wellcome Trust’s
report of Landscaping International Longitudinal Datas-
ets, and OpenNeuro. Individual repositories were manu-
ally searched in October and November 2025. Searches
were split evenly between 3 reviewers (MP, GF, and AK).
PubMed and Scopus searches were extracted on October 21,
2025. Studies from PubMed and Scopus were reviewed by
one reviewer (MP) in Covidence for inclusion if they were
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likely to contain relevant datasets [13]. Manuscripts were
first screened by abstract and then by full text. Datasets were
considered eligible if they:

1. Are available to researchers. For this review, we
included datasets with varying access requirements,
including payment, to be comprehensive.

2. Are large-scale, which we defined to be datasets with a
sample size of at least 200 in the context of the fields of
neuroscience and psychology.

3. Included at least one impulsivity measure (e.g., Barratt
Impulsiveness Scale), which we defined inclusively to
be measures of trait impulsivity as well as cognitive
processes contributing to impulsive behavior, such as
inhibitory control, as per [7].

4. Included at least one substance use measure, which we
defined to be datasets that have any measure of quantity
or frequency of substance use or measures assessing
problematic substance use (e.g., Alcohol Use Disorders
Identification Test).

5. Included at least one type of neuroimaging measure
(e.g., structural or functional MRI, EEG).

6. Included human participant data.

7. Were deposited in a data repository or published in a
peer-reviewed journal.

For the PubMed and Scopus search, search terms were
used to capture datasets that included impulsivity,
substance use, and neuroimaging, yielding 122 results
(see Supplementary Materials for search terms). From
the PubMed and Scopus literature review, a total of 47
studies met criteria for describing a dataset of interest,
and from those 47 studies, 11 unique datasets were
identified (Fig. 1). These datasets included the Adolescent
Brain Cognitive Development Study [14], the HEALthy
Brain and Child Development Study [15], the Nathan
Kline Institute/Rockland Sample [16], IMAGEN [17],
the Two-Decades Brainclinics Archive for Insights into
Neurophysiology [18], the Duke Neurogenetics Study
[19], the Human Connectome Project Young Adult 1200
[20], the UK Biobank [21], the Enhancing Neuroimaging
Genetics through Meta-Analysis Consortium Addiction
Working Group [22, 23], the UCLA Consortium for
Neuropsychiatric Phenomics [24], and the Consortium on
Vulnerability to Externalizing Disorders and Addictions
[25]. For manual searching of data repositories, if filtering
functionality was available, the first pass to identify
datasets filtered on basic characteristics of dataset (e.g.,
sample size of 200 requirement, basic broad keywords
such as “substance use”). Datasets that passed that first
pass were then assessed for eligibility more thoroughly
to determine whether they met all our criteria. Manual
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Fig. 1 Adapted PRISMA 2020 flowchart describing the screening and selection of studies from literature and datasets from repository

searching of data repositories yielded an additional 24
datasets [26—46]. If datasets were duplicated between
literature search and manual repository search, they were
only included in results and metadata resource once.

Using the identified datasets, features of datasets were
coded into a spreadsheet with a pre-defined data extraction
template by the person reviewing the manuscript or reposi-
tory, and pulled into R to summarize data, create figures,
and build an online metadata resource [R version 4.5.2, R
Core Team]. These features included age range of sample,
country where data were collected, study design (cross-
sectional or longitudinal), impulsivity measures, substance
use measures, neuroimaging methods, dataset access link
and citation, and a qualitative assessment of how well data
adhered to the FAIR principles as described and how well
data were documented by available metadata resources
(e.g., is data file format explicitly mentioned). Well-known
and frequently used measures of impulsivity, substance use,
and neuroimaging as identified by the literature [7] and by
the research team were coded with the measure’s name; if
measures existed that were less commonly used or known,
they were coded as ‘Other’ to maximize the datasets we
included in our repository. The ‘shiny’ package was used to
create an online metadata resource to help search through
available datasets [11].

Results

We identified 35 datasets in total (Fig. 1). Of those data-
sets, 17 had between 200 and 500 participants, 5 datasets
had 500-1,000, 8 had 1,000-5,000, and 5 had over 5,000
(Fig. 2A; range: 200-500,000; total participants across all
datasets: 556,299). Regarding study design of the datas-
ets, 14 had a cross-sectional design, 14 had a longitudinal
design, and 7 datasets contained both cross-sectional and
longitudinal data (Fig. 2B). Most datasets contained data
collected in the United States (n=29), but there were also
2 datasets that contained data from England and Germany,
and 1 dataset that contained data from France, India, Ire-
land, Scotland, the Netherlands, and Wales (Fig. 2D; note
that some datasets contribute to multiple categories). One
dataset (ENIGMA) was a consortium of many datasets with
data shared from sites across the world.

In terms of the measures contained across datasets, there
was little consensus in any category (Fig. 2E and G). The
most commonly used impulsivity measures were the Behav-
ioral Inhibition System/Behavioral Activation System
(BIS/BAS), the Flanker Task, and delay discounting tasks
(Fig. 2E). The most commonly used substance use measures
were toxicology measures, the Structured Clinical Interview
for DSM Disorders (SCID), and the Alcohol Use Disorders
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{ Fig. 2 Description of datasets. A Count of datasets that contain differ-
ent ranges of sample sizes. B Count of datasets that contain different
types of data. C Range of ages contained in each dataset. D Count of
datasets per country. E Count of datasets containing most commonly
used impulsivity measures. F Count of datasets containing most com-
monly used substance use measures. G Count of datasets containing
most commonly used neuroimaging measures. Note: some counts do
not sum to the total number of datasets because information was not
available for all datasets, and some datasets include multiple data types
and therefore appear in more than one category

Identification Test (AUDIT) (Fig. 2F). The most commonly
used neuroimaging methods were structural MRI, rest-
ing state and task fMRI, followed by diffusion tensor or
diffusion-weighted imaging (DTI/DWI). Of our identified
datasets, almost all included either structural or functional
MRI (34 out of 35 datasets). Fewer included other neural
measures such as DTI/DWI (n=18), EEG (electroencepha-
lography; n=9), magnetoencephalography (MEG; n=2),
magnetic resonance spectroscopy (MRS; n=2), and quan-
titative MRI (n=1).

The majority of datasets (34) were publicly indexed with
persistent identifiers (e.g., digital object identifiers), which
allow for more permanent and reliable referencing. Most
(31) were free to use but required some level of standard
authorization to access, which frequently included a proj-
ect proposal that required approval, in addition to affiliation
with an academic institution. Only 1 dataset required pay-
ment to access the data, and only 4 datasets were entirely
open to download without any barriers. Datasets that were
deposited in data repositories (e.g., National Data Archive)
required specific data formats and variable description to be
deposited and thus were necessarily available in a standard
format, such as a CSV file, and information about specific
measures included was readily available. However, 3 inde-
pendently hosted datasets did not describe what format data
would be available in, and 4 datasets did not describe what
specific measures were available.

Shiny application

To assist researchers in finding and using this data, we built
a metadata resource adapted from Varley et al. (2025) [47].
This web-based, interactive Shiny application allows users
to view the characteristics of all datasets identified in this
review, and filter datasets by their criteria of interest to bet-
ter identify what datasets may be available for use: https://g
aylen-fronk.shinyapps.io/shiny sud impulsivity/.

To use this application, a researcher can adjust multiple
filtering options on the menu on the lefthand side of the page
to filter on dataset features including but not limited to: year
of data collection, age of study sample participants, study
type (cross-sectional or longitudinal), impulsivity/substance

use/neuroimaging measures included, and whether the data-
set is accessible (e.g., fully open with no restriction/proto-
col, open via standard protocol, etc.). Datasets that match
the filtered upon criteria then appear on the righthand side
of the page with a link for researchers to easily find them.

Discussion

In this review, we aimed to identify and record datasets that
are available to researchers interested in understanding the
neural mechanisms of impulsivity, and to provide a useful
resource that can lower the barriers to finding this data. We
identified 35 publicly available datasets, which included
a total of 556,299 participants. The datasets vary in their
levels of openness and accessibility, with 31 accessible via
application, 3 available for download without application,
and 1 available via application and payment. We summa-
rized the key characteristics of these datasets and provide a
searchable metadata resource that offers a convenient tool
that allows users to easily search for and identify datasets
that match criteria of interest.

It was notable that we were able to identify 35 openly
accessible datasets that include data from 200 or more par-
ticipants, with 21 containing at least some longitudinal data.
This is a positive step toward ensuring that all researchers
can conduct reproducible and rigorous science, as compil-
ing and summarizing these datasets in a single resource
reduces barriers to data access and encourages data reuse
while improving interoperability across studies. However,
it was often difficult to find information about which datas-
ets contained repeated measures or multiple timepoints and
which did not. Going forward, it is necessary to more clearly
describe this key feature of datasets so other researchers eas-
ily know whether the shared data can answer their research
questions of interest.

Further, while sharing data from large samples provide
an invaluable resource for shifting the field further from
non-representative convenience samples and closer to
population neuroscience [48], there are some limitations to
the data being shared. For example, the majority of data-
sets identified (approximately 86%) contain data collected
in the United States, thus limiting global generalizability.
This highlights a need for increased data collection and
sharing from a broader array of countries to enable replica-
tion across diverse samples, and support data harmonization
efforts that integrate data from multiple regions, ultimately
creating large datasets that are more representative of a
global population.

Interestingly, there was little consistency in what mea-
sures were used to operationalize each of our constructs
of interest (impulsivity, substance use, neural measures).
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This inconsistency may have to do with the complexity of
thoroughly capturing these constructs themselves, but the
heterogeneity across measures creates barriers to data har-
monization efforts, requiring researchers to have to take
additional steps to combine across datasets [49, 50]. By
developing a consensus set of measures for these constructs,
as exemplified by the Phenotypes and eXposures (PhenX)
Toolkit [51], data harmonization could be simplified.

Regarding neuroimaging data, it has become more com-
mon over the past few decades to openly share neuroimag-
ing data. Repositories such as OpenNeuro assist scientists
in sharing neuroimaging data in a way that best aligns
with the FAIR principles [52]. Compared to other types of
data, neuroimaging data are particularly costly to collect
and often limited to universities and medical centers that
have the necessary neuroimaging equipment. Therefore,
by sharing these data more openly, the field democratizes
neuroimaging data and makes them more widely accessi-
ble to scientists that would not otherwise be able to work
with these data, enabling more science and new insights. As
aforementioned, the most common neuroimaging data that
were shared in our identified datasets were structural and
functional MRI, while other types of data, such as EEG or
MRS were less commonly available. This highlights a need
for increased sharing of other types of neural data as well as
data not found at all in this review such as positron emission
tomography (PET) data. The sharing of a more diverse array
of neuroimaging data would enable a more comprehensive
understanding of neural systems.

Although the existence of these datasets is significant
progress in the realm of data sharing within the field, adher-
ence to best practices for data sharing as described by the
FAIR principles remains variable[10]. Regarding findabil-
ity, most identified datasets were publicly indexed with
persistent identifiers (typically digital object identifiers or
DOIs). However, it should be noted that this review may be
limited in its ability to identify datasets that are less find-
able and do not have persistent identifiers in our search
of PubMed, Scopus, and data repositories. Therefore, it is
possible this review did not identify every shared dataset
possible that includes our variables of interest. This limita-
tion underscores the importance of emphasizing findability
when sharing data.

Another barrier to being able to use shared data is the
accessibility of the data. Only 3 identified datasets are
fully open-access, with few-to-no barriers. This may par-
tially be due to the sensitive nature of data collected; some
datasets required authorization in part to protect any sen-
sitive or identifying participant information and ensure
researchers agreed to responsible conduct of research.
This degree of accessibility is still in line with FAIR
principles for data sharing, and many datasets had clear,
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standardized communication procedures detailed on their
websites. However, some datasets required more extensive
approval of the proposed project itself by the data collect-
ing team, as well as manuscript authorship credit. While
it is understandable that researchers would have concerns
about receiving credit for the substantial amount of labor
invested in collecting the data, this provides added degrees
of human intervention that can significantly impede a
researcher’s access to the data and is not recommended
by the FAIR principles [10, 53]. Finally, many identified
datasets would benefit from improving the findability and
open accessibility of their data dictionaries and other meta-
data so researchers may more easily ascertain exactly what
measures are included in the dataset to determine whether
the dataset is of interest. As an example, the Adolescent
Brain Cognitive Development and HEALthy Brain Cogni-
tive Development studies require all researchers to obtain
authorization to access the primary data files, but the names
of the measures themselves are accessible through a user-
friendly online portal that anyone can explore. Further, data
shared through the National Data Archive are required to be
accompanied by publicly accessible information about the
specific measures and items in the dataset.

Additionally, information required to assess interoper-
ability was often either difficult to locate or unavailable. For
example, datasets were not consistently accompanied by
information noting whether they were available in standard,
widely-used formats such as CSV files, and it was often
unclear whether variables were labelled using consistent,
easily understandable and discipline-appropriate coding
and naming conventions. Likewise, it was often unknown
whether any naming conventions were maintained across
related datasets (such as multiple waves of a longitudinal
study) to facilitate straightforward linking.

Information relevant to reusability was frequently
incomplete as well. Very few datasets clearly reported basic
provenance details such as when data collection started and
finished. Many dataset descriptions relied on information
from initial grant proposals rather than the actual character-
istics of the data that were ultimately collected. This lack of
accurate, up-to-date metadata is particularly problematic in
contexts where timing matters or where data collection dif-
fers from planned protocols in meaningful ways. For exam-
ple, the ABCD study provides a model of documenting the
timing of data collection and procedure changes when they
had to shift to virtual collection quickly when the COVID-
19 pandemic hit, and in-person neuroimaging visits were
postponed [54]. When datasets do not clearly document
timing of data collection, researchers are unable consider
potential effects of event or cohort.

Overall, many shared datasets would benefit from sub-
stantially clearer and more comprehensive metadata,



Current Addiction Reports (2026) 13:38

Page70of9 38

including accurate descriptions, detailed provenance infor-
mation (e.g., when, where, and how the data were col-
lected), data processing and cleaning information, and
usage licenses to improve other researchers’ ability to easily
reuse the shared data. Further, while data repositories pro-
vide useful platforms for researchers to store and share data,
they often lack features to filter by key variables or data
characteristics, making it more difficult to locate data of
interest. We therefore hope that the Shiny app we developed
will be useful both as a tool that provides this functionality
and as a potential template for demonstrating what features
of datasets are of relevance and interest to researchers, and
what information is required to describe datasets in a way
that makes them easy to understand and reuse.

Conclusion

Our review synthesizes available, open-access datasets that
include measures of impulsivity, substance use, and neu-
roimaging. We catalogue these datasets, describe their key
features, and provide a searchable metadata resource to help
reduce barriers researchers may encounter when trying to
find and access relevant data. We also highlight areas where
future data-sharing practices can be improved. By increas-
ing data sharing and improving data sharing practices, we
can accelerate the speed at which the field is able to uncover
novel insights. Data sharing can also reduce research costs
for many scientists, ensure the investment of federal fund-
ing goes further by producing more insights from the same
data, maximize the contributions of research participants,
and enhance rigor and reproducibility [53]. By consolidating
information on accessible datasets, this review contributes
to ongoing efforts to facilitate research on the neural mech-
anisms underlying impulsivity in substance use, thereby
accelerating progress in this important area of research.
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