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In the construction industry, managing health and safety concerns is paramount to preventing accidents, injuries,
and project delays. The integration of Artificial Intelligence (AI) into existing health and safety management
systems holds the potential for significantly improving risk detection, mitigation, and overall management
[1,2,3]. However, despite the evident benefits of Al in this domain, there remains a notable gap in the literature
concerning the essential factors for successful implementation [4,5]. This study aims to address this gap by
meticulously analyzing the key elements that contribute to the success of Al integration into the digital trans-
formation of health and safety management systems within cutting-edge construction projects. Our methodology
involved the identification of 25 factors, drawn from prior research and industry consensus. These factors were
subjected to rigorous analysis, including Exploratory Factor Analysis (EFA) following a pilot survey with field
experts and Structural Equation Modeling (SEM) using data obtained from a comprehensive questionnaire
distributed among a representative sample of construction industry experts. The study’s findings underscore the
paramount importance of six critical constructs in determining the success of Al implementation in construction
health and safety management systems: Adaptability, Operation, Management, Reliability, Integration, and
Knowledge. These findings provide valuable insights for enhancing safety measures in the construction industry
through Al-driven solutions.

organization, which leads to significant shifts in how organizations
function and provide value to their consumers [4]. Managers use health
and safety management systems to manage, monitor, and enhance the
health and safety performance of a building project.

1. Introduction

Health and safety management in current building projects is
increasingly being handled digitally. Health and safety management

systems for construction projects may benefit significantly from using
artificial intelligence (AI). On the other hand, several vital aspects will
determine how effective the use of Al in health and safety management
systems will be [6,7]. This study’s overarching goal is to assess the
criteria necessary to successfully use artificial intelligence in the digital
transformation of current health and safety management systems in
cutting-edge building projects. The term “digital transformation” de-
scribes the widespread adoption of digital technology throughout an
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The term “artificial intelligence” (Al) is used to describe the capacity
of computers to carry out activities that would generally need human
intellect [5]. There is a central knowledge vacuum in assessing the
success aspects of applying Al in the digital transformation of current
health and safety management systems, despite the growing use of Al in
health and safety management systems on construction projects [8,9]. It
is essential to understand the effects of Al on health and safety outcomes
in construction projects and the crucial elements influencing its
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successful implementation in health and safety management systems.
The construction business has a disproportionately high number of ac-
cidents and deaths [10,11]. Health and safety management systems that
use artificial intelligence have the potential to enhance safety results
significantly and minimize accident and injury risks on construction
projects [2].

In recent years, the construction industry has witnessed a growing
interest in the potential applications of Artificial Intelligence (AI) to
enhance health and safety management. Several studies have delved
into the integration of Al technologies to mitigate risks and improve
safety outcomes on construction sites. Notable research in this area has
focused on the utilization of Al for risk prediction, hazard recognition,
and real-time monitoring. These studies have contributed valuable in-
sights into the feasibility and potential benefits of Al-driven solutions in
construction safety. While previous research has laid the groundwork,
this study seeks to make distinctive contributions by thoroughly exam-
ining the critical factors that underpin the success of Al implementation
in construction health and safety management systems. By conducting
comprehensive analyses, including Exploratory Factor Analysis (EFA)
and Structural Equation Modeling (SEM), we aim to provide a deeper
understanding of the key determinants that influence the effectiveness
of Al applications in this domain. Through this research, we aim to
bridge the gap in the literature and offer practical insights that can
inform decision-makers and practitioners in the construction industry as
they embark on the digital transformation journey for health and safety
management.

Thus, this study aims to contribute to the creation of efficient digital
transformation strategies for construction projects by shedding light on
the aspects that contribute to the success of using Al in health and safety
management systems [12]. The main goal of this study is to determine
what elements contribute to the effective use of artificial intelligence in
the digital transformation of current health and safety management
systems in cutting-edge building projects. Better health and safety re-
sults and lower accident and injury risks on construction projects may
result from this study’s influence on establishing a complete framework
for the appropriate application of Al in health and safety management
systems. More widespread adoption of Al in the construction industry’s
health and safety management systems may be facilitated by this study’s
findings for policymakers and industry stakeholders.

In the following sections, we presented literature review, method-
ology, data collection procedures, and the statistical techniques
employed in our analysis. We then presented the key findings, discuss
their implications, and conclude with implications for industry practi-
tioners and future research directions. Our approach to developing this
study is rooted in a combination of comprehensive literature review,
expert consultation, and rigorous data analysis. We have leveraged in-
sights from previous research and industry consensus to identify the 25
factors central to Al implementation in construction health and safety
management. These factors were subjected to statistical scrutiny,
involving both Exploratory Factor Analysis and Structural Equation
Modeling, to extract meaningful constructs and relationships. This
approach ensures that our findings are firmly grounded in both existing
knowledge and empirical evidence.

2. Background

The construction industry’s interest in Artificial Intelligence (AI) has
increased in recent years owing to the field’s optimistic outlook on AI's
ability to enhance worker health and safety. Stakeholders, including
workers, managers, and other relevant parties who may offer input on
the system’s design and execution, must be included if AI is to be
adopted successfully [13,14]. Better health and safety results, fewer
accidents, and higher productivity are just a few examples of how the
cost of adopting Al systems may be offset if done well [1,15]. When
integrating Al into health and safety management systems, it is crucial to
examine ethical factors such as the potential for discrimination and the
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need to operate fairly and justly. Deploying Al technologies in the
construction sector requires close cooperation across IT, safety, and
operations departments [16]. Artificial intelligence systems need to be
built to detect and manage health and safety issues, which includes
spotting dangers, determining the likelihood and severity of those risks,
and coming up with solutions to those problems [17,18]. In addition,
construction companies should encourage research into novel data
gathering and analysis techniques or the use of Al to uncover new
dangers to improve health and safety management systems [19,20]. In
order for Al systems to become more valuable over time, they should be
built with the capacity to learn and develop on their own via the
incorporation of user input, the tracking of performance, and the
application of appropriate modifications [21,22]. Moreover, Al systems
must be constructed to be reliable and capable of handling unexpected
events and producing correct results by developing the system to
manage missing data or mistakes and verifying the system before
deployment [3].

A wide range of people, including workers, supervisors, and em-
ployers, must work together and provide feedback for Al to be suc-
cessfully used in health and safety management systems [23,24]. Their
participation from the get-go is essential to provide helpful criticism of
the system’s design and implementation [25,26,27]. Implementing an
Al system should be affordable and reasonable in light of the possible
health, safety, and productivity gains that may result from doing so.
Potential sources of prejudice or discrimination should be eliminated,
and the system should be built to treat all users relatively [28]. The
system has to be set up to detect dangers, evaluate the likelihood and
severity of those hazards, and come up with plans to lessen those risks
[29,30]. The construction industry has to adopt a more progressive
mindset and investigate novel applications of Al in health and safety
management [31,32,33]. Al or other novel data-gathering and analysis
techniques may uncover such hidden dangers. Employees and managers
need proper training and instruction to make the most of the Al system
[34].

This can entail teaching users how to use the system’s functions,
analyze data, and draw conclusions. The Al system must grow with the
project, process massive amounts of data, and provide precise, real-time
results. All system operation aspects should be tracked in real-time to
quickly identify and fix any problems to keep the system running
smoothly [35]. Transparency in the Al system’s decision-making process
includes thoroughly explaining the algorithms used, the data used, and
the results obtained [36,37,38]. The results produced by the system
must be reliable and applicable, built on accurate and high-quality data,
and flexible enough to account for changes in the scope of the project or
the data sources used [39,40]. There should be a way to monitor and
correct any omissions or inaccuracies in the Al system’s choices and
activities [41,42]. Last but not least, successful Al adoption requires
clear and concise communication of the system’s benefits to all relevant
parties and their understanding of the system’s functioning and impact
[43,44].

In addition to handling massive volumes of data and providing
precise results in real time, the Al system must be designed to grow with
the size and complexity of the project [5,45]. The system should be
constantly monitored to ensure it is operating correctly and accom-
plishing its objectives, and its decision-making process should be made
public by explaining the system’s algorithms, data inputs, and final re-
sults [46]. The Al system’s ability to learn from new data and adapt to
environmental changes is essential for accurate and helpful results
[47,48]. Changes in regulations, project scope, or data sources, as well
as other external factors, must be able to be reflected in the system with
little effort [49,50,51]. Ultimately, accounting for the Al system’s de-
cisions and actions is crucial to keeping an audit trail of those decisions
and holding the system responsible for its mistakes [4,52]. To ensure the
system runs appropriately and ethically, evaluating factors like the po-
tential for prejudice or discrimination is essential. Companies in the
construction industry should promote experimentation with AI to
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improve health and safety management systems [53,54,55]. This might
include exploring new data gathering and analysis techniques or uti-
lizing Al to discover new hazards or threats. Following Table 1 sum-
marizes all success factors identified from the literature review and
expert opinion.

3. Methodology

This study used a qualitative literature review approach to identify
25 contributors to success. Thereafter, professional opinion corrobo-
rated these elements. The 25 success criteria were tested in a pilot study
with 192 individuals from the construction sector of Tabuk, Saudi
Arabia, and exploratory factor analysis (EFA) was used to analyze the
data. After collecting data from the pilot group, a more extensive survey
questionnaire was sent to 258 people again from the construction sector
of Tabuk, Saudi Arabia. The primary survey data was then subjected to
structural equation modeling (SEM) analysis to determine which aspects
and constructs of Al adoption in health and safety management systems
strongly correlated with survey respondents’ perceptions of success. The
overall goal of this study was to identify and assess success criteria for
deploying Al in health and safety management systems using qualitative
and quantitative approaches. Because of the pilot survey and the com-
plete questionnaire survey, we were able to incorporate a vast sample
size and a variety of views in our research. The data were statistically
analyzed with precision using EFA and SEM. Fig. 1 presents the meth-
odology of this research.

3.1. Exploratory factor analysis

To further understand the relationship between the 25 success var-
iables uncovered in the literature research, an exploratory factor anal-
ysis (EFA) was carried out. Each of the 6 components in the solution
found by the EFA has an eigenvalue more extensive than one [7]. Suc-
cess factors were shortened by including only those that had factor
loadings of 0.40 or higher in the associated element. The interpretability
of the factors was improved by using the Varimax rotation technique,
which maximized the variance of the factor loadings. The EFA analysis
helped reveal the success factors’ underlying factor structure and
condensed them into four key components [56].

3.2. Development of SEM model

3.2.1. Demographics

The presented demographics (Fig. 2) of main questionnaire survey
reveal how the respondents are dispersed geographically, educationally,
experientially, and professionally. Sixty-five percent of respondents
have a master’s degree, with another sixteen percent holding a
doctorate. Just 5 % of respondents are between the ages of 21 and 25,
while 41 % are between the ages of 31 and 35. Most responders (37 %)
have experience ranging from 5 to 10 years, while 29 % have experience
spanning 11-15 years. When broken down by occupation, 41 % of re-
spondents are safety managers, 33 % are civil engineers, and 13 % are
project managers. Statistics show that most responders have at least a
master’s degree and are employed in fields like safety management, civil
engineering, or project management, indicating they are likely to have
extensive relevant expertise. The study was performed among a select
group of professionals; thus, their responses may need to be more
indicative of the public.

Structural equation modeling (SEM) aims to examine how observ-
able variables are connected to latent components. Construct convergent
validity and discriminant validity, as well as item loadings on those
constructs, were used to evaluate the measurement model. Factor
loadings, average variance extracted (AVE), and composite reliability
(CR) were analyzed to determine convergent validity [83]. In order to
test for discriminant validity, we computed the average squared corre-
lations between each construct to compare with the AVE of each

Table 1
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Identified success factors of Al

Sr.
#

Success Factors

References

1

10

11

12

13

14

15

16

17

18

19

20

To guarantee the effective adoption of Al, stakeholders must
be included in the process from the outset. These may include
employees, managers, and other stakeholders who can give
insightful feedback on the system’s design and execution.
The expense of deploying an Al system must be fair and
justified. This may include assessing the cost savings and
advantages that the system will bring to the project through
enhanced health and safety, fewer accidents, and higher
productivity.

The use of artificial intelligence in health and safety
management systems should examine ethical issues, such as
the possibility of prejudice or discrimination, and ensure that
the system runs honestly and fairly.

Collaboration between IT, safety, and operations departments.
The Al system should be developed to detect and manage
health and safety concerns associated with detecting possible
dangers, assessing the probability and severity of risks, and
devising risk mitigation methods.

construction firms should support innovation in the use of Al
to enhance health and safety management systems. This may
include investigating new data collection and analysis
methods or using Al to uncover new dangers or threats.

Al systems should be created with the capacity for ongoing
improvement over time. This may include integrating user
input, monitoring the system’s performance, and making
necessary improvements to enhance the system’s efficacy.
Artificial intelligence (AI) systems should be built to be robust
and dependable so that they can manage unforeseen scenarios
and provide correct results. This may include designing the
system to accommodate missing data or data mistakes and
testing and validating the system before deployment.
Employees and supervisors must be educated on utilizing the
Al system. Training may involve training on the system’s
features, data processing, and how to interpret the findings.
The Al system must be built to scale with the size and
complexity of the project. It should be capable of handling a
high amount of data and delivering accurate findings in real-
time.

The Al system should be continually monitored to verify that it
operates as intended. This may include monitoring the
system’s correctness, identifying and resolving any flaws, and
ensuring the system achieves its goals.

The Al system’s decision-making process should be visible.
This may include detailed descriptions of the system’s
algorithms, data inputs, and outcomes.

The artificial intelligence system should depend on precise and
high-quality data to deliver trustworthy and relevant
outcomes.

The artificial intelligence system should be built to learn from
new data and adapt to environmental changes. This may
include integrating worker and management input to enhance
the system’s efficacy.

The AI system should be adaptable enough to accommodate
project and environment changes. Changes in rules, project
scope, or data sources are examples.

The Al system’s choices and actions should be accounted for.
This may involve establishing an audit record of the system’s
preferences and ensuring the system is accountable for any
omissions or mistakes.

The effectiveness of Al adoption in health and safety
management systems is contingent on the quality and
precision of the data. Data from diverse sources must be
trustworthy, consistent, and current.

Al systems should have an interface that is user-friendly,
simple to use, and accessible to all stakeholders. The interface
should be user-friendly and deliver relevant information.

The Al system should be built to provide quantifiable,
trackable, and evaluable outputs. This may include decreasing
accidents, enhancing worker productivity, or lowering project
expenses.

To leverage the advantages of Al, it is necessary to link the
system with current health and safety management systems.
This may include data exchange, system interoperability, and

[48,56]

[57,58]

[59,60]

[61]
[57,59]

[62,63]

[57,60]

[64,65]

[59,61]

[66,67]

[68,69]

[6,70]

[62,63]

[61,67]

[59,71]

[57,60]

[58]

[72,73]

[74,75]

[76,771

(continued on next page)
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Table 1 (continued)

Sr. Success Factors References

#

interaction with other construction industry-related
technologies.

21 The Al system should relate to current health and safety
management systems and procedures to guarantee smooth
operation and data exchange.

22 Al can analyze vast quantities of data to detect patterns and
tendencies, which may assist in foreseeing possible dangers
and avoiding mishaps. To get the finest outcomes from
artificial intelligence, it is essential to guarantee that the
algorithms are appropriately constructed, and the data is
accurately processed.

23 The Al system shall adhere to all applicable health and safety
norms and standards. These include data privacy, security, and
worker safety standards.

24 The efficacy of the Al system should be determined by
measuring its performance against established criteria. This
may include assessing the system’s precision, timeliness, and
effect on health and safety outcomes.

25 Good communication is essential for successfully adopting Al
in health and safety management systems. This may include
conveying the system’s advantages to stakeholders and
ensuring they comprehend how it operates.

[78,79]

[80,81]

[64,82]

[65,83]

[7,56]

construct. The connections between the formative and reflective com-
ponents were then analyzed using the structural model. Convergent and
discriminant validity analyses of the measuring model were conducted,
and the direct and indirect impacts of the formative constructs on the
reflective construct were examined in the structural model [65].

3.2.2. Fornell and lacker criteria

While doing structural equation modeling, the Fornell and Larcker
criteria are often used to evaluate the constructs’ discriminant validity.
As criteria, we looked at the ratio of the variation captured by the
construct’s components to the variance attributable to measurement
error, represented by the square root of the AVE of the construct [82].
The criteria additionally consider the square roots of the AVEs of the
relevant conceptions in comparison to their respective correlations. For
a model to pass the Fornell and Larcker test, the square root of the AVE
of each construct must be larger than the correlation of that construct
with any other construct in the model. That’s evidence of discriminant
validity, which means the concept captures more independent variation
than variance it shares with other constructs [64].

3.2.3. HTMT ratio
We also used the Heterotrait-Monotrait (HTMT) ratio to evaluate
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discriminant validity (SEM). It’s a standard method for checking
whether a model component can be separated from others in the model
[81]. The HTMT ratio evaluates the degree of similarity between two
constructs regarding the similarity between items within the same
construct. To prove that the two constructions are distinct, the HTMT
ratio should preferably be smaller than 0.85. If the variances of the two
constructs are less than this threshold, then the shared variance is less
than the variances of the individual constructs. By calculating the HTMT
ratio for each pair of components in the model, researchers may evaluate
the model’s discriminant validity in SEM. Having an HTMT ratio over
0.85 indicates that the constructs are too connected and aren’t distin-
guishable enough from one another [78].

3.2.4. Predictive relevance

Predictive relevance is a statistical metric for evaluating a model’s
prognostic accuracy. Since it measures the model’s predictive efficacy, it
is a vital criterion for evaluating SEM. The Q? statistic and the coefficient
of determination (Rz) are often used to assess the predictive value of a
model. R? is a statistical measure of how much of the total variation in
the dependent variable can be accounted for by the model’s independent
variables [64,65]. Extending Rz, Q2 assesses how well the model can
predict data that was not used to estimate it. Q2 assesses how far the new
data deviates from the projected values. If the Q2 score is high, the model
is highly predictive and provides reliable predictions.

3.3. Validation check

A brief survey questionnaire was utilized to verify the generated
structural model. The validation survey included contractors, consul-
tants, and clients as the primary participants in this research. The pur-
pose of validation would have been to confirm the practical applicability
of the developed structural model so that appropriate actions could be
taken to evaluate the success factors of implementing Al in the digital
transformation of existing health and safety management systems in
contemporary construction projects. Twenty-three invited experts
participated in the validation survey. Five crucial questions were
developed to determine the model’s validity, including,

e Q1: Are the success factors proposed in the model are the correct for
utilizing AI in digital transformation of existing health and safety
management systems in modern construction projects?

e Q2: Is the model reasonable for identifying the success factors for
utilizing AI in digital transformation of existing health and safety
management systems in modern construction projects?

Literature Review and
Expert Opinion

Identification of
Success Factors

Pilot Survey

v

EFA Analysis

Measurement Model |«

Main Questionnaire Survey

PLS-SEM Development

>

Structural Model

Convergent Validity

P Final Model <

Discriminant
Validity

v

Fig. 1. Flow chart of the work.

Bootstrap Analysis
Path Analysis
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Education

Masters

6500
Others
13%%

f:a Bachel...

Ain Shams Engineering Journal 14 (2023) 102551

Profession

Safety Manager, 41%%
Project
Mansager
13%
Others
9%

Civil Engineer

33% Archit...

Fig. 2. Demographic details.

e Q3: Can you clearly understand and adopt the factors indicated be-
tween constructs of factors and success of utilizing Al in digital
transformation of existing health and safety management systems in
modern construction projects.?

e Q4: Are the factors presented in the structural model reasonable for
becoming the reasons behind success of utilizing Al in digital
transformation of existing safety and health management systems in
modern construction?

e Q5: Do you find the study results reasonable?

4. Results
4.1. EFA analysis
Results from an EFA indicate that 22 items (variables) were loaded

onto six components. Table 2 presents the rotated component matrix of

Table 2
Exploratory Factor Analysis output.

Variables 1 2 3 4 5 6

AI-SF17
AI-SF9
AI-SF6
AI-SF14
AI-SF22
AI-SF10
AI-SF11
AI-SF19
AI-SF25
AI-SF1
AI-SF23
AI-SF2
AI-SF3
AI-SF20
AI-SF24
AI-SF4
AI-SF8
AI-SF12
AI-SF16
AI-SF18
AI-SF7
AI-SF15
Eigen Value 5.61
% Variance
Extraction

0.843
0.814
0.802
0.790
0.767
0.725
0.713
0.698
0.654
0.712
0.701
0.695
0.684
0.823
0.794
0.705
0.807
0.777
0.709
0.824
0.812
0.707
4.64 4.11 2.13

3.26 2.77

ALSFS5, Al SF21, AL SF13

all factors. As the eigenvalues of the components are more than 1, it may
be concluded that these six components account for a substantial
amount of the observed variation. Component loadings provide infor-
mation about the strength of the association between a given item and a
given component. An item’s high loading on a particular component
indicates a strong connection. Items with loadings of 0.4 or greater on an
element are essential in this study.

In particular, AI-SF17, AI-SF9, AI-SF6, and AI-SF14 contribute
heavily to Component 1 loadings. Since its contents pertain to com-
prehending machine learning algorithms and programming, this sub-
component may stand in for the idea of “Machine Learning.” The factors
of AI-SF22, AI-SF10, AI-SF11, and AI-SF19 contribute heavily to
Component 2. This component might reflect the notion of “Data Anal-
ysis” since these things are connected to analyzing data and creating
predictions based on the data. The AI-SF5, AI-SF21, and AI-SF13 all have
substantial loadings on component 3, as the contents of this subcom-
ponent pertain to finding patterns and correlations in data. High load-
ings from AI-SF25, AI-SF1, AI-SF23, AI-SF2, and AI-SF3 may be found in
Component 4. As these things are associated with processing and
interpreting huge volumes of data, they may stand in for the idea of “Big
Data.” High loadings from AI-SF20, AI-SF24, and AI-SF4 may be found in
Component 5. High loadings are found for AI-SF18, AI-SF7, AI-SF15, Al-
SF8, and AI-SF12 on component 6. High loadings on both Component 1
and Component 6 can be seen for the variables AI-SF16 and AI-SF18.

The EFA concludes that the 22 items may be reduced to 6 main
categories representing various ideas in the area of Al Items with the
most significant loadings on each component are used to make in-
ferences about the components, and these inferences are subject to
variation depending on the specific context and the researcher’s back-
ground and expertise in the area.

For Al to be successfully implemented in the construction sector’s
health and safety management systems, the AI Success Phase model lists
many essential success elements. Knowledge, operation, management,
integration, reliability, and adaptability are the six main classes into
which these aspects may be sorted, as indicated in Table 3.

The Knowledge success elements discovered stress the need for
trustworthy information for the widespread use of Al. Data gathered by
construction companies must be reliable, consistent, and up-to-date [7].
Training workers and managers to make the most of the Al system by
analyzing the results and drawing conclusions is also crucial.

The discovered Operation category success characteristics highlight
the need for scalable, monitored Al systems that can provide observable
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Table 3

Success factors and their categories obtained from EFA.

Al Success
Phase Code

Assigned

Success Factor

Description

Knowledge AI-SF17

AI-SF9

AI-SF6

AI-SF14

Operation AI-SF22

AI-SF10

AI-SF11

AI-SF19

AI-SF25

Data quality

Learning

Innovation

Educating

Data analysis

Scalability

Monitoring

Measurable

Communication

The effectiveness of Al
adoption in health and safety
management systems is
contingent on the quality and
precision of the data. Data
from diverse sources must be
trustworthy, consistent, and
current.

Employees and supervisors
must be educated on utilizing
the Al system. Training may
involve training on the
system’s features, data
processing, and how to
interpret the findings.
Construction firms should
support innovation in using
Al to enhance health and
safety management systems.
This may include
investigating new data
collection and analysis
methods or using Al to
uncover new dangers or
threats.

The artificial intelligence
system should be built to
learn from new data and
adapt to environmental
changes. This may include
integrating worker and
management input to
enhance the system’s
efficacy.

Al can analyze vast quantities
of data to detect patterns and
tendencies, which may assist
in foreseeing possible
dangers and avoiding
mishaps. To get the finest
outcomes from artificial
intelligence, it is essential to
guarantee that the algorithms
are appropriately
constructed, and the data is
accurately processed.

The Al system must be built
to scale with the size and
complexity of the project. It
should be capable of handling
a high amount of data and
delivering accurate findings
in real-time.

The Al system should be
continually monitored to
verify that it operates as
intended. This may include
monitoring the system’s
correctness, identifying and
resolving any flaws, and
ensuring the system achieves
its goals.

The Al system should be built
to provide quantifiable,
trackable, and evaluable
outputs. This may include
decreasing accidents,
enhancing worker
productivity, or lowering
project expenses.

Good communication is
essential for successfully
adopting Al in health and
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Table 3 (continued)

Al Success Assigned Success Factor

Phase Code

Description

Management AI-SF1 Stakeholder
engagement
AI-SF23 Standards
AI-SF2 Economic
management
AI-SF3 Ethics
Integration AI-SF20 Integration with
the existing system
AI-SF24 Precision
AI-SF4 Collaboration
Reliability AI-SF8 Robustness
AI-SF12 Transparency

safety management systems.
This may include conveying
the system’s advantages to
stakeholders and ensuring
they comprehend how it
operates.

To guarantee the effective
adoption of Al, stakeholders
must be included in the
process from the outset.
These may include
employees, managers, and
other stakeholders who can
give insightful feedback on
the system’s design and
execution.

The Al system shall adhere to
all applicable health and
safety norms and standards.
These include data privacy,
security, and worker safety
standards.

The expense of deploying an
Al system must be fair and
justified. This may include
assessing the cost savings and
advantages that the system
will bring to the project
through enhanced health and
safety, fewer accidents, and
higher productivity.

The use of artificial
intelligence in health and
safety management systems
should examine ethical
issues, such as the possibility
of prejudice or
discrimination, and ensure
that the system runs honestly
and fairly.

To leverage the advantages of
Al it is necessary to link the
system with current health
and safety management
systems. This may include
data exchange, system
interoperability, and
interaction with other
construction industry-related
technologies.

The efficacy of the Al system
should be determined by
measuring its performance
against established criteria.
This may include assessing
the system’s precision,
timeliness, and effect on
health and safety outcomes.
Collaboration between IT,
safety, and operations
departments.

Artificial intelligence (AI)
systems should be built to be
robust and dependable so
that they can manage
unforeseen scenarios and
provide correct results. This
may include designing the
system to accommodate
missing data or data mistakes
and testing and validating the
system before deployment.
The Al system’s decision-
making process should be
visible. This may include

(continued on next page)
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Table 3 (continued)

Al Success Assigned Success Factor

Phase Code

Description

detailed descriptions of the
system’s algorithms, data
inputs, and outcomes.

The Al system’s choices and
actions should be accounted
for. This may involve
establishing an audit record
of the system’s options and
ensuring the system is
accountable for any
omissions or mistakes.

Al systems should have an
interface that is user-friendly,
simple to use, and accessible
to all stakeholders. The
interface should be user-
friendly and deliver relevant
information in a simple way.
Al systems should be created
with the capacity for ongoing
improvement over time. This
may include integrating user
input, monitoring the
system’s performance, and
making necessary
improvements to enhance the
system’s efficacy.

The Al system should be
adaptable enough to
accommodate project and
environment changes.
Changes in rules, project
scope, or data sources are
examples.

AI-SF16 Accountability

Adaptability AI-SF18 User friendly

AI-SF7 Continuous

improvement

AI-SF15 Compliance

results [56]. An excellent artificial intelligence system for the con-
struction industry will be able to process vast amounts of data, be
constantly evaluated for its effectiveness, and provide measurable re-
sults that can be tracked and analyzed.

Stakeholder involvement, compliance with relevant health and
safety rules and standards, sound financial management, and a
commitment to ethics are highlighted by the identified success criteria
in the Management category [82]. Employees, supervisors, and anyone
interested in the construction company’s new system and who can
provide suggestions for improving it should be included in the adoption
process [80].

Integrating the AI system with preexisting health and safety man-
agement systems is highlighted by the identified success criteria in the
Integration category. The Al system must communicate with other sys-
tems already in place, sharing data and working with different tech-
nologies used in the building sector [76].

The Reliability category’s stated success criteria highlight the sig-
nificance of trustworthy Al systems. The Al system has to be built to
handle unexpected situations and provide reliable results, even if some
data is absent or there are some flaws [70].

Lastly, the Adaptability success elements highlight the significance of
user-friendliness, continual development, and flexibility to changing
project and environmental circumstances. The Al system must have a
straightforward interface that provides the necessary data quickly [6].
To top it all off, the system has to be built with continuous development
in mind, from gathering user feedback to keeping tabs on how well
things are working.

4.2. Structure equation modelling (SEM) and analysis
The results of a structural equation modeling (SEM) study performed

on the model’s constructs are shown in the table below regarding their
reliability and validity. To determine the consistency and validity of the
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constructs, we calculated Cronbach’s alpha values, composite reliability
(rho-a and rho-c), and average variance extracted (AVE) [57]. The ob-
tained reliability and validity findings are presented in Table 4. The
results suggest that the model’s structures are generally reliable and
valid. All constructs have Cronbach’s alpha values over 0.7, offering
excellent internal consistency among the items used to measure them.
The trend of Cronbach alpha, composite reliability and AVE is presented
in Fig. 3. Good convergent validity may be inferred from the high
composite reliability (rho-a and rho-c) values (0.793 to 1.084). The
variation explained by the measurements of the concept (AVE values),
which range from 0.614 to 0.77, is likewise respectable. The AVE values
are higher than the cutoff value of 0.5, suggesting that each concept has
sufficient convergent validity [59]. The observed relationship signifi-
cance of items and their constructs with the latent variable is presented
in Fig. 4. Fig. 5 summarizes the intensity of the impact of constructs on
the latent variable. The results of the SEM analysis support the validity
and reliability of the model’s components, suggesting that it may be
used effectively to evaluate the variables impacting the implementation
of Al in construction sites’ health and safety management systems.

The observed relationship significance of items and their constructs
with the latent variable is presented in Fig. 4. AI-SF2, AI-SF25, and Al-
SF9 were not significant from the analysis because of low loading than
0.6. It is the reason hat these three factors excluded. Thea most critical
construct is adaptability with maximum relationship coefficient, while
the least one is integration construct. Further the model is presenting the
statistical significance which confirms the importance of constructs for
the latent variable involved in the model. Fig. 5 summarizes the in-
tensity of the impact of constructs on the latent variable. The high de-
gree impact in this regard is made by the knowledge construct and least
one is indicated by reliability construct, which can be considered to be
the final model with path coefficients.

The empirical correlation matrix of all success factors is presented in
Table 5. Correlation coefficients between each variable and every other
variable in the sample are shown in the table. The value of a correlation
coefficient between any two variables indicates the closeness of that
relationship [35]. The range of correlation coefficients is from —1 to 1,
with values closer to —1 suggesting a robust negative association, values
more comparable to 1 indicating a strong positive relationship, and
values more relative to 0, meaning a weak or no connection. For
instance, the weakly positive association between AI-SF1 and AI-SF10 is
shown by a correlation value of 0.12.

Similarly, a strong positive link exists between AI-SF12 and AI-SF8,
with a correlation value of 0.805. Each variable’s correlation with it-
self is 1, shown along the diagonal of the matrix, which runs from the top
left to the bottom right. Research often uses correlation matrices to
probe interrelationships and identify trends [42]. By showing the re-
lationships between variables, these matrices may aid in identifying
explanatory variables and guide the future investigation.

4.2.1. Second order analysis

The discriminant validity of constructs in a measurement model may
be assessed using the Fornell-Larcker criteria, a statistical method. It
evaluates the constructs’ average variance extracted (AVE) values

Table 4
Model reliability and validity findings.

Constructs Cronbach’s Composite Composite The average
alpha reliability reliability variance
(rho-a) (rho-c) extracted
(AVE)
Adaptability 0.846 0.845 0.909 0.77
Integration 0.815 0.843 0.891 0.732
Knowledge 0.829 0.837 0.898 0.745
Management  0.836 0.902 0.899 0.749
Operation 0.792 0.793 0.864 0.614
Reliability 0.775 1.084 0.865 0.686
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Fig. 5. Model with items, item loadings and path coefficients.

against their squared correlation coefficients. A measure of how much
variation a construct accounts for across its pieces, AVE may be seen in
Table 6 as diagonal values [5,45]. The table’s top triangle contains the
squared correlations between the constructions, while the bottom tri-
angle is left blank to avoid unnecessary repetition. According to the
Fornell-Larcker criteria, the square root of the AVE for each construct
has to be higher than the correlation between that construct and every

other construct in the model. A construct may need to be distinguishable
enough to be considered unique if it shares more variance with another
construct than it explains on its own [4]. When we compare the diagonal
values to the correlation coefficients, we find that the diagonal values
are always higher. The threashold value was 0.4 considering the cor-
relation. According to the Fornell-Larcker criteria, the notions do have
discriminant validity. When looking at the correlations between the
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Table 5

Empirical correlation matrix.

AI-SF1 AI-SF10 AI-SF11 AI-SF12 AI-SF14 AI-SF15 AI-SF16 AI-SF17 AI-SF18 AI-SF19 AI-SF20 AI-SF22 AI-SF23 AI-SF24 AI-SF3 AI-SF4 AI-SF6 AI-SF7 AI-SF8

Variable

—0.017
—0.156
—0.088
0.805

0.18

—0.04
0.332

0.054
0.085
0.123

0.659
0.146
0.147
0.095

0.179
0.158
0.229
0.147
0.158
0.078

0.483

0.094
0.378

0.37

0.186
0.158
0.229
0.127
0.253
0.

0.109
0.429

0.203
0.165
0.02

0.097

0.134
0.388
0.223
0.24

—0.065
0.055

0.225

0.129
0.387
0.243
0.373
1

0.057

0.02

0.162
0.426
1

0.12

1

AI-SF1

0.163
0.033

0.052

0.072

0.12
0.162
0.057

AI-SF10
AI-SF11

0.195
0.11

0.024
0.001

0.419

—0.005
0.373

0.242
0.141
0.352
1

0.041
1

0.426
0.02

0.081

—0.002
0.179
0.086

—0.099
0.126
0.22

—0.029
0.189
0.181
0.123

0.2

0.041

AI-SF12

0.177 0.062

0.48

0.315 0.547

0.135
0.015

0.248
0.522
0.035

0.608
0.355

0.053

0.373
0.141
0.373
0.24

0.129 0.387 0.243
0.072 0.242

0.225

AI-SF14

0.338 0.041

0.223
0.1

0.298
0.229

12

0.133

1

0.352

AI-SF15

0.425

0.008
0.236
0.94
0.

0.048

—0.009
0.206
0.126
0.061

0.064
0.202
0.152

—0.101

0.086
0.11

0.097

0.1

0.046
1

0.133
0.355

0.053

—0.005
0.223
0.02

0.055

—0.065
0.134
0.203
0.109
0.186
0.094
0.483
0.179
0.659
0.054

AI-SF16
AI-SF17

0.065
0.09

0.701

0.152
0.104
0.904
0.074

1

0.263

0.275

1

0.046
0.035

0.608
0.248
0.189
0.253

0.388
0.165
0.429
0.158
0.378
0.052

0.211

0.145
0.079
1

0.048
1

0.275

0.2

0.522

0.097

AI-SF18
AI-SF19

-0.115
—0.014
—0.153

—0.04
0.036

06

0.244
0.136
0.23

—0.092
0.144

—0.023
0.73

—-0.151
0.016

0.048
0.145
0.104
0.11

0.123
0.1

0.181
0.12

—0.029
0.127

0.419

0.095

0.596
0.04

0.079
0.904

0.263
0.152
0.086
0.202
0.298
0.206
0.701

0.229
0.37

AI-SF20
AI-SF22
AI-SF23
AI-SF24
AI-SF3
AI-SF4
AI-SF6
AI-SF7
AI-SF8

0.123
0.062
0.13

—0.048
0.745
0.12

—0.012
0.064
1

—0.111

1

0.074

0.097

0.22

0.126
0.135
0.158
0.315

—0.099
0.001

0.021

0.052

-0.111

0.016
0.73

—-0.151
—0.023
—0.092
0.061

—-0.101
0.064
-0.1

0.015

0.024
0.229
0.147
0.123
0.195
0.033

0.023

0.458
0.067

1

0.064
0.745
0.052

—0.012
—0.048
0.04
0.23

0.152
0.229
0.126
0.211
0.94

0.078

0.147
0.095

0.158
0.146
0.085

—0.071

0.184
0.114
0.186

1

0.186
0.08

0.12

0.144
0.596
0.136
0.095

0.223

—0.066
—-0.075
0.081

1

0.067

0.458

—0.009
0.048
0.008
0.425

0.086
0.338
0.48

0.179
0.547
0.177
0.062

—0.002
0.11

0.08

0.023 0.186
0.184

0.13

0.021

0.244
0.06

0.332
0.163

—0.04
0.18

0.186

0.114

0.062

0.123

0.236

0.065

0.081

—0.014 —0.153 —0.04 0.036 —0.071 —0.066 —0.075 0.081

—0.115

0.09

0.041

—0.156 —0.088 0.805

—0.017
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various constructs, the one between Knowledge and Operation has the
most excellent value (0.441), followed closely by the one between
Integration and Knowledge (0.418). These strong associations imply a
possible relationship between the concepts being studied. However, we
may still consider them separate images since the Fornell-Larcker
criteria bolster their discriminant validity. The findings indicate the
measuring model’s appropriate discriminant validity and the constructs’
independence.

The HTMT (Heterotrait-Monotrait ratio) values are shown in Table 7.
This statistical method may evaluate a structural equation model’s
discriminant validity between constructs. One indication of convergent
validity is the square root of the average variance extracted (AVE) for
each construct, which is shown on the diagonal [5,46]. All constructs
have strong convergent validity, as measured by HTMT, since all diag-
onal values are more prominent than 0.5. HTMT values, shown as points
away from the diagonal, reveal the extent to which specific construc-
tions overlap. It is generally accepted that HTMT values below 0.9
indicate discriminant validity. After looking at Table 8's HTMT values, it
is clear that all constructs exhibit evidence of discriminant validity since
all off-diagonal values are lower than 0.9 [4]. The HTMT score of 0.214
between the Management and Knowledge domains suggests, however,
that there is some overlap between the two. Above all, the results of the
HTMT analysis support the uniqueness and validity of the model’s
components.

Table 8 shows how much each thing loads on top of other structures
in addition to its primary target. Correlation coefficients between items
and the construct they are designed to measure and between items and
other constructs are represented by the numbers in the table cells
[74,77]. The findings show that most items exhibit stronger associations
with their designated construct than with any other construct. Strong
correlations between questions that assess the same concept indicate
strong convergent validity [75]. A few items, however, had stronger
cross-loadings on other constructs than others, which might point to
problems with discriminant validity. Items designed to test one
component should have a low correlation with questions designed to
measure other constructs to have good discriminant validity [72,73].
For instance, item AI-SF8 may not be a reliable indication of the oper-
ation build since it has a stronger cross-loading on the reliability than on
the operation construct. It is possible that item AI-SF19 is not a reliable
indication of the adaptability construct since it has stronger cross-
loadings on the operation and knowledge constructs than on its adapt-
ability construct. Further research and thought may be required to
ascertain how these problems undermine the scale’s reliability.

Table 9 provides a summary of the factors that were deleted from the
analysis. The first column lists the deleted variables (items), and the
second column indicates at which investigation stage they were deleted.
The third column indicates the status of the deleted factors, whether
they were deleted in the EFA (exploratory factor analysis) pilot study or
in the SEM (structural equation modelling) main study [58,60]. The
items deleted in the EFA pilot study (AI-SF5, AI-SF21, and AI-SF13) were
likely removed because they did not show sufficient factor loadings or
did not fit well with the other items in their respective constructs. The
things that were deleted in the SEM main study (AI-SF14, AI-SF25, and
AI-SF2) were likely removed because they did not contribute signifi-
cantly to their respective constructs or because they had high cross-
loadings with other constructs [72,73]. It is important to note that the
decision to delete these factors was based on statistical analysis and
should be interpreted cautiously. Future research may consider repli-
cating the examination with a larger sample size or a different meth-
odology to confirm the findings.

Each construct’s outer loadings, VIF, and ranked order of group ef-
fect are shown in Table 10. A more significant external loading indicates
a more vital link between the item and the construct. Multicollinearity
may be quantified using the VIF (Variance Inflation Factor), where
values above five may indicate problems [57,59]. The ranking of groups
based on their influence on specific dimensions is a valuable indicator of
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Table 6
Fornell larker criteria results.
Constructs Adaptability Integration Knowledge Management Operation Reliability
Adaptability
Integration 0.187
Knowledge 0.418 0.275
Management 0.249 0.16 0.239
Operation 0.212 0.197 0.441 0.189
Reliability 0.134 0.111 0.207 0.105 0.16
Table 7
HTMT analysis results.
Adaptability Integration Knowledge Management Operation Reliability
Adaptability 0.877
Integration 0.155 0.855
Knowledge 0.356 0.236 0.863
Management 0.231 0.146 0.214 0.866
Operation 0.177 0.165 0.375 0.085 0.784
Reliability 0.119 0.093 0.212 0.004 —0.018 0.828
Table 8
Cross loadings of items.
Variables Adaptability Integration Knowledge Management Operation Reliability
AI-SF15 0.775 0.112 0.404 0.204 0.222 0.142
AI-SF18 0.934 0.165 0.286 0.221 0.113 0.094
AI-SF7 0.915 0.13 0.232 0.178 0.125 0.073
AI-SF20 0.138 0.925 0.257 0.15 0.181 0.112
AI-SF24 0.137 0.863 0.155 0.147 0.129 0.124
AI-SF4 0.124 0.771 0.185 0.067 0.103 —0.018
AI-SF14 0.301 0.233 0.84 0.239 0.321 0.275
AI-SF17 0.333 0.263 0.898 0.22 0.325 0.186
AI-SF6 0.284 0.096 0.851 0.079 0.327 0.071
AI-SF1 0.233 0.17 0.094 0.847 0.158 0.014
AI-SF23 0.071 0.049 0.097 0.806 —0.046 —0.039
AI-SF3 0.244 0.133 0.313 0.938 0.067 0.016
AI-SF10 0.151 0.16 0.43 0.132 0.758 —0.002
AI-SF11 0.116 0.231 0.256 0.143 0.724 0.007
AI-SF19 0.113 0.047 0.242 —0.038 0.842 —0.005
AI-SF22 0.173 0.042 0.192 —0.012 0.805 —0.067
AI-SF12 0.123 0.113 0.287 0.069 —0.014 0.941
AI-SF16 0.07 0.067 0.056 -0.1 0.082 0.645
AI-SF8 0.08 —0.014 0.026 —0.051 —0.165 0.869
Table 9 Table 10
Summary of deleted factors. Outer weights and group impact rank.
Variables Stage Status Variables Construct Outer loadings VIF Group Impact Ranking
ALSF5 EFA (Pilot) Deleted AI-SF1 Management 0.847 1.77 Rank 5
Al SF21 EFA (Pilot) Deleted AI-SF23 Management 0.806 2.252
Al SF13 EFA (Pilot) Deleted AI-SF23 Management 0.806 2.252
AI-SF9 SEM (Main) Deleted AI-SF12 Reliability 0.941 2.847 Rank 6
AI-SF25 SEM (Main) Deleted AI-SF16 Reliability 0.645 1.225
AI-SF2 SEM (Main) Deleted AI-SF8 Reliability 0.869 2.992
AI-SF6 Knowledge 0.851 2.061 Rank 1
AI-SF17 Knowledge 0.898 2.291
their relative importance. Higher values for the product of the outside AI-SF14 Knowledge 0.84 1.66
loading and the VIF indicate a more considerable effect, hence a higher AI-SF19 Operation 0.842 2.898  Rank3
s . . . . . AI-SF22 Operation 0.805 2.488
position in the ranking. Rankings determine which aspects of the system ALSF10 Operation 0.758 1.347
need to be worked on first, with the highest group impact scores placed ALSF11 Operation 0.724 1.334
higher. The table shows that AI-SF6 (Knowledge), AI-SF18 (Adapt- AI-SF24 Integration 0.863 2.145  Rank 4
ability), AI-SF19 (Operation), AI-SF24 (Integration), AI-SF1 (Manage- AI-SF20 Integration 0.925 2.629
. . . AI-SF4 Integration 0.771 1.555
ment), and AI-SF12 have the most fantastic group impact rankings 5
,)’ “ S . S Stic_group 1mp & AI-SF18 Adaptability ~ 0.934 2.028  Rank 2
(Reliability). Increasing organizational agility should focus on these ALSF7 Adaptability 0.915 2.54
areas, which are crucial for their respective structures. AI-SF15 Adaptability 0.775 1.376

4.2.2. Path analysis
The findings of the study’s route analysis for the formative constructs
are listed in Table 11. All of the path coefficients (f), standard errors

11
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Table 11

Path analysis results of formative constructs.

Path

p

SE

t-
values

p-
values

VIF

Adaptability -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

Integration -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

Knowledge -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

Management -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

Operation -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

Reliability -> Evaluation of
Success factors of Utilizing Al
in Digital Transformation of
Existing Health and Safety
Management Systems

0.336

0.264

0.405

0.245

0.293

0.157

0.027

0.025

0.033

0.025

0.029

0.026

15.757

6.688

8.044

8.822

12.598

12.99

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

1.19

1.084

1.406

1.091

1.19

1.069
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(SE), t-values, p-values, and VIF values are included in the table. The
assessment of the successful aspects of using Al in the digital trans-
formation of current health and safety management systems is positively
related to all six formative constructs, as shown by the findings. Each
construct contributes to the assessment of success elements to varied
degrees, as shown by the route coefficients (which range from 0.157 to
0.405). Each path’s VIF value is less than 5. Hence multicollinearity isn’t
an issue. Fig. 6 presents the frequency histogram of all constructs
involved in the model [63,67]. The frequency curve is significantly
similar to the standard distribution curve, indicating the acceptability of
including these constructs in the model.

Consequently, the findings indicate that the formative constructs
play a crucial role in determining how to measure the effectiveness of
applying Al to the digital transformation of current health and safety
management systems [68,69]. Fig. 7 is finally presenting the path sig-
nificance of all constructs. They have obtained after bootstrapping
analysis. In sum, our results shed light on important considerations for
businesses interested in using Al technology within the framework of
safety management systems.

The Q? value for the endogenous latent variable “Assessment of
Success factors of Using Al in Digital Transformation of Current Health
and Safety Management Systems” is shown in Table 12 as part of the
model’s predictive relevance analysis. The model’s predictive power, as
demonstrated by Q?, is shown. Higher Q? values indicate greater pre-
diction accuracy. With a Q2 of 0.128, this model’s predictive capability
is about average when it comes to the “Assessment of Success aspects of
Using Al in Digital Transformation of Current Health and Safety Man-
agement Systems” construct [45,46]. To put it another way, this sug-
gests that the model accounts for around 12.8 % of the variation in the
construct, which is not a lot but is still substantial. The Q? result must be
understood in light of the particular model and the assessed construct.
More analysis and interpretation are required to fully appreciate the
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significance of this Q% number for the study question and aims.
Table 12

Endogenous latent variable Q2.

Predictive relevance analysis of model SSO SSE Q2 (=1- 4.3. Validation outcome

SSO/SSE)

Evaluation of Success factors of Utilizing ~ 14980.000  13065.414  0.128 The validation findings are shown in Table 13 where the mean value

Alin Digital Transformation of Existing for each respondent answered of 22 participants in the validation survey
Health and Safety Management is more than 4.0. On the basis of the accepted data, the response to each
Systems question confirms the model’s validity.

5. Discussion

The formative knowledge construct includes AI-SF17, AI-SF6 and Al-

SF14. The construct incorporates critical elements for efficient Al use in

health and safety management [1,13]. The construct consists of three

Table 13 components that highlight data quality, Al application creativity, and
Results of validation. system learnability and adaptability, respectively. The whole knowledge
structure reflects the significance of regularly updating and refining

R dent 1 2 3 4 5 P . . . . .
coponcen Q Q Q Q Q artificial intelligence systems to guarantee their efficacy in boosting
; ; ; : g Z health and safety management systems. The model emphasizes the need
3 3 4 5 4 3 to prioritize data quality, innovation, and flexibility to facilitate the
4 3 4 5 5 4 smooth incorporation of Al into health and safety management systems
5 4 4 4 4 5 [4,45].
6 4 4 4 4 4 The operation formative construct includes AI-SF22, AI-SF10, and
7 4 5 4 4 4 AI-SF11 and AI-SF19. To get the most remarkable results using Al it is
8 4 4 5 4 4 . ) . .
9 4 4 4 4 5 crucial to ensure the algorithms are well-built and the data is handled
10 5 4 5 4 4 correctly. This criterion for success emphasizes the need for high-quality
11 4 4 5 5 2 data and well-tuned algorithms to get trustworthy outcomes from Al
12 4 3 4 5 5 [47,52]. In addition, this highlights the need to assess data sources and
13 3 4 4 3 3 . . .o .
14 < 5 4 s < processing techniques critically. Thus, the formative framework for
15 5 3 5 4 1 operationalizing Al in health and safety management systems is well-
16 4 4 4 5 5 built and includes numerous critical success elements. To get depend-
17 4 5 5 4 5 able and successful results from Al in this setting, paying attention to
12 ; 3 : g 2 and improving data quality, flexibility, continuous monitoring and
20 3 3 4 5 5 assessment, and quantifiable outcomes is crucial.
21 5 5 4 5 5 The formative management construct includes AI-SF1, AI-SF23 and
22 5 3 4 5 5 AI-SF3. “The use of artificial intelligence in health and safety manage-
23 5 5 4 5 5 ment systems should examine ethical issues, such as the possibility of
4.09 4.09 4.30 4.48 4.04

prejudice or discrimination, and ensure that the system runs ethically
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and fairly”. Members of the target audience are consulted to ensure the
system suits their needs and fits in with the organization’s overall
mission. It’s crucial to check that AI abides by all local, national, and
international rules, regulations, and ethical considerations [42,46].
Worker safety is vital in construction, making this success element
especially pertinent. The moral and equitable functioning of the AI
system must be guaranteed [47,52]. This may be done by laying down
strict ethical rules for the Al system and keeping a close eye on it to catch
any shady behaviour before it does any harm. Generally speaking, the
formative management construct stresses the need to include stake-
holders, adhere to relevant norms and regulations, and address ethical
considerations when integrating Al into health and safety management
systems. By focusing on these characteristics, businesses may improve
the efficiency of their Al systems and guarantee that they are operating
in a secure, fair, and ethical way.

The integration formative construct includes AI-SF20, AI-SF24. and
AI-SF4. Also, the framework stresses the need to evaluate the Al system’s
results in light of predetermined standards. This is crucial since it gua-
rantees that the Al system is effective in its tasks and provides reliable
results in real-time. Accuracy, timeliness, and the system’s impact on
health and safety outcomes assessments may provide light on the sys-
tem’s effectiveness and point to places for improvement [2]. The
structure also emphasizes the value of teamwork within the Information
Technology, Safety, and Operations divisions. This is crucial for
ensuring the Al system serves the corporation and its various parts. The
Al system may be better customized to the organization’s requirements
and current procedures if the team works together to develop it [1,16].
As a whole, the integration formative construct sheds light on why it’s
crucial to integrate the AI system with preexisting health and safety
management systems, how to evaluate the system’s efficacy, and how to
foster interdepartmental cooperation.

The formative reliability construct includes AI-SF8, AI-SF12, and Al-
SF16. Three critical features of successful AI are included in the
framework: reliability and sturdiness, transparency in decision-making,
and responsibility for outcomes. This is essential to ensuring the system
can adapt to new situations while maintaining high accuracy. It’s
important to remember that the system can only be as trustworthy as the
information it receives. Inaccurate conclusions might be drawn from
insufficient or inadequate data. It is of the utmost importance to guar-
antee that the system’s decision-making process does not jeopardize the
confidentiality or safety of user information. It is crucial to provide an
audit trail of the system’s choices and hold it accountable for errors or
oversights. By doing so, system faults may be found and fixed to avoid
future problems.

In conclusion, the formative dependability construct plays a vital
role in ensuring that the Al system can be trusted, is open to scrutiny,
and is held accountable for its actions [17,18]. Trust in the system may
be bolstered in this way, and that’s crucial if stakeholders are going to
adopt it ultimately. Data privacy, security, and ethical standards must be
considered throughout the system’s development and rollout.

The formative adaptability construct includes AI-SF18, AI-SF7, and
AI-SF15. The capacity of an Al system to adjust to new circumstances is
the primary emphasis of the adaptability of formative architecture. The
three sub-constructs of this construct stress the significance of meeting
user needs, maintaining progress, and adjusting to new circumstances.
This is essential to make the system accessible to all stakeholders,
regardless of their degree of technical knowledge. Adopting the AI sys-
tem and its incorporation into current processes might be aided by a
straightforward interface. Thus, the system should be built to consider
user input and undergo constant monitoring to detect and fix any
problems that may occur. If the regulations, the scope of the project, or
the data sources change, it will be necessary to modify the algorithms
and the data inputs used by the system [21,22]. In general, the adapt-
ability of the formative framework acknowledges the requirement for Al
systems to be versatile and responsive to new conditions. For an Al
system to be effective in health and safety management over the long
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term, it must have a straightforward interface, undergo continuous
development, and be flexible enough to accommodate changes to the
project and surrounding environment.

5.1. Empirical and theoretical contributions

This study contributes to the growing body of literature on the use of
Al in the construction industry’s health and safety management systems.
The survey data collected provides insights into the demographics of
professionals involved in the construction industry and their attitudes
towards Al The study identifies five formative constructs (i.e., knowl-
edge, operation, management, integration, reliability, and adaptability)
crucial for successful Al adoption in construction industry health and
safety management systems. The study highlights specific factors (e.g.,
data quality, system scalability, ethical considerations, and user-
friendliness) that should be considered when designing and imple-
menting Al systems in the construction industry. The study contributes
to the theoretical understanding of the factors contributing to successful
Al adoption in the construction industry’s health and safety manage-
ment systems. The study builds on existing literature on Al adoption in
the construction industry by providing a more nuanced perspective on
the crucial factors for successful implementation. The identification of
the five formative constructs provides a theoretical framework that can
be used to guide future research in this area. The study highlights the
importance of considering ethical considerations, such as the risk of bias
or discrimination, when designing and implementing Al systems in the
construction industry. This contributes to the broader debate on the
responsible use of Al in society.

5.2. Managerial suggestions

This investigation provides numerous recommendations for mana-
gerial action that construction companies can take to incorporate arti-
ficial intelligence into their health and safety management structures.
Construction companies that want to integrate Al successfully should
start by including key stakeholders, such as workers, managers, and
anyone affected by the change. Because of this, they’ll be able to make
helpful criticism of the system’s implementation. It is important to note
that the quality and accuracy of the data are crucial to the success of Al
adoption in health and safety management systems. There has to be a
guarantee of accuracy, consistency, and timeliness in the data collected
by construction companies. Building companies should encourage
research into how artificial intelligence may be integrated into existing
safety management systems to make them more effective. This may
include trying out innovative data collection and analysis approaches,
such as using artificial intelligence to spot potential hazards.

The Al system needs constant checking to make sure it’s doing its job.
Checking the system’s accuracy, finding bugs and fixing them, and
ensuring it’s doing its intended tasks might fall under this category.
Ethical concerns, such as the potential for bias or discrimination, should
be thoroughly investigated before Al is included in health and safety
management systems. Measuring the Al system’s success against pre-
determined benchmarks is essential. Accuracy, timeliness, and the sys-
tem’s impact on health and safety outcomes may all be evaluated. An
intuitive, straightforward, and easily accessible interface is a must for Al
systems.

5.3. Limitations and future implications

The study’s reliance on EFA and SEM as primary analysis methods is
a significant drawback. While these methods see extensive usage in the
academic world, they sometimes need better capture the subtleties and
complexity of the data. Using complementary methodologies, such as
machine learning algorithms or qualitative data analysis, may improve
the results of future investigations. The research was done with a select
group of experts from the construction business. Thus its effects may not
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apply to the field as a whole. Similar studies with diverse populations
should be conducted in the future to strengthen the study’s external
validity. More specifically, this research looked into how experts in the
construction sector feel about implementing Al into HSS. To get a more
nuanced picture of the issue, future research might account for the
viewpoints of many other parties involved, such as employees, regula-
tory organizations, and insurance providers.

The identified success factors, such as adaptability, operation,
management, reliability, integration, and knowledge, are fundamental
principles of AI adoption that are not limited to the construction in-
dustry. These principles are applicable to any domain seeking to inte-
grate Al technologies effectively. The study emphasizes the importance
of ethical considerations, transparency in decision-making, and fairness
in Al systems. These principles are universally applicable and are
increasingly essential in various industries, including finance, health-
care, and retail, where AI is being used for decision support and
customer interactions. The need for collaboration across IT, safety, and
operations departments is a key finding that can be extended to other
sectors. In any industry, successful Al adoption often requires close
cooperation and communication between different functional areas to
ensure alignment with business objectives. Training users and em-
ployees to effectively utilize Al systems is a common requirement across
industries. The study’s emphasis on user education can serve as a model
for designing training programs in various sectors where Al tools are
deployed. Ensuring the accuracy and quality of data, as well as the
flexibility to accommodate changes in project scope or data sources, is a
challenge faced across industries. These factors are vital for Al systems
to produce reliable and actionable insights.

Communication of Benefits: Effectively communicating the benefits
of Al to stakeholders is a universal requirement. Industries, such as
marketing and sales, can draw insights from the study’s emphasis on
clear and concise communication of Al advantages.

Notwithstanding the study’s limitations, it has significant ramifica-
tions for the field. The research shows that while creating and deploying
Al in the construction sector’s health and safety management systems, it
is crucial to consider elements like data quality, system scalability,
ethical difficulties, and stakeholder participation. The study lays the
groundwork for future studies and interventions in this area. With the
study’s numerous formative components in mind, construction firms
may design and execute Al-based health and safety management systems
that are robust enough to withstand the rigours of various projects and
environments.

6. Conclusion

Overall, this research aimed to create and verify a thorough model
for the efficient use of Al in health and safety management systems in the
building trades. The study concluded that six foundational con-
structs—knowledge, operation, management, integration, depend-
ability, and adaptability—are essential to the widespread use of Al in
health and safety management systems. Research shows that each factor
significantly affects the rate at which health and safety management
systems incorporate Al. A cross-section of experts working in the con-
struction sector participated in the empirical study, and their feedback
was essential in understanding how to use Al in health and safety
management best. Using EFA and SEM, the researchers were able to
determine the connection between the formative constructions and the
uptake of Al The theoretical and practical consequences of this study’s
conclusions are substantial. This paper makes theoretical contributions
by identifying six important foundational characteristics when using Al
in health and safety management systems. These models give a roadmap
for those responsible for health and safety in the construction sector to
follow as they integrate Al into their existing processes. The study’s
management recommendations may include implications for the con-
struction sector. This advice may help those responsible for health and
safety in the construction sector use Al efficiently. Suggestions include
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integrating stakeholders’ early development, following health and
safety regulations, creating a user-friendly interface, keeping tabs on the
system’s progress, and ensuring those responsible for its decisions and
actions are held to account. This research had certain drawbacks, despite
making some critical contributions: EFA and SEM were the principal
analytical techniques used. Future studies may want to investigate other
ways of analysis to understand better the connection between the
foundational components and the integration of Al into health and
safety management systems. Overall, this study lays the groundwork for
further investigation into the integration of Al into construction sector
health and safety management systems.

Funding

This research was supported by, Lembaga Penelitian dan Pengabdian
Masyarakat (LPPM), Universitas Muhammadiyah Sumatera Utara,
Indonesia.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgement

This research was supported by, Lembaga Penelitian dan Pengabdian
Masyarakat (LPPM), Universitas Muhammadiyah Sumatera Utara,
Indonesia.

References
[1] Tay J, Shi P, He Y, Nath T. Application of computer vision in the construction

industry. SSRN Electron J 2019.

Khahro SH, Memon NA, Ali TH, Memon ZA. Adoption of prefabrication in small

scale construction projects. Civ Eng J 2019.

Ames CP et al. Artificial intelligence based hierarchical clustering of patient types

and intervention categories in adult spinal deformity surgery: towards a new

classification scheme that predicts quality and value,” Spine (Phila. Pa. 1976).;

2019.

Teo ALE, Ofori G, Tjandra IK, Kim H. Design for safety: Theoretical framework of

the safety aspect of BIM system to determine the safety index. Constr Econ Build

2016.

Teo EAL. Briefing: Determining productivity and safety indices using BIM.

Proceedings of Institution of Civil Engineers: Management, Procurement and Law

2016.

Sandra VB, Jardim. The electronic health record and its contribution to healthcare

information systems interoperability. Procedia Technol 2013.

Feng Y, Teo EAL, Ling FYY, Low SP. Exploring the interactive effects of safety

investments, safety culture and project hazard on safety performance: An empirical

analysis. Int J Proj Manag 2014.

Choi W. A study on the intelligent disaster management system based on artificial

intelligence. J Korean Soc Hazard Mitig 2020.

Kanyilmaz A, Tichell PRN, Loiacono D. A genetic algorithm tool for conceptual

structural design with cost and embodied carbon optimization. Eng Appl Artif Intell

2022.

Degas A, et al. “A Survey on Artificial Intelligence (AI). And eXplainable Al in Air

Traffic Management: Current Trends and Development with Future Research

Trajectory”. Applied Sciences (Switzerland); 2022.

Wang M, Wang CC, Sepasgozar S, Zlatanova S. A systematic review of digital

technology adoption in off-site construction: Current status and future direction

towards industry 4.0. Buildings 2020.

Iyer LS. Al enabled applications towards intelligent transportation. Transp Eng

2021.

Chansik P, Doyeop L, Numan K. An analysis on safety risk judgment patterns

towards computer. Vision Based Construction Safety Management 2020.

Liu 'Y, Zhao S, Yue X, Muthu BA, Kumar RL. Al-based framework for risk estimation

in workplace. Aggress Violent Behav 2021.

Jing H, Wei W, Zhou C, He X. An artificial intelligence security framework. J Phys

Conf Ser 2021.

Der Yu W, Liao HC, Hsiao WT, Chang HK, Wu TY, Lin CC. Application of the hybrid

machine learning techniques for real-time identification of worker’s personal

safety protection equipment. J Technol 2020.

Abduljabbar R, Dia H, Liyanage S, Bagloee SA. Applications of artificial intelligence

in transport: An overview. Sustainability (switzerland) 2019.

[2]

[3]

[4]

[5]

[6

[}

[7]

[8]
[91

[10]

[11]

[12]
[13]
[14]
[15]

[16]

[17]


http://refhub.elsevier.com/S2090-4479(23)00440-9/h0005
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0005
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0010
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0010
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0020
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0020
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0020
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0025
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0025
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0025
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0030
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0030
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0035
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0035
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0035
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0040
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0040
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0045
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0045
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0045
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0050
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0050
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0050
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0055
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0055
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0055
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0060
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0060
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0065
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0065
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0070
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0070
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0075
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0075
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0080
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0080
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0080
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0085
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0085

A. Wagqar et al.

[18]

[19]

[20]

[21]

[22]

[23]

[24]
[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]
[41]

[42]

[43]

[44]

[45]

[46]
[47]

[48]

Liu C, Sepasgozar SME, Shirowzhan S, Mohammadi G. Applications of object
detection in modular construction based on a comparative evaluation of deep
learning algorithms. Constr Innov 2022.

Mahmoudi A, Sadeghi M, Deng X. Performance measurement of construction
suppliers under localization, agility, and digitalization criteria: Fuzzy Ordinal
Priority Approach. Environ Dev Sustain 2022.

Sadeghi M, Mahmoudi A, Deng X. Blockchain technology in construction
organizations: risk assessment using trapezoidal fuzzy ordinal priority approach.
Eng Constr Archit Manag 2022.

Palaniappan K, Kok CL, Kato K. Artificial Intelligence (AI) Coupled with the
Internet of Things (IoT) for the Enhancement of Occupational Health and Safety in
the Construction Industry. In Lecture Notes in Networks and Systems. 2021.
Tognetto D, et al. Artificial intelligence applications and cataract management: A
systematic review. Surv Ophthalmol 2022.

Bigham GF, Adamtey S, Onsarigo L, Jha N. Artificial intelligence for construction
safety: Mitigation of the risk of fall. In Advances in Intelligent Systems and Computing.
2018.

Chua IS, et al. Artificial intelligence in oncology: Path to implementation. Cancer
Med 2021.

Khan M, et al. Effects of Jute Fiber on Fresh and Hardened Characteristics of
Concrete with Environmental Assessment. Buildings Jun. 2023;13:1691.

Khan M, et al. “optimization of Fresh and Mechanical Characteristics of Carbon
Fiber-Reinforced Concrete Composites Using Response Surface Technique” 2023;
vol. 13:Mar.

Sajjad M, et al. Evaluation of the Success of Industry 4.0 Digitalization Practices for
Sustainable Construction Management: Chinese Construction Industry. Buildings
2023;13(7):1668.

Abioye SO, et al. “Artificial intelligence in the construction industry: A review of
present status, opportunities and future challenges”, Journal of Building.
Engineering 2021.

Sadeghi M, Mahmoudi A, Deng X. Adopting distributed ledger technology for the
sustainable construction industry: evaluating the barriers using Ordinal Priority
Approach. Environ Sci Pollut Res 2022.

Mahmoudi A, Sadeghi M, Naeni LM. Blockchain and supply chain finance for
sustainable construction industry: ensemble ranking using Ordinal Priority
Approach. Oper Manag Res 2023.

Wagqar A, et al. Effect of volcanic pumice powder ash on the properties of cement
concrete using response surface methodology. J Build Pathol Rehabil 2023.

A. Waqar, M. B. Khan, N. Shafiq, K. Skrzypkowski, K. Zagorski, and A. Zagorska,
“Assessment of Challenges to the Adoption of 10T for the Safety Management of
Small Construction Projects in Malaysia: Structural Equation Modeling Approach,”
Appl. Sci., vol. 13, no. 5, 2023.

Wagar A, Hannan Qureshi A, Othman I, Saad N, Azab M. Exploration of challenges
to deployment of blockchain in small construction projects. Ain Shams Eng J 2023;
no. xxxx:102362.

Kaplan A, et al. Artificial Intelligence/Machine Learning in Respiratory Medicine
and Potential Role in Asthma and COPD Diagnosis. J Allergy Clin Immunol Pract
2021.

Howard J. Artificial intelligence: Implications for the future of work. Am J Ind Med
2019.

A. Waqar and I. Othman, “Challenges to the Implementation of BIM for the Risk
Management of Oil and Gas Construction Projects : Structural Equation Modeling
Approach sustainability Challenges to the Implementation of BIM for the Risk
Management of Oil and Gas Construction Project,” no. May, 2023.

Wagqar A, Othman I, Almujibah H, Khan MB, Alotaibi S, Elhassan AAM. Factors
Influencing Adoption of Digital Twin Advanced Technologies for Smart City
Development: Evidence from Malaysia. Buildings 2023.

Wagar A, et al. Assessment of Barriers to Robotics Process Automation (RPA)
Implementation in Safety Management of Tall Buildings. Buildings Jun. 2023;13:
1663.

Wagqar A, Othman I, Pomares JC. Impact of 3D Printing on the Overall Project
Success of Residential Construction Projects Using Structural Equation Modelling.
Int J Environ Res Public Health 2023.

M. B. Khan and A. Wagqar, “Carbon Fiber-Reinforced Concrete Composites Using
Response,” no. March, 2023.

Pistolesi F, Lazzerini B. Assessing the Risk of Low Back Pain and Injury via Inertial
and Barometric Sensors. Informatics: IEEE Trans. Ind; 2020.

Chen S, Xi J, Chen Y, Zhao J. Association Mining of Near Misses in Hydropower
Engineering Construction Based on Convolutional Neural Network Text
Classification. Comput Intell Neurosci 2022.

Tahir H, et al. “Optimisation of Mechanical Characteristics of Alkali-Resistant Glass
Fibre Concrete towards. Sustainable Construction” 2023.

Wagar A, et al. Effect of Coir Fibre Ash (CFA) on the strengths, modulus of
elasticity and embodied carbon of concrete using response surface methodology
(RSM) and optimization. Results Eng 2023.

Shneiderman B. Bridging the gap between ethics and practice: Guidelines for
reliable, safe, and trustworthy human-centered Al systems. ACM Trans Interact
Intell Syst 2020.

Kochovski P, Stankovski V. Building applications for smart and safe construction
with the DECENTER Fog Computing and Brokerage Platform. Autom Constr 2021.
Feder J. Drones Move From ‘Nice To Have’ to Strategic Resources for Projects. J Pet
Technol 2020.

Chew MYL, Yan K. Enhancing Interpretability of Data-Driven Fault Detection and
Diagnosis Methodology with Maintainability Rules in Smart Building Management.
J Sensors 2022.

16

[49]

[50]

[51]

[52]
[53]

[54]

[55]

[56]

[57]
[58]
[59]

[60]

[61]

[62]
[63]

[64]

[65]

[66]

[67]

[68]
[69]

[70]

[71]
[72]

[73]

[74]

[75]
[76]
[771
[78]

[79]

[80]

[81]

Ain Shams Engineering Journal 14 (2023) 102551

A. Wagqar, I. Othman, N. Shafiq, and H. Altan, “Modeling the Effect of Overcoming
the Barriers to Passive Design Implementation on Project Sustainability Building
Success : A Structural Equation Modeling Perspective sustainability Modeling the
Effect of Overcoming the Barriers to Passive Design Impleme,” no. June, 2023.
A. Wagqar, I. Othman, N. Shafiq, and H. Altan, “sustainability Modeling the Effect of
Overcoming the Barriers to Passive Design Implementation on Project
Sustainability Building Success : A Structural Equation Modeling Perspective,” no
June, 2023.

Wagar A, Othman I, Shafiq N, Mansoor MS. Applications of Al in oil and gas
projects towards sustainable development: a systematic literature review. Artif
Intell Rev 2023.

Cubric M. Drivers, barriers and social considerations for Al adoption in business
and management: A tertiary study. Technol Soc 2020.

Wagar A, Othman I, Skrzypkowski K. “Evaluation of Success of Superhydrophobic
Coatings in the Oil and. Gas Construction Industry Using Structural” 2023.
Wagar A, Qureshi AH, Alaloul WS. “Barriers to Building Information Modeling
(BIM) Deployment in Small Construction Projects. Malaysian Construction
Industry”, Sustain 2023.

Wagar A, et al. Success of Implementing Cloud Computing for Smart Development
in Small Construction Projects. Appl Sci 2023.

Huanga Y, Le T. Factors affecting the implementation of ai-based hearing
protection technology at construction workplace. In Proceedings of the 37th
International Symposium on Automation and Robotics in Construction, ISARC 2020:
from Demonstration to Practical Use - to New Stage of Construction Robot. 2020.
Yan Y, Hou X, Fei H. Review of predicting the blast-induced ground vibrations to
reduce impacts on ambient urban communities. J Clean Prod 2020.

Suh B. PSY3-2 Artificial intelligence for cancer diagnosis and treatment. Ann Oncol
2021.

Khan S, Tsutsumi S, Yairi T, Nakasuka S. Robustness of Al-based prognostic and
systems health management. Control: Annu. Rev; 2021.

Pishgar M, Issa SF, Sietsema M, Pratap P, Darabi H. Redeca: A novel framework to
review artificial intelligence and its applications in occupational safety and health.
Int J Environ Res Public Health 2021.

Abas NH, Yusuf N, Rahmat MH, Ghing TY. Safety Personnel’s Perceptions on the
Significant Factors that Affect Construction Projects Safety Performance. Int J
Integr Eng 2021.

Li W, Duan P, Su J. The effectiveness of project management construction with
data mining and blockchain consensus. J Ambient Intell Humaniz Comput 2021.
Cheng MY, Kusoemo D, Gosno RA. Text mining-based construction site accident
classification using hybrid supervised machine learning. Autom Constr 2020.
Rahimi Movassagh M, Roofigari-Esfahan N, Won Lee S, Evia C, Hicks D, Jeon M.
Human Factors Considerations for Teaming between Construction Workersand
Voice-based Intelligent Virtual Agent (VIVA). Proc Hum Factors Ergon Soc Annu
Meet 2021.

Gola M, et al. From building regulations and local health rules to the new local
building codes: a national survey in Italy on the prescriptive and performance
requirements for a new performance approach. Ann Di Ig Med Prev e Di Comunita
2020.

Niu Y, et al. Towards the ‘third wave’: An SCO-enabled occupational health and
safety management system for construction. Saf Sci 2019.

Gou H, et al. “State-of-the-art review of bridge informatization and intelligent
bridge in 20197, Tumu yu Huanjing Gongcheng Xuebao/Journal of Civil and
Environmental. Engineering 2020.

Boje C, Guerriero A, Kubicki S, Rezgui Y. Towards a semantic Construction Digital
Twin: Directions for future research. Autom Constr 2020.

Ozlati S, Yampolskiy R. The formalization of ai risk management and safety
standards. AAAI Workshop - Technical Report 2017.

Beckers R, Kwade Z, Zanca F. The EU medical device regulation: Implications for
artificial intelligence-based medical device software in medical physics. Medica:
Phys; 2021.

Choudhury A, Asan O. “Role of artificial intelligence in patient safety outcomes:
Systematic literature review”, JMIR. Med Inform 2020.

Kumar I, Rawat J, Mohd N, Husain S. Opportunities of Artificial Intelligence and
Machine Learning in the Food Industry. J Food Qual 2021.

N. K. Sinha, R. Das, S. B. K. Sinha, K. Shalini, and S. Das, “Prevention through
Design in major construction projects-Case study from Tata Steel,” in 2021
International Conference on Maintenance and Intelligent Asset Management, ICMIAM
2021, 2021.

Yang Y, et al. Opportunities and challenges for construction health and safety
technologies under the COVID-19 pandemic in Chinese construction projects. Int J
Environ Res Public Health 2021.

Mao S, Wang B, Tang Y, Qian F. Opportunities and Challenges of Artificial
Intelligence for Green Manufacturing in the Process Industry. Engineering 2019.
Xiao C, Akhnoukh AK, Liu Y. Literature Review of the applications of Artificial
Intelligence (AI) in Construction Project Management. Constr 21st Century 2018.
Chen J, Fang H, Zeng X. On the intelligent development of unmanned platforms in
high- risk industries. Scientia Sinica Informationis 2021.

Liu Z, Shi G, Zhang A, Huang C. Intelligent tensioning method for prestressed
cables based on digital twins and artificial intelligence. Sensors (switzerland) 2020.
Israr A, Abro GEM, Sadiq Ali Khan M, Farhan M, Bin Mohd Zulkifli SUA. Internet of
Things (IoT)-Enabled Unmanned Aerial Vehicles for the inspection of construction
sites: a vision and future directions. Math Probl Eng 2021.

Kim JS, Yi CY, Park YJ. Image processing and qr code application method for
construction safety management. Appl Sci 2021.

Jeelani I, Albert A, Han K. Improving safety performance in construction using eye-
tracking, visual data analytics, and virtual reality. In: Construction Research


http://refhub.elsevier.com/S2090-4479(23)00440-9/h0090
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0090
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0090
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0095
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0095
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0095
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0100
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0100
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0100
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0105
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0105
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0105
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0110
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0110
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0115
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0115
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0115
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0120
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0120
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0125
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0125
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0130
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0130
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0130
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0135
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0135
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0135
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0140
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0140
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0140
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0145
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0145
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0145
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0150
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0150
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0150
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0155
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0155
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0165
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0165
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0165
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0170
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0170
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0170
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0175
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0175
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0185
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0185
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0185
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0190
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0190
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0190
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0195
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0195
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0195
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0205
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0205
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0210
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0210
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0210
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0215
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0215
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0220
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0220
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0220
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0225
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0225
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0225
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0230
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0230
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0235
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0235
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0240
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0240
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0240
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0255
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0255
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0255
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0260
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0260
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0265
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0265
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0270
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0270
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0270
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0275
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0275
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0280
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0280
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0280
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0280
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0285
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0285
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0290
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0290
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0295
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0295
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0300
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0300
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0300
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0305
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0305
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0305
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0310
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0310
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0315
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0315
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0320
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0320
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0320
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0320
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0325
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0325
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0325
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0325
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0330
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0330
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0335
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0335
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0335
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0340
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0340
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0345
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0345
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0350
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0350
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0350
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0355
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0355
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0360
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0360
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0370
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0370
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0370
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0375
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0375
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0380
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0380
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0385
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0385
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0390
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0390
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0395
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0395
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0395
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0400
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0400

A. Wagqar et al.

[82]

[83]

Congress 2020: Safety, Workforce, and Education - Selected Papers from the
Construction Research Congress 2020; 2020.

Brunone F, Cucuzza M, Imperadori M, Vanossi A. From cognitive buildings to
digital twin: the frontier of digitalization for the management of the built
environment. Springer Tracts in Civil Engineering. 2021.

Ganesh S, Talukder AK. Formal Methods, artificial intelligence, big-data analytics,
and knowledge engineering in medical care to reduce disease burden and health
disparities. Lecture Notes in Computer Science (including Subseries Lecture Notes
in Artificial Intelligence and Lecture Notes in Bioinformatics). 2018.

17

Ain Shams Engineering Journal 14 (2023) 102551

Ahsan Wagqar is a lifelong learner from Pakistan who earned his
bachelor’s degree from Mirpur University of Science and
Technology (MUST) in 2015 and his master’s degree in civil
engineering from the same university in 2017.He is now
working as a Graduate Research Assistant at University Tech-
nology PETRONAS, Malaysia and is pursuing his Ph.D. in
Construction Management and has 18 research papers already
published. He has 6 years of working experience in academia
and industry.


http://refhub.elsevier.com/S2090-4479(23)00440-9/h0410
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0410
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0410
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0415
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0415
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0415
http://refhub.elsevier.com/S2090-4479(23)00440-9/h0415

	Evaluation of success factors of utilizing AI in digital transformation of health and safety management systems in modern c ...
	1 Introduction
	2 Background
	3 Methodology
	3.1 Exploratory factor analysis
	3.2 Development of SEM model
	3.2.1 Demographics
	3.2.2 Fornell and lacker criteria
	3.2.3 HTMT ratio
	3.2.4 Predictive relevance

	3.3 Validation check

	4 Results
	4.1 EFA analysis
	4.2 Structure equation modelling (SEM) and analysis
	4.2.1 Second order analysis
	4.2.2 Path analysis

	4.3 Validation outcome

	5 Discussion
	5.1 Empirical and theoretical contributions
	5.2 Managerial suggestions
	5.3 Limitations and future implications

	6 Conclusion
	Funding
	Declaration of Competing Interest
	Acknowledgement
	References


