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Abstract

The goal of asset management is to maintain civil structures, such as tunnels and bridges
while facing significant renovation assignments with reduced funding. So, asset manage-
ment has to create more value with fewer resources. Intelligent decision-support systems
increasingly include artificial intelligence (AI) offer solutions for efficient asset manage-
ment. These systems have human-like decision capacity based on a decision rationale
which cannot be traced back conveniently by the user. Consequently, acceptance by end-
users remains hesitant.

This study applies the Unified Theory of Acceptance and Use of Technology to explore
how Trust Propensity Towards AI and System Transparency influence the adoption of
intelligent systems in asset management. Additionally, this study investigated design
directives of the system’s dashboard interface to incorporate features that foster trust
and enhance system transparency.

Responses were collected with the help of a diverse group of asset management experts.
The study used a mixed-methods approach, combining quantitative survey data with
qualitative Delphi studies. The results suggested that system transparency enhances
Trust Propensity Towards AI and Performance Expectancy. Additionally, trust was
found to mediate the relationship between System Transparency and the Behavioural
Intention to use an intelligent decision-support system. A user-friendly dashboard design
that balances transparency with clarity emerged as a critical design directive, helping
users trust the recommendations and act on them effectively.

This research highlighted the unique challenges of adapting technology acceptance mod-
els from the manufacturing industry to the construction industry. It lays a foundation
for future work on the successful integration of intelligent decision-support systems in the
construction sector, advancing asset management and informed decision-making.

Keywords: User acceptance, Intelligent system, Trust, System transparency, Dashboard
design, Construction industry
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Management Summary
The Problem
Civil infrastructure assets, like tunnels and bridges, in The Netherlands are ageing and
face significant maintenance challenges. The maintenance of the assets is called asset
management in the Architecture, Engineering, and Construction (AEC) industry. As-
set management involves numerous collaborating stakeholders. The stakeholders can be
grouped into three decision levels based on their responsibilities: strategic, tactical, and
operational (Jajac et al., 2009).

To address the problems of ageing infrastructure, Arcadis is transitioning to data-
driven decision-making using intelligent decision-support systems (DSS), such as digital
twins. These intelligent systems rely on Artificial Intelligent (AI) technologies to offer
solutions for efficient maintenance strategies. These systems have human-like decision
capacity based on a decision rationale which cannot be traced back conveniently by the
user. Consequently, users remain hesitant to accept the intelligent DSS. Therefore, the
stakeholders must accept the system to ensure the successful implementation of a new
system. However, the acceptance of these systems is hindered by users’ lack of trust
and understanding of their complex decision rationales. This leads to the first research
question:

Research question 1: What is the role of trust in AI in the acceptance of an intelligent
DSS?

Additionally, users interact with the intelligent DSS via a dashboard interface. A
dashboard often consists of data visualisations, as this opens the dialogue between the
user. Furthermore, visualisations expose patterns, trends and correlations that help the
user understand the recommendations generated by the DSS. However, the usability of a
dashboard is not based on the volume of the generated data but on whether it provides
relevant information at the right moment. Furthermore, as the stakeholders have differ-
ent information requirements, the relevant information differs per stakeholder (Korczak
et al., 2012). Hence, the dashboard must have different views per stakeholder group.
This leads to the second research question:

Research question 2: What aspects should be considered when designing a dashboard
that enables data-driven decision-making and monitoring?

Methodology
The roles of System Transparency and Trust towards Artificial Intelligence (AI) were
explored by the Unified Theory of Acceptance and Use of Technology framework adapted
by Wanner et al. (2022). The study made use of a mixed-methods approach, combining a
quantitative survey with a qualitative Delphi study. The study’s population consisted of
experts with relevant knowledge of asset management, intelligent technologies, or both.
Together, these areas of expertise could ensure that participants could provide informed
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perspectives on the DSS functionality, potential, and challenges in the AEC sector.

The survey was designed to explore if the relationships as defined by Wanner et al.
(2022) for the manufacturing industry would also hold in a new context, the AEC sector.
The survey responses provided preliminary insights into how System Transparency and
Trust Propensity Towards AI influence Performance Expectancy and Behavioural Inten-
tion in the AEC sector. Furthermore, the Delphi study was conducted in two rounds and
aimed to delve deeper into the experts’ opinion on the role of System Transparency and
Trust Towards AI while simultaneously investigating how transparency and trust could
be fostered by defining design considerations for the dashboard of the DSS. The integ-
ration of these methods allowed the suggestion of key factors for system acceptance and
also to verify them through expert insights to accommodate diverse stakeholder needs.

Findings
The research suggested that System Transparency positively affect Trust Propensity To-
wards AI and Performance Expectancy. Participants who perceived the DSS as more
transparent were more likely to trust its capabilities. Hence, these participants expected
that the intelligent DSS would improve their work outcomes. This finding highlighted the
importance of making the system’s decision rationale transparent and understandable to
users. Furthermore, Trust Propensity Towards AI was identified as a mediator between
transparency and Behavioural Intention. While transparency impacts users’ trust in the
system, trust eventually shapes the intention to accept the new system.

Furthermore, four key themes were found: Value Proposition, Trust, Data, and En-
gagement. Participants identified Value Proposition as the most important theme, which
is consistent with the quantitative results on performance expectancy. Participants’ ex-
pectations of improved performance through an intelligent DSS were reflected in their
evaluation of the technology’s value and ability to meet their needs. Trust emerged as
the second theme, with participants emphasising the importance of system reliability
in avoiding life-threatening accidents. The third theme, Data, emphasises the need for
accessible data to support decision-making and understanding of the system’s rationale.
Finally, engagement was identified as an important factor for fostering meaningful user
interaction with the system.

Essential design elements for the dashboard were also investigated. The design re-
commendations are to balance transparency with clarity. The dashboard should present
information in a way that enhances the users’ understanding without overwhelming them
with information. Effective communication of the system’s decision rationales through
visualisations allows the user to trust the system’s outputs while keeping control over the
decision-making. If the dashboard is transparent enough for the user to understand the
recommendations, the user would be able to act confidently upon the recommendations
while feeling assured they are making informed decisions.

Recommendations
The findings suggested several recommendations for enhancing the adoption of intelligent
DSS in the AEC sector. The first recommendation is to establish trust as an intermediate
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step in promoting system acceptance. Trust in the intelligent DSS so that the user feels
confident in the system’s recommendation. Reaching this trust requires careful attention
to System Transparency and system reliability. The design of the dashboard has a critical
role in this process. It must reach a balance by presenting the necessary information
without overwhelming the user. Overall, the research emphasises the complementary roles
of System Transparency and Trust Propensity Towards AI. By prioritising these elements
in the design and implementation of an intelligent DSS, organisations in the AEC sector
foster user acceptance and encourage the successful integration of these systems in the
decision-making process. Together, these themes provide a comprehensive framework for
addressing the human factors that influence trust and transparency in intelligent systems,
offering guidance on aligning system design with stakeholder expectations and needs in
the AEC sector.
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1 | Introduction
Civil structures, like tunnels and bridges, are crucial to a nation’s economic viability and
welfare. The availability and reliability of Dutch infrastructure are seen as self-evident.
As a result, its fundamental role in the functioning of society is often overlooked or for-
gotten (Weijnen et al., 2018). The civil structures are called assets in the Architecture,
Engineering & Construction (AEC) industry. All activities concerned with the main-
tenance, reparations and renovations to uphold the assets are grouped in the term asset
management (Parlikad & Jafari, 2016).

A significant problem is that infrastructure in The Netherlands is ageing, and main-
tenance requires substantial governmental funding (Schraven et al., 2011). However,
two conflicting challenges emerged in recent years that strained the current maintenance
practices. The first challenge is that national and regional public agencies have been
confronted with budget constraints (Schraven et al., 2011). For example, Rijkswater-
staat and local governments will only receive half of the required budget for maintenance
and innovation of the infrastructure in the period of 2026-20301. The second challenge
is that the requirements for infrastructure reliability, safety, and availability have been
increased. To face these challenges, asset management is concerned with managing the
infrastructure assets to achieve more value while using fewer resources (Schraven et al.,
2011).

Asset management aims to adhere to a long-term plan and vision while coping with
budgetary constraints or critical times. An asset manager is appointed to determine
the maintenance trade-off between cost-effectiveness, reliability and safety, and availab-
ility and service. Due to the multiple objectives, the decision-making process for the
asset manager has become increasingly tricky (L. Chen & Bai, 2019). Therefore, asset
management is shifting to data-driven decision-making to schedule, predict, and optim-
ise maintenance activities. Data-driven decision-making involves using quantitative data
and evidence-based insights to make decisions. The focus is on data analyses compared
to intuition or qualitative judgment (C. Chen et al., 2022).

However, this transition has proven challenging due to various obstacles. First, the
communication between stakeholders is often fragmented, complicating the information-
sharing process necessary for data-driven decision-making (Opoku et al., 2023). Secondly,
data-driven decision-making relied on predictive models that utilised machine learning
techniques. Due to the complexity of the models, the users had trouble understanding the
recommendations and were therefore reluctant to rely on the model’s outcomes (Wanner
et al., 2022). Thirdly, asset managers generally try to avoid risks, as wrong decisions can
lead to catastrophic incidents with potential loss of life. Consequently, changes to the
decision-making process are approached with caution (Cha & Ellingwood, 2012). For this
research, trust refers to the willingness of the decision-makers to rely on predictive mod-
els with the belief that the models would provide accurate and reliable recommendations
under uncertain conditions (Mayer et al., 1995). Transparency is the ability of a system
to explain and reveal its decision rationale to the user, enabling them to understand the

1’Begroting Infrastructuur en Waterstaat’, tweedekamer.nl
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model’s outputs (Klarin & Xiao, 2023). By integrating the theories of trust, transpar-
ency, and technology acceptance and actively involving stakeholders, this study seeks to
enhance decision-making performance and collaboration among the stakeholders involved.

1.1 | Company description
Arcadis was originally a Dutch company but has grown into a big international com-
pany with a presence in over thirty countries around the globe2. For this research, the
focus will be on Arcadis’ projects in the public sector. Arcadis has the contract to man-
age a network of three assets in the province of Noord-Holland: the Waterwolftunnel,
the Abdijtunnel, and the Amstel Aquaduct, as can be seen in Figure 1. Arcadis en-
sures that the tunnels and associated systems remain safe and accessible according to
predetermined key performance indicators. From this network, this study’s focus will
be specifically on the Waterwolftunnel. This tunnel is a vital link for commuters and
businesses (e.g. FloraHolland and Schiphol Airport), facilitating the passage of 80,000
vehicles each month on average.3

Figure 1

The tunnel network on the map (orange dots indicate the assets).

As part of the sustainability-focused global corporate strategy at Arcadis, asset man-
agement is shifting towards sustainable maintenance policies. Maintenance strategies can
be divided into two categories: preventive and predictive maintenance. Preventive main-
tenance replaces components regularly, whereas predictive maintenance relies on data
processing techniques to determine the maintenance schedule. Data were gathered via
sensors and devices on the physical asset. Machine learning and Artificial Intelligence
(AI) techniques then make the predictions based on the gathered data (van Dinter et al.,
2022; Vorm & Combs, 2022).

2’Over ons’, Arcadis.com
3Internal documentation from Arcadis that is not publicly accessible
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To facilitate data-driven maintenance for the Waterwolftunnel, Arcadis has created a
digital twin for this asset.4 The digital twin is an example of an intelligent data-driven
Decision Support System (DSS). An intelligent DSS is ”an interactive computer-based
system that uses data, expert knowledge and models for supporting decision-makers in
organisations to solve complex, imprecise, and ill-structured problems by incorporating
artificial intelligence techniques” (Tariq & Rafi, 2012, p. 13) and such system could be
used for predictive maintenance (Opoku et al., 2023). The digital twin of the Waterwolf-
tunnel aims to obtain an accurate representation of the specific components, which are
continuously updated to gain real-time insights into the tunnel’s current and expected
future conditions. Due to the relative novelty of the digital twin, there is no universal
agreement on the definition of a digital twin (Hosamo et al., 2022; Sharma et al., 2022;
Waqar, 2024). Within Arcadis, the digital twin is defined as follows:

”A digital twin is a dynamic digital representation of an object and models the
behaviour to enable actionable and improved insights.”5

Besides improved maintenance planning, a digital twin could reduce costs by evalu-
ating alternative courses of action across different scenarios. For example, calculations
could determine whether it is economically preferred to replace the current lighting based
on the remaining lifetime, the cost of new LED lighting and the expected savings in en-
ergy consumption. The example illustrates how the decision process can be enriched by
providing better-informed recommendations (Shibl et al., 2013). Secondly, the digital
twin would be accessible to users through a platform rather than requiring each to rely
on their systems. Arcadis expected that the digital twin would streamline workflows by
reducing the steps to complete tasks. Additionally, a platform would help minimise hu-
man error by eliminating the need to transfer information between databases manually.
Hence, the efficiency and effectiveness of the maintenance process would be increased.

Currently, the digital twin platform is ready for use. The next step for Arcadis is
to start the implementation and incorporate the data-driven recommendations from the
digital twin in the decision-making process. However, users’ attitudes and perceptions in-
fluence the acceptance and adoption of a new system. Established research has developed
models and theories that attempt to explain these relationships and predict system use
(Nnaji et al., 2023). However, these traditional technology acceptance models are in-
sufficient to capture the new constructs needed for new and more advanced information
systems like digital twins, which rely on machine learning and data processing techniques.
As a result, the traditional technology acceptance models must be adapted to address
the unique challenges posed by intelligent systems to ensure a successful implementation
(Vorm & Combs, 2022).

1.2 | Problem context
1.2.1 | Technology acceptance for asset management
Technology acceptance is critical for successfully implementing a new system because
it helps identify and address potential barriers to use, ensuring that the system meets
users’ needs and is integrated into their workflows (Taherdoost, 2018). Technology ac-
ceptance is oriented on individuals’ attitudes towards technology to predict system use

4’Betere doorstroming op N201 in Noord-Holland’, Arcadis.com
5’Digital twins’, Arcadis.com
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on an individual level (Nnaji et al., 2023). However, asset management involves vari-
ous internal and external stakeholders collaborating to ensure the successful use of new
systems (Wijnia et al., 2023). Despite the collaborative context, individual acceptance
remains foundational because decisions to adopt and use technology often start at the
personal level. Stakeholders engage with systems individually to perform tasks and make
decisions, making it essential to understand their acceptance (Nnaji et al., 2023).

Additionally, technology acceptance models provide a clear and scalable approach
where insights from individual acceptance can be aggregated to the complete user group
(Taherdoost, 2018). To maximise the success of a new system’s implementation, involving
the right individuals from each stakeholder group (Wijnia et al., 2023). A structured ap-
proach could help identify and prioritise the needs and influences of these stakeholders by
using the power-interest grid. This approach will lead to a more successful implement-
ation of the new system (Ackermann & Eden, 2011). The power-interest grid maps the
power of the stakeholder relative to the project (Figure 2).

Figure 2

Stakeholder power-interest grid (Adapted from Ackermann and Eden (2011)).

The power-interest grid maps the power of the stakeholder relative to the project.
The stakeholders’ relative power to impact the project’s decisions is assessed to place the
stakeholders in the power-interest matrix. Simultaneously, their interest in imposing their
expectations on the project is judged from low to high. The main questions that the grid
can help with are: ”How interested is each stakeholder group to impress its expectations
on project decisions?” and ”How much power does a stakeholder group hold to impose
its wishes on the project decisions?”. The stakeholders with relatively much power and
interest are called the ’Players’. In asset management, for any project, the players must
be aligned for a project to succeed (Ackermann & Eden, 2011; Wijnia et al., 2023).

For the Waterwolftunnel project, the three Players are the asset owner, the asset
manager, and the service provider. The legal owner of the asset, called the asset owner,
is a representative of the Province of Noord-Holland. Furthermore, the owner defines
the key performance indicators (e.g. safety, accessibility, costs, and satisfaction), which
accumulate into a maintenance policy. Secondly, the asset manager, Arcadis, reports to
the asset owner. The asset manager uses information about the asset to conduct risk and
performance analyses that capture the problems and to plan the maintenance moments.
Thirdly, Equans, Van Doorn, and Trigion, the service providers, carry out the service and
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maintenance plans. After completion of the work, the service providers write reports to
the asset manager about the executed work.

The relationship structure between the asset owner, asset manager, and service pro-
viders was similar to the ’three decision levels’ concept defined by Jajac et al. (2009).
They differentiated between a strategic, tactical, and operative level. A schematic over-
view was given in Figure 3. Each stakeholder had its own operations management system,
which was not interconnected. As a result, each stakeholder depended on the others to
provide up-to-date information. Therefore, the stakeholders had a common need for
a good information platform and information transparency (Prebanić & Vukomanović,
2021). However, each stakeholder’s information needs differed, as the objectives differed
per level (Collinge et al., 2009; Jajac et al., 2009).

Figure 3

Overview of stakeholders (adapted from ten Klei et al. (2022)).

A solution for such an information system for efficient asset management with various
stakeholders could be a digital twin (Lu et al., 2020). A digital twin would reflect the
structural health status of assets. Based on the gathered data by the model, it could
then alert to potential risks in real-time (Zhang et al., 2023). These alerts were more
beneficial and reliable than manual periodic inspection, which is time-consuming and
error-prone (Manuel et al., 2018; Sacks et al., 2020). In general, the possibility of remote
asset monitoring by a digital twin led to more efficient operations and maintenance of
complex built structures (Delgado & Oyedele, 2021).

1.2.2 | Problem statements
New technology often leads to misconceptions among its users because they were unfa-
miliar with its functionalities, capabilities, or limitations. The misunderstandings could
result in a lack of understanding and trust in the technology. (Opoku et al., 2023).
As a result, the digital twin’s capabilities might fail to meet user expectations, under-
mining its value proposition and fostering distrust toward the technology (Opoku et al.,
2023; Trauer et al., 2022). For example, suppose the asset manager trusts unquestion-
ingly in an optimisation result provided by the digital twin without checking the data
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or the assumptions. In that case, this could lead to wrong conclusions on the predictive
maintenance actions, resulting in lower tunnel availability. Hence, the appropriate level
of trust is hard to define and may differ per user (Trauer et al., 2022; Wanner et al., 2022).

If the appropriate level of trust is not reached, it could lead users to reject an intel-
ligent system in a professional context, even if it outperforms human co-workers. Trust
is, therefore, a critical factor for successful implementation (Trauer et al., 2022). These
systems are only effective if users are willing to engage and trust the recommendations.
Consequently, it is essential to explore what the intended users of such systems expect
and how trust can be influenced to successful acceptance (Trauer et al., 2022; Wanner
et al., 2022). For instance, while an asset owner may require strategic insights into overall
performance, a service provider might be more interested in the operational level (e.g. the
performance of individual devices). Currently, the organisation does not precisely know
whether the three stakeholders will trust the intelligent system’s recommendations and,
thus, if they will accept the system. To ensure successful implementation, Arcadis aims
to explore how stakeholders’ trust, with the digital twin as a specific example, influences
the intelligent system’s acceptance. This exploration leads to the first problem statement.

Problem Statement 1: Currently, Arcadis lacks insights into how trust
influences system acceptance for each stakeholder group.

Because a digital twin is an intelligent DSS, user interaction would occur through
a dashboard interface (Kourtit & Nijkamp, 2018). Since digital twin technology relies
on AI techniques to generate recommendations, the decision rationale behind these re-
commendations could be challenging to understand for the user (Wanner et al., 2022).
Transparency in this research refers to the clarity of how the system’s reasoning and
decision-making processes are communicated to the user (Vorm & Combs, 2022). This
lack of transparency poses a problem because understanding the rationale behind de-
cisions is crucial for establishing a trusting relationship between the user and the system.
Providing clear explanations of the system’s reasoning enhances trust and ensures users
are more likely to accept and effectively engage with the system (Wanner et al., 2022).
So, the ultimate aim of dashboards is to facilitate transparency, governance, and trust to
enable the stakeholders to participate in decision-making (Matheus et al., 2020).

There is an increasing interest in developing dashboards for monitoring and sharing
detailed information through user-friendly data visualisations(Kourtit & Nijkamp, 2018).
Although developing dashboards can stimulate engagement and help decision-making
based on the input, Matheus et al. (2020) stipulated that developing a proper dashboard
is challenging. For transparency, visualisations are essential because they could show the
rationale behind the recommendations of the intelligent DSS. It allows the user to solve
various tasks and uncover insights (Nazemi & Burkhardt, 2019). Additionally, for proper
understanding and interpretation, datasets should be accessible in different levels of detail
(Matheus et al., 2020). For Arcadis, this would entail that the asset owner is satisfied with
the high-level statistic of the percentage of working lamps, whereas the service provider
would like to know the details of the time and date of each broken lamp. Data can thus
be used for the same issue with different objectives (Matheus et al., 2020). Hence, the
benefits of dashboards can only be reaped when designed correctly and transparently.
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For Arcadis, it would be helpful to know how the data and visualisations should be
displayed in a dashboard to optimise dashboard transparency and foster trust. They lack
insight into a sufficient level of system transparency for each of the three stakeholder
groups. Hence, the following problem statement was formulated:

Problem Statement 2: Currently, Arcadis lacks insights into the transpar-
ency needs of each stakeholder group. Hence, the company wants to discover
how the dashboard should be designed to account for the transparency of the
recommendations.

The construction industry is notorious for the increasing complexity of the data flow
due to the involvement of various actors throughout an asset’s life cycle (Guerriero et al.,
2008). Arcadis connects strategic and operational activities (e.g., scheduling, coordin-
ating, and supervising maintenance work), which are often monitored using traditional
tools such as Gantt scheduling methods and report writing programs (Guerriero et al.,
2008). However, these tools only provide a partial vision of the context. Users must
rely on additional information systems, which will increase complexity and inefficiencies
rather than streamline the process. Therefore, a proposed solution is an intelligent in-
formation system that can synthesise data from different perspectives to accommodate
the diverse information needs of stakeholders. Another crucial condition for an effective
DSS is to capture all relevant relations to ensure a complete overview (Taub et al., 2024).

For example, the province of Noord-Holland requires monthly status updates from
Arcadis. Arcadis depends on the service providers’ updates to provide these. From ex-
perience, it has turned out that the maintenance workers are not quick with writing the
reports about the work done. Hence, Arcadis will deliver a report with the current status
and the executed work but without the proof report of the service provider. The province
of Noord-Holland, understandably, needs proof of the executed work before approving the
invoice. If the three stakeholders can work within a shared information platform, redund-
ant efforts can be avoided when information is uniformly available.

It would also work the other way around; a tunnel system must be maintained. Cur-
rently, the asset manager sends a maintenance request to the service provider. It might be
that the request is complete, and then the maintenance worker can act upon it. However,
if the request is incomplete or more information is needed, the wrong maintenance actions
might be prepared, or the maintenance work might be delayed. Therefore, it would be
beneficial when the service provider could receive the service notification in the shared
system where all information necessary for the work request can be found. Then, the
maintenance worker knows beforehand what equipment and materials he should bring to
complete the maintenance request successfully.

Hence, Arcadis wants to ensure that the dashboard is a fitting solution for each stake-
holder’s activities. Recognising that not all requirements can be accommodated on a
single screen, they also seek to prioritise the information based on importance and relev-
ance to their role. To gain insights into the information requirements of each stakeholder,
the following problem statement has been formulated:
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Problem Statement 3: In the present situation, Arcadis is unsure what
the different information requirements are of each stakeholder group to make
their decisions. They want to obtain an overview of the level of detail on the
dashboard that each stakeholder group requires.

Within the three formulated problem statements, a separation can be recognised.
The first and second problem statements mainly focus on the user’s perspective and
what factors will impact the acceptance of an intelligent DSS. Then, the third problem
statement is more practically oriented and will try to transform the findings for the first
two problem statements into practical design guidelines for a dashboard.

1.3 | Research questions
Two research questions were formulated based on the problem statements. The first re-
search question explores the role of user trust in AI in the acceptance of an intelligent
DSS. To explore the role of trust, the first sub-question will focus on identifying the most
suitable technology acceptance model to study the use case of this research. The second
research question will focus on the effect of transparency on trust in AI. It aims to deepen
the understanding of how trust is established in AI and how data from digital sources is
trusted when used within a DSS.

Research question 1: What is the role of trust in AI in the acceptance of
an intelligent DSS?

Research question 1a: Which technology acceptance model could be ap-
plied to an intelligent DSS?

Research question 1b: What is the effect of transparency in the system’s
recommendation of the user’s trust in an intelligent DSS?

The second research question focused on the dashboard design and the data the dash-
board should contain and display per stakeholder group. This question explores the
detailed level of the information required depending on their role in the process of the
asset owner, asset manager, or service provider (see Figure 3). Moreover, this question as-
pires to discover how information should be displayed on a dashboard. The goal is for the
decision-maker to be assured that all relevant information is available and understand-
able. Additionally, the dashboard should help them consider the potential consequences
of making maintenance and monitoring decisions.

Research question 2: What aspects should be considered when designing a
dashboard that enables data-driven decision-making and monitoring?

1.4 | Objectives
Academically, this research aimed to enrich the field of technology acceptance concerning
intelligent DSS in the AEC industry. While most asset management tools and principles
originate from the manufacturing industry, there are fundamental differences between the
two industries. The manufacturing industry develops maintenance policies to maximise
profit by maintaining equipment at performance levels related directly to the investments
(Schraven et al., 2011). In contrast, asset management in The Netherlands is publicly
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funded. Therefore, the government pays for maintenance, and profit cannot be gener-
ated. This fundamental difference prevents the direct application of profit-driven tools
from manufacturing to asset management. Hence, the manufacturing industry’s best
practices must be adapted to fit the new context (Weijnen et al., 2018). Therefore, it
would be valuable for technology acceptance research to see how tools from one industry
could be applied to another industry and which new industry characteristics may influ-
ence the acceptance process (Schraven et al., 2011). This research focuses on the role
of human factors in the acceptance process of technology. Understanding how trust and
transparency can impact these tools’ effectiveness. For example, how stakeholders in-
terpret and act on data-driven insights will affect the decision-making and, thus, the
maintenance strategies. By focusing on the role of trust in this study, the critical role
of human judgment and behaviour in decision-making. Understanding how stakeholders
act on data-driven insights would directly impact maintenance strategies and the effect-
iveness of an intelligent DSS. Additionally, compared to the manufacturing industry, the
life cycle management of civil assets is unique due to events with low probability but high
consequences and the long time horizon of the structures (M. Cheng et al., 2020). Hence,
the knowledge from other industries would require adaptation to address the unique char-
acteristics of the AEC industry.

Arcadis is exploring relying more on data for its predictive maintenance decisions
than standard periodical replacements in its asset management processes. The practical
objective of this research is to provide actionable insights into how trust and transparency
can be fostered to enhance the acceptance of intelligent systems among stakeholders. By
focusing on the human perspective towards the new DSS, Arcadis aims to ensure that
users not only understand but also feel confident in the recommendations provided by the
system. Transparency would be the starting element, allowing users to understand how
the system would process information and arrive at a recommendation. Furthermore, the
user trust towards the intelligent DSS must be encouraged through clear communication,
reliability and intuitive interaction with the system. Arcadis’ focus on integrating these
elements would reflect the commitment to address potential resistance during the intro-
duction. The company aims to align the system’s capabilities with its users’ practical
needs and expectations.

Furthermore, the significance of this objective extends beyond this research’s specific
use case of the Waterwolftunnel. The generalised findings could be extended to their
other tunnel assets and maybe even to any asset in the AEC industry. From a broader
perspective, the insights could have implications for the integrations of successful system
adoption of intelligent information systems in businesses across the AEC sector. By
addressing trust and transparency in this process, this research offers a foundation for
enhancing intelligent system acceptance, fostering better decision-making, and ultimately
improving asset management practices in the industry.
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2 | Literature review
This chapter will present a literature review that summarises previous research on the
topic of the research questions1. First, literature on the digital twin is discussed to explore
the benefits and disadvantages of the model for decision-making for asset management.
Secondly, a comparison is made on how AI has influenced decision-making compared to
the traditional decision-making techniques. Next, an overview of trust in the context of
intelligent DSS is presented. Lastly, the applicable research is presented on the topic of
designing dashboards for the use of decision-making.

2.1 | Digital twin
The demand for more efficient infrastructure and the increased availability of information
resulted in the ’smart infrastructure’ concept. Here, enabling technologies, e.g., connec-
ted sensors and big data analytics, are integrated with physical infrastructure to achieve
real-time monitoring, efficient decision-making, and enhanced service delivery (Ogie et
al., 2017). Specifically for smart infrastructure assets, the main implementation-related
restriction is that the infrastructure industry is at a different stage regarding technology
maturity compared to the manufacturing and robotics industries, where these implement-
ations are more common. This difference has affected the design and implementation
practices in the AEC industry (Gürdür Broo et al., 2022).

2.1.1 | Definition
The digital twin is used in various industries, so multiple definitions slightly differ, and
no definition is universally agreed upon (Hosamo et al., 2022; Sharma et al., 2022). The
CIRP Encyclopedia of Production Engineering defined a wide-accepted definition because
it seems to cover most use cases (Hosamo et al., 2022):

”A digital twin is a digital representation of a unique active product (real device, object,
machine, service, or intangible asset) or unique product-service system (a system

consisting of a product and a related service) that comprises its selected characteristics,
properties, conditions, and behaviours through models, information, and data within a
single or even across multiple life cycle phases.” (emphasis added) (Stark & Damerau,

2019, p. 1)

Applying this definition to asset management entails focusing on the ’unique product’,
which indicates that a digital twin should only represent one asset because of the accumu-
lation of information. Moreover, ”or even across multiple life cycle phases” is emphasised
to note that the asset’s history is crucial as damage or repairs significantly affect how
the product responds to future events (Hosamo et al., 2022; Stark & Damerau, 2019).
This definition is comparable to the definition of Arcadis, presented in Chapter 1, which
described digital twins as:

”A digital twin is a dynamic digital representation of real-world entities and their
behaviours, using models with static and dynamic data that enable insights and

interactions to drive actionable and improved outcomes.”2

1In preparation for the literature review, a scoping review was conducted to systematically investigate
the current research on transparency, trust, and system acceptance in the AEC industry. The details of
the scoping review can be found in Appendix A.

2’Digital twins’, Arcadis.com
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Both definitions focussed on a digital representation of a real object via multiple data
sources to incorporate into the model. The main difference between the two definitions
is that the definition by Stark and Damerau (2019) also referred to the data storage dur-
ing life-cycle phases. In contrast, the definition by Arcadis did not mention this aspect
explicitly. However, Arcadis incorporated this aspect implicitly by focusing on the usab-
ility of the digital twin via ”actionable and improved outcomes” compared to the other
theoretical definition.

Much research has been done into the theoretical possibilities of digital twin tech-
nology. However, there is a gap between research advances and the adoption of this
technology in practice. The implementation gap is formed by the continuous evolution
of the technology, market and customer needs, which is a barrier to practical imple-
mentation. Because the technology capabilities were interdependent with other evolving
technologies, e.g., Internet of Things (IOT), big data, and machine learning, it is also
reliant on the current state of these technologies. Another obstacle is that the digital
twin technology is adapted for each problem and domain. Consequently, no universal
best practices are available, hindering this technology’s widespread adoption. Finally,
the cost of developing, implementing and restricting available resources contributed to
the gap between theory and practice (Sharma et al., 2022).

2.1.2 | In the context of asset management
Currently, most life cycle activities of assets were monitored with the help of Building
Information Models (BIMs), leading to confusion about the relationship and differences
between BIM and a digital twin (Douglas et al., 2021). BIM is mainly used in the design
and construction phases, and while it was argued that BIM has potential benefits in the
service and maintenance stage, the lack of automatic condition monitoring complicates
the decision-making process. In contrast, a digital twin is ideally connected to dynam-
ically simulate degradation effects during all life-cycle stages, providing real-time data
access and facilitating maintenance decisions (Yu et al., 2021). Hence, BIM could be
considered the starting point to initiate a digital twin to present the design and construc-
tion information (Douglas et al., 2021).

However, integrating information from diverse sources poses challenges for users, as
they often face too much or irrelevant information, complicating timely and effective
consumption (Hosamo et al., 2022). Advanced algorithms in digital twins can anticip-
ate future conditions based on the current state of the physical asset, enhancing user
engagement by revealing how phenomena and environmental conditions impact the as-
set, thereby intriguing users to explore further possibilities (Matheus et al., 2020). The
ability of digital twins to provide real-time insights and simulations ties directly into the
decision-making process. In asset management, decisions impact both the performance
and lifespan, so this capability becomes even more essential.

2.2 | Decision-making
The digital twin aims to support the decision-making process using the techniques of AI.
Therefore, this section will explore how intelligent decision-support tools aid and change
the user’s decision-making process.
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2.2.1 | Traditional decision-making
Tariq and Rafi (2012) defined a decision as ”a process of choosing among alternative
courses of action to attain a goal or goals”. In their research, four main stages were
identified. The first stage is’ intelligence’, which aims to find the facts, obtain a sense of
the problem and opportunity, collect the data, analyse, and explore. The next step is’
design’, and here, a model was formulated, criteria for the choice were set, alternatives
were searched for, and the information was modelled and simulated. Consequently, the
stage is’ choice’, where the alternative is evaluated, a sensitivity analysis is completed,
the alternatives are ranked and selected, and an implementation plan was formulated.
The final stage is’ implementation’; here, the final implementation of the chosen altern-
ative will occur (Tariq & Rafi, 2012). Decision-making is essential for asset management
because it determines the management plan of interventions for the asset to satisfy the
goals and requirements. Nevertheless, decision-making in the AEC sector faced various
challenges due to limited resources, various outcomes, conflicting goals, and uncertainties
(L. Chen & Bai, 2019). All the potential decisions and strategies are evaluated using a
DSS. Besides the evaluation of the optimal strategy, a DSS could enable different ana-
lyses of the impacts of operational and financial conditions of the design and maintenance
plans to optimise the life-cycle costs of the system (Zoeteman, 2003). Even though a DSS
helps decision-makers to manipulate data and models, the traditional system only allows
for the decision-maker’s insights.

2.2.2 | Intelligent decision-making with explainable AI
The rise of AI comes with promising prospects for better decision support (Wanner et
al., 2022). AI is a term for any technique, such as digital twin technology, that enables
computers to imitate human intelligence and replicate human decision-making capacity
for complex tasks (Russell & Norvig, 2021). The system tried to mimic human qualities,
such as intuition, approximation, reasoning, and common sense, all to improve the abil-
ity of operators and decision-makers to perform better (Tariq & Rafi, 2012). However,
sometimes the intelligent DSS surpasses human cognitive abilities for specific tasks. An-
other difference compared to a traditional DSS is that the decision-rationale of intelligent
systems cannot be traced back conveniently (Wanner et al., 2022), which is a problem
because the decision-maker would want to reduce the uncertainty and ambiguity to gain
a sense of predictability and control (Kelton et al., 2008; Mayer et al., 1995; Wanner
et al., 2022).

Therefore, understanding a system’s behaviour in terms of transparency is a key
factor for establishing a trusting relationship between the intelligent DSS tool and the
user (Wanner et al., 2022). System transparency for intelligent systems is the ability
of a system to explain and reveal its decision rationale to the user via different types
of explanations to assist decision-makers in understanding and trusting the results and
outputs of the intelligent DSS (Klarin & Xiao, 2023; Peters et al., 2020; Wanner et al.,
2022). As the AEC sector is exposed to low-probability but high-consequence hazards,
the decision-maker needs to understand the decision rationale behind a recommendation
to accept it (Cha & Ellingwood, 2012; Shin et al., 2020).

Transparency of AI is confronted with the trade-off between providing accuracy and
ensuring explainability for the users. Complex AI models have a high potential to achieve
impressive levels of accuracy. However, they often lack transparency. On the other hand,
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simpler models might offer better understandable decision rationales, but predictive per-
formance is sacrificed. Thus, conforming to the safety requirements for infrastructure
assets, achieving a harmonious equilibrium between accuracy and transparency is essen-
tial. The transparency of the intelligent system’s recommendation is thus vital in the
AEC sector because transparency positively influences the user’s trust and system ac-
ceptance in the intelligent DSS (Cramer et al., 2008; Shin et al., 2020; Waqar, 2024).
To delve deeper into the complementary role of trust for system acceptance, the coming
section will explore trust in the context of intelligent DSS.

2.3 | Trust in digital twins
Next to the transparency of decision’s rationales of the intelligent DSS, trust has a crucial
role in system acceptance. So, the coming section will explore how the concept of trust
has evolved from a sociological idea to a key factor in technology acceptance.

2.3.1 | Definition of trust
Trust has been a well-used construct to explain relationships between people, people and
organisations, and people and technology (Montague et al., 2010). Of the different trust
types, interpersonal trust is the most appropriate for this research. This form of trust
focuses on a connection between two actors, where the trustee can be either a person or
an object, such as DSS. An often-used conceptualisation of interpersonal trust has been
described by Mayer et al. (1995). Mayer et al. (1995, p. 712) has defined interpersonal
trust as: ”Trust is the willingness of a party to be vulnerable to the actions of another
party (...)”. The reference to vulnerability indicates that something important needs to
be lost. Hence, trust implies that there is a willingness to take a risk (Kelton et al., 2008;
Mayer et al., 1995). Although trust establishes a connection between two actors, it is
inherently a one-way process where the trustor chooses to trust the trustee, regardless
of the trustee’s intentions (Ping Li, 2015). For the question of trust to become relevant,
there are three preconditions: uncertainty, vulnerability, and dependence (Kelton et al.,
2008; Mayer et al., 1995).

2.3.2 | Trust in computer technology
Interpersonal trust was analysed using various frameworks that described complement-
ary layers of interpersonal trust. This section will elaborate on how the frameworks from
social science were also applicable to trust in technology.

The concept of trust can be segregated into the preconditions that determined if
there is a situation that requires trust, the antecedents that determined if trust will be
given, and the dimensions that describe the trust relationship between the trustor and
the trustee. The first layer is formed by the three preconditions of trust as defined by
Mayer et al. (1995). The three preconditions - uncertainty, vulnerability, and dependence
- described the context in which trust became relevant. Without these conditions, trust
would be unnecessary. First, uncertainty might hinder a user’s trust in an intelligent
DSS if there is an absence of quality assurance standards, risks associated with inaccur-
ate information, or the user is highly dependent on the generated information as input
for a decision. The second requirement for trust formation is vulnerability. Users are
aware of their vulnerability, particularly when they feel overwhelmed by the information
presented by the intelligent decision tool without understanding the underlying decision
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rationale. Acting on recommendations that are not understandable can leave users feel-
ing vulnerable. Thirdly, the precondition of dependence mandates that the user (trustor)
has a need that the intelligent DSS (trustee) can fulfil. In information science, this often
involves seeking information to support the decision-making process (Kelton et al., 2008).

Following the preconditions, the framework by Mayer et al. (1995) also introduced
antecedents of trust. The antecedents determined if the trustor, the user, will trust the
trustee, the DSS. Based on the antecedents, the trustor will evaluate the trustee’s ability,
benevolence, and integrity to decide if the trust is justified. Ability addresses the tech-
nology’s necessary skills, competencies, and characteristics to fulfil its goals. Secondly,
benevolence describes the absence of self-centred motivations, while integrity represents
adherence to acceptable principles (Mayer et al., 1995; Völter et al., 2023). A DSS that
was open about its information sources and the principles guiding its recommendations
were more likely to be trusted by the users (Kelton et al., 2008).

The final component of trust was described by Lewis and Weigert (1985), who focused
on the trust relationship between the user and the DSS. They described the nature of trust
in two dimensions. They separated interpersonal trust into cognition-based ”rational”
and affect-based ”emotional” factors. Cognitive trust is based on the knowledge and evid-
ence of someone’s ability and achievement that requires prior experience with the object
of trust. The second dimension, affective trust, is formed from an emotional bond that
develops among all involved in the relationship. This distinction is useful when exploring
trust in technology. Here, users want to obtain evidence of reliability (cognition-based).
However, the user might also need further assurance through the technology’s design
elements that foster positive user sentiment and a sense of security, thereby satisfying
affective trust needs (Lewis & Weigert, 1985).

Together, the preconditions, antecedents, and dimensions showed how the concepts of
interpersonal trust could be adapted to digital technologies as the trust object (Lewis &
Weigert, 1985; Mayer et al., 1995). The future users would assess the trustworthiness of
a DSS by observing the reliability of its performance, the transparency of its processes,
and its design. This process is similar to trust development in human relationships,
which showed how interpersonal trust models can be applied to understand user trust in
intelligent technology.

2.4 | Technology acceptance
Adopting emerging technologies is often called technology acceptance (Vorm & Combs,
2022). The digital twin is an intelligent DSS. Exploring the factors leading to techno-
logy acceptance is essential to ensure the system’s adoption. This section will examine
the technology acceptance process for traditional DSS and then discuss the adjustments
required for intelligent systems.

Research on technology acceptance has primarily focused on using simpler informa-
tion systems compared to an intelligent DSS (Shibl et al., 2013). Moreover, the AEC
industry was notorious for individual acceptance of new information technologies, often
encountering resistance to change (K. A. Davis & Songer, 2009). Several theoretical mod-
els and frameworks are often explored to study technology acceptance. Alturas (2021)
has synthesized the available models, as illustrated in Figure 4. Notable is that some
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theories are extended from other theories and models. Alturas (2021) concluded that the
Technology Acceptance Model (TAM) and the Theory of Planned Behaviour (TPB) are
the most used model to investigate technology acceptance. The Unified Theory of Ac-
ceptance and Use of Technology (UTAUT) is the latest model, and the use of this model
has been increasing in recent years. Two limitations of the TPB are that it excluded
the unconscious intentions of the user because the model assumed that all individuals
are informed. They would make plans based on existing information. The second limit-
ation addressed that the user behaviour should be voluntary for the model to be applied
(Bhattacharya et al., 2024). These limitations negatively affect the model’s applicability
for this research, as the intended users would have to use the system as determined by
company policy and not based on their intentions of preferences (Nnaji et al., 2023).

Figure 4

An overview of adoption and acceptance models (Taherdoost, 2018).

Both the TAM and the UTAUT model adopted a Social Psychology view which cent-
ralises the individual user because both models are rooted in the Theory of Reasoned
Action (Shachak et al., 2019). The TRA states that an individual’s actual behaviour is
determined by their intention to perform a particular behaviour (Madden et al., 1992).
The two primary constructs of this theory are attitude and subjective norms, which can
vary depending on the situation and context (Fishbein & Ajzen, 1975; Madden et al.,
1992). Furthermore, TAM is known for its simplicity and broad applicability. How-
ever, Shibl et al. (2013) noted that due to its simplicity, the TAM might not capture
the complete picture of factors that influence user acceptance for complex and dynamic
technologies, such as a digital twin (Alturas, 2021). Therefore, it was determined that
the UTAUT would best fit the setting of this research, and this model would be further
examined.

The UTAUT was developed by Venkatesh et al. (2003) to unify the literature asso-
ciated with the acceptance of new technology. Based on their unique and significant
elements, the UTAUT has evolved from eight Information Technology (IT) acceptance
models. The eight models are the Technology Acceptance Model, Theory of Reasoned
Action, combined TAM and the TPB, Model of PC Utilisation, Diffusion of Innovation,
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Motivational Model, and Social Cognitive Theory. The result was a model (Figure 5) that
posits three direct determinants of intention to use: performance expectancy, effort ex-
pectancy, and social influence and two direct determinants of usage behaviour: intention
and facilitating conditions. In this model, behaviour intention explains the actual user
behaviour. Moreover, four moderating variables were identified: gender, experience, age,
and voluntariness of use to account for the dynamic influences, such as organisational
context, user experience, and demographic characteristics (Alturas, 2021; Shibl et al.,
2013; Venkatesh et al., 2003).

Figure 5

UTAUT model (Venkatesh et al., 2003).

A meta-analysis of the UTAUT model by Khechine et al. (2016) found that there
should be a strong focus on the system functionalities and features to improve its ac-
ceptance by end users. Even though the model was successfully used and extended in
many studies and contexts (see Williams et al. (2015)), Shibl et al. (2013) noted that the
applications for decision support systems have been limited. Trust has increasingly been
used to explain the human-technology relationship. However, this research has mainly
focused on contexts in e-commerce or digital payments. Therefore, it is significant to
extend the UTAUT with the concept of trust to explore the technology acceptance for
intelligent DSS in the AEC industry (Shibl et al., 2013; Völter et al., 2023).

2.5 | Trust & transparency
The UTAUT showed that several factors drive the use of systems. The models help
conceptualise how users perceive and come to trust such systems. Users have found de-
veloping trust in intelligent systems more challenging as they struggled to understand
their operations. Thus, users should be allowed transparency about the system’s func-
tions, components, and operations (Vorm & Combs, 2022). Transparent properties in AI
techniques provided users with cues for trust, allowing the users to use the algorithms
while feeling confident. So, people’s expectations toward algorithms are developed during
user actions. Motivations are formed while the user interacts with the AI techniques, and
expectations and motivations together embody trust and, in turn, system acceptance.
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2.5.1 | UTAUT extension
In the original form by (Venkatesh et al., 2003), the UTAUT did not consider trust. Sev-
eral studies proposed extensions of UTAUT with trust (Wanner et al., 2022). A frequently
adopted extension was created by McKnight et al. (2002). Here, the user’s intention to
trust is determined by the user’s willingness to depend on the system. The model de-
veloped by McKnight et al. (2002) recognised that trust could manifest in different forms.
Hence, different target audiences may need different trust-building strategies. This aspect
is particularly relevant for this study, as it involves diverse stakeholder groups. As dis-
cussed, transparency is critical to system acceptance because it enhances user confidence.
Consequently, to accurately capture the complexities of intelligent system acceptance,
the original UTAUT model is extended by Wanner et al. (2022) to consider transparency
and trust. The model is depicted in Figure 6.

Figure 6

UTAUT extension for intelligent systems (Wanner et al., 2022).

Figure 6 showed how the extension of intelligent system as developed by Wanner et al.
(2022) is fitted to the original UTAUT model of Venkatesh et al. (2003). Transparency
is added as the predictor variable called System Transparency, which represented the
user’s ”understanding of the system’s inner working mechanisms” (Wanner et al., 2022,
p. 2084) to retrace the decision rationales for specific recommendations. Trust is reflected
in the model via the two variables, Ability Beliefs and Trust Propensity Towards AI. A
transparent system would offer more insights into the decision rationale, enabling trust
in the system’s abilities. Moreover, a transparent system would also increase the user’s
tendency to trust the system. Altogether, a transparent system would result in an im-
proved user appraisal, and the user would expect better system performance. Likewise,
a transparent system would make it easier for the user to operate, thereby reducing the
expected effort they would need to exert (Wanner et al., 2022).

Although the attitude towards technology has not been included in the original
UTAUT, this construct is addressed in the extended model of Wanner et al. (2022) in line
with the theory of planned behaviour. From a cognitive perspective, users’ attitudes are
essential in determining behavioural attention to adopt a new technology (Huang, 2023).
Following standard practice, attitude is a mediator between performance expectancy or
effort expectancy and behavioural intention because attitude results from accumulated
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factors of the user’s environment. The different opinions about AI would only reinforce
the users’ strong positive or negative attitudes (Wanner et al., 2022).

The results of the study by Wanner et al. (2022) showed that the availability of
an explanation indirectly influences the expected performance, which was the dominant
influence factor. Nevertheless, Wanner et al. (2022) note that the model has only been
tested for medium-risk use cases, where wrong decisions did not endanger human lives.
However, it has been proven that user behaviour may differ in high-stake use cases,
resulting in human harm due to incorrect choices. Applying a DSS in the AEC sector
requires a deep understanding of the decision-makers’ attitudes towards risk, as civil
infrastructures are exposed to low-probability but high-consequence hazards. Decision-
makers would try to avoid risks when the consequences of an event increase or become less
certain, which emphasises the need for algorithmic services in models that are transparent,
accurate, and accountable (Cha & Ellingwood, 2012; Shin et al., 2020). Furthermore,
Wanner et al. (2022) noted that the UTAUT extended model is comprehensive, enabling
applications in multiple domains. Hence, this study aims to explore the application of
this model in a high-risk situation.

2.6 | Dashboards
A specific characteristic of the AEC industry that strongly differed from other industrial
sectors is the heterogeneity of a team of actors during the asset’s life cycle. Each involved
company, i.e. the owner, manager, and service provider, has its information system. The
different data structures are complicated to integrate into a standard view, resulting in
interdependence on the other stakeholders for complete and timely reports about the
status and changes. Nevertheless, formal reports are often delayed or incomplete. There-
fore, there is a need to have a clear dashboard that can synthesise data coming from the
different systems (Guerriero et al., 2008).

The main goal of any dashboard is to access the correct information at the right time
to allow decision-making. Therefore, the user would expect that the interface is easy to
understand and use, the functionalities should be intuitive and interactive, and the inter-
face should provide contextual and embedded knowledge. The usefulness of an intelligent
DSS is not based on the volume of generated information. Instead, it relies on the rel-
evance and whether it is provided when needed. Hence, a good interface comprises good
representation and efficient navigation (Korczak et al., 2012). Accounting for different
users ensures that the user could obtain the necessary information to make decisions. AI
human-centred techniques that include trust-based feedback loops will be essential for
developing such human-centred artefacts (Shin et al., 2020).

A dashboard is often built with visualisations because that enables the dialogue
between the user and the underlying data and allows the user to solve various tasks
and uncover insights (Nazemi & Burkhardt, 2019). Data visualisation exposes hidden
patterns, trends, and correlations that otherwise would not be detected. Hence, visu-
alisations would help create good storytelling in terms of understanding data and data
patterns. So visualisations would increase the transparency and, thereby, improve the
decision-making process (Protopsaltis et al., 2020). From the study by ten Klei et al.
(2022), it appeared that the different user roles in the dashboard should be carefully
designed. It is proposed that use case distinctions could be made on the responsibilities.
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The appropriate visual context would help the user to understand the significance and
reduce the effort to analyse the data manually.

From the research by J. D. Lee and See (2004), it was found that the trust of the
decision-makers in the results of the DSS is mediated by a dashboard, or in other words,
information trust is formed by the content and format of the display. The appropriate ex-
pectations can be formed by organising information via a design that supports analytical-,
analogical-, and affect-based assimilation. Trust may not develop appropriately if the de-
sired data is unavailable or incorrectly formatted, even though trust often depends on
surface features with no obvious link to the true capabilities of the DSS (J. D. Lee & See,
2004). Thus, sufficient attention should be given to creating the dashboard features of
the DSS.

2.7 | The current study
This literature review explored the factors influencing the acceptance of intelligent sys-
tems within a decision-support context. These insights shaped the selection of constructs
for this study’s model, and they highlighted the role of transparency in fostering trust,
which was central to the focus on intelligent DSS. First, it was discussed how intelligent
technologies influenced the decision-making process. A risk of intelligent technologies
is that the model becomes too complicated for the user to follow, which would result
in users not accepting the new system. Therefore, the literature review indicated that
transparency in the DSS ’s decision rationales is essential to build user trust towards the
system.

Furthermore, the acceptance of new technology is analysed using various models with
different characteristics. In this research’s use case, the users would be obliged to utilise
the new DSS by management, so the theories based on voluntary behaviour could be
excluded. Furthermore, the original models had to be extended with transparency and
trust to capture the technology acceptance process of an intelligent DSS. Therefore, it
was decided to follow the extended UTAUT model as developed by Wanner et al. (2022)
and to explore if this model would also fit a high-stake situation where consequences
could result in lost lives.
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3 | Methods
3.1 | Research approach
This section will explain the research approach to clarify its relevance to the research
questions.

3.1.1 | Overview
This research tried to answer two research questions. The first research question ex-
amined the roles of trust and transparency in accepting the digital twin as an intelligent
DSS for maintenance decisions. The second research question explored how the design of
the DSS’s dashboard could foster trust. Although the first research question was more
theoretically oriented, its findings informed the second question, making the two analyses
interdependent.

The research questions were investigated using a mixed-methods approach. This
approach combined a survey with insights from semi-structured interviews. This combin-
ation enhanced the overall strength of the project by leveraging the benefits of both qual-
itative and quantitative insights, as recommended by (Bryman, 2006; Creswell, 2013).
Bryman (2006) highlighted that mixed-methods designs would result in a more com-
prehensive view due to advantages such as completeness, utility, and context. These
advantages are valuable for applied studies aimed at providing actionable business re-
commendations. Figure 7 shows an overview of the methodology.

Figure 7

Research approach .
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3.1.2 | Research design
Delphi study
This study’s qualitative design was based on a Delphi study. This method is a structured
technique, which originates as a systematic, interactive forecasting method, and it relied
on a panel of experts (Goodarzi et al., 2018). Based on the principle that ”two know more
than one”, the method is a structured group communication process and aims to obtain
a consensus from a group of experts (Goodarzi et al., 2018; Niederberger & Renn, 2023).
In a Delphi study, the benefits of group decision-making are reaped while preventing the
limitations and undesirable interaction effects (Goodarzi et al., 2018). The Delphi study
has had various forms as summarised by Niederberger and Renn (2023). The Classic
Delphi is often called the two- or multiple-round interactions to find consensus for a spe-
cific issue. Therefore, the Classic Delphi is the best fit to follow.

Goodarzi et al. (2018) have reviewed the paradigmatic assumptions for the best set-
tings for a Delphi study. The panel size was found to be critical to the study’s success.
Goodarzi et al. (2018) concluded that there was little agreement on the ideal number
of experts, but a panel size between 10-20 occurred most frequently. Furthermore, the
researchers found that purposeful sampling was often used, where the researcher inten-
tionally selects individuals. Moreover, ideally, a Delphi study consists of four rounds.
However, the number of rounds can also depend on the available time and whether the
researcher starts the process with one broad question or with several questions. To suit
the participants, several studies have shortened to two or three rounds (Beech, 1997;
Goodarzi et al., 2018; Green et al., 1999). A drawback of the method is that the validity
and reliability are compromised due to the feedback’s value-led nature and the responses’
instability. Therefore, it is argued that the validity of a Delphi study would not de-
pend on the number of participants but rather on the expert knowledge of the panellists
(Goodarzi et al., 2018). The parameter settings of this study can be found in Table 1.

Table 1

Parameter settings for the Delphi study.

Parameter Value

Panel size 12 panellists

Sampling technique Purposive sampling

Number of rounds 2 rounds

Mock-up dashboard
A user-centred design process for the dashboard design entailed an interactive design and
evaluation of user interface prototypes. During the design cycle, mock-up prototypes
were used to elicit feedback from the prospective user. These low-fidelity prototypes are
generally more appropriate in the early design stages (Carter & Hundhausen, 2010). The
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development of dashboards was based on design procedures and following good practice.
To evaluate the proposal of the dashboard, the mock-up had to be complete enough to
demonstrate the value, and this is called a Minimum Viable Product (MVP) (Moogk,
2012). MVPs can minimise the needed resources and skills while gathering valuable
feedback with usable product versions. Although MVPs were not required to be fully
functional or aesthetically pleasing, an insufficient or disturbing user experience could
still negatively affect the feedback from the panel. Users would concentrate mainly on
the appearance of the user interface rather than its functionalities. Therefore, this risk
needed to be considered before the execution of this study. Nevertheless, Hokkanen et al.
(2016) emphasised the worth of creating an MVP to gather fast feedback compared to a
fully functional model. Nevertheless, the advice was followed to give sufficient attention
to the appearance so that the limited user interface would not distract from the proposed
dashboard.

3.1.3 | Sampling procedure and participants
This study’s population consisted of stakeholders in the project or individuals with rel-
evant knowledge of asset management, intelligent technologies, or both. Knowledge of
asset management is essential because it directly relates to the strategic planning and
maintenance of the assets, which will be a core function of the intelligent DSS that is
studied. Familiarity with the possibilities of intelligent technologies is also essential, as
these technologies enable advanced capabilities for data-driven insights and predictive
maintenance decisions. Together, these areas of expertise could ensure that participants
could provide informed perspectives on the DSS functionality, potential, and challenges.

Figure 3 shows the participants’ demographic data. Fourteen participants were asked
to participate, of which twelve were recruited (N = 12), which aligns with the advised
sample size of 10-20 panellists (Goodarzi et al., 2018). Of these twelve, 42% of the par-
ticipants were employed at Arcadis, while the remaining 58% were from other Players
in the industry (See Figure 2). Because asset management is a collaborative process
involving multiple stakeholders, including participants from outside of Arcadis, provided
additional perspectives on using intelligent technologies for asset management.

In the final sample, 83% of the participants identified as male and 17% as female.
Most participants were between the ages of 50-60 (50%). Moreover, 17% of the parti-
cipants were between 20-30 years old, 8% were between 30-40 years old, 17% were between
40-50 years old, and 8% did not disclose an age. Furthermore, 75% of the participants
held a university degree, and 25% finished a higher professional education degree (HBO).
58% of the participants indicated that they had 0-5 years of tenure in their current job
description, 17% had 5-10 years, and 17% had more than 10 years of tenure. Finally, the
majority of participants were asset owners (42%), followed by asset managers (25%) and
service providers (8%), with the remaining 25% categorised as other. All twelve parti-
cipants were sent the online questionnaire. As this research’s Delphi method will consist
of two rounds to ease the participants’ burden, 24 interviews were held.
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Table 3

Sample characteristics of the study participants, (N = 12).

Item Category Frequency (f) Percentage (%)

Gender Male 10 83

Female 2 17

Agea 20-30 2 17

30-40 1 8

40-50 2 17

50-60 6 50

Educationa HBO 3 25

WO 9 75

Tenure (years)a 0-5 7 58

5-10 2 17

>10 2 17

Type Asset owner 5 42

Asset manager 3 25

Service provider 1 8

Other 3 25

Note. HBO = Hoger Beroeps Onderwijs (a Dutch form of education which equals a professional
higher educational qualification), WO = Wetenschappelijk Onderwijs (a Dutch University de-
gree).
a Missing values.

The participants were approached in person or otherwise invited through an email or
a call, and an explanation and the study’s goal were included. Participants were asked
whether they would like to participate in the study. They were informed that they had
the right to withdraw from the study at any time and were assured of their responses’
anonymity and confidentiality.

3.2 | Data collection and analysis
3.2.1 | Data collection method
The participants were sent the online questionnaires beforehand to prepare for the in-
terview rounds. They were asked to complete the survey before the first interview. No
incentives were provided to the respondents to stimulate them to complete the survey.
The interviews were conducted physically or online via Microsoft Teams, depending on the
participants’ preferences. Independent of the location of the interview, audio recordings
were made, the tapes were then transcribed, and any personal information was identified
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and removed. The population sample consisted of both Dutch- and English-speaking
panellists. Therefore, the questions were translated into Dutch for the Dutch-speaking
participants to avoid the undesirable outcome of some participants refusing to particip-
ate, as they could feel uncomfortable. If a Dutch version of a measuring instrument
were available, it would be used. Otherwise, the instrument was translated following
the back-translation method when a Dutch alternative was unavailable. This method
entails that the researcher would translate the instrument (Tyupa, 2011). Furthermore,
Tyupa (2011) emphasised that for the process to be successful, it is a precondition that
the reviewer understands the nature of the questions and specific expressions. Therefore,
the translation was verified by the company supervisor, an expert in the AEC sector, to
confirm that the meaning in the target language closely matched that of the original.

3.2.2 | Survey content and analysis
Content
The survey aimed to explore the applicability of the extended UTAUT framework by
Wanner et al. (2022) (see Figure 8). Due to the small sample size, statistically validating
the model in this new context was not possible. Hence, this research aimed to explore
aspects of the model within the AEC context and to understand the present attitudes
towards these technologies.

Figure 8

Adjusted model for intelligent system acceptance (adapted from Wanner et al. (2022)).

Measurement items
The following section describes the measuring instruments, where Cronbach’s alpha was
used to indicate scale reliability for each instrument, where a value above 0.70 indicated
sufficient internal consistency (Cronbach, 1951). The complete overview of the survey’s
questions can be found in Appendix B.

The System Transparency Scale by Wanner et al. (2022) was used to measure the
degree to which the user believed the system was transparent. The scale used by Wanner
et al. (2022) consisted of one item from the research of Madsen and Gregor (2000) (e.g.
”I would understand how this system will assist me with decisions I have to make”) and
two items from the study by Cramer et al. (2008) (e.g. ”I would understand what this
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system bases its provided decision on”). The participants were asked to rate these items
on a 7-point Likert scale ranging from 1 (”Strongly disagree”) to 7(”Strongly agree”).
The composed scale was a reliable instrument with Cronbach’s alpha of 0.87.

The Ability Beliefs Scale was developed by McKnight et al. (2002) and later adap-
ted by D. Cheng et al. (2008). The scale consisted of three items (e.g. ”This system
would be competent in providing maintenance decision support.”). The participants were
asked to rate the items on a 7-point Likert scale ranging from 1 (”Strongly disagree”) to
7 (”Strongly Agree”). The scale was a reliable instrument with Cronbach’s Alpha of 0.89.

The Trust Propensity Towards AI scale was developed initially by M. K. O. Lee and
Turban (2001), but adapted by D. Cheng et al. (2008) and Wang and Benbasat (2007) was
used to measure the participants’ disposition to trust in technology. The scale consisted
of three items (e.g. ”My tendency to trust this system would be high”). The respondents
were asked to rate the items on a 7-point Likert scale ranging from 1 (”Strongly disagree”)
to 7 (”Strongly agree”). The scale was a reliable instrument with Cronbach’s alpha of
0.85.

Performance Expectancy was measured using the Perceived Usefulness Scale origin-
ally developed by F. D. Davis (1989), but adapted by Venkatesh et al. (2003). For this
study, Wanner et al. (2022) used this scale with four self-report items (e.g. ”Using the
system in my job would enable me to accomplish tasks more quickly”). Participants were
asked to reflect on how a new system would enhance their current activities by rating
the items on a 7-point Likert scale ranging from 1 (”Strongly disagree”) to 7 (”Strongly
agree”). The scale was a reliable instrument with Cronbach’s alpha of 0.91.

Effort Expectancy was measured using the Perceived Ease of Use Scale developed by
F. D. Davis (1989), but adapted by Venkatesh et al. (2003). The scale measured the dif-
ficulty users experienced while using the system. The scale consisted of four self-report
items rated on a 7-point Likert scale ranging from 1 (”Strongly disagree”) to 7 (”Strongly
agree”). Participants were asked to reflect on how much effort they needed for new sys-
tems (e.g. Learning to operate the system would be easy for me). The scale was a reliable
instrument with Cronbach’s alpha of 0.85.

Attitude Towards AI Technology scale used by Wanner et al. (2022) consisted of five
items from the study by Venkatesh et al. (2003). The items originated from the Intrinsic
Motivation Scale (F. D. Davis et al., 1992), the Affect Toward Use Scale (Thompson et al.,
1991), the Affect Scale (Compeau et al., 1999), and the Attitude Toward Behavior scale
(Peters et al., 2020; Taylor & Todd, 1995). Participants were asked what they thought
about the system (e.g. This system would make work more interesting). The scale was
reliable, with Cronbach’s alpha of 0.86.

The Behavioral Intention Scale ((Venkatesh et al., 2003)) was used to measure the
intention the participants had to use the system. The scale consists of three self-report
items, rated on a 7-point Likert scale ranging from 1 (”Extremely Likely”) to 7 (”Ex-
tremely Unlikely”). Participants were asked to reflect on when they intend to use the
system (e.g. ”If this system were available to me, I would intend to use this system”).
The scale was a reliable instrument with Cronbach’s alpha of 0.95.
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The final four questions were control questions, which indicated whether the parti-
cipant had mindfully completed the survey. Finally, the participants were asked two
open-ended questions to explore if they had any further comments on the topics of trans-
parency and trust in AI that should be incorporated into the qualitative analysis. They
were invited to leave their answer. Two questions were offered for guidance: ”How trans-
parent do you think an AI-based decision-making system should be? If possible, please
elaborate with an example” and ”In your opinion, how can trust in AI be increased in the
context of asset management?” .

Analysis
All statistical analyses were evaluated with IBM SPSS Statistics 28 (IBM Corp., 2021).
All individuals completed the study, so no participant had to be excluded from the ana-
lysis. Consequently, the data was inspected by computing descriptive statistics (means,
standard deviations). Furthermore, Skewness and Kurtosis were calculated to assess if
the variables were normally distributed. For a normal distribution, the Skewness and
Kurtosis should fall in the range of -2 to 2 (Field, 2009). Not all variables were normally
distributed. Therefore, Spearman’s Rank correlation coefficient was used to explore how
the variables interacted in a new context. The Spearman’s Rank correlation is a non-
parametric measure that can analyse the direction and strength of a relationship between
two variables (p < 0.05). The measure can take a value between +1 to -1. The inter-
pretation of the test is as follows: -1 entails a perfect negative association, 0 meant that
there is no association between the variables, and +1 entailed an ideal association of
the variables1. In the study by Wanner et al. (2022), the model was tested by a Struc-
tural Equations Model combined with the variance-based partial least squares regression.
However, this analysis is complex, and the sample of this study is too small to execute a
complex analysis.

Relying on a correlation analysis compared to more advanced methods, as the Struc-
tural Equations Model limited this study’s ability in various aspects. First, a correlation
analysis would show the strength of relationships and not causation. Therefore, this
research was not able to conclude whether one variable impacts another as advanced
methods would allow. Secondly, correlation analysis would simplify complex relations
by ignoring indirect relationships due to mediation or moderation. Thirdly, correlation
analysis would not provide an overall view of the model, which prevents generalisable
conclusions about the model’s overall suitability in the AEC sector. Nevertheless, the
correlation analysis enabled the exploration of the model elements that, as applied in the
manufacturing industry, would also be relevant in the AEC sector.

3.2.3 | Interview content and analysis
Content
During both interview rounds, the participants were asked semi-structured questions.
The first interview round posed difficulties in deciding the general questions that the ex-
pert panel would evaluate. A risk to avoid was that too specific questions could steer the
panel towards ideas that did not match their own. Referring back to this study’s research
questions, it was decided that the first round would have a two-fold focus. The first aim

1’Power Analysis of One-Sample Spearman Correlation Test’, ibm.com
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was to explore the participants’ views on the benefits, challenges, and limitations of data-
driven decision-making for asset management to supplement the questionnaire findings.
The second goal was to explore the participants’ information needs so they could do their
jobs.

The first interview round started with the researcher’s announcement that the answers
would be anonymous and that the answers should reflect the panellist’s opinion and not
necessarily the company’s vision where the participant is employed. Then, the interview
continued with a short explanation and two examples of how digital twins can be integ-
rated into the asset management process. Consequently, each participant received three
questions:

• What benefits or challenges do you see with using digital twins?
• Do you have any examples of past critical incidents or situations where different
information or recommendations would have been relevant?

• How would you like to retrieve and receive the information?

The questions together aimed to gather participants’ current challenges and explore
how new technology could help. Therefore, the first question focused on the participants’
thoughts on the benefits and challenges of digital twins and data-driven decision-making.
Additionally, these questions helped to determine the extent of the participant’s know-
ledge on the topic. The second question tried to dive deeper into the participants’ ex-
periences in asset management, where information was missed in the decision-making.
The final question explored how participants wanted to interact with a new DSS. The
interview guide can be found in Appendix C.

The second round of the Delphi study sought to investigate the interaction that the
participants would like to have with a new system. The complete interview guide of the
second round of the Delphi study can be found in Appendix D. The first round of the
survey yielded interesting results on the information requirements that would have been
explored further in this round. To give the participants a better idea about the potential
functionalities of an intelligent DSS for their job, they were asked to evaluate a mock-up
of the system. The mock-up comprised three pages (Appendix E). The interview started
with the home page, where an overview showed a score on the main performance measures.

Moreover, the availability of the tunnel appeared to be the highest concern of the
stakeholders, so the homepage also showed an overview of the causes when the tunnel
was closed. The other two pages reflected a civil engineering component, asphalt, and a
technical component, namely the lights. Both pages showed historical data and mainten-
ance predictions. After participants were asked to reflect on the functionalities and the
dashboard, they were asked questions about their trust in the data gathered from the
sensor. In the last question, participants were asked how they foresee the future of asset
management concerning predictive maintenance.

Analysis
The interviews were analysed using content analysis, a systematic inductive coding and
categorising approach to explore large amounts of textual information to determine trends
and patterns of used words, frequency, relationships, and communication structures. The
analysis consisted of the following sequential steps: (1) familiarisation with the data,

27



(2) generation of codes, (3) searching for themes, (4) reviewing the themes, (5) defining
and naming the themes, and finally (6) producing the report (Vaismoradi et al., 2013).
The Delphi study aimed not to verify a proposed design but to explore the design re-
quirements, which aligned with the inductive nature of content analysis (Azungah, 2018).

After the interviews, the researcher transcribed the recordings. Following Moretti et
al. (2011), non-verbal behaviour, sounds, or pauses were not transcribed. Subsequently,
the transcriptions were analysed according to the concept analysis method using the QDA
Miner Lite software program (Provalis Research, 2024). The best practices for the content
analysis described by Lacy et al. (2015) were followed to the best of the researcher’s ability.

A three-step approach was developed by Gioia et al. (2013) to create the content ana-
lysis model. The first step was to distinguish first-order codes, which consisted of parti-
cipants’ quotations and if they were found multiple times in the research. Consequently,
the first-order codes were grouped into second-order codes, building the foundation for
the theme development. The themes could be described as an overarching dimension that
accumulated the findings.
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4 | Results
4.1 | Quantitative results
4.1.1 | Descriptives
The descriptives and inferential statistics of the study’s variables can be found in Table
5. The variables System Transparency, Performance Expectancy, Effort Expectancy, and
Behavioural Intention were assumed to be normally distributed, with Skewness and Kur-
tosis within the range of -2 to 2. However, the variables Ability Beliefs, Trust Propensity
Towards AI, and Attitude Towards AI Technology did not meet the Skewness and Kur-
tosis requirements. Therefore, not all variables are assumed to be normally distributed.
Across all participants scores, the average System Transparency was 5.40 (SD = 0.89),
Ability Beliefs was 5.36 (SD = 1.43), Trust Propensity Towards AI was 5.00 (SD = 1.29),
Performance Expectancy was 4.89 (SD = 1.28), Effort Expectancy was 4.89 (SD = 1.27),
the Attitude Towards AI Technology was 5.72 (SD = 1.07), and Behavioural Intention
was 6.23 (SD = 0.75).

Table 5

Descriptives and correlations of the research variables (N = 12).

Variables M SD SK Rku 1 2 3 4 5 6 7

1. System
Transparency

5.40 0.89 -0.61 0.65 - - - - - - -

2. Ability
Beliefs

5.36 1.43 -1.38 2.19 0.53 - - - - - -

3. Trust
Propensity
Towards AI

5.00 1.29 -0.99 2.36 0.64* 0.14 - - - - -

4. Performance
Expectancy

4.89 1.28 -1.00 0.49 0.65* 0.58 0.63* - - - -

5. Effort
Expectancy

4.89 1.27 -0.24 -1.04 0.09 0.47 -0.04 0.60 - - -

6. Attitude
Towards AI
Technology

5.72 1.07 -1.19 2.28 0.51 0.45 0.61* 0.79** 0.41 - -

7. Behavioural
Intention

6.23 0.75 -0.33 0.69 0.48 0.50 0.17 0.74** 0.48 0.39 -

M = Mean, SD = Standard Deviation, SK = Skewness, Rku = Kurtosis.
* p < 0.05, ** p < 0.01.
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4.1.2 | Correlations
Furthermore, Spearman’s rank-order correlation was computed to explore the relation-
ships between the variables. Several significant relationships among the variables were
discovered. System Transparency was moderately and positively correlated with Trust
Propensity Towards AI (rs = 0.64, p < .05), suggesting that greater perceived transpar-
ency in the system was associated with a higher tendency to trust the system. Addition-
ally, System Transparency was moderately and positively correlated with Performance
Expectancy (rs = 0.65, p < .05), which might indicate that users who perceive the system
as transparent, may also perceive it as more likely that the system would perform well.

Moreover, a moderate and positive correlation between Trust Propensity Towards AI
and Performance Expectancy was found (rs = 0.63, p < .05), suggesting that users who
were inclined to trust AI, may also expect a higher system performance. Furthermore,
there was a strong positive correlation between Performance Expectancy and Attitude
Towards AI Technology (rs = 0.79, p < .01), implying that users who expect performance
benefits while using the system may also hold favourable attitudes towards AI. Finally,
the positive correlation between Performance Expectancy and Behavioural Intention (rs
= 0.74, p < .01) pointed to an alignment between expected performance improvements
and the intention to use an intelligent system. All correlations can be found in Table 5.

The goal of the questionnaire was to obtain the answers to the first research question,
which explores the role of trust and transparency in the acceptance of an intelligent DSS.
Due to the small sample size, it was decided to refrain from testing the model with ad-
vanced statistical analyses. Nevertheless, the Spearman Rank correlation of the variables
showed that several relations are as proposed in the original model.

Therefore, the quantitative results influenced the questions for the first round of the
Delphi study. To further explore how transparency might affected the respondents’ trust
towards the system, they were asked to provide examples of critical incidents where
information was insufficient or unclear. Additionally, for the role of trust in intelligent
system acceptance, the Delphi study explored the participants’ attitudes towards system-
generated recommendations.

4.2 | Qualitative results
4.2.1 | First round
After the interviews were conducted, they were transcribed and analysed through a con-
tent analysis approach as described in Chapter 3. This study’s first research question
aimed to explore if the framework by Wanner et al. (2022) could be used in a new
context. Since the sample size was too small to test the model, the content analysis
complemented the quantitative analysis in uncovering background ideas and emerging
themes that could help in the application of the framework. These insights contributed
to a deeper understanding of the framework’s relevance.

This research employed a two-round Delphi study design to investigate these themes.
The first round focused on the current procedure of asset management and what im-
provements and challenges the participants foresee. Although the first round aimed to
generate a broad understanding and identify the most relevant issues, several essential
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findings emerged that could help to understand further the effect of System Transparency
and trust on Behavioural Intention to use an intelligent DSS.

Explanations on the framework
The correlation analysis suggested several significant correlations between the variables.
However, all relationships between the variables were touched by the participants in the
interviews. This section will state how the participants thought that transparency and
trust would influence their acceptance of an intelligent DSS.

The quantitative results represented the importance of system transparency. Mul-
tiple participants confirmed this suggestion. For example, Participant 1 said, ”I need to
be able to explain every decision because I am accountable for any safety issues. It is
not an option to go with a recommendation that I do not understand when safety is the
most important objective.”. Furthermore, Ability Beliefs was not found to correlate with
any other variable. However, answers around this variable were mentioned with a cer-
tain caution: ”I could trust the system once it has proven to provide accurate predictions
and recommendations.” (P11). Another example was of Participant 2, who would first
want the system to succeed on small aspects before the system would be used for big
decisions: ”I would first use the system for small decisions so that it can prove its re-
liability. Afterwards, we can give the system more responsibilities. Like in stages.” (P02).

Additionally, participants supported the positive correlation between System Trans-
parency and Trust Propensity Towards AI during the interviews. As Participant 7 stated,
”The more I can follow the system’s reasoning, the more comfortable I would feel trust-
ing its recommendations.”. Similarly, participants could support the correlation between
System Transparency and Performance Expectancy: ”Understanding the logic behind the
system’s reasoning would help me see how the system can aid me in my work.” (P03).
Concerning effort expectancy, no correlations were found in the correlation analysis. An
explanation might be that participants did not see a connection between intelligent tech-
nologies and the way they would operate the system: ”Even if I understood the system’s
recommendation, it would not make the process of using a new system easier. The in-
terface would be new, and that requires a lot of learning.” (P02). Participant 02 also
explained the lack of correlation between Effort Expectancy and Behavioural Intention:
”Even if the system is user-friendly, I am not sure if it will be useful enough to use it
regularly”.

Although Trust Propensity Towards AI was suggested to correlate with Performance
Expectancy (”AI is everywhere, and I trust is also in my normal life. Because of that, I
think it would also improve our performance in asset management.” (P06)) and Attitude
Towards AI (I trust intelligent technologies to make accurate decisions, so I feel positive
about using it our daily operations” (P01)), no direct correlation was found to Behavi-
oural Intention. As Participant 4 mentioned, ”I might trust the technology to give me
recommendations, but I need more time and experience with the system before I feel com-
fortable making decisions solely based on its recommendations.”. Finally, the quantitative
results indicated a positive correlation between Performance Expectancy and Behavioural
Intention because individuals are more likely to adopt a system if they believe it will en-
hance their performance: ”I believe this system would help me to make better decisions
so that I would use the system.” (p09).
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Additional findings
Besides exploring the relationships of the technology acceptance process, the first round
aimed to discover what participants thought about the change to data-driven decision-
making and trusting recommendations made by system predictions. These results are
described in this section.

Notably, participants highlighted that they see the need for more data-driven decision-
making. The first reason was that many decisions are now based on maintenance expert
knowledge. As Participant 5 explained, ”We do not know the limits of an asset and what
would happen, that is hard to predict. Often, it is based on experience or gut feeling,
which is not technically substantiated”. Participant 11 voiced the worry that ”It might be
cheaper and more efficient to have some unexpected maintenance, than that I have to buy
many sensors that have to be maintained and that break or fail as well.”. Additionally,
Participant 2 mentioned, ”With sensors, we have measured the vibrations of the ventilat-
ors, and we found out that we could not calculate a prediction or failure prognosis from
that. So it did not make sense”.

Furthermore, participants indicated that their awareness of the value of data has in-
creased. However, participants indicated that much data gets lost. As Participant 11
explained, ”Much get inspected, but that disappears partly on paper and get scanned into
the maintenance systems. If you are lucky, some get converted to data. However, most
inspections only result in a checkbox. Then we cannot track the changes.”. Participant
9 also emphasised that retrieval of data was difficult: ”Every week an export was made
and put somewhere on a shared drive. We could download it from there”.

Finally, some participants showed to be on the edge before adopting recommenda-
tions from an intelligent DSS. As Participant 3 stated, ”I do not think you can generate
valuable insights based on statistics. You might get presented with too many correlations.
Statistics cannot determine what is insightful or relevant for me.”. However, Participant
5 noted how an intelligent DSS could complement the current process: ”If the current
system says we have to close the tunnel, then that will happen. That does not mean that
everyone understands why the system says this. It would be nice if a new system could
offer an explanation why the action should be taken.”

In general, participants voiced mixed messages about the implementation of an intel-
ligent DSS in asset management. On the one hand, participants felt the need to digitalise
and become more data-driven in maintenance planning. On the other hand, several chal-
lenges were mentioned. These findings of the first round informed the development of the
second round.

4.2.2 | Second round
The second round of the interview aimed at exploring the information requirements of the
stakeholders and how they would like the information to be presented. From the findings
of the content analysis, four categories emerged based on the participants’ responses. The
development of these themes and codes was done according to the Gioia method (Gioia
et al., 2013). The first step was to inspect all transcripts and highlight the quotes that
occurred in multiple interviews, which formed the first-order codes. Then, the first-order
codes were analysed and grouped into second-order codes. The themes were determined
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based on the over-arching subjects for the second-order codes. This process resulted in
a data structure as depicted in Figure 9 and Figure 10. From the qualitative analysis,
the themes of Value Proposition, Trust, Data, and Engagement emerged. These themes
provided a representative view of the factors that influence technology acceptance accord-
ing to the participants. Additionally, the themes highlighted the interconnected nature
of user perceptions and interactions with the system.

Value Proposition reflected how participants assessed the benefits and disadvantages
of the system, which influenced their willingness to adopt it. Meanwhile, Trust em-
phasised that the user’s trust is built through accountability, proof of reliability, quality
performance, and addressing scepticism by demonstrating the system’s credibility and ef-
fectiveness. The Data theme represented the participants’ views on how the data should
be handled to ensure it can be used in the system’s predictions. Finally, Engagement re-
flected the participants’ ideas on how they can understand and engage with the system’s
recommendations.

The results of the content analysis are presented in four parts, ranked by the number
of interviews in which each theme appeared during the analysis. For each theme, an
overview will be presented that elaborates on the codes. The codes were recurring ideas
that the participants mentioned. The frequency column indicated how often each code
was mentioned, which reflected the relevance or the emphasis the participants placed on
a concept. Finally, the last column provides illustrative quotes, offering direct insights
into the participants’ perspectives and supporting the qualitative interpretation of each
code.

Theme 1: Value Proposition
The first theme concerned the Value Proposition that an intelligent DSS would entail for
the participants. Table 6 shows the overview of the findings which emerged if participants
were asked why they would use an intelligent DSS. Further aspects of the Value Propos-
ition are concerned with the advantages, disadvantages and conditions that the system
should meet in order to perform. Many participants indicated that they would value a
DSS to be able to improve the asset management process: ”Currently, this is classical
monitoring and all visions are lacking: practical and strategic” (P06). The financial ar-
gument was two-fold, as indicated by the participants. Some participants thought about
which costs could be reduced or even eliminated: ”What will be the cost savings when
going from planned to predictive maintenance? Will we really make fewer costs or are we
mostly saving on sudden repairs?” (P09). Other participants voiced worry that the addi-
tional sensors and analyses would cost more than they would yield. Therefore, it should
be determined carefully which features should be monitored: ”What can we do with it?
Is it overkill or is it not enough to formulate a model that enables predictions? Because
otherwise, it is just a waste of time, money, and resources” (P05). The category of pre-
paration was crucial to make the DSS profitable. Participant 07 indicated: ”Define the
most important things and get rid of the rest of it. Abstraction is the hardest thing to do.”.

Another concern of the participants, which could have been avoided with the use
of the DSS, was knowledge management about both the tunnel’s objects as the expert
knowledge. Participant 12 mentioned: ”At one point, the concrete cracks. But at that
point, it is too late, and no one knows whether the first observation of the event was two,
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four or eight years ago”. Moreover, participants mentioned that the asset life cycle is
very long, as the object is designed for approximately a hundred years. Therefore, it
was important to store information and good practices to retrieve later: ”(...) compile
everything better, so the knowledge will be saved. Also, more attention should be given
when people change jobs.” (P05). To add to the argument of knowledge management,
multiple participants agreed that knowledge and information should no longer be retained
per company, but there should be more collaboration between the asset owner, asset
manager, and the service provider: ”We have to do something so that it can be exchanged
between different parties” (P03). A final issue on the value proposition that stakeholders
addressed was the accessibility of data. Currently, several digital monitor practices have
already been implemented. Still, the information has disappeared in the system: I think
we have much information, but much is also just not used at all!” (P05).

Theme 2: Trust
Regarding the respondents’ trust in data-driven maintenance recommendations, the par-
ticipants mentioned some aspects that should be considered when implementing an in-
telligent DSS (Table 8). The first aspect was the quality of the recommendation: ”In
general, The Netherlands and the infrastructure are very risk-averse.” (P09). Any ac-
cidents in the asset might have major safety consequences, and the participants felt a
high responsibility to avoid any incidents. If an accident happens, they would be held
accountable: ”Eventually, it is about making the whole process more transparent and to
ensure it is clear why certain choices are made. In case of any accidents, we cannot
hide behind a model. We are responsible, and we have to take this responsibility.” (P09).
Some participants further argued that to ensure the safety of the asset, it was important
that a new system proved itself before they could trust it: ”You should be able to ask the
system a question. Then, there should be an explanation, so I can verify if this is right
or not right. That’s how you can foster acceptance.” (P05).

The nuance of the proof code was further highlighted as a participant indicated: ”It
does not matter if you have a false positive sometimes. The most important thing is
that false negatives are avoided!” (P03). Furthermore, some participants expressed some
doubts about the feasibility of an intelligent DSS. They thought that a data model would
not be able to capture the whole picture: It did not add value, too much unreliable data,
no accurate data, so we quit. You would get restless because every time you thought
that something was happening, while actually, nothing happened. Because it was not
measurable. Oh well...” (P05).
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Figure 9

Data structure for the themes: Value Proposition and Trust.
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Figure 10

Data structure for the themes: Data and Engagement.
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Table 6

The codes associated with the theme value proposition.

Code Frequency Response

Proactive 27 ”Do we look at the whole picture? What are
the underlying errors, and can we prevent
them from happening in the future? For
example, by making changes or doing things
differently.”

Financial 24 ”You should determine based on risk and
profit. Where are our biggest costs located,
and where do I encounter problems.”

Knowledge management 17 ”Knowledge has to be stored consciously.
Otherwise, no one in two generations will
know about it. That’s why storing expert
knowledge is so important.”
”The most important thing is if you develop
something and the collaboration stops, that
the knowledge does not disappear.”

Preparation 15 ”Think carefully about identifying the failing
mechanisms before randomly installing
sensors.”

Collaboration 14 ”Data should be accessible by all the involved
parties, so we can look together at what we
are doing and what we are going to decide.”

Accessibility 12 ”To be able to make strategic choices and a
strategic planning, the data should be
accessible to gain insights.”

Note. An overview of the codes and how frequently participants mentioned a code during the
second round of interviews. The appearance of a code could either have a positive or negative
connotation.

Theme 3: Data
The third theme related to the data that needed to be captured, used, and analysed.
This theme could be categorised into four themes, as can be seen in Table 10. The
most mentioned argument was that the Availability of the data was poor. Sometimes
necessary data could not be found any more: ”Often there is wrong information, too
much information, or too little information to base your decisions on (...) But very
often, you miss the information to be able to check if you comply with your objectives.”
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Table 8

The codes associated with the theme trust.

Code Frequency Response

Quality 19 ”A system is worth nothing to me if it is not correct”

Accountability 17 ”If an accident happens, we cannot hide behind a
model. We have to be able to explain why choices were
made and that all steps in the process have been
carefully considered and executed.”

Scepticism 15 ”There are too many unpredictable variables in asset
management to fully rely on a model”

Proof 14 ”If a system has proven that it works, then you should
trust it. You cannot know everything yourself.”

Note. An overview of the codes and how frequently participants mentioned a code during the
second round of interviews. The appearance of a code could either have a positive or negative
connotation.

(P01). Furthermore, as many Dutch assets were built before the digital era, information
is available in archives, or it is just lost over the years, ”Strategic and operational data is
stored at multiple locations. Often in documents and not in dashboards. So yes, that is
not user-friendly at all.” (p12). Moreover, if the required data was available, participants
mentioned that it was hard to retrieve. Much was stored in separate documents, which
all have to be searched if older data is required. Most participants acknowledged that
the current way of storing data would not be viable in the long-term: ”A certain building
method, the strength of your construction because of potential construction in the area or
subsidence, you name it. You always need to reproduce that information.” (P03). One
participant proposed a solution to store information on the asset level instead of per
stakeholder: ”So that has to be the first step. Transfer from document-based to model-
based. And also ensure that information can be exchanged between organisations.” (P12).
Nevertheless, this solution required the information systems from the stakeholders to
be connected. Therefore, several participants mentioned that there was a high need for
standardisation in the industry and even within the company ”It would be nice if we could
standardise more, more concepts that we all are going to use.” (P02).
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Table 10

The codes associated with the theme data.

Code Frequency Response

Availability 18 ”It originates from different sources. It is not
combined. But also it is not findable. We have a lot,
but not everyone even knows what we have, which is a
problem.”

Retrieval 16 ”Documentation is not read well (...), or it is tough to
extract the information, like the actions listed in the
document.”

Storage 13 ”The source data should always be stored.”

Standardisation 10 ”Let’s make some standard and adhere to it, then it
doesn’t matter what asset you monitor, but there will
be fewer specific exceptions.”

Note. An overview of the codes and how frequently participants mentioned a code during the
second round of interviews. The appearance of a code could either have a positive or negative
connotation.

Theme 4: Engagement
The final theme is concerned with how the respondents viewed the mock-up of the DSS’s
dashboard. All participants have seen the same dashboard without a differentiation in
their role in the asset management process. Consequently, many different data aspects
and analyses were depicted on the different pages, and each participant could comment on
what they did or did not like or would use. The codes of this theme could be categorised
into three themes (see Table 12).

The most mentioned comment was that a prospective dashboard should be tailored
to each stakeholder’s activities. Now, the dashboard gave too much information at the
same time, which led participants to doubt where to focus and what information was
important or could be ignored for the time: ”It would be better to have a strategy for who
needs what data by persona and then share it on that basis.” (P07) and Participant 05
added: ”Eventually you will see problems everywhere. You have to be cautious of that.
Because the more you present, the more you think that something is happening, while it
is not that bad at the moment.”. Secondly, participants were pleased to see the potential
analyses. However, the type of analyses differed per stakeholder. The service provider
was more interested in: ”I need information on each object specifically. And I would like
to see it in a model to see where in the asset this is happening.” (P04). In comparison,
the asset manager preferred an analysis that builds on observations and how the event
could be avoided the next time: ”What is the behaviour of your lighting and its output?
And how does it relate, for example, to factors like pollution?” (P12). Moreover, the asset
owner would like to have more strategic insights: Now that we know the potential causes.
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I want an analysis where AI calculates which potential solutions are the best concerning
feasibility, costs, and sustainability.” (P03). Finally, the participants thought that the
dashboard was easy to navigate and the goal of each part was clear: ”It provides a sense
of understanding and insight into the reports that are produced but do not lead to further
overviews or decision-making.” (P03).

Table 12

The codes associated with the theme engagement.

Code Frequency Response

Overload 19 ”You can manipulate various parameters, so the
graphs will present you something that you like or
want to see. But is it even realistic?”

Analyses 17 ”I like the predictive and proactive component, one
that can provide advice, anticipate events in
advance, recognise trends, relationships, and
intersections. That is the future.”

Understandability 13 ”It gives feeling and insights to the reports that are
now produced but do not lead to further overviews
or choices. Combining reports offers better insights.”

Note. An overview of the codes and how frequently participants mentioned a code during the
second round of interviews. The appearance of a code could either have a positive or negative
connotation.

In conclusion, the content analysis aimed to discover the participants’ views on using
intelligent a DSS. Based on the participants’ answers, four key themes emerged: value
proposition, trust, data, and engagement. The frequency with which these themes were
mentioned across the interviews indicated the emphasis the participants placed on each
theme. Illustrative quotes were incorporated to provide direct insights into the parti-
cipants’ perspectives and to show the nuances of the perceived benefits and drawbacks.
Overall, the qualitative analysis suggested that participants would recognise the value
proposition of an intelligent DSS. Still, the aspects of trust, data, and engagement need
to be addressed before the value could be realised.
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5 | Discussion
5.1 | Results summary
To better understand intelligent system acceptance in a unique context, this study ex-
plored how intelligent DSS could be implemented for infrastructure asset management.
It examined the possibility of applying existing technology acceptance frameworks from
other industries to the AEC industry. Moreover, the research explored the roles of System
Transparency and Trust Propensity Towards AI in the intelligent technology acceptance
process. Lastly, based on a case study in the Waterwolftunnel, the requirements of such
a system were investigated. These research objectives were analysed using the input of
twelve asset management experts.

The analysis of existing technology acceptance frameworks led to the adoption of the
UTAUT framework for intelligent systems by Wanner et al. (2022). A survey was con-
ducted to explore the applicability of this framework. The quantitative results suggested
that several relations hold as proposed by the framework. Participants appeared to have
a higher Trust Propensity Towards AI when the system would be transparent. Fur-
thermore, System Transparency seemed to positively influence Performance Expectancy,
which indicated that System Transparency might enhance participants’ expectations of
improved performance when using an intelligent system. A similar pattern was observed
between Trust Propensity Towards AI and Performance Expectancy. This pattern sugges-
ted that participants with a higher tendency to trust are more likely to expect improved
performance when using the system. The connection between Performance Expectancy
and Attitude Towards AI Technology also appeared to be relevant in the AEC context
as well, as higher performance expectations correlated with a more favourable Attitude
Towards AI Technology. Finally, Performance Expectancy may positively affect users’
Behavioural Intention to adopt systems based on intelligent technologies.

Additionally, semi-structured interviews were conducted to complement the survey
on technology acceptance in this unique context and to explore how a dashboard could
be designed to guarantee transparency and foster trust. The content analysis revealed
four thematic clusters that influence the acceptance and adoption of an intelligent DSS
in the AEC sector. The most important theme was Value Proposition according to the
participants, which aligns with the quantitative result on performance expectancy. Parti-
cipants’ expectations of improved performance due to an intelligent DSS were reflected in
their perception of the technology’s value and ability to meet their needs. Trust emerged
as the second theme, where participants emphasised the importance of system reliability
to prevent any life-threatening accidents. The third theme, Data, highlighted the need for
easily accessible data to support decision-making and understand the system’s rationale.
Lastly, engagement was identified as critical for ensuring user interaction with the system.
Participants pointed out the importance of an intuitive and user-friendly interface that
would meet their needs to foster continued use.

Altogether, the quantitative and qualitative results highlighted the importance of
System Transparency, the right expectations, and trust in AI in driving the acceptance
of an intelligent DSS in the AEC sector.
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5.2 | Interpretation of the findings
This study investigated how trust in AI could be fostered to increase the acceptance of a
new intelligent DSS. Furthermore, this study explored how transparency could affect the
user’s trust towards the system. The second aim of this study was to explore how the
findings from the first objective could be applied when designing a user-friendly dashboard
for the intelligent DSS while keeping in mind the different information requirements
per stakeholder. The results will be interpreted following the structure of the research
questions.

5.2.1 | The effect of trust on system acceptance
The first research question was divided into two sub-questions. Therefore, these two sub-
questions will be discussed first so they could act as a guide towards the answer to the
first research question.

Technology acceptance models for intelligent DSS
This research explored technology acceptance models and theories that could be applied
to intelligent DSS to evaluate how a new intelligent DSS would be used and accepted by
its users. Therefore, the first sub-question was: Which technology acceptance model could
be applied to an intelligent DSS?

From the literature review, it appeared that the three most common technology ac-
ceptance models are the TPB, the TAM, and the UTAUT in the field of information
management. From these models, the UTAUT model fitted this study’s purpose the
best. The UTAUT is more complex than the other two models, which allowed for better
adaptation and extensions to different research contexts. After further exploration of the
UTAUT model, it became clear that the adoption by Wanner et al. (2022) would fit best.
Here, the original UTAUT model was extended with the variables System Transparency,
Ability Beliefs, Trust Propensity Towards AI, and Attitude towards AI Technology to
capture the factors involved with intelligent technologies.

The inclusion of Trust Propensity Towards AI and Attitude Towards AI reflected the
high-risk nature of the AEC sector, where trust played a critical role in system accept-
ance (Wanner et al., 2022; Wijnia et al., 2023). Failures in this context could lead to
life-threatening consequences, so system users must believe in the system’s reliability and
capability (Wijnia et al., 2023). These variables were particularly relevant in the AEC
sector, where users’ beliefs about the reliability and capabilities of intelligent technolo-
gies can significantly influence their willingness to adopt such systems (Wanner et al.,
2022). The need for System Transparency is included due to the involvement of multiple
stakeholders with financial stakes. Transparent systems that clarified the decision ra-
tionale behind recommendations could help built trust and enable informed and efficient
decision-making among the stakeholders.

In conclusion, the first sub-question can be answered by identifying the UTAUT frame-
work, as extended by Wanner et al. (2022), as the best suitable model for studying the
acceptance of intelligent technologies in the AEC sector.

The effect of transparency on trust
Now that the previous question established that variation of the UTAUT model by Wan-
ner et al. (2022) as the best framework to capture the essence of this research, the role of
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transparency on the tendency to trust could be explored. Hence, the second sub-question
was answered as follows: What is the effect of transparency in the system’s recommend-
ation of the user’s trust in an intelligent DSS?

From the quantitative results of this study, a significant and positive relationship was
suggested between System Transparency and Trust Propensity Towards AI. This finding
was in line with the framework of Wanner et al. (2022) and it is consistent with prior
research showing positive effects of transparency on the cognition-based part of trust
(Cha & Ellingwood, 2012; Shin et al., 2020; Waqar, 2024). The quantitive result was
also supported in the results of the Delphi Study, where participants often indicated
that they needed to have insights into the decision features of the system, especially
while the system was new and still had to prove its capabilities. However, the influence
of transparency on trust might diminish when the system’s recommendation is aligned
with the user’s expectations. In these situations, the user might feel a baseline level
of trust towards the system without needing additional insights, as they agree with the
system’s recommendations (Kizilcec, 2016). On the other hand, transparency would be
essential for trust when the system’s recommendations were not aligned with the expect-
ations. An intelligent DSS could generate recommendations based on unfamiliar features
or strategies. Consequently, without clear insights into the system’s decision rationales,
the user would experience doubt, which could lead the user to disregard correct recom-
mendations (Schmidt et al., 2020).

Furthermore, the survey results suggested that System Transparency might positively
influence Performance Expectation, which was in line with the framework of Wanner
et al. (2022). System transparency would help the user to become aware of the sys-
tem’s complexity and added value, which enhanced their expectations of its capabilities.
Intelligent systems based on machine learning are known to outperform traditional sys-
tems and even human performance, which reinforced the users’ perceptions of increased
performance potential (Shin et al., 2020). This link between System Transparency and
Performance Expectancy was further emphasised during the interviews. When parti-
cipants were introduced to a prospective system that could optimise multiple factors to
improve maintenance decisions, their expectations of the system’s performance rose ac-
cordingly.

Hence, the answer to the second sub-question is that transparency positively influ-
enced the user’s trust in an intelligent system. By providing transparent insights into
decision-making processes, transparency fostered trust and increased user confidence in
the system’s performance. Therefore, transparency is critical for encouraging trust and a
positive performance outlook, particularly during the implementation of the new system.

Trust and system acceptance
With the two sub-questions answered, the effect of trust in the acceptance of intelligent
DSS could be further explored. The first research question was: What is the role of trust
in AI in the acceptance of an intelligent DSS?

A direct answer to this research question could not be found in the quantitative
analysis because Trust Propensity Towards AI was not significantly correlated with Be-
havioural Intention. Nevertheless, this result aligned with the findings of Wanner et al.
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(2022), where Trust Propensity Towards AI was found only to have an indirect relation-
ship with Behavioural Intention. These results built on existing evidence that trust is
not always necessary for actual use in non-critical situations (Logg et al., 2019). Even
though some maintenance aspects have a high-critical aspect in the AEC sector, e.g.
ventilation turbines in case of a fire. The high-critical scenarios are focused on long-term
maintenance planning concerning replacements or completely new installations. How-
ever, most routine maintenance is small and short-term focussed without a critical direct
effect, e.g. changing a light bulb. Therefore, the finding that Trust Propensity Towards
AI is not directly related to Behavioural Intention can be explained for the AEC sector.
Nevertheless, a mediated path by performance expectancy was suggested from the results.

Performance Expectancy mediates the path from Trust Propensity Towards AI to
Behavioural Intention. Users with a high tendency to trust AI are likelier to believe that
the DSS would help them achieve better performance outcomes. Trust in the system’s
abilities directly influences the belief that the technology could be beneficial in complet-
ing their tasks (Wanner et al., 2022). Consequently, when the user believed that a new
system would improve their performance, they would be more confident using it, which
led to a stronger intention to accept the system (Venkatesh et al., 2003).

This study did not find the second indirect path from Trust Propensity Towards AI to
Behavioural Intention, mediated by Attitude Towards AI Technology. Nevertheless, a sig-
nificant correlation was suggested from Trust Propensity Towards AI to Attitude Towards
AI Technology (Wanner et al., 2022). This relation between Trust in AI and Attitude
was tied to the notion of perceived consequences. Trust in the system enabled positive
expectations that the system was reliable and that no harmful consequences would occur
if the user operated the system for monitoring and predicting (Grabner-Kräuter & Faul-
lant, 2008). The qualitative data also corroborated this relationship because participants
indicated they were favourable towards an intelligent DSS when it was proven reliable.

An important note is that this study has viewed trust in intelligent systems as bene-
ficial. However, the danger of having too much trust in the system should be addressed
as well (Shibl et al., 2013). If users had too much trust in the system, there could be
a risk that the system would be misused, resulting in safety-critical situations (Harrison
McKnight & Chervany, 2001; J. D. Lee & See, 2004). In case of distrust, the user would
not expect that the system would help to reach better performance, thereby reducing the
intention to use and eventually accept the system (Shibl et al., 2013). This study did not
consider overtrust, as the users could not directly interact with the system, and therefore,
it was impossible to investigate this effect (Harrison McKnight & Chervany, 2001).

Furthermore, Behavioural Intention reflected the user’s readiness to perform a be-
haviour (Ajzen, 1991), but that intention would not always convert to the performance
of the actual behaviour. This phenomenon is called the intention-behaviour gap (Koole
et al., 2023). Bhattacherjee and Sanford (2009) found a direct relationship between atti-
tude and IT usage behaviours, where weaker attitudes widened the intention-behaviour
gap. Their findings represented attitudes using personal relevance and related expertise
dimensions. These findings could explain why this study did not find a direct relationship
between Attitude Towards AI and Behavioural Intention. This study’s participants eval-
uated the DSS in an experimental setting based on mock-ups. The participants indicated
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that decisions often required human judgment, as maintenance strategies did not solely
relate to the asset but also depended on broader contextual factors. Although fictitious
scenarios were used to evoke relevance, these could not replicate real-life complexities.
This could have contributed to the lack of a direct correlation between Attitude Towards
AI and Behavioural Intention.

Altogether, Trust Propensity Towards AI is suggested to indirectly influence the ac-
ceptance of intelligent DSS, primarily through its impact on Performance Expectancy.
Users with a higher tendency to trust AI are likelier to believe that an intelligent system
could enhance their performance, which may have strengthened their intention to accept
it. Although no direct relationship between Trust Propensity Towards AI and Behavi-
oural Intention was found, this aligned with previous research indicating that trust is
not always necessary in non-critical contexts, such as routine maintenance tasks in the
AEC sector. Nevertheless, caution should be taken to avoid excessive trust, as that could
result in risks of misuse in safety-critical scenarios. Therefore, emphasis should be placed
on the need for a balanced perspective on trust in system design and evaluation.

5.2.2 | Design aspects for an intelligent dashboard
The Delphi Study and the dashboard mock-ups were dedicated to answering the second
research question: What aspects should be considered when designing a dashboard that
enables data-driven decision-making and monitoring?

According to the results of the Delphi Study, the first aspect that should be considered
was to ensure that information overload was avoided. The exact mock-up was used for
all participants without differentiating views based on their work interests during this
research. Furthermore, the mock-up tried to convey the multiple possibilities accompa-
nying a new DSS. As a result, participants mentioned feeling overwhelmed with all the
information. Therefore, the first aspect to be considered is to make different views based
on the service provider, asset manager, and asset owner levels. These findings are corrob-
orated by the research of Korczak et al. (2012), where they stated that the performance
of a dashboard does not depend on the volume of generated data but on presenting the
required information at a particular time. Accounting for different users ensured the
users could focus on the task.

Furthermore, the results indicated that the required analyses differ per-user level,
which aligned with the research by Wijnia et al. (2023). First, the service provider would
like to see at the object level what installation needs attention. The goal of the dash-
board for this stakeholder group was to predict which components would fail and when
so they could make maintenance plans based on their workers’ required knowledge and
skills. Secondly, the asset managers indicated that they do not care much about the
failures on an object level or when it exactly will fail. Nevertheless, the degradation
data that predicts the failure could be used to explore how the lifespan of each object
could be prolonged or what caused the degradation curve to behave a certain way. If the
factors could be identified by analysis, then maintenance decisions could become smarter
by focusing on identified problem areas. Finally, the asset owners indicated that they
would prefer an even higher overview, as they often make decisions on a five to fifty-year
time horizon. These users are primarily concerned about the costs that occur during
the maintenance phase of the asset. Therefore, they would like to see analyses that con-
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sider major replacements and their effect on the total lifespan and expected costs the
asset would have. One interesting result was that even though the asset managers and
asset owners indicated they needed and preferred high-level overviews, they also often
expressed much interest in details on the object level. A participant also gave a potential
explanation, suggesting that almost everyone in this area is technically educated. Even
though their current decisions are not made based on details, they will remain curious
about what is happening on a detailed level. Hence, in developing the dashboard, the
three stakeholder groups should work closely together to understand their real challenges
and the solutions they are looking for (Parlikad & Jafari, 2016).

Even though the users would use the data-driven dashboard for different objectives,
they agreed that the information from the dashboard should be understandable and ac-
tionable. All participants indicated that the visualisations on the mock-up were a good
addition. This finding aligned with research that showed that visualisations could expose
hidden patterns, trends, and correlations that otherwise would not be detected. As a res-
ult, visualisations help the creation of good storytelling in terms of data and data pattern
understanding, which increases the system’s transparency (Nazemi & Burkhardt, 2019;
Protopsaltis et al., 2020; ten Klei et al., 2022). Furthermore, the proper performance ex-
pectations must be set to ensure the dashboard’s design fosters trust with the user. The
appropriate expectations could be formed by organising information via a design that
supports analytical and analogical integration. If the desired information is unavailable
or incorrectly formatted, this would negatively affect the expectations, thereby reducing
the user’s trust in the intelligent DSS (J. D. Lee & See, 2004).

In conclusion, three main aspects should be considered when designing a dashboard
based on an intelligent DSS. The three aspects are to avoid an information overload by
carefully considering what information is relevant per user role. Secondly, a differentiation
should be made on the dashboard views based on the responsibility levels. Finally, the
dashboard should contain visualisations that the user can understand and inform the
users to maintain the right expectations of the system’s capabilities. When these aspects
are followed in the dashboard design, the dashboard will enhance the users’ ability to
make informed and timely choices.

5.3 | Theoretical contribution
This section outlines the theoretical implications of this research’s findings. It shows how
this study incorporated existing literature and acquired new insights. By integrating these
insights into the established literature, this study contributes to the literature on trust,
transparency and user behaviour for intelligent systems in decision-support contexts.

5.3.1 | System acceptance in the AEC industry
A vast amount of literature is available on technology acceptance for information systems.
However, technology acceptance in the AEC industry has remained under-explored. Al-
though studies on technology acceptance have been conducted in this context, the reviews
by K. A. Davis and Songer (2009) and Nnaji et al. (2023) showed that the researchers
adapted the acceptance models to fit the technology of interest. As a result, several
studies failed to incorporate the traditional technology acceptance constructs. Therefore,
the suggestion of Nnaji et al. (2023) to further examine the traditional technology ac-
ceptance models was realised by combining the original UTAUT constructs in this study
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(Venkatesh et al., 2003). Furthermore, most research concentrated on individual or ho-
mogeneous groups of users. However, compared to other industries, the AEC industry
characterised itself by the heterogeneity of the stakeholders. Hence, this research expan-
ded the current literature by adopting an integrated approach by exploring the acceptance
process of three stakeholder groups simultaneously, providing a more comprehensive un-
derstanding of system acceptance in this context. This study highlighted the differing
yet interrelated perspectives of these stakeholder groups.

5.3.2 | Integration of transparency and trust for intelligent sys-
tems

Another contribution of this research is the additional verification of the role of System
Transparency for intelligent DSS. While transparency is widely recognised in the liter-
ature as a critical factor in adopting intelligent technologies, its specific influence in the
glsaec industry has received limited attention. This study showed that transparency in-
fluenced users’ perceptions of performance Expectancy and their tendency to trust AI.
The findings confirmed that users were more likely to trust a system when its operations,
recommendations, and decision-making processes were transparent.

Building on the work of Waqar (2024), this study also emphasised the importance
of aligning system explanations with user expectations. Shin et al. (2020) and Waqar
(2024) recommended actively involving users to ensure that the explanations are suffi-
cient with user anticipations because stakeholders would have varying expectations and
preferences. This research contributed to this discussion by demonstrating the import-
ance of considering the varying requirements of different stakeholder groups in the AEC
industry. Additionally, by incorporating user participation in all research phases, this
study validated the stakeholder needs and proposed specific design features to enhance
the usability of an intelligent DSS.

Furthermore, Wanner et al. (2022) stated that they could not generalise their adap-
ted UTAUT framework to high-risk situations. Although this study could not test the
framework, the results indicated that this framework would probably hold for high-risk
situations as well. Specifically, the results highlighted the importance of Trust Propensity
Towards AI as a critical construct in the acceptance process, indicating that users’ prior
knowledge and predispositions toward AI would influence their adoption of intelligent
technologies.

An additional insight of this research was that the acceptance of an intelligent system
extended beyond system-specific factors, such as transparency and trust. Participants
often referred to practical aspects of the system’s Value Proposition, emphasising external
challenges that could hinder the implementation. These challenges included the data
availability and collaboration required for effective deployment. This finding underscored
the importance of addressing broader organisational or contextual factors when evaluating
the acceptance process of intelligent DSS.
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5.4 | Limitations and future research
Although the present study has yielded meaningful insights, several limitations should
be acknowledged. The limitations were related to the low-fidelity prototype, the sample,
and the research method.

5.4.1 | Low-fidelity prototype
The first limitation was that no real interaction with the system was possible. During the
study, screenshots of the mock-up were used to show the participants the potential pos-
sibilities of a data-driven dashboard. Mock-ups are low-fidelity prototypes, which could
result in a less accurate picture of actual user behaviour. Consequently, a ’deficiency
compensation’-effect might be observed, which entailed that reduced fidelity prototypes
are more positively rated than real applications (Sauer et al., 2010). The mock-ups used
in the study did not consider data availability and modelling capabilities. Therefore,
the mock-up could have shown or given ideas to participants that were potentially not
feasible but that they reviewed positively, which increased the user’s Trust Propensity
Towards AI and the Performance Expectancy. Consequently, a recommendation for fu-
ture research is to utilise a higher fidelity prototype and see how participants’ tendency to
trust AI and Performance Expectancy will be influenced to predict Behavioural Intention.

5.4.2 | Sample
A second limitation concerned the research context, given that the study focuses on a
specific use case with a limited pool of relevant stakeholders. To improve the sample
size, it was decided to involve comparable stakeholders from other tunnel assets. Never-
theless, the Delphi study and the survey have contradicting requirements for reliability.
The Delphi study relied on participants with representative expert knowledge to obtain
in-depth insights. With the additional involved experts, the sample size for the Delphi
study was deemed sufficient to be representative of the population. However, a larger
sample was needed to verify the UTAUT framework by Wanner et al. (2022) to achieve
statistical robustness, which could not be reached as the sample was already expanded
and the use case was in a niche industry.

Furthermore, attempts were made to ensure an equal representation of the stakeholder
groups in the sample. However, the stakeholder group of Service Provider was smaller
than the other groups and therefore this group was under-represented in the results.
Nevertheless, it was believed that the ideas of this group were still presented adequately.
These sample limitations might have impacted the generalizability of the findings to other
settings within the AEC sector and other industries. Therefore, a recommendation for
future research is to explore the possibility of expanding the sample to other infrastruc-
ture assets besides tunnels, thereby increasing the sample size and the representation of
each stakeholder group.

Another limitation of the sample occurred due to selection bias. The potential parti-
cipants were approached based on the advice and network of the company that facilitated
the project. Therefore, people who were more open to intelligent technologies were more
likely to participate in the study. That might have led to a positivity bias in the data,
which meant that the average means for the constructs might be higher than the average
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mean of the whole population (Sears, 1983). Hence, careful consideration of the gener-
alizability of the results should be taken, and it was recommended that future research
would use a systematic sampling technique to get more representative data.

5.4.3 | Research method
The survey consisted of measurement scales that were all developed in English. However,
the scales were translated into Dutch to accommodate the Dutch participants. Although
the participants did not indicate that they did not understand the questions, it was not
verified that the meaning of the measuring instruments remained the same as in the
original language. The translation was executed using the back-translation method, a
popular quality assessment tool for social research (Tyupa, 2011). However, there was
criticism as well about this method. Arguments against the back-translation method, as
the translation could be too close or literal translated, which would reduce the instrument
quality. (Behr, 2017). Behr (2017) summarised the key aspects that back-translation
should adhere to guarantee quality. The aspects were related to the back translation
evaluator. They entailed knowledge expertise, language competencies, and general know-
ledge about the translation process. This research has used the company supervisor as
the evaluator of the back-translation. Therefore, knowledge and expertise were guaran-
teed, and language competencies were sufficient. However, the general knowledge of the
translation of the evaluator was not considered, which might have influenced the parti-
cipant’s understanding of the survey questions. Hence, for future research, it would be
recommended to closely evaluate the required aspects and ensure that the theoretical
knowledge of translation could be guaranteed.

The second limitation of the research method was related to the content analysis of
the interviews because one researcher executed both the interviews and the analyses.
Even though the researcher consulted regularly with supervisors, the interpretation of
the results was independently analysed. This approach might have introduced cognitive
bias of the researcher in the outcomes. Furthermore, the reliability of content analysis
is based on intracoder reliability, which is the consistency of the coder, and intercoder
reliability, which involves the consistency across coders (Lacy et al., 2015). This study
only had one coder, so the intercoder reliability could not be guaranteed. Therefore, a
recommendation for future research would involve more than one coder to conduct the
content analysis.

Finally, a known limitation of content analysis is the focus on story-based themes
derived from the interviews compared to themes derived from literature. The general
themes from literature summarised a category, but story-based themes would encompass
core ideas that unify ideas across participants (Braun & Clarke, 2022). Nevertheless,
this choice was made deliberately to reflect the dominant expert opinion based on the
exploratory nature of this study. The objective was to understand diverse expert opinions
and perspectives on integrating intelligent technologies in asset management, particularly
given the initial stage compared to other industries. By focussing on the themes from the
literature of other industries, the themes might misrepresent the specific context of the
AEC industry. Additionally, this study did not aim to solely conclude on the benefits of
an intelligent DSS, but also stimulate informed discussions in the industry. For example,
initiating a discussion with a theme called: ”Trust Propensity Towards AI” might be
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significant based on the theory, but it would not optimally facilitate dialogues between
stakeholders compared to ”Value Proposition”.

5.5 | Practical implications
Decision-making based on data and future predictions will increasingly be used in asset
management. Therefore, it was essential to translate the theoretical findings into prac-
tical implications.

First, this research showed that trust significantly correlated with the intended beha-
viour and influenced the user’s intention to use the system. The results found that the
dashboard’s development should meet the user’s performance expectations to foster the
required trust. Nevertheless, the results indicated that the different stakeholder groups
have different performance expectations and transparency requirements as their decision
levels differ. Therefore, a data-driven decision system should be designed with varying
views per stakeholder group to meet the expectations and ensure smooth adoption. Ideas
that participants proposed to adjust the transparency were buttons that would lead to
a new page or pop-up window for additional information. Furthermore, the qualitative
results revealed that users value transparency in the generated recommendations, par-
ticularly during the early use phase, when the intelligent DSS must prove its ability to
provide accurate advice. Therefore, offering more information about how the system
would operate could be crucial to the user’s attitude towards the system. Later, this
need might decrease, and the transparency level could also decrease. A central recom-
mendation was that the user would always be able to control, manually intervene, and
adjust incorrect recommendations.

Secondly, the design of the intelligent DSS dashboard should not consist of text com-
munication, but it should contain various visual or tactile display options. The design
and development should be done in collaboration with the end-users and include user
testing. The active involvement of the end-users would avoid information overload for
the user, as all unnecessary features that do not significantly add to the recommendations
could be disregarded.

Thirdly, integrating intelligent predictions for maintenance planning is a new area for
asset management. Therefore, trust-building workshops could be held during the intro-
duction of the intelligent DSS. The workshops could help present a realistic picture of
how an intelligent system would work and deal with problems. This approach would help
to set the right Performance Expectations and increase the user’s intention to trust AI.

Overall, from this study’s results, there seemed to be limited reasons to avoid an in-
telligent DSS. An intelligent system that could aid is preferred over the current systems,
where most decisions are made based on expert knowledge. This shows that prospective
users see the additional value in a new system. Although it is known in the literature
that the transition to data-driven decision-making is positive for profit reasons, it is a
worthy insight that the system users also recognise the added value of this transition.

Additionally, an individual asset, like a tunnel, does not provide value on its own to
the user. The combination of different types of assets that generated the value (Parlikad &
Jafari, 2016). For example, a tunnel on its own does not deliver value. However, a tunnel
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connected to a road network would generate value. Nevertheless, individual assets could
affect the value generated by the total network. Several projects in the AEC industry
already consider a network-centred focus instead of an asset-centred focus. Therefore,
it is advised that the opportunities and possibilities to shift from an asset-centred focus
towards a network-centred focus should be explored further.

Finally, Arcadis and other companies in the AEC industry should realise that the cor-
relations in this study, although present, are relatively small. While the subtle outcomes
of this study should not be disregarded, it is crucial to recognise that the following steps
should not be solely based on the results of this study. The findings were meant to inspire
and validate the next steps in the AEC sector.
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6 | Conclusion
This study explored the process of intelligent system acceptance in the AEC industry,
focusing on the effect of System Transparency and Trust in AI in this process. The ana-
lyses combined the existing literature on intelligent technology acceptance, transparency,
and trust from outside and within the AEC sector with the opinions of twelve experts.
The main research questions for this research were as follows:

1. What is the role of trust in AI in the acceptance of an intelligent DSS??

2. What aspects should be considered when designing a dashboard that enables data-
driven decision-making and monitoring for technology acceptance?

Through a literature review, the study identified the UTAUT framework, extended
by Wanner et al. (2022), as the most suitable model for assessing intelligent techno-
logy acceptance. While statistical testing of the model was not feasible due to sample
size constraints, correlations observed in the quantitative data suggested that System
Transparency and Trust Propensity Towards AI were critical in shaping Performance
Expectancy. Furthermore, Performance Expectancy was shown to significantly correlate
with Behavioural Intention, indicating that elements of the framework are likely applic-
able within the AEC context.

Moreover, a Delphi Study was conducted to explore explanations for the quantitat-
ive findings and to explore the user requirements when designing a dashboard. Experts
emphasised the importance of transparency, aligning with the quantitative results. Fur-
thermore, participants indicated that they would be willing to use an intelligent system
if they knew they could trust the recommendations and the system would improve the
performance of the maintenance process. Furthermore, these results illustrated the need
for dashboards to present information clearly and in an actionable manner with the use of
visual design elements. High System Transparency was particularly vital during the early
adoption phases when users were evaluating the system’s reliability and effectiveness.

Based on this study, organisations in the AEC industry seeking a guideline to imple-
ment new intelligent technologies are advised to explore the adapted UTAUT framework
by Wanner et al. (2022) in their context. Determining System Transparency and Trust
Propensity Towards AI levels is the first step to setting the prospective users’ perform-
ance expectations. Additionally, this research suggested taking an integrative approach
by involving the stakeholders to define the information requirements for each stakeholder.
Consequently, the information requirements should be reflected in a dashboard visualisa-
tion to enhance user engagement and decision-making. While the generalizability of this
research was limited, the findings contributed to the growing understanding of intelligent
system acceptance in the AEC industry. This study served as a foundation for further
theoretical and practical investigations, offering a path for future research to validate and
expand upon these results in other contexts and use cases in the AEC industry.
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A.1 | PRISMA flowchart

Figure 11

PRISMA flowchart.

A.2 | Search string

Table 14

Search strings used in the scoping literature search.

ID Search query

1 (”Technology Acceptance” OR ”Technology Adoption”) AND Trust AND (In-
telligent OR ”Industry 4.0” OR ”Digital Twin”)

2 (”Technology Acceptance” OR ”Technology Adoption”) AND Transparency
AND Trust AND (Intelligent OR ”Industry 4.0” OR ”Digital Twin”)
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A.3 | An overview of the included studies.

Table 15

An overview of the included studies.

Author Year Title

Ajzen, I. 1911 The theory of planned behavior

Cha, E.J. & Elling-
wood, B.R.

2012 Risk-averse decision-making for civil infrastructure
exposed to low-probability, high-consequence events

Cheng, M. & Chong,
H.Y.

2022 Understanding the Determinants of Blockchain Ad-
option in the Engineering-Construction Industry:
Multi-Stakeholders’ Analyses

Davis, K.A. &
Songer, A.D.

2009 Resistance to IT Change in the AEC Industry: Are
the Stereotypes True?

Davis, F.D. 1989 Perceived Usefulness, Perceived Ease of Use, and User
Acceptance of Information Technology

Fishbein, M. &
Ajzen, I.

1975 Belief, Attitude, Intention and Behavior: An Intro-
duction to Theory and Research

Hoff, K.A. & Bashir,
M.

2015 Trust in automation: Integrating empirical evidence
on factors that influence trust

Ishak, S.S.M. & New-
ton, S.

2016 An innovation resistance factor model

Kelton, K.,
Fleischmann, K.R.
& Wallace, W.A.

2008 Trust in digital information

Khechine, H., Lakhal,
S. & Ndjambou, P.

2016 A meta-analysis of the UTAUT model: Eleven years
later

Kiwanuka, A. 2015 Acceptance Process: The Missing Link between
UTAUT and Diffusion of Innovation Theory

Lee, J.D. & See, K.A. 2004 Trust in Automation: Designing for Appropriate Re-
liance

Lewis, J.D. & Wei-
gert, A.

1985 Trust as a Social Reality

Mayer, R.C., Davis,
J.H. & Schoorman,
F.D.

1995 An Integrative Model of Organizational Trust

Continue on next page
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Author Year Title

Montague, E.,
Mcguire, K., Fiore,
S., Holden, R., Fitch,
G. & Lee, J.

2010 Trust in sociotechnical systems

Na, S., Heo, S., Han,
S., Shin, Y. & Roh,
Y.

2022 Acceptance Model of Artificial Intelligence (AI)-
Based Technologies in Construction Firms:
Applying the Technology Acceptance Model
(TAM) in Combination with the Techno-
logy–Organisation–Environment (TOE) Framework

Nnaji, C., Okpala, I.,
Awolusi, I. & Gam-
batese, J.

2022 A systematic review of technology acceptance models
and theories in construction research

Opoku, J., Perera,
S. Osei-Kyei, R.,
Rashidi, M. Famak-
inwa, T. & Bamdad,
K.

2022 Drivers for Digital Twin Adoption in the Construc-
tion Industry: A Systematic Literature Review

Opoku, J., Per-
eraS. Osei-Kyei, R.,
Rashidi, M., Bamdad,
K. & Famakinwa, T.

2023 Barriers to the Adoption of Digital Twin in the Con-
struction Industry: A Literature Review

Parlikad, A.K. & Ja-
fari, M.

2016 Challenges in infrastructure asset management

Rogers, E.M. 2003 Diffusion of Innovations

Sachak, A., Kuziem-
sky, C. & Petersen,
C.

2019 Beyond TAM and UTAUT: Future directions for HIT
implementation research

Shibl, R., Lawley, M.
& Debuse, J.

2013 Factors influencing decision support system accept-
ance

Shin, D., Zhong, B. &
Biocca, F.A.

2020 Beyond user experience: What constitutes al-
gorithmic experiences?

Sorce, J. & Issa, R.A. 2021 Extended technology acceptance model (TAM) for
adoption of information and communications techno-
logy (ICT) in the US construction industry

Spann, G., Fiske,
S.T., Gilbert, D.T.,
& Lindzey, G.

1998 The Handbook of Social Psychology: Fourth Edition,
Vols. 1 and 2

Continue on next page
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Author Year Title

Taherdoost, H. 2018 A review of technology acceptance and adoption mod-
els and theories

Venkatesh, V., Mor-
ris, M.G., Davis, G.B.
& Davis, F.D.

2003 User acceptance of information technology: Toward
a unified view

Völter, F., Urbach,
N. & Padget, J.

2023 Trusting the trust machine: Evaluating trust signals
of blockchain applications

Vorm, E.S. & Combs,
D.J.Y.

2022 Integrating Transparency, Trust, and Acceptance:
The Intelligent Systems Technology Acceptance
Model (ISTAM)

Wanner, J., Herm,
L.V., Heinrich, K. &
Janiesch, C.

2022 The effect of transparency and trust on intelligent
system acceptance: Evidence from a user-based study

Waqar, A. 2024 Intelligent decision support systems in construction
engineering: An artificial intelligence and machine
learning approaches

Williams, M.D.,
Nripendra, P.R. &
Yogesh, K.D.

2015 The unified theory of acceptance and use of techno-
logy (UTAUT): A literature review
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B | Survey

Table 16

Measurement items of the questionnaire test (Wanner et al., 2022).

Construct Measurement item Reference(s)

PE PE1 Using this system in my job would enable me to accom-
plish tasks more quickly.

F. D. Davis (1989)

PE2 Using this system would improve my job performance.

PE3 Using this system would make it easier to do my job.

PE4 I would find this system useful in my job.

PE5 Using this system would increase my productivity. Moore and Benbasat
(1991)

EE EE1 Learning to operate this system would be easy for me. F. D. Davis (1989)

EE2 I would find it easy to get this system to do what I
want it to do.

EE3 My interactions with this system would be clear and
understandable.

EE4 I would find this system easy to use.

ATT ATT1 The actual process of using this system would be pleas-
ant.

F. D. Davis et al.
(1992)

ATT2 This system would make work more interesting. Thompson et al.
(1991)

ATT3 I would like to work with this system. Peters et al. (2020)
and Taylor and Todd
(1995)

ATT4 Using the system would be a bad/good idea. Taylor and Todd
(1995)

ATT5 Using the system would be a foolish/wise move.

BI BI1 If this system was available to me, I would intend to
use this system in the future.

Venkatesh et al.
(2003)

BI2 If this system was available to me, I predict I would use
this system in the future.

Continue on next page
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Table 16 – Continued from previous page

Construct Measurement item Reference(s)

BI3 If this system was available to me, I would plan to use
this system in the future.

ST ST1 I would understand how this system will assist me with
decisions I have to make.

Madsen and Gregor
(2000)

ST2 I would understand why this system provided the de-
cision it did.

ST3 I would understand what this system bases its provided
decision on.

Cramer et al. (2008)

AB AB1 This system would be competent in providing mainten-
ance decision support.

D. Cheng et al.
(2008) and McKnight
et al. (2002)

AB2 This system would perform maintenance decision sup-
port very well.

AB3 In general, this system would be proficient in providing
maintenance decision support.

TP TP1 It would be easy for me to trust this system. D. Cheng et al.
(2008), M. K. O. Lee
and Turban (2001)
and Wang and Ben-
basat (2007)

TP2 My tendency to trust this system would be high.

TP3 I would tend to trust this system, even though I have
little or no knowledge of it.

CQ CQ1 I would not find this system easy to use. Wanner et al. (2022)

CQ2 Although I may not know exactly how this system
works, I would know how to use it to make decisions
regarding the quality of its output. Please do not rate
this statement and please choose scale point one instead
to ensure the data quality of this survey. This only ap-
plies to this question.

Meade and Craig
(2012)

CQ3 I have read all questions carefully and answered truth-
fully.

Continue on next page
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Table 16 – Continued from previous page

Construct Measurement item Reference(s)

CQ4 Thank you for taking the time to participate in this
survey. We end the survey by capturing data about the
demographics of the participants. As such, data about
gender, age, and experience in the topic of the survey
is being collected. In addition, we want to make sure
the collected data is reliable. Please select the option
“No answer” for the next question that asks about the
length of the survey and simply write “I have read the
instructions” in the box labelled “Additional remarks”.

Oppenheimer et al.
(2009)

Open questions

1. How transparent do you think that an AI-based decision-making system should be?
If possible, please elaborate with an example.

2. In your opinion, how can trust in AI be increased, in the context of asset manage-
ment?
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C | Interview round 1
Introduction, small-talk and built trust

Procedure
This interview will take around 45 minutes and it is part of the Delphi study. This means
that I will ask each participant separately a few questions. After the first round, I will
gather all the answers that will form the input for the second round of questions. If there
is anything else that you would like to comment on concerning the interview then there is
enough time in the end to discuss that as well. In the end, you are welcome to share any
thoughts about things that have been brought up earlier in the discussion or a thought
that might not have been discussed yet.

To be able to transcribe this interview, I would like to record the audio of this in-
terview. Afterwards, the interview will be transcribed and made anonymous as soon as
possible. All keys that might be used to identify you will be removed in this process
as well. Please, do not forget that this interview is dependent on your voluntary parti-
cipation and if you want a break at any moment or if you want to withdraw from the
interview, then this is possible without an explanation.

Introduction
I am Lynette, and I am currently conducting my master’s thesis at TU Eindhoven in
the program of Operations, Management & Logistics. The goal of this research is to
explore how the digital twin can be converted into a useful dashboard tool so that the
digital twin can aid in the decision-making process for predictive maintenance for tunnel
management. I am going to analyze the possibilities around the user’s attitude towards
predictive maintenance compared to the safety regulations. Additionally, I will propose
design directives for the layout of the dashboard based on the relative importance of the
displayed information. Based on the completed surveys and interviews, conclusions will
be formed about the directives for implementation.

Do you have any questions at the moment/is everything clear?

Yes? → ”Then, let’s start with the interview.”
No? → ”What is unclear to you/about which part would you like to have
more information?”

Scenarios
Digital twins are quite a new technology and there is not yet a universal agreement about
the definition, the form or the exact functions. Therefore, I want to start by explaining
what I mean when I talk about a digital twin for this study. In short, it is a dynamic
representation of a real-world object and its status, using models with static and dynamic
data. Using this input, insights and interactions are enabled that drive actionable and
improved outcomes. This is a quite dry and theoretical definition of course. Therefore,
I would like to go through 2 example situations of how this technology can be used for
asset management. These scenarios are based on the disruption-urgency matrix of the
use case Waterwolftunnel.
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• High urgency case: Entry illumination
Illumination is important in a tunnel to avoid accidents. The entry and exit lights
have the most important role here. For this example, we will focus on the entry
lights. To ensure safety, tunnel lightning cannot be too different to the daylight
strength at a certain moment. Otherwise, our eyes might get a little shock and you
cannot see what happens in front of you for a few moments. You can imagine the
risks that this might have. If the entry lights are not working, then the tunnel gets
closed as this has a high urgency/risk ratio on a sunny day. However, on a cloudy
day/during the night, the inspector has to come and has to judge the situation on
scene.

A digital twin can help here in 2 ways:

– Predictive maintenance: Based on different data inputs: expected time to
failure, burning hours, and weather influences, it can predict when the entry
lights will fail, so they can be replaced before critical failure.

– Situation control: The digital twin is connected to several sources of data
input. Based on the weather and time of day, the tunnel can calculate how
much light there is and whether this is below the threshold of ’eye shock’ and
determine whether the tunnel has to be closed without the inspector coming
to the location.

• Low urgency case: main switch drainage system
Every tunnel is equipped with a drainage system so excess water can exit the tunnel
when it rains to avoid slippery accidents. During below-deck maintenance activities,
the drainage system will be closed. Only, with heavy rainfall, this might result in
dangerous situations, but in general, a temporarily closed drainage system is not a
worry. Therefore, this is a very low-urgency case. The tunnel operator will check
the work permits and the contractor will turn the drainage system on again after
finishing the maintenance activities. Although this is a low-urgency case without
likely consequences, still the operator has to execute various tasks. A digital twin
could help here as it integrates the different systems. The software of the digital
twin could check if there are any ongoing maintenance permits submitted that
would require the drainage system to be switched off. After a positive check, the
digital twin only has to check again after the work is indicated as finished in the
system if the contractor has switched the drainage system on again.

So, do you get the potential functionalities and applications of a digital twin for asset
management?

Before starting the questions, I want to emphasize that this conversation is about your
opinion and the context of the interviews. I also want to remind you that your answers
cannot be traced back to you, so you can speak freely.

Desired situation
What benefits or challenges do you see with the use of digital twins?
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Helping questions
What decisions do you make?
What factors do you look at?
When do you need it?
Is all your information measurable?
What information do you need to do your job?

Experiences
Do you have any critical incidents or examples of situations where different information
or recommendations would have been relevant?

Helping questions
How often should the information be updated?
Why would you (dis)trust a recommendation?
What information did you miss to act with certainty?
What information should be presented?
Which objective do you consider more promising/necessary: building trust or
covering risks?

Design
How would you like to retrieve/receive the information?

Helping questions
How do you access it now?
What problems do you encounter now?
What do you like about it now?
How would you like to be informed on how the system reached the provided
decision?
How would it differ for high- or low-stake scenarios?

Closure
This is the end of the interview. Thank you very much for your time and I appreciate
your participation in this research. Moreover, your input is very valuable and valued. If
you have any other questions or comments, do not hesitate to reach out to me.
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D | Interview round 2
Introduction, small-talk and built trust

Procedure
This interview will take around 45 minutes and it is part of the Delphi study. This means
that I will ask each participant separately a few questions. After the first round, I will
gather all the answers that will form the input for the second round of questions. If there
is anything else that you would like to comment on concerning the interview then there is
enough time in the end to discuss that as well. In the end, you are welcome to share any
thoughts about things that have been brought up earlier in the discussion or a thought
that might not have been discussed yet.

To be able to transcribe this interview, I would like to record the audio of this in-
terview. Afterwards, the interview will be transcribed and made anonymous as soon as
possible. All keys that might be used to identify you will be removed in this process
as well. Please, do not forget that this interview is dependent on your voluntary parti-
cipation and if you want a break at any moment or if you want to withdraw from the
interview, then this is possible without an explanation.

Do you have any questions at the moment/is everything clear?

Yes? → ”Then, let’s start with the interview.”
No? → ”What is unclear to you/about which part would you like to have
more information?”

Predictive versus Traditional maintenance
Predictive maintenance is a way to ensure that installations run smoothly by predicting
when they need maintenance. This is more efficient than traditional maintenance meth-
ods. An estimation is made about the resting lifespan of the machine until it breaks
down by using sensors that continuously measure important predictors, like vibrations
and temperatures.

For tunnel asset management, sensors can monitor the lights or the ventilation.
Roughly speaking, there are two types of traditional maintenance methods: planned and
corrective. Planned maintenance, like preventative maintenance, happens at set intervals
independent if the installations need reparations or not. Corrective maintenance entails
that you only fix something after it breaks down. The latter often entails expensive and
unexpected downtime.

Predictive maintenance differs from planned maintenance as it is not dependent on
set intervals, but it uses real-time data to exactly predict when a machine will break
down. As a result, maintenance is only executed when it is really necessary. This avoids
unnecessary work and disruptions. In the context of tunnels, this would mean fewer dis-
ruptions, higher safety and lower costs in comparison to set maintenance intervals or the
unpredictability of corrective maintenance.
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Dashboard
To give the digital twin a bit more body, I have made a mock-up of two potential dash-
boards of an installation and civil engineering system. Now, I would like to go over these
mock-ups with you.

• What do you like?

– Design

– Information needs

• What do you miss?

– Design

– Information needs

• Would such a dashboard help you accomplish your goals?

• What information is unnecessary for you?

• Do the units and time intervals work for you?

Information requirements
From the previous interview round, many measurement items were mentioned. Could
you indicate the relative importance for you?

• Vibration levels of the ventilators

• Vibration levels of the pumps

• Voltage of the electricity network

• Operating hours of the pumps

• Operating hours of the ventilators

• Weather conditions

• Number of vehicles

• Vehicle type

• GIS data

• KNMI weather forecasts

• Vehicle speed

• Noise levels

Closing
I have one final question for you: ”How do you see asset management in the future?”

This is the end of the interview. Thank you very much for your time and I appreciate
your participation in this research. Moreover, your input is very valuable and valued. If
you have any other questions or comments, do not hesitate to reach out to me.
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E | Mock-up dashboard pages
E.1 | Homepage

Figure 12

Mock-up: Homepage.
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E.2 | Civil engineering

Figure 13

Mock-up: Asphalt degradation.
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E.3 | Technical installation

Figure 14

Mock-up: Light degradation.
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E.4 | Recommendation pop-up

Figure 15

Mock-up: Recommendation pop-up.
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