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Abstract: This study combines innovation resistance theory, the stimulus–organism–
response (SOR) framework, and the job demands–resources model to facilitate an in-depth
exploration of the barriers faced by healthcare professionals and the psychological re-
sponses they exhibit when adopting AI-supported healthcare technologies. We conducted a
questionnaire survey and obtained 296 valid responses from healthcare professionals to ex-
amine the relationship between resistance to AI-supported healthcare technologies and AI
adoption behavioral intentions. Using the SOR framework as a basis, this study validated
a serial mediation model with moderating effects, demonstrating that resistance to AI-
supported healthcare technologies influenced AI adoption behavioral intentions through
job resource, job demand, and levels of employee engagement. Further, this study sought
to validate the relationship between age-moderated job resource and job demand in em-
ployees exhibiting resistance to AI-supported healthcare technologies and their associated
AI adoption behavioral intentions. The results indicated that job resources, job demands,
and employee engagement serially mediated the relationship between resistance to AI-
supported healthcare technologies and AI adoption behavioral intentions. Additionally, age
only exhibited significant moderating effects on the relationship between job demands in
resistance to AI-supported healthcare technologies and AI adoption behavioral intentions.
The findings of this study can aid in promoting the adoption of AI-supported healthcare
technologies by healthcare professionals, generating new insights and broadening the scope
and vision of existing literature.

Keywords: AI-supported healthcare technologies; innovation resistance theory; stimulus–
organism–response; job demands–resources model; serial mediation model

1. Introduction
We live in an era of rapid digital transformation, where technology, in its simplest

form, aims to drive industry impact and improve work performance [1,2]. Technological
advancements over the past few decades have influenced the work and work styles of hu-
mans in various ways [3]. Technology has evolved, enabling industrial sectors to transition
into Industry 4.0 through artificial intelligence (AI) technologies [4]. In addition, consumers
increasingly use smart products such as smartwatches and smart home appliances [5] to
enhance both their lifestyles and workstyles. In recent years, the integration of AI into
healthcare has become a key focus of innovation and research efforts, driven by rapid
technological advances and the urgent need to improve healthcare delivery systems.
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The outbreak of the COVID-19 pandemic at the end of 2019 further highlighted the
transformative potential of AI, along with the significant challenges associated with its
adoption. During the pandemic, AI was applied in various contexts, including predicting
virus transmission, accelerating vaccine development, and optimizing medical resources [6].
These applications demonstrate the ability of AI to effectively assist in managing large-
scale public health crises. In the healthcare industry, AI can similarly be used to enhance
patient diagnosis, improve disease prevention and treatment, increase cost efficiency, and
provide universal access to treatment [7]. In addition to enabling machines to provide
manual support, AI has also enabled humans to replace manual labor across various
industries using superior cognitive abilities and intellectual capacity [8,9]. It is hoped
that AI and healthcare can integrate together into the healthcare interface [10]. While AI
has the potential to solve many problems, it has not flourished and become widespread
to the extent initially expected. Webster (2020) [11] notes that many in the healthcare
industry remain wary of AI-supported healthcare innovations, despite the occurrence of
the COVID-19 pandemic and AI’s clear benefits during that time.

In fact, digital innovations across most industries face resistance to acceptance or
adoption from both public and private users [5], with this resistance posing a significant
threat to the digital transformation of the healthcare industry. Scholars have previously
noted that the reasons consumers do not adopt AI include a lack of incentives for adoption
along with consumer resistance behaviors [12]. While past research has focused on the
benefits of AI-supported healthcare technologies, such as automated decision-making [13],
process streamlining [14], and performance enhancement [15], less attention has been given
to the barriers to achieving digital health innovation [16,17] and the resistance of healthcare
professionals to the adoption of digital innovations in the healthcare industry [18]. This
is the first motivation for this study, which is based on the theoretical foundation of the
innovation resistance theory (IRT).

In the past, most studies on users’ behavioral intentions have relied on the diffusion of
innovations theory, the technology acceptance model, and social exchange theory to conduct
empirical research. Chong et al. (2022) [19] argue that user behavior is primarily influenced
by the experience of using a particular technology. However, this study contends that the
IRT alone is insufficient for exploring resistance to AI-supported healthcare technologies.
This is because most of the components of IRT focus on resistance factors and fail to
address the usage behavior and behavioral intentions of service users adopting the new
technologies. Therefore, to better understand resistance to the adoption of AI-supported
healthcare technologies, this study argues that using the stimulus–organism–response
(SOR) framework [20] can provide a more comprehensive approach for guiding model
construction and empirical testing. The SOR model helps to explain the cognitive and
emotional processes behind resistance to innovations before the eventual adoption of a
behavior or response, wherein intrinsic processes intervene in the stimulus to affect the
individual’s internal state [21]. This represents the second motivation for this study, which
primarily integrates the SOR framework to construct its empirical model.

IRT is a key framework for exploring the underlying causes of consumer resistance
to adoption of technology. In this study, we use IRT to examine value barriers, usage
barriers, risk barriers, traditional barriers, and impression barriers as distinct stimuli.
Further, the job demands–resources (JD-R) model [22] offers valuable insights into the
dynamics of AI adoption in healthcare. Job demands and job resources are key factors
in shaping employee well-being and performance [22]. In the context of adopting AI-
supported healthcare technologies, job demands may include the requirement to learn
new technologies, adapt to changing workflows, and manage the increasing complexity
of AI-enhanced healthcare tasks. These demands can be stressful for healthcare pro-
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fessionals, though past research has found that moderate stress is positively associated
with innovative work behaviors [23]. In terms of job resources, professional develop-
ment opportunities, a supportive work environment, and adequate training provided by
supervisors can help healthcare professionals to manage the aforementioned demands,
leading to positive outcomes and increased innovation adoption behaviors [24]. This serves
as the third motivation for this study, which integrates the JD-R model to construct its
empirical framework.

This study’s core premise is that innovation adoption behavior arises not only from
an individual’s inherent traits but also from their work attitudes. Increasingly, scholars
have focused on the attitudinal factors that contribute to fostering innovative behavior.
One of these factors is employee engagement, which is “operationalized by the intensity
and direction of cognitive, emotional, and behavioral energy” [25] (Shuck et al., 2017,
p. 2). This is because individuals require greater energy to navigate the challenging process
of innovation. Scholars have emphasized the need for a more in-depth exploration of the
various personal and environmental factors that influence employee engagement, particu-
larly in the context of innovative behavior [26]. Additionally, past research highlights the
critical role of employee engagement in mediating the relationship between job demands,
job resources, and behavioral intentions [27] (Kwon & Kim, 2020). Healthcare professionals
who are more engaged in their work are also more likely to embrace new technologies, as
job engagement enhances their ability to handle the demands of technological change [28].
Furthermore, scholars recommend incorporating variables such as age, religion, and educa-
tion level into studies of digital transformation in the healthcare industry [3,29]. This is the
fourth motivation for this study, which integrates constructs such as employee engagement
to develop an empirical model.

Building on the four research motivations, this study integrates the SOR frame-
work [20] (Jacoby, 2002), IRT [12,30,31], the JD-R model [22], and other related concepts
such as employee engagement. This study explores the psychological processes linking
the independent variable (resistance to AI-supported healthcare technologies) and the
dependent variable (behavioral intention). By examining the cognitive and emotional
processes behind innovation resistance through the mechanism of serially mediated vari-
ables, this study aims to construct a more rigorous research model. Further, it aims to
investigate whether resistance to AI-supported healthcare technologies can influence AI
adoption behavioral intentions through the serial mediation mechanism of job resources
or job demands, along with employee engagement. Additionally, it seeks to provide a
deeper understanding of the factors affecting AI adoption behavioral intentions toward
adopting AI-supported healthcare technologies by examining age as a moderating variable.
Furthermore, this study’s findings can assist healthcare professionals, technologists, and
software vendors in developing effective strategies to promote the widespread adoption of
AI-supported technologies in the healthcare industry.

This study aims to solve the following questions:

1. What role does the SOR framework play in resistance to AI-supported technologies
in healthcare?

2. Do job resources and job demands influence healthcare professionals’ AI adoption
behavioral intentions toward AI-supported healthcare technologies?

3. Does work engagement influence healthcare professionals’ AI adoption behavioral
intentions toward AI-supported healthcare technologies?

4. Does medical professionals’ resistance to artificial intelligence health care technology
increase AI adoption behavioral intentions through the sequential mediation of job
resources, job demands, and engagement?
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5. Does age influence healthcare professionals’ AI adoption behavioral intentions toward
AI-supported healthcare technologies?

2. Literature Review
2.1. SOR Framework

The SOR framework, originally proposed by Mehrabian and Russell (1974) [32], pro-
vides a model for interpreting the behavior of consumers and individuals in response
to environmental stimuli. It posits that extrinsic stimuli (S) (for example, AI tools and
technologies) [33] and changes in the healthcare environment [34] influence an individ-
ual’s (O) internal state or emotions, such as cognitive responses [35,36] and emotional
reactions [37], which in turn trigger specific behavioral responses (R), such as behavioral
intentions. Previous research has indicated that healthcare professionals’ intention to
adopt AI is often determined by the alignment between AI tools and their perceived job
demands and resources [38]. In consumer behavior research, the SOR framework has been
extensively applied to explain how environmental factors shape consumer emotions and
purchasing behaviors [20]. In this framework, stimuli are often interpreted as external cues
or marketing elements, organisms represent the affective or cognitive states of consumers,
and responses correspond to consumer behaviors, including behavioral intentions, loyalty,
or engagement.

This study adopts the SOR framework, one of the most widely recognized models
for studying consumer behavior [39], to explore user behavior concerning AI-supported
healthcare technologies. Previous research highlights the extensive application of the
SOR framework in areas such as online interactions [29], mobile applications [40], and
online drug delivery platforms [21]. However, much of this research focuses on online
platforms, interactions, and purchasing behaviors, with limited attention given to the
intrinsic psychological processes that drive behavioral responses to digital healthcare
technologies. The SOR framework, therefore, serves as the foundation for this study, as
it facilitates an understanding of the complex psychological processes that healthcare
professionals experience in their use of digital healthcare technologies, encompassing both
emotional and cognitive experiences.

2.2. Innovation Resistance Theory (IRT)

Innovation is viewed as a substantial and meaningful change in a user’s daily activi-
ties [41]. Ram and Sheth (1989) [42] highlight that despite the potential benefits innovation
offers to individuals and corporations, there remains a significant degree of resistance to
adopting new technologies. The extent of this resistance often determines whether the
innovation or technology will succeed or fail.

The IRT, developed by Ram and Sheth (1989) [42], offers insights into why users
may be reluctant to adopt innovations. The IRT defines resistance behavior as a negative
perception toward the adoption and use of an innovation, driven by an individual’s status
quo bias toward existing systems and the perceived barriers posed by new technologies.
Individuals exhibit two types of resistance: active resistance and passive resistance, both of
which define user resistance behavior from a behavioral perspective [43]. Active resistance
arises as a result of the specific characteristics of an innovation, with the IRT addressing
both active and passive resistance. Functional barriers are primarily associated with
active resistance [44], whereas psychological barriers are more commonly linked to passive
resistance [9].

Past research on IRT has explored its application in various fields, including mobile
payments [30], electric vehicles [45], environmentally friendly products [46], and online
food delivery [47], as well as healthcare-related fields such as healthcare technologies [48],
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telemedicine [49], and online medication delivery [21]. These studies demonstrate that
IRT is a suitable framework for understanding users’ responses to digital healthcare tech-
nologies. However, most research utilizing IRT has focused on resistance behavior among
end-users, without addressing how to influence resistance behavior before it fully manifests.
To bridge this gap in existing research, this study applies the SOR framework to examine
whether AI digital healthcare technologies, as an extrinsic stimulus, along with the JD-R
model and engagement, which represent intrinsic states or emotions, can help to influence
resistance behavior and ultimately trigger a behavioral intention response.

2.3. JD-R Model and Employee Engagement

Bakker and Demerouti (2007) [50] introduced the JD-R model, which is established
on the premise that every occupation has distinct risk factors associated with job stress.
These factors are categorized into two broad groups: job demands and job resources. This
comprehensive model can be applied across various occupational environments, including
highly skilled professions such as researchers, professors, and medical professionals [51].

Job demands refer to aspects of work that consistently require the expenditure of an
individual’s physiological, psychological, social, or organizational resources, often leading
to psychological or physical strain [22]. If physical or mental resources are taxed to an
excessive degree, performance outcomes can be adversely affected [52]. Previous research
on job demands has primarily focused on aspects such as role conflict, time and workload
pressures, and quantitative workloads. Job resources are defined as the physical, social,
or organizational aspects of work that facilitate the achievement of job goals; alleviate job
demands and their associated physical and psychological costs; and foster personal growth,
learning, and development [22]. According to the dual-process JD-R model, reducing job
demands allows employees to concentrate more effectively on their tasks and minimize
idle time, while increasing job resources helps employees to sustain their energy so as to
manage work responsibilities [27].

The concept of employee engagement can be traced back to Kahn (1990) [53], who
coined the term “personal engagement” to describe an individual’s psychological state.
Kahn suggested that the greater an employee’s personal engagement, the more they will
channel their physical and mental energy into their work, thereby fully utilizing their
abilities on work tasks. Schaufeli et al. (2002) [54] define employee engagement as
a positive, fulfilling, and work-related state of mind characterized by energy, dedica-
tion, and focus which is not solely dependent upon any specific events, individuals, or
personal behaviors.

3. Research Model Hypothesis Development
3.1. The Mediating Role of the Job Resources

According to the JD-R model, job resources, when leveraged as positive psychological
motivators, can help individuals to manage the demands of innovation in the workplace,
reduce stress, and enhance overall work outcomes. In the healthcare field, where AI
technology is becoming increasingly prevalent, healthcare professionals may resist the
adoption of said technology owing to concerns over technological complexity, potential
job displacement, or a perceived lack of necessary skills. However, past research suggests
that even for the creation of new existing ventures, job resources can offset the financial
impact of their business impact [9] and that providing adequate job resources, such as
training, can enhance the professionalism of healthcare workers and increase the prevalence
of innovative behaviors [27], which in turn may positively influence their AI adoption
behavioral intentions to adopt AI-supported healthcare technologies. Therefore, this study
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suggests that AI-supported healthcare technologies enhance behavioral intention through
the mediating effect of job resources.

H1: Job resources mediate the relationship between resistance to AI-supported healthcare technolo-
gies and AI adoption behavioral intentions.

3.2. The Mediating Role of the Job Demands

According to the JD-R model, job demands encompass the cognitive, emotional, and
physical requirements placed on employees within professional environments [22]. In the
healthcare sector, these demands may include learning to use new tools and adjusting
workflows to integrate AI systems. For example, the implementation of AI diagnostic
tools may require clinicians to adopt new recommendations and workflows, imposing
additional demands on their time and cognitive resources [55]. Previous studies have
indicated that when job demands align with job resources, resistance is reduced and AI
adoption behavioral intentions are enhanced. Organizations that provide educational
training and technical support can mitigate resistance to adopting AI tools, fostering a
more positive attitude [56]. Additionally, job demands can serve as a bridge between
resistance and AI adoption behavioral intentions. For instance, ensuring that AI systems
are intuitive and compatible with existing workflows can reduce perceived complexity
and increase adoption willingness [55]. Therefore, this study posits that AI-supported
healthcare technology enhances behavioral intention through the mediating role of
job demands.

H2: Job demands mediate the relationship between resistance to AI-supported healthcare technologies
and AI adoption behavioral intentions.

3.3. The Mediating Role of the Employee Engagement

In past studies, scholars have argued that job engagement is a more effective predictor
of performance than job satisfaction, employee engagement, or organizational commit-
ment [57]. With the increasing adoption of AI-supported healthcare technologies in the near
future, engagement is likely to become a crucial motivational factor [58]. Employees with
high engagement tend to perform better and work more efficiently [59]. Therefore, health-
care professionals who are highly engaged are less likely to resist AI-supported healthcare
technologies [60,61], resulting in a stronger behavioral intention to adopt these technologies.
Conversely, healthcare professionals with lower levels of engagement may exhibit greater
resistance to innovative technologies, leading to weaker AI adoption behavioral intentions
to adopt them. Therefore, this study suggests that AI-supported healthcare technologies
enhance behavioral intention through the mediating role of employee engagement.

H3: Employee engagement mediates the relationship between resistance to AI-supported healthcare
technologies and AI adoption behavioral intentions.

3.4. Serial Mediation of the Job Resources, Job Demands and Employee Engagement

This study integrates the stimulus–organism–response (SOR) framework [20], inno-
vation resistance theory (IRT) [12,30,31], the JD-R model [22], and employee engagement,
which are combined with the above three hypotheses (H1~H3) to construct an integrated
hypothesis model to further explore the impact of artificial intelligence on health care.
Whether technological resistance can improve behavioral intention through the sequential
mediation mechanism of job resources or job demands and employee engagement is shown
in Figure 1.
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This study examines the relationship between job resources, job demands, and en-
gagement, with a focus on their sequential mediating role in the relationship between
resistance to AI-enabled medical technologies and behavioral intentions to adopt such
innovations. Resistance to AI technologies often manifests through emotional and cognitive
barriers which can hinder the adoption of these technologies. However, these barriers
can be effectively mitigated through the presence of adequate job resources and man-
ageable job demands, especially when these factors contribute to enhanced employee
engagement [62]. The sequential mediation process offers a comprehensive framework to
explain how resistance can transform into positive behavioral intentions toward adopting
AI technologies.

Previous research has highlighted the critical role of job resources in fostering inno-
vative behaviors. For instance, Kwon and Kim (2020) demonstrated that job resources,
such as organizational support, access to learning opportunities, and clear communication,
significantly enhance employees’ ability to engage in innovation. Furthermore, an increase
in job resources has been shown to directly enhance employee engagement [63], which
is characterized by vigor, dedication, and absorption. This heightened engagement ulti-
mately strengthens employees’ behavioral intentions to embrace AI technologies in their
professional practices.
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Conversely, job demands, such as high workloads or the need to adapt to complex
technologies, can induce stress among professionals [23,50]. Despite the potential negative
effects of high demands, the job demands–resources (JD-R) model posits that demands,
when paired with adequate resources, can function as motivating challenges rather than
debilitating stressors [64]. Under such conditions, engagement acts as a psychological
mechanism that transforms the perceived burden of job demands into opportunities for
professional growth. Hakanen, Schaufeli, and Ahola (2008) [65] demonstrated that the
synergy of cognitive, emotional, and physical engagement can mitigate the negative effects
of stress and further promote innovative behaviors in high-demand environments.

In this context, engagement plays a pivotal role as a mediating factor. Employees who
are deeply engaged are more likely to reinterpret job demands as opportunities for skill
enhancement and career development. This reappraisal reduces the negative impact of
resistance on their behavioral intentions, fostering a more positive attitude toward AI adop-
tion. By aligning personal and organizational goals, engagement ensures that employees
perceive AI technologies as tools that complement their professional responsibilities rather
than as threats to their autonomy or job security.

Based on these insights, this study argues that the interplay between job resources, job
demands, and engagement is instrumental in reducing resistance to AI-enabled medical
technologies. When job resources and demands are managed effectively, they collectively
enhance employee engagement, which, in turn, reduces resistance and fosters stronger
behavioral intentions to adopt AI technologies. This sequential mediation process under-
scores the importance of a supportive work environment and the strategic management of
demands to ensure the successful integration of AI innovations in healthcare settings.

H4: Job resources and employee engagement have a serial mediation effect on the relationship
between resistance to AI-supported healthcare technologies and AI adoption behavioral intentions.

H5: Job demands and employee engagement have a serial mediation effect on the relationship
between resistance to AI-supported healthcare technologies and AI adoption behavioral intentions.

3.5. The Moderating Effect of Age

Job resources and job demands are crucial for healthcare professionals in adopting
AI-supported healthcare technologies. However, one significant factor that has yet to be
validated is age [66]. When job resources, such as educational training, are provided, older
healthcare professionals may exhibit greater resistance to the adoption of AI-supported
healthcare technologies owing to work stress arising from job demands [67]. This resistance
could stem from a perceived incompatibility with established work practices and the
challenge of quickly adapting to AI technologies and learning new system tools [68,69].
Furthermore, AI adoption behavioral intentions are affected by age-related differences [70].
Therefore, this study argues that age plays a moderating role between job resources,
job demands, and the adoption of AI-supported healthcare technologies, influencing AI
adoption behavioral intentions toward innovative AI technologies.

H6: Age moderates the role of job resources in the relationship between resistance to AI-supported
healthcare technologies and AI adoption behavioral intentions.

H7: Age moderates the role of job demands in the relationship between resistance to AI-supported
healthcare technologies and AI adoption behavioral intentions.
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Based on the above discussion, this study proposes that there exists a mutual rela-
tionship between job resources, job demands, and employee engagement. It also suggests
that the link between AI-supported healthcare technologies and AI adoption behavioral
intentions should be mediated through a serial mediation model involving job resources,
job demands, and employee engagement. In this model, job resources and job demands
enhance engagement, which in turn influences healthcare professionals’ AI adoption be-
havioral intentions toward adopting AI-supported healthcare technologies. Additionally,
it is proposed that age moderates the relationship between job resources, job demands,
and resistance to AI-supported healthcare technologies, ultimately affecting AI adoption
behavioral intentions. This is illustrated in Figure 1, with hypotheses H1 to H7 used as the
proposed models.

4. Research Methods
This study examines whether resistance to AI-supported healthcare technologies can

enhance AI adoption behavioral intentions when serially mediated through job resources,
job demands, and employee engagement, with age serving as a moderating variable. In
this study, an online questionnaire was conducted using purposive sampling. Past research
has indicated that innovative medical technologies are more commonly implemented in
medical institutions, particularly in large healthcare organizations, specialty hospitals,
and teaching hospitals. These medical institutions typically have better resources, ex-
pertise, and research support, enabling them to introduce and apply the latest medical
technologies more quickly [71,72]. Additionally, the healthcare professionals who use
AI-supported healthcare technologies are typically physicians [73], pharmacists [74], and
registered nurses [75]. Therefore, the target population for this study consists of healthcare
professionals practicing in medical institutions, with the following principles implemented
for sampling: 1. Healthcare professionals shall be the subjects of this study, including
physicians, registered nurses, and pharmacists; 2. Participants shall have achieved an
educational level of university/college graduate or higher. Based on the above, this study
focused on the online question-and-answer method, with a total of 334 questions and
answers. A total of 190 questionnaires were sent and telephone reminders were made. A
total of 152 valid question questionnaires were collected (effective collection rate 80%, are
shown in Table 1.

Table 1. Demographic information of the valid study subject sample.

Demographic Category Items Sample Size (N = 296) Percentage (%)

Gender
Male 170 57.2%

Female 126 42.6%

Age
Age 55 or below (inclusive) 151 51%

Age 56 or above (inclusive) 145 49%

Education level
University 197 66.6%

Graduate school 99 33.4%

Job role

Doctor 109 35.9%

Registered nurse 103 33.9%

Pharmacist 84 27.6%

The questionnaire content was designed using items adapted from previous research
to measure the constructs in this study’s model. Participants rated each item on a six-point
Likert scale.

Job resources and job demands: This study used Scholze and Hecker’s (2024) [76]
24-item questionnaire to measure the job resources (M = 4.01, SD = 1.02, Cronbach’s
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α = 0.869) and job demands (M = 4.29, SD = 0.7, Cronbach’s α = 0.945) of healthcare
professionals. Respondents rated their level of agreement with each statement on a six-
point scale, ranging from 1 to 6 (e.g., How often do you not have enough time to complete
all your tasks?; I am free to organize my work in terms of time).

Employee engagement: This study measured the level of engagement of healthcare
professionals using the 15-item questionnaire developed by Shuck, Adelson, and Reio Jr.
(2017) [25] (M = 4.59, SD = 0.77, Cronbach’s α = 0.934). Respondents rated their level of
agreement with each statement on a six-point scale, ranging from 1 to 6 (e.g., I am really
focused on my job when I am working; I work harder than expected to help my company
be successful).

Resistance to innovation: This study used Kautish et al.’s (2023) [77] 21-item ques-
tionnaire (M = 4.13, SD = 0.66, Cronbach’s α = 0.911) to measure healthcare professionals’
resistance to AI-supported healthcare technologies, with statements encompassing use
(6-item), value (5-item), risk (2-item), tradition (6-item), and impression-related barriers
(2-item). Respondents rated their level of agreement with each statement on a six-point
scale, ranging from 1 to 6 (e.g., telemedicine apps are convenient as they are accessible
through my phone; I believe using telemedicine apps helps save time; I fear that using
telemedicine apps may not ensure privacy and confidentiality).

AI adoption behavioral intentions: This study used Edo et al.’s (2023) [78] four-item
questionnaire to measure the AI adoption behavioral intentions of healthcare professionals
(M = 4.35, SD = 0.87, Cronbach’s α = 0.955). Respondents rated their level of agreement
with each statement on a six-point scale, ranging from 1 to 6 (e.g., I intend to use AI health
information technology in the future).

This study conducted a Confirmatory Factor Analysis (CFA) using AMOS. The over-
all model fit was acceptable (χ²/df = 387.033/98 = 3.949, RMSEA = 0.1, NFI = 0.902,
CFI = 0.924, IFI = 0.925, SRMR = 0.106, GFI = 0.855, PNFI = 0.736).

The CMV problem was assessed following the commonly used Harman’s one-factor
test (Fuller, Simmering, Atinc, Atinc, & Babin, 2016) [79] during data collection. Single
factor analysis was an exploratory factor analysis (EFA) of all the measured indicators
of the five research institutions together without factor transformation to determine how
many individual factors were needed to explain the changes between the indicators [80].
Therefore, it was estimated that the CMV in this study was not too severe.

The descriptive statistics of the main variables of this study, including CR value,
Cronbach’s α, AVE value, and discriminant validity testing, are shown in Table 2.

Table 2. Descriptive statistics of the main variables.

Cronbach’s α CR Job
Resources

Job
Demands

Employee
Engagement

Resistance to
Innovation

AI Adoption
Behavioral
Intentions

Job resources 0.869 0.945 (0.773)

job demands 0.945 0.949 0.536 (0.823)

Employee engagement 0.934 0.955 0.587 0.349 (0.850)

Resistance to innovation 0.911 0.928 0.483 0.459 0.489 (0.798)

AI adoption Behavioral intentions 0.955 0.967 0.492 0.445 0.564 0.358 (0.88)

The diagonal values represents
√

AVE and the off-diagonal values represent inter-construct correlations for
respective variables.

In this study, serial mediation analysis was conducted to examine the mediating role
of job resources, job demands, and employee engagement in the relationship between
resistance to AI-supported healthcare technology innovation and AI adoption behavioral
intentions. Barriers resulting in resistance to technological innovation in AI-supported
healthcare technologies served as the independent variable, with job resources and job
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demands acting as first-stage mediators, employee engagement as a second-stage mediator,
and AI adoption behavioral intentions as the dependent variable [81] (PROCESS Model 6).
Finally, this study conducted an analysis of moderating variables to examine the moderating
role of job resources and job demands in the relationship between resistance to AI-supported
healthcare technologies and AI adoption behavioral intentions, with age as the moderating
variable [81] (PROCESS Model 14). For the statistical analysis using PROCESS Model 14,
this study applied the bootstrapping method to generate a 95% confidence interval based
on 5000 samples.

5. Results
This study examines whether the serial mediation of job resources, job demands,

and employee engagement influences the relationship between resistance to AI-supported
healthcare technologies and AI adoption behavioral intentions, analyzed using the PRO-
CESS statistical model.

H1 assumes that job resources mediate the relationship between resistance to AI-
supported healthcare technology and behavioral intentions to adopt AI. The mediation
analysis indicates that resistance to AI-supported healthcare technology has a significant
positive impact on job resources (B = 0.48, SE = 0.54, CI = 0.40, 0.62); in turn, job resources
significantly increase AI adoption behavioral intentions (B = 0.23, SE = 0.07, CI = 0.13,
0.42). These findings support the existence of a significant indirect effect of resistance to
AI-supported healthcare technologies on AI adoption behavioral intentions through job
resources (B = 0.14, SE = 0.04, CI = 0.05, 0.24), shown in Table 3, thus validating H1.

Table 3. Research framework (job resources as mediating factor).

Job Resources Employee Engagement Behavioral Intention

Predictive Factor B SE LLCI ULCI B SE LLCI ULCI B SE LLCI ULCI

Resistance to AI-supported healthcare
technologies 0.48 0.54 0.4 0.62 0.26 0.6 0.19 0.43 0.048 0.07 −0.08 0.20

Job resources 0.45 0.56 0.39 0.61 0.23 0.07 0.13 0.42

Employee engagement 0.4 0.06 0.32 0.58

Direct effect B SE LLCI ULCI

Direct effect:

Resistance to AI-supported healthcare technologies → Behavioral intentions 0.35 0.07 0.32 0.6

Indirect effect

Indirect effect 1: Resistance to AI-supported healthcare technologies → Job resources → AI adoption behavioral
intentions 0.14 0.04 0.05 0.24

Indirect effect 2: Resistance to AI-supported healthcare technologies → Employee engagement → AI adoption
behavioral intentions 0.14 0.03 0.07 0.21

Indirect effect 3: Resistance to AI-supported healthcare technologies → Job resources → Employee engagement
→ AI adoption behavioral intentions 0.11 0.02 0.06 0.18

H2 assumes that job demands mediate the relationship between resistance to AI-
supported healthcare technologies and behavioral intention to adopt AI. Mediation anal-
ysis showed that resistance to artificial intelligence medical technology had a significant
positive impact on job demands (B = 0.45, SE = 0.79, CI = 0.54, 0.86); in turn, job demands
significantly increase AI adoption behavioral intentions (B = 0.28, SE = 0.04, CI = 0.15,
0.32). These findings support the existence of a significant indirect effect of resistance
to AI-supported healthcare technologies on behavioral intention through job demands
(B = 0.12, SE = 0.03, CI = 0.07, 0.18), shown in Table 4, thus validating H2.
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Table 4. Research Framework (Job demands as mediating factor).

Job Demands Employee Engagement Behavioral Intention

Predictive Factor B SE LLCI ULCI B SE LLCI ULCI B SE LLCI ULCI

Resistance to AI-supported healthcare
technologies 0.45 0.79 0.54 0.86 0.41 0.06 0.35 0.61 0.0008 0.07 −0.14 0.14

Job demands 0.15 0.04 0.03 0.2 0.28 0.04 0.15 0.32

Employee engagement 0.46 0.05 0.4 0.63

Direct effect: B SE LLCI ULCI

Direct effect:

Resistance to AI-supported healthcare technologies → AI adoption behavioral intentions 0.35 0.07 0.32 0.6

Indirect effect

Indirect effect 1: Resistance to AI-supported healthcare technologies → Job demands → AI adoption
behavioral intentions 0.12 0.03 0.07 0.18

Indirect effect 2: Resistance to AI-supported healthcare technologies → Employee engagement → AI adoption
Behavioral intentions 0.19 0.03 0.12 0.27

Indirect effect 3: Resistance to AI-supported healthcare technologies → Job demands → Employee engagement
→ AI adoption behavioral intentions 0.03 0.01 0.05 0.06

H3 assumes that employee engagement mediates the relationship between resistance
to AI-supported healthcare technologies and AI adoption behavioral intentions. The
mediation analysis results indicate that resistance to AI-supported healthcare technologies
significantly increases employee engagement (B = 0.26, SE = 0.60, CI = 0.19, 0.43; B = 0.41,
SE = 0.06, CI = 0.35, 0.61); further, employee engagement significantly increases AI adoption
behavioral intentions (B = 0.40, SE = 0.06, CI = 0.32, 0.58; B = 0.46, SE = 0.05, CI = 0.40, 0.63).
These results support the finding that resistance to AI-supported healthcare technologies
has a significant indirect effect on AI adoption behavioral intentions through employee
engagement (B = 0.14, SE = 0.03, CI = 0.07, 0.21; B = 0.19, SE = 0.03, CI = 0.12, 0.27), shown
in Tables 3 and 4, thus validating H3.

H4 assumes that the mediators of H1 and H3, namely job resources and employee
engagement, have a serial mediation effect on the relationship between resistance to AI-
supported healthcare technologies and AI adoption behavioral intentions. The results of the
serial mediation analyses indicate that resistance to AI-supported healthcare technologies
significantly increases job resources (B = 0.48, SE = 0.54, CI = 0.40, 0.62) and, in a serial man-
ner, significantly increases both employee engagement (B = 0.45, SE = 0.56, CI = 0.39, 0.61)
and AI adoption behavioral intentions (B = 0.40, SE = 0.06, CI = 0.32, 0.58). Furthermore,
resistance to AI-supported healthcare technologies has a significant indirect effect on AI
adoption behavioral intentions through job resources and employee engagement (B = 0.11,
SE = 0.02, CI = 0.06, 0.18), shown in Table 3, thus validating H4.

H5 assumes that the mediators of H2 and H3, namely job demands and employee
engagement, have a serial mediation effect on the relationship between resistance to AI-
supported healthcare technologies and AI adoption behavioral intentions. The results of the
serial mediation analyses indicate that resistance to AI-supported healthcare technologies
significantly increases job demands (B = 0.45, SE = 0.79, CI = 0.54, 0.86) and, in a serial
manner, significantly increases both employee engagement (B = 0.15, SE = 0.04, CI = 0.03,
0.20) and AI adoption behavioral intentions (B = 0.46, SE = 0.05, CI = 0.40, 0.63). Additionally,
resistance to AI-supported healthcare technologies has a significant indirect effect on AI
adoption behavioral intentions through job demands and employee engagement (B = 0.03,
SE = 0.01, CI = 0.05, 0.06), shown in Tables 3 and 4, thus supporting H5.

H6 and H7 assume that age moderates the role of job resources and job demands
in the relationship between resistance to AI-supported healthcare technologies and AI
adoption behavioral intentions. The analysis of the results indicates that job resources and
job demands exhibit indirect effects on resistance to AI-supported healthcare technolo-
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gies and AI adoption behavioral intentions. The moderating influence of job resources
on the relationship between resistance to AI-supported healthcare technologies and AI
adoption behavioral intentions is not significant with the moderation of age (B = −0.093,
SE = 0.067, CI = −0.23, 0.031). Thus, H6 is not supported. However, there is a significant
negative moderating influence of job demands on the relationship between resistance
to AI-supported healthcare technologies and AI adoption behavioral intentions with the
moderation of age (B = −0.158, SE = 0.07, CI = −0.297, −0.021), shown in Table 5 and
Figure 2. Thus, H7 is supported.

Table 5. Table of moderating effects.

Moderating Factor: Age

Path B SE LLCI ULCI

Resistance to AI-supported healthcare
technologies → Job resources → AI adoption
behavioral intentions

−0.093 0.067 −0.23 0.031

Resistance to AI-supported healthcare
technologies → Job demands → AI adoption
behavioral intentions

−0.158 0.07 −0.297 −0.021
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6. Discussion
This study utilized the SOR framework to examine the relationships between relevant

constructs and investigate the AI adoption behavioral intentions of healthcare profession-
als regarding resistance to AI-supported healthcare technologies. This model facilitated
the investigation of seven mediating and moderating relationships within the research
framework, providing insights into the AI adoption behavioral intentions of healthcare
professionals regarding AI-supported healthcare technologies. We first examined the me-
diating role of job resources, job demands, and employee engagement in the relationship
between resistance to AI-supported healthcare technologies and AI adoption behavioral
intentions. Additionally, we identified the significant moderating effect of age on the
relationships between resistance to AI-supported healthcare technologies, job demands,
and AI adoption behavioral intentions.

(i) The mediating effect of job resources and job demands
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Past research has indicated that job resources can alleviate resistance to AI-supported
healthcare technologies by fostering work engagement and reducing the perceived stress
or increased workload associated with said technologies [64,82]. These resources tend
to enhance employee adaptability and cultivate positive attitudes toward adopting new
technologies [60], which is aligned with the findings of this study.

However, regarding job demands, past research suggests that increased demands can
heighten resistance by amplifying stress and reducing engagement, thereby lowering the
likelihood of adopting innovations such as AI technologies [69,83]. Studies suggest that
when the introduction of AI technologies increases employee workload or task complexity,
job demands may heighten resistance. However, these findings differ from the results of
the current study.

This study suggests that appropriate job demands can still mitigate healthcare pro-
fessionals’ resistance to AI-supported healthcare technologies, owing to factors such as a
higher perceived usefulness of said technologies [84], employee adherence to professional
norms and role expectations [85], and a strong prioritization of patient well-being [86]
when considering new technologies.

(ii) The mediating effect of employee engagement

Employee engagement, characterized by a strong focus on one’s work, significantly
influences behavioral intentions to adopt innovations. Past scholars have noted that higher
engagement increases employees’ willingness to adopt AI-supported healthcare technolo-
gies [42]. Furthermore, highly engaged employees are more likely to embrace the changes
introduced by AI technologies [60]. These results align with the findings of the present
study, suggesting that employee engagement mitigates resistance to the introduction of
new technologies in the workplace. Healthcare professionals with higher levels of en-
gagement are more inclined to perceive AI-supported healthcare technologies as tools to
enhance patient care, benefiting both themselves and their patients, and thereby have a
greater willingness to learn and adopt these technologies. Thus, employee engagement
mediates the relationship between resistance to AI-supported healthcare technologies and
AI adoption behavioral intentions.

(iii) The serial mediation of job resources, job demands, and employee engagement

The results of this study demonstrate that job resources, job demands, and employee
engagement can all mediate the relationship between resistance to AI-supported healthcare
technologies and AI adoption behavioral intentions. Using the SOR framework, resistance
to AI-supported healthcare technologies serves as the stimulus, while job resources, job
demands, and engagement act as positive influences on AI adoption behavioral intentions
through initiating a response. This framework effectively explains how the serial mediation
of job resources, job demands, and engagement mitigate resistance to innovation among
healthcare professionals, thereby enhancing their AI adoption behavioral intentions to
adopt AI-supported healthcare technologies.

(iv) The moderating effect of age

This study identified differences in the results when age was considered a moderator.
Specifically, age demonstrated a significant negative moderating effect on job demands
in the relationship between resistance to AI-supported healthcare technologies and AI
adoption behavioral intentions. However, age did not exhibit a significant moderating
effect in the context of job resources. We believe that when healthcare professionals are in
the process of adopting AI-supported healthcare technologies, older employees perceive
the associated job demands to be a greater challenge, which negatively impacts their AI
adoption behavioral intentions. Younger employees, however, may view these job demands
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as opportunities for career progression and skill development, leading to more positive AI
adoption behavioral intentions.

Age does not have a significant moderating effect on job resources. This study sug-
gests that this is because job resources, such as supportive training, benefit all employees.
Regardless of age, the effect of training and resource support in helping employees cope
with the introduction of AI in the healthcare field may not change significantly.

(v) Theoretical implications

This study contributes to the field of research on the digital healthcare industry, as past
scholars have emphasized the importance of understanding consumer resistance to the
adoption of digital healthcare technologies [86] (Li et al., 2022). This study also addresses
three gaps in the existing research on this topic. Gap 1: While IRT [42] provides a theoretical
framework for understanding healthcare professionals’ resistance to new technologies and
explains the factors contributing to resistance, it lacks specificity regarding the underlying
cognitive and affective mechanisms that link resistance to behavioral outcomes, such as
adoption intentions. By incorporating the SOR framework, this study explores how job
resources, job demands, and employee engagement influence AI adoption behavioral in-
tentions. In this context, resistance to AI-supported healthcare technologies is viewed as a
stimulus that ultimately alters AI adoption behavioral intentions through the mediation of
job resources, job demands, and employee engagement. The above findings enrich our un-
derstanding of various aspects of technology adoption and provide a more comprehensive
model for understanding the adoption of AI technology in the healthcare industry. Gap
2: Kwon and Kim’s (2020) model, which refined the JD-R model to include the concept of
engagement, lacked empirical evidence to support this change. This study fills the gap in
evidence by confirming that employee engagement plays an indispensable role as a serial
mediator between innovation resistance and AI adoption behavioral intentions, specifically
through job resources and job demands. The empirical results provide new insights into
how best to reduce resistance to AI-supported healthcare technologies in the healthcare
field. Gap 3: Past scholars have suggested that when studying digital transformation in the
healthcare industry, variables such as age, religion, and education should be included [3,29].
This study addresses this gap by confirming that age significantly moderates job demands
in the relationship between resistance to AI-supported healthcare technologies and AI
adoption behavioral intentions. However, age exhibited no significant moderating effect on
job resources in the relationship between resistance to AI-supported healthcare technologies
and AI adoption behavioral intentions. This suggests that the effect of job demands on
resistance to adoption is more pronounced among older healthcare professionals, whereas
job resources exert a more universally positive influence across age groups [87]. These
findings highlight the importance of incorporating demographic factors into analysis when
examining the adoption of innovative digital technologies.

As mentioned above, this study’s empirical findings make a significant contribution
to enhancing our understanding of how job resources, job demands, and employee engage-
ment affect healthcare professionals’ resistance to AI-supported healthcare technologies
through three theoretical constructs: IRT, the SOR framework, and the JD-R model. In
addition, by incorporating age as a moderator, this study provides new insights into how
individual and contextual factors interact to influence resistance to the adoption of AI-
supported healthcare technologies and to shape AI adoption behavioral intentions. The
aforementioned theoretical contributions offer valuable directions for future research, partic-
ularly regarding the role of the work environment and demographic factors in influencing
the adoption of technologies in the healthcare industry.
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7. Conclusions and Recommendations
(i) Management Implications

This study’s results have significant managerial implications for the healthcare in-
dustry, particularly for organizations seeking to facilitate the adoption of AI-supported
technologies while addressing potential resistance from healthcare professionals. Senior
managers must understand that resistance to AI-supported healthcare technologies is in-
fluenced by a variety of factors, including job demands, job resources, and demographic
characteristics such as age. Understanding the multitude of factors involved can help
managers design strategies that effectively reduce resistance and encourage the adoption
of AI-supported healthcare technologies. For example, healthcare organizations can reduce
resistance to AI healthcare technologies by strategically increasing job resources (e.g., AI
training, leadership support, and workflow integration) and balancing job demands (e.g.,
cognitive workload and emotional stress).

First, this study’s results demonstrated that age moderates job demands in the re-
lationship between resistance to AI-supported healthcare technologies and AI adoption
behavioral intentions, indicating that older healthcare professionals may find it more chal-
lenging to adapt to new technologies. Therefore, managers should develop tailored support
systems for healthcare professionals of different age groups. For example, customized train-
ing for older healthcare professionals can help them adapt to AI technologies and reduce
resistance to adoption. In addition, increasing employee engagement is crucial for reducing
resistance to AI-supported healthcare technologies. This study empirically demonstrates
that engagement mediates the relationship between job resources, job demands, resistance
to AI-supported healthcare technologies, and AI adoption behavioral intentions. Senior
managers can apply the two-factor theory to enhance healthcare professionals’ satisfaction
and, in turn, increase their engagement.

Healthcare institutions can reduce resistance to AI healthcare technologies by strate-
gically increasing job resources (e.g., AI training, leadership support, and workflow in-
tegration) and balancing job demands (e.g., cognitive workload and emotional stress).
For example, when introducing an AI-powered radiology system, medical professionals
resisted its adoption due to concerns about job displacement and increased workload.

To address this, the institution provided specialized AI training, assurances from
hospital leadership, and seamless integration of AI with electronic health records (EHRs).
Additionally, radiology assistants were assigned to verify AI-generated reports, reducing
the workload for radiologists. By implementing these strategies, healthcare institutions can
mitigate resistance and foster greater acceptance of AI technologies in clinical practice.

(ii) Research Limitations and Directions for Future Research

Although this study offers valuable insights into healthcare professionals’ resistance
to AI-supported healthcare technologies and makes significant contributions to existing
literature on this topic, there still exist some limitations. First, this study was conducted
solely in Taiwan, which may limit the generalizability of the results to other regions. Similar
studies could be conducted in other developing regions to gain a deeper understanding of
the factors that may reduce healthcare professionals’ resistance to AI-supported healthcare
technologies. Second, this study only considered the moderating effect of a single variable:
age. This is despite past research suggesting that more demographic variables should be
included in studies of IRT. Therefore, future research could incorporate additional demo-
graphic variables to better understand their different effects. Although this study uses the
SOR framework as its theoretical basis, it still cannot avoid the problem of endogeneity.
Therefore, it is recommended that future research can include an instrumental variable
approach that may address such potential endogeneity in the relationship. This study,
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despite its limitations, offers valuable theoretical and practical insights for healthcare pro-
fessionals, technologists, and software vendors and acts as a guide for the implementation
of AI technologies in the healthcare industry.
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Appendix A

Table A1. Variable description.

Variable Label Definition Source

Independent variable AI-supported healthcare
technologies

Refers to the creation of new knowledge, tools, and ideas
using human-like intelligence (e.g., artificial intelligence,
including machine learning, deep learning, neural networks,
and reinforcement learning) that is programmed to think like
humans and imitate their behavior.

Du Plessis, M. (2007) [88]

Dependent variable AI adoption behavioral
intention

Behavioral intention refers to an individual’s readiness to
adopt AI technology based on perceived benefits, feasibility,
and motivation

Huang, Y.C. (2023) [89]

Mediator variable job demands

Job resources refer to job related attributes that positively
influence an employee’s work achievement, physical and
psychological well-being, and learning and growth; personal
resources refer to an individual’s sense of his or her ability to
successfully control and impact circumstances.

Hobfoll, 2001 [90]

job resources
Job demands refer to job-related characteristics that require
significant physical and psychological investment and if
overwhelming, hinder performance outcomes.

Hakanen & Roodt, 2010 [51]

employee engagement Personal engagement, satisfaction, and enthusiasm for work Kang, J. et al. (2020) [91]
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