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Abstract Fairness is a critical concern in the integration of machine learn-
ing and Al—e.g., Generative AI, LLMs, and Agents—into decision-making,
yet the adoption of fairness toolkits by software practitioners remains limited.
This gap hinders efforts to operationalize fairness, especially when cultural and
ethical values are overlooked. Given that fairness is socially constructed, in-
dividual cultural values may significantly influence how practitioners perceive
and adopt fairness tools. The objective of this study is, therefore, to investigate
whether and how individual cultural values influence software practitioners’
intention to adopt and actual use of fairness toolkits. Specifically, we integrate
the UTAUT?2 model with Hofstede’s cultural dimensions to examine both di-
rect and moderating cultural effects within the adoption process. A survey
of 181 software professionals was conducted, and data were analyzed using
Partial Least Squares Structural Equation Modeling. Findings show that cul-
tural values—specifically Power Distance, Collectivism, and Long-Term Ori-
entation—not only directly affect adoption intention and behavior but also
moderate key relationships in the adoption process. For example, collectivist
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individuals were more likely to act on their intention to use fairness tools,
highlighting the importance of shared team goals. Overall, our findings indi-
cate that fairness toolkit adoption is shaped not only by technology-related
perceptions but also by culturally grounded value orientations. These results
provide actionable insights for promoting fairness tool adoption through cul-
turally aware strategies in software development environments.

Keywords Software Engineering - Socio-Technical Aspects - Technology
Adoption - Fairness - Culture - AT - ML

1 Introduction

Fairness, in the context of contemporary software engineering (SE) research,
refers to the principle that machine learning (ML) models should make impar-
tial decisions and avoid bias or discrimination against specific social groups rabi
. As ML-enabled systems become increasingly embedded in crit-
ical decision-making processes, fairness is emerging as a mandatory quality
requirement for any software including AI components. Unfairness typically
arises when models reproduce or amplify the biases present in their training
data (Pagano et al.[2023; |[Pessach and Shmueli|2022), leading to decisions that
undermine trust and raise significant ethical and legal concerns .
Numerous high-profile incidents have demonstrated the consequences of such
biases, including a Facebook vision model labeling Black individuals as “pri-
mates,” or Amazon assigning lower sales rankings to books with LGBTQIA+
content (Brun and Meliou2018; |Johnson and Pidd|2009; Mac|2021; Wei and
. These examples highlight the urgent need for the development
and integration of fairness-aware ML systems.

Recognizing the central importance of fairness, the SE for artificial intel-
ligence research community has made significant advances in developing bias
mitigation techniques (Hort et al|[2024)), positioning fairness as a key non-
functional requirement in the development of ML-enabled software systems.
To support the practical integration of these mitigation approaches into devel-
opment workflows, both researchers and industry organizations have released
a variety of fairness toolkits, such as AIF360 (Bellamy et al|2019) and
FAIRLEARN (Microsoft and contributors|[2019). These toolkits provide ready-
to-use metrics and bias mitigation algorithms that assist software professionals
in incorporating fairness considerations into their development pipelines
et al] 202).

Despite the availability of such toolkits, their effective integration into the
software development process remains challenging due to the socio-technical
nature of SE, where technical decisions are intertwined with human and or-
ganizational factors (Hoda||2021} [Storey et al|2020). Recent work has further
emphasized that fairness considerations intensify this socio-technical charac-
ter. For instance, |de Souza Santos et al.|(2024) conceptualize software fairness
debt as accumulated bias in SE practices that leads to discriminatory out-
comes, explicitly framing fairness as emerging from the interaction between
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technical artefacts and social dynamics. Later, |Sotolani et al.| (2026) further
explored this concept in the gray literature, underscoring the importance of
embedding fairness as a socio-technical aspect of Al development. Similarly,
Ferrara et al.| (2024b)) highlight that implementing fairness practices requires
not only technical expertise but also sociological awareness and process-level
support across the ML lifecycle. |Dolata et al,| (2021)) likewise argue that
fairness is inherently social, as outcomes depend on the mutual shaping of
technical systems and organizational structures. These studies position fair-
ness as a socio-technical phenomenon that cannot be addressed through purely
technical interventions, but rather with the interplay of social and technical
considerations.

In this setting, the adoption of fairness toolkits is not solely a techni-
cal choice but a discretionary decision shaped by developers’ perceptions of
fairness, relevance, and alignment with team priorities. Adopting fairness-
enhancing tools therefore depends not only on technical feasibility but also on
developers’ values and interpretations of fairness (Balayn et al.|2023|). Because
fairness is inherently value-laden, these interpretations may reflect deeper in-
dividual value orientations, including culturally grounded beliefs.

Among the human factors associated with ethics and fairness, culture has
emerged as a relevant construct. Culture shapes individual beliefs and behav-
ioral orientations through shared value systems (Hofstede|/1980; House et al.
2004; Yoo et al.|2011)). Prior research shows that cultural dimensions influence
how fairness and justice are perceived and prioritized across contexts (Gelfand
et al.|2002; [Kim and Leung|[2007; [Lund et al.[[2013). This suggests that cul-
tural value orientations may also shape concrete decisions related to fairness-
supporting practices, such as the adoption of fairness toolkits.

To date, however, no research has systematically examined whether indi-
vidual cultural values influence fairness toolkit adoption. A prior study by
our research group (Voria et al.[2025a) investigated cognitive and behavioral
drivers of adoption using UTAUT2 and found that performance expectancy
and habit were the primary predictors. However, that study did not consider
whether underlying cultural value orientations shape or condition these adop-
tion mechanisms. The role of cultural values in this process therefore remains
underexplored.

This gap presents an opportunity to inform both academic inquiry and
managerial practice. Understanding whether individual cultural values influ-
ence the adoption of fairness tools could guide organizations in forming devel-
opment teams strategically—for example, by placing individuals more predis-
posed to fairness in teams allocated to fairness-related tasks, thereby fostering
behavioral change through cultural influence.

To address this gap, we aimed to extend our previous contribution (Voria
et al.|2025a) by: (1) conducting a new data collection process to measure
cultural characteristics alongside the adoption of the Fairness Tool, and (2)
adding a series of new empirical evaluations to deeply explore the role of
cultural values in their adoption. Specifically, the present study aims to answer
the following research question:
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Research Question. What role do individual cultural values play in
shaping software development practitioners’ adoption of fairness toolkits?

The study began with a review of relevant literature to construct a theo-
retical model that integrates both technology adoption factors and individual
cultural values, with the goal of characterizing software practitioners’ inten-
tion to adopt and actual adoption of fairness toolkits. For technology-related
factors, the widely adopted UTAUT2 framework (Venkatesh et al.[2012) was
selected, which had already proven effective in our previous work (Voria et al.
2025a)). To account for cultural influences, we employed Hofstede’s framework
of cultural dimensions (Hofstede|1980, 2011)), examining their role in the adop-
tion process both as antecedents (i.e., independent variables) and as moder-
ators (i.e., variables able to strengthening or weakening other relationships).
This dual-level analysis was designed to offer a comprehensive and nuanced
understanding of the interplay between individual culture and adoption be-
havior. A survey instrument was then developed using validated measurement
scales (Venkatesh et al.|2012; [Yoo et al.|2011)), and data were analyzed using
Partial Least Squares Structural Equation Modeling (PLS-SEM) (Hair Ju-
nior et al.|2014) to ensure a rigorous and robust examination of the research
question.

The results offer valuable insights. As hypothesized, individual cultural
values play an active and significant role in the adoption of fairness toolk-
its, confirming their relevance within the software development context. The
primary implication is that organizations and managers seeking to promote
fairness awareness within development teams should consider assessing individ-
ual cultural values and incorporating this information into team composition
and management strategies. Furthermore, from a research perspective, these
findings open new avenues for investigation. Cultural factors are increasingly
recognized as important within SE (Lambiase et al.|[2024al), and communi-
ties focused on social and human aspects can build upon this work to expand
the body of knowledge—both horizontally, by exploring related phenomena,
and vertically, by deepening our understanding of cultural influences across
different stages of the software development lifecycle.

Structure of the paper. Section [2] presents the related work. Section
reports the theoretical constructs that lead to the definition of hypotheses that
are foundational for the tested theory. In Section [d we present the research
method and steps adopted to answer our research question. Section [5| reports
the results of the statistical analysis, while Section [6] presents the implications
of our study. Section [7] closes our research paper with some conclusions and
our future research agenda.

2 Background & Related Work

In the following subsections, we summarize the most relevant literature re-
garding fairness and fairness toolkits.
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2.1 Cultural Values in Software Engineering

Global Software Engineering (GSE) research emerged to investigate challenges
associated with distributed software development. Among the factors identi-
fied as particularly influential, culture has received significant attention, with
researchers examining its impact across the entire software development life-
cycle (Borchers|2003; [Javed et al.[2023; [Yasin et al.|2024]).

An early contribution in this area is the work by Borchers| (2003)), which in-
vestigated the influence of cultural factors on SE practices such as code review.
The study focused on developers from three countries—Japan, India, and the
United States—and operationalized the Hofstede cultural framework (Hofstede
1980). The results showed that cultural backgrounds influence how develop-
ers approach SE activities. For example, Japanese developers exhibited lower
tolerance for risk, leading to more deliberate decision-making processes. More-
over, Borchers highlighted that cultural differences within software teams can
also influence architectural decisions, suggesting the need for further research
on the role of culture in SE practices.

Another contribution is the work by |Yasin et al.| (2024)), who conducted
an empirical investigation combining experiments and surveys to explore how
group activities can mitigate socio-cultural challenges in GSE. Through struc-
tured discussion sessions and survey-based evaluation, their study showed that
collaborative activities can help identify and address critical challenges re-
lated to teamwork in culturally diverse environments, even within simulated
distributed development scenarios.

Similarly, |[Javed et al.| (2023)) investigated mitigation strategies for socio-
cultural distance issues in GSE. Their study combined a literature review
with survey-based validation, resulting in a framework comprising twenty-
eight mitigation strategies addressing six major socio-cultural challenges in
distributed development contexts.

More recently, Lambiase et al. (Lambiase||2024; Lambiase et al.|[2022albjcl
2024ayb|) introduced the concept of cultural dispersion in SE. This concept
describes situations in which members of a development community exhibit
behaviors that diverge from those typically associated with their cultural
background according to established cultural frameworks (e.g., Hofstede or
GLOBE). Their studies in open-source communities show that unmanaged
cultural differences can correlate with socio-technical problems—such as com-
munity smells (Lambiase et al. 2022b)), as well as with reduced productiv-
ity (Lambiase et al.|2022a, 2024b)). To address these challenges, the authors
proposed an empirically derived framework, Dealing with Cultural Dispersion,
which helps software teams better understand cultural influences and adopt
strategies for effective collaboration. This framework aims to bridge the gap
between research and practice by providing actionable guidance for managing
cultural diversity in software development teams (Lambiase et al.[2024a)).
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2.2 Machine Learning Fairness

Fairness refers to the absence of bias or favoritism based on inherent or ac-
quired characteristics (Mehrabi et al.|2021} Pessach and Shmueli|2022; Starke|
. Various metrics and strategies evaluate fairness in ML, focusing on
data similarities, decision probabilities, and cause-effect relationships
land Rubin| 2018). Majumder et al| (2023) categorized fairness metrics into
seven groups, although not all nuances are captured.

From an intervention perspective, bias in ML systems can be mitigated
through three main categories of techniques, depending on the stage of the
development pipeline in which they operate. Pre-processing techniques mod-
ify the training data before model learning in order to reduce discriminatory
patterns, with [Sharma et al| (2020) and |Calmon et al.| (2017) using proba-
bilistic methods, and [Chakraborty et al.| (2021)) introducing FAIR-SMOTE.
In-processing techniques intervene during model training, typically by adapt-
ing the learning objective or incorporating fairness constraints directly into
the optimization process; [Zhang et al.| (2018) used adversarial methods, and
[Kamishima et al| (2012) applied regularization. Reweighting methods, like
those from [Kamiran and Calders| (2012)) and |Chakraborty et al.| (2020]), adjust
instance weights. Post-processing techniques instead adjust the model outputs
after training to correct for unfair outcomes, with |Galhotra et al| (2017) in-
troducing THEMIS and [Udeshi et al| (2018)) developing AEQUITAS.

2.3 Software Engineering for ML Fairness

Fairness in ML has gained traction in the SE community, with various stud-
ies addressing it from multiple perspectives (Mehrabi et al|[2021} [Pessach|
[and Shmueli|[2022} [Starke et al2021)). [Ferrara et al.| (2024al) stressed the im-
portance of context-aware fairness requirements. Additionally, [Ferrara et al.|
advocated for fairness integration across the development lifecycle.
Discrimination often stems from biased training datasets (Vasudevan and Ken-|
[thapadil [2020; [Voria et al|[2025b). |Zhang and Harman| (2021)) argued that
increasing dataset features does not inherently reduce discrimination, while
[Chakraborty et al (2021) emphasized the role of feature selection. [Sesari et al|
(2024) highlighted the need to examine fairness across the entire lifecycle, and
[Parziale et al.| (2025); [Voria et al| (2025cld) cataloged and evaluated fairness-
aware practices, surveying domain experts. Hort et al. performed a compre-
hensive survey of methods to address bias in ML classifiers, collecting the most
used datasets, metrics, and solutions from the SE literature to achieve fairer
Al . Finally, recent studies in the SE field have benchmarked
commonly used bias mitigation methods, understanding their efficiency over
multiple protected attributes (Chen et al.|[2024) and the trade-offs with other
critical non-functional requirements, such as accuracy and energy consumption
(De Martino et al.|[2025)).
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2.4 Fairness Toolkits in Practice

Various open-source fairness toolkits, i.e., frameworks or libraries that com-
prise ready-to-use bias measures or mitigation methods, help researchers and
developers create fairer ML models (Balayn et al.|[2023)). AIF360
let al|2019)), developed by IBM, offers a comprehensive suite of fairness metrics
and bias mitigation techniques. FAIRLEARN (Microsoft and contributors|2019)
is a Python-based library focused on fairness assessment and mitigation using
in-processing techniques. Google’s WHAT-IF TooL (Wexler et al|[2019) em-
phasizes fairness and explainability through interactive analysis, while SCIKIT-
FAIRNESS (Warmerdam|[2020)) extends scikit-learn with bias analysis tools.

ILee and Singh (2021)) examined the misalignment between current open-
source fairness toolkits and practitioners’ needs through focus groups, inter-
views, and surveys, identifying gaps that necessitate improved support for
implementing fairness. Similarly, Holstein et al.|(2019) documented challenges
in developing fair ML systems within commercial teams based on interviews
and surveys. [Deng et al| (2022) conducted an empirical investigation into in-
dustry practitioners’ engagement with fairness toolkits, identifying usability
and effectiveness improvements through think-aloud interviews and surveys.
[Cannavale et al| (2025]) explored the use of fairness toolkits in open source
communities, underscoring a trend of limited adoption.

Beyond technical limitations, broader structural issues impact fairness tool
adoption. [Rakova et al| (2021) explored fairness challenges from an organiza-
tional perspective, analyzing how internal culture and structure shape respon-
sible AI efforts. Relatedly, recent work (Ayling and Chapman|[2022)) has ob-
served a shift in AT ethics assessment focus from data concerns to models and
algorithms, indicating evolving priorities in ethical Al governance. However,
most impact assessment tools remain internal-facing, with external oversight
being rare (Ayling and Chapman|[2022). While fairness toolkits primarily sup-
port developers and product teams, other stakeholders, such as end-users, are
often excluded from assessment processes (Ayling and Chapman|2022), mir-
roring the practitioner-toolkit misalignment identified by [Lee and Singh/ (2021))
and Deng et al| (2022).

Additionally, while prior work has focused on fairness in Al development,
there is growing recognition of ethical concerns in procurement. A subset of im-
pact assessment tools now addresses Al system acquisition, emphasizing the
role of organizations deploying third-party AI solutions (Ayling and Chap-|
iman/[2022). This broadening scope aligns with calls for a more comprehensive
approach to fairness that extends beyond developers to decision-makers and
end-users (Rakova et al.||2021)).

iE Research Gap.

In our previous work (Voria et al|2025a), we investigated the factors
influencing engineers’ decisions to adopt fairness toolkits. The findings
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highlighted performance expectancy and habit as the primary drivers of
adoption. These results suggested that emphasizing the effectiveness of
fairness toolkits in mitigating bias, together with fostering their habit-
ual use, can promote wider adoption within organizations. Building on
these insights, the present study extends our prior work by incorporating
a new set of variables that capture individuals’ cultural values. Since cul-
ture shapes everyday choices and is closely tied to perceptions of fairness,
it offers a compelling lens for further exploration of this phenomenon.
Specifically, this study: (1) extends the analysis by adding six indepen-
dent variables representing developers’ cultural backgrounds, (2) relies
on a new round of data collection designed for this purpose, and (3) ap-
plies three additional statistical tests (detailed in the following section) to
provide a more comprehensive understanding of culture’s role in fairness
toolkit adoption.

2.5 Partial Least Squares Structural Equation Modeling (PLS-SEM)

Structural Equation Modeling (SEM) is a powerful multivariate statistical tech-
nique well-suited for examining complex models involving multiple interrelated
variables. A key strength of SEM lies in its ability to handle both non-latent
variables—those that are directly observable and measurable—and latent vari-
ables, which represent underlying constructs that cannot be observed directly
but are instead estimated through a set of measurable indicators. This makes
SEM particularly valuable in situations where classical linear regression is in-
sufficient, such as when variables are connected through a network of paths
(also referred to as hypotheses) and the model involves multiple dependent
and independent variables that must be examined simultaneously (Hair Ju-
nior et al.|[2014).

Central to SEM is the concept of latent variable measurement. Since la-
tent variables cannot be directly observed, they are operationalized through
observable indicators, commonly referred to as indezes. For example, in mar-
keting research, “Customer Satisfaction” is a latent construct that, while not
directly measurable, can be approximated using indicators such as Overall Sat-
isfaction Rating, Recommendation Likelihood, or Service Quality Perception.
In practice, researchers typically rely on questionnaires with validated items
and scales to serve as these indexes, ensuring reliable and accurate represen-
tation of the underlying construct (Hair Junior et al.|[2014)).

Latent variables can be measured through two types of approaches: reflec-
tive and formative. In reflective measurement, the latent variable is assumed
to cause its indicators, meaning each indicator is a manifestation of the un-
derlying construct. Consequently, all indicators are expected to co-vary, and
a change in the latent variable should be reflected across all of them. Because
of this, reflective indicators are considered interchangeable. In contrast, for-
mative measurement assumes that the indicators collectively define the latent
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variable, with each indicator capturing a distinct facet of the construct. As
a result, formative indicators need not correlate with one another and are
not interchangeable. In practice, reflective measurement is more commonly
adopted due to its interchangeability property, which simplifies both model
specification and validation (Hair Junior et al.|[2014).

Among the various SEM variants, Partial Least Squares Structural Equa-
tion Modeling (PLS-SEM) is particularly well-regarded for its suitability in
predictive and exploratory research. PLS-SEM is especially prevalent in fields
such as marketing, information systems, and the social sciences, where the-
ory is still developing and strict distributional assumptions may be difficult
to meet. Unlike covariance-based SEM approaches, PLS-SEM imposes mini-
mal requirements on data distribution and sample size, offering considerable
flexibility in research design. The method operates by maximizing the ex-
plained variance in the dependent variables, thereby optimizing the model’s
predictive accuracy. Through its iterative estimation algorithm, PLS-SEM pro-
duces latent variable scores that are subsequently used to estimate path coef-
ficients and evaluate both the measurement and structural components of the
model (Hair Junior et al.|2014)).

PLS-SEM analysis is organized around two core components: the measure-
ment model and the structural model. The measurement model (also referred
to as the outer model) defines the relationships between each latent variable
and its corresponding observed indicators, assessing how well those indicators
represent the underlying construct. The structural model (or inner model),
on the other hand, specifies the hypothesized directional relationships among
the latent variables themselves, forming the theoretical backbone of the anal-
ysis (Hair Junior et al.|[2014)).

Beyond the evaluation of the measurement and structural models, PLS-
SEM also supports the investigation of more nuanced relationships among
constructs through mediation and moderation analysis. Mediation analysis ex-
amines whether the relationship between two constructs is transmitted—either
partially or fully—through a third, intermediary variable, known as the me-
diator. In this case, the independent variable influences the mediator, which
in turn affects the dependent variable, thereby providing a more fine-grained
account of the underlying mechanism driving the relationship. Moderation
analysis, on the other hand, investigates whether the strength or direction of
a relationship between two constructs changes depending on the values of a
third variable, referred to as the moderator. The moderating variable interacts
with the independent variable to influence the outcome, revealing boundary
conditions under which a given relationship holds or breaks down. Both anal-
yses enrich the explanatory power of the model, allowing researchers to move
beyond simple direct effects and uncover the conditions and mechanisms that
shape the relationships among constructs (Hair Junior et al.||2014).

Conducting a PLS-SEM study involves a sequence of well-defined steps,
which can be organized into three macro-steps:
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Hypothesis Development. The process begins with the formulation of theoret-
ically grounded hypotheses that define the expected relationships among
constructs. While this step is not formally part of the SEM methodology
itself, it constitutes an essential prerequisite: the hypotheses, derived from
an extensive review of the existing literature, determine the structure of
the model and guide all subsequent analytical decisions]T]

Data Collection. Once the hypotheses are established, empirical data must
be gathered. This is typically accomplished through a questionnaire-based
approach, in which validated instruments from the literature are admin-
istered to a sample of participants. The minimum required sample size is
determined by means of an a-priori power analysis using G*Power (Faul
et al/[2009) [

Data Analysis. The analytical phase proceeds in two sequential stages. The
first is the evaluation of the measurement model, which assesses the re-
liability and validity of the indicators used to operationalize each latent
construct. The second is the evaluation of the structural model, which ex-
amines the strength, direction, and significance of the hypothesized paths
between constructs. Together, these two stages allow researchers to draw
conclusions about both the quality of their measures and the plausibility
of their theoretical propositionsEI

PLS-SEM has gained increasing traction in SE research as a method for ex-
amining complex relationships involving latent constructs. It is now regarded
as a state-of-the-art technique for both theory development and predictive
modeling in the field, although consensus on best practices and reporting
standards is still evolving (Russo and Stol||2021)). Its ability to accommodate
complex models, relatively small sample sizes, and non-normal data distri-
butions makes it particularly well-suited for empirical SE studies, enabling
researchers to move beyond traditional productivity metrics—such as lines
of code—and incorporate organizational and behavioral dimensions into their
analyses. Recent applications span a variety of SE contexts, including educa-
tional settings (Che et al.[2021)), software management and DevOps (Khattak
et al.2023)), and the adoption of software technologies (Choudhuri et al.|[2024;
Lambiase and De Lucia/|2026; Lambiase et al.|2024al 2025; Russo|2024)).

3 Objective, Research Model, and Hypothesis

This study investigated the role of software practitioners’ individual
cultural values in shaping both the intention to adopt and the actual
adoption of fairness toolkits. To provide a comprehensive understanding
of the adoption phenomenon, the Extended Unified Theory of Acceptance and
Use of Technology (UTAUT?2) (Venkatesh et al.|[2012) was employed, while

1 In the context of our study, such hypotheses are reported in Section
2 In the context of our study, data collection is described in detail in Section
3 In the context of our study, the results of the statistical analysis are reported in Section
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Hofstede’s cultural dimensions (Hofstede| 1980, [2011)) were used to operational-
ize individual-level cultural values.

Specifically, constructs—i.e., variables that cannot be directly observed
and should be measured by other related indicators—from the two theoretical
frameworks were integrated to build a structural model in which relation-
ships between constructs were formalized through hypotheses. To investigate
the role of culture in technology adoption, individual-espoused cultural values
were incorporated into the model as both antecedents and moderators of the
UTAUT?2 constructs. An antecedent is a construct that exerts a direct in-
fluence on another construct, typically positioned earlier in the causal chain,
thus contributing to the explanation of the variance of the endogenous (de-
pendent) variable. In contrast, a moderator is a construct that affects the
strength or direction of the relationship between two other constructs, weaken-
ing or strengthening it. By modeling cultural values in both roles, the analysis
accounts for their potential to shape practitioners’ perceptions directly (as
antecedents) and to alter the impact of technology acceptance factors on in-
tention and usage (as moderators).

The remainder of this section elaborates on each hypothesis. Section
first introduces the technology-acceptance hypotheses (H1-HT7) derived from
UTAUT?2, summarised in Table [I} Section then introduces the hypothe-
ses involving cultural values as antecedents and moderators (H8-H11), sum-
marised in Table 2

3.1 Adoption of Fairness Toolkit

The adoption of fairness toolkits was modeled using the constructs of the
Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) (Venkatesh
et al.[[2012)), a well-established framework to explain individual technology
acceptance behaviors.

3.1.1 The Extended Unified Theory of Acceptance and Use of Technology
(UTAUT2)

Originally introduced by [Venkatesh et al.[(2003), the UTAUT framework con-
solidated eight previous theories of technology adoption and identified four
core constructs as predictors of Behavioral Intention (BI) and Usage Behav-
ior (UB): (1) Performance Ezpectancy (PE), the degree to which individuals
believe that using a technology will enhance their job performance; (2) Effort
Ezpectancy (EE), the perceived ease associated with technology use; (3) Social
Influence (SI), the extent to which individuals perceive that important others
believe they should use the technology; and (4) Facilitating Conditions (FC),
the perceived availability of technical and organizational support for using the
system.

To better capture adoption in consumer-oriented and voluntary contexts,
UTAUT was later extended to UTAUT?2 (Venkatesh et al.[2012)). The extended
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model introduced three additional constructs: Hedonic Motivation (HM), re-
flecting the enjoyment or pleasure derived from technology use; Price Value
(PV), which evaluates the trade-off between the perceived benefits and mone-
tary costs; and Habit (HB), representing the extent to which Usage Behavior
becomes automatic due to learning.

The decision to adopt UTAUT?2 over alternative adoption models was made
for several reasons. UTAUT2 has been employed in several empirical studies in
SE (Lambiase and De Lucial[2026; Lambiase et al.|2024al |2025; Russo|[2024)),
including prior work conducted by the authors (Voria et al.|2025a)), where it ex-
hibited robust measurement properties. Compared to other prominent models
such as Rogers’ Diffusion of Innovation Theory or the Tech-
nology Acceptance Model (TAM) by Davis et al.| (1989)), UTAUT2 provides
a more comprehensive perspective on technology use, as it emphasizes actual
usage and behavioral routines rather than focusing solely on attitudes toward
innovation or prior experience with related tools. For this reason, given that
the model had shown excellent metrics in the previous analysis
, and given that the focus of this work is not on technology-related
factors but cultural ones (and it was therefore necessary to have a solid ba-
sis for the former in order to better analyze the latter), we decided to adopt
UTAUT2[

3.1.2 Hypothesis from the UTAUT2

In this study, eight UTAUT2 constructs were considered relevant to the context
of fairness toolkit adoption: PE, EE, SI, HM, FC, HB, BI, and UB. The con-
struct PV was excluded, as fairness toolkits are generally freely available and
not associated with direct financial costs. These constructs have been widely
demonstrated to positively influence technology adoption by capturing multi-
ple facets of user perception (Lambiase et al.[2024a; |Russo 2024; [Venkatesh|
let al|[2012). Behavioral Intention serves as a mediating factor between these
perceptions and actual use (Venkatesh et al|[2012)), while Habit and Facilitat-
ing Conditions are also known to exert a direct influence on Usage Behavior,
independent of intention (Lambiase et al.2024a; Venkatesh et al.[2012). Thus,
we formulated the following hypotheses.

— H1l—Performance Expectancy (PE) positively influences software prac-
titioners’ intention to adopt (BI) fairness toolkits.

— H2—Effort Expectancy (EE) positively influences software practition-
ers’ intention to adopt (BI) fairness toolkits.

4 Although explicitly clarified in the text, readers might still be misled into assuming
that the authors claim UTAUT2 to be superior to other models. This is not the case. Each
model emphasizes different aspects—for example, Dol focuses more on comparisons with
existing technologies performing similar tasks—and is thus more suitable for specific stages
of technology development. In this work, we chose to rely on UTAUT?2, but this does not
preclude the analysis of fairness toolkits through other models. On the contrary, employing
multiple perspectives is recommended to achieve a more comprehensive understanding of
the technology under study.
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Table 1: Summary of the UTAUT?2 technology-acceptance hypotheses (H1-
HT7) tested in the research model.

ID Relation Description

H1 PE — BI Performance Expectancy positively influences Behavioral Intention
H2 EE — BI Effort Expectancy positively influences Behavioral Intention

H3 SI — BI Social Influence positively influences Behavioral Intention

H4 HM — BI  Hedonic Motivation positively influences Behavioral Intention
H5a FC — BI Facilitating Conditions positively influence Behavioral Intention
H5b FC — UB  Facilitating Conditions positively influence Use Behavior

H6a HB — BI Habit positively influences Behavioral Intention

H6b HB — UB  Habit positively influences Use Behavior

HT7 BI — UB Behavioral Intention positively influences Use Behavior

— H3—Social Influence (SI) positively influences software practitioners’
intention to adopt (BI) fairness toolkits.

— H4—Hedonic Motivation (HM) positively influences software practition-
ers’ intention to adopt (BI) fairness toolkits.

— H5a—Facilitating Conditions (FC) positively influence software practi-
tioners’ intention to adopt (BI) fairness toolkits.

— H5b—Facilitating Conditions (FC) positively influence the actual use
behavior (UB) of fairness toolkits.

— H6a—Habit (HB) positively influences software practitioners’ intention
to adopt (BI) fairness toolkits.

— H6b—Habit (HB) positively influences the actual use behavior (UB) of
fairness toolkits.

— H7—Behavioral Intention (BI) to use fairness toolkits positively influ-
ences their actual use behavior (UB).

3.2 Influence of Individual Cultural values

Culture has been defined by Geert Hofstede as “the programming of the hu-
man mind by which one group of people distinguishes itself from another
group” (Hofstede||1980). An individual’s cultural background plays a signifi-
cant role in shaping a wide range of everyday decisions and behaviors. How-
ever, the concept of culture remains complex and challenging to operational-
ize, often presenting substantial difficulties for researchers aiming to empiri-
cally study it. To address this challenge, scholars in the field of cross-cultural
research have conducted empirical studies to identify a set of underlying val-
ues—referred to as cultural dimensions—that can systematically represent and
differentiate cultural orientations across individuals and groups. These cultural
dimension frameworks provide structured constructs that capture shared be-
liefs, norms, and behaviors, allowing for the comparative analysis of cultural
differences (Hofstede|/1980, 2011]).
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3.2.1 The Hofstede Cultural Framework

In this study, we employed Hofstede’s cultural dimensions to conceptualize
individual-level cultural values. The framework decomposes cultural into six
dimensions.

Power Distance (PD). Captures the extent to which individuals accept and
expect unequal power distribution within a society. High Power Distance is
associated with strong deference to authority and adherence to hierarchical
norms.

Individualism vs. Collectivism (CO). Reflects the degree to which individuals
are integrated into social groups. High individualism indicates a preference
for autonomy and self-reliance, while Collectivism emphasizes group cohe-
sion and loyalty in exchange for protection.

Motivation towards Achievement (MA). Contrasts values such as achievement,
assertiveness, and material success (high MA) with values such as coopera-
tion, modesty, and quality of life (low MA)E|

Uncertainty Avoidance (UA). Measures the extent to which individuals feel
threatened by uncertainty and ambiguity. High UA is associated with risk
aversion, a preference for structured environments, and resistance to novel
or unconventional ideas.

Long-Term vs. Short-Term Orientation (LT). Assesses the value placed on long-
term planning and perseverance versus short-term traditions and normative
commitments. High LT indicates a forward-looking, pragmatic approach,
while low LT emphasizes tradition and immediate outcomes.

Indulgence vs. Restraint (IR). Reflects the degree to which societies allow rel-
atively free gratification of basic human desires. Indulgent cultures promote
enjoyment and self-expression, while restrained cultures emphasize the reg-
ulation of desires through social normsﬁ

Although the original framework comprises six dimensions (Hofstede]|1980,
2011)), only four were included in this investigation. The dimension Indulgence
vs. Restraint was excluded due to the absence of validated instruments for mea-
suring it at the individual level—as existing scales are primarily designed for
national-level analysis—and the lack of empirical evidence supporting its rele-
vance for hypothesis formulation. The dimension Motivation towards Achieve-
ment was also excluded, as prior studies have consistently reported its limited
or non-significant influence in the context of technology adoptionE]

5 The dimension Motivation towards Achievement and Success was previously known as
Masculinity vs. Femininity and has been recently redefined.

6 This dimension was excluded from the present study for reasons outlined in the text.

7 The authors acknowledge that Hofstede’s framework is primarily known for its function
of assigning numerical scores to characterize countries along various cultural dimensions.
This may lead readers to assume that the framework was used in this study for that pur-
pose—i.e., by applying national-level scores to characterize individuals. The authors find it
important to clarify that this is not the case. The use of national scores at the individual
level is a well-documented methodological fallacy and should be avoided, as it leads to mis-
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The decision to adopt Hofstede’s cultural dimensions was deliberate and
grounded in both methodological and empirical considerations. Among the
various cultural frameworks available, Hofstede’s model is one of the most
widely adopted in SE research (Abufardeh and Magel 2010; Borchers| 2003;
[Casey|[2011} [Lambiase et al[2022a]blc, 2024alb; Trinkenreich et al.[2023} 2024).
In addition, Hofstede’s cultural dimensions have been successfully integrated
with the UTAUT?2 framework in prior studies to examine the influence of cul-
tural values on technology adoption (Baptista and Oliveira 2015; Lai et al.|
|2016; Nistor et al|2014; Tamilmani et al.|2021). Furthermore—as will be
discussed in more detail in Section [d}—one of the key advantages of using Hof-
stede’s framework is the availability of well-established and highly validated
measurement instruments. These instruments strengthened the methodolog-
ical rigor of the study by enabling precise and reliable operationalization of
cultural values.

Having defined the four cultural dimensions retained in our investigation,
we now argue why they are expected to play a role in the adoption of fair-
ness toolkits, before formulating the corresponding hypotheses. As discussed
in Section[T} fairness in software is increasingly understood as a socio-technical
phenomenon: deciding whether to adopt a fairness toolkit is not only a tech-
nical choice but also a value-laden one, shaped by how practitioners interpret
fairness, how they relate to authority and to their team, and how they weigh
long-term ethical considerations against short-term delivery pressures. Each
of the four Hofstede dimensions we consider speaks directly to one of these as-
pects—Power Distance shapes responsiveness to hierarchical and community-
endorsed norms; Uncertainty Avoidance shapes openness to practices per-
ceived as novel or unstructured; Long-Term Orientation shapes the willingness
to invest in initiatives whose benefits accrue over time; and Collectivism shapes
the weight given to team norms and shared responsibility. In what follows, we
therefore translate this rationale into testable hypotheses, modeling each cul-
tural value first as an antecedent of UTAUT2 constructs (Section and
then as a moderator of UTAUT2 relationships (Section |3.2.3]).

3.2.2 Hypothesis on Cultural Values as Antecedents in the UTAUT2 Model

Previous studies have attested to the direct influence of individual cultural
values on users’ acceptance of various technologies (Lai et al.,|2016; |Nistor
let al|2014}; Ribiere et al[2010; [Shiu et al.2015; Tamilmani et al.[2021]).
Power Distance (PD) refers to the extent to which individuals accept and
expect hierarchical differences in power and authority within social and pro-
fessional settings. In the context of software development, practitioners with
high levels of Power Distance tend to be more receptive to the opinions and

leading conclusions. Instead, in this study, Hofstede’s framework is employed solely for its
conceptual value in decomposing cultural background into distinct dimensions. As will be
detailed later, the measurement of individual cultural values was carried out using instru-
ments that are well-established and validated in the literature for assessing individual-level
cultural traits.
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Table 2: Summary of the cultural-values hypotheses (H8-H11) tested in the
research model. The upper block lists the hypotheses in which cultural values
act as antecedents of UTAUT2 constructs; the lower block lists those in which
cultural values act as moderators of UTAUT?2 relationships.

ID Relation Description

H8a PD — SI Power Distance positively influences perceived social influ-
ence

H8b PD — BI Power Distance positively influences intention to adopt fair-
ness toolkits

H8c PD — UB Power Distance positively influences actual use of fairness
toolkits

H9a UA — BI Uncertainty Avoidance negatively influences intention to
adopt fairness toolkits

H9b UA — UB Uncertainty Avoidance negatively influences actual use of
fairness toolkits

H10a LT — PE Long-Term Orientation positively influences performance ex-
pectancy

H10b LT — HB Long-Term Orientation positively influences Habit

H10c LT — BI Long-Term Orientation positively influences intention to
adopt fairness toolkits

Hlla CO — EE Collectivism positively influences effort expectancy

H1lb CO — SI Collectivism positively influences perceived social influence

Hllc CO — FC Collectivism positively influences Facilitating Conditions

H8d PD x SI — BI Power Distance positively moderates the effect of Social In-
fluence on Behavioral Intention

H8e PD x BI - UB  Power Distance positively moderates the effect of Behavioral
Intention on Use Behavior

H9c UA x SI — BI Uncertainty Avoidance positively moderates the effect of So-
cial Influence on Behavioral Intention

H9d UA x BI — UB  Uncertainty Avoidance negatively moderates the effect of
Behavioral Intention on Use Behavior

H10d LT x PE — BI Long-Term positively moderates the effect of Performance
Expectancy on Behavioral Intention

H10e LT x BI —- UB Long-Term positively moderates the effect of Behavioral In-
tention on Use Behavior

H1ld CO x PE — BI = Collectivism positively moderates the effect of Performance
Expectancy on Behavioral Intention

Hlle CO x EE — BI  Collectivism positively moderates the effect of Effort Ex-
pectancy on Behavioral Intention

H11f CO x SI — BI Collectivism positively moderates the effect of Social Influ-
ence on Behavioral Intention

Hllg CO x BI — UB  Collectivism positively moderates the effect of Behavioral
Intention on Use Behavior

directives of authority figures and peers. As a result, they are more likely to
be influenced by social cues—particularly from superiors—which highlight a
direct link with Social Influence (SI). Moreover, with the rapid advancement
of AI technologies, there is growing attention within the SE community to-



From Values to Adoption 17

ward ensuring the reliability, fairness, and ethical alignment of these tools. As
these values become more institutionally reinforced, individuals with higher
Power Distance may be more inclined to follow community-endorsed norms
and authoritative guidance. This dynamic could lead people with high levels
of Power Distance to a greater Behavioral Intention (BI) to adopt fairness-
focused technologies, and ultimately, to increased actual Use Behavior (UB)
of fairness toolkits (Lai et al.|[2016). Based on the above rationale, we hypoth-
esize the following:

— H8a—Power Distance (PD) positively influences software practitioners’
Social Influence (SI) regarding the adoption of fairness toolkits.

— H8b—Power Distance (PD) positively influences software practitioners’
Behavioral Intention (BI) to adopt fairness toolkits.

— H8c—Power Distance (PD) positively influences the actual Use Behav-
ior (UB) of fairness toolkits.

The adoption of new technologies is often associated with innovative think-
ing and a tolerance for ambiguity and uncertainty (Ford et al.|2003). This char-
acteristic stands in contrast to the preferences of individuals with high levels
of Uncertainty Avoidance (UA), who tend to favor predictability and clear
structures. Such a value misalignment can act as a barrier to the adoption of
technological innovations. Indeed, prior research has consistently demonstrated
that both individuals and organizations characterized by high Uncertainty
Avoidance are less inclined to embrace emerging technologies (Lai et al.|[2016;
Ribiere et al.|[2010)). Although fairness technologies do not represent radical
innovations from a technical standpoint—being implemented within classical
computing frameworks—they nonetheless embody novel practices and values
related to ethical Al and socio-technical responsibility. Given that activities
involving fairness technologies may still be perceived as unstructured or am-
biguous, it is important to investigate the potential influence of Uncertainty
Avoidance. Therefore, we hypothesize the following:

— H9a—TUncertainty Avoidance (UA) negatively influences software prac-
titioners’ Behavioral Intention (BI) to adopt fairness toolkits.

— H9b—Uncertainty Avoidance (UA) negatively influences the actual Use
Behavior (UB) of fairness toolkits.

Considering the adoption of fairness technologies in light of their primary
objective—namely, fostering fair and responsible behavior in Al systems—it
is evident that this represents a long-term commitment requiring sustained ef-
fort and continuous attention. Individuals with a high Long-Term Orientation
(LT) are generally more inclined to invest in initiatives with future-oriented
benefits, and as such, may be more likely to recognize the value of adopting
such technologies (Lai et al.[[2016). Moreover, they may be more predisposed
to developing consistent usage patterns over time (Lai et al.|2016; Nistor et al.
2014)). Therefore, we hypothesize the following:
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— H10a—Long-Term Orientation (LT) positively influences software prac-
titioners’ Performance Expectancy (PE) regarding the adoption of fair-
ness toolkits.

— H10b—Long-Term Orientation (LT) positively influences software prac-
titioners’ Habit (HB) regarding the adoption of fairness toolkits.

— H10c—Long-Term Orientation (LT) positively influences software prac-
titioners’ Behavioral Intention (BI) to adopt fairness toolkits.

Regarding collectivistic behavior, it has been extensively demonstrated
that individuals with high levels of Collectivism (CO) are more likely to per-
ceive stronger Social Influence (SI), greater Facilitating Conditions (FC), and
increased Effort Expectancy (EE) (Abbasi et al.||[2015; (Childers et al.[[2001}
Markus and Kitayamal|2014). The first two associations are well-grounded:
Collectivism is inherently tied to group norms and interdependence, making
individuals more responsive to the opinions of peers and more aware of the
support provided by their social and organizational environments. As for the
perceived EE, prior studies suggest that collectivistic individuals often engage
in cooperative problem-solving and knowledge-sharing behaviors, which can
reduce individual cognitive load and foster a more supportive environment for
learning new technologies. This shared effort can lead to a perception that the
technology is easier to use, even if the actual complexity remains the same.
Therefore, we hypothesize the following:

— Hlla—Collectivism (CO) positively influences software practitioners’
Effort Expectancy (EE) regarding the adoption of fairness toolkits.

— H11b—Collectivism (CO) positively influences software practitioners’
Social Influence (SI) regarding the adoption of fairness toolkits.

— H1lc—Collectivism (CO) positively influences software practitioners’
Facilitating Conditions (FC) regarding the adoption of fairness toolkits.

3.2.8 Hypothesis on Cultural Values as Moderators in the UTAUT2 Model

There has been an increasing volume of literature evidencing the moderat-
ing effects of individual espoused cultural values on technology use (Baptista
and Oliveiral 2015} [Lai et al.||2016} |Lambiase et al.|2024a; |Shiu et al.| 2015}
Tamilmani et al.[[2021]).

As previously outlined, the influence of Power Distance (PD) is closely
intertwined with that of Social Influence (SI) (Lee et all|[2015; [Lin|[2014).
Individuals with high PD tend to place significant value on the opinions of
superiors and authority figures. In such cultural contexts, the endorsement of a
technology by hierarchical figures may substantially amplify both the intention
to adopt and the subsequent Usage Behavior. This perspective aligns with
prior findings in mobile technology adoption research (Baptista and Oliveira
2015)), where high PD cultures were more responsive to normative pressures.
Therefore, it is hypothesized that:
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— H8d—Power Distance (PD) positively moderates the relationship be-
tween software practitioners’ Social Influence (SI) and their Behavioral
Intention (BI) to adopt fairness toolkits.

— H8e—Power Distance (PD) positively moderates the relationship be-
tween software practitioners’ Behavioral Intention (BI) and their actual
Use Behavior (UB) of fairness toolkits.

Uncertainty Avoidance (UA) has been shown to exert a dual moderating
effect on technology adoption processes in information technology context.
Specifically, individuals with high UA are more likely to rely on social cues
when forming intentions to adopt new technologies, thereby strengthening the
effect of Social Influence (SI) on Behavioral Intention (BI). Conversely, the
same individuals may be less inclined to translate such intentions into actual
adoption behavior due to their aversion to uncertainty and risk (Lee et al.|2013;
Straub et al.|[1997). Given the previously established link between Behavioral
Intention and the actual use of fairness toolkits, the following hypotheses are
proposed:

— H9c—Uncertainty Avoidance (UA) positively moderates the relation-
ship between software practitioners’ Social Influence (SI) and their Be-
havioral Intention (BI) to adopt fairness toolkits.

— H9d—Uncertainty Avoidance (UA) negatively moderates the relation-
ship between software practitioners’ Behavioral Intention (BI) and their
actual Use Behavior (UB) of fairness toolkits.

Among Hofstede’s cultural dimensions, Long-Term Orientation (LT) is
uniquely concerned with how individuals incorporate future-oriented consid-
erations into their decision-making processes. Prior studies suggest that LT
plays a pivotal moderating role in the context of technology acceptance and
use at the individual level (Hoehle et al.|2015)). Specifically, individuals with a
stronger Long-Term Orientation tend to place greater emphasis on the antici-
pated benefits of a technology, thereby amplifying the influence of Performance
Expectancy (PE) on Behavioral Intention (BI) (Lee et al|2013; [Zhou et al.
2015)). Moreover, their future-focused mindset may strengthen the relationship
between intention and actual behavior, as long-term goals enhance the persis-
tence and enactment of intentions. Based on this, the following hypotheses are
proposed:

— H10d—Long-Term Orientation (LT) positively moderates the relation-
ship between software practitioners’ Performance Expectancy (PE) and
their Behavioral Intention (BI) to adopt fairness toolkits.

— H10e—Long-Term Orientation (LT) positively moderates the relation-
ship between software practitioners’ Behavioral Intention (BI) and their
actual Use Behavior (UB) of fairness toolkits.

The cultural dimension of individualism versus Collectivism (CO) has re-
ceived considerable attention in technology adoption research. This dimension
shapes the extent to which individuals prioritize personal autonomy versus
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group affiliation when making decisions. Individuals with a strong collectivis-
tic orientation tend to emphasize group harmony and shared goals over per-
sonal preferences, making them more susceptible to normative pressures such
as Social Influence (SI) (Abbasi et al.|[2015; |[Ford et al|[2003)). Prior studies
have consistently found that Collectivism can strengthen the effect of subjec-
tive norms on Behavioral Intention (BI) (Fagih and Jaradat|2015} [Lee et al.
2013; |Srite and Karahanna/2006). Moreover, collectivistic tendencies have also
been shown to enhance the translation of Behavioral Intention into actual
technology use, possibly due to a greater commitment to group-aligned be-
haviors (Faqih and Jaradat| 2015} [Flight et al.|2011]). Based on this evidence,
we propose the following hypotheses:

— H11d—Collectivism (CO) positively moderates the relationship between
software practitioners’ Performance Expectancy (PE) and their Behav-
ioral Intention (BI) to adopt fairness toolkits.

— Hlle—Collectivism (CO) positively moderates the relationship between
software practitioners’ Effort Expectancy (EE) and their Behavioral
Intention (BI) to adopt fairness toolkits.

— H11f—Collectivism (CO) positively moderates the relationship between
software practitioners’ Social Influence (SI) and their Behavioral Inten-
tion (BI) to adopt fairness toolkits.

— H11g—Collectivism (CO) positively moderates the relationship between
software practitioners’ Behavioral Intention (BI) and their actual Use
Behavior (UB) of fairness toolkits.

Figure [1| provides an integrated graphical view of the full research model.

4 Research Design

To evaluate the research model presented in Section [3] a survey study was
conducted. The collected data were subsequently analyzed using Partial Least
Squares Structural Equation Modeling (PLS-SEM) (Hair Junior et al.[2014).
The adoption of questionnaires and PLS-SEM in the context of our study
is a natural methodological choice. First, the constructs of interest are in-
herently latent in nature—such as cultural dimensions and self-perceived use-
fulness—and are therefore not directly measurable. Capturing such variables
typically requires a questionnaire-based approach, for which validated instru-
ments are readily available in the literature. Furthermore, the hypothesized
model entails multiple relationships among variables, including several depen-
dent constructs, which exceeds the capabilities of standard regression analysis.
In addition, our model incorporates both mediation and moderation effects,
which cannot be adequately investigated through conventional regression tech-
niques.
The research design followed a three-step process:
1. A questionnaire was developed based on measurement instruments vali-
dated in the literature, targeting the constructs specified in the research
model introduced in Section [3
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Fig. 1: Integrated graphical view of the research model. The upper panel shows
cultural values acting as antecedents of UTAUT2 constructs; the lower panel
shows them acting as moderators of the relationships between UTAUT2 con-
structs and Behavioral Intention or Use Behavior. The model is split into two
panels purely for readability—having all arrows in a single diagram would have
been hard to visualise—but it represents one single analysis model. A given
cultural value may appear in both panels when it is tested in both roles (e.g.,
Power Distance as antecedent of SI and as moderator of SI — BI).

2. The questionnaire was then administered to software practitioners with
prior experience using fairness toolkits, in order to collect data for construct
measurement.

3. Finally, the collected responses were analyzed using PLS-SEM to test the
proposed hypotheses and evaluate the model.

The remainder of this section details each of these methodological steps.

4.1 Survey Instrument

The survey instrument was designed to measure both technology adoption
factors and individual cultural values relevant to fairness toolkit adoption.
The questionnaire was structured into two main parts.

The questionnaire items used to measure the core constructs of the UTAUT?2
model were adapted from the original instrument proposed by [Venkatesh et al.
(2012), which has been widely validated in prior studies. The construct Use
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Behavior (UB), representing the frequency of actual usage, was assessed using
a single-item, 6-point frequency Likert scale. The remaining seven predictor
constructs were measured using a 7-point Likert agreement scale, with the fol-
lowing number of items per construct: Performance Expectancy (PE—D5 items),
Effort Expectancy (EE—6 items), Social Influence (SI—5 items), Hedonic Mo-
tivation (HM—3 items), Facilitating Conditions (FC—4 items), Habit (HB—4
items), and Behavioral Intention (BI—3 items).

For the measurement of cultural values, although Hofstede’s framework
originally included a questionnaire (Hofstede|2011)), it was explicitly devel-
oped for group-level (i.e., national-level) analysis and is not suitable for as-
sessing individual-level cultural traits. Using national scores or group-level
instruments to characterize individuals is a well-documented methodological
fallacy. To address this, various researchers have proposed alternative scales
to operationalize Hofstede’s dimensions at the individual level. In this study,
the CVSCALE instrument developed by |Yoo et al. (2011]) was adopted, as it
is widely validated for capturing individual-espoused cultural values. Specifi-
cally, the following dimensions were included: Power Distance (PD—5 items),
Uncertainty Avoidance (UA—D5 items), Collectivism (CO—6 items), and Long-
Term Orientation (LT—6 items). The cultural dimensions were measured us-
ing a 5-point Likert agreement scale; for the LT dimension, the CVSCALE
employs an importance-based scale, where 1 indicates “very unimportant”
and 5 indicates “very important.”

In addition to the main constructs, demographic information was collected,
including gender, age, professional role, and years of experience in the software
industry.

To improve clarity and usability, the survey instrument followed estab-
lished guidelines for survey research in SE (Kitchenham and Pfleeger|[2008)).
Questions were organized into clearly labeled sections and formatted using
SurveyMonkey tools to improve readability.

The complete questionnaire—including the verbatim wording of all UTAUT?2
and CVSCALE items, the screening items used to verify familiarity with fair-
ness toolkits, and the four embedded attention checks—is provided in the
replication package (Lambiase et al.[2026]). The average completion time of
approximately 10 minutes (versus 15 minutes in the first pilot) is consistent
with the predominance of short Likert items adopted from previously validated
scales.

An iterative pilot testing process was conducted prior to the main study.
Three pilot rounds involving ten researchers from our professional network
were carried out to evaluate the clarity of the questions and the overall survey
structure. Based on their feedback, minor wording revisions and formatting
adjustments were implemented. A final pilot test was then conducted on the
Prolific platform with five eligible participants to ensure that the question-
naire functioned correctly within the data collection environment. Across all
pilot rounds, we also monitored and optimized the survey completion time
by refining the wording and reducing unnecessary complexity. The estimated
completion time decreased progressively from 15 minutes in the first pilot, to



From Values to Adoption 23

12 minutes in the second, and ultimately to approximately 10 minutes in the
final version of the questionnaire.

4.2 Data Collection Procedure

Data collection was conducted through an online survey administered us-
ing SurveyMonkey, while participant recruitment and screening were man-
aged through the Prolific platformﬁ This combination allowed us to leverage
Prolific’s participant filtering capabilities together with SurveyMonkey’s sur-
vey management and data storage functionalities. Prolific has received in-
creasing recognition within the SE research community as a reliable plat-
form for recruiting high-quality participants, provided that rigorous filtering
protocols are followed. As with any online recruitment platform, concerns
about participant reliability persist. However, studies by |[Eyal et al.| (2021)
and [Douglas et al. (2023) have demonstrated that Prolific—alongside Cloud
Research—offers highly reliable respondent pools when appropriate method-
ological safeguards are in place. Notably, many of these safeguards overlap
with those proposed by [Russo| (2022)), whose protocol guided the recruitment
process in this study.

The target population of this study consists of software practitioners who
have exposure to and use fairness toolkits in the development or evaluation of
machine learning systems. This population was selected because the research
focuses on the adoption of fairness-related development tools, which require
participants to possess both SE expertise and familiarity with fairness prac-
tices in Al-based systems. Consequently, the recruitment strategy aimed to
identify practitioners with relevant technical backgrounds rather than a gen-
eral population of software developers.

The recruitment process followed a structured multi-stage procedure. First,
potential participants were identified on Prolific using the platform’s built-in
filtering tools to target individuals with relevant backgrounds. The inclusion
criteria required participants to: (1) work in the Information Technology sec-
tor, (2) be employed either full-time or part-time, and (3) possess programming
skills. Additional quality-related criteria were applied to ensure reliability and
comprehension, including: (4) fluency in English (the language of the survey),
(5) a 100% approval rate on Prolific, and (6) at least 25 previously approved
submissions on the platform. Moreover, despite not directly addressed using
filters built-in prolific, participants were required to have (7) previous ex-
perience with Fairness toolkit use; this was verified using the pre-screening
questionnaire and through the introduction of it. Moreover, several measures
were adopted to ensure participant reliability. An iterative pre-screening strat-
egy was used to refine and confirm participant eligibility. Screening questions
were embedded to verify respondents’ professional experience as software de-
velopers (Danilova et al.|2021)). In addition, a tiered compensation model was

8 Prolific (www.prolific.com) [March 2025]
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implemented to enhance participant engagement and response quality, offering
£9 (rated as “good” by Prolific) for the pre-screening phase and £12 (“great”)
for completing the main survey.

Participants who satisfied the first six criteria were invited to complete the
survey hosted on SurveyMonkey. The survey consisted of two questionnaires
administered within the same session: the first measuring the UTAUT2 con-
structs and the second assessing individual cultural values. Before starting the
survey, participants were presented with an introduction describing the pur-
pose of the study, the voluntary nature of participation, and the data privacy
guarantees. Informed consent was required to proceed.

Several measures were implemented to monitor response quality and reduce
potential misrepresentation. First, four attention-check items were embedded
throughout the questionnaire to verify that participants were reading and an-
swering the questions carefully. Second, SurveyMonkey settings were config-
ured to prevent duplicate submissions and ensure that each participant could
complete the survey only once. Third, the survey platform allowed monitoring
of response completeness and response patterns as well as the identification of
low quality responses.

The final dataset contained no missing values. Because of this configura-
tion, no imputation procedures were required. The 181 responses included in
the analysis correspond to the total set of submissions received: no responses
were excluded post-hoc on the basis of the attention checks or other quality cri-
teria. All submitted responses satisfied the embedded attention checks, which
were used as a real-time quality control mechanism through Prolific; submis-
sions failing these checks would have been rejected at submission time and
would not have entered the dataset. We did not perform additional post-hoc
checks targeting more subtle forms of low-quality or suspicious participation
beyond those provided by SurveyMonkey’s monitoring tools. All invited par-
ticipants completed the survey, resulting in a response rate of 100%.

The survey followed a cross-sectional design, capturing participants’ per-
ceptions and behaviors at a single point in time. The entire data collection
process was conducted in accordance with established survey guidelines in SE
research (Andrews et al.[[2007} |[Kitchenham and Pfleeger|[2008)). Given that the
survey was conducted online, best practices outlined by |Andrews et al.[ (2007)
were also followed. To provide an example, Survey Monkey was used to (1)
ensure compatibility across different devices, (2) prevent multiple submissions,
(3) provide an adaptive template for various browsers and screen sizes, and
(4) allow participants to leave feedback.

From an ethical standpoint, at the time of data collection, no formal in-
strument—such as an ethics review board—was available or required in the
authors’ country to obtain ethical approval. Nevertheless, the study was de-
signed and conducted with careful attention to ethical principles, particularly
those relevant to survey-based research (Hall and Flynn|2001)). Participants’

9 Prolific classifies participant compensation into four tiers—low, fair, good, and
great—based on hourly payment rates.
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privacy was prioritized throughout the process. A detailed privacy statement
was provided, and no sensitive business or personally identifiable information
was requested. Participants were explicitly informed that their data would be
used exclusively for research purposes in line with the study’s objectives. Par-
ticipation was voluntary, limited to individuals over the age of 18, and required
informed consent. Respondents were also made aware that they could withdraw
at any time without penalty. Furthermore, participants were transparently in-
formed that their anonymized responses would be published and permanently
stored in the online appendix of this paper (Lambiase et al.||2026)).

4.3 Participants and Sample Characteristics

The minimum required sample size was estimated through an a priori power
analysis using G*Power (Faul et al.|2009). Assuming an effect size of 15%,
a significance level of 5%, and a statistical power of 95%, the recommended
sample size for a model with 11 predictors was 178 participants. Since all 181
participants from the prior study met the defined eligibility criteria, they were
all invited to participate in the current investigation, yielding a final sample
that exceeds the minimum threshold for statistical validity.

In terms of gender identity, 80% of respondents identified as male, 19% as
female, and 1% as non-binary. Participants were located across 15 countries,
with the majority residing in the United States (39%) and the United King-
dom (24%). Additional representation included individuals from Australia,
Belgium, Canada, Finland, France, Germany, Ireland, Italy, the Netherlands,
Portugal, Singapore, Spain, and Sweden, contributing to a globally diverse
dataset.

A wide range of professional roles within the software and IT industry
was represented. The most common occupations were Software Developer or
Programmer (25%), followed by Project Manager (15%), Data Analyst, Data
Engineer, or Data Scientist (14%), and Software Engineer (13%). This va-
riety in roles ensured coverage of multiple perspectives across technical and
managerial domains.

Participants also varied in age and professional experience. The largest age
group was between 30 and 44 years (52%), followed by those aged 18 to 29
(25%), and 45 to 59 (20%). Only a small minority (3%) were aged 60 or older.
Regarding professional experience in the software industry, 30% reported more
than 10 years of experience, 28% reported 1-2 years, and 24% had 4-6 years.
Respondents with 7-9 years of experience accounted for 16% of the sample,
while only 1% had less than one year of industry experience.

4.4 Data Analysis

The data analysis process began with a preliminary evaluation aimed at en-
suring data quality and reliability. This step involved checking for missing
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values, detecting anomalous response patterns, identifying outliers, and as-
sessing the distribution of the data. Although PLS-SEM is more flexible than
traditional statistical methods and does not require normality, these checks
were performed to ensure the robustness of the dataset. No missing values or
suspicious patterns were identified. Skewness and kurtosis values were exam-
ined, and all indicators fell within the commonly accepted threshold range (—2
to +2), suggesting no significant deviations from normality.

Following this validation, the dataset was imported into SmartPLS for
statistical analysis using PLS-SEM (Ringle et al. 2024)@ The analysis was
conducted in two main phases: Measurement Model Evaluation and Structural
Model Evaluation.

During the Measurement Model Evaluation phase, the reliability and valid-
ity of the constructs were assessed to ensure that the observed items adequately
represented their respective latent variables. This step served as a prerequi-
site for the structural analysis, verifying the adequacy of the measurement
instruments used in the study.

In the subsequent Structural Model Evaluation phase, the hypothesized re-
lationships among constructs were tested, and the model’s explanatory and
predictive capabilities were assessed. As previously noted, the primary objec-
tive of this study was to investigate the role of individual cultural values in
fairness toolkit adoption, rather than to re-examine the effects of all UTAUT?2
constructs, which were already analyzed in earlier work (Voria et al.|[2025al).

Following the approach proposed by |Lai et al.| (2016)), we estimated three
progressively extended model configurations: (1) a baseline UTAUT2-only
model, (2) an extended model incorporating cultural values as antecedents,
and (3) a full model where cultural values acted both as antecedents and as
moderators of the relationships between UTAUT?2 constructs and the outcome
variables. The first two models were estimated primarily to illustrate how the
progressive inclusion of cultural variables affects the explanatory characteris-
tics of the model (e.g., explanatory power). The final model (Model 3) rep-
resents the complete theoretical specification and is therefore the model used
for the interpretation of the structural relationships.

Within this final model, both mediation and moderation mechanisms
were examined. Mediation analysis was used to assess whether the effects of
cultural values on the dependent variables—Behavioral Intention (BI) and
Use Behavior (UB)—were indirectly transmitted through UTAUT2 constructs.
Moderation analysis, instead, evaluated whether cultural values influenced the
strength or direction of the relationships between UTAUT2 predictors and the
outcome variables. In PLS-SEM, moderation is modeled by introducing inter-
action constructs (interaction terms) between the moderator and the relevant
predictor variables, which are then included in the structural model and eval-

10 For an in-depth overview of the PLS-SEM methodology, refer to[Hair Junior et al.| (2014
and |[Russo and Stol| (2021]).
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uated alongside the direct effects. Together, these analyses offered a nuanced
perspective on how cultural values shape fairness toolkit adoptionE

5 Analysis of the Results

The following section presents the results of the PLS-SEM analysis. For read-
ability and clarity, detailed information can be found in the online appendix
(Lambiase et al.|2026)), while the main findings are reported here.

5.1 Measurement Model Evaluation

As a first step in the evaluation of the theoretical model, it is paramount
to evaluate the reliability of the constructs of the model (Hair Junior et al.
2014; [Russo and Stol|2021)). Consequently, we analyze the indicator reliability,
internal consistency reliability, convergent validity, and discriminant validity.
This section presents the obtained results for each of the steps mentioned
above.

5.1.1 Indicator Reliability

The evaluation of the measurement model began with an assessment of indi-
cator reliability, which examines how well each questionnaire item (indicator)
reflects its associated latent construct. Outer loadings represent the strength
of the relationship between an indicator and its construct. A widely accepted
threshold is 0.708, indicating that the indicator shares more than 50% of its
variance with the construct. Indicators with loadings below 0.40 are typically
discarded, while those between 0.40 and 0.70 are subject to removal if doing so
improves the model’s internal consistency or convergent validity (Hair Junior
et al.[2014]).

All indicators associated with the UTAUT?2 constructs exceeded the rec-
ommended threshold, confirming their reliability. In contrast, a few indicators
related to the cultural values constructs did not meet the criteria—an outcome
consistent with prior studies employing cultural dimensions (Lai et al.|[2016;
Lambiase et al|/2024a). Accordingly, all indicators with loadings below 0.40
were removed, and those falling between 0.40 and 0.70 were reviewed using
the aforementioned criteria. Ultimately, five indicators were excluded from the
model: LT2, LT4, L'T5, PD3, and PD5.

11 As discussed by [Hair Junior et al.| (2014), PLS-SEM is particularly suitable for models
involving both mediation and moderation relationships within the same structural frame-
work.
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Table 3: Measurement Model Evaluation Metrics.

Construct Cronbach «a pPA Pe AVE
Performance Expectancy (PE) 0.915 0.921 0.936 0.746
Effort Expectancy (EE) 0.868 0.883 0.899  0.599
Social Influence (SI) 0.866 0.883 0.902 0.648
Hedonic Motivation (HM) 0.920 0.937 0.950 0.863
Facilitating Conditions (FC) 0.817 0.827 0.879  0.647
Habit (HB) 0.841 0.866 0.894 0.681
Behavioral Intention (BI) 0.888 0.889 0.931 0.817
Power Distance (PD) 0.563 0.561 0.775 0.536
Uncertainty Avoidance (UA) 0.801 0.816 0.861 0.554
Long-Term Orientation (LT) 0.570 0.681 0.763 0.524
Collectivism (CO) 0.822 0.830 0.869 0.526

5.1.2 Internal Consistency Reliability

The second step involved assessing internal consistency reliability to determine
whether the indicators reliably measure their respective latent constructs. We
reported three widely used metrics: Cronbach’s Alpha (o), Composite Relia-
bility (p.), and the Reliability Coefficient (pa).

As shown in Table [3] all constructs met or exceeded the commonly rec-
ommended threshold of 0.70 for Composite Reliability for each of these mea-
sures (Hair Junior et al. 2014)@ The overall results confirm an acceptable
level of internal consistency across constructs, providing a reliable foundation

for further analysis.

5.1.3 Convergent Validity

Convergent validity refers to the extent to which the indicators of a given
construct are positively correlated, reflecting a high degree of shared vari-
ance (Hair Junior et al.|[2014). As all constructs in this model were specified
using reflective measurement, a substantial level of convergence among indica-
tors was expected. The primary metric used to assess convergent validity is the
Average Variance Extracted (AVE), with values of 0.50 or higher indicating
that a construct explains more than half of the variance in its indicators.

12 As noted by |Hair Junior et al[(2014)), in PLS-SEM the recommended reliability indica-
tor is the Composite Reliability, rather than Cronbach’s Alpha. While Cronbach’s Alpha is
traditionally used in covariance-based SEM, it relies on the assumption of tau-equivalence
(i.e., that all indicators have equal loadings), which is rarely met in practice and often leads
to an underestimation of construct reliability. In contrast, Composite Reliability provides a
more accurate reliability estimate for PLS-SEM because it accounts for the different load-
ings of indicators within a construct and is therefore considered a more consistent reliability
estimator in variance-based structural equation modeling. For this reason, methodological
guidelines for PLS-SEM recommend evaluating construct reliability primarily through Com-
posite Reliability rather than relying solely on Cronbach’s Alpha.
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As reported in Table [3] all constructs exhibited AVE values exceeding the
0.50 threshold. These results confirm the presence of strong convergent validity
and support the adequacy of the measurement model.

5.1.4 Discriminant Validity

Discriminant validity assesses whether a construct is sufficiently distinct from
other constructs in the model, both conceptually and empirically. To evaluate
this, we adopted the Heterotrait-Monotrait Ratio of Correlations (HTMT), a
method introduced by Henseler et al.| (2015)), which has been shown to offer
greater reliability than earlier approaches. HI'MT values above 0.90 suggest
a lack of discriminant validity, values between 0.85 and 0.90 are considered
acceptable, and values below 0.85 indicate strong discriminant validity.

Complete HTMT results are provided in the online appendix (Lambiase
et al.|[2026)). All constructs showed HTMT values below the recommended
threshold of 0.85, with the exception of one value slightly exceeding it (0.875).
To verify the robustness of these results, a bootstrapping procedure with 10 000
subsamples was performed, using a one-tailed test at a significance level of 0.05.
The analysis confirmed that all HTMT values remained statistically below
the critical cutoffs, providing additional support for satisfactory discriminant
validity across the model.

5.2 Structural Model Evaluation

Following the evaluation of the measurement model, the structural model was
assessed to examine the relationships between constructs and validate the
hypotheses.

5.2.1 Collinearity Analysis

The initial step involved assessing collinearity between constructs to ensure
reliable path estimations. To detect potential multicollinearity, the Variance
Inflation Factor (VIF) was used, a widely accepted measure in regression
analysis. A VIF value below 3 is preferred, while values under 5 are typically
considered acceptable.

In the analysis, most of the VIF values fell below the preferred thresh-
old of 3, indicating minimal collinearity among variables. Only four values
slightly exceeded this threshold, with the highest reaching 3.989, but all re-
mained well within the acceptable upper limit of 5. These findings confirm
that multicollinearity does not pose a significant issue in the structural model.

5.2.2 Significance and Relevance

The structural model analysis was conducted to assess the significance and rel-
evance of the hypothesized relationships. Given the complexity of the research
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Table 4: Significance and Relevance of the Hypotheses. Significance levels are
denoted as follows: (.) p < 0.1, (*) p < 0.05, (**) p < 0.01, (***) p < 0.001.

ID Hypotheses Coeff. (3) T p-value
H1 PE — BI 0.429 4.958  0.000 (**%)
H2 EE — BI 0.062 0.641  0.522

H3 SI — BI -0.033 0.445 0.656

H4 HM — BI -0.08 0.981 0.327

Hba FC — BI 0.047 0.604  0.546

H5b FC — UB 0.072 1.200 0.230

H6a HB — BI 0.375 4.159  0.000 (***)
H6b HB — UB 0.426 4.852  0.000 (***)
H7 BI - UB 0.183 2.150  0.032 (*)
H8a PD — SI 0.185 2.675  0.007 (**)
H8b PD — BI -0.059 1.121  0.262

H8c PD — UB 0.152 2.159  0.031 (*)
H9a UA — BI 0.042 0.755  0.450

H9b UA —- UB -0.071 1.088 0.277
Hl0a LT — PE 0.312 5.396  0.000 (***)
H10b LT — HB 0.278 4.011  0.000 (***)
H10c LT — BI 0.103 1.568 0.117
Hlla CO — EE 0.324 4.899  0.000 (**%)
H1lb CO — SI 0.283 3.787  0.000 (***)
Hlle CO — FC 0.221 3.517  0.000 (*¥**)

model, the presentation of the results was organized as follows: first, the sig-
nificance and relevance of each direct hypothesis are examined based on path
coefficients and corresponding p-values; second, indirect effects were analyzed
in order to find potential relevant mediating effects; third, the moderating ef-
fects are discussed, with a focus on the significant interaction terms and their
effect sizes; finally, an overview of the total effects of the predictors on the
two main dependent variables—Behavioral Intention (BI) and Use Behavior
(UB)—is provided.

Significance of the Hypothesis Significance testing was performed using the
bootstrapping method with 10000 sub-samples, employing a complete ap-
proach and two-tailed test type (Hair Junior et al.|2014]). The analysis yielded
T-statistics, p-values, and the original path coefficients, which indicate the
relative strength of each relationship in the structural model. Moderation ef-
fects were assessed through the inclusion of interaction terms, enabling the
identification of conditional effects on the dependent variables.

The results (reported in Table 4i and graphically represented in Figure
2) revealed that among the UTAUT2 predictors, Performance Expectancy
(8 = 0.429, p < 0.001) and Habit (8 = 0.375, p < 0.001) had a statistically
significant and positive effect on Behavioral Intention. In contrast, Effort Ex-
pectancy, Facilitating Conditions, Social Influence, and Hedonic Motivation
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Fig. 2: Research model with results. The upper panel reports the hypotheses
in which cultural values act as antecedents of UTAUT2 constructs; the lower
panel reports those in which they act as moderators of UTAUT2 relation-
ships. Solid bold lines denote relationships that are statistically supported by
the analysis (path coefficients reported on each arrow); dashed lines denote
hypothesized relationships that were not supported. A given cultural value
can appear in both panels because the same construct is tested in both roles
(e.g., Power Distance as antecedent of SI and as moderator of SI — BI). The
two panels are shown separately only for readability; they represent a single
analysis model.

were not significant predictors of Behavioral Intention. Regarding Use Behav-
ior, both Habit (8 = 0.426, p < 0.001) and Behavioral Intention (8 = 0.183,
p = 0.032) emerged as significant positive predictors. Additionally, the cul-
tural dimension Power Distance had a weak but significant positive influence
on both Social Influence (5 = 0.185, p = 0.007) and Use Behavior (8 = 0.152,
p = 0.031). Long-Term Orientation was significantly associated with Habit
(8 =0.278, p = 0.010) and PE (8 = 0.312, p = 0.000), suggesting a key role in
shaping user engagement. Furthermore, Collectivism showed significant asso-
ciations with both Effort Expectancy (8 = 0.324, p < 0.001), Social Influence
(8 = 0.283, p < 0.001) and Facilitating Conditions (8 = 0.221, p < 0.001).
These findings indicate that, in addition to core UTAUT2 constructs, cultural
dimensions—particularly Power Distance, Long-Term Orientation, and Col-
lectivism—substantially contributed to explaining both intention and actual
use behavior.
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Table 5: Effect size (f?) of the interaction terms for moderation analysis.
Significance levels are denoted as follows: (.) p < 0.1, (*) p < 0.05, (**) p <
0.01, (***) p < 0.001. Interpretation of f? effect sizes for moderation remains
debated. Following |[Kenny and Judd| (2019), effect sizes are annotated as: (+)
small (f2 > 0.005), (++) medium (f? > 0.01), (+++) large (f? > 0.025).

ID Hypotheses f2 p-value
H8d PD x SI — BI 0.002 0.523
HS8e PD x BI - UB  0.031 (+++) 0.031 (*)
H9c UA x SI — BI 0.001 0.666
H9d UA x BI - UB 0.008 0.193
Hiod LT x PE — BI 0.028 (++) 0.114
H10e LT x BI - UB  0.003 0.467
H1lld CO x PE — BI  0.008 0.256
Hlle CO x EE — BI  0.013 0.182
H11f CO x SI — BI 0.000 0.905

Hllg CO x BI - UB 0.019 (++) 0.023 (*)

Mediation Analysis To explore potential mediation effects within the struc-
tural model, we analyzed the indirect influence of key predictors on Use Behav-
ior through Behavioral Intention (reported in Table . The results confirmed
a significant mediating role of Behavioral Intention in the relationship between
Performance Expectancy and Use Behavior, with a significant indirect effect
(8 =0.106, p < 0.001). A similar mediating effect was found for Habit, which
influenced Use Behavior both directly and indirectly via Behavioral Intention
(8 =10.093, p < 0.001). These findings highlight the central role of Behavioral
Intention as a mediating mechanism in the model, through which Performance
Expectancy and Habit exert their influence on actual Usage Behavior. No sig-
nificant mediation effects were observed for Effort Expectancy, Facilitating
Conditions, Social Influence, or Hedonic Motivation.

Moderation Analysis Regarding the moderation analysis (results reported in
Table |5)), interpretation requires an understanding of the interaction terms,
which represent moderation effects. For example, the hypothesis PD x SI
— BI refers to the moderating effect of Power Distance on the relationship
between Social Influence and Behavioral Intention, where PD x SI is the in-
teraction term. According toHair Junior et al.|(2014), in moderation analysis,
the relevance of a moderating effect should not be assessed via the path coef-
ficient but rather through the f2? effect size, which is computed as part of the
PLS-SEM algorithm. Statistical significance, instead, is evaluated via p-values
derived from the same bootstrapping procedure adopted for direct effects.
Among all tested moderating effects, only two yielded statistically signifi-
cant results. The interaction term PD x BI — UB showed a significant effect
(f2 =0.031, p = 0.031), with a large effect size according to traditional guide-
lines (f2 > 0.025). Similarly, CO x BI — UB was also significant (f? = 0.019,
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Table 6: Significance and relevance of the Total Effect of the factors on the
dependent variable. Significance levels are denoted as follows: (.) p < 0.1, (*)
p < 0.05, (**) p < 0.01, (***) p < 0.001.

Cst. UTAUT2 Antecedents Ant. + Mod.
Coeft. p-value Coeff. p-value Coeff. p-value

PE  0.465 0.000 (***) 0.443 0.000 (***) 0.421 0.000 (***)
EE 0.056 0.531 0.044 0.607 0.048 0.622
SI 0.011 0.862 -0.001 0.985 -0.019 0.801
HM -0.067 0.394 -0.058 0.452 -0.073 0.371

— FC  0.090 0.242 0.072 0.335 0.067 0.390

A HB 0.323 0.000 (***) 0.334 0.000 (***) 0.365 0.000 (***)
PD NA NA -0.071 0.124 -0.077 0.173
UA NA NA 0.034 0.519 0.042 0.449
LT NA NA 0.350 0.000 (***) 0.345 0.000 (***)
CO NA NA 0.030 0.354 0.043 0.461
PE 0.075 0.042 (*) 0.085 0.019 (*) 0.077 0.056 (.)
EE 0.009 0.570 0.008 0.631 0.009 0.672
SI 0.002 0.874 -0.000 0.986 -0.004 0.827
HM -0.011 0.439 -0.011 0.476 -0.013 0.428
FC  0.106 0.054 (.) 0.095 0.094 (.) 0.084 0.161

g HB  0.505 0.000 (***) 0.461 0.000 (*¥**) 0.492 0.000 (***)
BI 0.161 0.024 (*) 0.193 0.007 (**)  0.183 0.032 (*)
PD NA NA 0.188 0.007 (**)  0.138 0.042 (*)
UA NA NA -0.036 0.565 -0.063 0.316
LT NA NA 0.178 0.000 (***) 0.078 0.331
CO NA NA 0.024 0.149 0.100 0.175

p = 0.023), with a medium effect size (f? > 0.0l)EThese results suggest that
high levels of Power Distance strengthen the effect of Behavioral Intention on
Use Behavior, and that high levels of Collectivism enhance the relationship
between Behavioral Intention and Use Behavior.

Analysis of the Total Effect The total effect analysis was conducted to es-
timate the overall influence of each construct on the two dependent vari-
ables—Behavioral Intention (BI) and Use Behavior (UB)—taking into ac-
count both direct effects and those transmitted through mediation or mod-
eration. To enable a structured and comparative interpretation, the analysis
was conducted across three progressively extended models: the first included
only the core UTAUT?2 predictors; the second integrated additional cultural
antecedents (i.e., Power Distance (PD), Uncertainty Avoidance (UA), Long-

13 The interpretation of f2 effect sizes for moderation is still debated (Hair Junior et al.
2014). While |Cohen| (2013 proposed the classical thresholds of 0.02, 0.15, and 0.35 for
small, medium, and large effects respectively, more recent work by |[Kenny and Judd| (2019),
building on|Aguinis et al.|(2005)), suggests more realistic thresholds of 0.005, 0.01, and 0.025;
we used them in this study.
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Term Orientation (LT), and Collectivism (CO)); and the third incorporated
interaction terms to account for moderating effects. This incremental model-
ing strategy enabled the isolation of cultural influences and the evaluation of
whether these act directly on outcomes or through conditional mechanisms.

As shown in Table [} Performance Expectancy, Habit, and Long-Term
Orientation consistently exhibited a significant and positive total effect on
Behavioral Intention across all model specifications. In the most comprehensive
model (Antecedents + Moderators), Performance Expectancy (8 = 0.421, p <
0.001), Habit (8 = 0.365, p < 0.001), and Long-Term Orientation (5 = 0.345,
p < 0.001) emerged as the most influential factors on Behavioral Intention.

With respect to Use Behavior, Habit was the strongest and most consistent
predictor, yielding a total effect of 8 = 0.492 (p < 0.001) in the final compre-
hensive model. Behavioral Intention also showed a consistently significant and
positive total effect on Use Behavior (5 = 0.183, p = 0.032), confirming its
mediating role. Among the cultural variables, Power Distance had a weak but
statistically significant total effect on Use Behavior (8 = 0.138, p = 0.042),
indicating that higher levels of Power Distance may positively influence actual
usage. Performance Expectancy also approached significance in relation to Use
Behavior in the final model (8 = 0.077, p = 0.056).

Notably, Long-Term Orientation had a significant total effect on Use Be-
havior in the antecedents-only model (8 = 0.178, p < 0.001), but this effect
became non-significant when moderation terms were added. None of the inter-
action terms involving Long-Term Orientation reached statistical significance,
suggesting that Long-Term Orientation does not exert a moderating influence
on the relationships between Performance Expectancy or Behavioral Intention
and Use Behavior. The reduction in significance is therefore likely attributable
to increased model complexity rather than a lack of underlying effect. As such,
Long-Term Orientation should be interpreted as a direct antecedent of Use Be-
havior rather than a moderator.

Overall, these results confirm the central role of Performance Expectancy,
Habit, and Long-Term Orientation in shaping Behavioral Intention, and em-
phasize the importance of Habit, Performance Expectancy, and Behavioral
Intention in predicting Use Behavior. Cultural dimensions exhibited weaker
and less consistent effects, with Power Distance and Long-Term Orientation
emerging as the only cultural factors showing a significant total influence on
Use Behavior.

5.2.8 Explanatory Power

The third step of the analysis involved assessing the model’s explanatory
power, specifically its ability to account for variance in the dependent vari-
ables by quantifying the strength of the associations—i.e., how well the model
fits the data (Hair Junior et al.|2014; Russo and Stol|2021)). This was primarily
evaluated using the coefficient of determination (R?), which ranges from 0 to 1
and indicates the proportion of variance explained by the predictors. Although
there is no universally accepted threshold for what constitutes a “good” R?,
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Table 7: Effect size (f?) for hypotheses in order to assess the explanatory
power of the model with cultural values both as antecedents and moderators.
Significance levels are denoted as follows: (.) p < 0.1, (*) p < 0.05, (**)
p < 0.01, (¥**) p < 0.001. Interpretation of f2 effect sizes is different between
antecedents and for moderation. For antecedents (above the separator line),
following classical values (Cohen| |2013)), effect sizes are annotated as: (+)
small (f? > 0.02), (++) medium (f? > 0.15), (+++) large (f? > 0.35). For
moderation (below the seperator line), following Kenny and Judd| (2019), effect
sizes are annotated as: (4) small (f? > 0.005), (++) medium (f? > 0.01),
(+++) large (f> > 0.025).

ID Hypotheses 2 p-value
H1 PE — BI 0.162 (++) 0.000 (***)
H2 EE — BI 0.002 0.522

H3 SI — BI 0.000 0.656

H4 HM — BI 0.007 0.327

H5a  FC — BI 0.005 0.546

H5b FC — UB 0.006 0.230

H6a  HB — BI 0.114 (+) 0.000 (***)
H6b  HB — UB 0.127 (+) 0.000 (***)
H7 BI — UB 0.025 (+) 0.032 (*)
H8a  PD — SI 0.036 (+) 0.007 (**)
H8b  PD — BI 0.012 0.262

H8c PD — UB 0.038 (+) 0.031 (*)
H9a  UA — BI 0.003 0.450

H9b UA — UB 0.007 0.277
H10a LT — PE 0.108 (+) 0.000 (***)
Hi0b LT — HB 0.084 (+) 0.000 (***)
H10c LT — BI 0.024 (+) 0.117
Hlla CO — EE 0.118 (+) 0.000 (***)
Hilb CO — SI 0.085 (+) 0.000 (***)
Hlle CO — FC 0.051 (+) 0.000 (***)
H8  PD x SI— BI  0.002 0.523

H8¢ PD x BI — UB  0.031 (+++) 0.031 (*)
H9¢  UA x SI— BI  0.001 0.666

H9d UA x BI — UB  0.008 (+) 0.193
H10d LT x PE — BI  0.028 (++) 0.114
H10e LT x BI— UB  0.003 0.467
Hild CO x PE — BI  0.008 (+) 0.256
Hlle CO x EE — BI  0.013 (++) 0.182

H11f CO x SI— BI  0.000 0.905

Hllg CO x BI - UB 0.019 (++) 0.023 (*)

values of 0.10 are often considered minimally acceptable, while values above
0.19 are commonly seen as indicative of moderate explanatory power (Chin
et al.[[1998; Hair Junior et al.|[2014; |[Raithel et al.|[2012).
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The model that includes only the UTAUT2 constructs yielded an R? of
0.632 for Behavioral Intention and 0.467 for Use Behavior. A similar level of ex-
planatory power was observed in the most comprehensive model—integrating
both cultural antecedents and interaction terms—which reported the same
R? values for Behavioral Intention (0.632) and Use Behavior (0.467). The
intermediate model, incorporating only cultural antecedents without interac-
tion terms, resulted in an R? of 0.629 for Behavioral Intention and 0.428 for
Use Behavior. These results indicate that the proposed models are capable
of explaining approximately 63% of the variance in Behavioral Intention and
between 43% and 47% of the variance in actual use behavior. All values fall
within acceptable thresholds and suggest robust explanatory power. Moreover,
as none of the R? values approach 0.90, concerns related to model overfitting
can be reasonably dismissed.

Following the assessment of the R?, the f2? effect size was analyzed to
evaluate the relative contribution of each construct to the variance explained
in the dependent variables. The f? metric measures the change in R? when a
given predictor is omitted from the model, thereby indicating the individual
impact of that construct|™]

Table [7] reports all the f2? values for the structural paths considered, in-
cluding interaction terms, which were already analyzed in the context of mod-
eration effects (Table [5)).

Among the UTAUT?2 constructs, Performance Expectancy (f? = 0.162 for
Behavioral Intention) and Habit (f? = 0.114 for Behavioral Intention, f? =
0.127 for Use Behavior) had the largest effect sizes, confirming their substan-
tial role in shaping both Behavioral Intention and Use Behavior. Behavioral
Intention also had a meaningful effect size on Use Behavior (f2 = 0.025), just
above the small-effect threshold. Facilitating Conditions exhibited marginal
contributions (f? = 0.005-0.006), and the effect sizes of Effort Expectancy,
Social Influence, and Hedonic Motivation were negligible, aligning with their
non-significant path coefficients.

Among the cultural constructs, Long-Term Orientation and Collectivism
demonstrated the strongest effects. Long-Term Orientation showed a meaning-
ful impact on Performance Expectancy (f? = 0.108) and Habit (f? = 0.084),
indicating that individuals with a future-oriented mindset are more likely to
perceive the technology as beneficial and to integrate it into their routines over
time. Furthermore, Collectivism had a medium effect on Effort Expectancy
(f? = 0.118), and smaller but relevant effects on Social Influence (f? = 0.085)
and Facilitating Conditions (f? = 0.051). These results suggest that collec-
tivist values enhance the perception that the technology is easy to use, socially
endorsed, and well-supported by the surrounding environment. Power Distance
also showed small yet significant effects on Social Influence (f? = 0.036) and
Use Behavior (f? = 0.038), underscoring the role of hierarchical structures in
shaping perceived social norms and actual usage patterns.

1 |Hair Junior et al.| (2014) noted that f2 values are to some extent redundant when path
coefficients are reported, yet they remain valuable when discussing model explanatory power
and for moderators evaluation in general.
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Table 8: Predictive power of the model.

. PLS-SEM Benchmark
Indicator
Q2 RMSE MAE RMSE MAE
BI1 0.090 1.049 0.800 1.005 0.791
BI2 0.008 1.441 1.114 1.279 0.981
BI3 0.029 1.268 0.959 1.257 0.981
UB1 0.081 1.309 1.036 1.223 0.970

In summary, the f? analysis reinforces the central importance of Perfor-
mance Expectancy, Habit, and Long-Term Orientation, while highlighting the
indirect but relevant role of cultural variables such as Power Distance and
Collectivism in shaping user perceptions and behavior. The findings also un-
derscore the importance of including moderating effects, particularly those
involving cultural dimensions, as they help capture contextual variations in
the strength of adoption mechanisms. Specifically, both Power Distance and
Collectivism significantly moderate the impact of Behavioral Intention on Use
Behavior, indicating that cultural traits not only affect antecedents but also
influence the translation of intention into actual behavior. These results sup-
port the integration of both direct and moderating cultural factors in models of
technology adoption, offering a more nuanced understanding of user behavior
across diverse cultural settings.

5.2.4 Predictive Power

To evaluate the model’s applicability for managerial decision-making, its out-
of-sample predictive power was assessed—i.e., its ability to generalize beyond
the data used in the estimation process. This was achieved using the PLSp cdict
procedure (Shmueli et al.|2016)), which involves partitioning the dataset into
training and holdout subsets. The assessment relied on several metrics, includ-
ing Stone-Geisser’s Q? statistic, mean absolute error (MAE), and root mean
square error (RMSE). These were evaluated against a benchmark model, as
recommended by [Shmueli et al.| (2016}, 2019), which uses results from a linear
regression model (LM) for comparison.

Positive Q2 values indicate that the prediction error of the PLS-SEM model
is lower than that of the benchmark, while smaller MAE and RMSE values
also reflect stronger predictive performance. Table [§summarizes the predictive
metrics for the dependent variables. All Q? values are positive and exceed
those of the benchmark model, indicating meaningful predictive relevance.
Although the RMSE and MAE values are largely comparable between the
models, the PLS-SEM approach demonstrates satisfactory predictive accuracy
overall, supporting its utility for practical, data-driven decision-making.



38 Stefano Lambiase et al.

[l Summary of the Results.

The analysis confirmed that the measurement model satisfied key validity
and reliability criteria. In the structural model, Performance Expectancy
and Habit were the strongest predictors of Behavioral Intention and Use
Behavior. Cultural values—especially Long-Term Orientation, Power Dis-
tance, and Collectivism—showed significant but often indirect effects, in-
fluencing intermediate constructs or acting as moderators. Notably, Power
Distance and Collectivism significantly enhanced the effect of Behavioral
Intention on Use Behavior. The explanatory power of the model was ro-
bust (R? = 0.632 for intention; R? = 0.467 for use), and its predictive
accuracy was supported by positive Q2 values. These findings suggest that
both traditional adoption constructs and individual-level cultural values
play an important role in fairness technology adoption, offering theoretical
and practical insights into socio-technical dynamics in software develop-
ment.

6 Discussion and Implications

This section discusses our findings in light of the theoretical model and empiri-
cal results presented in Section[5] providing implications for both practitioners
(indicated using the 2 symbol) and researchers (using the @ symbol).

As a preliminary remark, it is important to highlight that the structural
model demonstrated good predictive power, as shown in Section [5.2] with
relevant path coefficients and statistically significant total effects on both Be-
havioral Intention and Use Behavior. This result indicates that the model
can serve as a valuable analytical tool to support decision-making processes
regarding the integration of fairness toolkits into software development work-
flows. It also provides a robust foundation for the practical implications that
are discussed in the remainder of this section.

6.1 Technology Adoption Factors

Turning to the UTAUT2 constructs, the results (see Table @ are—as ex-
pected—Iargely consistent with our previous study on the adoption of fairness
toolkits (Voria et al[2025a). In line with that work, Performance Expectancy
and Habit emerged as the strongest predictors of both intention and actual
use, highlighting the central role of perceived utility and routine integration
in shaping adoption behavior.

Our results suggest that fairness-toolkit adoption differs from traditional
technology adoption contexts in that it is less driven by usability- or context-
related factors and more by perceived impact and internalized motivations.
Indeed, the significance of Performance Expectancy and Habit indicates that
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practitioners are primarily motivated by the effectiveness of fairness toolk-
its in mitigating bias and by their integration into established development
workflows. Unlike many end-user-oriented technologies, fairness toolkits are
typically used by experienced practitioners within complex development en-
vironments, where tools are more likely to be selected based on their ability
to produce meaningful improvements and to fit within established pipelines
(Deng et al.|2022; [Holstein et al.[[2019)). In this context, effectiveness and work-
flow compatibility become the primary drivers of adoption: practitioners may
be willing to engage with tools that require additional effort if they provide
tangible benefits, and repeated integration into development activities natu-
rally fosters habitual use.

Conversely, the non-significance of Effort Expectancy suggests that ease
of use is not a primary determinant in this setting, likely due to the profes-
sional profile of participants, who are experienced practitioners accustomed
to interacting with complex tools and development environments. Similarly,
the lack of significance of Social Influence and Facilitating Conditions indi-
cates that fairness-tool adoption is not yet strongly shaped by organizational
norms or infrastructural support. This is likely due to the still-emerging na-
ture of fairness practices within software engineering, where formal processes,
guidelines, and shared standards are not yet consistently established across
organizations (Ferrara et al.|2024Db)). As a result, practitioners may not ex-
perience strong normative pressure from peers or management, nor rely on
well-defined supporting infrastructures, leading to a more individual and self-
driven adoption process. Finally, the non-significance of Hedonic Motivation
reinforces the utilitarian and responsibility-driven nature of fairness toolkits,
where adoption is driven by perceived necessity and impact rather than by
experiential or affective factors.

To sum up, these findings suggest that fairness-toolkit adoption is charac-
terized by a shift from traditional technology acceptance mechanisms toward
a more impact- and value-driven process, where adoption decisions are less in-
fluenced by usability, social, or experiential factors, and more by the perceived
effectiveness of the tool and its alignment with professional responsibilities and
development practices. Within this landscape, cultural values play a distinctive
role, which is discussed in the following section.

@ From a research perspective, these findings highlight the need for fu-
ture investigations to explore alternative or complementary theoretical
lenses—such as the Diffusion of Innovation (Dol) theory (Rogers|[2003) or
the Technology Acceptance Model (TAM) (Davis et al.[[1989)—to achieve
a more nuanced understanding of the cognitive, social, and contextual
mechanisms that shape fairness toolkit adoption.
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6.2 The Role of Cultural Values on Fairness Toolkits Adoption

The model exhibited strong explanatory power, with high R? values for both
Behavioral Intention (BI) and Use Behavior (UB). Notably, the inclusion of
cultural values—both as antecedents and as moderators—led to a consistent
increase in R? across both dependent variables, reinforcing the conclusion that
cultural dimensions contribute meaningfully to the overall explanatory capa-
bility of the model. These findings underscore the importance of considering
individual-level cultural factors when modeling technology adoption in socio-
technical domains.

In terms of statistical significance and actual contribution, the role of cul-
tural constructs proves both complex and theoretically rich. Three out of the
four cultural dimensions examined—Power Distance, Long-Term Orientation,
and Collectivism—exhibited statistically significant effects in the structural
model. These effects were not limited to direct influences on Behavioral Inten-
tion or use behavior, but also included mediation pathways and moderation
interactions, thus revealing a multifaceted relationship between culture and
fairness technology adoption.

? Managers should consider administering validated cultural value ques-
tionnaires to monitor individual orientations and use this information to
inform task delegation and team composition. Doing so may enable more
culturally aligned decision-making processes, improving both the likeli-
hood of fairness toolkit adoption and the overall effectiveness of fairness-
oriented practices.

@ Researchers should explore the influence of software developers’ indi-
vidual cultural values on various aspects of fairness, beyond just fairness
toolkits, to enrich the body of knowledge and support better decision-
making.

6.2.1 On the Role of Power Distance

Power Distance (PD) emerged as a significant factor both as an antecedent and
as a moderator. As an antecedent, PD positively influenced Social Influence
(SI) and Use Behavior (UB), albeit with small effect sizes. As a moderator, it
significantly strengthened the relationship between Behavioral Intention (BI)
and Use Behavior (UB), with a large effect size. These findings are aligned
with prior research on the adoption of other technologies and suggest that
individuals with higher levels of PD—those who value hierarchical structures
and are more inclined to follow authority—are more likely to perceive strong
normative pressures from peers and team leaders to adopt fairness toolkits.
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However, this perceived social influence does not directly translate into in-
creased adoption behavior, which explains the non-significance of PD in the
total effect analysis.

> Although not directly supporting Behavioral Intention or use, the per-
ception of strong social expectations related to fairness may nonetheless
contribute to broader awareness. Thus, fostering a culture where fairness
is publicly recognized as a collective concern may help disseminate knowl-
edge and encourage dialogue about fairness toolkits among practitioners.

Moreover, the strong and significant moderation effect of PD highlights
its role in shaping how behavioral intention translates into actual use, sug-
gesting that individuals with stronger hierarchical orientations may be more
responsive to formal adoption initiatives or leadership-driven mandates. In this
sense, PD appears to play a meaningful role in facilitating the enactment of
fairness-related practices within software development teams. While the direct
relationship between PD and BI is positive but not statistically significant in
the final model—and therefore cannot be interpreted as conclusive evidence—
it may still provide some contextual indication that aligns with this broader
pattern, pointing to a potential tendency that could be further explored in
future work.

7 Despite the lack of a significant direct effect on BI, PD may still
play a role in supporting fairness toolkit adoption through its moderat-
ing influence on the relationship between intention and actual use. This
suggests PD as a contextual factor shaping how individuals respond to
organizational expectations, though further research is needed to better
understand these effects.

6.2.2 On the Role of Uncertainty Avoidance

Our results did not identify any statistically significant effects for Uncertainty
Avoidance (UA), neither as an antecedent nor as a moderator. This outcome
suggests that UA may not play a substantial role in the adoption of fair-
ness toolkits. A possible explanation lies in the nature of these technologies:
while fairness toolkits are relatively novel and situated within an emerging
socio-technical context, they are not inherently associated with high levels of
perceived risk or ambiguity. Therefore, individuals high in UA may not view
their adoption as threatening or disruptive, which could explain the lack of
influence. Nevertheless, the absence of statistical significance should not be
overinterpreted and does not imply that UA is irrelevant in all related con-
texts.
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Q Further empirical investigations are needed to assess the role of UA
more conclusively, particularly in different stages of adoption or in more
dynamic and uncertain organizational settings.

6.2.3 On the Role of Long-Term Orientation

Similar to Power Distance, Long-Term Orientation (LT) yielded noteworthy
results, with two out of three hypothesized antecedent relationships found to be
statistically significant, each with small effect sizes. Specifically, LT positively
influenced both Performance Expectancy (PE) and Habit (HB), suggesting
that individuals who tend to invest in long-term goals perceive fairness toolk-
its as valuable assets capable of contributing to future-oriented outcomes. This
interpretation is further supported by the total effect analysis, where LT ex-
hibited a significant indirect influence on Behavioral Intention (BI), mediated
through PE and HB.

Regarding moderation effects, LT did not exhibit any significant moderat-
ing roles within the model. This absence indicates that the influence of LT is
likely expressed through direct pathways rather than by altering the strength
of other relationships. Such a configuration may also explain the limited influ-
ence of LT on Use Behavior (UB), as indirect effects tend to attenuate across
multiple mediating steps.

? Managers should consider assigning fairness-related tasks to individu-
als with high levels of LT, as they are more likely to recognize the strategic
value of fairness toolkits and are more inclined to integrate their use into
habitual practices.

@ Future research could explore the temporal dimension of fairness toolkit
adoption more explicitly, for instance by assessing whether Long-Term
Orientation correlates with sustained usage over time, institutionalization
of fairness practices, or integration into organizational routines.

6.2.4 On the Role of Collectivism

Collectivism (CO) emerged as the most influential cultural variable in our
model, with all three antecedent relationships found to be statistically sig-
nificant, each exhibiting a small effect size, and one significant moderating
effect with a medium effect size. Specifically, CO positively influenced Social
Influence (SI), Effort Expectancy (EE), and Facilitating Conditions (FC). The
effect on SI confirms that collectivist individuals tend to attribute greater im-
portance to peer encouragement and support, which aligns with the broader
notion that fairness is a value more salient to those with strong group-oriented
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orientations. Regarding EE and FC, the significant relationships—when con-
sidered alongside the effect on SI—suggest that fairness toolkits are increas-
ingly seen as supported and collaborative tools. As a result, collectivist in-
dividuals may perceive them as less cognitively or logistically demanding to
adopt.

As a moderator, CO significantly strengthened the relationship between
Behavioral Intention (BI) and Use Behavior (UB), aligning it with Power Dis-
tance (PD) as one of the only two cultural values exhibiting significant moder-
ation effects. This result further reinforces the interpretation that Collectivism
is a distinguishing trait of individuals who are more inclined to promote and
implement fairness-oriented practices within software development teams.

However, when examining the total effects on the two main dependent
variables (BI and UB), CO did not demonstrate any statistically significant
influence. This outcome can be explained by the fact that none of the UTAUT?2
constructs directly influenced by CO—mnamely, SI, EE, and FC—were them-
selves significant predictors of BI or UB.

7 Despite the lack of direct influence on BI and UB, practitioners can
still derive value from identifying individuals with high CO orientations.
Given CO’s consistent positive influence on several intermediate variables,
we recommend prioritizing such individuals for fairness-related initiatives
within development teams.

@ Further studies should delve into the group dynamics of fairness tech-
nology adoption in collectivist environments, potentially through team-
level analyses or ethnographic studies. Understanding how group cohe-
sion, consensus-building, and peer reinforcement shape adoption processes
could enrich current models.

6.2.5 A Broader View on the Role of Cultural Values

Our results indicate that cultural values in fairness toolkit adoption do not
primarily act as direct drivers of Behavioral Intention. Instead, they shape
the pathways through which adoption is enacted in practice. While traditional
adoption models assume that individual perceptions directly translate into
intention, our findings suggest that intention is mainly driven by instrumental
considerations (e.g., Performance Expectancy and Habit), whereas cultural
values operate at a different level.

These findings can be more clearly interpreted when situated within the
emerging body of work that conceptualizes fairness in software engineering
as a socio-technical phenomenon rather than a purely technical property of
ML models. Prior studies have shown that fairness-related concerns arise not
only from algorithmic choices, but also from the interaction among team roles,
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development processes, and organizational priorities (Ferrara et al.[2024b; |Hol-
stein et al.[2019). Our results are consistent with this perspective: the effects
of Power Distance (PD) and Collectivism (CO) on Social Influence, Effort Ex-
pectancy, Facilitating Conditions, and on the BI — UB relationship suggest
that fairness-tool adoption is influenced by how practitioners position them-
selves within team structures, authority relations, and collaborative norms
(Ferrara et al|/2024b; [de Souza Santos et al.[|2024). This helps explain why
these cultural dimensions do not significantly increase Behavioral Intention
directly: fairness adoption decisions appear to be primarily motivated by per-
ceived effectiveness rather than by social or cultural alignment.

Importantly, our study extends the existing socio-technical fairness liter-
ature in a distinctive way. While prior research has mainly focused on ex-
ternal factors such as team dynamics, organizational barriers, or workflow
constraints, our results show that these mechanisms should also be exam-
ined through the lens of individual cultural value orientations. In other words,
the same team or organizational setting may be interpreted and enacted dif-
ferently depending on practitioners’ cultural dispositions. For example, indi-
viduals with higher Power Distance (PD) may be more likely to translate
fairness-related intentions into concrete use when such practices are perceived
as aligned with hierarchical expectations, whereas more collectivistic individ-
uals may enact fairness practices more readily when they are embedded in
shared team goals. This provides a complementary explanation to prior work:
fairness adoption is shaped not only by the structure of the team, but also by
how practitioners culturally interpret and respond to that structure.

Long-Term Orientation (LT), in contrast, operates through a more instru-
mental pathway, influencing Performance Expectancy (PE) and Habit (HB),
and thus indirectly supporting adoption. Future-oriented individuals may per-
ceive fairness toolkits as long-term investments contributing to sustainable
software quality (De Martino et al.|2025). Uncertainty Avoidance (UA) shows
limited relevance, suggesting that fairness tool adoption is not strongly per-
ceived as a risk-related or uncertainty-driven decision.

From a generalizability standpoint, these results should not be interpreted
as universally fixed effects of culture, but rather as mechanisms whose mani-
festation likely depends on the maturity of fairness practices within a given or-
ganization. In organizations where fairness is already institutionalized through
clear processes and formal tool support, cultural effects may interact differ-
ently with social and organizational determinants. In less mature contexts,
where fairness remains discretionary and weakly formalized, individual cul-
tural orientations may play a stronger role in determining whether intentions
are translated into actual use.

B A Broader View.

Taken together, our findings indicate that cultural values primarily act
as socio-technical conditioners of adoption behavior, rather than as di-
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rect motivators of intention. The novelty of our study lies in bridging
team-level and individual-level perspectives: rather than treating team
dynamics and individual values as separate explanations, we show that
cultural values partly explain how practitioners perceive team norms, au-
thority structures, and collaborative support when engaging with fairness
toolkits. This extends prior socio-technical fairness research by adding
an individual-level cultural mechanism as a previously underexplored ex-
planatory layer.

6.3 Limitations and Threats to Validity

As outlined earlier, this study relied primarily on quantitative data supported
by statistical analyses. In line with standard guidelines for empirical SE, we
address potential threats to validity by considering four key dimensions de-
fined by Wohlin et al.| (2012): statistical conclusion validity, internal validity,
construct validity, and external validity. Additionally, given the involvement of
human participants, we also examine the reliability of responses as a separate
concern.

6.3.1 Conclusion Validity

Conclusion validity concerns the extent to which the identified relationships
between independent and dependent variables are statistically reliable (Wohlin
et al.[2012). Threats in this domain are primarily associated with the appro-
priateness and rigor of the statistical techniques employed. This study applied
Partial Least Squares Structural Equation Modeling (PLS-SEM), a method
recognized for its robustness across various research contexts. Methodological
rigor was maintained by strictly following the established guidelines of Hair Ju-
nior et al.| (2014)), and analyses were conducted using SmartPLS, a tool widely
adopted in empirical studies and cited in over 1000 peer-reviewed publications,
thereby enhancing the credibility and reproducibility of the findings.

Q Future work could replicate this model using alternative statistical tech-
niques, such as Covariance-Based SEM or Bayesian approaches, to com-
pare stability and robustness across different analytical paradigms. Such
triangulation would enhance the reliability of fairness toolkit adoption
research.

6.3.2 Internal Validity

Internal validity refers to the degree to which observed effects can be attributed
to the modeled constructs rather than to confounding variables (Wohlin et al.
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2012). To address this concern, the study was grounded in theoretically val-
idated frameworks from the technology adoption literature. In addition, par-
ticipant selection was governed by rigorous inclusion criteria to ensure that
the sample accurately represented the intended population—namely, software
practitioners with experience in using fairness toolkits—while also maintaining
sufficient heterogeneity to reflect realistic variation across individuals.

Q@ To further address internal validity, future research should consider
longitudinal designs or experimental manipulations to better infer causal
pathways between cultural values, adoption constructs, and fairness-related
behaviors.

6.3.3 Construct Validity

Construct validity deals with the degree to which the study accurately mea-
sures the theoretical constructs of interest (Wohlin et al.|2012)). To ensure high
construct validity, all latent variables were operationalized using established
and validated measurement instruments drawn from prior research (Venkatesh
et al|[2012; [Yoo et al.||2011)). The questionnaire followed state-of-the-art sur-
vey design practices, including randomized question ordering and attention-
check mechanisms to minimize response bias and increase internal consis-
tency (Danilova et al.[|2021}; |Kitchenham and Pfleeger|2008} Ralph et al.|2020).
Furthermore, established tools and recruitment strategies were adopted to
strengthen the quality of measurement and respondent engagement (Alami
et al.|[2024; Douglas et al.|[2023; |[Eyal et al.|2021}; [Russo|[2022]).

Q Future studies should explore the development of domain-specific mea-
surement instruments for fairness technology adoption, including reflec-
tive and formative indicators tailored to socio-technical contexts. Quali-
tative pre-studies or cognitive interviews could help refine construct def-
initions.

6.3.4 External Validity

External validity refers to the extent to which the study’s results are gener-
alizable beyond the sampled participants (Wohlin et al.[[2012)). To enhance
generalizability, participants were recruited through Prolific using stringent
pre-screening filters, ensuring alignment with the study’s target population.
Additionally, sample size requirements were calculated using G*Power (Faul
et al.[2009), ensuring sufficient statistical power to detect meaningful effects.
Nevertheless, generalizability remains a known challenge, particularly in fast-
evolving domains such as software development and Al adoption. As technolo-
gies and practices evolve, replication in future contexts will be necessary to
validate the stability of these findings over time.
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@ Future research could test the generalizability of these findings across in-
dustries, cultural regions, and software domains, using stratified sampling
and cross-country comparative designs to better understand context-specific
adoption dynamics.

A second potential concern relates to the partial overlap between the par-
ticipant pool used in this study and that of a previous, related study (Voria
et al.[2025a)). In principle, repeated participation in studies examining the same
constructs could raise questions about sensitization effects—whereby prior ex-
posure influences subsequent responses—or about the limited generalizability
of findings derived from a narrow, recurring sample. However, in the present
study this concern is mitigated by the fact that all data were collected at a sin-
gle point in time, with no longitudinal re-measurement of the same constructs.
As such, the design does not entail the temporal dependencies characteristic
of a panel study, and systematic response biases attributable to prior partici-
pation are unlikely.

6.3.5 Participant Reliability

Participant reliability was carefully considered given its critical role in ensur-
ing data quality in survey-based research. To mitigate the risks associated
with inattentive or unqualified respondents, multiple quality control measures
were employed. Recruitment was conducted via Prolific, applying filters such
as a 100% prior approval rate in past studies to select highly reliable par-
ticipants (Douglas et al.||[2023; [Eyal et al.|[2021). A pre-screening survey was
used to verify participants’ professional background and experience with LLMs
in software development. In addition, validated programming knowledge ques-
tions (Danilova et al.[2021)) were included to ensure a baseline level of technical
competence. Attention-check items were embedded within the survey to detect
inattentive behavior, and responses failing these checks were excluded from the
analysis. Finally, an iterative pilot study was conducted to validate the clar-
ity, duration, and structure of the instrument (Kitchenham and Pfleeger|2008)),
ensuring the reliability of data collection procedures.

@ Further research should assess the influence of participant reliability on
adoption modeling outcomes by comparing results across platforms (e.g.,
Prolific, MTurk, industry partners) and by analyzing behavioral traces or
triangulated data.

7 Conclusion

This study revealed that both technological and cultural factors shape the
adoption of fairness toolkits in software development. Performance expectancy
and Habit emerged as the most significant predictors of practitioners’ intention
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to adopt such tools, while Habit and Behavioral Intention were key determi-
nants of actual use. Among cultural values, Long-Term Orientation and Power
Distance showed direct positive effects on adoption, whereas Collectivism mod-
erated the relationship between Behavioral Intention and use behavior. These
results suggest that developers’ cultural orientations play a significant role in
the uptake of fairness-focused practices.

The implications are twofold. For practitioners, assessing individual cul-
tural predispositions can inform the composition of development teams to
foster fairness-oriented behaviors. For researchers, the findings open pathways
for further investigation into the interplay between cultural traits and ethical
software practices, expanding the socio-technical lens in fairness research.

The contributions of this work to the SE field include:

— The first empirical integration of individual-level cultural values into a
model of fairness toolkit adoption.

— A validated structural model that explains how cultural and technological
factors jointly influence fairness practices.

— Practical recommendations for fairness-aware team composition and tool
adoption strategies.

— Methodological guidance for future studies examining cultural factors in
SE technology adoption.

These contributions advance the understanding of how fairness-related
tools can be more effectively integrated into development workflows by ac-
counting for the socio-cultural context in which developers operate.
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