Available online at www.ijcmit.com

' JCM IT International Journal of Contemporary Management and Information Technology
(IJCMIT)

- Volume 3, No 6, September , pp. 1-16
International Journal of Contemporary
Management and Information Technology e-ISSN: : 0000-0000

Adoption of Artificial Intelligence and Robotics in Healthcare: A
Systematic Literature Review

Al-Momani Ala’a !

!, Operations Management Section, School of Management, Universiti Sains Malaysia, Penang, Malaysia,
dr.alaamohamad.2022@gmail.com

Article history Abstract

Submitted: 15 August, 2023 Even though the acceptance of Al-based technologies among healthcare professionals is
Revised: 01 September, 2023 | sjgnjficant, little is known about the factors that influence their acceptance. This study
Accepted:07 September, 2023 | 4ims g examine the theories and models used to study the adoption of AIR in healthcare

Keywords: and to identify the significant factors that affect the adoption of AIR in healthcare across
Adoption, . - . .

Factors, countries. A systematic literature review with the PRISMA framework was conducted.
AIR, The results reveal an increase in the number of studies concentrating on AIR adoption
Healthcare, in healthcare sector in recent years. In addition, this study revealed that the UTAUT
Artificial intelligence and model is the most frequently used one. The AIR adoption among countries is primarily
robotics due to three main factors: perceived usefulness, perceived ease of use, and behavioural

intention. Thirteen factors in developed countries and seventeen factors in developing
countries have been identified due to their impact on AIR adoption. The findings of this
study constitute a valuable contribution to the current body of knowledge by enhancing
the understanding of AIR adoption in healthcare. Moreover, the results offer assistance
to policymakers when making decisions and developing strategies related to the adoption
of AIR in healthcare.

1. Introduction

The healthcare industry is currently experiencing a paradigm shift, where change has become the prevailing norm. The
digitalisation of health and patient data has a significant transformation in clinical, operational, and business models, as
well as in the broader economic landscape, with implications that are expected to persist in the near future [1]. Artificial
Intelligence (Al) encompasses several technologies aimed at the creation and development of computers that can simulate
human intelligence. This technology facilitates the development of systems that possess human-like skills, including the
capacity to understand, perceive, and respond appropriately. The field of Al has seen significant advancements over
decades, and it is currently experiencing a period of rapid growth. This can be attributed to various causes, including the
widespread adoption of digitalisation, the development of novel technologies such as neural networks, deep learning, and
machine learning, as well as the increased availability of high-performance computing power, and many more [2]. Al
possesses the potential to significantly transform existing healthcare practices across several domains, encompassing
prevention, diagnosis, screening, treatment, and care [3]-[5]. Al provides more precise predictions of behavioural patterns
and comprehension of existing conditions using machine learning and deep learning approaches [5]. These advantages
would enhance the clinical decision-making process, increase the efficacy and accuracy of diagnosis, and reduce physician
workload [3]. Hence, the lack of understanding about the factors influencing the reluctance of healthcare professionals to
accept Al-driven technologies can yield significant negative impacts. This includes hindering advancements in healthcare
service, as well as causing wasteful expenditures on research and design [6]. Therefore, it is important to investigate the
factors that affect healthcare professionals’ acceptance of AIR.

1.1. Knowledge Gap

According to Scopus database analysis, scientific research on Al first appeared in indexed journals in 1878. There are
29,828 English journal articles published between 1878 and August 15, 2023, containing the keywords artificial
intelligence or Al in the publication titles indexed in the Scopus database. Since 2015, 23,780 articles have been published,
representing a rise in the number of articles published over the past five years, see Figure 1. The bibliometric network
analysis results with the VOSviewer software showed that the most common keywords in the selected databases were
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artificial intelligence (f = 14,283), robotics (f = 228), adoption (f = 91), technology adoption (f = 99), healthcare (f = 495),
and systematic review (f = 211). Figure 2 shows the existing research focus of Al studies. Accordingly, this study includes
two research gaps. First, Al is expanding in several fields but is still in its infancy in healthcare, and much research is
needed on adopting this technology. Second, theories and models about this technology are not equally applicable in all
scenarios and contexts [7]. Therefore, there is a dearth of studies that categorize the factors influencing Al adoption in
healthcare across both developed and developing countries.
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Figure 1: Number of Al articles published from 2015 to 2023
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1.2. Aim and Contribution

This SLR aims to provide academics and practitioners with a current review of AIR adoption in healthcare. Therefore,
this study assesses prior studies to review their contributions, identify gaps, and offer future insights. Additionally, this
study examines several frameworks and adoption models of technology to identify the primary factors impacting the
adoption of AIR in healthcare. The originality of this SLR, to the best of the researcher's knowledge, is in performing an
SLR to identify the technological adoption models that are used in AIR within the context of healthcare. Furthermore, it
is critical to identify the most important factors that have a substantial impact on the acceptance of AIR in healthcare
across different countries. This was not previously addressed in SLRs on AIR adoption in healthcare. Accordingly, this
SLR has six contributions:

ROL1. To find out the key contributions of previous studies done in the field of AIR adoption in healthcare.
RO2. To identify the theoretical and conceptual models used in the field of AIR adoption in healthcare.
RO3. To specify the key factors that affect the adoption of AIR in healthcare across different countries.
ROA4. To identify the common factors among countries that affect AIR adoption in healthcare.

RO5. To specify the key factors that affect the adoption of AIR across developed and developing countries.
RO6. To determine the relationship between the most used adoption model and the use of AIR in healthcare.
1.3. Theories of Adoption

Within the healthcare field, the technology acceptance model and the unified theory of acceptance and use of technology
are the most common theories used in the field of technology adoption in the healthcare sector [8]. These models have
been employed to understand and explain the factors contributing to an individual's adoption and acceptance of innovative
technology in healthcare. The Technology Acceptance Model (TAM) was developed by [9] to better understand the
patterns of computer usage behaviour. TAM aimed to predict how consumers feel towards different types of technology
and identify the factors that exert an impact on their adoption of these technologies [10]. Furthermore, the Unified Theory
of Acceptance and Use of Technology (UTAUT) was established by [11] by integrating eight significant models and their
respective madifications. The UTAUT model was developed to discover the main factors that can precisely predict an
individual's intentions and behaviour about the adoption and utilisation of technology.

1.4. Related Work

Multiple SLRs have been conducted in the domain of Al in healthcare, examining the topic from multiple perspectives.
To understand factors influencing medical Al and end-user trust in Al technology, a comprehensive literature review was
performed by Tucci et al. [12]. A systematic review of barriers to Al implementation in healthcare management has been
done as well by Assadullah [13]. In addition, Donins and Behmane [14] provide an SLR on the challenges and solutions
for Al adoption in healthcare. Karimian et al [15] offered a systematic scoping review on the ethical issues surrounding
the use of Al in healthcare. An SLR was used to address the challenges, benefits, methodologies, and functions of Al in
the healthcare industry by Ali et al. [16]. Furthermore, Gunasekeran et al. [17] conducted a systematic review of
applications of Al and other digital solutions for public health in the hospital operational environment, during the COVID-
19 pandemic. Similarly, Mahdi et al. [18] conducted a review of the applications of Al in dental healthcare to determine
how Al impacts digital healthcare initiatives. Gerich et al. [19] also conducted a scoping literature review on Al-based
technologies in nursing. Moreover, Mustapha et al. [20] performed an SLR on the effects of Industry 4.0 on the healthcare
industry. 10T and Al in healthcare have also been investigated using SLR by Alanazi [21]. In addition, Albahri et al. [22]
introduced an SLR on trustworthy and explicable Al in healthcare. Loh et al. [23] provided a systematic review of the
past ten years (2011-2022) regarding the explainable Al applications in healthcare. The impact of Al on patient safety
outcomes was the subject of an SLR by Choudhury and Asan [24]. Moreover, Wolff et al. [25] conducted an SR on the
economic impact of Al in the healthcare industry. Additionally, a systematic review of health economic evaluations for
Al applications in healthcare was conducted by Voets et al. [26] to investigate relevant methods, quality of reporting, and
challenges for future Al applications in healthcare. In low and middle-income countries, Ciecierski-Holmes et al. [27]
conducted a systematic scoping review on the use of Al to strengthen healthcare systems in these countries. Moreover, to
increase the adoption of Al in healthcare, Chew and Achananuparp [28] conducted a scoping review on the perceptions
and needs of Al in healthcare. In addition, Young et al. [29] conducted a systematic review of the literature regarding
patient and general public attitudes toward adopting clinical Al. Moreover, Mehta et al. [30] introduced a systematic
mapping research on how big data analytics and Al are transforming healthcare. In addition, Nazar et al. [31] provided
an SLR of human-computer interaction (HCI) and explainable Al in healthcare with Al techniques. Khanijahani et al.
[32] published a systematic review of the professional, organisational, and patient characteristics associated with the
adoption of Al in healthcare. Alhashmi et al. [33] presented an SLR on the factors influencing the Al Implementation in
Healthcare. Finally, an SLR on Al and business models in the sustainable development objectives was conducted by Vaio
etal. [34].
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2. Research Methodology

In this study, SLR is used since it is very important to determine the main factors that affect the use of AIR in healthcare.
The procedures outlined in the PRISMA Statement Flow Diagram [35] were used to make this SLR. To ensure that the
result is beneficial, this study used the stages suggested by [36], [37] to construct the process of this SLR using the
PRISMA framework [35]. The process includes five stages: formulating questions, locating studies, selecting and
evaluating the articles, analysing and synthesising, and finally, reporting and using the results. Prior to initiating the first
phase, the SLR was planned using research methodology and the formulation of research questions. Consequently, the
first phase consisted of database queries to identify relevant studies. Scopus, published by Elsevier, and the Web of
Science, published by Thomson Reuters Institute for Scientific Information, were searched for relevant studies. The
advantages and disadvantages of the medical research databases Scopus, Web of Science, PubMed, and Google Scholar
were analysed in [38]. PubMed was excluded from the analysis of this SLR due to its emphasis on medical and life
sciences [38]. According to [38], Scopus incorporates a broader spectrum of academic journals than Web of Science, but
with a restriction on more recent articles (those published after 1995). Similar to the Web in general, Google Scholar can
facilitate access to highly specialised information. However, its efficacy is hampered by outdated and insufficient citation
information. The research conducted by Harzing and Alakangas [39] was an interdisciplinary and longitudinal study into
the scope of coverage provided by Scopus, Google Scholar, and the Web of Science. The results revealed a consistent
and relatively quarterly increase in the number of articles and citations across all three databases. Consequently, the
researcher selected two datasets of impeccable quality. Both the Web of Science Core Collection and Scopus databases
were queried.

2.1. Question Formulation

Formulating the research questions is the initial step in conducting an SLR. Therefore, it is essential to begin a literature
review by formulating specific research questions. This study's principal objective is to answer the following research
questions:

RQ1. What are the key contributions of previous studies done in the field of AIR adoption in healthcare?
RQ2. What are the different theoretical and conceptual models used in the field of AIR adoption in healthcare?
RQ3. What are the factors that influence AIR adoption in healthcare across different countries?

RQ4. What are the common factors among countries that affect the AIR adoption in healthcare?

RQ5. What factors influence AIR adoption in healthcare across developed and developing countries?

RQ6. What is the relationship between the most used model and the use of AIR in healthcare?

2.2. Locating Studies

To ensure the transparency and quality of the SLR, the "Web of Science Core Collection" and "Scopus" were utilised,
two well-known and reliable databases. These databases were used to identify relevant articles that contained research
terms associated with the study's research questions. Despite its limitations, the "title search™ method is beneficial when
an SLR requires the evaluation of a large number of references in a short period of time [40], [41]. On June 1, 2023, the
researcher conducted a search using the article title search method. The groups of keywords are as follows:

Group A Keywords: Artificial Intelligence, Deep Learning, Robo*, AIR, Expert System, Machine Learning, ANN,
Cognitive Learning, Neural Networking, Recomm* system, Fuzzy Logic, Unsupervised learning, Intelligent Systems,
Supervised learning, Service Automation, Reinforcement learning.

Group B Keywords: Acceptance, Theories, Frameworks, adop*, Adoption models, Acceptance models, Adoption
frameworks, Acceptance frameworks, Success factors, Readiness, Challenges, Determinants.

2.3. Selection and Evaluation of the Articles

Table 1 presents the Protocol for the current research. Articles were selected and evaluated following the inclusion and
exclusion criteria established. Utilising a three-step screening procedure, articles were excluded from the study. This
methodology examines paper titles, abstracts, and then full-text articles. The Rayyan tool, designed to assist researchers
in implementing the SLR technique, supports the approach depicted in Figure 3. The accepted papers were stored in
Mendeley and organised systematically and statistically using an Excel spreadsheet.

2.4. Analysis and Synthesis

The papers included in this study were analysed and synthesised thoroughly. Multiple criteria were used to classify them,
including the country type, the publication year, the research setting, and the statistical tool(s) employed. After analysing
the literature, this study also carefully organised the factors that affect AIR adoption in the healthcare sector.

2.5. Reporting and Using the Results

This SLR examines the existing literature on the adoption of AIR in healthcare. The subsequent sections provide answers
to the study's research questions.
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Table 1: Adopted Protocol for The Systematic Literature Review

1) To find out the key contributions of previous studies done in the field of AIR adoption in healthcare.
2) To identify the theoretical and conceptual frameworks used in the field of AIR adoption in healthcare.

3) To specify the key factors that affect the adoption of AIR in healthcare across different countries.

1.  Objectives o ] o
4) To identify the common factors among countries that affect AIR adoption in healthcare.
5) To specify the key factors that affect the adoption of AIR across developed and developing countries.
6) To determine the relationship between the most used adoption model and the use of AIR in healthcare.
1) What are the key contributions of previous studies done in the field of AIR adoption in healthcare?
2) What are the different theoretical and conceptual frameworks used in the field of AIR adoption in
healthcare?
2 Research  3) What are the factors that influence AIR adoption in healthcare across different countries?
" questions ) o
4) What are the common factors among countries that affect the AIR adoption in healthcare?
5) What factors influence AIR adoption in healthcare across developed and developing countries?
6) What is the relationship between the most used model and the use of AIR in healthcare?
Group A Keywords: Artificial Intelligence, Deep Learning, Robo*, AIR, Expert System, Machine Learning,
Keywords ANN_, Cognitive Learning,_ Neural I_\letworki_ng, Recomm* syst_em, Fuzzy Logic_, Unsupervised learning,
3. and Intelligent Systems, Supervised learning, Service Automation, Reinforcement learning.
Synonyms  Group B Keywords: Acceptance, Theories, Frameworks, adop*, Adoption models, Acceptance models,
Adoption frameworks, Acceptance frameworks, Success factors, Readiness, Challenges, Determinants.
Source S . . . .
selection Criteria: The sources should be available and globally recognized as high-quality sources.
A- Studies Language: English.
Criteria  Source Search Methods: The sources should be available and globally recognized as high-quality sources.
definition ~ Source List: Web of Sciences; Scopus.
4 Inclusion Criteria Exclusion Criteria
IC1: The paper addresses the adoption of AIR  EC1: The paper does not identify the sector in which it
B- Study by applying one or more theories or models of  addresses AIR adoption.
oo technol doption in health tor. . . .
selection echnology adoption in heafthcare sector EC2: The paper is not available in full text.
iteri IC2: Th hould b -reviewed. . .
eritenia © Paper should be peer-reviewe EC3: It is a conference paper/book chapter/ review/ book/
IC3: The paper should be with a digital object note/conference review/ Editorial.
identifier (DOI). . . .
Identifier (DOT) EC4: The paper is not in English.
Study
5. type Papers published in journals.
definition
Study
6. initial Initial search executed on 1st June, 2023.
selection
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Figure 3: PRISMA flowchart of the study
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Results

This section contains exhaustive answers to all research questions addressed in this SLR. A total of seven publications
satisfied the inclusion and exclusion criteria of this SLR. Table 2 lists the articles included in the SLR to offer an
exhaustive summary of the existing body of literature.

Table 2: Factors Affecting AIR Adoption in healthcare (N=5)

Authors Objectives Theory Statistical tool  Factors
1. [42] To understand the factors affecting the UTAUT and AMOS 1. Performance Expectancy
intention of medical professionals Human-Computer 2 Effort E .
to adopt Al-assisted treatment and Trust Theory - EfTort Expectancy
diagnosis 3. Social Influence
4. Human-Computer Trust
5. Behavioural Intention
2.[2] To determine the key factors TAM2 and SmartPLS 1. Performance Expectancy
influencing the adoption of Al among UTAUT2 2 Effort E t
Medical Specialists - EfTort Expectancy
3. Facilitating Conditions
4. Price Value
5. Results Demonstrability
6. Behavioural Intention
3.[6] To investigate factors Influencing UTAUT SPSS 1. Medical Performance
medical professional's acceptance of A Expectancy
- hnologi .
based technologies 2. Non-medical Performance
Expectancy
3. Effort Expectancy
4. Social Influence Patients
5. Facilitating Conditions
6. Social Influence Medical Experts
7. Perceived Trust
8. Anxiety
9. Professional Identity
10. Innovativeness
11. Behavioural Intention
4. [43] To investigate the factors that TAM PLS-SEM and . Perceived Ease of Use
influence consumer adoption of SWH Artificial Perceived Useful
devices Neural . Perceived Usefulness
Network . Functional Congruence
(ANN) _
. Health Belief
. Health Information Accuracy
. Compatibility
. Behavioural Intention
5. [44] To investigate the factors that UTAUT AMOS

influence the acceptance of Al
contouring technology in China

1

2

3

4

5

6

7

1. Performance Expectancy
2. Effort Expectancy

3. Social Influence

4. Facilitating Conditions
5. Perceived Risk

6. Resistance Bias

7. Behavioural Intention
8

. Usage Behaviour
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6. [45] To investigate the acceptance and UTAUT and Trust SmartPLS 1. Effort Expectancy
intention to adopt artificial Theory 2 Task C lexit
intelligence-based medical diagnosis - 1ask Lomplexity
support system 3. Performance Expectancy
4. Saocial Influence
5. Initial Trust
6. Propensity to Trust
7. Personal Innovativeness in IT
8. Technology Characteristics
9. Perceived Substitution Crisis
10. Behavioural Intention
7.[3] To identify the primary factors UTAUT SmartPLS . Performance Expectancy
that influence the adoption of Al for Effort E .
medical jobs - Eftort Expectancy

. Social Influence

. Perceived Substitution Crisis

1

2

3

4

5. Task Complexity

6. Personal Innovativeness in IT
7. Technology Characteristics
8. Initial Trust

9

. Behavioural Intention

RQ1. What are the key contributions of previous studies done in the field of AIR adoption in healthcare?

First, the researcher presented the number of articles published in developing as well as developed countries. The results
are depicted in Figure 4. This SLR included two studies in developed countries and five studies in developing countries.
Therefore, the researcher can conclude that developing countries drive the adoption of AIR in healthcare.

H Developed countries

Developing countries

Figure 4: The distribution of articles by developed and developing countries

Second, Figure 5 depicts the publishing distribution over time. In 2020 one article satisfied the research criteria, whereas
two publications did in 2021. Furthermore, three publications in 2022 and one article in 2023 were deemed to match the
criteria indicating a notable inclination for AIR adoption in healthcare.
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2023 2022 2021 2020
Figure 5: The distribution of articles by year

Thirdly, Figure 6 illustrates the distribution of papers across various countries. Notably, China provided three publications
on AIR adoption in healthcare, whereas the other countries each contributed one.

3
3
2
1
1 1 1 1
0
China Saudi Arabia Netherlands India Vietnam

Figure 6: Distribution of articles by country

Fourth, Figure 7 represents the statistical approaches used to validate the conceptual framework of research in this SLR.
Prior research used approaches such as Partial Least Squares-Structural Equation Modelling (PLS-SEM), Analysis of
Moment Structure-Structural Equation Modelling (AMOS-SEM), Statistical Package for the Social Sciences (SPSS), and
dual-stage SEM-ANN analysis based on deep learning. According to Figure 7, three studies employed the PLS-SEM
method, whereas two publications used the AMOS-SEM, in addition, one article used PLS-SEM and ANN. Finally, SPSS
was also used in one article.

4

2 I I
0 . .

SmartPLS AMOS PLS-SEM and ANN SPSS

[N

Figure 7: Statistical technique applied in prior studies
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Finally, according to Table 3, performance expectancy or perceived usefulness was found as a factor influencing AIR
adoption in healthcare in 8 articles, behavioral intention, and effort expectancy or perceived ease of use were each used
in 7 articles. Furthermore, social influence was observed in 6 articles.

Table 3: Factors presentation with number of studies quoting these factors (n=23)

Factor a'\r't?cl?a‘; Factor a'\r'gcl(:;
tsl:;el:mgrsr;ance Expectancy or Perceived 8 13. Functional Congruence 1
2. Behavioural Intention 7 14. Health Belief 1
3. Effort Expectancy or Perceived Ease of Use 7 15. Health Information Accuracy 1
4. Social Influence 6 16. Human-Computer Trust 1
5. Facilitating Conditions 3 17. Perceived Risk 1
6. Trust 3 18. Price Value 1
7. Innovativeness 3 19. Professional ldentity 1
8. Perceived Substitution Crisis 2 20. Propensity to Trust 1
9. Task Complexity 2 21. Resistance Bias 1
10. Technology Characteristics 2 22. Results Demonstrability 1
11. Anxiety 1 23. Usage Behaviour 1

[y

12. Compatibility

RQ2. What are the different theoretical and conceptual frameworks used in the field of AIR adoption in healthcare?

Several previous studies employed various theoretical frameworks to understand AIR adoption in the healthcare sector.
Figure 8 depicts the models/frameworks used in prior studies. According to the statistics in the figure, the UTAUT model
was the most frequently used model, found in three publications. TAM, TAM2, UTAUT2, UTAUT and trust theory, and
UTAUT and human-computer trust theory, have been each used in one article.

UTAUT, Human-Computer Trust Theory

UTAUT, Trust Theory

TAM2, UTAUT2

TAM

UTAUT

o
-
[N
w

Figure 8. Theories applied in prior studies
RQ3. What are the factors that influence AIR adoption in healthcare across different countries?

The SLR comprehensively analyses factors influencing AIR in healthcare across different countries. The key factors
include perceived ease of use/effort expectancy, perceived usefulness/performance expectancy, and behavioural intention
observed in most countries: Saudi Arabia, the Netherlands, India, China, and Vietnam. In addition, trust appeared in
countries such as the Netherlands, China, and Vietnam. Lastly, countries such as China and Vietnam highlight the
influence of technology characteristics as factors in AIR adoption in healthcare. The common factors among countries
are in Table 4.

10
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Table 4: Factors influencing AIR adoption in healthcare across countries

Country Factors
Saudi 1. Perceived Ease of Use, 2. Perceived Usefulness, 3. Functional Congruence, 4. Health Belief, 5. Health Information
Arabia Accuracy, 6. Compatibility, 7. Behavioural Intention

1. Medical Performance Expectancy, 2. Non-medical Performance Expectancy, 3. Effort Expectancy,
Netherlands 4. Social Influence Patients, 5. Facilitating Conditions, 6. Social Influence Medical Experts, 7. Perceived Trust,

8. Anxiety, 9. Professional Identity, 10. Innovativeness, 11. Behavioural Intention

1. Performance Expectancy, 2. Effort Expectancy, 3. Social Influence, 4. Human-Computer Trust,

5. Behavioural Intention, 6. Task Complexity, 7. Initial Trust, 8. Propensity to Trust, 9. Personal Innovativeness,

China
10. Technology Characteristics, 11. Perceived Substitution Crisis, 12. Perceived Risk, 13. Resistance Bias,
14. Usage Behaviour
indi 1. Performance Expectancy, 2. Effort Expectancy, 3. Facilitating Conditions, 4. Price Value,
ndia

5. Results Demonstrability, 6. Behavioural Intention

1. Performance Expectancy, 2. Effort Expectancy, 3. Social Influence, 4. Perceived Substitution Crisis,
Vietnam 5. Task Complexity, 6. Personal Innovativeness in IT, 7. Technology Characteristics,

8. Initial Trust, 9. Behavioural Intention

RQ4. What are the common factors among countries that affect the AIR adoption in healthcare?

Upon analysing the data, Table 5 represents the common factors for AIR adoption in the healthcare sector across countries.
Itis evident that several factors commonly influence AIR adoption across a range of countries. The most prevalent factors
include perceived ease of use/effort expectancy, perceived usefulness/performance expectancy, and behavioural intention,
which resonate with five countries, highlighting the importance of user perception, the utility of the technology, and
individuals’ intentions in facilitating the adoption of AIR in healthcare. Social influence also emerged as a notable factor
across three countries, reflecting the crucial role of social factors toward technological adoption.

Table 5: Common factors influencing AIR adoption in healthcare across countries

Factor Countries
Performance Expectancy/ Perceived Usefulness Saudi Arabia, Netherlands, China, India, Vietnam
Effort Expectancy or Perceived Ease of Use Saudi Arabia, Netherlands, China, India, Vietnam
Behavioural Intention Saudi Arabia, Netherlands, China, India, Vietham
Social Influence Netherlands, China, Vietnam
Facilitating Conditions Netherlands, India
Technology Characteristics China, Vietnam
Perceived Substitution Crisis China, Vietnam

RQ5. What factors influence AIR adoption in healthcare across developed and developing countries?

Table 6 represents the analysis of factors influencing AIR adoption in healthcare across developed and developing
countries. 13 factors in developed countries and 17 factors in developing countries were identified as influencers of AIR
adoption in healthcare. Anxiety, compatibility, and innovativeness are factors identified in developed countries. Trust,
technology characteristics, and perceived risk were among the factors identified in developed countries.

Table 6: Factors influencing AIR adoption in healthcare across developed and developing countries

Country Factors

1. Performance Expectancy/ Perceived Usefulness, 2. Effort Expectancy/ Perceived Ease of Use,
Developed 3. Social Influence, 4. Facilitating Conditions, 5. Perceived Trust, 6. Anxiety, 7. Professional Identity,
countries 8. Innovativeness, 9. Behavioural Intention, 10. Functional Congruence, 11. Health Belief,

12. Health Information Accuracy, 13. Compatibility.

Developing 1. Performance Expectancy, 2. Effort Expectancy, 3. Social Influence, 4. Human-Computer Trust,

countries 5. Behavioural Intention, 6. Task Complexity, 7. Initial Trust, 8. Propensity to Trust,

11
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9. Personal Innovativeness in IT, 10. Technology Characteristics, 11. Perceived Substitution Crisis,
12. Facilitating Conditions, 13. Price Value, 14. Results Demonstrability, 15. Perceived Risk,

16. Resistance Bias, 17. Usage Behaviour.

RQ6. What is the relationship between the most used model and the use of AIR in healthcare?

As per the results of this SLR, UTAUT was used in six articles. Therefore, this section identifies the relationship between
the UTAUT model and the use of AIR in healthcare. Tables 7 and 8 represent the results of the UTAUT model and the
adoption of AIR in healthcare. 23 factors impacted the reasons for using AIR across the seven studies included in the
SLR. Factors relevant to the UTAUT model in AIR adoption in healthcare include performance expectancy, effort
expectancy, social influence, facilitating conditions, price value, and behavioural intention. In terms of external factors,
13 factors affected the adoption of AIR in healthcare, including perceived trust, anxiety, professional identity,
innovativeness, human-computer trust, task complexity, personal innovativeness in IT, technology characteristics, initial
trust, perceived substitution crisis, results demonstrability, perceived risk, and resistance bias. According to Table 7,
almost all factors of UTAUT are identified as important influencers for behavioural intention which have been identified
in many studies.

Table 7: The influence of UTAUT on air adoption in healthcare

Factors Affected Factor Total

1. Performance expectancy Behavioural intention [2], [3], [6], [42], [44], [45], Social influence [42] 2
Behavioural intention [2], [3], [6], [42], [44], [45], Performance expectancy [3],

2. Effort expectancy [45], Social influence [42] 3
3. Social influence Behavioural intention [3], [6], [42], [44], [45] 1
4. Facilitating conditions Behavioural intention [2], [6], [44], Actual Behaviour [44] 2
5. Price value Behavioural intention [2] 1
7. Behavioural intention Actual Behaviour [44] 1

Furthermore, based on the data presented in Table 8, initial trust and perceived substitution crisis emerged as factors in
two studies and have been shown to affect behavioural intention. Task complexity also emerged as an external factor in
two studies that have been shown to affect performance expectancy. In addition, personal innovativeness in IT and
technology characteristics were also observed in two studies that influence effort expectancy.

Table 8: The influence of the external factors on air adoption in healthcare

Factors Affected Factor Total
1. Perceived trust Behavioural intention [6]

2. Anxiety Behavioural intention [6] 1
3. Professional identity Behavioural intention [6] 1
4. Innovativeness Behavioural intention [6] 1
5. Human-computer trust Behavioural intention [42] 1
6. Task complexity Performance expectancy [3], [45] 2
7. Personal innovativeness in IT Effort expectancy [3], [45] 2
8. Technology characteristics Effort expectancy [3], [45] 2
9. Initial trust Behavioural intention [3], [45] 2
10. Perceived substitution crisis Behavioural intention [3], [45] 2
11. Results demonstrability Behavioural intention [2] 1
12. Perceived risk Behavioural intention [44] 1
13. Resistance bias Behavioural intention [44] 1

Finally, among the studies that provided evidence on the UTAUT and the adoption of AIR in healthcare, most studies
attempted to identify the factors influencing the behavioural intention to use AIR, see Figure 9. Among the 23 factors
mentioned above, 10 factors were addressed as influencers of behavioural intentions: perceived trust, anxiety, professional
identity, innovativeness, human-computer trust, initial trust, perceived substitution crisis, results demonstrability,
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perceived risk, and resistance bias. Furthermore, there were two influencers of effort expectancy: personal innovativeness
and technology characteristics, and one influencer of performance expectancy, namely; task complexity. Finally, age,
gender, experience, and profession were identified as moderators.

Task complexity

1. Personal innovativeness,
2. Technology characteristics

Performance
Expectancy
(PE)

1. Perceived trust, 2. Anxiety,
3. Professional identity,
4. Innovativeness,
5. Human-computer trust, 6. Initial trust
7. Perceived substitution crisis,
8. Results demonstrability,
9. Perceived risk, 10. Resistance bias

B‘?l:?:tl;:;:‘ra' Use Behaviour
(BIN) (uB)

Effort
Expectancy
(EE)

Social
Influence
(sn

Facilitating
Conditions
(FC)

Price Value
{PV)
[ ][ Gender ] [ Experience ]

Age Profession

Figure 9: Different factors influencing the UTAUT when adopting AIR in healthcare

4.  Discussion

The purpose of this study was to perform a systematic review to find papers addressing technological models/theories for
AIR adoption in healthcare and the crucial factors influencing AIR adoption among countries. Hence, this study adds to
previous knowledge on AIR adoption in healthcare in some ways. First, it acknowledged the contributions provided by
previous studies and highlighted areas that require further investigation. AIR adoption by healthcare professionals in the
healthcare sector is significant necessitating more research. Second, this study investigated factors influencing the
adoption of AIR in healthcare across countries. These factors may potentially contribute to furthering research efforts in
this area. The identification of different factors can significantly contribute to facilitating decision-making processes for
AIR adoption in healthcare. Third, contrary to previous studies, this SLR conducted a comparative analysis of countries
about the adoption of AIR in healthcare.

5. Gaps, limitations, and Future Work

The present study conducted a comprehensive systematic review and a rigorous analysis of the existing literature
regarding the adoption of AIR in healthcare, which revealed several notable research gaps. First, policymakers and
academics can identify more factors that influence users' AIR adoption in healthcare. Hence, further investigation of AIR
implications in healthcare is required. Second, Saudi Arabia is the only country that has conducted research on AIR
adoption in healthcare among Arab countries. Hence, it is imperative to do more research on the adoption of AIR in Arab
countries. Finally, it is worth noting that there exists just one study that has verified data through the use of the SEM-
ANN technique. Recently, several studies have employed the SEM-ANN technique as a methodological enhancement
[46]-[48]. This kind of hybrid approach assists in decision-making [49], [50], validates the SEM findings [43], and offers
a deeper understanding of the problem in the research [51]. Therefore, future studies on AIR adoption that apply dual-
stage SEM-ANN analysis are required.

There are multiple opportunities for researchers and decision-makers to explore further this topic. It is crucial to recognise
the limitations of this study to give an accurate overview for future research. There are two limitations to this research.
First, it was limited to the widely used databases Scopus and Web of Science for this SLR. Future research may search
databases including Scholar, EBSCO host, IEEE Explore, and Science Direct to identify and collect new papers. Second,
the present study employed the research strategy known as article title. Future studies can use the research method known
as article title, abstract, and keywords.

6. Conclusion

This study holds significance due to its novel approach in systematically investigating the adoption of AIR in healthcare,
specifically focusing on technology adoption models and frameworks. Previous research in this area failed to
comprehensively address this aspect. An SLR was conducted using the PRISMA technique [35]. Two databases, hamely
Web of Science and Scopus, were utilised to ensure a comprehensive examination of the literature. After reviewing the 7
selected studies from the literature, it was found that there are few studies available on the adoption of AIR in healthcare
and that more research is needed. This study identified 23 factors influencing AIR adoption in healthcare. In China,
fourteen factors were found and in the Netherlands 11 factors were discovered. The most critical factors for AIR adoption
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across countries were perceived usefulness, perceived ease of use, and behavioral intention. Furthermore, 13 factors
affecting AIR adoption in healthcare were discovered in developed countries, while 17 factors in developing countries.
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