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Open data, among the key pillars of Open Science, is one of the drivers for science and society. To promote open data,
FAIR metrics should be ready to measure the performance of data-sharing works. However, considering the complex
process of lifelong data management, how can we guarantee metrics of reusability for data that could objectively and truly
reflect the reusability of data? The current data metrics may focus on different aspects of data, which include quality-based
metrics, such as data accuracy, completeness, and usability measurement; impact-based metrics, including interest-based
metrics, such as visits to databases and tweets in social media, and effort-sparing actions, such as downloads; knowledge-
based metrics, such as citations in publications and patents; and value-based metrics, such as those highly praised by their
functionality as social capital, or direct monetary return on capital assets driven by open data work. Considering the lifelong
data management process, basic principles should be developed to balance different roles and maximize the total benefits.
This way, inspired by Ranganathan's laws of library science, considering the intrinsic and extrinsic value of data and the
current measuring practices adopted, the basic guiding principles will be developed and discussed. The core values of open
science are also mapped to ensure the openness and inclusiveness of the principles and to guarantee a better flow of data

across the science community and society.
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Introduction

As the new currency' of the big data era, data
prevails in the research community and society. As
both input and output throughout research lifecycles,
data proliferate scientific research by ensuring the
competitiveness and innovativeness of science through
big data analytics. Data also consolidates research by
demonstrating the reproducibility and reliability of
deliverables. The value of open data is multifaceted.
Boosted by data, the big data era witnesses an
emerging data economy, increasing data capital,
enhanced data literacy empowerment, and growing
efforts to foster a data-sharing culture’. However, in
facing the data challenges of tackling health crises,
natural hazards, and the global digital divide and in
achieving the United Nations' Sustainable
Development Goals, the call for open data is pressing
in all domains. Thus, a better understanding of current
open data work, such as through monitoring and
evaluation, is an important issue.

Data metrics deploy diversified measuring methods
to check data status, evaluate the performance of data-
sharing work, thus demonstrating the levels of
reusability of data. Open data metrics will ensure a
sustained open data world by fully explaining data

reusability through combined qualitative and
quantitative methods. Hence, this paper will begin by
identifying emerging dilemmas facing data metrics.
Then, relevant works with examples of data metrics
will be summarized. Thus, gaps to be bridged are
analyzed, and possible frameworks for future data
metrics development are discussed. The core values
of the UNESCO Recommendation on Open Science’
are also mapped into the framework to ensure its
resilience in tackling open data metrics work now and
in the future.

Dilemmas in measuring data reusability

Measuring the performance of data and data work
provides insights into data development and thus
illuminates future plans for data work. However,
current measurements still face diverse challenges in
developing appropriate methods and adopting data
metrics in complex scenarios.

Open data deficit

Data-sharing principles wusually address the
responsibilities of sharing data to the greatest extent
for public-funded data* since significant investments
are expected to promote data sharing. The Data
Management Plan’ is one tool that demonstrates the
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important role of facilitating data sharing in public-
funded research. To measure the visible values of data
sharing, the European Commission® sets a good
example by measuring the direct market size of open
data. However, open data investment doesn’t
necessarily lead to visible outputs in a comparative
measurable period. Sometimes, data value generation
is subject to the long term. Meanwhile, values, such
as social and cultural benefits, are sometimes
invisible, either unmonitored or unmeasurable. Thus,
to convince funding agencies and incentivize data
contributors, data metrics should extend their scope of
measurement to unveil scientific, social, and
economic value, including visible and invisible, real
and promising benefits that particular open data work
may bring.

Data credit debt

Metrics usually measure the frequency of data
reuse, such as downloads, visits, citations, and others.
However, the importance of different reuses is
uneven. Visits reflect potential attention to a dataset ut
do not necessarily lead to real reuse. Compared with
visits, downloads are more positive signs of
in-depth reuse. Citations go even further, unveiling
further reusability within the scientific community.
However, reusing value in the same metrics still
varies. For example, data could be cited for different
purposes or by papers of uneven impacts, indicating
different values of data reusability, such as the case in
citation inflation’. Thus, metrics bring data credit, but
different credits are not always comparable. Some
might surpass others regarding metrics quality, while
bubbles may occur among others.

One-size-fits-all solutions

Data and data work are quite different across
domains and regions. Time, geospatial, technological,
management factors, and others also matter. In real
practices, we usually compromise efficiency and
effectiveness by using one-size-fits-all solutions, even
though we know situations may change. Efficiency
measures the plausibility of the one-size-fits-all
solution,  while  effectiveness  measures  the
appropriateness of fitting into different scenarios.
Therefore, we need to leverage efficiency and
effectiveness by aligning with other data management
strategies to "measure what matters.”® Generally, the
value of data is central to most metrics’. However,
different scenarios may address particular issues. For
example, "cloud-first" based data security, data

residency, and sovereignty are highlighted in Canada'.
European Commission'' emphasized the demand for
open data's promising quality and quantity by
economic and social value. Other open data
expectations also include guidelines on decision-
making and future development in Africa’, a
consolidated foundation for “open and transparent”
government development in the US", and boosting
scientific innovation and social development in
China'*. Thus, the conceptualization of certain open
data metrics should reflect the values appreciated in the
scenarios.

Trapped in metrics

Once data metrics are fixed up, proactive steps will
follow. Like the sunflower effect where sunflowers face
the sun", metrics may function quite similarly: data
work will most likely chase and act as guided by the
metrics. Never make open data work trapped in metrics.
Considering this situation, the design and development
of data metrics should be flexible and inclusive to
leverage the interests of stakeholders. Metrics should
also be robust and resilient to tackle data challenges,
incentivize data contributors, and exemplify all
potentials for a better world of shared data.

Shadow data sharing

Shadow banking'® refers to derivative financial
institutions that take responsibility for financial banks
without sufficient supervision. Similarly, there might
be active data reuse outside current monitoring under
legal frameworks. For example, data might be reused
for black-box situations that are excluded under the
current evaluation monitoring system, and that is why
the trust crisis of AI'’debate arises recently. Robust
measurement should consider such situations and
develop technical and ethical standards, protocols,
and others to guarantee the decent sharing of data and
proper acknowledgment to the data owners for their
contribution.

Incentives failure

Inappropriate design, development, adoption, or
interpretation of data metrics may lead to serious
incentive failure. For instance, inappropriate methods
design cannot capture all valuable dimensions of data
sharing, thus leading to negative data development as
well; a lack of responding actions regarding
measuring results will weaken the incentives for data-
sharing efforts; unfair exemplars of data champions
and data models may lead to stereotypes, aggregating
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data divide among current practices. Therefore,
incentives may work only if the data metrics are
managed and processed along with the full data
lifecycle.

Relevant works

To deal with diversified dilemmas, current data
measurements are generally categorized into two groups.
One group focuses more on measuring the quality of
data, such as adopting FAIR metrics and others. Serving
as a prerequisite for open data, such metrics also unveil
the potential capabilities of future data reusability.
Quality metrics may also involve the assessment of
affiliated algorithms, tools, platforms, and collaborative
work in preparing open data, such as the practices in
CoreTrustSeal and e-Governament Openness Index'’,
among others.

Other metrics focus more on the interactive
responses from potential stakeholders, which is the
data impact. According to particular value of reusing,
impact metrics can be sub-categorized as follows:
@ interest-based data metrics, which usually focus
on the attention to datasets via measuring the
frequency of visits, page views, downloads, and
others involving social interests. These assessments
can tell people’s interests in datasets, somewhat
unveiling the social value to citizens, but
without a clear description of the data reusability.
(@) Knowledge-based data metrics. Data citation and
data cited in papers linked datasets with new knowledge
discovery. Citation-based data reusability depicts the
knowledge reproduction roadmap, thus demonstrating
the scientific value of data, which is worth further
exploration, such as the practices in data citation index*
and others. (3) value-based data metrics. These metrics
usually measure the economic value of data, such as the

open data contribution to the growth of the digital
economy, revenue, and the job market.

However, in real-data assessment work, quality-
based and impact-backed data metrics are sometimes
independent or merged, as Table 2 exemplifies. Quality
metrics focus on intrinsic and extrinsic characteristics
of data to ensure the smooth sharing of data. Quality
factors include data's completeness, accuracy,
readiness, usability, and operational quality control,
such as data rights protection, data resources,
governance, ICT maintenance, and portal usability.
Quality metrics heavily rely on the performance of data
generated, cured, and shared by data contributors.
Besides, impact metrics extensively focus on the
response of potential stakeholders, such as monitoring
the scale of reuse in scientific and social domains, and
others, such as participation and collaboration cantered
around data, guiding data policies, and other
involvement regarding the data ecosystem.

Implementing data metrics through the streaming
process

Above all, different measurements unveil the
capabilities and potentials of open data across
scientific, economic, and social dimensions. However,
the key to a successful open data measurement relies
on several factors, such as the design of metrics
methods that align with particular objectives, the
adoption of metrics in scenarios, the interpretation of
metrics results, and the lessons learned for further
data sharing and data metrics work. Fig. 1 shows the
full process of implementing data metrics.

Conceptualize innovative open data models and
measuring methods. Measuring the performance of
data sharing is not the ultimate goal, but enhanced
capabilities for reuse are. Therefore, the objectives of

Learning

Open Metrics Metrics Metrics Metrics
data goals methods adoption interpret. Sl
metrics
Fig. 1 —Process to implement data metrics
Table 1 — Categories of typical data metrics
Categories Examples of measurable variables
Quality metrics  Data quality Data availability, data completeness, data accuracy, data readiness, data usability, FAIRness>**

Operational quality
Interests-based metrics
Knowledge-based metrics

Impact metrics

Accessibility, the usability of affiliated tools, portals®, and platforms
Visits?>2°, downloads®’ %, social media attention (i.e. Almetrics
Data citations (citation motivation®', citation content analysis®*, citation graph®=*, data

18
29-30
)

index™, data citation index®, informal and formal data citations®, etc,.)

137

Value-based metrics Data capita

, data economy (i.e., market size, price38, value), legal rights”, etc.
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Table 2 — Examples of measuring data reusability
Author(s) Metrics Essentials Categories
FAIRplus**! Dataset Maturity Content-related Data quality
Model Representation and format
Hosting environment capabilities
Moraga et al., 2009*>  SPDQM Intrinsic: Data have quality in their own right; Data quality
Operational: The system must be accessible but secure;
Contextual: Data quality must be considered within the context of the
task at hand;
Representational: Interpretable, easy to understand, concisely, and
consistently represented
Quality characteristics: Traceability; Currentness; Expiration;
Completeness; Compliance; Understandability; Accuracy
Caldag & Model for Open Data - Process dimensions including strategic governance, organizational —Data quality
Gékalp, 2022% Capability Maturity management, stakeholder engagement and data governance
Assessment (metadata, data integration, privacy, and security, data storage, and

Ingwersen &
Chavan, 2011*

Grace M. Begany
etal., 2017%
Benitez-Paez, et al.,
2018%

Data. europa.edu®’

Kubler et al., 2018"°

Abella et al., 2019*

Data usage index

A model for open
health data ecosystem
A conceptual
framework to improve
open geographic data
re-usability in cities

Open data maturity

eGovernment
Openness Index

Meloda 5

archive, data quality), open data management (business
understanding, open data discovery, digitalization and preparation,
prototyping and evaluating, license management, open data
deployment, and publishing, maintenance, IT management), etc.
capability dimensions

Searched records , download frequency, record number, search events,

download events, dataset number, search density, download density,

usage impact, interest impact, usage balance, usage score, interest score

Data impact

Subject, Object/Objective, Tools, Rules, Division of Labor, Community, Data impact

and Outcome

(Health sciences)

community of reuse (efficient feedback resources, comments by data Data impact

users, notification systems, data quality rating by users)

data users' identification and demand

reuse-focused legal terms

impact (local level, data user communities, geographic approach)
policy, impact, portal, quality

Basic data set indicators
Data openness indicators (complete, primary, timely, accessible,
machine processable, non-discriminatory, nonproprietary, license-free)
Transparency indicators (government, data reusability,
understandability, authenticity)
Participation & Collaboration
legal licensing, access to information, technical standards,
standardization, geolocation content, and updating frequency of data,
dissemination, and reputation

(Open
government data)

Data quality and
impact

Data quality and
impact

Data quality and
impact

any data metrics should be shifted accordingly,
together with targeted goals adjusted to scenarios.
Innovative data sharing models, such as data
publishing and others, cutting-edge technology
adoption in facilitating the accuracy, reliability, and
reproducibility of data, and sound governance
strategies smoothly facilitating the sharing of data, as
well as others, should all gain proper incentives in the
development of metrics methods.

Data are highly aligned with research activities
but kept independent for metrics. Although highly
aligned with research activities, data are not always
affiliated products of research. Rather, data are
equally important as other research deliverables,

which may bring competitive intelligence, knowledge,
and wisdom to nourish science®. Thus, open data
should be taken as an independent contribution with
fair acknowledgment of data work.

Data may share characteristics similar to research,
such as being scientific and deploying rigorous
methods and innovative technologies, whereas
innovation is not always necessary in open data work.
Thus, the principles for evaluating data must be in
line with but not limited to regular research work. For
instance, unique data, such as those capturing natural
phenomena data in climate and Earth science or
archaeological sites, are valuable regardless of their
creativity. Criteria measuring data should rely mostly
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on data quality, such as the clear and reliable method
applied, validated technologies addressing
transparency and reproducibility, and envisioned data
reusability™". Diversified data indicate values, such as
basic research inputs, final deliverables, or innovative
knowledge discovery. Thus, data metrics should be
robust enough to cover the broadest scope of data
work while making fair acknowledgments.

Comprehensive interpretation of metrics
results. Data metrics are used to measure the
performance of data work currently while casting
light on the capabilities of future potentials. Then, the
use of such measuring results must be very careful.
Any bias will lead to an imbalance in incentivizing
future data work. Considering the sunflower effect in
data metrics, adopting and interpreting data metrics
should be intelligible in many ways.

@ Unveil the best open data work and get such

work incentivized enough. The top concern on metrics
is to tell the good from the bad. So, the interpretation
should first highlight data champions.

© Set up best-practice models to follow. Besides,

interpretation usually follows with advertising and
promotion, pinpointing best practices to follow,
showcasing what’s important, and how to open data
successfully.

(® Mild reminder of data gaps to bridge together

with possible ways forward. Any comparison between
different open data works must be prudent, assuming
targeted datasets are comparable in referred dimensions.
Therefore, we can easily identify gaps and be
enlightened by the highlighted practices.

@ Predict future data potentials. Any successful

adoption and interpretation of data metrics not only
tells the current capabilities of data but also unveils
future data potentials based on current quality and
reusability. Therefore, interpreting data metrics is
illuminative and promising, with possible guidance
promoting data work.

Learn from measuring and for managing. The
ultimate goal of data measurement is to incentivize
potential stakeholders for better data sharing and
sustained data development. Therefore, lessons
learned in data metrics work should nourish future
data and data metrics. To fulfill this goal, we need to
explore the stakeholder approach to balance their
interests. Any sustained data metrics should consider
and balance the interests of potential stakeholders. For

example, data producers would probably expect the
broadest data sharing with the least effort in curating
and sharing data. In contrast, users would welcome
data of the highest standards with the least payment.
So, the governance should employ effective data
market rules to stimulate the vitality of open data
game players, ensuring proper rights protections of
data owners while enabling better data reusability.

Moreover, take care to break any silos when
metrics are delivered. Metrics are always used for
comparison; thus, we know what’s good and bad.
However, it should not rebuild walls to isolate any of
these players in the data ecosystem. The best practices
to follow cannot be static stereotypes but are all
subject to the evolving, changing digital world. Thus,
the actions following learning should offset tradeoffs
by appropriately using the sunflower effect in
measuring data.

Guiding principles under the open-science umbrella

Open data sets itself in the tide of the open science
movement and should share open-science core values
accordingly, including “quality and integrity, collective
benefits, equity and fairness, diversity and
inclusiveness.” > Under the umbrella of open science,
data metrics take all their endeavors to promote data
sharing throughout the full measuring process. Based
on the relevant work reviewed, several principles may
be mapped into the essential processes of implementing
data metrics.

Understandable. Understand your data, your data
metrics methods, the results of your metrics, and the
lessons you will learn from them for future data and
data metrics and the stakeholders behind promoting
all these data works. A comprehensive understanding
of all these above will guide future data work by
pragmatically promoting open data.

Fairness. Metrics should be carefully targeted,
designed, and developed to fairly incentivize potential
stakeholders to promote data sharing and encourage
positive feedback in future data sharing. Metrics
should prioritize data sovereignty, intellectual
property, and all efforts’ to facilitate data capture,
management, and sharing.

Rigorous. The rigorousness of data metrics is
based on the design of methods and development
within the full data measuring process. First, avoid
reinventing the wheels. Design and development of
new methods should build on the milestones so far
and make sure the data metrics are not merely
countable but are of great importance. Second,
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measure with management. As emphasized, data
metrics are not simply measurements of data
performance but together with highlighted best
practices, data champions, and capacity building for
better engagement of potential stakeholders in the
long term. Thus, the measures should consider best
practices and provide guidance for future data
management and sharing. Third, involving the full
measuring process into a long-term cycle by learning
smartly from current practices. No data metrics are
static, but should be involved and adjust to the
dynamic world and changing data needs. Learning
from data metrics is not only for future measuring but
also raising awareness of future data exploration.

Prosperous. Successful metrics can tell not only the
current reusability but also future potential. Thus, the
design of data metrics should not only heavily rely on
current quantitative indicators but also compromise
quantitative indicators, unveiling the potential of future
data and open data work. Adopting data metrics is
subject to change and should be adaptive to the involved
research environment. There might be tradeoffs in
balancing the importance of current data contribution
and future possibilities, but it surely will lead to a
prosperous future for data development.

The four principles can be neatly mapped with the
UNESCO’s Recommendation®. First, “understandable”
is the prerequisite for the quality and integrity of open
data, and “rigorous” provides pragmatic ways to fulfil
these objectives. Besides, “fairness” is the basic rule to
address collective benefits, highlighting equity. The
spirit of “diversity and inclusiveness” is embedded in the
stakeholder approach and is foreseen in the future, as
indicated as “prosperous.” Therefore, data metrics align
with the essentials of open science to help tackle data
and research challenges.

Future envisions

We may still take several steps further to
consolidate the prosperous future data metrics.

Firstly, smart data policies and data ethics
adoption call for fair and rigorous data metrics.
The policy and ethical framework set up basic rules
governing open data and data metrics work. Rules
should include guidance on proper management
between reserved data rights and enlarged data
sharing, toolkits to measure the dynamic boundaries
of openness and closeness of data, investments,
initiatives to consolidate data production quality, and
adequate incentives to encourage all possible data
sharing.

Besides, we should take full advantage of
cutting-edge technologies for responsible data
metrics by a better understanding the measuring
work. ICT frontiers, such as Al, can identify the
invisible relationships between research objects through
huge data computing in a swift manner. Thus, adopting
Al might help enhance the reliability and reproducibility
of data and data metrics as validation. Block chain
highlights trustworthiness by smart contracts that may
illuminate precious data and data metrics work.
Interpreting data metrics linked by big data analytics
may unveil untouched data characteristics that can cast
light on future data work. However, adopting
information technologies should always be responsible,
white-boxed, and subject to monitoring and evaluation
to guarantee the integrity and quality of research.

Measurement work should be incorporated into
the data lifecycle as a complusory component. In
the traditional data lifecycle, monitoring and
evaluation might not be included in the full data
management process. On the importance of positive
strengths in promoting data work, metrics may also be
included to complete the data lifecycle. Therefore,
data metrics can help learn from data practices, either
good or bad, identify gaps and data vulnerability, thus
reducing open data risks and enabling data sharing.

Development of comprehensive and interoperable
systems to stimulate multifaceted data value and
ensure these could be reflected fairly in metrics. As
mentioned above, data sharing may benefit scientific,
social, and economic domains. Quality-based and
knowledge-based metrics mostly reflect scientific value.
Social and economic benefits are unveiled either by
interest-based or value-based metrics. Emphasizing
different dimensions and characteristics of data requires
tailored metrics to accompany them. Thus,
comprehensive metrics should consider all valuable
considerations and weigh the importance accordingly.

Open dialogues break silos, narrow down data
divide, and proliferate further data work. The open
dialogues may be those between metrics reviewers
and reviewers, different data metrics designers, open-
data collaborative teams across borders and regions,
or multiple stakeholders’ voices within the data
ecosystems. Through such open dialogues, the echo
chamber will gain mutual trust and co-develop the
open data ecosystem. Interoperable metrics among
different research systems can extend the
understanding of current data work and ensure their
long-term prosperity.
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Last but not least, nourish the culture of open
science in pursuing prosperous data metrics and,
ultimately, a better open-data world. Open science is
prevailing, revolutionizing research fundamentals and
thus boosting open data. Based on the spirit of open
science, contributions to better data metrics may include
the development of open-science infrastructures to
facilitate metrics implementation, open metrics
knowledge and methods to avoid re-inventing the
wheels, open engagement of societal actors to address
the needs of potential stakeholders fairly and open
dialogue with other metrics system for an
understandable, fair, rigorous and prosperous data
future.

Conclusion

This paper identifies several dilemmas in measuring
data work, including open data deficit, data credit debt,
one-size-fits-all solutions in changing scenarios,
embarrassment of being trapped in metrics, and shadow
data sharing out of current monitoring systems. In the
face of these challenges, relevant works revealed that
current data metrics are categorized as quality- and
impact-based metrics. Quality-based metrics focus more
on the quality of data and affiliated data facilities.
Impact metrics mostly focus on the reusability counts
received by sharing data, such as interest-based data
metrics, knowledge reproduction-based metrics, and
value-based metrics. In reality, data metrics sometimes
merge different data indicators for a comprehensive
interpretation of data. Moreover, this paper identified the
key process in implementing data metrics, including
fixed-up metrics goals, design of metrics methods,
adoption and interpretation, and lessons learned for
further data development. Guiding principles that drive
such data metrics work include being understandable,
fair, rigorous, and prosperous. Mapping with the
UNESCO Recommendation on Open Science (2011)°
affirmed its guiding strategies, while a summary of
future work also includes suggestions on the adoption of
data policies and ethics, cutting-edge technologies,
enriched data lifecycle, interoperable data systems, open
dialogues and data culture towards co-developing an
open-data ecosystem. Future studies will address
quantitative methods to validate the theories and
discussions mentioned above.
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