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Abstract: - This study investigates the readiness of research institutions to implement FAIR (Findable,
Accessible, Interoperable, and Reusable) and Open Data frameworks. It specifically examines five key
constructs: awareness, digital literacy, technical capacity, Al readiness, and FAIR readiness, with a particular
focus on the mediating role of Al readiness. Academic and research experts were sent a structured
guestionnaire using a gquantitative, cross-sectional approach. Partial Least Squares Structural Equation
Modeling (PLS-SEM) data analysis was employed to investigate direct and mediated effects among the
constructs of the research. The analysis indicated that Al readiness is pivotal in improving FAIR readiness and
completely mediates the connection between technological capacity and FAIR outcomes. Technical capacity
greatly affects Al readiness; however, it does not immediately forecast FAIR readiness. Awareness and digital
literacy showed no direct impact on FAIR preparedness, indicating the primacy of system-level integration over
individual knowledge alone. The study demonstrates the importance of using Al to establish FAIR principles
and promote Open Data adoption. Moreover, it provides empirical evidence highlighting the need to
strategically implement Al readiness into technological infrastructures to improve data management practices.
In turn, the findings allow for practical recommendations to be made that will help academic leaders and
policymakers create Al and FAIR-aligned research settings in Kuwait and other similar locations.
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1 Introduction many valuable datasets remain underutilized due to
In an era of information and digital transformation, challenges such as fragmented data storage,
research increasingly relies on the smooth inconsistent  standardization, and insufficient
integration and exchange of data across disciplines metadata, all of which limit their accessibility and
and organizations. So it’s not stuck in traditional reuse [3].

silo anymore. Nonetheless, the modern world of To address such challenges, a number of
research and digital transformation has generated frameworks have been developed, such as the FAIR
complex challenges regarding data management and Data  Principles  (Findable,  Accessible,
sharing, primarily resulting from the rapid growth of Interoperable, Reusable), which offer structured
data between three different dimensions, namely methodologies that can be applied to render research
velocity, volume, and variety. The shift towards data more usable [4]. The FAIR principles have
seamless data integration across disciplines and become popular in many scientific fields (such as
institutions reflects a broader demand for high- life sciences) and are becoming critical components
quality research data as foundational elements not of data stewardship priorities that are highlighted by
just for new knowledge generation but also for many research infrastructures. In turn, this has
effective public policy and innovation [1]. inspired initiatives at the European level. One
Organizations are becoming increasingly aware that example of this would be the European Open
existing datasets represent valuable assets when Science Cloud (EOSC), which is designed to
used effectively. High-quality data are useful for increase _mteroperablllty between stand_ardlzed data
replication  studies, secondary analyses, and repositories [5]. Further, the connection between
evidence-based decision-making [2]. However, these principles and the Open Data paradigm reveals
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a common understanding that data should be not
only theoretically accessible but also practically
usable in order to be considered open [6].
Implementing the FAIR principles requires
support at several levels, including institutional
policies, appropriate technological infrastructure,
and researchers with the necessary data management
skills [7]. For example, in research groups, data
stewards ensure that research data are managed in
accordance with the FAIR principles and are well
documented [8]. In addition, the further
development of tools that support the FAIR
principles is likely to enhance data sharing,
interoperability, and reuse, thus fostering
collaboration across different research fields [9].
Future developments in data management
technologies and practices will not only make
research data more organized, preserved, and
accessible but also contribute to the effective
implementation of the FAIR principles [10].The
relationship between strong institutional
frameworks,  technological advances, and
community-driven initiatives plays a critical role in
the development of environments conducive to
high-quality research data thriving. Such settings
can promote scientific discovery, public policy
development, and innovation across the world [11].
Thus, the objective is to unlock and leverage
existing resources, as well as generate more data. In
turn, this means that such resources will make
significant contributions to societal advancement.

2 Problem Formulation

In the modern era of information and digital
transformation, research is becoming increasingly
reliant on the seamless exchange of data between
different disciplines and institutions and is no longer
confined to traditional silos The volume, velocity
and variety of data are growing significantly, and
this means that researchers and institutions have to
think critically about how to manage, curate and
leverage existing datasets in ways that foster
innovation, scientific discovery and public policy.
The volume, velocity and variety of data are
growing dramatically, and researchers and
institutions need to think carefully about how to
manage, curate and leverage existing data sets to
foster innovation, scientific discovery and public
policy. High-quality research data are now critical in
modern scientific publications. In fact, they are now
considered critical raw materials that need to be
replicated, subjected to secondary analysis, and
incorporated in evidence-based decision-making.
Nonetheless, significant quantities of such data are
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underused. This is largely due to issues such as
fragmented storage, lack of standards and poor
metadata practices. To tackle these issues,
international frameworks have been developed, such
as the FAIR Data principles and the Open Data
movement, to enhance the findability,
interoperability, accessibility and reusability of
research outputs [12]. Such frameworks must be
consistent with the growing recognition that data
need to be theoretically open and practically usable.
There is thus a need for a strong relationship
between institutional policy, digital infrastructure,
researcher skills, and emerging technologies (e.g.,
artificial intelligence (Al)) as all of these work
together to enable data-driven science to thrive in
both developed and developing contexts.

2.1 Data-Driven Development and
FAIR/Open Data Movements
There exist several global initiatives that

demonstrate the rising significance of data in the
realm of development since various frameworks
have emerged to promote the data collection,
accessibility, and utilization across multiple sectors.
This phenomenon is particularly evident in
developing nations. The World Bank acknowledges
data as a crucial resource which plays a vital role in
economic development, governance, and public
service provision. Therefore, it is essential to adopt
sound data practices in order to achieve such
objectives [13]. According to Heeks and Renken,
the concept of data justice extends beyond the
availability of data to include the ethical use of data
and the equitable distribution of its benefits,
reflecting a critical perspective on data use in
development contexts [14].

In order to ensure extensive utility of data, the
FAIR (Findable, Accessible, Interoperable, and
Reusable) principles have gained interest among
researchers and policy makers [4]. The primary
objective of these principles is to enhance machine-
readability and interoperability across the globe,
thus promoting a context in which data could be
effectively reused in research and development
endeavors. Crouch underscores that although big
data provides various possibilities, strategic focus
on enhancement of "little data” initiatives and
citizen feedback is crucial in ensuring that data
practices are locally relevant and helpful [1]. At the
same time, the Open Data initiative focuses on the
release of data sets for public use, promoting
transparency and free data use [15]. Combination of
FAIR principles and Open Data policies is essential
in creating a complementary framework for
contemporary research environments since both
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focus on making data visible and usable [12]. Proper
execution of these frameworks requires proper
metadata, persistent identifier and licensing
standards to ensure high quality data and promote
comprehensive data reuse [16]. Studies show that
data reusers value transparent reporting of the
limitations of data quality [3], [17].

Moreover, as the digital landscape evolves, the
necessity for innovative data management
workflows becomes apparent. Yenni et al. illustrate
the development of modern data workflows which
automate data collection and processing, thus
reducing errors and improving efficiency in data
management systems [18]. By ensuring that data is
up-to-date and trustworthy, such developments in
data workflows promote the general goals of the
FAIR and Open Data frameworks [9]. In addition to
improving data accessibility, the dynamics and
synergies of such frameworks enable academics and
policymakers to apply data as a tool for
socioeconomic growth.

Moreover, [19] explain that the ongoing
improvement of data strategies highlights a need to
coordinate  user  requirements  with  strong
frameworks for developing data products,
underscoring the significance of upholding high-
guality data standards throughout the data lifecycle.

Through the realization of the data initiatives,
including the FAIR principles, and the Open Data
movement, the importance of forming structured
framework that advocate for transparency and
accessibility of data is emphasized. These initiatives
are meant to change the way data is used in terms of
growth impacts, particularly for developing
countries.

2.2 Challenges and Opportunities in the

Kuwaiti Research Ecosystem
Despite developments at the regional level, there are
several challenges associated with the effective
implementation of FAIR/Open Data practices in
Kuwait [20], [21]. A study by Allamki [22] noted
limited understanding of Open Access policies in
higher education institutions, despite a favorable
attitude toward them. As per the OpenDOAR
statistics in 2021, only one institutional repository is
available in Kuwait which highlights the early stage
of development of its open science initiatives.
However, global experiences like DLCM project in
Switzerland and ROMOR in Palestine provide
examples and guidelines for Kuwait. Both projects
highlight the importance of a national approach to
data management and infrastructure development in
order to achieve sustainable data ecosystems [23],
[24].
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Therefore, the objective of the present study is
to evaluate the readiness of research institutions in
Kuwait regarding FAIR/Open Data practices
considering five domains including: Awareness of
FAIR/Open Data practices, Technical capacity,
Institutional/governmental support, Digital literacy,
and Al readiness. In addition, the study will explore
the mediation role of Al readiness between technical
capacity and FAIR/Open Data readiness.

2.3 Institutional Capacity and the Role of
Policy

The readiness of institutions is also crucial to
support the implementation of FAIR/Open Data
standards. Some of the elements that make
institutions ready for FAIR/Open Data adoption
include information technology infrastructure, data
storage infrastructure, data management systems,
and technical personnel [7]. Institutions that have
committed leadership, policy frameworks, and
budget allocations for data services are more likely
to show greater readiness for FAIR standards [8],
[25]. Government support further strengthens these
efforts [23]. For instance, some countries such as
Austria have established national FAIR standards
and offices [26]. In contrast, Kuwait does not have
any national mandate or standard guidelines for
research data sharing [15].

2.4 Digital

Readiness
In addition to structural and technical requirements,
human factors also play a critical role in
determining the success of data management
approaches. The most critical factor here is digital
literacy. Researchers need to have the skills to deal
with datasets, use metadata standards, know about
licenses, and engage in responsible data sharing
[27]. An understanding of platforms for
collaboration and repositories is also important in
this case [28], since it is vitally important in
interdisciplinary studies and reuse of data. Studies
indicate that data literacy and FAIR principles [29]
should be included in academic educational
programs to bring about a cultural change in society
and enhance research quality [27].

Literacy and  Researcher

2.5 Leveraging Al to Accelerate FAIR Data
Implementation

Artificial Intelligence (Al) can substantially

improve research data practices. Al can contribute

to the FAIRness of data by automating metadata

generation, organizing unstructured data, and

enabling data discovery [30]. The readiness for Al
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consists ~ of  various elements, including
infrastructure, skills, strategic vision, and alignment
of policies. Al preparedness is one of the key
elements of digital transformation in the research
environment [31], [32]. Al frameworks, such as
AIDRIN [33], demonstrate the required connection
of technological and organizational capabilities for
successful implementation of Al in research
settings.  Although Al  readiness  remains
underdeveloped in Kuwait’s institutional settings, its
integration with FAIR/Open Data strategies
represents a promising area for future advancement.

The key purpose of this research is to fill an
existing research gap by providing a systematic
assessment of awareness, institutional support,
technical ability, digital literacy, and government
policy in the research ecosystem of Kuwait.
Moreover, the study examines the mediating role of
Al readiness in improving FAIR/Open Data
implementation and provides important insights into
how to create sustainable, Al-empowered research
data infrastructures.

3 Problem Solution

3.1 Research Design and Data Collection
This study used a quantitative, cross-sectional
research design to evaluate the institutional
readiness to adopt FAIR and Open Data practices in
research environments in Kuwait. The structured
guestionnaire was developed based on existing
theoretical frameworks and previous validated
guestionnaires . The questionnaire was developed to
respond to five main constructs: Awareness of
FAIR/Open Data (AW), e-literacy (DL), Technical
Capacity (TC), Al Readiness (AR), and FAIR
Readiness (FR). Each construct was measured with
multiple reflective items on a 5-point Likert scale
ranging from “strongly disagree” to “strongly
agree”.

Data were collected from academic and research
professionals through purposive sampling to ensure
respondents possessed relevant experience with
research data, institutional systems, and/or digital
tools. Responses were screened for completeness
and consistency before analysis.

3.2 Structural Model and Hypothesis Testing
The structural relationships among the constructs
were analyzed using partial least squares structural

equation  modeling  (PLS-SEM). PLS-SEM
technique was used because of its efficiency in
dealing with  complex models and its

appropriateness for prediction-oriented research
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with relatively small to medium sample sizes [34].
This analytical approach is consistent with prior
mediation-based PLS-SEM studies conducted in the
Kuwaiti context [35], [36].

Prior to assessing the structural model, the
measurement model was evaluated to ensure the
reliability and validity of the constructs. Internal
consistency reliability was confirmed using
Cronbach’s alpha and composite reliability, with
acceptable values exceeding 0.70. Convergent
validity was established through the Average
Variance Extracted (AVE), with threshold value of
0.50. Discriminant validity was assessed using
cross-loading, the Fornell-Larcker criterion, and the
Heterotrait-Monotrait ~ (HTMT)  ratio.  The
discriminant validity results confirmed that each
construct was empirically distinct from the others
[37].

The structural model was then analyzed to
evaluate the hypothesized relationships among
constructs. To calculate path coefficients, standard
errors, and significance values, a bootstrap method
was employed using 5,000 subsamples. Also, the
model analyzed direct and indirect relationships
focusing on the importance of Al Readiness (AR) in
the mediation role between Technical Capacity (TC)
and FAIR Readiness (FR). Mediation was tested
using the indirect effect estimation procedure
through bootstrapping.

3.3 Results

The demographic profile of the study's participants
(N = 296) reflects a diverse and well-distributed
sample in terms of age, gender, education, research
roles, academic disciplines, and experience (Table
1).

The majority of respondents were from the age
group of 25-34 (52.7%), followed by 35-44
(25.3%). Thus, the sample consists primarily of
early- to mid-career professionals. The gender
distribution was relatively balanced, with a higher
proportion of female participants (53.0%) compared
to male participants (47.0%). The majority of the
participants had a bachelor’s degree (63.5%) while
31.8% of the participants had a master’s degree and
only 4.7% had a PhD degree.

Regarding professional roles, the largest
proportion of participants were in administrative
roles (34.1%), followed by technical staff (29.1%)
and student researchers (28.4%), with academic
researchers constituting 8.4% of the sample. The
participants represented a wide range of disciplines,
with majority of participants were from Business,
Law & Education (29.7%), closely followed by
Engineering, Technology & Science (29.4%),
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Humanities, Arts & Social Sciences (28.0%), and

Health & Life Sciences (12.8%).

Table 1. Demographic Characteristics

Overall
(N=296)
Age Group
18-24 20 (6.8%)
25-34 156 (52.7%)
35-44 75 (25.3%)
45-54 27 (9.1%)
55-64 16 (5.4%)
65+ 2 (0.7%)
Gender
Male 139 (47.0%)
Female 157 (53.0%)

Highest Educational Qualification
Bachelor
Master
Phd
Position/Role
Student Researcher
Academic Researcher
Technical Staff
Administrative Role
Department/Discipline
Health & Life Sciences
Engineering, Technology & Science
Business, Law & Education
Humanities, Arts & Social Sciences
Years of Experience in Research
0-2
3-5
6-10
11+
Institution Type
Public
Private

Frequency of Working with Research

Data
Daily
Weekly
Occasionally
Rarely

188 (63.5%)
94 (31.8%)
14 (4.7%)

84 (28.4%)
25 (8.4%)
86 (29.1%)
101 (34.1%)

38 (12.8%)
87 (29.4%)
88 (29.7%)
83 (28.0%)

99 (33.4%)
108 (36.5%)
65 (22.0%)
24 (8.1%)

143 (48.3%)
153 (51.7%)

102 (34.5%)
57 (19.3%)
105 (35.5%)
32 (10.8%)

Source: created by the authors

Regarding research experience, the majority of
respondents reported the experience of 3-5 years
(36.5%), while 33.4% of participants reported the
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experience of 0-2 years, suggesting a relatively
young research population. For institutional type,
48.3% of the participants were from public and
51.7% were from private sectors. Further, with
regard to the frequency of working with research
data, 34.5% reported daily engagement, 35.5%
occasionally, 19.3% weekly, and 10.8% rarely,
indicating varied levels of data handling experience
across the sample participants.

The results provide descriptive statistics and
reliability diagnostics for the study’s core
constructs: Awareness, Technical Capacity, Al
Readiness, FAIR Readiness, and Digital Literacy.
Item means ranged from 3.35 to 4.28, with the
highest average observed in Digital Literacy (DL1),
indicating participants’ stronger confidence in
digital tools, while lower scores in Al Readiness
items (e.g., AR4 = 3.35) suggest institutional gaps in
Al integration.

All  item-rest correlations exceeded 0.50,
indicating satisfactory item-level contributions to
their respective constructs. Importantly, none of the
items produced a Cronbach’s alpha value—when
dropped—that exceeded the overall scale reliability
of o = 0.963, demonstrating that each item
contributes meaningfully to the internal consistency
of the construct [38]. This further supports the
robustness and reliability of the measurement model
used for subsequent structural analysis.

The correlation analysis was conducted to
examine the association among the study variables.
The five variables included Awareness of FAIR
Data Principles, Technical Capacity, Al Readiness,
FAIR Data Al Readiness, and Digital Literacy
(Table 2). All correlations are statistically
significant at p <0.001 level which shows strong
associations between the variables. The correlation
between the awareness of FAIR Data Principles and
the Digital Literacy is positive, moderate to strong (r
= 0.689). This suggests that higher digital literacy is
associated with greater awareness. It also shows a
strong correlation with Al Readiness (r = 0.594) and
Technical Capacity (r = 0.582) demonstrating the
association between the underlying knowledge and
readiness to embrace FAIR practices and Al
technologies. Technical Capacity also has a strong
correlation with Al Readiness (r = 0.648) and
Digital Literacy (r = 0.621). The strongest
correlation was observed between Al Readiness and
FAIR Data Al Readiness (r = 0.861), suggesting a
close relationship between general Al preparedness
and readiness to implement FAIR data practices.
Overall, the findings indicate that higher levels of
awareness, digital literacy, and technical capacity
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are associated with greater Al and FAIR data
readiness.

Table 2. Correlation Analysis

AW TC AR FR DL
AW —
TC 0.582*** —
AR 0.594*** (0.648*** —
FR  0.575*** 0.620*** 0.861*** —
DL 0.689*** 0.621*** 0.569*** 0.575*** —
Source: created by the authors

The structural relationships between the
constructs were examined using Partial Least

Squares Structural Equation Modeling (PLS-SEM)
in SmartPLS. PLS-SEM was used because the
objective of this study is to explain and predict
FAIR Readiness and to examine the mediating role
of Al Readiness. In contrast to covariance-based
SEM, which primarily evaluates overall model fit,
PLS-SEM emphasizes explaining variance in the
dependent constructs and assessing the strength of
structural relationships. This approach is therefore
appropriate for analysing mediation effects and
identifying key drivers of FAIR Readiness within a
multi-dimensional readiness framework [34]. The
analytical process in PLS-SEM consists of two main
components: measurement model assessment, which
evaluates the reliability and validity of the
constructs, and structural model assessment, which
tests the hypothesized relationships among those
constructs. Figure 1 shows the basic node diagram
with loading values.

Measurement model assessment was done to
ensure the reliability and validity of the constructs
before proceeding with structural model evaluation
(Table 3, Appendix). The results demonstrated that
all items had satisfactory outer loadings, exceeding
the recommended threshold of 0.70, with values
ranging from 0.773 to 0.919. This confirms
adequate indicator reliability and supports the
unidimensionality of each latent construct [37].
Furthermore, all Variance Inflation Factor (VIF)
values were well below the threshold value of 5.0,
indicating no issues of multicollinearity among
items.

Internal consistency reliability was examined by
using Cronbach’s alpha and composite reliability
(pa and pc), with cutoff value of 0.70. Specifically,
Cronbach’s alpha values ranged from 0.873 (AW) to
0.946 (FR), while composite reliability values
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ranged from 0.908 (AW) to 0.959 (FR), indicating
strong internal consistency among the constructs.
Convergent validity was assessed using Average
Variance Extracted (AVE), where all constructs
exceeded the benchmark of 0.50 [39]. The AVE
values ranged from 0.663 (AW) to 0.822 (FR),
suggesting that each construct explains a substantial
portion of the variance in its respective indicators.

Fig. 1: Basic node diagram with loading
Source: created by the authors

Table 4 presents the cross-loadings of each item
on all constructs, demonstrating that every indicator
loads highest on its designated construct. This
pattern supports the unidimensionality of the
measurement model and confirms discriminant
validity at the item-level [38]. Following the
standard procedures of PLS-SEM, an item is said to
have a higher loading on the associated latent
construct than on any other construct, which
indicates that the constructs are conceptually unique
and statistically distinct within the measurement
model framework.

Table 5 presents the Fornell-Larcker criterion.
The diagonal values represent the square root of
AVE for each construct, which is higher than the
inter-construct correlations represented by off-
diagonal values. The diagonal value for AR is 0.898
which is higher than its correlations with AW
(0.595), DL (0.574), FR (0.862) and TC (0.652) for
example. This indicates a sufficient discriminant
validity, affirming that each construct captures a
unique conceptual domain in the structural model
[39].

Volume 14, 2026



WSEAS TRANSACTIONS on COMPUTER RESEARCH
DOI: 10.37394/232018.2026.14.62

Table 4. Cross Loading

AR AW DL FR TC
AR1 0.906 0.546 0.525 0.788 0.611
AR2 0.882 0.555 0.547 0.769 0.586
AR3 0.881 0.541 0.515 0.722 0.589
AR4 0.909 0.505 0.463 0.775 0.566
AR5 0.914 0.526 0.527 0.815 0.579
AW1 0.548 0.773 0.533 0.549 0.476
AW?2 0.482 0.855 0.636 0.464 0.523
AW3 0.469 0.819 0.532 0.423 0.456
AW4 0.462 0.830 0.510 0.454 0.490
AW5 0.439 0.791 0.576 0.426 0.434
DL1 0.452 0.497 0.819 0.471 0.484
DL2 0.521 0.583 0.872 0.527 0.580
DL3 0.399 0.577 0.807 0.396 0.490
DL4 0.537 0.575 0.860 0.512 0.550
DL5 0.473 0.638 0.825 0.498 0.492
FR1 0.743 0.478 0.458 0.887 0.517
FR2 0.781 0.516 0.556 0.915 0.563
FR3 0.751 0.518 0.541 0.895 0.552
FR4 0.815 0.572 0.548 0.919 0.604
FR5 0.814 0.524 0.518 0.919 0.599
TC1 0.526 0.451 0.498 0.496 0.810
TC2 0.560 0.558 0.582 0.578 0.846
TC3 0.610 0.503 0.535 0.591 0.859
TC4 0.564 0.488 0.508 0.520 0.882
TC5 0.499 0.487 0.517 0.457 0.850

Source: created by the authors

Table 5. Fornell-Larcker Criterion Results

AR AW DL FR TC
AR 0.898
AW 0.595 0.814
DL 0.574 0.685  0.837
FR 0.862 0.576 0,579  0.907
TC 0.652 0.587 0.622  0.626 0.850

Source: created by the authors

The Heterotrait-Monotrait (HTMT) ratio of
correlations is one of the most powerful methods of
assessing discriminant validity in structural equation
modeling (SEM) such as PLS-SEM. The HTMT
values below the threshold of 0.85 (conservative) or
0.90 (liberal) are considered to be indicative of the
adequate discriminant validity, [40]. The results of
the HTMT analysis suggest that most of the pairs of
constructs have discriminant validity with values
below the recommended threshold of 0.90 (Table 6).
HTMT value between Al Readiness and FAIR
Readiness is above this threshold (HTMT = 0.912),
which shows that there is a very strong association
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between the two constructs. This result is explicitly
acknowledged and suggests a close relationship
between Al Readiness and FAIR Readiness. From a
theoretical perspective, this association is expected,
as Al Readiness represents an enabling capability,
whereas FAIR Readiness reflects the institutional
realization of FAIR data governance practices.
Importantly, Crucially, the Average Variance
Extracted (AVE) values for both Al Readiness and
FAIR Readiness surpass the squared inter-construct
correlation, providing further evidence for construct
separation even with the high HTMT value. These
results are consistent with the view that the two
constructs are sequential but analytically distinct
components of the readiness framework, as are the
observed full mediation structure.

Table 6. HTMT Ratio Results

AR AW DL FR TC
AR
AW 0.651
DL 0.622 0.776
FR 0.912 0.625 0.624
TC 0.704 0.656 0.689 0.672

Source: created by the authors

Table 7 presents the direct relationships among
constructs. Al Readiness (AR) significantly
predicted FAIR Readiness (FR) (B = 0.752, p <
0.001), indicating the critical role of Al capabilities
in enhancing FAIR Readiness . Further, Technical
Capacity (TC)was found to be significantly
predicted Al Readiness (B = 0.652, p < 0.001),
indicating that the investments in IT infrastructure
and technical resources foster Al maturity. However
the effect of Awareness (AW) and Digital Literacy
(DL) on FAIR Readiness was not statistically
significant (p > 0.05), suggesting that their influence
is either indirect or context specific, in line with our
recent observation that soft factors impact the
implementation of FAIR only when system level
capabilities exist [41].

Table 8 shows the results of the mediation
analysis. The indirect effect of Technical Capacity
(TC) on FAIR Readiness (FR) through Al
Readiness (AR) is significant (f = 0.491, t = 10.002,
p < 0.001). The results confirm that Al Readiness is
an important mediating variable, indicating that the
positive effect of technical infrastructure on FAIR
principles is not a direct effect, but rather mediated
by the institution’s preparedness and ability to
implement Al solutions. Thus, institutions with
greater technical capacity are more likely to achieve
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FAIR data outcomes when they invest in Al
capabilities in parallel.

Table 7. Bootstrap Results for the Inner Model
Regression Paths (direct effect)

Standa
Origi rd T
Path nal deviati  statistics value Decision
sampl on (|OISTD
e(O) (STDE EV))
V)
AR -> Supporte
FR 0.752  0.059 12.829 0.000 d
Not
AW - Supporte
>FR 0.033 0.043 0.759 0.448 d
Not
DL -> Supporte
FR 0.085 0.049 1.755 0.079 d
TC -> Supporte
AR 0.652  0.043 15.287 0.000 d
Not
TC -> Supporte
FR 0.063 0.072 0.878 0.380 d

Source: created by the authors

To further gquantify the strength of the mediation
effect, the Variance Accounted For (VAF) was
calculated as the ratio of the indirect to total effect.
Technical Capacity on FAIR Readiness thru Al
Readiness was $\beta = 0.4913. Direct effect was
$\beta = 0.063$, total effect was $\beta = 0.554$.
The resulting VAF value is 0.886, suggesting that
about 88.6% of the total effect is transmitted thru Al
Readiness. This supports full mediation and
suggests that Technical Capacity affects FAIR
Readiness mainly thru its effect on Al Readiness.

Table 8. Bootstrap Results for the Inner Model
Regression Paths (Mediation Analysis)

Stand T
:])arllgl Z:\j/iati statisti P Decisi
samp  on cs value on
(O/ST s
le (O STDE
©) s/) DEV])

TC -> Suppo
AR -> FR 0.491 0.049 10.002 0.000 rted

Source: created by the authors

4 Discussion

In this research, the factors impacting FAIR and
Open Data Framework implementation in Kuwaiti
research institutions are empirically assessed. The
findings provide important insights into the impacts
that technical infrastructure, human skills,
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organizational awareness, and artificial intelligence
(Al) readiness have on data governance.

4.1 Al Readiness as a Strategic Enabler
Incorporating artificial intelligence (Al) into
organizational frameworks is become increasingly
recognized as a key component of Al readiness,
which facilitates adherence to the FAIR principles
of data management. Such principles include
accessibility, findability, interoperability, and
reusability. There is robust evidence to indicate that
institutions are better able to align their data
stewardship processes with these principles if they
develop strong Al readiness, which ultimately
improves their overall research data ecosystems.
This alignment is critical as Al technologies
facilitate automation, intelligent search capabilities,
metadata generation, and semantic tagging, all of
which play vital roles in effective data stewardship
within contemporary research settings [30].

Furthermore, it was also shown that Al
readiness mediates the relationship between an
organization’s technical capacity and its FAIR
readiness. This mediation suggests that although
investments in technical infrastructure are valuable,
the value of such investments depends on the ability
of the institution to successfully embed Al into its
research management strategies. FAIR readiness is
better described as a digitally-enabled process,
rather than merely an outcome of technical
infrastructure. In this case, Al serves as a bridging
mechanism, converting raw capacity into actionable
data governance frameworks, thereby improving the
operational capabilities of institutions [42]. The
strong dominant effect of Al Readiness on FAIR
Readiness further supports its role as a central
transmission mechanism rather than a competing
predictor. The high explanatory power of FAIR
Readiness (R? = 0.756) indicates that the successful
implementation of FAIR is largely driven by an
institution’s ability to operationalize technical and
organizational  resources through Al-enabled
systems. Such dominance rather than suggesting
model misspecification supports the proposed full
mediation structure where Al readiness acts as the
primary conduit passing technical capacity to FAIR
outcomes.

This bridging role becomes clearer when
considering how Al-enabled functions activate the
technical resources already available within an
institution. Al systems support automated metadata
generation, standardized classification of datasets,

semantic  tagging, and intelligent  search
capabilities—functions  that directly enhance
findability, accessibility, interoperability, and
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reusability. In this way, Al Readiness reflects an
institution’s ability to operationalize its technical
capacity through these intelligent functions,
allowing raw infrastructure such as storage systems,
repositories, and IT platforms to be utilized in ways
that meet FAIR requirements.

Al Readiness and FAIR Readiness are two
analytical steps in the data governance process that
are closely related but are not the same thing. Al
Readiness is the potential of an institution to use
intelligent systems including its preparedness of
infrastructure, strategic alignment, and confidence
of the organization to use Al. By contrast, FAIR
Readiness captures the real operational outcome of
these capabilities, i.e. the extent to which data
practices adhere to FAIR principles. Thus, the
strong path coefficient between these constructs
reflects a sequential capability-outcome relationship
rather than conceptual overlap. This distinction is
also evident in the full mediation effect, which
suggests that technical capacity only affects FAIR
Readiness after being transformed by Al-enabled
processes.

The contribution of Al to improve operational
efficiencies is also remarkable. Institutions that are
more prepared for Al can make research workflows
more efficient, reducing the usual intricacies of data
landscapes. This simplifies the research processes
and enables organizations to respond to the dynamic
nature of data environments. Al becomes an
operational enabler, rather than a mere technological
asset, through enabling smart automation and
promoting data-driven decision making, which
profoundly transforms the way in which institutions
manage and leverage their data assets for R&D
purposes [43].

A comprehensive understanding of Al readiness
reveals its critical position in fostering FAIR
readiness and optimizing research data management.
As institutions  increasingly  engage  with
sophisticated Al frameworks, their capability to
integrate technology and streamline operations will
likely define the future landscape of research data
governance, ensuring that data practices are both
innovative and aligned with the established
principles of effective data management [44].

4.2 Technical Capacity as a Foundational
Driver
Technical skills are also key to an institution’s
readiness to adopt artificial intelligence (Al)
solutions. Institutions that have strong digital
infrastructure [45] — such as reliable data storage,
large data repositories and advanced IT systems —
are much better positioned to incorporate Al
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technologies. This is in line with findings from other
related studies, which show that digital
infrastructure provides the foundation for innovation
and facilitation of systemic transformation [46]. For
example, organizations with high levels of IT
resources (e.g., experienced IT workers and relevant
technologies) are more capable to leverage Al
effectively [31]. In parallel with the need for Al
readiness, Newby et al. underscore the importance
of sufficient infrastructure, with sufficient IT
resources needed to support technology adoption
[47].

However, while a strong technical capacity is
necessary, it is not sufficient for readiness for
effective Al integration. In fact, recent studies have
shown that advanced infrastructure does not
necessarily lead to data practices that reflect the
FAIR (Findable, Accessible, Interoperable and
Reusable) principles, and that an extra level of
strategic alignment and intelligent application of
technology is needed [48]. For example, Johnk et al.
found that the complexities related to Al adoption
emphasize the need of tailored strategies that are not
just about infrastructural readiness [31]. This
emphasizes the need for organizations to have the
infrastructure as well as the strategic mindset and
understanding of Al applications to implement
effective solutions.

Moreover, previous studies highlight the
importance of human factors such as training and
confidence in the use of Al technologies, thereby
connecting the concept of technical capacity with
human capital development [49], [50]. The link
between an organisation’s technical infrastructure
and human capacity suggests that both are needed to
optimise Al readiness. Karaca et al. [51] embrace
this argument by stating the need for training
programmes that teach future professionals the skills
to interact successfully with Al systems. So this
shows a direct relationship between the educational
programs and the level of Al readiness in the
medicine domain [52].

To summarize, although effective technical
skills are required to adopt Al technologies,
strategic alignment and educational initiatives are
also critical in improving infrastructure and human
readiness to use such technologies. It is essential to
understand this relationship between technology and
human factors in order to establish an environment
that facilitates the successful incorporation of Al
across various sectors.
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4.3 Limited Direct Impact of Awareness and

Digital Literacy
No significant, direct impacts on awareness of
FAIR/Open Data and digital literacy were found to
exert any significant, direct impacts on FAIR
readiness, despite expectations to the contrary. This
may be a result of the contextual realities present in
Kuwait’s research ecosystem, in which institutional
structures and national mandates for Open Data are
still in their infancy. Moreover, awareness and
literacy may serve as critical preconditions, but their
influence is weak in the absence of relevant
organizational frameworks and implementation
pathways. Similar findings have been revealed for
other developing and transitional systems, in which
individual readiness has failed to result in
institutional transformation when structural support
has not been established [14].

These results show that capacity building efforts
are still important but need to be complemented by
institutional policies, automated systems, and
coordinated strategies to reach FAIR maturity.
Awareness and skills alone will not guarantee
system-level behavioural or procedural change.

The nonsignificant direct effects of Awareness
and Digital Literacy do not confirm that these
factors are unimportant. Rather, it suggests that
awareness and digital skills serve as foundational
enablers that support system-level capabilities, such
as technical infrastructure and Al readiness, rather
than being direct determinants of FAIR readiness.
This indicates that individual knowledge may not be
enough to implement FAIR-compliant practices
without institutional and technological support. The
present results underscore the importance of
Awareness and Digital Literacy, but alternative
model specifications could explore whether their
effects are conditional rather than direct, for
example through non-linear relationships, threshold
effects or subgroup differences. The present study
prioritizes a parsimonious explanation of the core
readiness mechanism, leaving these analytical
extensions for future investigation.

5 Conclusion

In this research, a timely and evidence-based
evaluation of institutional readiness for FAIR and
Open Data adoption in Kuwait has been conducted.
This assessment has included organizational,
technical, and technological components. This study
incorporates a robust PLS-SEM framework, which
presents Al readiness as a mediator between
technical skills and FAIR outcomes. In turn, this
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demonstrates that the presence of infrastructure
alone is not sufficient and a strategic capability to
leverage Al is also required.

Importantly, The policy discourse stresses the
importance of awareness and digital proficiency.
Neither of these two factors, however, was found to
have a significant direct impact on FAIR readiness
in this study. Individual competencies are necessary
but not sufficient for enacting real change.
Institutional transformation requires the
development of coherent mechanisms, iude clear
governance frameworks, enabling organizational
structures and integrated technological systems. The
results suggest that system-level interventions are
important  for translating data management
principles into sustainable research practices. So
that’s why it’s important to create interventions that
integrate Al functionality into data management
workflows. This research thus provides actionable
insights for Kuwait and other emerging research
ecosystems. Al should thus be considered a strategic
infrastructure tool for research data governance, and
not merely considered a technological asset. It is
recommended that institutions prioritize investments
in Al frameworks, training, and digital workflows to
effectively operationalize FAIR principles.

This study proposes a new framework for
implementing FAIR readiness in the digital era,
focusing specifically on the symbiotic relationship
between infrastructure, intelligence, and institutional
will. To advance open science and research
innovations in Kuwait and other similar contexts, it
is critical to strengthen this triad.

5.1 Future Research Directions

Future research should consider exploring the
relationship between the organizational culture,
leadership and change management and adoption of
FAIR principles. In addition, comparative studies
among GCC countries would be important to
emphasize local patterns and harmonize support
policies. Meanwhile, longitudinal studies can be
used to monitor and track institutional progress in
terms of FAIR compliance over time. In future,
studies with larger samples could also be beneficial
in evaluating the measurement invariance of Al
Readiness in different public and private
institutions. To achieve this, multi-group or
MICOM  processes should be considered.
Additionally, future studies should consider
alternative model specifications, such as higher-
order or second-order factor structures. Nonetheless,
it is important to remember that the present study
employs a sequential mediation framework to
preserve the conceptual differences between Al
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Readiness as an enabling capability and FAIR
Readiness as an actual governance outcome. Post-
hoc power analyses and larger samples could be
included in future studies to further confirm the
strength of the non-significant direct -effects
identified for Awareness and Digital Literacy.

Declaration of Generative Al and Al-assisted
Technologies in the Writing Process

During the preparation of this work, the author(s)
utilized artificial intelligence (Al) technologies
solely for the purpose of linguistic refinement and
grammatical correction. Following the application
of these tools, the author(s) comprehensively
reviewed, verified, and edited the resulting text. The
author(s) maintain  full  accountability and
responsibility for the accuracy, integrity, and final
content of the publication.
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Table 3. Outer model summary table for PLS-SEM
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: Cronbach's Compos ite Compos ite Average variance
Construct Item Loading VIF alpha reliability reliability extracted (AVE)
(rho_a) (rho_c)
AR1 0.906 3.632
AR2 0.882 2.975
AR AR3 0.881 3.025 0.940 0.941 0.954 0.807
AR4 0.909 3.865
AR5 0.914 4.057
AW1 0.773 1.674
AW?2 0.855 2.385
AW AW3 0.819 2.306 0.873 0.877 0.908 0.663
AW4 0.830 2.156
AW5 0.791 1.996
DL1 0.819 2.156
DL2 0.872 2.670
DL DL3 0.807 2.150 0.893 0.898 0.921 0.700
DL4 0.860 2.443
DL5 0.825 2.062
FR1 0.887 3.211
FR2 0.915 3.990
FR FR3 0.895 3.399 0.946 0.947 0.959 0.822
FR4 0.919 4.196
FR5 0.919 4.197
TC1 0.810 2.005
TC2 0.846 2.293
TC TC3 0.859 2.443 0.904 0.907 0.928 0.722
TC4 0.882 3.063
TC5 0.850 2.657
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