JASS Journal of Anthropological Sciences

Research articles Vol. 99 (2021), pp. 135 - 152

doi.10.4436/jass.99016

The emerging complexity of Open Science: assessing
Intelligent Data Openness in Genomic Anthropology and
Human Genomics

Paolo Anagnostou?, Marco Capocasa'?, Francesca Brisighelli3, Cinzia Battaggia! &
Giovanni Destro Bisol'2

1) Department of Environmental Biology, Sapienza University of Rome, Piazzale Aldo Moro 5, Rome, Italy
e-mail: paolo.anagnostou@uniromal.it, giovanni. destrobisol@uniromal.it
2) Istituto Italiano di Antropologia, Piazzale Aldo Moro 5, Rome, Italy

3) Forensic Genetics Laboratory, Department of Health Surveillance and Bioethics, E Policlinico Gemelli IRCCS
Roma - Universita Cattolica del Sacro Cuore, Ttaly

summary - In recent decades, the scientific community has become aware of the importance of science
being effectively open in order to speed up scientific and technological progress. In this context, the achievement
of a robust, effective and responsible form of data sharing is now widely acknowledged as a fundamental
part of the research process. The production and resolution of human genomic data has steadily increased in
recent years, mainly due to technological advances and decreasing costs of DNA genotyping and sequencing.
There is, however, a downside to this process due to the huge increase in the complexity of the data and
related metadata. This means it is advisable to go beyond traditional forms of sharing analysis, which have
Jocused on data availability only. Here we present a pilot study that aims to complement a survey on the
availability of data related to peer-reviewed publications with an analysis of their findability, accessibility,
useability and assessability (according to the “intelligent data openness” scheme). Sharing rates in genomic
anthropology (73.0%) were found to be higher than human genomics (32.4%), but lower than closely
related research fields (from 96.8% to 79.2% for paleogenetics and evolutionary genetics, respectively). We
discuss the privacy and methodological issues that could be linked to this finding. Comparisons of sharing
rates across a wide range of disciplines has suggested that the idea of human genomics as a forerunner for the
open data movement should be questioned. Finally, both in genomic anthropology and human genomics,
[findability and useability were found to be compliant with the expectations of an intelligent data openness,
whereas only a minor part of studies met the need to make the data completely assessable.

Keywords - Research lifecycle, Open Data, Findability, Accessibility, Useability, Assessability, Privacy,
Personal Identification.

Defining Open Science (from an
anthropological perspective)

What is Open Science? The question can be
answered in different ways, mostly depending
on whether the emphasis is on: infrastructure,
knowledge, impact measurement, social values
and collaborative research (Fecher and Friesike
2013). In this article, we will try to combine
some of these alternative views, looking at Open

Science from an anthropological perspective, as
an endeavour to share knowledge not only with
the scientific community but also with (and for)
society as a whole.

The term combines two complex and mul-
tifaceted concepts: open(ness) and science.
Lacking a shared definition of Open Science
means we must define both words explicitly in
order to make our discourse clear. So let’s start
from the latter. Among the many definitions
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Fig. 1 - The scheme of a research lifecycle and research process which emphasises the involvement
of participants (grey circles) in the development of the research plan and interpretation of findings.

offered, we can start from Quinn (2009, p. 8):
“Science is a process, based on interpretation of
experimental or observational data using models
and theories, within a strictly constrained logical
structure”. It aims to know and understand the
natural and social world through five pillars: (i)
repeatability: investigating the same phenome-
non with new approaches in order to challenge its
interpretation; (ii) mensuration: describing the
properties of physical objects and living organ-
isms unambiguously, using universally accepted
methods and scales; (iii) economy: summarising
any scientific information (e.g. a series of meas-
urements) in the simplest form, but without any
loss of information; (iv) heuristics: by following
unexpected avenues of research, science leads to
new knowledge which allows further testing of
the scientific principles; (v) consilience: the con-
vergence of different lines of evidence towards a
comprehensive theory of phenomena (Wilson
1998). Consilience is particularly characteristic

in anthropology, due to its intrinsic interdisci-
plinary nature and epistemological mission to
achieve a holistic view of human phenomena.
Coming to openness, its significance goes
beyond its immediate meaning of free accessibil-
ity of concepts, methods, and data produced by
research activities. There is another important
implication: ~ guaranteeing that the informa-
tion is shared to an extent that allows others to
reproduce a study or experiment in its entirety,
what we call transparency. While this should be
implicit in scientific practises, it is not always
implemented for a variety of reasons, making
the research cycle closed to efficient scrutiny in
many cases. Openness may assume an additional
meaning in anthropological research, which
goes beyond a strict scientific dimension. Due
to their background, biological anthropologists
should be more aware of how to collaborate and
share decisions with community members start-
ing from the early stages of a research project in
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order to make it more sustainable, inclusive to
all those involved in research, and attentive to
their social values (McInnes 2011; Garrison et al.
2018). This helps avoid possible misunderstand-
ings resulting from communication difficulties
and adapt scientific practises to the culture and
the expectations of communities (Sharp and
Foster 2002; Low and Merry 2010; Schensul et
al. 2015). Furthermore, prospective participants
can better understand the “whys” and “hows”
of the study and can make informed choices
regarding their degree of involvement (Harry et
al. 2000). There are two steps in the research pro-
cess which are crucial to implement this inclusive
approach: the development of the research plan
and the interpretation of findings (Fig. 1).

To fully understand the values underlying
Open Science, it is necessary to conceptualise sci-
ence as an organised highly cooperative enterprise
in which there is a mutual exchange of informa-
tion between all components. Cooperative behav-
iours have been a key factor in the evolution and
adaptive success of Homo sapiens (Apicella and Silk
2019). Therefore, it is not surprising to find them
at the heart of what human beings do to advance
their knowledge of the world, with the ultimate
goal of bringing new knowledge, progress, and
well-being to society. The essay “Science and tech-
nology in a democratic order”, which was pub-
lished by the American sociologist Robert King
Merton (1942) decades before the surge of the
Open Science movement, is an indispensable refer-
ence in this regard. The “institutional imperatives
that together constitute the ethos of modern sci-
ence” (universalism, communism, disinterest, and
organised scepticism) express an essentially cooper-
ative and cumulative vision of the scientific enter-
prise. More than 40 years later, in 1985, Chubin
introduced and defined the term “Open Science”
for the first time in the scientific discourse, basing
his idea on Merton’s vision of Science.

In Figure 2, we have modelled Open Science
considering three interacting components: play-
ers, tools and objectives. Players include all those
involved in research production, application and
dissemination: researchers, citizens and (other)
stakeholders (e.g. political and institutional

Players Tools
researchers methods
citizens data
stakeholders hypotheses
Open
Science

knowledge

applications

Objectives

Fig. 2 - A scheme depicting Open Science as
an organised cooperative enterprise. Circular
arrows indicate the reciprocal feedback within
and among the three components (players,
tools and objectives).

decision-makers, managers, publishers and sci-
ence communicators) (Gura 2013). Awareness
of each other’s expectations facilitates and makes
interactions among players more productive.
Data, methods and hypotheses (which we
have indicated collectively as tools) are at the
heart of the scientific method. Advancements in
scientific methods increase the quantity and qual-
ity of research data, reshape scientific practises,
challenge current theories, and promote new
ones. This is exemplified by the increasing use of
data-based approaches favoured by the increasing
availability of big data, with examples (and cave-
ats) also coming from genomic studies of cultural
and social phenomena (e.g. Goisauf et al. 2020).
The integration of big data, machine learning
and artificial intelligence is expected to promote
a better understanding of the linkages between
genotypes and phenotypes (Ramsay et al. 2019).
As regards the objectives of science, a distinc-
tion is usually made between basic (or pure) and
applied research. A paradigmatic example of the
porosity of this dichotomy is provided by the
Human Genome Project which has reshaped
the way biological discovery is practised, paving
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the way for both the understanding of genetic
variation and the advancement of research into
cures for genetically related diseases (Hood and
Rowen 2013; Gibbs 2020). The growing devel-
opment of applied anthropology - a younger
subfield which aims to solve practical problems
outside the academic dimension - shows that the
boundary between basic and applied research
is becoming increasingly blurred (Van Willigen
2002; Trotter et al. 2014).

The feedback among the three main compo-
nents creates a virtuous circle: while players use
tools to achieve their objectives, new knowledge,
stemming from basic or applied research, may
generate novel hypotheses to be tested through
more powerful data which require innovative
methods to be produced.

In summary, Open Science can be defined
as a process in which three main components
(actors, tools and objectives) act synergistically
to produce and share new knowledge in a way
that does not only lead to scientific and techno-
logical advances, but which is also attentive to
societal values and individual rights. Thanks to
the systemic sharing and cooperation that occurs
within and between components, research car-
ried out in an Open Science perspective is more
collaborative, bottom-up, creative and innova-
tive than in scenarios where secrecy prevails over
openness (e.g. industrial, military and phar-
maceutical research). By encouraging players to
share values, expectations, and responsibilities,
Open Science helps them become more aware of
the fundamental value of reproducibility, heuris-
tics, and consilience.

Open data

No research problem can be framed or any
scientific question defined without the support
of data. In all scientific disciplines, experimental
data are indispensable to test hypotheses, create
models and build theories, while their sharing
and reuse - what is commonly understood by
Open Data - is fundamental to advance knowl-
edge. Therefore, data have a central role in the

research life cycle and research process (Fig. 1).
The actual usefulness of the data collected to
answer the research question depends on the
accuracy with which the experimental design is
drawn up and, vice versa, the development of
an effective research plan requires an accurate
identification of all the data to be collected,
analysed and compared. Data (and metadata)
may be shared either after or even before the
publication of the study (Birney et al. 2009;
but see Amann et al. 2019). Although the latter
practice has been so far limited to great publicly
funded projects (Birney et al. 2009), the prolif-
eration of data journals is expected to incentiv-
ize this procedure in the near future (Bierer et
al. 2017).

Today, making research data available for
reuse and scrutiny is an explicit priority for bio-
logical and biomedical research (De Silva and
Vance 2017), and this has been helped in recent
years by the introduction of new computer-
assisted technologies and digitization techniques
(Sansone et al. 2018). Accordingly, various strat-
egies have been set up by academic institutions
and funding bodies to encourage researchers to
share their results, including the development of
Open Data policies by institutions and journals,
community-driven initiatives and, more recently,
the creation of data journals (Hrynaszkiewicz et
al. 2020; Walters 2020; see also the CODATA,
Research Data Alliance and Foster web sites). The
Journal of Anthropological Sciences was the first
anthropological journal to ask authors to deposit
the research data of accepted papers (Anagnostou
and Destro Bisol 2011). More recently, other
journals like the Journal of Human Evolution and
the American Journal of Physical Anthropology
(American  Journal of Biological Anthropology
starting from 2022) have adopted an Open Data
policy (Turner and Mulligan 2019).

More focus on genomic anthropology

Genomic anthropology is currently a very
vital research area. It deals with various aspects
of the natural history of our species, including,
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Fig. 3 - Pros and Cons of Open Data in genomic anthropology pictured using the metaphor of the moon.

among others, the characterization of ancient
DNA, the history of human populations and
population processes, and the role of adaptive
processes in shaping the genetic diversity of our
species (Jobling et al. 2004; Destro Bisol et al.
2010). As for any anthropological sub-field,
the horizon of genomic anthropology embraces
cultural aspects (e.g. archacological, linguis-
tic, social), with the ultimate goal of obtaining
consilient explanations of human phenomena.
Recently, the exploitation of data has further
been developed through the use of complex spa-
tiotemporal models that require sophisticated
bioinformatic and statistical tools and their
integration with ecological evidence (Pagani and
Destro Bisol 2021). However, even recogniz-
ing promising methodological and conceptual
advances, anthropologists should be aware of
the risk that genomics could reintroduce a racial
view when data are used assuming simplistic
and rigid schemes of human diversity (Lee et al.
2001; Dunklee 2003; Kowal and Llamas 2019).

Compared to other research fields in bio-
logical anthropology, studies on DNA variation,
both at genetic and genomic levels, have two
characteristics that can make data sharing easier

and more effective. Indeed, the encoded nature
of DNA, its primary source of information,
makes data comparability far superior to, for
example, quantitative or quasi-qualitative traits
of teeth and bones. However, as in other research
fields (Fischer and Zigmond 2010), open-
ing data is not without caveats and has its pros
and cons that stem from the inevitable tension
between openness and secrecy. Looking at the
pros (the light side of the moon, Fig. 3), Open
Data can help put into practice the principles of
research integrity (honesty, accountability and
fairness) by facilitating the detection of errors,
falsification and fabrication (OECD 2007). We
previously discussed how sharing data in human
paleogenomics helped overcome its credibil-
ity crisis in the early 1990s caused by the dis-
covery that some important published findings
were due to contamination with endogenous
DNA and/or Polymerase Chain Reaction arte-
facts (Anagnostou et al. 2015). It also restored
a climate of confidence in ancient human DNA
studies, which paved the way for their subsequent
development, which was enabled by the applica-
tion of next-generation sequencing (NGS) tech-
niques in the mid-2000s (Rehm 2017).
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Another important advantage is that data
on human genomic variation can be archived in
and retrieved from large repositories (e.g. Gene
Expression Omnibus, Sequence Read Archive,
European Genome-phenome Archive) or large
international projects (International HapMap
3 Consortium 2010; 1000 Genomes Project
Consortium 2015). This means that knowledge
can be advanced in two ways: data can be re-
examined to shed light on questions that were
not answered in the original studies, while larger
and more powerful datasets which integrate old
and new findings can be assembled (e.g. Zeberg
and Piibo 2020, 2021). Furthermore, large open
repositories provide another advantage: when data
on specific populations to be studied are already
available and can be reused in accordance with
informed consent, time and money can be saved,
plus donors no longer need to be sampled further.

Looking at the dark side of the moon, the
first problem to be considered concerns the pos-
sible ethical issues. Dealing with human subjects,
anthropological surveys may face risks regarding
the leakage of sensitive individual information
to unauthorised parties. e.g. when genomic data
are combined with other sources of informa-
tion on individual characteristics. In fact, it has
been shown that participants in public sequenc-
ing projects can be identified with high prob-
ability using free, publicly accessible Internet
resources such as online genealogy databases
(e.g. see Gymrek et al. 2013; Erlich et al. 2018).
Members of small and socially identifiable com-
munities, which are often of particular signifi-
cance for anthropological research, may undergo
even greater risks of privacy violation (McGregor
2007; Tsosie 2007; Clayton et al. 2018) and
discrimination based on disease predispositon
(Suther and Kiros 2009; Lemke 2013). Being
aware of its potential conflicts with the safe-
guarding of legitimate interests of participants,
researchers could embrace the ideal of openness
in a more responsible and sustainable way (see
Byrd et al. 2020 and related citation therein),
starting from the drafting of informed consent,
particularly the section regarding the research
purposes (Rao 2016). Several authors have

pointed out that an improper use of genetic data
could expose donors to risks of stigmatisation in
the employment environment, in health and life
insurance and in education (see Haeusermann et
al. 2018; Chapman et al. 2020; Joly et al. 2020).

Improper data sharing practises can also
lead to legal problems. Probably, the contro-
versy between the Havasupai of Arizona and the
Arizona State University (ASU) has been one
of the most discussed (Sterling 2011; Garrison
2013; Van Assche et al. 2013). In this case, an
investigation into the genetic causes of high rates
of type II diabetes was followed by other stud-
ies regarding alcoholism, inbreeding and the his-
torical origin of this community settled in the
Grand Canyon. Not seeking consent to accom-
plish this secondary purpose, the ASU research-
ers were sued by community members. In 2010,
the Arizona Court of Appeals obliged the former
to economically compensate the latter for the
moral damage caused by the researchers having
used genetic data for purposes that had not been
specified in the informed consent presented at
the time of sampling (Harmon 2010; Mello and
Wolf 2010). Other cases of allegations of mere
exploitation of indigenous peoples have involved
researchers from major scientific companies,
such as the Human Genome Diversity Project
(HGDP) and the Genographic Project (Lock
2001; TallBear 2007). As a result, particularly in
the African context, governments, local institu-
tions and community leaders have reduced their
willingness to support the “historic outflow of
samples and data from the continent” (Wright
2014:1). At the same time, they have pushed
genomic consortia, such as the International
HapMap Project and the 1000 Genomes Project,
to pay more attention to their relationship with
communities and data sharing practises in
three ways. Firstly, by setting up ad hoc groups
of experts with the task of considering ethical,
social and legal issues from the very beginning
of the project (Merriman and Molina 2015).
Secondly, by defining an approach in which data
sharing was conditioned by the legitimacy of the
researchers” purposes. Thirdly, by managing data-
sharing practises to reduce misunderstanding
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and misuse of data, specifying the accountability
of data producers, users, and funding agencies
in guidelines adapted from the Fort Lauderdale
Agreement (Wellcome Trust 2003).

Sharing a complete dataset with a first publica-
tion can be problematic especially for groups with
limited resources, and therefore with a lower data
production capacity, for which it may be impor-
tant to fully exploit the information contained in
the data itself over a longer period of time. Sharing
can also be considered disadvantageous as it can
be detrimental in academic and grant competition
with other groups who may be favoured by not
having to collect the data themselves. Both aspects
regard “the fear that someone else publishes
with my data before I can” (Fecher et al. 2015,
p- 16) and the need to control the use of “what’s
mine is mine”. This may lead to data withhold-
ing (Blumenthal et al. 2006; Defazio et al. 2020)
or requests for co-authorship from data owners
(Tenopir et al. 2011; Capocasa et al. 2016).

Aims of the study

In the last decade, the production and reso-
lution of human genomic data has constantly
increased, mainly due to technological advance-
ments and decreasing costs of DNA genotyping
and sequencing. The downside of this process
is a huge increase in the complexity of the data
and associated metadata. With NGS, data are no
longer stored as individual DNA strings, as was
the case with mtDNA data in the 90s, but as mil-
lions of raw reads per sequence which need to be
accompanied by information concerning filter-
ing and quality control procedures to be care-
fully reused. As a consequence, simply deposit-
ing the raw data into a database or sharing them
on a website is not enough. To maximise all the
benefits provided by Open Data, they should be
opened “intelligently”. The concept of “intel-
ligent data openness” (IDO) was formalised by
Geoffrey Boulton and the Royal Society work-
ing group in 2012 in the Science as an Open
Enterprise report. It is based on four fundamental
criteria: (i) findability; datasets have to be easily

found, (ii) accessibility; datasets must be readily
accessed and queried, (iii) useability; datasets have
to be in such a form that they can be easily reused
and (iv) assessability; the information (metadata)
accompanying the data should allow the evalua-
tion of their reliability and provenance.
Unfortunately, despite its usefulness for a
deeper understanding of the effectiveness of data
sharing practises, no study has so far studied
IDO with an empirical approach. Therefore, we
thought it would be useful to undertake a pilot
study aimed at complementing the simple survey
on the availability of data related to peer-reviewed
publications in genomic anthropology and
human genomics with an analysis of their avail-

ability, accessibility, useability and evaluability.

Methods

We focused on three types of human
genomic data: Single Nucleotide Polymorphisms
(SNDs) genotypes deriving from the processing
of microarrays (with a minimum threshold of
300K markers), gene expression data produced
through microarrays and DNA sequences pro-
duced by NGS technology (limited to whole

genome and whole exome data).

Basic definitions
To disentangle the shared/withheld dichot-

omy we: (i) searched for specific indications of

data sharing (e.g. data sharing statement) acces-
sion number or link to public archives or web
sites; (iii) searched for in the databases of the

National Center for Biotechnology Information

(NCBI) using the paper titles as a keyword

whenever neither accession number nor any
other link was provided. Through this proce-
dure, we defined three levels of data sharing:

1) immediate: the data were available and down-
loadable with no particular pre-conditions;

2) controlled access: the data were stored with
an accession number in a public online da-
tabase, but their downloading depended
on the positive outcome of an ad-hoc re-
quest procedure;
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3) upon request: datasets which could be ob-
tained only by request (not predefined) to
the author/s of the relevant paper.

When data were not shared at all or only in
part (e.g. only data from a subsample of genetic
markers or individuals were available), the data-
sets were considered to have been withheld.

To assess compliance with the four IDO cri-
teria, we proceeded as follows:

- findability: verifying the presence in the ar-
ticle or on the relevant web page of the jour-
nal of references (e.g. database links, acces-
sion numbers) through which the dataset
could be found;

- accessibility: downloading the dataset file/s
and checking their actual content;

- useability: checking if the data were in a
standard or commonly used format (e.g.
VCE Plink, Geno);

- assessability: searching for info which enables
the unambiguous interpretation of the results
and facilitates their reproduction in body text
and supplementary materials of the paper or in
the database page where the data were stored.
Such items (e.g. enrollment criteria, biomate-
rials used to extract DNA and data transfor-
mation processes) were derived from the MI-
AME and the MINSEQE (FGED) guidelines
(Brazma et al. 2001; Brazma 2009).

A detailed description is provided in
Supplementary Material, Table S1.

Data collection

We searched for papers using the WoS
database because, differently from others (e.g.
Pubmed., Scopus), it makes it possible to filter
papers based on research areas. To find papers
dealing with genomic anthropology, we initially
selected those labelled as “anthropology” which
had been published between 2015 and 2017.
Next, we did a one-by-one inspection of the
papers that had previously been filtered accord-
ing to the following sequential steps:

step 1: made use of novel human data (studies
non pertinent to human species, reviews, meta-
analyses, and studies using exclusively already
published data were excluded);

step 2: present autosomal genomic data pro-
duced by SNP microarrays (SNPs), gene expres-
sion microarrays (GE) and next generation
sequencing (NGS);

step 3: analyse at least 300K SNPs or whole
genome or whole exome sequencing data (no
specific limit was considered for gene expression
microarrays)

Once the final dataset was assembled, each
paper was scrutinised and data were collected by
two independent experienced researchers. When
conclusions were discordant, a consensus was
reached with the help of a third researcher who
independently analysed the papers.

We also analysed a “human genomics” data-
set (a total of 450 papers) using the previously
defined criteria. It was obtained by selecting ran-
domly 50 papers for data type (SNPs, GE and
NGS) and year (2015-2017) from a total 16,194
items retrieved using the Pubmed database (see
Supplementary Material, Tab. S2 for details).

Results

Data sharing in genomic anthropology

Using the WoS database we retrieved a total
of 3177 papers, published between 2015 and
2017. After steps 1 and 2, the size of the dataset
was drastically reduced to 57 papers. After step 3,
only the SNP dataset reached a sufficient num-
ber (37 items) for detailed analysis, while no GE
and only 11 NGS datasets survived the selection
Supplementary Material, Table S2.

Fifteen SNP datasets (40.5%) were immedi-
ately shared, 1.5 times those withheld (10 items,
27.0%). Five datasets (13.5%) were under con-
trolled access; they were all deposited in the data-
base of Genotypes and Phenotypes (dbGaP), a
primary database (i.e containing experimentally
derived data submitted by authors). The remain-
ing seven datasets (18.9%) were potentially avail-
able upon request to the paper’s author/s (Fig. 4).

To perform the IDO evaluation, we focused
on the 15 immediately shared datasets only.
They were all easily findable and downloadable,
available either through institutional or private
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web sites (eight out of 15; see Supplementary
Material, Tab. S2 for details) or a primary data-
base (e.g. Gene Expression Omnibus, European
Nucleotide Archive; seven out of 15). In all cases,
properly working links and/or accession number
resources were found in the papers body text,
mainly under the “Data sharing statement” sec-
tion, or directly in the journal’s article web page.
Moreover, all the data were available in com-
monly used standard formats. On the contrary,
the assessability criterion was fulfilled only by
three out of 15 datasets (20.0%). The most criti-
cal aspect concerned the lack of information on
the type of biomaterial collected (e.g. blood or
saliva) and its transformation processes, which
regarded nine datasets (60.0%).

Data sharing in human genomics

Opverall, 24.4% (110) of the datasets was
found to be immediately shared, whereas 67.6%,
(304) was withheld (see Supplementary Table

S3 for details). Both controlled access and upon
request modalities concerned a small fraction
of datasets, 3.8% (17), and 4.2% (19), respec-
tively. Looking at the data sharing rates in a
three-year temporal frame, we observed a slight
decrease in the immediate data availability (from
30% to 20.7%), as well as the controlled data
access (from 5.3% to 2.7%) (see Fig. 5 and
Supplementary Material, Tab. S3). In both cases,
the decrease was more pronounced from 2015 to
2016. On the contrary, upon request and with-
held datasets showed an increasing trend, from
64.0% to 70.7% and from 0.7% to 6.0%, respec-
tively. Turning our attention to data sharing rates
among the three types of genomic information
considered, we observed a striking difference
between GE, on the one side, and both NGS
and SNP data, on the other. In fact, while nearly
half of former datasets (48.0%) were immedi-
ately shared, for the latter, the rates dropped con-
sistently, reaching values of 16.7% (NGS) and
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(see Supplementary Material, Tab. S3 for absolute and percentage values).

8.7% (SNPs). Consistent with the overall trend,
we observed a decrease in immediate sharing for
each data type between 2015 and 2017, ranging
from eight to ten percentage points.

Concerning the IDO criteria, online primary
databases were the vastly preferred way to make
data accessible for all three types of immediately
shared datasets, with an overall rate of 94.5%. We
found only five datasets deposited in other repos-
itories (two for GE and NGS and one for SNP
data), while just one GE dataset was made available
through the supplementary material accompany-
ing the publication. For all the above-mentioned
datasets, the findability criterion was completely
fulfilled either by providing accession numbers, or
a link to repositories. All the datasets used common
standard formats. Similarly to genomic anthropol-
ogy datasets, the most problematic aspect of IDO
was the assessability. Only 39.1% (43 out of 110) of

the immediately shared human genomics datasets
were fully assessable, with GE and NGS showing
rates that were similar (43.1% and 40.0%, respec-
tively) or much higher than SNPs (15.4%). Again,
the most failed criterion concerned info on the
biomaterial/s used and DNA extraction (for 41 out
of 110 datasets, 37.3%), but with noticeable differ-
ences across data types (27.8%, 48.8% and 69.2%
for GE, NGS and SNP datasets, respectively; see
Supplementary Material, Tab. S2).

Discussion

Comparing genomic anthropology and human
genomics

The most striking finding of this study is
that 73.0% of the datasets produced in genomic
anthropological research were found to be
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shared, whereas their percentage dropped to
32.4% in human genomics. Similarly, datasets
are shared immediately in genomic anthropology
almost twice as much as in human genomics.
The gap becomes even more striking when only
the SNP data are considered, reaching nearly a
five fold difference (40.5% vs 8.7%; sce Fig. 4).
The discrepancy between the two research fields
increases even further if we also consider the
data that could be potentially shared. Genomic
anthropologists seem to be more willing to make
their data available than human genomicists
(35.1% vs 6.0%) when asked for (controlled and
upon request access).

Understanding the reasons behind these pat-
terns is difficult without ad hoc surveys, which
could be based on the administration of ques-
tionnaires to the studies’ authors. Nonetheless,
it seems reasonable to think that privacy issues
may have played a significant role in the pattern
observed. Most of the human genomics papers
we scrutinised dealt with biomedical research,
where the tension between privacy concerns
and potential health benefits may reduce the
propensity to share (Knoppers and Thorogood
2017; Bonomi et al. 2020). More in particular,
sharing genomic data may pose risks of asso-
ciation between identity and disease susceptibil-
ity at individual (Hirschhorn and Daly 2005;
McCarthy et al. 2008; Erlich et al. 2018; Von
Thenen et al. 2019) and even community level
(McGregor 2007; Bonomi et al. 2020). In both
cases, the data disclosure can mean that donors
risk a loss of confidentiality, stigmatization and
discrimination in their social and professional
environment (Arias et al. 2015). However, we
speculate that privacy issues might not be the
only reason. In fact, we believe that methodo-
logical aspects should also be taken into account.
On the one hand, human genomics SNP data are
often used for genome-wide association studies
in order to identify genomic regions associated
with a specific trait. This implies that the geno-
typic data are only used in preliminary analyses
that are then followed by more in depth genomic
investigation (e.g. by sequencing or imputa-
tion), which is expected to produce the most

significant results. On the other hand, SNPs
have a more central role in genomic anthropol-
ogy since they provide the experimental data
needed on which statistical approaches can be
developed in order to answer evolutionary ques-
tions. Such differences between the two research
fields might have an influence on the propensity
to share since the lesser importance of SNPs in
their experimental design could make research-
ers in human genomics less aware of the useful-
ness of making data available to others.

\Vz’dening our perspective

With a view to broadening our study of data
sharing, we collected results of previous investi-
gations on this subject and grouped the results
according to the methodology used (see Fig. 6
and references given therein). On the whole, the
range of values is extremely wide, going from
97.6% for Human Palacogenetics to 0.8% in
Addiction research.

Regarding the studies based on the scrutiny
of scientific papers, there seem to be three aspects
worthy of attention. Firstly, human genetics
and genomics show two distinct patterns: the
former occupies the first position among the
search fields, while the latter is positioned in the
medium and low part of the range. A possible
explanation could lie in the different quantities
of information contained in the data. Usually,
it is substantially lower in genetics, which could
lead to a quicker exploitation and, therefore, to a
more timely release of the data. Conversely, the
considerable information contained in genomic
data can be split or reused to produce multiple
studies, which could slow down its full use and
delay its release. The time and effort it takes
to share data may represent another, albeit less
important, reason. In fact, the size of genomic
files largely exceeds genetic ones (from several
hundreds of megabases to tens of gigabases to few
megabases), making it easier to share the latter
data type through journals’ supplementary infor-
mation. Furthermore, the procedures regarding
how to submit data to primary databases are
simpler for genetic than for genomic data. For
example, depositing mtDNA sequences is quite
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uncomplicated and requires only a littdle com-
plementary information, whereas for genomic
data, researchers have to prepare several files with
metadata and other information in addition to
the raw data.

Secondly, data are shared much less in
genomic anthropology than in its closely related
research fields, that is human evolutionary genet-
ics and human paleogenomics (40.5% vs 79.2%
and 97.6%, respectively). Privacy issues may
contribute to this difference. In fact, the risk
of personal identification is much higher for
genomic rather than genetic (e.g. mitochondrial
DNA sequences) and, obviously, paleogenetic
data. The fact that GE data, which do not pose
risks of personal identification, are shared to a
substantially larger extent than SNPs and NGS

data seems to support the above-mentioned
interpretation.

Thirdly, to broaden our view, we have also
taken into consideration more distant fields of
research (Fig. 6). Obviously the results of these
comparisons must be interpreted with caution as
each research field has its own idea of what the
term data means, a different culture of sharing
and variable constraints and incentives to make
the data available to the public. (Tenopir et al.
2011; Tedersoo et al. 2021). However, the evi-
dence that sharing rates are reported to be higher
in disciplines (e.g. political science or sociology)
where data should be less encoded and repro-
ducible than genomic anthropology and human
genomics seems to challenge the widespread, but
perhaps simplistic, idea of genomics as a forerun-
ner for the Open Data movement.

Data sharing rates obtained with different
methods are in line with the findings we have
previously described. Studies using the “email to
authors” approach found the highest values for
genetic data, while that for GE, which was the
only one based on text mining, found a similar
data availability rate to ours for the same type of
data (45.0% and 48.0%, respectively).

Intelligent data openness

As a final step in our study, we assessed com-
pliance with the IDO criteria. This was limited
to the analysis of the “immediately available
datasets” since these, being completely acces-
sible, were the only ones for which it was pos-
sible to evaluate their availability, useability and
evaluability.

Overall, we found no substantial difference
in IDO between genomic anthropology and
human genomics. In both research fields, the
largely preferred way of making data accessible
was through online repositories (institutional
or primary databases) or private web pages. We
could only find one GE dataset out of a total of
110 items in human genomics that was shared
via supplemental material. However, it should
be noted that genomic anthropologists make
less use of primary online databases than human
genomics (46.7% vs 94.5%, respectively see

p—
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Supplementary Table S2) and, consequently,
more frequent use of personal or institutional
web pages. The use of online databases is
regarded as the best way to store data and protect
against accidental data loss or corruption since
they guarantee long term archiving preservation
(Uzwyshyn 2016), and publicly funded primary
databases (e.g. those maintained by NCBI) are
probably the best choice (Tellam et al. 2015).
Furthermore, online databases improve find-
ability, by providing each dataset with a unique
identifier that is searchable through the web, and
useability by requiring that the data be submit-
ted in commonly used and standardised data
formats (Sim 2020; Wilson 2021). The only
expectation of the IDO that we found to be still
lacking in both fields of research was “assess-
ability”. Only 20% of the genomic anthropol-
ogy datasets were accompanied by sufficient
information to assess the quality of the data. In
human genomics, the rate was slightly lower for
SNPs (15.4%), but double for GE and NGS
(43.1% and 40.0%, respectively). The most
frequent drawback concerned the biomaterials
and, to a lesser extent, the protocols applied for
DNA extraction. Knowledge regarding the bio-
logical tissue used to extract DNA is not a trivial
issue. Recent studies have shown that the qual-
ity of data from high-throughput sequencing can
be largely influenced by the biological sample
used to extract the DNA (Bruinsma et al. 2018;
Yao et al. 2020). It is worth noting that in the
field of genomic anthropology, we have found
greater use of repositories with controlled access,
such as dbGaP and the European Genome-
phenome Archive (EGA) (see Supplementary
Material, Tab. S2) This may derive from the fact
that genomic anthropologists are more careful
regarding the need to regulate the reuse of data
by third parties (Mailman et al. 2007; Freeberg
et al. 2021). Data access commissions check
whether applicants’ requests for reuse comply
with the original research purposes (Alpaslan-
Roodenberg et al. 2021). Several attempts to
go a step further to reduce the risks of misuse,
which meet important needs for anthropolo-
gists, have recently been conducted in genomics

research. We are referring to the so-called indig-
enous genomic databases (D’Angelo et al. 2020)
and their contribution to the development of
controlled data access systems based on com-
munity approval for data reuse (e.g. the National
Center For Indigenous Genomics in Australia,
the Genomics Aotearoa project in New Zealand
and the Silent Genomes project in Canada; see
Easteal 2018; Robertson et al. 2018; Caron et
al. 2020). These participative repositories aim “to
enable researchers to position genomic data and
science within culturally appropriate overarching
research and oversight frameworks that maxim-
ise benefits and minimise risks for participating
communities” (Caron et al. 2020:4). We argue
that this could be a sustainable approach also for
data management in genomic anthropological
studies involving socially identifiable groups.
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