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PROJECT OVERVIEW

Al4Work investigates practical methods and tools for optimal sharing of work between humans
and Al/robots. Due to the high level of uncertainty in modern organisations, an appropriate bal-
ance between human and machine activities must be found. To cope with the required flexibility
and dynamics, Sliding Work Sharing (SWS), where this balance varies during the operation, de-
pending on the situational context, machine-based confidence levels and human interactions, is
likely to be the most appropriate for modern organisations.

The vision of AI4Work is to improve communication and collaboration between humans, Al and
robots, allowing for an improvement of the working conditions within different processes in or-
ganisations in several domains in terms of increased efficiency of work, reduction in stress upon
employees, increased confidence in decision-making processes, etc.

The key challenge of AI4Work is to develop a set of common methods and tools (methodological
framework, digital twin service platform, software building blocks for SWS) that can be applied
in diverse sectors and with different Al/robotics services. The project is driven by six pilots in
different sectors: logistics, manufacturing industry, construction, healthcare, education, and ag-
riculture.

EXECUTIVE SUMMARY

This document, the AI4Work project’s Body of Knowledge (BoK) (Initial version), has been de-
veloped as a primary guide to improving the work environment through human-centric AI and
robotic systems. It aims to provide a comprehensive theoretical and practical framework for the
design, implementation, and evaluation of solutions developed under AI4Work. The document
integrates the results of collaborative research conducted in the project’s six pilot areas (health,
education, logistics, manufacturing, construction, and agriculture), co-creative workshops with
stakeholders, and literature reviews. This BoK is based on input from stakeholders gathered
through collaborative workshops, where participants highlighted the challenges, needs, and ex-
pectations they face when using Al. Thematic analysis of the outcomes of these workshops has
led to the development of design guidelines for explainable AI (XAI), which address key aspects
such as transparency of Al decision-making, contextual relevance, and ethical considerations. The
second main part of the document focuses on literature reviews on user acceptance and adoption
factors, highlighting barriers to Al integration such as lack of technological infrastructure, organ-
izational resistance, and behavioural concerns. Furthermore, the document also highlights the
most important enabling factors for the successful deployment of Al solutions, such as user-cen-
tred design, data privacy, and leadership support.

30.06.2025 Version 1.0 Page VIII
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1 Introduction

1.1 Purpose and Scope of the BoK

This document, D2.1 Body of Knowledge — Initial Version, serves as a foundational framework
for integrating insights, methodologies, and design principles developed within the AI4Work
project. This is the Initial version of the Body of Knowledge (BoK) and will be updated when new
knowledge comes to light through the implementation of these within pilots (the result will be
documented in D2.2 Body of Knowledge — Final Version, due M36). The main objective is to
strengthen the concept of Sliding Work Sharing (SWS), focusing on improving working condi-
tions through reliable AI and robotics from a human-centric perspective. This BoK combines
knowledge gained from interdisciplinary research, co-creative workshops (in deliverable D1.1
(AI4Work Consortium, 2024)), and thematic analysis, with a special emphasis on Explainable Al
(XAI) and factors influencing user acceptance. The scope of this document covers several aspects,
including:

e Design Guidelines for Explainable Al, developed through co-creative workshops with
stakeholders from six different sectors (health, education, logistics, manufacturing, con-
struction, and agriculture), which address transparency, contextual relevance, and ethical
concerns in Al systems;

e Sociotechnical evaluation criteria, which are based on criteria and methodologies for eval-
uating Al solutions in different organizational contexts; and

e User acceptance strategies, which describe a typology of barriers, enablers, and influenc-
ers in integrating Al into workflows.

1.2 Overview

This document provides a comprehensive overview of the main themes of AI4Work, structured
to guide readers through the project’s theoretical foundations, practical methodologies, and eval-
uation frameworks. Key sections include Explainability of Al, which presents principles for trans-
parent Al decision-making through sector-specific case studies. Another key section is User ac-
ceptance and adoption factors, which analyses technological, organizational, and behavioural
factors influencing the integration of Al. The Evaluation roadmap outlines the methodology for
validating Al solutions in pilot domains. This BoK serves as a bridge between academic research
and practical implementation, with an emphasis on iterative co-creation and stakeholder engage-
ment.

1.3 Relationship with Other Deliverables

This BoK (D2.1) is directly linked to deliverable D1.1 Pilots Requirements Analysis & Update of
SOTA (AI4Work Consortium, 2024), which documented the collaborative workshops used to
gather stakeholder needs. The design guidelines in Section 2.2 of this document are derived from
thematic analysis of the workshop outputs, ensuring alignment with end-user needs and sector-
specific challenges. In addition, the BoK provides the basis for upcoming deliverables, such as
D3.1 Early Prototype of Al/robotics modules (due M18), D5.3-8 Pilots” Early Prototypes (due
M18), D5.9-14 Pilots” Full Prototypes (due M36), D6.2 Interim Pilots Evaluation (due M24) and
D6.3 Final Pilots Evaluation (due M36).

30.06.2025 Version 1.0 Page 1
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All ethical considerations in the BoK are based on and complementary to the Al4Work Ethical
deliverables, D2.5 Ethics Requirements. D9.1 POPD — Requirements No. 1, D9.2 H — Requirement
No. 2, D9.3 POPD — Requirement No. 3, D9.4 Al — Requirement No. 4, D9.5 POPD — Requirement
No. 5, D9.6 NEC — Requirement No. 6.

1.4 Structure of the Deliverable

The rest of this document is organized as follows. Section 2 describes Explainable AI (XAI), pre-
senting design guidelines developed through collaborative creative workshops and thematic
analysis. Subsections include topics such as transparency, contextual validity, personalization,
and ethical considerations. Section 3 provides an analysis of factors influencing user acceptance,
such as data quality, barriers such as organizational resistance, and enabling factors such as trust-
building and leadership support. A typology divides these factors into technological, organiza-
tional, environmental, and behavioural categories.

30.06.2025 Version 1.0 Page 2
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2 Explainability of AI for Different Contexts

21 Introduction to Explainable AI (XAI)

Explainable AI (XAl) is a field of research focused on making the decision-making processes of
Al systems transparent and understandable to humans. This is particularly important as Al sys-
tems become more complex and are used in critical applications such as healthcare, finance, and
autonomous systems. The primary goal of XAl is to enhance trust and usability by providing
insights into how Al models arrive at their decisions, which is crucial for ensuring safety, fairness,
and regulatory compliance (Abgrall et al., 2024; Kruse & Schoning, 2025; Longo et al., 2024). In
healthcare, for instance, XAl is used to improve the transparency of deep learning models in di-
agnostic systems, such as those used in chest radiography and ocular disease prediction, by em-
ploying techniques like Grad-CAM and LIME to generate visual explanations that elucidate Al
decision-making processes (Abbas et al., 2024; Ihongbe et al., 2024). These explanations help med-
ical professionals understand and trust AI recommendations, although challenges remain in
terms of clinical usability and awareness (Ihongbe et al., 2024). The rise of generative Al (GenAlI)
has further increased the demand for XAl, as the complexity of generated solutions necessitates
new criteria for explanations, such as verifiability and interactivity (Schneider, 2024). Despite its
benefits, XAl faces challenges, including balancing model performance with explainability and
standardizing assessments across different domains (Abgrall et al., 2024; European Parliamentary
Research Service, 2023; Longo et al., 2024). Research in XAI continues to evolve, with interdisci-
plinary efforts aimed at addressing these challenges and developing comprehensive frameworks
for various applications, such as brain-computer interfaces and text classification, where the need
for tailored explanations is critical (Ahmed et al., 2025; Cesarini et al., 2024; Rajpura et al., 2024).

Explainable Al faces several challenges that hinder its widespread adoption and effectiveness
across various domains. One of the primary challenges is the complexity and opacity of deep
learning models, which makes it difficult to provide transparent and interpretable explanations,
especially in high-stakes areas like healthcare and finance (Huang et al., 2024; Sabharwal et al.,
2024). The lack of standardized best practices and systematic evaluation benchmarks further com-
plicates the development of universally applicable XAI methods (Huang et al., 2024). Addition-
ally, the instability and unreliability of feature importance explanations, often due to poorly cal-
ibrated models, pose significant hurdles in achieving consistent and trustworthy explanations
(Lofstrom et al., 2024). The integration of XAI with evolutionary computation (EC) offers poten-
tial, yet the challenge remains in effectively leveraging EC to enhance the explainability of Al
systems (Zhou et al., 2024). In healthcare, the need for transparency is critical, but the integration
of XAI with the Internet of Medical Things (IoMT) still requires overcoming technical and meth-
odological barriers to ensure reliable and interpretable Al-driven decisions (Wani et al., 2024).
Moreover, the legal and ethical implications of Al, particularly under frameworks like the GDPR,
demand explanations that are not only technically sound but also human-legible, which current
deep learning techniques struggle to provide (Hamon et al., 2022). The challenge of providing
faithful and plausible explanations is also evident in computer vision, where existing techniques
often fail to accurately reflect the model's decision-making processes (Khan et al., 2024). Further-
more, the interdisciplinary nature of XAl research necessitates collaboration across fields to ad-
dress these challenges comprehensively, as highlighted by the need for a coordinated research
agenda (Longo et al., 2024). Finally, ensuring the robustness and security of XAl systems remains
an ongoing concern, with the need for measures to evaluate and enhance the trustworthiness of
these systems (Rawal et al., 2022).

30.06.2025 Version 1.0 Page 3
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Explainability in human-centred Al is crucial for fostering trust, improving decision-making, and
ensuring ethical use of Al systems across various domains. XAl has been shown to mitigate algo-
rithm aversion, where users lose trust in Al systems after errors occur. By providing explanations,
users are more likely to continue using Al systems, as explainability reduces decision regret and
maintains trust even when errors are observed (Xu & Wang, 2024). In cooperative work settings,
explainability techniques are essential for enhancing human-AlI collaboration, as they help users
understand Al decisions and appropriately rely on Al advice, even when explanations are im-
perfect (Morrison et al., 2024). Interpretable representations, which translate complex Al outputs
into human-intelligible concepts, are fundamental to XAlI, allowing users to grasp the decision-
making process and potentially identify biases or errors (Sokol & Flach, 2024). In healthcare, XAl
is particularly important as it balances predictive accuracy with transparency, enabling stake-
holders to trust Al systems while understanding their limitations and decision-making processes
(Raz et al., 2024; Subramanian et al., 2024). In areas such as agriculture, where a variety of tasks
are shared between workers and robots, XAl also plays an important role in providing humans
with assurance regarding safety and work efficiency. Moreover, explainability can enhance per-
ceptions of fairness and comprehension in Al decision-making, narrowing the gap between hu-
man and Al decision processes and improving user acceptance (Shulner-Tal et al., 2024). In intel-
ligent vehicles such as autonomous agriculture-robots, explainability ensures that users under-
stand Al functionalities, which is vital for the acceptance and effective use of adaptive systems.
Explainability is not only a tool for improving user trust and system transparency but also a nec-
essary component for ethical Al deployment, as it allows users to understand, question, and con-
trol Al systems, thus aligning Al operations with human values and societal norms (Késtner &
Crook, 2024).

2.2  Design Guidelines for Explainable Al

The design principles and guidelines presented below (Sections 2.2.1-2.2.9) were derived through
thematic analysis of co-creative workshops (in D1.1 (AI4Work Consortium, 2024)) with stake-
holders across the project’s six pilot sectors (healthcare, education, logistics, manufacturing, con-
struction, and agriculture). These workshops documented sector-specific needs and challenges
regarding Al explainability, as detailed in deliverable D1.1. These design principles and guide-
lines serve as foundational principles and should be adopted to each sector-specific context and
needs.

221 Transparency in Decision-Making

Transparency in decision-making refers to the ability of artificial intelligence systems to effec-
tively communicate the rationale and methodology behind certain decisions. This principle is
essential for fostering user trust and productive collaboration between humans and Al In the
absence of transparency, users may perceive Al-generated decisions as superior or unreliable,
particularly in healthcare, logistics, and manufacturing. Transparency encompasses both proce-
dural aspects (the methodology by which decisions are derived) and the informational inputs
(the sources and presence of the data used) that inform those decisions. It ensures that users are
equipped to validate and understand the results produced by Al, ultimately engaging in in-
formed decision-making and collaboration.

30.06.2025 Version 1.0 Page 4
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Guidelines

Implementation

Process Transparency: Al systems should pro-
vide a straightforward explanation of how
they arrive at their decisions, including a de-
scription of the steps and logical reasoning
thatlead to a particular outcome. For example,
if an Al system focuses on scheduling truck
maintenance in logistics, it should explain the
criteria (e.g., arrival time, urgency of delivery)
and the importance assigned to each factor.
Transparency in this process enables users to
understand the reasoning behind the recom-
mendations, allowing them to trust and rely
on the decisions made.

e TFor process transparency, create struc-
tured explanations that align with users'
operational workflows. For example, lo-
gistics systems can incorporate descrip-
tions detailing the steps taken to prioritize
one vehicle over another.

e Provide example scenarios or "sample rea-
soning paths" in training or onboarding
modules to familiarize users with how the
system functions.

Data Transparency: Data transparency re-
quires disclosing the source, quality, and rele-
vance of data. Users should be informed of the
data sets or metrics that the system uses. For
example, a healthcare Al system that organ-
izes staff shifts based on stress levels should
make it clear which data points (such as his-
torical workloads, physical activity levels,
etc.) are being used. Ensuring transparency of
data allows users to understand the confi-
dence and extent of the system’s inputs.

e Include a dashboard or summary report
that lists key metrics used for decision-
making (such as stress levels or workload
data in the healthcare or agriculture sec-
tors), ensuring users know the data's
origin and significance.

e Design system prompts or alerts that ex-
plain the relevance of data inputs for a
given decision when users seek clarifica-
tion.

2.2.2

Contextual Accuracy and Relevance

Contextual accuracy and relevance in Al systems ensure that results and recommendations in-

corporate specific operational, environmental, or situational elements. Al decisions that ignore
the context in which they are used can lead to irrelevant, distracting, or even harmful recommen-
dations. Context-aware Al systems that prioritize situational relevance foster confidence and us-

ability, enabling better human-AI collaboration.

Guidelines

Implementation

Situational Awareness: Al systems should in-
corporate real-time and contextual infor-
mation into their decision-making framework.
This can include environmental variables,
user feedback, or operational elements that
ensure that the system's results are consistent
with current conditions. For example, Al sys-
tems used in manufacturing should take into
account current resource availability and

e Al systems can use real-time monitoring
tools to continuously gather environmen-
tal and situational data. For example, a
manufacturing system can adapt task as-
signments based on live equipment and
workforce updates or restrictions on
scheduled drone flights due to real-time
adverse weather conditions in agriculture.
e Develop mechanisms for Al to highlight
how specific contextual factors influenced

30.06.2025
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worker skill levels before making task assign-
ments.

its recommendations, allowing users to
validate the relevance of outputs.

Relevance to Tasks: The suggestions made by
Al should be tailored to the specific goals or
tasks being addressed. Results that are irrele-
vant or overly general can interfere with the
workflows and reduce trust in the system. For
example, in the construction industry, giving
a new worker a complex task without proper
instructions can hinder performance.

e Include filters or customizable settings
that let users refine AI recommendations
to focus on specific operational priorities
or constraints. For instance, construction
Al tools could allow supervisors to adjust
task difficulty levels based on worker ex-
perience or in agriculture, the Al system
could recommend the best way to capture
images of the plants, if done semi-auto-
matically.

e Provide visual aids or contextual annota-
tions to highlight why a particular recom-
mendation is relevant, helping users as-
sess its appropriateness at a glance.

223

Personalization of Interactions and Explanations

Personalization in Al systems means customizing interactions and explanations to suit the dis-

tinct needs, preferences, and circumstances of individual users. Users across sectors often feel

frustrated when Al systems provide generic responses that are not tailored to their specific cir-

cumstances. For example, in the healthcare sector, if Al assigns a high-stress staff member to a

demanding night shift without any personalized reasoning, this can result in dissatisfaction and
a lack of trust. By tailoring outputs to align with user profiles, preferences, and skill levels, Al
systems can increase engagement, build trust, and improve usability.

Guidelines

Implementation

Customized Content: Al systems should pro-
vide suggestions and explanations tailored to
the unique profiles of users' expertise and
their specific operational environments.

e Integrate user-specific data into decision-
making processes, such as prior feedback,
usage history, or role-specific information.
For example, an Al system could adapt its
outputs based on a user's previous choices
or the institution's established protocols.

e Offer onboarding or preference-setting in-
terfaces where users can input their goals,
priorities, and constraints to customize the
Al's recommendations from the outset.

User Preference Learning: Al systems should
adapt over time to reflect evolving user pref-
erences and requirements. This dynamic
learning helps improve the relevance and ac-
ceptance of recommendations.

¢ Incorporate feedback mechanisms that al-
low users to rate or modify Al suggestions,
enabling the system to refine its outputs
based on explicit input.

e Use pattern recognition to infer implicit
preferences from user behaviour, ensuring
future outputs align better with their
needs.

30.06.2025
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Adaptive Complexity: Explanations should
vary in complexity and depth based on the us-
er's knowledge and interests. Novice users
may need a more straightforward, broad ex-
planation, while experts in the field may seek

e DProvide layered explanations, starting
with a concise summary and allowing us-
ers to drill down into more detailed in-
sights as needed. For example, in logistics,
a supervisor might want a quick overview

of truck schedules, while a technician
might require a step-by-step breakdown.

e Design adaptable interfaces that automat-
ically adjust explanation complexity based
on user roles or system usage patterns, en-
suring the information remains relevant
and accessible.

in-depth, technical justification.

224 Clarity and Simplicity in Explanations

Clarity and simplicity are critical for ensuring that users can easily understand Al system outputs
without unnecessary cognitive effort. Complex details can alienate users, especially those with
limited technical knowledge, and hinder their ability to make informed choices. For example, in
the agricultural sector, if an Al system monitoring workers” health offers vague or overly tech-
nical advice about taking breaks, it may be difficult for users to follow its recommendations.
Transparent and concise explanations increase usability, build trust, and encourage seamless in-

clusion of Al in the decision-making process.

Guidelines

Implementation

Plain Language: Explanations should use
clear, simple language that anyone can under-
stand, regardless of their level of knowledge.
This reduces misunderstandings and ensures
that a diverse group of users engage with the
content.

e Replace technical jargon with simple ter-
minology or analogies familiar to the
user’s domain.

e Offer tooltips or glossary options for users
who want additional clarification on spe-
cific terms or concepts.

Concise Explanations: Al technologies should
provide concise explanations that highlight
essential information relevant to the user's
current needs. Lengthy or overly detailed ex-
planations can overwhelm users and reduce
engagement.

e Present explanations in short, structured
formats, such as bullet points or brief
statements, emphasizing actionable in-
sights.

e Allow users to expand explanations if they
want additional context, enabling them to
delve deeper only when necessary.

2.2.5 Use of Visualization Tools

Visualization tools are essential resources in making Al decisions clear and easy to understand
for users. By explaining complex data and reasoning methods through visual elements such as
charts, graphs, and icons, users can easily gain insights without having to delve into complex
written explanations. In fast-paced settings, such as logistics, visual tools such as interactive dash-
boards can help users evaluate scenarios and interpret Al results, enhancing usability and trust.
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Guidelines

Implementation

Graphical Representations: Al technologies
should incorporate visual tools such as charts,
graphs, or icons to convey information and
logic in an easily understandable way. These
components can clarify complex processes
and increase the effectiveness of decision-
making.

e Incorporate interactive graphs that sum-
marize key trends or insights.

e Employ intuitive icons and colour coding
to indicate statuses or priorities.

Interactive Interfaces: Interactive visualiza-
tion tools allow users to actively investigate
data and Al reasoning in real time, allowing
for a higher level of engagement and under-

e Develop dashboards that allow users to
filter, zoom, or drill down into specific
data points.

e Provide simulation tools where users can

standing. test alternative scenarios to see how differ-
ent inputs or conditions affect Al recom-
mendations, improving confidence in the
system.
2.2.6 Communicating Uncertainty and Limitations

Al technologies often operate amidst ambiguity or constraints arising from insufficient data, in-

ternal model biases, or unforeseen circumstances. Clear communication about these uncertainties
ensures that users can trust the level of confidence in the Al output and its recommendations. For
example, in the logistics sector, users can rely on an Al system to schedule trucks. If the system

underestimates its confidence in a recommendation due to limited historical data, users may

overestimate its results, resulting in less than ideal choices. Dealing with this issue effectively
builds trust and promotes informed decision-making.

Guidelines

Implementation

Confidence Indicators: Al systems should of-
fer confidence scores or similar metrics to
show the level of certainty in their results. This
helps users assess the reliability of the recom-
mendations.

e Display confidence scores alongside deci-
sions. For example, in healthcare, show a
numerical or visual confidence level when
recommending schedules based on stress
metrics. Similarly, this approach could
also be implemented in agriculture using a
system that provides this information
while drones identify plant varieties. If the
system detects a high level of uncertainty,
the task should be assigned to humans.

e Use visual elements such as graphs or con-
fidence intervals to make uncertainty
more intuitive and easily interpretable.

Limitations Disclosure: Al technologies
should inform users of potential limitations in

e Include disclaimers or alerts indicating
limitations in data quality or coverage. For
instance, in education, notify users when
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data or model performance, ensuring trans-
parency about their constraints.

student performance predictions

based on incomplete historical data.

are

e Allow users to access detailed reports ex-
plaining the limitations of specific outputs,
offering transparency without
whelming users.

over-

Scenario Limitations: Clearly define the con-
ditions or criteria where the Al system cannot
operate effectively. This helps avoid over-reli-
ance on the system in inappropriate settings.

e Highlight specific conditions where the
Al's accuracy or relevance may be com-
promised. For example, in agriculture, an
Al system could flag scenarios where ex-
treme or non-documented weather events
lie outside its training data.

e Provide contextual examples illustrating
when users should exercise caution in re-
lying on Al outputs, building a more in-
formed understanding of the system's ap-
plicability.

2.2.7  User Control and Interactivity

User control and interactivity enable individuals to customize Al recommendations to their
unique needs. This empowers users to influence Al outcomes, change system settings, and inter-

actively engage with Al to improve decision-making. For example, in the construction industry,
giving workers the power to modify safety protocol parameters due to immediate environmental
factors or to seek Al advice ensures that Al supports human expertise rather than undermining

it.

Guidelines

Implementation

Adjustable Parameters: The Al system should
provide users with the ability to adjust neces-
sary settings and parameters, allowing them
to tailor the AI output to their goals or situa-
tional needs.

e Provide interfaces for users to customize
parameters such as priority levels, risk
thresholds, or task preferences.

e Ensure parameter adjustments are intui-
tive, using sliders, dropdowns, or pre-de-
fined options to make customization ac-
cessible to non-technical users.

Feedback Mechanisms: Allowing users to pro-
vide feedback on Al results to shape future
recommendations and increase the system's
accuracy

e Integrate feedback features into the sys-
tem, allowing users to indicate whether
recommendations were helpful. For exam-
ple, in healthcare, staff could flag inappro-
priate shift assignments, prompting the Al
to refine its scheduling algorithm.

e Use feedback data to create adaptive mod-
els that learn from user input over time,
ensuring continuous system improve-
ment.
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Interactivity Control: Al technologies should
empower users to manage the depth and na-
ture of their interactions, ensuring that they
can engage with the system at their desired
level.

e Design options for users to start, pause, or
stop interactions with the Al system. For
example, in agriculture, a farmer could
temporarily disable certain features dur-
ing critical manual operations.

e Allow users to switch between detailed
and simplified views of Al outputs, cater-

ing to both novice and expert users.

2.2.8 Trust and Ethical Considerations

Building trust in Al systems involves addressing ethical issues such as privacy, fairness, and re-
specting user autonomy. Ethical design ensures that Al systems are transparent, impartial, and

in accordance with societal and organizational norms. For example, in the field of education, us-

ers can raise concerns about data privacy, while in manufacturing, ensuring fairness in task as-
signments is crucial. By integrating ethical standards into the creation and operation of Al sys-
tems, developers can build trust, promote acceptance, and prevent misuse or unintended conse-

quences.

Guidelines

Implementation

Privacy Protection: Al technologies should
emphasize the importance of data protection
and guarantee that user data is treated with
high confidentiality.

e Employ robust encryption and access con-
trol mechanisms to safeguard sensitive
data. For example, in healthcare or agricul-
ture sector, it is important to ensure that
patient/staff records used for Al decision-
making are anonymized and stored se-
curely.

e C(learly communicate privacy policies to
users, emphasizing how their data is col-
lected, stored, and utilized.

Fairness and Equity: Ensure Al systems are
designed to eliminate bias and promote fair
outcomes for every user.

e Regularly audit algorithms for bias and
rectify disparities that may disadvantage
specific groups. For example, in logistics,
ensure that scheduling algorithms do not
disproportionately allocate undesirable
shifts to certain employees.

e Use diverse and representative datasets
during model training to minimize inher-
ent biases in Al predictions.

Respect for Autonomy: Users should retain
the ability to override Al decisions and act on
their own informed decisions when necessary.

e Provide mechanisms for users to bypass or
modify Al recommendations. For in-
stance, in construction, workers could
override task allocation suggestions if they
conflict with time conditions.
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Incorporate features that explain Al deci-
sions clearly, enabling users to make con-
fident and informed overrides when ap-
propriate.

Transparency in Ethics: Communicate the | e
ethical standards and guidelines governing
the Al system’s development and operation.

Include a clear ethical statement within the
system interface, outlining its adherence
to relevant regulations and values.
Provide an audit trail or logs of key Al de-
cisions, enabling accountability and
demonstrating compliance with ethical
norms.

229 Continuous Learning and Adaptation

Ongoing learning and adaptation are critical to keeping Al systems relevant, effective, and re-

sponsive to changing user needs and environmental
ods to learn from user input and new data, allowing t

factors. Al systems need to integrate meth-
hem to modify their recommendations over

time. For example, in the field of education, an Al system might start by suggesting stress man-
agement strategies that may not work for some students/staff. Through user feedback, it should
continuously enhance its recommendations to better match individual preferences builds trust

and improves usability across a range of sectors.

Guidelines Implementation

Feedback Integration: Al systems should in- | e
corporate user feedback to refine their outputs
and improve over time.

Develop interactive features for users to
provide explicit feedback on recommen-
dations, such as rating suggestions or re-
porting inaccuracies. For example, in lo-
gistics, users could flag inefficiencies in
proposed schedules, prompting the Al to
adjust its optimization logic.

Use feedback data to update algorithms,
ensuring that recurring patterns or user
preferences are incorporated into future
decisions.

Adaptive Algorithms: Al technologies should | e
use adaptive models that can adapt to new
data while guaranteeing consistent relevance. | o

Implement mechanisms for real-time data
collection and model retraining.

Use transfer learning or incremental learn-
ing techniques to incorporate new infor-
mation without losing prior knowledge,
maintaining system consistency while
adapting to change.
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3 Factors Affecting User Acceptance and Adoption

Given the user’s concerns and their apprehensions involved in adopting Al systems, designers
should focus on user-centred design principles. It is also essential to prioritize privacy and secu-
rity considerations while collaborating with regulatory bodies to establish trustworthy Al sys-
tems and thereby enhancing their adoption and acceptance. Moreover, conducting usability tests
and gathering user input as feedback can provide valuable insights for continually improving the
system design depending on the needs of users. Nevertheless, in addition to the Al system design,
there are several other factors that could influence the user adoption and acceptance of these
systems, which we deliberate on in the following sub-sections.

3.1 Barriers to AI Adoption

3.1.1 Challenges regarding data and Al systems

Artificial intelligence (AI) adoption encounters considerable impediments pertaining to the qual-
ity and quantity of data available for training algorithms. The rising prevalence of informal op-
erators, who collect data, introduces notable difficulties and creates inconsistencies (Moharrak et
al., 2024). Additionally, the operational structure of the warehouse in the referenced example can
impede the integration of Al, particularly when its spatial layout is not Al-compatible (Mahroof,
2019). The complexities associated with the technological sophistication of Al and its compatibil-
ity with existing processes further challenges during the development phase of Al (Helo & Hao,
2022). Moreover, a long-standing challenge of opaque Al decision-making due to lack of explain-
ability greatly impedes the broader adoption of AI (Misra et al., 2023).

3.1.2 Organizational resistance and readiness

From an organizational standpoint, the constraint of human resources constitutes a critical bar-
rier. Startup businesses in particular, are grappling to attract and retain talented professionals in
a competitive, lucrative industry where skilled coders and developers are drawn to superior op-
portunities and financial prospects (Moharrak et al., 2024). In addition to resource constraints,
employees’ preferences for maintaining the status quo and their resistance to change, when new
technologies are introduced, further hinder organizational readiness. This resistance to change is
a critical barrier to the adoption of AI (Nam et al., 2021; Ransbotham et al., 2017).

3.1.3  Skills and knowledge gap

The skill set possessed by the current management and operators is largely outdated and rooted
in traditional ways, which presents a critical barrier to Al adoption (European Parliamentary Re-
search Service, 2023; Mahroof, 2019). Additionally, there are issues related to the fragmentation
of expertise within the operational department, hindering the development of technical expertise
for Al adoption. Alternatively, the operational manager lacks the required technical expertise to
effectively implement the Al application (Selten & Klievink, 2024).

3.14  Trust and perception issues

The challenges associated with trust, fairness, ethics, and bias can significantly impact the pre-
development phase of Al Inherent biases within both the models and data can disrupt the
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equilibrium necessary for equitable outcomes, which results in unfair or skewed outcomes fa-
vouring a particular group of people. Such biases undermine the ethical integrity of Al applica-
tions and subside trust in Al applications. When biases persist can also result in stakeholders
questioning the fairness and reliability of the system (Hao & Demir, 2024). Moreover, ethical con-
siderations, including privacy, fairness, justice, and transparency, raise significant questions re-
garding the Al system’s ability to adhere to established ethical standards (Kim et al., 2024; Vlacic¢
et al., 2021).

3.1.5  Regulatory and market pressures

Data protection and privacy concerns necessitate compliance with various regulations, introduc-
ing added complexity and constraints to Al adoption. For instance, technical guidelines and
standards may restrict the accessibility and availability of specific data sources, especially within
sensitive data domains. These restrictions can impede efforts to acquire data, influencing the di-
versity and quality of datasets for successful Al adoption (Hao & Demir, 2024). On the other hand,
if information is not processed, stored, and distributed securely or if the connection is not ade-
quately safeguarded, there is a risk of exposure to cybersecurity vulnerabilities (Galetsi et al.,
2023; Gupta & Srivastava, 2024).

3.2 Enablers for Trust and Confidence in Al

3.21 Reliable and transparent Al systems

Trust is a significant facilitator for the adoption, long-term usage and continuous improvement
of Al systems (Lewandowski et al., 2021). Within the workplace, the successful adoption and
diffusion of Al systems, for example Al chatbots, depends significantly on its users’ trust in the
reliability and transparency of these systems (Gkinko & Elbanna, 2023; Seeger et al., 2017). Users
particularly appreciate the transparency regarding the sources from where Al chatbots retrieve
information and the processes they use to conduct searches (Gkinko & Elbanna, 2023). In this
context, the scalability feature of these systems further ensures that a substantial amount of data
is processed, enhancing the overall reliability of the Al systems (Virmani et al., 2024) and ulti-
mately enabling consumers’ trust and confidence in Al

3.2.2 Data privacy and security assurance

Data privacy and security represent critical concerns in building user trust and confidence in Al
adoption. Gkinko and Elbanna (2023) highlighted that user develop trust in Al systems when
they are confident in organizations” commitment to secure their personal information. Besides
these efforts, effective data governance is essential to foster trust by consistently managing data
availability, integrity, security, and useability (Polisetty et al., 2024), collectively enabling a trust-
worthy Al system.

3.2.3  User-centric design

A user-centric approach to Al is a significant enabler of trustworthy Al systems. The implemen-
tation of user-centric design is supported by a range of technologies, including active learning,
simulated learning, security parameters, conversational interface, and explainable Al, that can
prioritize user expectations and needs (Rozanec et al., 2023). When users perceive that Al systems
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understand their needs and offer personalized support, they place more trust in these systems
and readily adopt Al services (de Kervenoael et al., 2020).

3.24  Organizational support and leadership

The adoption of Al necessitates support from top management support, given the uncertainties
and complexities involved in this process. In addition to financial resources, this management
support can be in terms of time and patience until the Al initiatives yield tangible results. Never-
theless, the positive impact of top management support on Al adoption can lessen in a techno-
logically turbulent environment when top management chooses to reallocate resources to less
risky ventures instead of prioritizing Al initiatives (Chen & Tajdini, 2024). Despite this, top man-
agement support remains vital to promote employees’ acceptance of Al and facilitate its integra-
tion (Hao & Demir, 2024).

3.2.5 Education and Awareness

Precious research indicates that managers” educational background impacts their willingness to
accept Al decisions such that a higher education level is associated with reduced Al aversion
(Brink et al., 2024). Hence, implementing targeted education and training programs can enhance
the current level of awareness, thereby improving user trust in Al practices (Baabdullah et al.,
2021).

3.3 Strategies to Mitigate Adoption Challenges

3.3.1 Enhance technical readiness

Proposed strategies aimed at mitigating the challenges associated with Al adoption may include
but are not limited to, enhancing Al readiness and improving explainability. Al readiness in-
cludes fundamental infrastructure, awareness, and technical simplicity needed to support suc-
cessful Al adoption. Previous research has suggested technical infrastructure (i.e., scalable com-
puting power capabilities, networking, and data storage) as a prerequisite for Al adoption (Johnk
et al., 2021; Lin & Lin, 2008). Al systems technicality refers to the degree to which a targeted Al
system is perceived as easy to use. When users find Al systems easy to use, requiring little mental
and physical effort then users are more likely to use it (Baabdullah et al., 2021; Sohn & Kwon,
2020). Additionally, raising Al awareness among organizational stakeholders is pivotal for fos-
tering Al readiness. Thus, organizations should prioritize equipping stakeholders with pertinent
Al knowledge to enable effective Al system utilization for organizational benefit (Delponte, n.d.).
Another critical strategy involves ensuring Al system explainability. According to the (European
Commission, 2019), fostering and maintaining user trust in Al systems necessitates decision ex-
plainability. Hence, strategizing explainable, transparent, and fair Al can enable businesses to
reduce biases and ethical concerns in their operations (Satell & Sutton, 2019).

3.3.2  Building workforce skills and engagement

To mitigate employee resistance, organizations can implement targeted interventions such as
training programs specifically designed for individuals who are less likely to adopt and use the
new systems (Tuisku et al., 2023). Previous research revealed that individuals with lower educa-
tional backgrounds are often less likely to adopt algorithmic decision making due to their lack of
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understanding compared to those with higher education. These insights underscore the need to
strategize training programs that are context specific as one size fit for all approaches may not be
effective within the organization. These programs should also take into account the dynamics of
human-AlI interaction. Because in certain scenarios, human and Al systems can collaborate to
handle different facets of decision-making such that the Al excels at tackling complex issues with
analytical methods, while humans can manage equivocality and uncertainty aspects using their
intuitive judgment (Jarrahi, 2018).

3.3.3 Strengthening leadership and organizational alignment

Leadership and organizational alignment constraints must be transformed into enablers through
the integration of established human knowledge and the support of top management in aligning
business goals that facilitate Al integration (Hao & Demir, 2024). In particular, Al adoption and
utilization should be aligned with managers’ strategic goals and plans (Tehrani et al., 2024). Fur-
thermore, organizational leadership and culture serve as the foundation for effective implemen-
tation of all strategic actions. For instance, supportive leadership can enhance Al readiness by
alleviating employees’ concerns, such as fear of job loss, and making them understand the bene-
fits of Al systems. Similarly, cultivating a supportive organizational culture characterized by col-
laboration, tech-friendliness, competitiveness, and willingness to learn can significantly facilitate
the adoption of AI (Tehrani et al., 2024). In summary, organizations can establish the foundations
for effective Al adoption and implementation by aligning Al practices with its goals.

3.3.4 Fostering collaboration

Given the complex nature of Al systems, it is imperative for organizations to prioritize continuous
vendor support both prior to and following Al implementation and resolve the queries in a timely
manner for effective execution (Siradhana & Arora, 2024). Considering significant reliance on ex-
ternal consultants and vendors for technology implementation and employee upskilling, organi-
zations should establish a collaborative model with partners that possess the requisite expertise,
and technological systems will significantly enhance the success and realize benefits (Kramer et
al., 2020.). In addition to these partnerships, governments can encourage data analytics adoption
by developing a common data platform, thereby facilitating data sharing and cross-sectional col-
laboration (Bonina & Eaton, 2020).

3.4 Typology of Factors affecting User Adoption and Acceptance

To establish a typology of the factors of user adoption and acceptance, we conducted a literature
review to identify the key factors highlighted in prior scientific research (Figure 1). It is essential
to recognize that while these factors offer valuable insights, their applicability may vary across
different pilot cases. Some factors may be particularly relevant to specific pilots, while some may
resonate depending on the unique characteristics of pilots and the relevant targeted industry. We
explain the typology of factors derived from previous literature in the following section that can
help to adopt the tailored approaches for each pilot, to enhance its user adoption and acceptance.
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Typology of Factors Affecting User Adoption and
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Figure 1. Typology of factors affecting user adoption and acceptance

Technological factors

Al maturity and infrastructure: A technology is deemed mature when it is well integrated
into products or processes over an extended period and has successfully navigated most
of its initial challenges such as scalability and traceability issues. In contrast, when the Al
based tools are immature or in the early stages of their development, they could hinder
the client's acceptance of such tools (Seethamraju & Hecimovic, 2023). Additionally, a ro-
bust IT infrastructure is imperative for effectively adopting innovative Al tools in an or-
ganization. This infrastructure encompasses IT tangible resources (i.e., IT physical com-
ponents), IT intangible resources (i.e., knowledge assets, synergy, and customer orienta-
tion), and IT human resources (i.e., technical expertise and managerial IT skills) (Pillai et
al., 2022).

Data management and quality: The quality of data and its effective management hold sig-
nificant importance for the success of Al tools. To achieve accurate results, it is essential
that the data used to train and test Al models is reliable and error-free, otherwise, it may
give rise to Al scepticism towards its adoption (Virmani et al., 2024).

Interoperability and compatibility: Interoperability is referred to as the capacity of diverse Al
components, platforms, and applications to efficiently utilize, exchange and communicate
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3.4.2

information, irrespective of its basic architecture and technology. This capability is crucial
to enable the compatible and persistent integration of Al solutions across various systems,
enabling organizations to effectively leverage different tools and data systems to improve
operational efficiencies and decision-making processes (Ahmed S. Sabah, 2024).
Automation and intelligence: Advanced Al-based process automation (e.g., robotic process
automation) represents an emerging approach for automating repetitive human tasks. By
leveraging intelligent automation, organizations can unlock key benefits, including im-
proved efficiency and accuracy, 24/7 operational capabilities, and the development of in-
novative personalized services, leading to greater user adoption of such tools (Misra et
al., 2023).

Security and privacy: Security and privacy are the prime concerns significantly influencing
the user acceptance of Al-integrated tools. Stakeholders often have apprehension regard-
ing the issues of security and privacy of their shared data (Chatterjee et al., 2024). Hence,
it is important for designers to prioritize transparency and integrity in developing these
tools and enable the utilization of Al-based systems free of such concerns.

Organizational factors

Leadership and strategy: Top management support is essential for the successful implemen-
tation of technology, particularly in the context of Al adoption. Senior leaders must show
commitment by arranging and allocating the necessary resources which significantly in-
fluence the effectiveness of the adoption process (Kumari et al., 2024). Top management
is also instrumental in developing strategies such as IT strategy acumen, which involves
effective coordination, thorough planning and resource allocation required to ensure that
Al strategies are aligned with overall business goals (Tursunbayeva & Chalutz-Ben Gal,
2024).

Resource availability: Al solutions require substantial resources, particularly in the early
stages of adoption, including financial investments needed for the computational infra-
structure and maintenance and recruiting personnel possessing advanced Al and ML
skills and expertise (Hao & Demir, 2024). The iterative nature of Al solutions requires
continuous upgrades and improvement further adding to the financial burden on organ-
izations, which often impedes effective Al adoption.

Cultural readiness: Al adoption often requires significant alterations to both organizational
structure as well as culture. To navigate this transition effectively, it is important to im-
plement change management measures that actively address the fears associated with AL
This will overcome the reluctance of stakeholders (e.g., management, employees, and end
users) to adopt Al tools (Johnk et al., 2021). Moreover, promoting an agile culture that
tolerates some failure can further facilitate AI adoption (Neumann et al., 2024).
Operational support: To enhance operational support and develop Al competency, organi-
zations must engage in collaboration with external partners e.g., insurance companies,
financial firms, and technology providers among others. The lack of collaboration can
result in diminished trust from end-users leading to psychological resistance to the adop-
tion of these tools (Hassan et al., 2024). Therefore, an appropriate collaboration model
with the right technological systems and expertise can enhance the benefits and success
of Al adoption.

Ethical considerations: For effective adoption of Al tools, it is crucial to recognize and ad-
dress the ethical aspects of Al and prioritize accountability of these systems. This includes
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committing to fairness, ensuring non-discrimination, and respecting privacy for the con-
tinuous improvement and evaluation of Al systems.

Environmental factors

Institutional and regulatory landscape: Governmental policies, rules, and regulations play a
pivotal role in fostering successful Al adoption across various sectors. Specifically, cyber-
security regulations and policies for Al applications are considered significant enablers of
Al adoption (Virmani et al., 2024). Moreover, governments can also provide institutional
support to organizations facing resource constraints by helping to address their financial
needs, thereby encouraging AI adoption. Public-private partnerships (PPPs) have
emerged as a valuable framework for constructing new public facilities (Prasad et al.,
2024) and enhance the development of IT infrastructure, paving the way for successful Al
adoption.

External pressure and market awareness: External pressure, particularly competitive pres-
sure, is a driving force for technology adoption within organizations. When competitors
adopt new technologies, encourage organizations to follow suit to meet industry stand-
ards (Gupta & Srivastava, 2024). Additionally, users” expectations regarding the quality
of technological interaction and output are exceedingly high, which is critical to Al ac-
ceptance. When users encounter generic responses instead of tailored information, they
feel dissatisfied with Al tools (Chen & Tajdini, 2024) and become reluctant to accept Al
systems.

Behavioural factors

User perception and trust: Users’ perceptions, including perception of fairness, their feel-
ings, and emotions, significantly influence how they assess Al tools (Gupta & Srivastava,
2024). Organizations’ acceptance of Al tools seems to hinge on the user’s perception of
these tools. Enhancing information transparency is another crucial factor in AI adoption
interaction to gain user trust in these technologies.

Moreover, the effectiveness of internal communication can significantly influence Al
adoption, either facilitating their integration or obstructing their implementation (Yue et
al., 2024).

Al-human interaction: Perceived ease of use and perceived usefulness are significant factors
used to explain the Al adoption intention. Perceived ease of use refers to how effortlessly
an individual believes they can use new technology (Davis, 1989). Similarly, perceived
usefulness reflects an individual’s subjective perception that using the technology will
improve their performance (Venkatesh & Bala, 2008).

Al literacy: Lack of Al literacy is another crucial factor affecting Al adoption. To address
the lack of technical skills issue and enable successful Al adoption, companies are re-
quired to focus on reskilling, upskilling and providing training for their internal resources
(Cannas et al., 2024).
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4 Summary

This initial version of “Body of Knowledge” brings together the core insights from the AI4Work
project, including methodologies and design principles for XAI, which aims to advance human-
centric artificial intelligence and robotics for better working conditions. The document focuses on
explainable artificial intelligence and factors influencing user acceptance and adoption, offering
a coherent framework for developing trustworthy Al systems. The guiding principles of XAI—
such as transparency, contextual relevance, personalization, and ethical considerations—are
based on interdisciplinary research, joint workshops with stakeholders, and contextual analyses
of six pilot sectors (healthcare, logistics, manufacturing, education, construction, and agriculture).
These principles are flexible and should be adapted to the specific practical, contextual, and legal
needs of each pilot. The BoK also highlights barriers to Al adoption, such as data limitations,
organizational resistance, and trust gaps, while presenting factors such as user-centred design,
leadership alignment, and skills development as solutions. A typology of technological, organi-
zational, environmental, and behavioural factors helps stakeholders develop strategies for their
specific challenges.

This BoK serves as a dynamic guide for practitioners, policymakers, and researchers. It provides
guidance for building Al solutions by incorporating human-centred design into technical design,
operational workflows, and ethical governance. Organizational leaders can use its insights to cre-
ate strategies that remove barriers, foster collaboration between humans and Al/robots, and align
Al with sectoral priorities. This BoK is designed to be a “living document,” and will be iteratively
updated. These updates will be based on ongoing project activities (such as D5.3-D5.8 Pilot Early
Prototypes, D6.2 & D6.3 Interim & Final Pilot Evaluation deliverables), stakeholder feedback, and
developments in Al research and regulations.
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