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Abstract

The aim of this study is to assess the scientific data sharing in the field of addictions by
applying FAIR principles. These principles play an important role, as they guarantee a
minimum of findability, accessibility, interoperability and reusability of the shared data.
They are one of the main measures to improve the integrity and quality of research data.
For this study, three automated tools were used: the Data Citation Index (DCI) to cap-
ture datasets on addictions; Bibliometricos, proprietary software for data retrieval; and the
F-UJI tool for the FAIR evaluation of datasets. The datasets on the most common addiction
topics, such as alcohol, cannabis, tobacco, cocaine, opioids and stimulants, were down-
loaded by the DCI (5967 DOIs) and parsed into a database for subsequent analysis. In
terms of datasets characteristics, alcohol, tobacco and opioids were the most productive.
After assessment by F-UJI, none of the addictions analyzed reached an average of 30%
FAIR compliance since all of them were between 20% and 29%. When analyzing each
principle, Findable was the best scored principle (in a range of 40%—59%), followed by
Accessible, Interoperable and Reusable. The results of our study show, first, an increasing
number of shared datasets over the years, especially from basic studies. In terms of qual-
ity, there are issues that remain to be resolved, especially in relation to interoperability and
reusability principles. This emphasizes the important role of adequate data sharing proce-
dures in ensuring that datasets are FAIR compliant and usable in addiction research.
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Introduction

In 2016, the so-called FAIR principles, which stand for "findable", "accessible", "interop-
erable" and "reusable", were published to bring order and consistency to the practice of
sharing research data (Wilkinson et al., 2019). This practice, which is gaining momentum
in the context of open science (OS) worldwide, is currently one of the main measures pro-
posed to improve the integrity and quality of research. For this reason, many funders of
competitive calls for projects promote this practice at the national and international levels
(European Commission, 2016, 2022; National Institutes of Health, 2022; Ross et al., 2016).
Additionally, it is present in the author guidelines, either as a requirement or as a recom-
mendation, of numerous publishers from various disciplines (British Medical Journal, n.d.;
Elsevier, 2019; PLOS One, 2019; Wiley, 2023). The functions of accountability in sharing
research data and ability to reproduce experiments have already been amply pointed out
(Pasquetto et al., 2017). Without compliance with these principles, especially reusable, the
data quality can be so low that it is rendered useless by the difficulty understanding it. This
is evident in other areas, such as data science, where the analysis of massive amounts of
data is related to their quality. For Brenan Brennan (2017), "Data quality is commonly con-
ceived as a multidimensional construct defined as “fitness for use”", which coincides with
the two principles of interoperable and reusable, essential for the development of reliable
generative artificial intelligences.

The area of addiction research is not new to the OS movement or data sharing practices
(Scheibein et al., 2022). In the words of Munafo (2016), the scientific community studying
addictions may even be well placed to embrace open science and open data. The collabora-
tive culture that has historically existed in this area and the existence of regulations that
predate and directly align with these movements, such as the requirement for preregistra-
tion of study protocols for clinical trials and data sharing for genetic studies, encourage this
behaviour. Nevertheless, both papers find that the practice of data sharing is still more the
exception than the norm in the addiction field.

In this line, some studies have examined how the practice of sharing data in addiction
research has been carried out. In the case of the study by Vidal-Infer et al., (2019), they
investigate the raw data in the supplementary material of journals indexed in the Journal
Citation Report of Clarivate Analytics, finding that datasets in reusable formats were in the
minority. Subsequently, Gorman (2020) continues by analysing the highest impact journals
in the substance abuse category that have data sharing policies to determine whether they
indicated where their data could be obtained and whether there was a formal data sharing
statement. In another related publication, Gorman (2019) investigates the measures that
journals in the addiction field take to improve the integrity of publications, finding that
encouraging data sharing was the second most common measure, preceded by declaring
conflicts of interest. In another work more focused on journal policies related to data shar-
ing, Aleixandre-Benavent et al., (2014) find that most journals in the addiction field admit
the possibility of storing data in thematic or institutional repositories, as well as accepting
additional material and data reuse. Following the results of this study, most of them did not
have specific instructions for authors.

Despite studies examining the practice of data sharing in addiction research, none have
examined whether these data meet minimum quality standards. Therefore, the aim of this
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study is to analyse a large number of datasets dealing with the topic of addictions through
automatic approaches to assess the compliance of the data with the FAIR principles. The
results will provide insight into the degree of compliance to FAIR principles, the aspects
that can be improved and the way forward in a context, both scientific and in professional
practice, where the handling of large volumes of data is a matter of crucial importance.

Methods

The methodology used in this study consists of three stages (Fig. 1):

e Capturing datasets on addictions
e Downloading the records
e FAIR evaluation of datasets with the F-UJI tool

Capturing datasets on addictions

Six search equations were designed to retrieve datasets, one for each type of studied addic-
tion: alcohol, cannabis, cocaine, opioids, stimulants and tobacco. The specific search equa-
tion for each substance can be found in the Supplementary Material.

The datasets were obtained through the Data Citation Index (DCI), a resource offered by
the Clarivate company and included in the Web of Science (WoS) catalogue. The DCI pro-
vides access to many descriptive records on datasets obtained through its partnership with
repositories and large-scale data and metadata providers. The DCI contains more than 80
types of data (e.g., images, sequence data, geoscientific information, and audiovisual), and
all of them were included in our study. The strength of this resource is that it provides an
overview that is very difficult to achieve when datasets or repositories are viewed in isola-
tion (Clarivate Analytics, 2017).

Downloading the records
The WoS bibliographic information from the six searches mentioned above was
imported for each retrieved record: (1) author/creator; (2) title of the dataset; (3) year of

data publication (collected records published from 1900 to the present); (4) data source
(repository where the data are deposited or the organization in charge of making the

wos-bcl | BIBLIOMETRICOS F-UJI

Obtaning Downloading the

———» datasets from +—> records and processing +— Merging all 6 addictions. Applying F-UJI
the DCI with Bibliometricos in one Dm‘ assessment Analytical REEEE
I mpncm Cleaning
For each six Six variables for each
addictions record in Database PIDS' compilation

Fig.1 Assessment stages and process. The WOS-DCI tool is wused for capturing datasets,
BIBLIOMETRICOS for downloading records, and F-UJI for the FAIR assessment stage
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Table 1 Classification of Addiction DOl URL

addiction by type of unique

identifier Alcohol 1203 897
Cannabis 44 23
Cocaine 170 540
Opioids 106 74
Stimulants 24 4
Tobacco 2302 3622

data available); (5) Web of Science subject category of the data source (i.e., Genetics
& Heredity; Biochemistry & Molecular Biology or Biodiversity Conservation); and 6)
persistent identifier (PID) (e.g., digital object identifier (DOI), unique URL, a databank
accession number or other permanent identifier). The year of publication, the data source
and the Web of Science subject category are considered for further analysis.

The total recovered records (datasets) for each substance were n=2100 for alcohol,
n=67 for cannabis, n=710 for cocaine, n=180 for opioids, n=28 for stimulants and
n=>5924 for tobacco. These records were downloaded in.txt format and processed with our
Bibliometricos software.! Six databases were created, one for each type of addiction. To
make it more efficient, all six were merged into a single database, creating a new variable
called "type of addiction" to differentiate the datasets once the records were merged.

Once this information was parsed and organized, it was necessary to know the unique
identifier of the total records in each substance. This identifier allowed us to move to the
next step of the methodology. For this purpose, the dataset was divided into records that
have a DOI and records that have other types of identifiers (such as URL). In addition, the
results can be observed in Table 1.

FAIR evaluation of datasets with the F-UJI tool

The FAIR assessment for these datasets was performed with the F-UJI tool that evalu-
ates research data objects, which is basically a REST API using OpenAPI Specification’
from a remote server, published under an open-source MIT licence. It is based on aggre-
gated metadata, including metadata embedded in the landing page and metadata retrieved
from a PID. F-UJI considers the following schemes to be PIDs: handle, persistent uniform
resource locator, archival resource key, permanent identifier for web applications and DOI
(Sun et al., 2022).

The utilization of F-UJI in assessing datasets involves an examination of numerous
cross-domain metadata standards, including those put forth by Dublin Core, DCAT, Data-
Cite, and Schema.org, as expounded upon by Devaraju et al., (2022). The outcomes of such
evaluations yield diverse scores pertaining to the metadata of data and datasets, with 16
metrics distributed across four principles: findability (5 metrics), accessibility (3 metrics),

! Bibliométricos: proprietary software dedicated to retrieving records from various resources such as WoS
and parsing them in a relational database for further analysis.

2 OpenAPI Specification (OAS) defines a standard, programming language-agnostic interface description
for HTTP APIs.
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interoperability (3 metrics), and reusability (5 metrics). They delve into the aspects of each
of these metrics in more detail.

Devaraju et al., (2022) states that, the metrics are based on the set of indicators proposed
by the RDA FAIR Data Maturity Model Working Group (FAIR Data Maturity Model
Working Group, 2020), and the specification of metrics follows the template modified
by Wilkinson (Wilkinson et al., 2018). The approach of the tool is hierarchical, whereby
each FAIR principle is associated with specific metrics, and for each metric, one or more
practical tests are defined. Each test is based on community best practices and standards
(Table 2).

1. The online web application offers an intuitive summary of the FAIR aspects of the
evaluated PID manually by inserting only one PID individually (https://www.f-uji.net/
index.php?action=test)

2. The tool can be installed locally and run API calls in a loop for a list of PIDs. In this
way, F-UJI can compile many datasets automatically (the script is published by the
FAIRSFAIR project and can be found on GitHub).

Table 2 The complete set of metrics used by F-UJI (Devaraju et al., 2022)

Number FAIR  Metric Identifier Description name

princi-
ple
F FsF-F1-01D Data is assigned a globally unique identifier
F FsF-F1-02D Data is assigned a persistent identifier
3 F FsF-F2-01 M Metadata includes descriptive core elements (creator, title, data
identifier, publisher, publication date, summary and keywords)
to support data findability
F FsF-F3-01 M Metadata includes the identifier of the data it describes
5 F FsF-F4-01 M Metadata is offered in such a way that it can be retrieved by
machines
6 A FsF-A1-01 M Metadata contains access level and access conditions of the data
7 A FsF-A1-02 M Metadata is accessible through a standardized communication
protocol
8 A FsF-A1-03D Data is accessible through a standardized communication protocol
I FsF-11-01 M Metadata is represented using a formal knowledge representation
language
10 I FsF-12-01 M Metadata uses semantic resources
11 I FsF-13-01 M Metadata includes links between the data and its related entities
12 R FsF-R1-0IMD  Metadata specifies the content of the data
13 R FsF-R1.1-01 M Metadata includes license information under which data can be
reused
14 R FsF-R1.2-0IM  Metadata includes provenance information about data creation or
generation
15 R FsF-R1.3-01M  Metadata follows a standard recommended by the target research
community of the data
16 R FsF-R1.3-02D  Data is available in a file format recommended by the target

research community
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Identifier (e.g., URL, PID) ———p| Parse request
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o) s service endpoint
- the data page etc (OAICSW/SPARQL) ves]
. provided?

Metadata at the v
object-level TR

= Extract metadata
D standards via the endpoint

T 1
no
" Extract repository metadata (api,
Collate mesadata of e o Isva persistent » metadata standards ) through
the object identifier? s
re3data
3

- re3data.org

GISTRY OF %SEARCH DATA #POSITORIES

Metadata at the
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Fig.2 The high-level flow of each Fuji assessment summarized (Huber, 2021)

In our case, having many datasets to compile (5967 PIDs), we adopted the second
approach to assessment.

F-UJI is taking a PID or URL input parameter to perform the assessment (Fig. 2). It
then attempts to identify the metadata provided. Additionally, it employs other techniques,
such as content negotiation or following type links, to collect supplementary metadata,
which may be presented in alternative formats by the provider. The collated metadata is
then employed in the subsequent assessment stages, with the resulting scores predefined in
the architecture of the tool based on the aforementioned document.

The tool gives us the JavaScript Object Notation (JSON) files for each PID with an
assessment result that includes scores, practical tests, inputs/outputs and assessment
contexts for each of the 16 metrics (Fig. 3).

The final stage of the evaluation of our datasets is to visualize the scores after compiling
all PIDs. By creating a report using a computational notebook (.ipynb document) provided
by the FAIRSFAIR team (GitHub—Pangaea-Data-Publisher/Fuji: FAIRsFAIR Research
Data Object Assessment Service, n.d.), we obtain an overall analysis and visualization of
all PID responses that were assessed using F-UJI.

During the analysis, we focused on two specific aspects of these reports: the overall
FAIR scores and the scores obtained for each principle.

This methodology has been successfully applied in other works analysing other areas,
such as agriculture (Petrosyan et al., 2023).

Results

Data obtained from the DCI

Regarding the data obtained from the DCI, an analysis of the year of publication, data
source (repositories) and WoS category was carried out.

Regarding the year of publication, the merged database of the six addictions was con-
sidered for this analysis. Accordingly, removing duplicates was necessary because it was
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v oot [Fina. a
| metric_specification "https://don.org/10A5281/zenodo.4081213"[/-\
metric_version "metrics_v0.4.yam|"
v request
metadata_service_endpoint null
metadata_service_type null
normalized_object_identifier "10.1371/journal.pone.0053187"
oaipmh_endpoint null

object_identifier "http://figshare.com/articles/Primary_Prevention_of_Cannabis_Use_A_Systematic_
Review_of_Randomized_Controlled_Trials__/114763 "

metrics score source

test_debug true \
use_datacite true ,
| » results [] 16 items |\ URL input
software_version "1.4.9b"
v summary The results of all 16 metrics and their tests.
» maturity

[ v score_earned I
A2 \
A1 2 Scores obtained, for each metric

F6 and the overall FAIR assessment
F12

F2 2
F3 1
F4 1
FAIR 11
11
ni
130
R 2
R11
R1.1 0
R1.2 1
R1.3 0
» score_percent
» score_total
» status_passed
» status_total
test_id "91d24f7f82fe89bc072a3fb4a708d1034b68e952"
timestamp "2022-11-08712:19:322"
total_metrics 16

Fig.3 The following example illustrates the JSON report generated following the evaluation of the tool.
It displays the metadata collected from the input URL in the "request" section and the scores obtained for
each metric

possible that one dataset could be classified as including more than one addiction. The
result without duplication was 7902 datasets. Over this quantity, we calculated the fre-
quency per year, which showed sustained growth from the first years to the 2010s onwards,
where stabilization was observed. The most productive years were 2014, 2015 and 2016,
accounting for 40% of the total.

In terms of data sources (repositories), forty repositories were found for all the addic-
tions studied. At the general level, the results showed that among the repositories with
more than 10 datasets, both generic and thematic repositories on genetics were predomi-
nant, representing close to 100% of the total.
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100% — | — . —
80%
60%
40%
20%
0%
ALCOHOL CANNABIS TOBACCO COCAINE OPIOIDS STIMULANTS
Vivli M Database of Genotypes and Phenotypes: dbGaP
M DrugBank B Worldwide Protein Data Bank
H Zenodo m OpenNeuro
M ArrayExpress Archive GWAS Central
European Nucleotide Archive M Gene Expression Omnibus
M Figshare

Fig.4 Percentage of datasets deposited in the top 5 repositories per addiction

When a differentiation between types of addiction was performed, the top 5 repositories
for each type of addiction were considered. As shown in Fig. 4, three repositories
contain data on all the addictions: Figshare, Gene Expression Omnibus and European
Nucleotide Archive. Notably, specific repositories on gene expression profiles or DNA
and RNA sequences were more common for cocaine and tobacco use than for use of
other substances, with greater representation in generalist repositories such as Figshare.
Nevertheless, the high presence of thematic repositories for all addictions is remarkable,
since all the most frequent repositories used, except Figshare, focused on a specific area.
Most of the thematic repositories are designed to deposit and store data on basic sciences,
with Vivli (clinical research data) and DrugBank (drug and drug target information)
being the exceptions. This result is complemented by the data shown in Fig. 5, where
the classification per top 5 WoS source category® is observed. Here, the most frequent
categories after multidisciplinary sciences are basic research, such as genetics and heredity
or biochemistry and molecular biology, with other disciplines such as neurosciences or
medicine, research and experimental occurring less often.

3 Web of Science Core Collection Overview—nhttp://webofscience.help.clarivate.com/en-us/Content/wos-
core-collection/wos-core-collection.htm ?Highlight=category
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Fig.5 Percentage of datasets by WoS thematic Category differentiated by each addiction

FUJI analysis of PID (DOI and URL)

The FUIJI analysis results were divided into DOI object results and URL object results. The
division by type of object (DOI and URL) was performed at the stage of downloading from
the DCI, as it was one of the most significant differences within our PID database.

As we mentioned in the methodology, we considered a) the total FAIR level score
obtained by each addiction and b) the differentiated score according to the FAIR principle.

DOI object results

None of the addictions analysed reached an average of 30% FAIR compliance, since
all were between approximately 20-29%. Within this range, cannabis addiction scores
higher in general FAIR terms, followed by cocaine.

Following the analysis by each principle (Fig. 6), the trend is similar for all types of
addictions. Findability had the highest score, followed by accessibility, interoperability
and reusability. All types of addiction scored above 50% in findability (with the highest
score for cannabis, at 59.3%), but none of the remaining principles was able to reach
this percentage. Again, cannabis addiction scored the highest in all principles. Stimulant
addiction scored quite poorly for interoperability and reusability compared to other
forms of addiction.
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[M Findable Principle [ll Accessible Principle [l Interoperable Principle [l Reusable Principal

53.7

TOBACCO ALCOHOL COCAINE OPIOIDS CANNABIS STIMULANTS

Fig.6 FAIR scores per principle for DOIs

[ Findable Principal [l Accessible Principal [l Interoperable Principal Reusable Principal

46.4

15.6

45 56 53
24 26

TOBACCO ALCOHOL COCAINE OPIOIDS CANNABIS STIMULANTS

Fig.7 FAIR scores per principle for URL

URL object results

Regarding the analysis of URL identifiers, the results of the six addictions ranged from
17 to 22%, having cannabis and opioids the highest scores.

Observing the differences among the principles (Fig. 7), a distinct tendency from
DOIs can be detected here. In the case of URLSs, findability and accessibility also scored
higher than interoperability and reusability (even though the results were much lower
than for the DOI group). Although none of the addictions achieved 50% compliance
for any of the principles, the principle of interoperability was highlighted due to its
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low score in all cases, as it did not reach 10% compliance. The interoperability and
reusability scores for stimulants (6.3% & 10%) were interesting, as they were higher
than in the DOI group (1% & 1.3%).

Finally, despite the overall low mean scores for both the DOI and URL results, impor-
tantly, a dispersion was detected in some cases between the best and worst scoring datasets.
This means that there are datasets that obtained good or even very good FAIRness scores
but were hidden in the average due to the majority obtaining low scores. That is, in the DOI
group, some datasets scored in the range of 70-85% for FAIRness, and in the URL group,
they scored in the range of 50-60% (this can be observed in the supplementary figures
available on Figshare, which were obtained directly from the report).

Discussion

The results of this study allow us to approximate the quantity, characteristics and quality
of published datasets in the area of addictions research. This was possible due to the use
of the DCI, the resource of Clarivate Analytics that collects datasets from a wide range
of proven solvent repositories. Moreover, in a second step, the level of FAIRness of
those collected datasets was checked through the F-UJI tool of the FAIRSFAIR project.
The overview obtained is very useful to understand the current state of the practice of
data sharing in a context that increasingly requires the participation of different scien-
tific actors not only in the practice of data sharing itself, but also in the need to share
quality data.

Regarding the quantity and characteristics of the datasets, it is important to highlight
that there are large differences between addictions in terms of the volume of datasets. As
we can observe, tobacco addiction had the most published datasets, followed by alco-
hol and opioid. This is due to tobacco and alcohol being the most consumed substances
currently and historically (Substance Abuse and Mental Health Services Administration
(SAMHSA), 2022). As for the opioids, there are examples in the literature of the useful-
ness of sharing data in the fight against the epidemic opioid’s crisis (Lin et al., 2019;
Stopka et al., 2021). Another proof of this relationship is the use of open data portals to
obtain raw data, for example the NYC Open Data to find alcohol-related complaints in
NYC (Ransome et al., 2019); an Open Data Kit Software form creating questionnaires
for collecting data on tobacco availability around education centres (Leimapokpam &
Swasticharan, 2017); the World Bank Open Data for studying the impact of public health
policies on alcohol-related liver disease (Diaz et al., 2021); or the use of government
open data sources to obtain sociodemographic indicators for studying the socioeconomic
determinants of opioid prescribing in England (Schifanella et al., 2020).

As for the repositories, our study showed us that at least in the topic of addiction
research, the datasets were mostly deposited in multidisciplinary and genetic reposito-
ries. The case of cocaine research stands out, as it does not present the largest number of
published articles, but it does present the largest number of datasets among the group of
illicit drugs. This could be due to the large amount of basic research related to cocaine
(the most frequent WoS category in cocaine was genetics & inheritance, and "Gene
Expression Omnibus" was the most used repository). For this reason, cocaine research
is more related to data sharing practices than others (Haeusermann et al., 2018; Pereira
et al., 2014; Vassilakopoulou & Aanestad, 2019).
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Regarding the quality, this leads us to the results of the second part of our study, that
is the degree of compliance of the FAIR principles by the shared datasets. In this regard,
the analysis using the F-UJI tool offers different interpretations. First, although the reg-
istration of a digital data object can be accomplished through either a persistent or non-
persistent identifier, it is worth noting that the use of a nonpersistent identifier, such
as a URL, may result in limited automated evaluation capabilities (Devaraju & Huber,
2021). Thus, the usefulness of persistent identifiers is demonstrated at least at the level
of analysis of compliance with FAIR principles through F-UJI.

In terms of the level of compliance for six addictions and their identifier groups, they
all had similar score patterns, with findability and accessibility being the most compli-
ant and interoperability and reusability being the least compliant. This pattern is similar
to that obtained in the study by Petrosyan et al., (2023) in the area of agriculture, where
the worst scores were also obtained on the principles of interoperability and reusability.

Although no other examples of FAIR principles compliance in addiction research were
found, several recent studies highlight both the relevance of considering FAIR principles
in health data management and the difficulties that remain in doing so (Bhatia et al., 2020;
Holub et al., 2018). These difficulties, which are in line with the results of our study, have to
do with the lack of key elements for compliance with the FAIR principles but also with the
lack of a culture of sharing among both institutions that manage health data, such as hospitals
or health departments, and professionals, such as clinicians or researchers. As Bhatia et al.,
(2020) mentioned, there is a need to modernize the way in which researchers use, share, find
and cite datasets in the research community as a whole. Their study focused on creating a
catalogue that addressed the deficiencies in the Emergency Medicine databases included in
the Healthcare Cost and Utilization Project (HCUP) using the FAIR principles as a guide.
These deficiencies are related to the absence of searchable tools, the lack of unique identifiers,
the ambiguity of what counts as a dataset, and finally, the need to standardize terminology. In
another study by Holub et al., (2018), some challenges of reusing biological material in medi-
cal research were raised. These challenges were related to quality aspects, incentives, privacy-
respecting approaches and the lack of common guidelines for cloud architectures that can deal
with the enormous growth of medical data. From their point of view, life sciences still suffer
from fragmentation and substantial reproducibility issues. These concerns were especially evi-
dent during the COVID-19 pandemic, when the FAIRification of healthcare data was a neces-
sity. Following processes such as the one proposed by Queralt-Rosinach et al., (2022), they
argued that using existing standardized terminology can turn patient data into machine-reada-
ble objects for secondary uses. The health sector’s interest in compliance with the FAIR prin-
ciples also manifests itself in the search for solutions that make compliance with the principles
compatible with personal data management and data protection (Delgado & Llorente, 2022;
Govarts et al., 2022). In this sense, Govarts et al., (2022) pointed out that all the new technical
developments in the European Union under the Open Science umbrella, such as federated data
management and analysis systems, machine learning, advanced search software, harmonized
ontologies, and data quality standards, need a balance between FAIR data management and
compliance with personal data protection safeguards.

Other examples of how FAIR principles have influenced health data were shown through
initiatives such as OpenPVSignal, by which a model was developed with the aim of supporting
the semantic enrichment and rigorous communication of pharmacovigilance (PV) signal
information to 1) publish signal information according to the FAIR principles and 2) exploit
automatic reasoning capabilities upon the interlinked PV signal data (Natsiavas et al., 2018).
Additionally, Project Tycho, which is a repository designed to improve FAIR compliance
with global health data (epidemiological data), discovered the necessity of developing
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community-accepted standard representations for these data (Van Panhuis et al., 2018), similar
to other specialized schemes. Moreover, the initiative proposed by Leung and Dumontier
(2019) from the clinical field also defends the need for a new generation of clinical practice
guidelines (CPGs) in the health system that considers the FAIR principles, offering a basic
checklist for developing those FAIR-CPGs.

Limitations

This study has some limitations that need to be discussed. First, the Data Citation Index was
used to locate the datasets in the area of addictions. This index, which belongs to the WoS
catalogue of the company Clarivate Analytics, provides access to information on 449 checked
and validated repositories as of 2023. This assures us of the quality and relevance of the repos-
itories but does not cover all repositories, so it is possible that some relevant repositories may
not have been captured. Another limitation is the F-UJI tool itself, which, despite being the
most complete of those that have been tested by the authors, is not perfect and is in continuous
improvement, in line with the changing subjects it analyses, the sharing of research data and
compliance with the FAIR principles.

Conclusions

The main conclusions of our work revolve around two facts. First, a significant effort to share
datasets has been observed in the field of addiction research, demonstrated by the growing
number of datasets over the years. This could mean that the increase in policies, indications
or even mandates for data sharing are having an effect at least in terms of the number of data-
sets shared. Institutions such as the European Commission have developed scientific open data
policies that include not only the obligation of correct treatment of the data generated in their
funded projects (including compliance with the FAIR principles), but also the indication to the
Member States to include similar policies in the calls for local projects (European Commis-
sion, 2024; SPARC Europe, 2021). Similarly, the National Institutes of Health are involved in
the development and implementation of policies to ensure access to the data generated in their
funded projects (National Institutes of Health, 2024).

Second, the results of our study showed the issues that remain to be resolved, especially in
relation to the FAIR principles of interoperability and reuse. As has been seen in other studies,
there are initiatives that, seeing the need to share data in accordance with the FAIR principles,
are working to find useful methodologies and systems. In this line, our study aims to contrib-
ute to this, offering analyses and methodologies that should help in the collective search for
solutions in the field of addictions, which effectively calls for solutions in the context of data
sharing. Compliance with the FAIR principles is crucial not only to make the practice of data
sharing useful to researchers in their daily tasks but also to make these data (and the accom-
panying metadata) machine-readable, both for use in research and in "datametrics” studies
such as this one. Several relevant statements and initiatives such as the recent CoARA—Coa-
lition for Advancing Research (Coalition for Advancing Research Assessment (CoARA),
2022) have insisted on Open Science and Open Data as a paradigm and FAIR principles as a
model to follow. The now classic article by (Wilkinson et al., 2016) on FAIR principles and
how to achieve them, including the use of repositories and indications of what a good deposit
would look like, is still very useful for researchers and institutions. The reason for the poor
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results obtained on the Reusable and Interoperable principles in our studied sample seems to
be related to the lack of operational knowledge once the deposit in a chosen repository has
been made. In this line, institutions and funding agencies have a duty not only to promote and
require open research data, but also to provide training and support to researchers from differ-
ent disciplines to do it correctly.

Future directions

A new research direction is proposed that is under development, which will apply machine
learning algorithms to results from F-UJIL, in order to classify and identify FAIR metrics
more accurately after evaluation by the tool. This approach will facilitate the effective and
rapid detection of metrics that fail during the evaluation of such a large number of datasets,
as in our case, particularly those related to the principles of interoperability and reusability
during the assessment. Such approach would help the identification of gaps and bring these
problems to the attention of both the repositories that publish them and the scientific com-
munity in the future.
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