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ARTICLE INFO ABSTRACT

Keywords: The utilization of the Internet of Things (IoT) presents a promising opportunity for the healthcare
IoT industry which is continuously expanding and persistently aspiring to enhance the quality of
IoMT medical services and reduce its operational costs through the implementation of new technolo-
Informatics

gies. Despite the proven benefits of utilizing IoT-based technologies, its integration in the health-
care sector is minimal, particularly in nursing care. The purpose of this study is to establish a con-
ceptual model to guide program designers and implementation leaders in evaluating the adoption
of IoT products and services in nursing care, from the perspective of nurses. The study employed
an empirical quantitative research design utilizing a structured online questionnaire to collect
data from a convenience sample of nursing staff gathered data were subjected to statistical analy-
sis using Statistical Package for the Social Sciences (SPSS) and Structural Equation Modeling Par-
tial Least Square (SEM-PLS). Data analysis led to the establishment of a framework to identify fac-
tors influencing the integration of IoT and barriers that may impede its adoption in nursing care.
The study makes a valuable contribution to academia by addressing a gap in the existing litera-
ture relating to the adoption of IoT in medical services, particularly in nursing care, and provid-
ing a novel theoretical framework that encompasses effective factors for the integration of IoT in
medical care. This model provides deep insight and guidance to healthcare industry leaders, sys-
tem developers, and nursing professionals to improve program design and implementation of IoT
applications in healthcare. In addition, the model guides building engineering in the planning
and design of medical facilities aligned with the IoT technologies and its physical environment.
Finally, the study paved the way for further research exploring the implementation of IoT-based
technologies and expanding the model to other stakeholders and functions within medical de-
partments as well as other industries.
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1. Introduction

At the core of healthcare delivery, the provision of care remains a fundamental principle of nursing practice. The ability of nurses
to foster patient recovery and promote overall wellbeing serves as a key determinant of care quality and patient outcomes. The in-
creasing demand for healthcare services has been a pressing concern in recent years, which imposed significant work pressure on
nurses [1]. The growing challenge is evident in the rise of errors, declining effectiveness in communication between healthcare pro-
fessionals and patients, and compromised abilities for ongoing health monitoring, both in clinical environments and at home.

Together, these factors significantly contribute to the escalating rate of errors in patient care [2]. Unquestionably, the global
healthcare sector aspires to realize high-quality service deliverywhile minimizing operational costs. The IoT technology presents a
promising avenue to this end. IoT's robust sensor systems amplify patient monitoring capabilities, thereby reducing the need for ex-
traneous tests and appointments, and ultimately driving down healthcare costs [3]. Furthermore, IoT offers efficacious solutions in
nursing practices, leveraging IoT-enabled methodologies and technologies to deliver superior care. In response to the multifarious
pressures pervading the healthcare sector, IoT successfully integrates within established healthcare environments. In addition, it ele-
vates the efficiency and effectiveness of healthcare personnel, concurrently attenuating expenses associated with healthcare institu-
tion performance [4].

The implementation of the IoT in healthcare, particularly in the domain of nursing care, presents certain challenges. Despite the
demonstrated efficacy of the IoT in healthcare and its associated technologies in addressing nursing care challenges, the integration of
IoT systems into healthcare organizations remains incomplete [2]. In light of the low adoption of IoT (AloT) in the healthcare sector,
it is difficult to implement it if users are not ready. Moreover, the decision to adopt IoT applications requires a structured approach
that is capable of identifying the technological and operational structures. Indeed, technology adoption is one of the more mature ar-
eas of research in information systems, especially IoT adoption [5]. A review of relevant literature shows that research in this field is
still in its infancy, and there is a need for more investigation. A case in point is Jordan, where IoT adoption is still at a low level, ac-
cording to Mustafa y Alzubi [6] and AlZghoul et al. [7]. So, IoT applications must be designed as a nurse-centric healthcare system as
healthcare providers, and create relationships between patients, and their families to align decisions with patients’ needs, and prefer-
ences. For designing such a system, an understanding of such relationships must be made among nurses and their duties So, the design
of the system needs to take into account the social and psychological behavior of the nursing staff, because they are the primary
providers of healthcare services.

The purpose of this research is to identify the effective factors of IoT adoption from the perspective of nurses. Therefore, such fac-
tors are evaluated and taken into account prior to the design of technology-based systems to support the nursing function. Therefore,
a conceptual model needs to be created to facilitate the adoption of IoT in healthcare. This study aims to identify effective factors for
adopting IoT applications among nurses in Amman City, Jordan. The selected medical departments for data collection in this study
are the Al-Bashir hospitals located in Amman City. The Al-Bashir hospital group comprises several hospitals that provide healthcare
services to a significant population. Three hospitals from this group were specifically selected as the primary sources for obtaining the
study sample. In this study, convenient sampling was used because it was easy for people to volunteer or choose units based on their
availability or how easy to reach. A survey was conducted in the form of an online questionnaire distributed to nurses. A theoretical
framework was developed, and hypotheses were formulated for this research. Structural Equation Modeling (SEM) using Partial Least
Squares (PLS) and the Statistical Package for Social Sciences (SPSS) is employed to analyze the proposed measurement model. Lastly,
the literature review is addressed in the following section, followed by the theoretical framework, formulation of hypotheses, and de-
velopment of the conceptual model. Furthermore, the research methodology, data analysis, and empirical results are presented in the
following section.

1.1. Problem statement

Healthcare society has recognized the emerging technology's potential to move healthcare systems beyond the conventional use of
information technology and provide a more advanced type of service [8]. Despite the clear merits of IoT technologies within health-
care, broad-scale adoption isn't automatic and is tense with complexities. Overcoming these challenges requires particular system ex-
amination, focused education for professionals, notably within nursing care, and patient acceptance, fostered through comprehensive
awareness initiatives [9,10]. Indeed, discovered that even though IoT-based solutions can provide an improved and better approach
to healthcare management, end-user adoption is very low, according to, the studies of Masmali et al. [11], Al-Turjman et al. [12], and
Hossain et al. [13] who emphasized that the adoption of IoT technology and its applications in the healthcare sector have not been as
fast as the uptake in other industries, and they have explored the effective factors for adopting IoT in healthcare. Moreover, re-
searchers Hossain et al. [5], Mieronkoski et al. [14] and Kang et al. [15] concluded that IoT technology is providing innovations for
the use of primary nursing care, and they found that the IoT has a low level of adoption in nursing care, and also the benefits of IoT are
still not being used as much as they should in nursing care. This study has figured out effective factors, particularly among nurses in
Amman city, relating to IoT applications in health care. In addition, it has investigated the barriers that prevent the adoption of IoT
technology and developed a framework to extract the main factors that would help in improving the design and implementation of
IoT applications in healthcare. The factors extracted will help in improving the functioning of applications for nurses as professional
users, at the same time they will also help to find out methods for the nursing domain to adopt IoT in their work.

1.2. Objectives

The main objective of this study is to identify effective factors which play a significant role in increasing the adoption of IoT tech-
nologies for nurses and significantly influence the utilization of a system, as well as the level of user satisfaction, ultimately contribut-
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ing to the overall success of the system. The process will require a thorough examination of nurses's awareness and perception regard-
ing the adoption of IoT in healthcare. The specific objective of this research can be outlined as follows.

1. To formulate a predictive theoretical framework that elucidates the factors influencing the adoption of IoT technology among
nursing professionals in Amman City, Jordan.

2. To figure out the mediating influence of behavioral intention to use IoT on its adoption among nursing professionals in Amman
City, Jordan.

3. To figure out the moderating effect of Top Management on the relationship between behavioral intention to use IoT and the
adoption of IoT among nurses in Amman City, Jordan.

1.3. Novelty

Today's medical technology is more advanced and more effective. Rapid advancements in medical technology and availability led
to high-technology diagnostics, with changing practice patterns of professional staff. This revolution in technology healthcare is being
delivered today [16]. The novelty of this study lies in its potential to serve as a valuable resource for various stakeholders, including
healthcare administrators, patients, their relatives, and developers of healthcare systems. The study's findings aim to provide guid-
ance on guide how to effectively implement and utilize IoT technology and applications within the healthcare sector, with a particu-
lar focus on nursing care. Besides, it aims to investigate the factors influencing the incremental adoption of IoT technology, specifi-
cally from the viewpoint of nurses. Nurses play a crucial role in facilitating the integration of IoT technologies, such as wearable IoT
devices, into their practices. Therefore, it is critical to enlist their commitment and ensure their readiness.

This study will additionally provide support to healthcare administrators in the development of policies aimed at bridging the di-
vide between academic research and practical application. The disparity between research and practical application has a detrimental
effect on the integration of innovative technologies within the healthcare sector. The proposed study aims to make a valuable contri-
bution to academia by addressing a gap in the existing literature. This will be achieved through the development of a novel frame-
work that incorporates new constructs and the identification of factors that influence the adoption of IoT applications in nursing care
and patients’ lives. Moreover, The study will provide valuable insights for the healthcare industry, encouraging nursing care profes-
sionals to critically assess and reassess their existing practices to adopt IoT technologies such as wearable IoT devices into their activi-
ties, it might be useful for healthcare system developers, who must be aware of obstacles and goals before the design, testing, and im-
plementation phases, and user needs must be determined.

2. Literature review

Before the launch of this study, our team of researchers conducted an extensive review of the available literature relating to inte-
grating IoT in healthcare services to get acquainted with similar studies and identify potential gaps that this research may attempt to
bridge. This review revealed that existing literature relating to the topic of IoT adoption in medical services, particularly in nursing
care in our region, is quite limited and does not offer a viable theoretical framework to guide initiatives geared toward further inte-
gration of IoT in nursing care. This review covered relevant research and publications relating to: 1) the adoption of IoT in nursing. 2)
IoT adoption in nursing care in Jordan. 3) theories, and methods used for the adoption of IoT in healthcare and nursing. 4) the adop-
tion of electrocardiogram monitoring systems in healthcare. 5) effective factors for IoT adoption.

2.1. Adoption of the Internet of Things in nursing care

As mentioned before, IoT and its supporting technology reduce issues and mitigate challenges relating to the field of healthcare,
such as medical errors, fraud, failure, illicit products, and ineffective workflows. Nevertheless, despite the growing phenomenon and
its advantages. Nevertheless, despite the growing phenomenon and its advantages, IoT systems are not fully integrated into health-
care organizations. One of the most important reasons for the lack of integration is users’ low level of acceptance of these innovations
[17]. IoT technology and its corresponding developments in the nursing sector were not as fast as the implementation and adoption in
other industries. In the nursing sector, the decision-makers are healthcare managers, who are also responsible for adopting IoT in de-
livering healthcare services [11]. According to Bodur et al. [2], there is a lack of studies conducted on IoT in healthcare and nursing
procedures. Most studies conducted focus on the adoption factors of healthcare technology. However, there are currently limited
studies that highlight and explore the adoption and possibilities of IoT in nursing care.

2.2. Internet of Things adoption in nursing care in Jordan

Researchers Osmonbekov y Johnston [18] suggest that IoT is the third wave of information technology-driven innovation and pro-
vides a basis for rethinking and reworking business processes for maximum efficiency and quality. IoT adoption is difficult to imple-
ment if users are not ready. Adopting of IoT requires a structured approach capable of identifying the technological and operational
structures within which IoT will increase process efficiency and minimize the risk of failure. IoT adoption differs from other informa-
tion technologies for several reasons.

Privacy issues represent one of the significant reasons that make adoption slower and harder, which is why few studies have been
conducted in this field [19]. A review of the past literature shows that research in this field is still in its infancy, and there is a need for
more investigation. A case in point is Jordan, where IoT adoption is still at a low level, according to AlZghoul et al. [7]. There is a
dearth of literature on IoT adoption, specifically in healthcare in Jordan.
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2.3. Theories, method used for adoption of IoT in healthcare and nursing

Research on the topic of how and why people use new technologies is one of the most well-established in the field of information
systems. Technology adoption, as described by Carr (1999) is the action of deciding to employ technology. The problems associated
with the widespread adoption of new technologies have come to the fore as a direct result of the exponential growth of technological
advancements in every industry. Companies and governments alike are spending heavily on inventions that could cause a major
change in the way people live [20]. The review of IoT literature demonstrated that adoption and dissemination can be used inter-
changeably.

According to Ref. [20] study, diffusion is defined as “the phase during which the technology expands to general use and applica-
tion”. Therefore, while adoption refers to a change at the level of an individual, diffusion can be seen as a change at the level of a pop-
ulation. Important though each idea may be, adoption and diffusion go hand in hand. The correlation between adoption and diffusion
is shown in Fig. 1.

It is important to note that user acceptance and trust are key to improving the success chances adopting of any new technologies.
Improvement is a result of consumer participation in the development of applications. It is a common question for both practitioners
and academics to assess if people are accepting new technology. Rather than being simply tied to technological factors, technology
adoption has been demonstrated to be a far more complex process including many factors, including user attitude, personality, social
effect on trust, and a variety of nabling conditions [21].

More than one theoretical approach is needed for a full understanding and clarification of the wide range of issues related to inte-
grating IoT in healthcare [22,23]. Fig. 2 shows a quick view of the most popular theories and models of technology integration used in
healthcare and nursing care. Several studies have shown that technological acceptance is not linked exclusively to the characteristics
of technology but has developed as a much more complicated process involving the dimensions of individual attitude and the nature
of the social influence of confidence and a variety of enabling factors. Several theories and models can better explain the processes of
technology adoption arising from the conceptualization of new influences [24].

The Technology Acceptance Model, Motivational Model, Theory of Planned Behavior, Diffusion of Innovation Theory, Theory of
Reasoned Action, Unified Theory of Acceptance and Use of Technology, Model of Personal Computer Use, and Social Cognitive The-
ory are just some of the theories, models, and frameworks that have been developed to explain user adoption of new technologies.
Many researchers have used these typical frameworks to conduct their evaluation, while others have combined or extended them
[25]. Most studies require more than one theoretical approach to gain a full understanding and clarification of the issues involved
[23], adoption theory attempts to identify, predict, and explain the variables that affect the conduct of adoption at three levels: indi-
vidual, group/team, and organization [26]. Innovation Diffusion Theory (IDT), the Theory of Reasoned Action (TRA), and the Social
Cognitive Theory (SCT) are only a few of the adoption models developed in social psychology. All three theories have been validated
for their ability to anticipate and explain a wide range of human behaviors.

However, TRA and TPB are distinct from DOI because the former two theories are concerned with explaining the actions of indi-
viduals, whereas the latter two are concerned with making evaluations of adoption in which organizational factors play a central role.
In contrast, the Model of PC Utilization (MPCU) is based on the work of psychologists and other behavioral scientists [23]. In (Fig. 2)
illustrates the majority of theories and models used in studies on the adoption of IoT in healthcare, according to Ref. [25].

2.4. Adoption electrocardiogram monitoring systems in HealthCare

Nowadays, IoT application is considered one of the most important, latest and fastest-expanding technology. IoT consists of de-
vices with sensors linked to the Internet through wireless sensor networks, leading to the invention of new ways of interacting with
the devices, which was not possible before. In the IoT world, many wearable devices for various health monitoring/measuring symp-
toms exist.

Moreover, the proactive monitoring of an individual's health can help avoid many dangerous health-related events. IoT in health
helps to better maintain an individual's well-being [1]. WearableElectrocardiogram (ECG) monitoring has been widely used in hospi-
tals and medical research centres as a monitoring system as seen in Fig. 3. In addition, it is used in the diagnosis of heart-related dis-
eases [27]. According to a study by Yang et al. [28], the data collected by the ECG is based on the IoT cloud which supports high data
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Fig. 1. Individual adoptions compose diffusion [20].
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rates and wide coverage areas in comparison to conventional ECG procedures. Fig. 4 shows the devices that can be used for reading
vital signs and their functions in the system, which fulfil the requirements of this system.

The literature has extensive research on ECG monitoring systems. Nonetheless, the multifaceted nature of these systems makes it
difficult for medical personnel to choose monitoring needs, match the context of their use, and support monitoring conditions [29].
Many studies discussed the rapid rise of IoT in ECG monitoring systems for preventative healthcare and assisting in the detection of
patients’ unexpected medical concerns or changes in behavioral patterns according to Ren et al. [30] study. As a first step, the re-
searchers proposed a generic health monitoring system. The Raspberry Pi serves as both a sensor node and a controller. Yang et al.
[28]; Khan [31]; Abawajy y Hassan [32]; Mostafa et al. [33]; Shaji et al. [34]; Kulkarni et al. [35], have all proposed IoT-enabled ECG
monitoring systems. Despite all of the research done to develop ECG monitoring based on IoT, there is still a dearth of information on
effective aspects and behavioral intention to use, according to studies by Abawajy y Hassan [32]; Ren et al. [30]; Yang et al. [28].
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2.5. Effective factors of IoT adoption

Based on DeLone and McLean's (1975) IS success model, effective factors are those factors that affect system usage as well as user
satisfaction with system success. Hence, effective factors are required for healthcare systems as they have a crucial role to play in sav-
ing users from death. The evaluation before the final stage of the development of the medical system can be conducted to identify the
efficient factors for the success of the system. The system life cycle is composed of complementary and interrelated phases of system
use, system design, and implementation.

Thus, before system design and implementation, the usability of the system must be confirmed. Healthcare professionals and users
or patients are considered the main users of healthcare systems. Therefore, their behavioral intention to use healthcare systems is very
crucial, the healthcare system will in most cases rely on their continued use by them (Keikhosrokiani y et al., 2019). As can be seen,
the healthcare success system depends on effective factors from the perspective of the professional staff. These factors lead to an in-
creased intention to use, thus leading to an increased adoption level. According to Al-Rawashdeh et al. [25] study, the effective fac-
tors of the adoption of IoT must be well identified, because these factors may facilitate or impede healthcare professionals’ use of IoT
technologies, and their results show that IoT adoption is affected by several effective factors at the individual, technology, security,
health, and environmental levels.

3. Theoretical framework and hypotheses formulation

This section is dedicated to discussing the research framework employed in this study, encompassing the development of concep-
tual models, research hypotheses, and the methodology employed. Previous research has explored the utilization of IoT technologies
within healthcare, with numerous studies investigating the benefits of this technology in general healthcare contexts or focusing on
patient acceptance of these emerging technologies. Numerous theories explicating the process of technology adoption have been pro-
posed over the years. As formerly stated, this research primarily seeks to investigate the effective factors influencing the integration of
the IoT within nursing care practices in Amman City.

The research's theoretical framework has been wisely developed by mixing a multitude of esteemed theories and models that are
considered pivotal in clarifying the procedure of technological adoption. Different theories often emphasize different aspects of a
problem or process. By integrating multiple theories, researchers can ensure that their framework adequately covers the full range of
relevant factors. This increases the explanatory and predictive power of the framework, improving its usefulness for both theoretical
exploration and practical application. In the specific case of studying IoT adoption in nursing care, the integration of multiple theories
is justified by the multi-faceted nature of the adoption process. Factors such as personal attitudes, perceived usefulness, social influ-
ence, organizational support, and technical knowledge all play roles in the decision to adopt new technology. Each of these factors is
best captured by different theories, so a comprehensive understanding requires the integration of multiple theoretical perspectives.

A novel framework for enhancing awareness and adoption of the IoT in nursing care is constructed by integrating constructs from
four established theoretical models, namely, the Unified Theory of Acceptance and Use of Technology (UTAUT), the Health Belief
Model (HBM), the Technology Acceptance Model (TAM), and the Theory of Planned Behavior (TPB), as illustrated in Table 1 below.
Moreover, The innovative aspect of the framework lies in its classification of constructs drawn from various theories into three dis-
tinct categories: technological context, health context, and individual awareness context as shown in Fig. 5. This classification pro-
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Table 1
Theories and constructs used in study.

Theory of Adoption The Importance of Theories Constructs (Effective Factors)
UTAUT Model It is used to define the user's desire to utilize Information System (IS) 1-Effort Expectancy (EE)
2-Performance Expectancy (PE)
3- Anxiety (AX)
4-Trust (T)

5-TopManagement (TM)
6-IT Knowledge (IT)
7x-Technologywarenes

The Health Belief Model HBM It is used to predict and explain human behaviour in particular environment 8-Perceived Severity (PS)
Technology Acceptances Model It is used to explain computer-base behavior 9-Social Influence (SI)
(TAM) 10- Behavioral intention Attitude

(BD
Theory of Planned Behavior (TPB) It is used to predict and explain how human's related health behavior in a particular ~ 11-Adoption IoT among Nurses
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Fig. 5. Theoretical Model for Study Adoption I oT among Nurses.

vides a structured approach to understanding the different factors influencing adoption and establishes a foundation for an interdisci-
plinary understanding of IoT adoption in healthcare.

3.1. The conceptual model and definition of constructs

In the context of IoT adoption in nursing care, constructs are the basic elements that make up a phenomenon or idea. Some com-
mon constructs in this study are efficiency, data privacy, and security, how people use technology, and how to train healthcare staff,
these elements interact with each other and help make IoT adoption in nursing care more effective overall.

Several models have been proposed to explain the adoption of IoT in nursing care, including Technology Acceptance Model
(TAM), the Diffusion of Innovations (DOI), and the Unified.

Theory of Acceptance and Use of Technology model (UTAUT), models and theories consider variables such as performance expec-
tation, effort expectation, social influence, and facilitating conditions, in addition to individual characteristics such as age, gender,
and experience, as predictors of technology acceptance and use [36,37].

In this section, the researcher examined adoption theories and models, and different studies in which the success of the proposed
model is measured using the UTAUT, TPB, TAM theories, and The Health Belief Model (HBM). This study integrates TPB, TAM, HBM
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and UTAUT adoption theories with twelve additional variables (constructs), including Performance Expectancy (PE), Effort Ex-
pectancy (EE), Trust (T), Anxiety (AX), IT.

Knowledge (IT), Self Efficacy (SE), Social Influence (SI), Technology Awareness (AT), Perceived Severity (PS), Top Management
Support (TM), Behavioral Intention to Use (BI), and Adoption IoT among Nurses (A IoT). In Table 2 summarizes the definition of each
construct, and the conceptual research model is illustrated in Fig. 5. The conceptual model depicts three independent variables (So-
cial Influence, IT knowledge, and Self-Efficacy), which affect the dependent variable (Technology Awareness).

3.2. Hypotheses formulation

This research aims to draw upon widely recognized theoretical frameworks including the TPB, TAM, UTAUT, and HBM. These es-
tablished models and theories will provide the foundation for examining and understanding user behavior toward technology adop-
tion, specifically in the realm of IoT. The research model will comprise three primary categories of constructs: technological context,
health context, and individual context. These categories were deliberately chosen to represent a comprehensive spectrum of factors
influencing the adoption and use of IoT in healthcare settings. The technological context focuses on the technical aspects of IoT de-
vices. The health context encompasses factors related to the specific health-related applications and implications of IoT technology.
This could involve aspects such as perceived health benefits, relevance to specific health tasks, and the impact on patient care and
health outcomes.

The individual context pertains to individual attributes of the users, including their attitudes, perceptions, beliefs, and individual
readiness towards adopting and using IoT in their professional healthcare practices. By integrating these diverse determinants into a
unified framework, this research aims to provide a more holistic and nuanced understanding

of user behavior toward IoT adoption in healthcare.

Delving deeper into the technological context, the Unified Theory of Acceptance and Use.

of Technology (UTAUT) will serve as a pivotal framework for this research. UTAUT, which encapsulates factors driving both the
intention to adopt and the actual use of information technology, presents a comprehensive perspective on technology acceptance [9].
As concluded from an exhaustive exploration of relevant literature, there are four key variables integral to determining Behavioral In-
tention (BI) to adopt of IoT technologies. These influential factors include EE, PE, T, AX. Therefore, four hypotheses were proposed,
and they are as follows:

Effort Expectancy: EE fundamentally encapsulates the perceived ease of use of technology. This construct represents the degree of
ease associated with the use of the system in question [9]. The significance of EE arises from its influence on an individual's behav-
ioral intention to use a system. As asserted by Venkatesh et al. [37], a positive correlation exists between Effort Expectancy and an in-
dividual's intention to adopt a technology.

Notably, this relationship hinges upon certain elements such as complexity and ease of use. Complexity refers to the degree of dif-
ficulty inherent in understanding and using the new system, whereas ease of use relates to the user's belief that using the system
would be free of effort [38]. Taking into consideration the aforementioned aspects of Effort Expectancy and its proven relationship to
the use of technology, the following hypothesis is put forward for empirical validation in this study. This hypothesis would explore
the potential impact of Effort Expectancy on the intention of nursing professionals to use IoT technology in their practice. This explo-
ration can offer valuable insights into designing and imple-menting IoT systems that are user-friendly and thereby more likely to be
adopted by the end-users.

H1. Effort Expectancy has a positive impact on nurses's behavioral intention to use IoT applications.

Performance Expectancy: PE as conceptualized by Venkatesh et al. [37], encompasses an individual's belief that utilizing a partic-
ular system would aid them in achieving their objectives and enhancing their job performance. The construct of PE is multi-

Table 2
Definition of constructs (effective factors) for study.

Construct Definitions

Performance Expectancy (PE)
Effort Expectancy (EE)

The degree to which a nurse believes that the use of IoT applications would enhance his or her performance.
The degree to which a nurse believes that the use of IoT applications would be effortless (free of physical and mental effort)

Trust (T) A set of beliefs that IoT applications would fulfil the expected commitments under conditions of vulnerability and
interdependence.
Anxiety (AX) The degree to which a nurse's fear, concern, hesitation and, being embarrassed to use the IoT devices.

Perceived Severity (PS)

Behavioral Intention to Use IoT
among nurses (BI)

Technology Awareness (TA)

IT knowledge (IT)

Self-Efficacy (SE)

Social Influence (SI)

Top Management Support (TM)

Adoption IoT among Nurses
(AIoTN)

The degree of the negative outcome that is expected to occur in the process of the nurse's use of the IoT service, and the
psychological expectation of the seriousness of the perceived health risk when using IoT applications.
The degree to which a nurse's motivation intends to use IoT applications.

The degree of a nurse's knowledge about the existence and benefits of IoT technology in their activities.

The ability of customers to handle the internet and its applications, including IoT applications.

The nurse's perceptions of his or her ability to use IoT applications in the accomplishment of the nursing task.

The extent that nurses feel other people think they ought to be using IoT technology.

Facilitating conditions are defined as the degree to which nurses believe that hospital and technical infrastructure exists to
support the use of the IoT applications.

Stage of selecting an IoT technology for use by nurses in hospitals.
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dimensional, encapsulating perceived usefulness, job fit, extrinsic motivation, and relative advantage. PE has been identified as a
salient factor influencing an individual's behavioral intention to adopt and use a system Therefore, a higher PE is likely to stimulate an
individual's intention to use a system. Given the above theoretical underpinnings, we propose the following hypothesis for this study.
This hypothesis aims to investigate the possible influence of Performance Expectancy on the behavioral intention of nursing profes-
sionals to use IoT technology. Understanding this relationship is crucial for devising strategies to improve the acceptance and adop-
tion of IoT systems in nursing practice.

H2. Performance Expectancy has a positive impact on nurse as behavioral intention to use IoT applications.

Trust: T, as delineated by Gedam y Paul [39], pertains to the degree to which an individual believes that others will act in a so-
cially acceptable, reliable, and trustworthy manner. The construct of trust plays a pivotal role in shaping a user's relationship with
technology, including IoT devices. Trust can encourage acceptance, reduce uncertainty, and influence behavioral intention to adopt
new technology. A positive correlation between trust and the behavioral intention to use IoT has been demonstrated in prior research
[40]. A user's trust in an IoT system's reliability, security, and effectiveness can strongly influence their decision to use the technology.
In light of the aforementioned theoretical discussions, it is proposed the following hypothesis for this study. This hypothesis aims to
investigate the potential influence of Trust on the behavioral intention of nursing professionals to use IoT technology.

Understanding this relationship is paramount in devising strategies to facilitate the acceptance and adoption of IoT systems in
nursing care.

H3. Trust has a positive impact on nurses's behavioral intention to use IoT applications.

Anxiety: Ax the construct of anxiety is particularly relevant in the context of user interactions with technology. The novelty or
complexity of technology, such as IoT devices in healthcare, can induce a sense of anxiety among users. The fear of misuse, data secu-
rity, and other unknown implications may become potential barriers to technology adoption [41]. Hence, understanding and address-
ing user anxiety is critical for fostering the successful implementation and use of IoT technology within nursing. The following hy-
pothesis for this study.

H4. Anxiety has a positive impact on nurse's behavioral intention to use IoT applications.

In the healthcare context, HBM proposes that an individual's decision on whether or not to take a health-related action is based on
his, or her perception of the perceived threat [42,43]. The adoption of health information technology varies from acceptance of tech-
nology in certain fields because many health-related considerations affect people as they want to follow health-related habits [44].
Thus, the hypothesis is set as follows: Perceived Severity: PS is seen as an individual's appraisal of the possible aftermath associated
with a potential threat (Milne et al., 2006). Scholarly agreement suggests that perceived severity could indirectly sway the intention
to adopt technologies or systems. A number of studies have identified a significant correlation between perceived severity and atti-
tude [42]. Thus, the hypothesis is set as follows.

HS5. Perceived Severity has a positive impact on nurse's behavioral intention to use IoT applications. Within the individual context,
upon comprehensive examination of preceding discussions and literature reviews, this study integrates four variables: Self-Efficacy,
IT Knowledge, Social Influence, and Technology Awareness. These factors, proposed in the model, collectively portray the individ-
ual context [45]. Consequently, the ensuing hypotheses are structured as follows:

Technology-Awareness: TA can be considered a construct that measures an individual's knowledge of, and familiarity with, a par-
ticular technology. It involves an understanding of the technology's features, capabilities, potential benefits, and possible limitations
or risks [46]. An individual's level of Technology Awareness could influence their likelihood of adopting an IoT device, with higher
awareness potentially associated with a greater likelihood of adoption. Hence, the forth coming hypotheses are designed as follows.

H6. TechnologyAwareness has a positive impact on nurses' behavioral intention to use IoT applications.

IT knowledge: IT knowledge as per the definition provided by Acquity Group (2014), pertains to the competency of individuals to
effectively navigate and utilize the Internet, its various applications, and other associated services. The context of the IoT refers to the
proficiency and understanding of individuals in leveraging IoT services and devices. This involves a comprehensive understanding of
how to navigate, operate, and optimize the use of IoT technologies and the myriad applications these devices enable Koohang et al.
Consequently, the ensuing hypotheses are structured as follows.

H7. IT knowledge has a positive impact on nurses' technology awareness to use IoT applications. Self-Efficacy: Self-efficacy refers to
an individual's belief in their capacity to execute the behaviors necessary to produce specific performance outcomes. This concept
was introduced by psychologist Albert Bandura in his Social Cognitive Theory. In the context of technology use, self-efficacy could be
considered as technology self-efficacy or computer self-efficacy, reflecting an individual's confidence in their ability to use technol-
ogy or computer systems effectively [13]. Higher levels of self-efficacy are often associated with a greater likelihood of adopting and
effectively using new technologies.

HS8. Self-Efficacy has a positive impact on nurse's technology awareness to use IoT applications.

Social Influence: Venkatesh et al. [47] proposes that Social Influence (SI), the extent to which an individual perceives the rele-
vance of others' beliefs in their decision-making, plays a crucial role in the adoption of novel systems. This suggests that the Behav-
ioral Intention (BI) to employ a system is, to a degree, influenced by the perspectives and endorsements of influential individuals
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within one's social or occupational networks. Venkatesh et al. [37]. further postulate that the effect of Social Influence on Behavioral
Intention is most observable during the early stages of system experience, often taking the form of adherence to societal expectations.
Concurrently, the research literature has indicated a significant correlation between SI and attitude [48,49].

The following hypothesis for this research.

H9. Social Influence has a positive impact on nurse's technology awareness to use IoT applications. Behavioral Intention to Use: The
relationship between Behavioral Intention (BI) and Usage Behavior (UB) has been a topic of significant exploration, with a consensus
emerging around the direct correlation between these two aspects. This relationship is evident in models such as the (UTAUT), where
[47] posited a direct connection between BI and UB. Concurrently [36], in the (TAM) emphasized the clear linkage between BI and
UB. Within these parameters, BI is interpreted as the individual's preparedness to interact with a given technology, while UB is in-
dicative of the actual employment and adoption of the technology. This line of reasoning is predicated on the assumption that a user's
intent to utilize a certain technology typically leads to the actual usage of the same. This proposition has been corroborated by recent
studies by Arfi et al. [9], and Rajmohan y Johar [50]. Thus, the forthcoming hypothesis is established within the context of this re-
search:

H10. Behavioral Intention to Use IoT applications has a positive impact on the Adoption of IoT among nurses.

Top Management Support: In the context of (UTAUT), Top Management Support (TMS) refers to the strategic actions and backing
provided by high-level administrators to encourage and facilitate the adoption and implementation of technology within an organiza-
tion Venkatesh et al. [47]. The TM in facilitating the integration of technology into an organization is widely recognized within the
academic research community. Actions demonstrating managerial support are crucial to success-ful implementation, as they legit-
imize the significance of System Innovations (SI), reflect management's commitment to ensuring successful adoption, and serve as a
strategic instrument to galvanize the necessary effort for adopting these innovations [51]. Such an assertion has been validated by
subsequent studies in the field [40]. Therefore, within the framework of the present study, the ensuing hypothesis is formulated, tak-
ing into consideration this significant correlation between top management support and successful technology integration.

H11. Top Management Support has a positive impact on Behavioral Intention to Use IoT applications.
H12. Top Management Support has a positive impact on the Adoption of IoT among Nurses.

In statistical analysis, mediation is characterized by the influence of an independent variable on a dependent variable through one
or more intermediary variables, known as mediators. A mediating variable essentially serves as a bridge between the dependent and
independent variables, elucidating the pathway through which the variables are interrelated [52].

For instance, in the context of our study, Technology-Awareness could mediate the relationship between demographic variables
such as IT knowledge, Social Influence, and self-efficacy, ultimately affecting Behaovioral Intention to Use IoT. Therefore, each of
these constructs will be examined individually as potential mediators [45]. Consequently, the mediating hypotheses can be con-
structed as follows.

H13. Technology Awareness of IoT applications will be a mediator in the association between IT knowledge and behavioral intention
to use IoT applications.

H14. Technology Awareness of IoT applications will be a mediator in the association between self-efficacy and behavioral intention
to use IoT applications.

H15. Technology Awareness of IoT applications will be a mediator in the association between Social influence and behavioral inten-
tion to use IoT applications.

Also, Behavioral Intention (BI) often plays a mediating role in the acceptance and utilization of technology. The mediating func-
tion of Bl is predicated on the notion that the individual's intention to use technology is an intermediary step that facilitates the transi-
tion from the perception of a technology's usefulness to its actual use. In the context of technology acceptance models, recognizing the
mediating role of Behavioral Intention provides a more nuanced understanding of technology acceptance and use. It emphasizes the
importance of user intention in determining the successful adoption and implementation of technology within various contexts, in-
cluding but not limited to IoT in nursing, thereby providing valuable insights for technology developers, and policymakers [53].
Thus, considering the pivotal mediating role of Behavioral Intention within the context of technology integration and adoption, the
following hypothesis is articulated within the structure of this research study.

H16. Behavioral Intention to Use IoT applications will be a mediator in the association between Effort Expectancy andadoption of IoT
among nurses.

H17. Behavioral Intention to Use IoT applications will be a mediator in the association between performance Expectancy and adop-
tion of IoT among nurses.

H18. Behavioral Intention to Use IoT applications will be a mediator in the association between Trust and adoption of IoT among
nurses.

H19. Behavioral Intention to Use IoT applications will be a mediator in the association between Anxiety and the adoption of IoT
among nurses.
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H20. Behavioral Intention to Use IoT applications will be a mediator in the association between Perceived Severity and the adoption
of IoT among nurses.

H21. Behavioral Intention to Use IoT applications will be a mediator in the association Technology-Awareness between and the adop-
tion of IoT among nurses.

H22. Behavioral Intention to Use IoT applications will be a mediator in the association of Top Management Support between and
Adoption of IoT among Nurses.

H23. Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association
between IT knowledge and the Adoption of IoT among Nurses.

H24. Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association
between Social Influence Adoption of IoT among Nurses.

H25. Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association
between Self-Efficacy and Adoption of IoT among Nurses.

In the context of the (UTAUT), Top Management Support (TMS) plays a critical moderating role too. TMS is pivotal in facilitating
and encouraging the acceptance and use of technology within an organization. Therefore, within the framework of UTAUT, TMS is a
crucial element that influences the acceptance and use of technology by moderating the relationships between the core determinants
of technology acceptance and the actual technology usage behavior. As such, the role of TMS should be considered when studying
technology acceptance and usage within an organizational context according to many studies such as Hsu y Lin [54]; Chen et al. [55].
The following hypothesis is articulated within the structure of this research study.

H26. Top Management Support will moderate the relationship between Behavioral Intention to Use IoT applications and the adoption
of IoT among nurses.

H27. Top Management Support will moderate the relationship between the adoption of IoT among nurses. and Behavioral Intention
to Use IoT Applications.

In summary, the research hypotheses for this study are outlined in Table 3. This research includes a total of twenty-seven carefully
prepared hypotheses, designed to fulfill the research objectives.

Table 3
The Hypotheses for Adoption study.

NO Hypotheses for Study

H1  Effort Expectancy has a positive impact on nursesd Behavioral Intention to Use IoT applications.

H2  Performance Expectancy has a positive impact on nurseds Behavioral Intention to Use IoT applications.

H3  Trust has a positive impact on nursesa Behavioral Intention to Use IoT applications.

H4  Anxiety has a positive impact on nurseas Behavioral Intention to Use IoT applications.

H5  Perceived Severity has a positive impact on nursesa Behavioral Intention to Use IoT applications.

H6  Technology-Awareness has a positive impact on nursesa Behavioral Intention to Use IoT applications.

H7  IT knowledge has a positive impact on nursesd Technology-Awareness to use IoT applications.

H8  Self-Efficacy has a positive impact on nursesd Technology-Awareness to use IoT applications.

H9  Social Influence has a positive impact on nurseds Technology-Awareness to use IoT applications.

H10 Behavioral Intention to Use IoT applications has a positive impact on the Adoption of IoT among nurses.

H11 Top Management Support has a positive impact on Behavioral Intention to Use IoT applications.

H12 Top Management Support has a positive impact on the Adoption of IoT among Nurses.

H13 Technology-Awareness of IoT applications will be a mediator in the association between IT knowledge and Behavioral Intention to Use IoT applications.

H14 Technology-Awareness of IoT applications will be a mediator in the association between Self-Efficacy and Behavioral Intention to Use IoT applications.

H15 Technology-Awareness of IoT applications will be a mediator in the association between Social Influence and Behavioral Intention to Use IoT applications.

H16 Behavioral Intention to Use IoT applications will be a mediator in the association between Effort Expectancy and adoption IoT among nurses.

H17 Behavioral Intention to Use IoT applications will be a mediator in the association between performance Expectancy and adoption IoT among nurses.

H18 Behavioral Intention to Use IoT applications will be a mediator in the association between Trust and adoption IoT among nurses.

H19 Behavioral Intention to Use IoT applications will be a mediator in the association between Anxiety and adoption IoT among nurses.

H20 Behavioral Intention to Use IoT applications will be a mediator in the association between Perceived Severity and adoption IoT among nurses.

H21 Behavioral Intention to Use IoT applications will be a mediator in the association Technology-Awareness between and adoption IoT among nurses.

H22 Behavioral Intention to Use IoT applications will be a mediator in the association Top Management Support between and Adoption of IoT among Nurses.

H23 Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association between IT knowledge
Adoption IoT among Nurses.

H24 Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association between Social Influence
Adoption IoT among Nurses.

H25 Technology-Awareness of IoT applications and Behavioral Intention to Use IoT applications will be a mediator in the association between Self-Efficacy
Adoption IoT among Nurses.

H26 Top Management Support will moderate the relationship between Behavioral Intention to Use IoT applications and the adoption of IoT among nurses.

H27 Top Management Support will moderate the relationship between the adoption of IoT among nurses. and Behavioral Intention to Use IoT Applications.
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4. Research methodology

4.1. Research design

This research is based on empirical methods of research following a deductive and exploratory approach. The study aims to iden-
tify the key factors that facilitate the integration and utilization of IoT technology among nurses in Amman City. This research investi-
gates practical elements that contribute positively to the success of the healthcare system, including factors that impact user interac-
tion and satisfaction [56]. In this case, utilizing IoT technology for ECG monitoring within the scope of this research enables a com-
prehensive examination of the factors influencing the adoption of healthcare technology. This is particularly significant within the
nursing profession. IoT-based ECG monitoring devices provide a facility for the real-time observation of patients' cardiac health, con-
tributing to a continuous data stream. This ceaseless flow of data can generate valuable insights into the factors influencing health-
care professionals’ preparedness to adopt such advanced tools, as well as the practical challenges that may arise during the process.

The relevance of adopting IoT-based ECG monitors spans diverse healthcare settings, ranging from hospital environments to home
care situations. Therefore, a detailed study of this technology is capable of identifying factors that have wide-ranging implications for
the incorporation of IoT in healthcare. Gaining a thorough understanding of these devices’ adoption could furnish invaluable infor-
mation on promoting the acceptance of technologies capable of augmenting patient care and improving operational efficiency in
healthcare [27]. Moreover, some effective factors play a vital role in adopting IoT technology, the users must have enough knowledge
about this technology, so this study tries to explore the effect awareness (independent variable) has on the adoption of IoT technology
in nursing (dependent variable) through an intervention. The research steps started with an intervention study through the workshop.
The workshop was conducted virtually on the Zoom web application due to the COVID-19 pandemic.

The workshop focused on wearable ECG monitoring systems that utilize IoT technology, providing detailed discussions, materials,
and videos showcasing the main functions, data streaming, and benefits of the system for nursing care. Following the workshop, par-
ticipants were asked to complete a questionnaire that aimed to collect data on their perceptions of barriers to adopting IoT in nursing
care. According to Creswell et al. [57] study An experimental design in quantitative research tests the impact of a treatment (or an in-
tervention) on an outcome, controlling for all other factors that might influence that outcome”.

The study's steps are designed to answer each research question. These questions are.

(Q1. How to figure out the effective factors for the adoption of IoT technology among nurses in hospitals in Amman City, Jordan?)
(Q2: How can behavioral intention to use IoT affect the adoption of IoT among nurses in Amman City, Jordan?).
(Q3: How top management can affect the adoption of IoT among nurses in Amman City, Jordan?).

The findings of this study help before the design, testing, and implementation stages of healthcare systems. It also helps developers
be aware of barriers, objectives, and user requirements.

4.2. Sampling

This study used convenience sampling (also known as haphazard sampling or accidental sampling). Researchers worldwide have
incorporated the said technique in their research. For example, Keikhosrokiani et al. [56] study employed convenience sampling in
studying nurses' perceptions of spirituality and spiritual care in Jordan. Al-Adwan y Berger [58] followed the said technique while at-
tempting to explore physicians’ willingness toward the adoption of electronic health care records in Jordan. In particular, the use of
convenience sampling in this research is primarily justified by the ongoing COVID-19 pandemic, which has presented unique chal-
lenges to conducting studies with time-consuming sampling techniques. Firstly, accessibility to the research participants is consider-
ably limited due to safety measures such as social distancing, lockdowns, and the resulting limitations on human movement and in-
person contact.

Convenience sampling allows the researcher to recruit readily available participants, mitigating these challenges. Secondly,
nurses, who form a crucial participant group for this research, are currently under unprecedented strain due to the demands of the
pandemic response. Hence, it may be challenging to engage them in research activities that require substantial time commitment. The
population chosen for this research are registered nurses with at least one year of experience and who have worked in a clinical unit.
The study's sample was taken from the Al-Bashir Hospital a public hospital in Amman City, consisting of several hospitals as in Table
4. Indeed, several key considerations inform the decision to concentrate this research study on public hospitals in the city of Amman.
Primarily, public hospitals serve a wider and more diverse demographic in comparison to private institutions.

This broad representation enables an expansive perspective, facilitating a comprehensive comprehension of the influence and up-
take of IoT-based ECG monitors. Secondarily, public hospitals adhere to standardized protocols and directives established by govern-
mental entities, lending uniformity to their operations. This consistency facilitates the extrapolation of generalizable conclusions
from the research outcomes. Additionally, discoveries derived from public hospitals can directly influence public health policy deci-
sions associated with technology adoption. Hence, they are more likely to incite policy-level transformations, potentially benefiting a
larger societal segment.

Table 4
Number nurses in hospitals hospital name healthcare sector number Nurese.

Cardiac Surgery Hospital Public 100
Batinah Hospital public 120
Emergency and Ambulance Hospital public 80
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Lastly, the focus on Amman, the capital and the most populous city in Jordan, is driven by its high concentration of public hospi-
tals. This makes the city an apt and representative selection for the investigation. Moreover, the insights gained from the research
conducted in Amman could be extended to understand technology adoption in comparable urban contexts. Significantly, for this re-
search, the researcher chose three hospitals as in Table 4, to provide a solid foundation for the decision model. The number of nurses
in each of these hospitals is recorded in Table 4. The population for this study, totaling 300, was obtained from the Ministry of Health
in Jordan, as recorded on June 6, 2021.

The general sample size guidelines by Krejcie and Morgan (1970) served as the cornerstone in determining an appropriate sample
size for this study. According to their table, for a population size of 300, the minimum recommended sample size for generalization is
169 cases. However, the final sample size chosen for this research was 200 nurses exceeding the minimum recommendation [59].
This decision was taken to ensure a more robust set of findings and to account for potential attrition or variations in the response rate
that could threaten the validity of the results. A larger sample size also enhances the statistical power of the study, resulting in more
accurate and generalizable outcomes. Therefore, the decision to utilize a sample size of 200 nurses is both justified and strategically
sound, considering the scope and requirements of this study.

4.3. Design of questionnaire and data collection

This study employed electronic questionnaires as the primary data collection instrument. A survey of existing literature reveals a
large number of information systems studies that have effectively utilized questionnaires for data gathering. For instance, Bodur et al.
[2] study was conducted that measured awareness of IoT using a questionnaire, similarly, Silva et al. [60] study applied a question-
naire to indicate the influential factors of IoT technology.

The study used electronic questionnaires, which is a common and reliable research practice. This approach aligns with established
methods, adding credibility and reliability to the investigation. To create the questionnaire, the researchers followed established
guidelines outlined by Wu et al. [61]. The process was initiated with the determination of question types, including close-ended, mul-
tiple-choice, or Likert scale questions [62]. Following this, the questions were formulated, ensuring clarity, conciseness, and rele-
vance to the research objectives while eschewing leading or loaded queries that might skew responses. Subsequently, the questions
were arranged in a logical sequence, progressing from straightforward and non-intrusive to more complex or sensitive topics.

The format for respondents to record their answers was also decided, with options ranging from checkboxes and drop-down
menus to text boxes, depending on the question type. The preliminary version of the questionnaire was then reviewed by experts in
the English languageand computer science to ensure the accuracy of the content. After incorporating their inputs, a pilot test was con-
ducted, and the findings were employed to revise and improve the questionnaire, further enhancing its reliability and validity. Thus,
the questionnaire emerged as a robust tool tailored to fulfil the objectives of this study. In the context of this study, the measurement
scale refers to the method used to quantify the variables from the research.

Specifically, the study utilized a Likert scale, which is a type of ordinal scale used within questionnaires [57]. A Likert scale allows
for the measurement of attitudes or opinions along a continuous scale, typically ranging from one extreme to another. In this case, a
five-point Likert scale was used, which ranged from 1 (strongly disagree) to 5 (strongly agree).

5. Data analysis

In this research for descriptive analysis of the entire sample, SPSS (Statistical Package for the Social Sciences) software was used.
To test the hypothesis of this study, Structural Equation Modeling (SEM) was used. SEM is a statistical technique for determining the
relationship between observable variables. There are two types of SEM: Variance-Based SEM (PLS-SEM) and Covariance-Based SEM
(CB-SEM). Hence, this method is more suitable for the proposed model. PLS-SEM, which consists of two basic components: (1) the
structural model and (2) the measurement model, offers the most effective approach for estimating simultaneous multiple regression
analysis. There were two categories of measurement models: formative measurement and reflective measurement. The measuring
model is reflective if the indicators are representational of the constructs, constructs in the constructs.

In contrast, formative measurement is when there is no correlation among the constructs and the differences in one indicator do
not necessarily cause modification in others. Every one of the research's constructs is considered to reflect indicators. In the first stage
which is the measurement model, the analyses are conducted on variables and theoretical constructs. This is the initial stage of mea-
surement model evaluation using Confirmatory Factor Analysis (CFA). In this step, the constructs' dependability and validity can be
analyzed. In evaluating Reliability, Cronbach's alpha and CFA were utilized to evaluate the internal consistency of measures. For the
validity of the constructs, both convergent and external validity are assessed. The main purpose of the second step is to test the hy-
potheses that indicate the relationship between the constructs. Model fit is verified using the goodness of fit indices and the signifi-
cance of the paths using coefficient parameter estimates. Two-stage approach SEM is recommended as a representation of the mea-
surement model and structural model separately is the best and the conflicts between these two models will be reduced.

6. Empirical results

6.1. Demographics and descriptive analysis

In this fundamental descriptive analysis, a frequency table was used to provide a demographic profile of respondents. The infor-
mation in Table 5 reveals that over half of the sample (78.4 %) are female, and (21.6 %) are male. Whereas the age below 25 was
(18.1 %), 26-35 (56.8 %), 36-45(19.1 %), and 46-55 (6.0 %). More so, this study has no respondents above 55 years old. Table 5 il-
lustrates that the majority of respondents had a bachelor's degree (65.3 %). This indicates that the majority of nurses who took part in
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Table 5
Demographic data for study Item response Percent.
Gender Male 21.6%
Female 8.4%
Age Below 25 18.1%
26-35 56.8%
36-45 19.1%
46-55 6.0%
Above 55 0.00%
Education Diploma 25.6%
Bachelor's Degree 65.3%
Master's Degree 6.0%
Doctoral Degree 2.5%
Professional's Degree 0.5%
Experiencing 1Year 21.1%
2 Years 6.0%
3 Years 4.0%
4 Years 1.0%
More than 4Years 67.8%

the study had a high degree of education, then a diploma (25.6 %), a master's degree, a professional degree (8 %), a doctoral degree
(2.5 %), and a professional degree (0.5 %). Finally, Table 5 illustrates that the majority of respondents had an experience of more than
four years (67.8 %). This finding shows that most nurses who participated in this study had a sufficient understanding of nursing care
tasks, for 4 years (7.5 %). (4.0 %), (6.0 %), and (21.1 %) were the responses to their experience of 3 years, 2 years, and 1 year, respec-
tively. The descriptive analysis results can be reported using minimum, maximum, mean, and standard deviation. The mean is used to
identify the central tendency, whereas, the standard deviation represents distribution dispersion and assesses variance from the
mean. The descriptive analysis result of the study is shown in Table 6, the mean ranges from 13.07 to 15.57 for anxiety and IT knowl-
edge, respectively. Thus, it shows positive results. According to these findings, participants believe that IT knowledge, and anxiety
have an influence on IoT adoption and that they will be successful and effective if they include effective factors. All standard devia-
tion values for all variables are between 2.52 SE, and 3.09 IT, indicating the data are normally distributed and concentrated around
the mean and less spread.

6.2. Validity and reliability of survey instrument

It is essential to realize that before analyzing the data using statistical software, the survey instruments must be assessed before be-
ing used in this study. Reliability and validity are two critical criteria to consider when evaluating measuring tools. A reliable and
valid questionnaire is required to improve the study's accuracy. However, if an instrument is reliable, it does not mean it is also valid.
An instrument is valid if it measures what it seeks to measure, whereas reliability is the ability of an instrument to measure consis-
tency. Therefore, the reliability and validity of the instrument were analyzed separately.

6.3. Reliability

The most comprehensive index for assessing reliability is Cronbach's Alpha. It was developed by Lee Cronbach in 1951 [63]. Thus,
when using the Likert-scales questionnaire, it is recommended to use and report Cronbach's Alpha for internal consistency reliability.
The value of alpha is between 0.7 and 0.95. However, there are various viewpoints on this value. Alpha values were classified as ex-
cellent (0.93-0.94), strong (0.91-0.93), dependable (0.84-0.90), robust (0.81), fairly high (0.76-0.95), high (0.73-0.95), good
(0.71-0.91), relatively high (0.70-0.77), slightly low (0.68), reasonable (0.67-0.87), adequate (0.64-0.85), moderate (0.61-0.65),
satisfactory (0.58-0.97), acceptable (0.0.4-0.55). The questionnaire for the study adoption study consists of 8 Items and 12 questions.
In addition, the reliability of the questionnaires for this study was determined using Cronbach's Alpha, which is between 0.58 and
0.93 for all constructs, as shown in Table 7 so, there are no concerns about the questionnaires' reliability in this research.

6.4. Validity

As mentioned before, reliability alone is insufficient to measure an instrument; it must also be valid, meaning an instrument must
measure what is expected. Although checking the validity of an instrument is pointless if it is unreliable because the instrument must
be reliable to be valid [63]. There are three types of validity comprising (1) content validity, (2) criterion validity and (3) construct
validity (Convergent Validity and Discriminant Validity).

Table 6
Descriptive analyses for adoption study.

EE PE AN T PS BI ™ TA SI IT SE AloT
Mean 14.11 15.37 13.07 15.07 13.47 14.98 14.87 15.19 15.27 15.57 15.10 15.02
N 200 200 200 200 200 200 & 200 200 200 200 200
Std. Deviation 2.75 2.97 3.09 2.52 3.09 2.55 2.75 2.57 2.79 3.03 2.58 2.63
Minimum 4 4 4 4 4 4 4 4 4 4 4 4
Maximum 20 20 20 20 20 20 20 20 20 20 20 20

14



M. Al-Rawashdeh et al. Journal of Building Engineering 89 (2024) 109012

Table 7
Reliability analysis of survey instrument.

Construct litem's Number Cronbach's Alpha
Technology Awareness (TA) 4 0.866
Social Influence (SI) 4 0.920
IT knowlege (IT) 4 0.934
Self Efficacy (SE) 4 0.862
Effort Expectancy (EE) 4 0.622
Performance Expectany (PE) 4 0.908
Anxiety (AN) 4 0.587
Trust (T) 4 0.830
Perceived Severity (PS) 4 0.761
Behavioral Intention to use (IoT) 4 0.889
AloT 4 0.906
Top Management (TM) 4 0.895

A measurement's content validity is theoretically grounded, and if all components of the idea are assessed, we can say it has high
content validity. A criterion variable compares the actual measurement and the criterion variable. Criterion validity does not use a lot
of theoretical ideas. Construct validity is theoretical and empirical and closely related to the instruments®- intended use. Concept va-
lidity is determined by calculating the correlation coefficient between two or more constructs that aim to assess the same theoretical
construct [63]. According to Campbell and Fiske (1959), convergent suggests a multitrait-multimethod strategy for measuring valid-
ity. This technique implies convergent validity and discriminant validity. To determine whether the measures of the same construct
are correlated highly or not, convergent validity is analyzed. In addition, to check the correlation between the measures of a construct
with other constructs, discriminant validity is utilized. So, convergent validity and discriminant validity are implied in this study to
verify the measurement of the concepts and to confirm the reliability and validity of the constructs.

6.4.1. Convergent validity

Convergent validity refers to how well a measure correlates with other measures of the same construct. The domain sampling
model treats indicators of a reflective construct as distinct approaches to measuring the same construct. Convergent validity is deter-
mined by a few criteria. In the first one, all of the item loadings in a construct must be greater than 0.5. In contrast, Cranach's Alpha
values must be greater than 0.6 for construct reliability. In the second one, a construct's Composite Reliability (CR) should be greater
than 0.6. It can be interpreted correspondingly to Cranach's Alpha. In the third one, the importance than 0.6, and AVE for all of the
constructs is more than 0.5. than 0.5 (Keikhosrokiani y et al., 2019). The majority of the constructs in this research appear to be reli-
able, as each computed statistic is greater than 0.60. Similarly, CR for all of the constructs is more than 0.6, and AVE for all of the con-
structs is more than 0.5. Cranach's Alpha was used to assess reliability as shown in Table 8 for the study revealing that the majority of
the constructs exhibit satisfactory levels of reliability, as evidenced by computed statistics surpassing the threshold of 0.60. Addition-
ally, the Composite Reliability (CR) for all constructs exceeds 0.6, while the Average Variance Extracted (AVE) for all constructs ex-
ceeds 0.5, except for the EE construct. The observed low-reliability value of the EE construct can be attributed to errors in the mea-
surement model. Consequently, a prudent course of action was taken to enhance the construct's reliability by removing the items that
have less item loading (EE2 and EE3) that contributed to the low value.

6.4.2. Discriminant validity

Discriminant validity is the extent to which a construct is truly distinct from other constructs according to empirical standards. As
a result, establishing discriminant validity implies that a construct is distinct and captures phenomena that are not represented by
other constructs in the model. The discriminant validity of the construct using the square root of the AVE for each construct implies
that the value must be more than the correlations between it and all other constructs. As presented Table 9. The results show a high
degree of discriminant validity.

6.5. Goodness-of-Fit

Goodness-Of-Fit (GOF) according to Maydeu-Olivares y Garcia-Forero [64] is used to find how well a model fits into the set of ob-
servations. Acceptance or rejection of the model depends on the adequacy of GOF. The closer the GOF score is to one, the better the
model's GOF will be [65]. The model can be assessed in a casual path diagram to

show the relationship between variables. The casual paths that do not fit the model can be modified or removed from the model. It
is recommended that GFI, NFI, or NFI, CFI, and SRMR, be used as essential components in determining the optimum model fit. In ad-
dition, it is recommended that at least three fit indices be used to assess model fit.

Fit indices are classified into three categories: (1) absolute, (2) incremental, and (3) parsimonious. Absolute values include chi-
square (x2), GFI, and RMSEA in the first category, while AGFI, NFI, CFI, and TLI are essential considerations in the second category,
which is followed by x2/df in the third (parsimonious) (Keikhosrokiani y et al., 2019). The fit indices consist of the root of mean
square error of approximation, the standardized root mean square residual, the goodness-of-fit index, the (X2/df) ratio, the adjusted
goodness-of-fit index, and the root mean square residual which are absolute indices [66].

In Table 10 depicts the GOF indices for the study's hypothesized model, which assumes that the observed variables have a nor-
mally distributed distribution. In this study before proceeding to test the model, the researcher tested model fit by using Smart PLS
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Table 8
Assessment of Convergent Validity for Adoption Study with awareness.

Construct Items Item Loading Composite Reliability AVE Cronbach's Alpha

AloT Q1AIoT 0.805 0.906 0.707 0.861
Q2AIoT 0.853
Q3AloT 0.861
Q4AloT 0.842

BI Q1BI 0.88 889 0.667 0.833
Q2BI 0.813
Q3BI 0.81
Q4BI 0.76

™ Q1TM 0.816 0.895 0.682 0.844
Q2TM 0.81
Q3TM 0.826
Q4TM 0.849

PE Q1PE 0.917 0.908 0.712 0.864
Q2PE 0.892
Q3PE 0.831
Q4PE 0.723

EE QlEE 0.702 0.622 0.332 0.401
Q2EE 0.23
Q3EE 0.348
Q4EE 0.814

T Q1T 0.833 0.83 0.553 0.726
Q2T 0.684
Q3T 0.79
Q4T 0.652

AN Q1AN 0.902 0.687 0.521 0.650
Q2AN 0.787
Q3AN 0.36
Q4AN 0.204

PS Q1PS 0.713 0.761 0.559 0.605
Q2PS 0.693
Q3PS 0.835
Q4PS 0.384

TA QITA 0.757 0.866 0.618 0.794
Q2TA 0.815
Q3TA 0.769
Q4TA 0.802

IT Q1IT 0.892 0.932 0.775 0.903
Q2IT 0.857
Q3IT 0.879
Q4IT 0.894

SI Q18I 0.85 0.909 0.713 0.867
Q2SI 0.825
Q3SI 0.834
Q4SI 0.869

SE QI1SE 0.244 0.601 0.51 0.823
Q2SE 0.296
Q3SE 0.725
Q4SE 0.36

software, and three model fitting parameters: SRMR, NFI, Normed Chi, the SRMR value less than 0.10 or of 0.08, NFI value above 0.5
or 0.90, and Normod Chi-Square between 1.0 X2/df 5. As indicated in Table 10, the majority of the GOF parameters are within the
specified acceptable ranges, which is adequate, indicating that the suggested measurement model fits the observed data well.

6.6. Full structural model findings

In order to examine the causal relationships among the constructs, a structural model was built for the study of the adoption of IoT
in nursing care, as illustrated in Fig. 6. Firstly, hypotheses are examined for the entire model. After checking the direct effects, media-
tion followed by moderation effects is checked for the proposed structural model for the Study. PLS software does not include a statis-
tical significance test or confidence interval estimation. Consequently, a Bootstrapping analysis was used to estimate path coeffi-
cients, statistical significance, and relevant parameters such as means, standard deviations, items loaded, and weighted, amongst
other things.

The second step is the calculation of the coefficient of determination R square for endogenous variables to assess the structural
model's predictive power. The results of hypotheses testing for the study are illustrated in Table 11 for the study. The R? values behav-
ior intention and adoption of IoT are depicted in Fig. 7 respectively (0.854), (0.770). This current model indicates high explanatory
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Table 9
assessment of discriminant validity for adoption study.

AloT AN BI EE 1T PE PS SE SI T TA ™
AloT 0.841
AN -0.221 0.633
BI 0.724 -0.213 0.817
EE 0.333 —0.000 0.360 0.577
IT 0.725 -0.221 0.710 0.344 0.880
PE 0.560 —-0.087 0.627 0.339 0.630 0.844
PS 0.383 -0.037 0.335 0.317 0.294 0.224 0.677
SE 0.208 -0.118 0.234 0.234 0.249 0.141 0.080 0.448
SI 0.666 —-0.249 0.638 0.362 0.735 0.530 0.334 0.220 0.845
T 0.651 -0.171 0.662 0.440 0.624 0.608 0.381 0.178 0.613 0.743
TA 0.753 -0.165 0.745 0.379 0.768 0.642 0.371 0.236 0.760 0.647 0.786
™ 0.671 —-0.286 0.680 0.247 0.576 0.542 0.310 0.163 0.626 0.645 0.677 0.826

Table 10
Summary of goodness-of-fit indices shammout (2007).

Name of Index Level of Acceptance Comments

Absolute Fit Indices

Chi-Square (X,) P > 0,05 This measure is sensitive to large sample sizes.
Goodness- of -Fit (GOF) 0.90 or greater Value close to 0 indicates a poor fit, while value close to 1 indicates a perfect
fit.
Root Mean Square Error of Approximation Between 0.05 and Value up to 1.0 and less than 0.05 is considered acceptable.
(RMSEA) 0.080
Incremental fit Indices
Adjusted Goodness-of-fit (AGFI) 0.90 or greater Value close to 0 indicate a poor fit, while close to 1 indicate a perfect fit

Tuker-lewis Index (TLI)

Normed Fit Index (NFI)

Comparative Fit Index (CFI)

Parsimonious fit indices

Normed Chi-Square (def) 1,0 < Xz/dfg 5 Lower limit is 1.0, upper limit is 3.0 or as high as 5.

power for the behavioral intention for the adoption of IoT, while a similar study by Ref. [67] R? value was put at (0.442). In addition,
the model showed the explanatory power of R? for the adoption of IoT devices among nursing in a similar study by Ref. [68] R-square
value (0.680).

This high is due to effort expectancy, trust, top management, social influence, IT knowledge, and self-efficacy which are signifi-
cant in their influence. The researcher found that behavior intention (BI) could mediate the effect on the adoption of IoT (AIoT) as il-
lustrated in Fig. 7.

Besides, H1, H4, H5, and H6 are not supported, as shown in Table 11. This means that independent variables of this study, i.e., ef-
fort expectancy, perceived severity, awareness of technology, and anxiety do not have a direct effect on the behavioral intention to
use IoT.

The results support the prediction that behavior intention (p = 5.372), (p < 0,01), has statistically significant relationships with
the adoption of IoT. Thus, hypothesis H21 is supported.

6.7. Mediating effect

According to Wolfle [69], Sewall Wright started studying an indirect effect in his work on path analysis, in other words, the assess-
ment of a mediation effect.

A mediator is considered a variable that acts as a link between the independent and dependent variables and transmits the effect
between them [70]. Path analysis is a method that only measures how two or more variables are linked and does not try to figure out
why they are linked [71]. According to Sobel [72] the mediator is a variable in the causal chain that connects the independent vari-
able to the dependent variable. In this study, Smart PLS software is used to analyze data, so that the researcher can leverage the Boot-
strapping method.

According to Linder y Babu [73] Bootstrapping is considered a procedure to handle multivariate non-normal data initiated. In the
bootstrapping method, the first sample generates several more samples, and the initial sample represents the population. In other
words, it is an empirical representation of the sample distribution of indirect effect used to represent the population. Re-sampling is
done to simulate the original sample during bootstrap analysis [74]. The researcher evaluated the mediating variable's effect on the
behavior intention and awareness technology between independent and dependent variables in the structural model in this study.

The first mediator variable is technology awareness (TA). It has a mediating effect between three independent variables (IT knowl-
edge, Self-Efficacy, and Social Influence) and the dependent variable (behavioral intention). The second mediator variable is the be-
havioral intention between six independent variables (Effort Expectancy, Performance Expectancy, Trust, Anxiety, Perceived Sever-
ity, and Technology Awareness) and the dependent variable (adoption of IoT in nursing). As shown in Table 12 and depending on
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Table 11
Results of direct effects in study adoption.

PS4

Fig. 6. PLS-SEM path diagram for study.
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Moderating
Effect 1

Path Beta STDEV T-Value P-Value Status

H1: EE-BI 0.228 0.100 0.221 0.825 Not Significant
H2: PE-BI 2.137 0.099 2.104 0.036* Sig (p;0.05)
H3: T-BI 2.598 0.143 2.473 0.014%** Sig (p;j0.01)
H4: AN—BI 0.486 0.067 0.496 0.620 Not Significant
H5: PS—BI 0.124 0.074 0.122 0.903 Not Significant
H6: AT—BI 0.464 0.041 0.041 0.485* Not Significant
H7: IT-AT 5.458 0.088 5.676 0.000%** Sig (p;j0.01)
H8: SF—>AT 0.280 0.089 5.111 0.000%** Sig (p < 0,01)
H9: SI-AT 3.420 0.106 3.445 0.014%*** Sig (p < 0,01)
H10:BI-AloT 5.372 0.041 4.99 0.00 Sig (p < 0,01)
H11:TM—BI 3.584 0.091 3.549 0.000%*** Sig (p < 0,01)
H12:TM—AIoT 4.295 0.073 3.981 0.000%** Sig (p < 0,01)

T-Value >2,58, significant at 1 % (p < 0,01) T-Value >1,96, significant at 5 %.
T-Value >1,65, significant at 10 %(p < 0,10).

Notes:

** p-value< 0,01; ** p-value< 0,05; * p-value <0,10.

VAF values, there is no significant effect SF on BI and A IoT. Moreover EE, AN, PS, and SF do not have a significant effect on BI and A
IoT. On another hand, there is a partial mediating effect of IT on AT and BI, and a fully mediating effect on SI, AT, PE, T, and TM on BI
and AloT.

6.8. Moderating effect (top management as a moderator)

According to Taherdoost [75] is defined as a qualitative variable such as sex, race, class, or quantitative variable. For example, the
level of courage that influences the relationship between the independent and dependent variables is also considered a variable that
increases the intensity of the interaction between a dependent variable and the independent variable. Therefore, the effect of the
moderator variable can be on the strength or direction of independent and dependent variables.

Several studies, such as those conducted by Poltak et al. [76], have examined how top management support affects the relation-
ship between independent and dependent variables. To confirm a moderator effect, two conditions must be met: first, the moderator
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Fig. 7. Results of Direct Effects for Study Adoption. Value on path: standardized coefficients (5), R%: Coefficiento f determination, * * *xp < 0,01, * x *xp < 0,05,
*p < 0,100.

Table 12
Results of mediating effect for adoption.

Path Standardized Standard T-Value P- Value VAF Status

Beta (B) Error (SE)
H13:IT-AT—BI 0.010 0.046 0.216 0.829 0.4 Partially Mediating
H14:SF—-TA —BI 0.09 0.051 1.862 0.063 0.00 No Mediating
H15:SI-TA —BI 0.160 0.076 2.118 0.035 1.00 Fully Mediating
H16:EE—BI-AloT 0.004 0.037 0.111 0.912 0.00 No Mediating
H17:PE-BI-AloT 0.095 0.032 0.469 0.639 1.00 Fully Mediating
H18:T—BI-AloT 0.009 0.019 0.468 0.640 1.00 Fully Mediating
H19:AN—BI->AIoT -0.015 0.021 0.460 0.646 0.00 No Mediating
H20:PS —BI-AloT 0.009 0.003 0.118 0.906 0.00 No Mediating
H21:AT—-BI -AloT 0.007 0.016 0.457 0.648 1.00 Fully Mediating
H22:TM—BI—AloT 0.146 0.049 2.966 0.003 2.00 Fully Mediating
H23:1T-AT—BI->AloT 0.005 0.010 0.460 0.646 1.00 Fully Mediating
H24:S1-AT—-BI-AloT 0.003 0.008 0.435 0.663 1.00 Fully Mediating
H25:SE-AT—-BI-AloT —0.000 0.002 0.115 0.908 0.00 No Mediating

Fully Mediating if VAF > 0.8, Partially mediating if 0.2 < VAF<0.8, Not Mediating if VAF <0.2.

variable should be significant, and second, the moderator should either increase or decrease the intention. This research examines the
moderating role of top management support on the connection between nurses’ behavioral intentions to use IoT and the adoption of
IoT among nurses. The results of the structural model, which was analyzed using the PLS method and bootstrapping technique, are
presented in Table 13. The table shows that top management support has a significant positive impact on the adoption of IoT in nurs-
ing at a 99 % confidence level (Standardized estimate = 0.846, p < 0,01).

Additionally, Fig. 8 illustrates that top management support reduces the positive relationship of the healthcare sector with the
adoption of IoT devices, particularly in nursing care, and enhances the adoption of IoT devices. On the other hand, the lack of top
management support in the healthcare sector will reduce the adoption of IoT devices.

7. Discussion

According to the findings of this research, there is a need to find effective factors before the healthcare system is designed. Before
finalizing the design of the system, these factors must be figured out in order to predict how well the system will work once it is built.
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Table 13
Direct effect and moderating effects.

Path Coefficient T-Value P-Value

Adoption of IoT among Nursing R? = 0,861

Moderator Effect—AloT 0.846 2.77 0.006 (p;0.01)
TM—AloT 0.289 3.098 0.002 (pj0.01)
MT—BI 0.322 3.456 0.001 (p;0.01)

T-Value >2.58, significance at 1 %.
T-Value >1.96, significance at 5%.

S

—e— Low TIM
--m- High TIM

!J
v
l

Adoption IoT among Nursing

Low BI High BI

Fig. 8. Moderator effect (Top Management) on the relationship between Behavior Intention to use IoT and Adoption of IoT.

Effective factors are those that have an impact on how a system is used and how satisfied users are with it (Keikhosrokiani y et al.,
2019). Furthermore, to ensure user interest in using a healthcare system, it is essential to determine their willingness to adapt to the
system before finalizing the system design. A theoretical model was proposed to find the effective factors for the adoption of IoT in
nursing care in Amman City comprising twelve constructs including Performance Expectancy (PE), Effort Expectancy (EE), Trust (T),
Anxiety (AX), IT Knowledge (IT), Self-Efficacy (SE), Social Influence (SI), Technology Awareness (TA), Perceived Severity (PS), Top
Management Support (TM), Behavioral Intention to Use (BI), and Adoption IoT among Nurses (A IoT) along with twenty-seven hy-
potheses. The results of this study were utilized to figure out the effective factors that influence the adoption of IoT devices in nursing
care. The results are shown in Table 11. The results indicate that IoT devices in nursing care must have the ability to enhance nurses'
performance and nursing srvices, and Trust is another factor that positively affects nurses' acceptance and intention to use IoT devices
in their duties. IT Knowledge, Self-Efficacy, and Social Influence positively affect directly awareness about IoT devices in nursing care
and indirectly the user intention to use IoT devices in nursing care services. Moreover, Top Management Support positively affects di-
rectly the intention to use IoT devices and adoption among Nurses, and Behavioral Intention to Use positively affects directly adop-
tion of IoT among nurses. A total of 27 hypotheses were put forward regarding the adoption of IoT technology models, consisting of
12 general hypotheses, 13 hypotheses related to mediating effects, and 2 hypotheses concerning moderating effects. Over 50 % of the
hypotheses have been deemed acceptable for this particular study. The findings of this study suggest that IoT devices, particularly
those implemented in the context of nursing care, should be designed to fulfil the specific requirements of nurses, offer practical bene-
fits to users, and enhance the quality of nursing services. The system is required to meet the patient's requirements for monitoring, as-
sisting, and treating patients in the event of emergency data, with a significant emphasis on maintaining privacy.

On the other hand, the knowledge and ability of nurses to use the Internet is a crucial factor in speeding up the acceptance of IoT
technology. Similarly, the nurses a perceptions of their ability to use IoT and the opinions of friends and colleagues are very important
to accepting the use of IoT devices in carrying out nursing duties. Top management has a crucial role in facilitating the implementa-
tion of IoT technology in the nursing care sector.

Finally, the nurses a intention and acceptance are considered critical in the adoption process. Interpretation of the results is shown
in Table 14. According to Table 11 the range of relationships between the variables of interest and their respective influences on Be-
havioral Intention (BI) and Adoption of the Internet of Things (AIoT). In the context of Effort Expectancy (EE) affecting BI, the first hy-
pothesis (H1:p = 0.228, p = 0.825), did not reach statistical significance. Similarly, the influences of Anxiety (AN) on BI (H4:
B = 0.486, p = 0.620), Perceived Security (PS) on BI (H5: § = 0.124, p = 0.903), and Technology Awareness (TA) on BI (H6:
B = 0.464, p = 0.485) were also not statistically significant.

Nevertheless, a study by Arfi et al. [9] suggests that EE, possessing a significant influence (p = 0.170; t = 2.298), could play a
crucial role. This viewpoint is further substantiated by research conducted by Dahri et al. [38] that establishes a significant correla-
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Table 14
Interpretation of the results from this study.

Effective Factors Effect Features for system design from the results of Study
Performance Expectancy (PE)  Direct and -Must be useful for the nurses and improve nursing duties
Indirect -The system must fulfill expected services for monitoring, assisting and treatment of patients in case of
emergency
Trust (T) Direct and -Data and privacy is very important
Indirect
IT knowledge (IT) Direct and -The knowledge and ability of nurse's about using Internet is very important
Indirect
Self-Efficacy (SE) Direct and - The nurseés perceptions of his or her ability to use IoT is very important
Indirect
Social Influence (SI) Direct and -Friends’ and colleague's opinions are very important to motivate nurses to use IoT devices in their duties.
Indirect
Top Management Support Direct and -Top management members have a crucial role to facilitate implement IoT technology in the nursing care
(TM) Indirect sector
Behavior Intention to Use IoT  Direct -Nurse's motivation and acceptance is very important in adoption process.

-Top management members speed up the adoption process by preparing infrastru

tion between EE and BI. PE and BI (T = 3.288, P = 0.000)in the context of M-IOT wearable technology. Furthermore, research con-
ducted by Humida et al. [77] substantiates that Anxiety exhibits significant predictive power (p = 0.186, p < 0.01) towards Behav-
ioral Intention (BI) in the context of e-learning system utilization by students. This evidence indicates that student anxiety is a signifi-
cant factor in their intention to use e-learning systems.

A separate study by Kwak et al. [78] establishes that Anxiety exhibits a positive correlation with a negative attitude towards Artifi-
cial Intelligence (AI), although this correlation is not statistically significant at the 0.05 level (t = 1.65 p = 0.102), while in the study
conducted by Bhadauria y Chennamaneni [41] Anxiety is not significant in Adoption IoT devices. This suggests that heightened levels
of anxiety may contribute to negative attitudes toward Al, but the evidence is not sufficiently strong to assert this as a statistically sig-
nificant trend.

Additionally, the research executed by Upadhyay et al. [42] explains that Perceived Severity (PS) presents a significant influence
(p = 0.121, t = 2.053, p < 0.0001) on consumers' behavioral intention and use behavior concerning mobile payment services dur-
ing the COVID-19 pandemic. This finding underscores the essential role that perceived severity could play in shaping users' attitudes
and subsequent behavioral intentions toward mobile payment services amid a global health crisis. Contrarily, hypotheses H2, H3, H7,
H8, H9, H10, H11, and H12 exhibit significant results. Specifically, Performance Expectancy's (PE) impact on BI (H2:f = 2.137,
p < 0.05), Trust's (T) effect on BI (H3: p = 2.598, p < 0.01), Intention Trust's (IT) effect on Attitude (AT) (H7: p = 5.458,
p < 0.01), Social Factors' (SF) effect on AT (H8: p = 0.280, p < 0.01) Social Influence's (SI) effect on AT (H9: p = 3.420, p < 0.01),
BI's effect on A IoT (H10:p = 4.295, p < 0.01), Top Management Support (TM) effect on BI (H11: § = 3.584, p < 0.01), and TM's ef-
fect on AloT (H12: f = 4.295, p < 0.01) were all statistically significant at either the 1 % or 5 % level. On another hand, During the
Bootstrapping analysis, the researcher investigated the mediating effects of TA on the relationship between the independent and de-
pendent variables within the structural model. The first mediating variable, TA, demonstrated mediation effects between the indepen-
dent variables of IT, SE, and SI, and the dependent variable of BI.

The second mediating variable, BI, exhibited mediation effects between the independent variables of EE, PE, T, AN, PS, and TA,
and the dependent variable of Adoption of IoT In Nursing (AIoT). Table 12 displays the mediating effect analysis of the Variable Af-
fecting Factor (VAF). The results obtained from the analysis of the VAF values indicate that Performance Expectancy (PE) exerts a di-
rect influence on Behavioral Intention (BI), subsequently influencing the Adoption of IoT. This relationship is fully mediated, suggest-
ing that individuals’ perception of the favorable benefits and positive outcomes associated with utilizing IoT technologies strengthens
their intention to adopt them, ultimately leading to a higher likelihood of actual adoption.

Similarly, Trust (T) directly influences Behavioral Intention and indirectly affects the Adoption of IoT. Trust in the technology or
the entities promoting IoT positively influences individuals' behavioral intention to adopt IoT. When individuals have a higher level
of trust, they are more likely to develop a positive intention, which, in turn, increases the likelihood of adopting [oT. Furthermore, the
study reveals that Top Management Support (TM) influences the Adoption of IoT through its mediating effect on Behavioral Inten-
tion. Top management creates a positive organizational climate that fosters employees' intention to adopt and embrace IoT technolo-
gies. Technology Awareness (TA) has a direct influence on Behavioral Intention and indirectly affects the Adoption of IoT. Individu-
als' awareness of the technology, including its functionalities and potential applications, positively influences their intention to adopt
IoT. This mediating effect signifies the crucial role of awareness in shaping individuals’ likelihood of actual adoption.

Moreover, Social Influence (SI) indirectly influences the adoption of IoT through its mediation via technology awareness and be-
havioral Intention. Social factors shape individuals’ awareness of the technology, which, in turn, influences their behavioral intention
to adopt IoT and subsequently impacts the likelihood of adoption. Additionally, IT Knowledge indirectly influences the Adoption of
IoT through its mediation between Technology Awareness and behavioral Intention. Individuals with higher levels of IT knowledge
possess a better understanding of IoT technology, which positively affects their behavioral intention and increases the likelihood of
actual adoption.

These findings align with previous studies that highlight the positive impacts of Performance Expectancy, Trust, Top Management
Support, Awareness Technology, Social Influence, and IT Knowledge on Behavioral Intention and the Adoption of IoT in various con-
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texts. Studies conducted by Arfi et al. [9] Arfiet al. [9],Rajmohan y Johar [50], Alanazi y Soh [53], Hossain et al. [5], Abushakra y
Nikbin [48], and Bukhari et al. [40] provide further support for the positive impacts of these factors on attitude and intention towards
using IoT in eHealth. Furthermore, based on the analysis presented in Table 12, the significance of VAF becomes a critical factor in de-
termining the presence and impact of mediating relationships.

Specifically, if the VAF is not found to be significant, it suggests that the mediating relationship may not exist or may not have a
substantial influence on the relationship between the independent variable and the dependent variable. For instance, in the case of
Self-Efficacy (SF), where the VAF between SF and Technology Awareness is not significant, it indicates that the mediating effect of
Technology Awareness may not play a significant role in the relationship between SelfEfficacy and Behavioral Intention. Similarly,
non-significant VAFs for Perceived Severity (PS), Effort Expectancy (EE), and Anxiety (AN) suggest that the mediating relationships
may not hold significance in those cases. Several studies have examined the relationship between specific variables and Behavioral In-
tention to use IoT devices. Arfi et al. [9] found significant associations between EE and BI, suggesting that EE plays a crucial role in in-
fluencing individuals' intention to adopt IoT devices. Furthermore, Hossain et al. [5],Masmali et al. [79], and Rajmohan y Johar [50]
revealed the significance of SE in shaping BI toward IoT device usage. In line with these findings, Chaulagain et al. [80] conducted a
study that demonstrated the significant influence of PS on individuals’ BI on to use of IoT devices.

Their results indicated that individuals' perception of the severity of consequences related to not using IoT devices significantly af-
fects their intention to adopt them. Lastly, Bhadauria y Chennamaneni [41] conducted a study that revealed the significant impact of
AN on BI towards IoT device usage. Their findings suggested that an individual's level of anxiety related to using IoT devices signifi-
cantly influences their intention to adopt and utilize them.

According to Table 13, the analysis revealed significant moderator effects on the Adoption of IoT (A IoT).

The moderator variable demonstrated a coefficient of 0.846 (t = 2.77, p < 0.01), indicating a strong and positive influence on
the Adoption of IoT. The significant T-value exceeding 2.58 (significance at 1 %) further strengthens the statistical significance of the
moderator effect. Additionally, Top Management Support (TM) exhibited a coefficient of 0.289 (t = 3.098, p < 0.01), indicating a
significant influence on the Adoption of IoT. The T-value exceeding 1.96 (significance at 5 %) highlights the statistical significance of
this relationship. Furthermore, the analysis revealed that the moderator variable, Moderating Variable (MT), had a coefficient of
0.322 (t = 3.456, p < 0.01) on behavioral Intention (BI). The significant T-value emphasizes the significant influence of the modera-
tor variable on Behavioral Intention. These findings provide evidence of the significant impact of the moderator variables on the
Adoption of IoT and Behavioral Intention.

The statistical significance of the T-values supports the robustness and reliability of the observed relationships. These results sug-
gest that the presence of the moderator variables plays a crucial role in influencing individuals’ intentions and decisions related to the
adoption of IoT. Further examination of these relationships can provide valuable insights into the factors that contribute to the suc-
cessful implementation and adoption of IoT technologies.

Fig. 8 illustrates the impact of Top Management Support (TM) on the adoption of IoT devices. It shows that TM plays a moderating
role by dampening the positive relationship between the healthcare sector, particularly the nursing care sector, and the adoption of
IoT devices. This implies that the presence of strong Top Management Support in the healthcare sector positively influences the adop-
tion of IoT devices.

Conversely, the absence or lack of Top Management Support in the healthcare sector leads to a decrease in the adoption of IoT de-
vices. Previous studies have provided evidence supporting the significant effect of top management support on behavioral intention
(BI) in adopting social commerce by SMEs. For instance, Abed [81] found a significant relationship between top management support
and BI (§ = 0.32, p = 0.001). Similarly, Hsu et al. [82] reported a significant result (3 = 0.34, t = 3.84, p < 0.001), confirming the
moderating role of top management support in influencing BI. These findings highlight the importance of top management support in
fostering a positive environment for technology adoption and promoting the openness of organizations to embrace new technologies.

7.1. Implications and contributions

The main contributions of the research are the development of a theoretical framework model for the adoption of IoT in nursing
care, and identifying the effective factors that impact the adoption of IoT among nurses in Amman City. According to the findings of
the research, the contributions are summarized in two directions.

1 Empirical Contributions:

Define the list of effective factors. The effective factors influencing the adoption of IoT in nursing care in Amman City include Per-
formance Expectancy (PE), Trust (T), Anxiety (AN), Technology Awareness (TA), IT knowledge (IT), Self-Efficacy (SE), Social Influ-
ence (SI), Top Management Support (TM), and Behavioral Intention to Use IoT. These factors play a vital role in shaping individuals’
acceptance and utilization of IoT devices and systems in nursing care. Addressing these factors is essential for the successful imple-
mentation and integration of IoT technology, leading to improved healthcare practices and outcomes in the region.

The study develops a theoretical framework model for the adoption of IoT in nursing care.

The findings suggest that the adoption of IoT applications among nurses in Amman city can contribute to saving lives and improv-
ing the field of nursing. The study's results reveal that Performance Expectancy (PE), Trust (T), Anxiety (AN), Technology Awareness
(TA), IT knowledge (IT), Self-Efficacy (SE), Social Influence (SI), and Top Management Support (TM) are significant factors impacting
the Behavior Intention to Use IoT and adoption of IoT in nursing care.

2 Theoretical Contributions:
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The proposed model of adoption of IoT in nursing care is adapted from the Unified Theory of Acceptance and Use of Technology
(UTAUT) and Health Belief Model (HBM) by adding ten main constructs and a moderator. The new model offers a more specific as-
sessment model for adopting IoT in nursing care and can be expanded for use in different technology adoptions in nursing care and
healthcare. Study II fills the gap in the literature by extracting the factors that impact the adoption of IoT applications in nursing care,
addressing the gap between research and practice, which negatively affects the adoption of innovative technologies in the healthcare
industry.

7.2. Limitations and future directions

There are several other limitations of the current study that future research could address. Firstly, the current study only focused
on the assessment process of three hospitals in one city in Jordan, which limits the generalization of the findings to other healthcare
settings. Future research could expand the study to include more hospitals and healthcare settings in Jordan and other countries to
obtain a more representative sample. Secondly, the number of participants in this study is limited. Future research could increase the
sample size to enhance the reliability and generalizability of the findings. Additionally, future research could investigate the perspec-
tives of different stakeholders, such as patients, caregivers, and policymakers, to gain a more comprehensive understanding of the po-
tential impact of IoT in healthcare.

Thirdly, the current study was conducted during the COVID- 19 pandemic, which may have influenced the adoption and imple-
mentation of IoT in healthcare. Future research could investigate the effective factors of IoT in healthcare in non-pandemic situations
to provide a more comprehensive understanding of its application in healthcare.

Fourth, the present study solely explored the influential factors of IoT in nursing care, potentially overlooking the broader impact
of IoT across other healthcare sectors. Future research endeavors could delve into the influential factors of IoT in various healthcare
domains, including radiology, pharmacy, and primary care. Such investigations would offer a more holistic comprehension of IoT's
potential influence in healthcare and pinpoint the healthcare sectors where IoT could prove most beneficial. Fifthly, the current study
did not consider the potential impact of IoT on patient satisfaction and patient-provider relationships.

Future research could explore how IoT-enabled healthcare services affect patients' perceptions of care services affect patients’ per-
ceptions of care quality, trust in healthcare providers, and overall satisfaction with their healthcare experience.

We recommend future research involving physicians and other professional staff. Another consideration is the difficulty in imple-
menting IoT security practices because of the difficulties in developing and implementing new security measures. Security issues
should be included in business model frameworks for the IoT.

8. Conclusion

The findings of this research highlight the importance of identifying effective factors before the design of healthcare systems.
These factors play a significant role in shaping system usage and user satisfaction. Moreover, it is crucial to ascertain users' intentions
to adopt healthcare systems during the design phase to ensure user interest and engagement. Healthcare developers and organizations
must be aware of potential obstacles and goals before proceeding with the design, testing, and implementation stages. On the other
hand, examined effective factors from the perspective of nurses, emphasizing their importance in designing IoT healthcare systems for
seamless adoption in nursing duties. Privacy, security, and alignment with users’ tasks were identified as crucial considerations in sys-
tem design to mitigate potential health effects.

Furthermore, the study underscored the significance of top management support in the nursing care sector for the successful uti-
lization of IoT healthcare systems. The findings provide valuable insights for healthcare system developers, emphasizing the need for
awareness, goal identification, and consideration of user needs. Professionals can benefit from healthcare IoT systems in their duties,
while individuals, especially the elderly, can benefit from monitoring systems that prioritize prevention over cure.

Also, future-proofing healthcare facilities through advanced building engineering practices ensures they remain at the forefront of
technological innovation. Moreover, User-centric design principles, highlighted in the individual awareness context, are crucial for
the successful adoption of IoT among nursing professionals. Building engineers can prioritize ergonomic design, creating workspaces
that facilitate the smooth incorporation of IoT devices into daily routines. This not only enhances user experience but also contributes
to the overall efficiency and effectiveness of nursing care delivery.

The comprehensive model established by this study, integrating various behavioral and technological theories, emphasizes the in-
terdisciplinary nature of IoT adoption in healthcare. This underscores the importance of collaborative efforts between healthcare pro-
fessionals and building engineers. Long-term impacts include fostering a culture of collaboration where both fields work hand in hand
to create innovative solutions that enhance patient care and facility management.

In conclusion, this research contributes to the understanding of effective factors and considerations in the design, testing, and im-
plementation of healthcare IoT systems. The findings have practical implications for healthcare system developers, professionals, and
individuals seeking improved healthcare outcomes through IoT technology. The long-term impacts extend beyond mere technological
integration to shaping the very fabric of healthcare facilities, fostering adaptability, user-centricity, and resilience in the face of tech-
nological advancements.

Building engineers, armed with the insights from this study, can actively contribute to creating smart, efficient, and secure envi-
ronments that elevate the standards of nursing care and healthcare delivery.
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