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Abstract

Objectives: This study used the Technology-Organization-Environment (TOE) framework to identify the factors involved in the
decisions made by integrated medical and healthcare organizations to adopt artificial intelligence (AI) elderly care service
resources.

Method: This study identified the Decision-making Trial and Evaluation Laboratory-Interpretive Structural Modeling
(DEMATEL-ISM) method was used to construct a multilayer recursive structural model and to analyze the interrelationships
between the levels. A MICMAC quadrant diagram was used for a cluster analysis.

Results: The ISM recursive structural model was divided into a total of seven layers. The bottom layer contained the four
factors of High risk of data leakage (T1), Lack of awareness of the value and benefits of AI healthcare technology (T5),
Lack of management leadership support (O1), and Government policies (E1). Having a low dependency but high driving
force, these factors are the root causes of adoption by healthcare organizations. The topmost layer contained the most direct
factors, which had a high dependency but the low driving force, influencing adoption: Competitive pressures (E2), Lack of
patient trust (E5), and Lack of excellent partnerships (E7). Healthcare organizations are more concerned with technology and
their environments when deciding to adopt intelligent healthcare resources.

Conclusion: The combination of the three methods of DEMATEL-ISM-MICMAC construction models provides new ideas for
smart healthcare services for hospitals. The DEMATEL method favors the construction dimension of the micro-model,
while the ISM method favors the construction dimension of the macro-model. Combining these two methods may reduce
the loss of information within the system, simplify the matrix calculation workload, and improve the efficiency of operations
while decomposing the complex problems into several sub-problems in a more comprehensive and detailed way.
Conducting cluster analysis of the adoption determinants utilizing MICMAC quadrant diagrams may provide strong methodo-
logical guidance and decision-making recommendations for government departments, senior decision-makers in healthcare
organizations, and policy-makers in associations in the senior care industry.
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Introduction
In 1956, the United Nations defined the aging stage of a
country or region as the time when the proportion of its
population aged more than 65 years of age has exceeded
7% of its total population.1 The 1982 Vienna World
Assembly on Aging determined that a country or region
was seriously aging if the proportion of people aged at
least 60 years has exceeded 10% of the total population.2

According to the results of China’s seventh census in
May 2021, this proportion was 264.02 million people,
which accounted for 18.70% of the total population. Of
the elderly population, 190.64 million people or 13.50%,
were aged 65 or above, indicating that the country’s popu-
lation was significantly aging. The first two baby booms
have led to a population with more than 260 million
elderly people and the formation of a consumption
plateau. As China’s aging population increases, the con-
sumer power of people more than 50 years old will boom
in the next 10–20 years and give rise to new industries, pro-
ducts, and services. The increasing number of solitary
elderly people has led to an urgent demand for specialized
elderly care services and an accompanying increase in the
market potential of the institutions, equipment, and pro-
ducts required to provide such services.

Most elderly care institutions are entirely devoted either
to medical or nursing care. Such a separation between these
functions has failed to satisfactorily meet the needs of the
elderly, who have formed rather poor impressions of such
institutions. The elderly in China has poor impressions of
the traditional elderly care institutions because of practices
such as being constantly kept indoors in small spaces and in
wheelchairs, as well as being abused by poorly trained care-
givers. Moreover, faulty systems and laws have resulted in
market transfers of the risks of the elderly’s survival onto
the mandators of the institutions, thus strengthening the
public’s poor perceptions. The disabled elderly, who
make up most of the elderly population, are excluded
from these institutions. The government’s lagging
responses to the increased demand for elderly care
resources have led to the blind expansion of medical
resources and institutions by investing heavily in medical
facilities and directing the public to concentrate on
medical institutions, resulting in excessive financial
burdens on the government and strains on medical
resources while many beds in the elderly care institutions
are vacant. The quality of life and care of the elderly has
not significantly improved. In addition, the high prevalence
of chronic diseases among the elderly and the fact that
China is “aging before it gets rich” has also created tremen-
dous social pressures. Therefore, exploring the cooperation
between medical and elderly care institutions, as well as the
establishment of the former within the latter, has become
the focus of current efforts to solve the abovementioned
problems.

Artificial intelligence healthcare service resources is
considered to be the most promising type of intelligent
healthcare service model at present and even in the future.
The service model takes the hospital as the main body
and connects multiple stakeholders such as patients, health-
care workers, pharmaceutical companies, and medical
insurance institutions through information technology
such as the Internet of Things and 5G communication tech-
nology, integrating upstream and downstream resources
such as equipment, medical consumables, and pharmaceut-
ical supplies in the hospital to provide various types of deci-
sion support services for doctors and patients.

The artificial intelligence healthcare service resources
model being developed in China is mainly based on the
smart hospital model, which is based on the construction
of an electronic health record for the whole life cycle of
the patient as the core, covering a series of whole-process
closed-loop intelligent medical services such as consult-
ation, triage, diagnosis, treatment, prevention and rehabili-
tation, etc., and incorporating big data analysis
capabilities and artificial intelligence technology in every
step of the service process. The model relies on resource
integration and data service derivation to continuously
enhance the service capability of hospitals and doctors. In
contrast, in addition to the artificial intelligence healthcare
service resources type for medical institutions, there is
also a patient-oriented AI healthcare service resources
model centered on patient services, with a resource
integration-type platform as the main form of it is a
one-stop health consultation and health management plat-
form that connects the market flows between consultation
services, drug distribution and medical and health insur-
ance. The doctor-oriented AI healthcare service resources
model is generally based on the hospital’s own information
system and is based on the technological integration of
doctor resources.

The artificial intelligence healthcare service resources
model for medical institutions is mainly policy-oriented,
with large medical institutions as the focus, and is a key
investment and development model in China. In general,
the construction of this type of intelligent healthcare
service depends on a large amount of human, material
and financial resources, and most hospitals lack the neces-
sary resources to build this type of intelligent healthcare
service, so the overall market adoption rate is not high.
Examples include Vocera Digital Health Services and
WellDoc Internet Hospital, which focuses on chronic
disease management.

China’s medical institutions are in their initial stage
and a spatial mismatch exists between the facilities of
many medical institutions and the distribution of the
elderly population. The lack of innovation in elderly
care products, as well as the lack of quality products,
has created a serious imbalance between supply and
demand. Since 2015, the government has issued a few
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guidelines to promote the integration of intelligent
medical and healthcare services to meet the diversified
needs of the elderly groups while protecting their rights
and interests. Moving away from a traditional elderly
care service model to an intelligent integrated healthcare
service model would help to match supply with demand
more precisely and mobilize existing resources to
improve the quality of life for the elderly. The transform-
ation and upgrading of the traditional model to an innova-
tive model of integrated intelligent medical and
healthcare services are necessary for the rapid develop-
ment of an intelligent and information-based society and
for coping with an aging population. The combination
of intelligent medical and elderly care models requires a
medical insurance system with information sharing via
the Internet to integrate high-quality resources, improve
service efficiency and quality, produce more economic
benefits, and expand the coverage of basic medical care.

The application of AI can help medical institutions to
realize intelligent medical systems as soon as possible and
formulate intelligent healthcare, such as hierarchical
medical and healthcare, as well as digital rehabilitation
treatments. Most of the current explorations in this field
have focused on medical systems such as Mobile Nursing
Information System (MNIS), Picture Archiving and
Communication System (PACS), Clinical Information
System (CIS), and Hospital Information System (HIS),
whereas only a few scholars have paid attention to the adop-
tion of intelligent healthcare and services. This study aimed
to help overcome the barriers between elderly care busi-
nesses and other industries in order to realize the

multilateral integration of medical and healthcare services
that apply AI.

Any adoption of AI should include considerations of the
hierarchies in medical institutions for the adoption of
healthcare service resources. In 1990, Tornatzky et al.3 pro-
posed the Technology-Organization-Environment (TOE)
framework for organizational-level decision-making adop-
tion and explained three types of factors: technological,
organizational, and environmental. Displayed in Figure 1,
the basic TOE framework has been widely applied in
both developed and developing countries to explain the
development of innovative capabilities in many industries,
such as manufacturing,4 e-commerce,5–9 healthcare,10–14

and HIS adoption.10–12,14–17,7–9 According to this frame-
work, healthcare organizations that adopt and implement
AI technology innovations are influenced not only by the
three relevant variables, but also by factors such as hospital
sizes and financial costs.10,18,13,15 Technological factors
include internal and external technologies, such as hospital
information and data risks, electronic medical records, and
medical source risks.10–12,14–16 The environmental factors
include industrial competition, differences between urban
and rural areas, and ownership attribution.13,19,16

The TOE framework can function as a complete system
for the study of medical and healthcare issues but cannot be
used to investigate the strengths of the relationships among
the three influencing TOE factors, to distinguish between
direct to indirect factors, or to derive logical connections
between the influencing factors through stratification ana-
lysis. Therefore, this study applied the TOE framework to
investigate the factors influencing the adoption of intelli-
gent healthcare service resources in integrated healthcare
institutions, used the Decision-making Trial and
Evaluation Laboratory (DEMATEL) method to analyze
the strengths of the interrelationships between the factors,
and employed Interpretive Structural Modeling (ISM) to
stratify the factors from bottom to top and from shallow
to deep in order to derive the logical linkages between the
factors and construct the models for adoption by intelligent
healthcare institutions.

This study addressed the following questions: (1) What
are the most important factors that influence the adoption
of AI resources for wellness services in integrated health-
care organizations? (2) What are the logical connections
and the different strengths of the interrelationships among
the technological, organizational, and environmental
factors in the TOE framework? (3) How to explain the
logical sequences between the factors? This study aimed
to apply the perspective of the TOE framework in order
to establish that institutions with the integration of intelli-
gent medical and healthcare services are the parties in
cooperation agreements that have priority in the choice of
personnel, materials, and information. The internal operat-
ing mechanism for decision-making on adopting AI health-
care service resources in technological, organizational, and

Figure 1. Basic Technology-Organization-Environment (TOE)
framework.
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environmental factors reveals the internal logical relation-
ships in the decision-making process of the organizational
behavior of medical institutions in the context of the inte-
gration of intelligent medical and healthcare services.
This study can provide a solid, practical basis for coordin-
ating the interests between hospitals and elderly care insti-
tutions, as well as fully utilizing resources, providing
practical guidance to the providers of AI healthcare
service resources, the management departments in hospi-
tals, cooperation departments in elderly care institutions,
and governmental departments for elderly-care policies.
In this way, the added value and popularity of medical insti-
tutions will be improved, thereby encouraging elderly care
institutions to improve their nursing, promoting the recog-
nition of AI medical services by medical institutions and
elderly care institutions, encouraging more elderly patients
to go to medical institutions with integrated medical and
healthcare services to seek medical advice, and providing
a solid foundation for the government’s promotion of
healthcare services through medical services.

This paper demonstrates the following six steps of
the study. In the first step, the author summarized the research
on hospital adoption of smart healthcare services, and sum-
marized the determinants for scholars to identify the
hospital adoption of smart healthcare services under the
Technology-Organization-Environment (TOE) Framework.
In the second step, by sorting the a forementioned determi-
nants, the author screened the most frequently mentioned
determinants by scholars under the TOE framework as vari-
ables of the questionnaires for the authoritative experts in
the AI healthcare field to conduct pre-tests. Twenty determi-
nants most closely related to the adoption of AI healthcare
services in hospitals were screened. In the third step, the influ-
encing determinants were screened according to the pre-test
results of questionnaires administered to 10 experts and 20
influencing factors were identified according to the TOE
framework. Then, the formal questionnaire was administered
to the experts, who scored the 20 factors from 0 to 4 to form
the direct influence matrix, and the macro-level analysis of the
influencing factors of the adoption of regimen services was
conducted by the DEMATEL method to analyze the
degrees of influence, being influenced, and centrality. In the
fourth step, the recursive structural model was established
by the ISMmethod to intuitively explain the hierarchical rela-
tionships and directionality of the influencing factors, which
are the root of the structure. In the fifth step, the MICMAC
graphical method was used to cluster and summarize the
factors in order to explain the deeper substance of the struc-
ture. In the sixth step, based on the a forementioned research
findings, the author proposed relevant countermeasures and
suggestions according to the development status of smart
medical services to promote the development and prolifer-
ation of smart medical regimen services from the dimension
of government, regimen institution managers and associations
in the senior care industry.

Factors influencing adoption of AI healthcare
resources
The adoption of intelligent healthcare service resources in
medical and healthcare institutions is a multi-attribute,
multi-factor decision-making process that is influenced by
variables at different levels. First, the construction of
medical IT is a long process and China’s medical institu-
tions are still in the initial stages of their establishment.
Each stage should be woven into a larger network to effect-
ively implement health and medical care systems, as well as
to solve the core medical problems. Second, medical
workers go through years of professional training before
facing patients. Medical industrial scenarios combined
with AI are variable and complex while medical profes-
sionals face lengthy and complicated medical information
every day, resulting in duplication of work, low efficiency,
and constant prominent conflicts between doctors and their
patients.

Intelligent medical service resources have industry char-
acteristics, such as strong specialization, high precision, and
high risk, that require hospitals to provide large number of
intelligent, professional, and technological engineers to
assist medical workers. Also, intelligent medical and
healthcare services must go through years of clinical trials
and strict evidence-based processes,20 government agencies
lack the human and material resources to regulate intelligent
medical service resources,21 and legal departments have not
introduced strict regulations and policies for intelligent
medical services,10 thus causing most hospitals to worry
about the generation of medical risks, intensifying
doctor–patient conflicts, and strengthening resistance to
the adoption of AI into healthcare service resources. Few
studies have been conducted on the adoption of AI into
medical and health services. We examined the literature
on the factors influencing the adoption of intelligent health-
care services by medical institutions and the characteristics
of AI, then summarized our findings in Table 1, which
names the scholars who have applied the TOE framework
to investigate the adoption of combined Healthcare + AI
+ Healthcare resources + Health Regimens. Social
surveys, questionnaires, and group interviews are the
main data sources while factor, multiple regression,
cluster, and survival analyses are the main research
methods.

For more detailed classifications of the above influencing
factors in the TOE framework and the frequencies of their
occurrences, Table 2 shows the statistics of the factors in
the Technological, Organizational, and Environmental
Dimensions. The Technological Dimension contains 11
factors (frequency of occurrence in parentheses): High risk
of data leakage (12), System service complexity (9),
Skeptical of AI processing capabilities (8), Perceived useful-
ness of intelligent systems (7), AI infrastructure synergy (6),
Lack of awareness of value and benefits of AI healthcare
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technology (6), System integration (5), IT infrastructure (4),
Perceived ease of use of AI (3), Medically derived risks (3),
and Lack of ability to read structured medical data (2).

The Organizational Dimension contains 10 factors (fre-
quency of occurrence in parentheses): Lack of management
leadership support (14), Hospital size (13), Financial costs
(11), Lack of excellent supplier support (8), Relative advan-
tages (7), Economic benefits (4), Training support (4),
Inability to share information (4), Lack of complex talent
(4), and Medical insurance payments (2).

The Environmental Dimension contains 11 factors (fre-
quency of occurrence in parentheses): Government policies
(10), Competitive pressures (10), Unclear ownership of
hospitals (4), Lack of patient trust (4), Inaccurate forecast-
ing of market trends (4), Lack of qualified teamwork
skills (4), Geographic restrictions (3), Lack of excellent
partnerships (3), Difficulty meeting the complex needs of
elderly patients (2), Hospital size (2), and Community
needs (2).

To ensure a rigorous model by pre-testing the influen-
cing factors, this study invited ten experts who have
worked in medical and health care institutions in Hefei,
Anhui Province. Some have worked at large tertiary hospi-
tals, while others have been directors of geriatric depart-
ments and have been engaged in medical care, nursing,
rehabilitation, and healthcare for the elderly for more than
15 years, so they have an excellent grasp of the needs of
the elderly. Some have also been managers in hospital man-
agement and have been specifically responsible for hospital
development and information construction. They have been

in contact with the AI medical service industry and have
in-depth thoughts on Artificial Intelligence +Health
Regimen. Their responses are summarized in Table 3.
Those who have been imaging doctors usually have had
the earliest and most frequent contact with AI medical ser-
vices because they have worked closely with medical tech-
nology, so they have witnessed the development of the
intelligent medical service industry, as well as have had
more experience in operating intelligent equipment and
using intelligent medical services.

Another panel of experts were managers of large combi-
nations of medical and healthcare institutions, of which the
common feature was close cooperation with hospitals. With
the help of social ties, these institutions have signed market
contracts or co-build agreements with hospitals to establish
integrated medical and healthcare services in order to make
reasonable use of each other’s resources, as well as opti-
mize the allocation of capital. The experts in this type of
elderly care institution have always been coordinated with
hospitals. Their philosophies of elderly care and attitudes
toward intelligent medical services have been similar to
those of the hospital experts. Thus, both the experts from
hospitals and nursing homes have been closely integrated
and have had many years of contact experience with the
AI medical industry, so they were better able to make accur-
ate assessments for this questionnaire.

The 10 experts were asked to tick the importance of the 32
factors and, as a sign of respect for the experts completing the
questionnaire, each expert who did so received a USB stick as
a gift. The 7-point Likert Scale was used to assign values from

Table 3. Details of experts.

Name of
expert Medical and health facility Department

Length of
service

Familiarity with intelligent
health services

Dean Ning Tertiary care hospital Senior hospital leadership >30 years Very familiar

Dean Ni Tertiary care hospital Chief of Geriatrics 25 years Familiar

Chief Zhang Tertiary care hospital Chief of Geriatrics 28 years More familiar

Chief Gao Tertiary care hospital Director of Medical Imaging >30 years Very familiar

Dean Wang Tertiary care hospital Senior hospital leadership >30 years Very familiar

Chief Ding Tertiary care hospital Director of Geriatric Cardiovascular
Medicine

>25 years Very familiar

Dean Zhao Secondary general hospital Nursing Home Director >30 years Very familiar

Dean Sun Secondary general hospital Nursing Home Director 26 years Familiar

Dean Zhang Secondary general hospital Nursing Home Director 30 years More familiar

Dean Shi Secondary general hospital Head of Finance Department 20 years Familiar
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1 to 7 on a scale ranging from unimportant to very important.
The 7-point Likert Scale consisted of “strongly disagree,”
“rather disagree,” “disagree,” “average,” “rather agree,”
“agree,” and “strongly agree” on a scale of 1 to 7 respectively.

Next, the results of the 10 questionnaires collected
were entered into excel software and the scores for
each factor were added up and divided by 10 to obtain
the average score for that factor. As the average score
on a scale of 1-7 is 4, the average score after expert
scoring in this paper was greater than 4 as the final
factor selected for this paper, while factors below 4
were eliminated.

In accordance with the results of these ten experts’
pre-tests, a total of 20 influencing factors most closely
related to the adoption of intelligent health service resources
in medical and healthcare institutions were screened out.
Table 4 explains these factors in more detail.

The results of the pre-testing by the abovementioned ten
experts revealed the important factors influencing the adop-
tion of AI medical service resources by medical and health-
care institutions under the combined medical and health
care model, but many studies have not substantially
explored the interrelationships between the influencing
factors and their intensity, to which our study has applied
the TOE framework and DEMATEL method for further
analysis.

Methodology

DEMATEL-ISM method

At the Geneva Conference in 1971, Gabus and Fontela,
scholars from the Battelle Laboratory in the United State,
proposed the DEMATEL method as a type of system ana-
lysis for solving complex problems by graph theory and
matrix tools using directed graphs with weights.44 The
logical relationships between the factors in a system are
used to formulate a direct influence matrix for calculating
the degree of the influence of each factor and its degree
of being influenced in order to calculate each factor’s
degrees of centrality and causality, which are used to
judge the connections between the factors, as well as to
evaluate their strengths and weaknesses. This method is
effective, especially for systems in which the relationships
between the elements are uncertain. Its six main steps are
as follows.

1. Determine the system’s influencing factors, which are
designated by S1, S2–Sn.

2. Investigate and summarize the problem, determine the
logical interrelationships between the influencing
factors, and establish the direct influence matrix X
(X = [xij]m×m) by using a Likert five-point scale to indi-
cate the degree of the direct influence of factor i on

factor j: no (0), very weak (1), weak (2), strong (3),
and very strong (4) influence.

3. The normalization directly affects matrix G. The rows
of X are summed and the summed values are set to
maximum thus:

G = 1
max

∑n
j=1 Aij

X, (i = 1, 2, . . . , n)

Table 4. Factors influencing adoption of intelligent health services
by healthcare providers according to TOE framework and results of
experts’ pre-tests.

Dimensions Factors Coding

Technological High risk of data leakage T1

System service complexity T2

AI infrastructure synergy T3

Skeptical of AI processing capabilities T4

Lack of awareness of value and
benefits of AI healthcare
technology

T5

Medically derived risks T6

Lack of ability to read structured
medical data

T7

Organizational Lack of management leadership
support

O1

Hospital size O2

Financial costs O3

Lack of excellent supplier support O4

Inability to share information O5

Lack of complex talent O6

Environmental Government policies E1

Competitive pressures E2

Geographical restrictions E3

Unclear ownership of hospitals E4

Lack of patient trust E5

Difficult to meet complex needs of
elderly patients

E6

Lack of excellent partnerships E7
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4. Calculate the comprehensive influence matrix
T = G(I − G)−1, where I is the unitary array.

5. Calculate the degrees of influence and being influenced
for each factor by summing the elements of matrix T by
row and column, respectively:

Influencingdegree :Ei =
∑n
i=1

Aij, (i = 1, 2, . . . , n)

Influenceddegree : Fi =
∑n
i=1

Aji, (i = 1, 2, . . . , n)

6. Calculate the degrees of the centrality and causality of
each factor by adding its influence and influenced
degrees together to obtain the former, but subtracting
the influenced from the influence degree to obtain the
latter:

Centrality :Mi = Ei + Fi, (i = 1, 2, . . . , n)
Causality :Ni = Ei − Fi, (i = 1, 2, . . . , n)

Proposed by Warfield45 in 1974, ISM is a widely used ana-
lytical method in modern systems engineering and manage-
ment science. The method is divided into the following
steps:

Step 1: Identify the main factors of the problem and deter-
mine the direct influences of the interrelationships between
adjacent elements by means of a box plot.
Step 2: Identify the transferability of logical relationships
such as cause and effect to create Boolean (reachable)
matrices that reflect these relationships.
Step 3: Construct a reduced matrix of reachable matrices by
considering possible strong linkages between elements and
retaining only the representative elements.
Step 4: Conduct a hierarchical treatment of the reduction
matrix.
Step 5: Draw multilevel, recursive, and directed graphs.
Step 6: Formulate the model after direct conversion.

The DEMATELmethod combined with ISM has developed
rapidly in the past 5 years, mainly because scholars have
found that each method could compensate for the other’s
shortcomings in the following ways. First, the
DEMATEL method is a micro-level, so it can explain
more intuitively the strengths of the interrelationships
between direct and indirect influences to provide a clearer
indication of the importance of each factor in the system.
Second, the ISM method is a macro-level, so it focuses
on explaining the hierarchical relationships of each influen-
cing factor, constructing diagrams of these relationships,
analyzing the interrelationships between each hierarchical
relationship, and dividing a complex problem into sub-
problems. Third, the combined DEMATEL-ISM method,
as shown in Figure 2, simplifies the computational steps

while verifying the stability of the influencing factors.
Other scholars usually cite thresholds, which are usually
empirical values, to reduce the workload of the matrix com-
putation.46–49 The introduction of such thresholds may bias
the structural model, so this study used expert opinion for
scoring as the data source.

DEMATEL procedure

Step 1: The influencing factors are scored (from 0 for no
influence to 4 for very strong influence) by distributing a
questionnaire to 10 experts. The arithmetic mean of each
value is calculated according to the following operational
rules to establish the direct influence matrix, as shown in
Table 5:

∂ij =

0, 0 ≤ ∂ < 0.5
1, 0.5 ≤ ∂ < 1.5
2, 1.5 ≤ ∂ < 2.5
3, 2.5 ≤ ∂ < 3.5
4, 3.5 ≤ ∂ < 4

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

Step 2: The direct influence matrix is normalized by the
rows being summed and each element is divided by the
maximum value to derive Table 6.

Step 3: The results of Table 6 are entered into MyMatrix
software to derive the integrated influence matrix shown in
Table 7.

Step 4: The degrees of influence, being influenced, cen-
trality, and causality of each factor are calculated to form a
comprehensive influence relationship table, as shown in
Table 8, which displays the calculations of the adoption
of AI services by medical and healthcare institutions. The
centrality degree represents the total relationship between
each element and the others, with higher values indicating
closer relationships. A causality degree greater than 0
means that the element is a causal factor, which has
strong influences on the other elements, but itself is rarely
influenced by other factors, whereas a degree less than 0
is known as an outcome factor, which means that the
element is strongly influenced. A higher centrality
ranking indicates a higher intensity of the influence on the
factors affecting the adoption of AI medical services.

Analysis of the intensity of influencing factors
1. Centrality ranking analysis: according to Table 8, the top

centrality rankings are: Inability to share information
(O5), Difficult to meet the complex needs of elderly
patients (E6), Lack of support from excellent providers
(O4), Hospital size (O2), Geographical restrictions
(E3), and Skeptical of AI processing capabilities (T4).
Hence, these five factors are highly correlated with the
other factors. The largest centrality score belongs to
Inability to share information (O5), indicating that O5
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Figure 2. Decision-making Trial and Evaluation Laboratory-Interpretive Structural Modeling (DEMATEL-ISM) flowchart.
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plays the most significant role in the overall structural
system and is most closely related to other factors.

2. Causality degree analysis: The higher the degree, the
higher is the intensity of the influence exerted by the

factor on the other factors, but the weaker is the inten-

sity of being influenced by them. In Table 8, the

highest score belongs to Lack of ability to read struc-

tured medical data (T7), indicating that this factor

exerts a strong influence on other factors but is less

influenced by them.
3. Influencing degree analysis: higher values indicate that

a factor has stronger influences on the other factors. In

Table 8, the strongest influence is that of

Geographical restrictions (E3), followed by Lack of
complex talent (O6), so these factors cannot be ignored.

4. Influenced degree analysis: higher values indicate
that a factor is more strongly influenced by other
factors.

Based on Table 8, the DEMATEL cause-effect diagram of the
adoption factors of intelligent healthcare service resources in
medical institutions is shown in Figure 3, which more effect-
ively distinguishes the cause and effect factors. The centrality
and causality degrees are represented by the X and Y axes,
respectively. The influencing factors with degrees greater
than 0 are the causal factors and directly affect the adoption
of AI medical services by healthcare institutions, whereas

Table 5. Direct influence matrix.

T1 T2 T3 T4 T5 T6 T7 O1 O2 O3 O4 O5 O6 E1 E2 E3 E4 E5 E6 E7

T1 0.0 3.7 1.5 3.5 0.8 3.9 0.4 0.0 0.0 4.0 0.0 3.4 0.0 3.6 0.4 0.0 0.0 4.0 1.4 0.0

T2 1.2 0.0 1.7 3.6 4.0 3.6 0.7 0.0 0.0 3.9 3.6 3.5 0.0 0.1 0.7 0.0 0.0 3.6 3.6 0.8

T3 0.0 0.4 0.0 3.3 0.7 3.5 0.1 0.0 3.7 3.7 3.2 3.7 0.0 3.6 3.0 0.0 0.0 3.4 3.7 0.5

T4 0.0 0.4 0.0 0.0 3.6 3.3 0.2 0.0 0.0 3.6 0.0 3.5 0.0 0.1 0.6 3.5 3.6 4.0 3.8 0.0

T5 3.4 0.0 0.0 3.6 0.0 3.6 0.1 0.0 3.3 3.7 0.2 3.5 0.0 3.4 0.4 0.0 0.6 3.7 3.5 0.6

T6 0.7 0.0 0.0 3.8 0.0 0.0 0.6 0.0 0.0 1.7 0.3 3.4 0.0 3.6 0.6 1.3 3.7 3.6 3.6 0.0

T7 0.8 0.0 0.0 3.4 3.5 3.8 0.0 0.0 3.7 3.8 0.1 3.5 0.4 0.4 0.3 1.5 0.6 3.8 3.9 3.0

O1 0.0 0.0 0.0 0.0 0.0 0.5 0.0 0.0 3.3 0.5 3.7 1.5 0.0 0.3 0.0 3.6 3.5 0.8 0.0 3.6

O2 0.6 1.7 0.0 0.0 0.0 0.4 0.0 0.0 0.0 3.6 0.4 4.0 3.2 0.4 3.9 2.4 3.6 0.0 3.7 3.4

O3 0.0 0.0 0.0 0.0 0.0 0.0 0.6 3.5 2.8 0.0 3.8 0.2 3.4 0.3 0.7 2.6 3.3 0.0 2.6 3.3

O4 0.4 3.8 0.0 0.6 0.0 1.4 0.5 0.0 2.5 0.0 0.0 4.0 3.6 0.8 3.4 0.0 4.0 3.7 3.7 3.6

O5 0.0 3.5 3.4 1.7 2.4 2.5 0.4 3.5 2.3 0.0 3.6 0.0 0.0 0.1 3.5 0.0 0.4 4.0 3.6 3.1

O6 1.5 1.4 3.4 1.4 3.7 3.6 3.6 0.4 2.7 0.0 3.5 3.5 0.0 0.6 3.7 0.0 0.4 0.6 3.5 2.5

E1 0.5 0.0 3.6 0.4 0.0 0.0 0.0 3.5 3.6 3.5 0.6 3.5 0.0 0.0 3.4 3.9 1.7 0.7 0.7 3.9

E2 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 0.4 0.0 0.6 3.5 0.0 0.5 0.0 1.7 0.7 0.0 0.3 1.7

E3 0.0 0.4 3.4 1.8 2.5 3.1 0.0 2.6 3.6 3.4 3.4 3.5 3.5 2.6 0.0 0.0 2.9 0.0 3.6 3.7

E4 0.0 0.0 3.6 0.0 0.0 3.1 0.0 4.0 0.0 3.1 0.0 3.7 0.0 0.0 0.4 0.0 0.0 3.6 4.0 3.7

E5 0.0 0.4 0.0 3.5 3.6 0.7 0.0 0.0 0.0 0.9 0.0 3.4 0.0 0.0 0.0 0.0 0.0 0.0 2.3 0.0

E6 0.8 0.0 0.0 3.7 0.0 0.5 0.0 0.5 3.4 0.0 3.5 0.0 0.0 0.0 0.0 0.0 0.0 3.4 0.0 0.5

E7 0.4 0.0 0.5 0.3 0.0 3.4 0.6 0.7 3.5 0.0 3.7 3.5 3.6 0.0 0.0 0.0 0.0 3.5 3.5 0.0
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those with degrees less than 0 are the effect factors, which are
influenced by the causal factors and indirectly affect the adop-
tion. The higher the centrality of a factor, the higher is the
ranking of the factor and the stronger is its correlation with
the other factors.
Causality factors: High risk of data leakage (T1), System
service complexity (T2), AI infrastructure synergy (T3),
Lack of awareness of the value and benefits of AI healthcare
technology (T5), Lack of ability to read structured medical
data (T7), Lack of management leadership support (O1),
Lack of excellent supplier support (O4), Lack of complex
talent (O6), Government policies (E1), and Geographical
restrictions (E3).

Outcome factors: Skeptical of AI processing capabilities
(T4), Medically derived risks (T6), Hospital size (O2),
Financial costs (O3), Inability to share information (O5),
Competitive pressures (E2), Unclear ownership of hospitals
(E4), Lack of patient trust (E5), Difficult to meet the
complex needs of elderly patients (E6), and Lack of excel-
lent partnerships (E7).

ISM procedure
Step 1: The self-interaction matrix shown in Table 9 has
been constructed from the experts’ opinions according to
the following rules:

Table 8. Analysis of Decision-making Trial and Evaluation Laboratory’s (DEMATEL’s) results for adoption of intelligent health service
resources.

Influencing degree A Influenced degree B Centrality degree M Causality degree U Centrality ranking

T1 1.97123 0.63079 2.6020 1.3404 19

T2 2.19213 1.10920 3.3013 1.0829 16

T3 2.25859 1.30404 3.5626 0.9545 14

T4 1.91948 2.28112 4.2006 −0.3616 6

T5 2.10412 1.55130 3.6554 0.5528 13

T6 1.69308 2.44650 4.1396 −0.7534 8

T7 2.31205 0.47613 2.7882 1.8359 18

O1 1.49990 1.32943 2.8293 0.1705 17

O2 2.01764 2.47766 4.4953 −0.4600 4

O3 1.82454 2.22496 4.0495 −0.4004 10

O4 2.23677 2.34157 4.5783 −0.1048 3

O5 2.30303 3.63517 5.9382 −1.3321 1

O6 2.58780 1.25006 3.8379 1.3377 11

E1 2.20288 1.16362 3.3665 1.0393 15

E2 0.72753 1.70033 2.4279 −0.9728 20

E3 2.94718 1.28010 4.2273 1.6671 5

E4 1.75519 1.96810 3.7233 −0.2129 12

E5 0.97737 3.10399 4.0814 −2.1266 9

E6 1.03340 3.63529 4.6687 −2.6019 2

E7 1.76453 2.41908 4.1836 −0.6545 7
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P: variable i favors the influence variable j.
Q: variable j favors the influence variable i.
R: variables i and j interact directly with each other.
V: variables i and j do not affect each other.

Step 2: The self-interaction matrix is converted by the fol-
lowing rules into binary format to derive the adjacency
matrix shown in Table 10: P=1, Q=0, R=1, and V=1.

Step 3: The initial reachable matrix of the system is derived
by matrix operations by the use of MyMatrix software
according to the following conversion rule: (A+ I)n =
(A+ I)n+1, where I is the unit matrix.

Step 4: The reachable matrix is decomposed into the reachable
set R(Si), antecedent set Q(Si), and collective set
R(Si) ∪ Q(Si). Table 11 shows the reachable matrix decom-
position table. R(Si) is the set of column elements correspond-
ing to the matrix elements containing 1 in the rows
corresponding to element Si in the reachable matrix. Q(Si) is
the set of row elements corresponding to the matrix elements
containing 1 in the columns corresponding to element Si in the
reachable matrix.

Step 5: Hierarchical classification of the reachable matrix is
done by extracting the hierarchy according to the condition
R(Si) ∪ Q(Si) = R(Si). For example, 15 (E2), 18 (E5), and
20 (E7) in Table 11 satisfy the condition, so these factors
are in the topmost layer of the system. The set of the
layer elements is: L1 = {15(E2), 18( E5), 20(E7)}. The

elements i = 15, 18, and 20 in Table 11 were extracted to
produce Table 12.

Table 12 shows that 4, 6, 10, 11, 12, and 19 satisfy the
condition and obtain the set L2 = {4(T4), 6(T6), 10(O3),
11(O4), 12(O5), 19(E6)}. The second layer was extracted
to produce Table 13.

Table 13 shows that 2 satisfies the condition and obtains
the set L3 = {2(T2)}. The third layer was extracted to
produce Table 14.

Table 14 shows that 3, 7, 9, 13, 16, and 17 satisfy the
condition and obtain the set L4 = {3(T3), 7(T7), 9(O2),
13(O6), 16(E3), 17(E4)}. The fourth layer was extracted
to produce Table 15.

Table 15 shows that 8 and 14 satisfy the condition and
obtain the set L5 = {8(O1), 14(E1)}. The fifth layer was
extracted to produce Table 16.

Table 16 shows that 1 satisfies the condition and obtains
the set L6 = {1(T1)}. The sixth layer was extracted to
produce Table 17.

The bottom element from Table 17 can be derived as
L7 = {5(T5)}.

Multilayer recursive structural analysis

According to the divisions of the intervals and layers in the
results of the reachable matrix decompositions in the previ-
ous section, a multilayer recursive structural model can be

Figure 3. DEMATEL cause-effect diagram of factors affecting adoption of AI medical service resources. DEMATEL: Decision-making Trial
and Evaluation Laboratory; AI: artificial intelligence.
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established, the 20 factors for the adoption of the AI
medical service resources can be divided into seven layers
from top to bottom, and the final multilayer recursive struc-
tural model can be represented as a directed graph, as
shown in Figure 4.

From Figure 4, the following conclusions are drawn:
(1) There are three influences at the top of the system:

competitive pressures (E2), lack of patient trust (E5), and
lack of excellent partnerships (E7). In China’s current
healthcare system, competitive pressures (E2) are embed-
ded in the following three models.

The current Chinese medical system has three main
models that combine medical and healthcare institutions
with elderly care: the departmental organizational,

contractual, and network models. However, the contract
model of combination of medical and health care requires
larger initial investments because the invested costs are
relatively high under the government’s attention and a high-
return model has not yet been formulated. The bureaucratic
model and the network model of integrated medical and
healthcare services require smaller amounts of capital, but
the quantities of services supplied by them are larger than
that by the contract model, which fails to provide the
expected efficiency. The adoption of AI medical services
has become the key to turning around the profitability of
healthcare institutions.

In addition to this, lack of patient trust (E5) is due to AI
medical services are widely used and can rival doctors’

Table 9. Structured self-interaction matrix.

E7 E6 E5 E4 E3 E2 E1 O6 O5 O4 O3 O2 O1 T7 T6 T5 T4 T3 T2 T1

T1 V V P V V V P V V V V V V V P Q V V V

T2 V V P V V V V V P V P V V Q P V V Q

T3 V V P Q V V V V V V V P V V V V V

T4 V V P V V V V V V V V V V V V Q

T5 V P P V V V V P P V V P V P P

T6 V V P V V V V Q V V V V V V

T7 V V V V V V V Q P V V P V

V1 P V V P V V R V V V V Q

V2 P V V P R V V P V P P

V3 V V V V V P V V V V

V4 P V V V V V V V V

V5 V V V Q V P V V

V6 V P V V V V V

E1 V V V P V V

E2 R V V V V

E3 V P V V

E4 V V V

E5 V Q

E6 V

E7
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diagnoses by being more accurate, especially for heart, skin,
and eye diseases.50,51 Even though AI has proven to have
low rates of misdiagnoses, patients still prefer to trust
their doctors’ diagnoses52,53 because they tend to believe
that AI lacks flexibility and standardization, so it would
be suitable only for treating patients with general illnesses.
Convincing people that AI could be applied to their unique
situations54 has proven difficult. The continued lack of trust
among elderly patients prevents the continued adoption of
AI healthcare services.

Lack of excellent partnerships (E7): the combinations of
medical and health care institutions are based on agree-
ments between hospitals and nursing institutions, with the
former taking the lead in providing medical resources and

technological guidance. The hospitals are usually domi-
nated by large secondary and tertiary institutions, whereas
most nursing institutions have been formed by insurance
and real estate companies, which require the rapid realiza-
tion of profits and do not uphold the philosophy of sustain-
able development as do public hospitals.

Competitive pressures (E2) have an impact on the lack of
excellent partnerships (E7), as services and products in the
healthcare sector are highly specialized and high risk, and
generally require rigorous long-term clinical trials before
they can be adopted and applied. However, existing intelli-
gent healthcare services themselves lack a rigorous
evidence-based process and interpretation, so there is a
high technological threshold for artificial intelligence

Table 10. Adjacency matrix.

T1 T2 T3 T4 T5 T6 T7 O1 O2 O3 O4 O5 O6 E1 E2 E3 E4 E5 E6 E7

T1 0 0 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 1 0 0

T2 0 0 0 0 0 1 0 0 0 1 0 1 0 0 0 0 0 1 0 1

T3 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0

T4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

T5 1 0 0 1 0 1 1 0 1 0 0 1 1 0 0 0 0 1 1 0

T6 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0

T7 0 1 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0 0

O1 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 1 0 0 0

O2 0 0 0 0 0 0 0 1 0 1 1 0 1 0 0 1 1 0 0 0

O3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0

O4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

O5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0

O6 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0

E1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0

E2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

E3 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1 0

E4 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0

E5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

E6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

E7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
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healthcare service resources. Competitive pressures are
forcing medical institutions to demand a high level of
partner teaching, especially for first-hand information data
obtained after long-term clinical trials, making excellent
partnerships a valuable strategic partner resource under
competitive pressure.

Furthermore, it is clear from Figure 4 directional
diagram that lacks of patient trust (E5) has a close and
direct relationship with the second tier of factors: skeptical
of AI processing capabilities (T4), medically derived risks
(T6), E6 factor of skeptical of AI processing capabilities
(T4), medically derived risks (T6), and difficult to meet

complex needs of elderly patients (E6) have a close and
direct influence. The high complexity of their own needs
can easily lead to a lack of patient trust due to older patients’
mistrust of AI processing capabilities and the emergence of
an increasing number of safety incidents caused by doctors’
mishandling. Competitive pressures (E2) is closely and dir-
ectly related to the second tier of influences financial costs
(O3), inability to share information (O5). The asymmetry of
information resources leads to the need for each medical
institution to use its own data system independently, thus
making research and development more difficult, and the
higher the cost of investment, the more urgent the desire

Table 11. Explanatory table of reachable matrix.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 4 5 excluded 1 1

2 T2 2 6 10 12 15 18 20 1 2 3 5 7 8 9 13 14 16 17 2

3 T3 1 4 5 8 14 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

4 T4 4 18 4 5 4

5 T5 8 14 excluded 5 5

6 T6 6 18 1 2 3 6–9 13 14 16 17 6

7 T7 2 3 6 7 9–13 15–20 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

8 O1 1 4 5 excluded 1 8 9 14 8 9 14

9 O2 1 4 5 excluded 3 5 7 8 9 13 14 16 17 3 7 8 9 13 14 16 17

10 O3 10 15 20 1 2 3 5 7–10 13 14 16 17 10

11 O4 11 1 3 5 7 8 9 11 13 14 16 17 11

12 O5 12 15 20 1 2 3 5 7 8 9 12 13 14 16 17 12

13 O6 1 4 5 14 excluded 1 3 5 7 8 9 13 14 16 17 3 7 8 9 13 16 17

14 E1 1 4 5 excluded 1 8 14 8 14

15 E2 15 20 1 2 3 5 7–10 12–17 20 15 20

16 E3 1 4 5 8 14 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

17 E4 1 4 5 8 14 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

18 E5 18 10–12 15 20 excluded 18

19 E6 18 19 1 3 5 7–9 13 14 16 17 19 19

20 E7 15 20 4 6 11 18 19 excluded 15 20

Yang et al. 25



of investors to quickly recoup their capital, thus increasing
the competitive pressure in the market. The lack of excel-
lent partnerships (E7) is directly influenced by the lack of
excellent supplier support (O4), which determines the
quality of AI healthcare service resources in medical insti-
tutions. Therefore, most medical institutions sign exclusive
partner agreements with excellent suppliers.

The top-level factors of the model are the most direct
factors influencing the resources for AI healthcare service
resources in healthcare organizations. Starting with these
three areas will enable the adoption of AI healthcare
service resources in healthcare organizations in the short
term and enable the smooth implementation of AI health-
care service resources in hospitals. These three factors inter-
act with each other at the top level and are the most easily
identifiable in the analysis. They are also central to the goal
of maintaining system balance and improving the system,
which is a clear indication of its importance.

(2) The influencing factors at the second tier are skeptical
of AI processing capabilities (T4), medically derived risks
(T6), financial costs (O3), lack of excellent supplier support
(O4), inability to share information (O5), difficulty to meet
complex needs of elderly patients (E6), these six factors
belong to the shallow level of influence and indirectly influ-
ence the adoption of AI healthcare service through the three
factors in the top level. The adoption of the resources factor
is also influenced by the next tier of factors.

Skeptical of AI capabilities: AI makes medical decisions
based on data jointly labeled by hospitals and companies
into a database, but the lack of industry standards results
in differences in the data submitted by different companies.
Thus, the data are skewed and do not represent real situa-
tions accurately.36 As medical intelligence companies use
algorithm automation, security, and confidentiality as a
pretext to achieve their own interests, they embed corporate
profitability and autonomous behaviors into rule-driven

Table 12. Matrix decomposition table with topmost layer extracted from Table 11.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 4 5 15 18 20 excluded 1 1

2 T2 2 6 10 12 1 2 3 5 7 8 9 13 14 16 17 2

3 T3 1 4 5 8 14 15 18 20 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

4 T4 4 4 5 4

5 T5 8 14 15 18 20 excluded 5 5

6 T6 6 1 2 3 6–9 13 14 16 17 6

7 T7 2 3 6 7 9–13 16 17 19 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

8 O1 1 4 5 15 18 20 excluded 1 8 9 14 8 9 14

9 O2 1 4 5 15 18 20 excluded 3 5 7 8 9 13 14 16 17 3 7 8 9 13 14 16 17

10 O3 10 1 2 3 5 7–10 13 14 16 17 10

11 O4 11 1 3 5 7 8 9 11 13 14 16 17 11

12 O5 12 1 2 3 5 7 8 9 12 13 14 16 17 12

13 O6 1 4 5 14 15 18 20 excluded 1 3 5 7 8 9 13 14 16 17 3 7 8 9 13 16 17

14 E1 1 4 5 15 18 20 excluded 1 8 14 8 14

16 E3 1 4 5 8 14 15 18 20 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

17 E4 1 4 5 8 14 15 18 20 excluded 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

19 E6 19 1 3 5 7–9 13 14 16 17 19 19
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algorithms, thus creating “algorithmic black boxes.”55 Such
algorithms are wrapped into intelligent healthcare services
through human manipulation and pass on the risks to

elderly patients, physicians, and hospitals, thus resulting
in lower logical interpretations, which must often be ques-
tioned by the hospitals.

Table 13. Matrix decomposition table after extraction of the second layer.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 1 2 3 7 8 9 13 14 16 17 1 1

2 T2 2 1 2 3 5 7 8 9 13 14 16 17 2

3 T3 2 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

5 T5 1 2 3 57 9 13 16 17 5 5

7 T7 2 3 6 7 9–13 16 17 19 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

8 O1 2 3 7 8 9 13 14 16 17 1 8 9 14 8 9 14

9 O2 2 3 7 8 9 13 14 16 17 3 5 7 8 9 13 14 16 17 3 7 8 9 13 14 16 17

13 O6 2 3 7 8 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 8 9 13 16 17

14 E1 2 3 7 8 9 13 14 16 17 1 8 14 8 14

16 E3 2 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

17 E4 2 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

Table 14. Matrix decomposition table after extraction of the third layer.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 1 3 7 8 9 13 14 16 17 1 1

3 T3 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

5 T5 1 3 5 7 9 13 16 17 5 5

7 T7 3 6 7 9–13 16 17 19 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

8 O1 3 7 8 9 13 14 16 17 1 8 9 14 8 9 14

9 O2 3 7 8 9 13 14 16 17 3 5 7 8 9 13 14 16 17 3 7 8 9 13 14 16 17

13 O6 3 7 8 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 8 9 13 16 17

14 E1 3 7 8 9 13 14 16 17 1 8 14 8 14

16 E3 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17

17 E4 3 7 9 13 16 17 1 3 5 7 8 9 13 14 16 17 3 7 9 13 16 17
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Medically derived risks: this refers to the psychological
or physical risks and the side effects to elderly patients
caused by improper clinical practices and the misconduct
of staff in medical, nursing, rehabilitation, and healthcare
institutions.

Financial costs: this refers to the costs of the manpower,
resources, and IT needed to build AI medical service
resources for medical and healthcare institutions incorporat-
ing multiple intelligent platforms, such as 5G, cloud com-
puting, big data, and the Internet of Things. After
long-term rigorous clinical tests, the high costs of time
and finances invested by the government and hospitals are
important factors that the latter have to consider at the
organizational level.

Lack of excellent supplier support: this refers to profes-
sional AI companies or other non-medical intelligent com-
panies with practical experience in AI. These companies are
engaged in horizontal medical extensions while attempting
to transpose technological experiences from other industries
to medical and healthcare institutions. In the short term,

such suppliers can produce results quickly, but as patients,
doctors, and hospitals continue to emerge with strong
needs, the professional expertize of these suppliers cannot
meet the specific requirements of intelligent medical
services.

Inability to share information: this refers to the data
docking ports between hospitals and nursing homes.
These ports are not uniform and result in information not
being transmitted or shared according to uniform standards.
The variety of medical software poses another problem.
Working with software manufacturers to coordinate data
interface issues tends to have high costs, which are
another important factor preventing the sharing of AI
medical service resources.

Difficult to meet the complex needs of elderly patients:
China’s population will enter the stage of rapid aging by
2035, so the elderly will become a large group. Each
elderly patient has different rigid needs, so questions
abound on making AI medical services meet their social,
personalized, individualized, and specialized needs to
realize psychological comfort, spiritual satisfaction, and
social participation, as well as help them to avoid secondary
injuries and chronic diseases. Current AI medical services
are in a rough growth mode, which is helpful to elderly
patients with general diseases but not enough to meet
those with complex needs, which are an influencing factor
for the adoption of intelligent medical service resources.

Among them, system service complexity (T2), medic-
ally derived risks (T6), financial costs (O3), inability to
share information (O5), as smart healthcare service has
unique. Due to the unique advantages and complexity of
smart healthcare service, all data, people, and equipment
are linked together, which tests the system hardware and
the expertize of the technicians, inevitably resulting in
improper operation by doctors and medically derived
risks. Due to the complexity of the system, it costs a lot
of money to upgrade and maintain the system hardware,
and the security loopholes prevent information resources
from being shared in the short term, resulting in information
silos.

(3) The third and fourth layers are the deeper influencing
factors, mainly including system service complexity (T2),
geographical restrictions (E3), lack of ability to read struc-
tured medical data (T7), lack of complex talent (O6), hos-
pital size (O2), AI infrastructure synergy (T3), unclear
ownership of hospitals (E4), these seven factors are the
deep-seated factors that healthcare organizations will con-
sider when adopting AI recreation service resources, and
healthcare organization managers need to consider the
above specific factors when making adoption decisions.
These are the seven factors that will be considered in the
adoption of AI healthcare resources.

System service complexity: the complexity of intelligent
information systems positively affects healthcare adoption
decisions.25 For medical institutions, the adoption of such

Table 15. Matrix decomposition table after extraction of the fourth
layer.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 1 8 14 1 1

5 T5 1 5 5 5

8 O1 8 14 1 8 14 8 14

14 E1 8 14 1 8 14 8 14

Table 16. Matrix decomposition table after extracting the fifth layer.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

1 T1 1 1 1

5 T5 15 5 5

Table 17. Matrix decomposition table after extraction of the sixth
layer.

i Coding
Reachable set
R(Si)

Antecedent set
Q(Si)

Collective set
R(Si)∩Q(Si)

5 T5 5 5 5
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systems usually consists of large projects, of which some
examples are adoptions by the geriatric departments of
large foreign hospitals and well-known health institutions:
Vital Signs Monitoring System, MNIS, Health Level
7E-Signature, PACS, CIS, Radiology Information System
(RIS), HIS, Laboratory Information System (LIS), and
Radio Frequency Identification (RFID). Each system has
unique advantages and complexity. If some or all of them
are linked to other systems, then the capacity of a medical
institution’s cloud computing platform, as well as the abil-
ities of its professional and technological personnel, are a
significant test, so the complexity of the system services
is one of the important factors for hospitals to consider
when adopting intelligent medical service resources.

Geographical restrictions: China’s hierarchy of hospitals
is divided into three levels. The higher the city level, the
larger is the population carrying capacity. The correspond-
ing numbers of secondary and tertiary hospitals increase
with the population. The hospitals are also directly sup-
ported by the local governments and the central bank, so
they have considerable advantages over other medical insti-
tutions in terms of human resources, materials, and infor-
mation. The institutions with integrated medical care and
healthcare services are dominated by the secondary and ter-
tiary hospitals. These institutions have signed cooperation

contracts with large elderly care institutions nearby. For
example, the “Better Home, Better Life” Wellness Center
in Hefei, Anhui Province, signed a contract with the First
Affiliated Hospital of Anhui Medical University to establish
cooperative mechanisms such as green referrals, telemedi-
cine, and expert consultations. Because of geographical
constraints, the numbers of secondary and tertiary hospitals
are low and their management is relatively backward in
cities below the third level, which have low economic
and population capacities, so geographical constraints are
an influential factor in the adoption of AI medical services.

Lack of ability to read structured medical data: this refers
to the conversion of unstructured data in medical records,
images, and test reports into structured data that can be
read by AI. According to the report of the Guanyan
Research Institute, about 80% of the information in the
electronic medical records of many healthcare institutions
is copied and pasted while most structured medical data-
bases are destroyed, thus restricting the development of
AI medicine.56

Lack of complex talent: as of 2021, China’s AI industry
has fewer than 50,000 employes.56 The lack of complex
talent has led to slow progress in the construction of AI
medical services and has hindered hospitals in using intel-
ligent services.

Figure 4. Directional diagram of factors for adoption of artificial intelligence (AI) healthcare services in medical institutions.
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Hospital size: according to the Ministry of Health’s
“Hospital Grading Management Measures,” the criteria
for hospital size are based on the number of beds, building
capacity, number of employes, and departmental settings,
whereas the sizes of foreign hospitals are mainly deter-
mined according to the number of registered beds.22 The
higher the number of beds and patient demand, the higher
is the necessity of introducing intelligent medical services
to alleviate mismatches between medical supply and
demand.

AI infrastructure synergy: when medical information and
applications are not interconnected and functionally related to
each other, medical business processes can become easily dis-
connected, so the function of AI Infrastructure Synergy comes
to the fore to unify the management of information in various
medical departments and regions, as well as to optimize the
sharing of information for “chimney construction,” thus avoid-
ing the phenomenon of resource and information silos.

Unclear ownership of hospitals: in the contractual
model, cooperative agreements are signed to meet the
needs and improve the quality of elderly healthcare.
However, a mechanism for enforcing the contracts is
lacking. The signatories may have legal boundary problems
while ownership and responsibilities may not be clear.
When a problem arises, each side tends to blame the
other, but the elderly patients are the ones who become
the victims.

Two of these factors interact with each other, geograph-
ical restrictions (E3) and hospital size (O2), which are
located at level 4. The higher the city rank, the larger the
population and hence the number of large general hospitals
such as level 2 and 3 hospitals, plus the higher the city rank,
the greater the financial support from the central govern-
ment and the medical institutions are dominated by
mostly level 2 and 3 hospitals. Thus, the higher the city
rank, the larger the hospital, the more comprehensive the
hospital and the higher the geographical rank in which it
is located. The lack of complex talent (O6) is directly influ-
enced by lack of management leadership support (O1),
while O1 lack of management leadership support and gov-
ernment policies (E1) together have a direct impact on
unclear ownership of hospitals (E4). The AI healthcare
service resources process is complex, capital intensive
and long lasting, making it difficult to obtain senior leader-
ship support and thus lacking the resources to develop
complex talent. The lack of support from senior manage-
ment and the lack of implementation of government pol-
icies can lead to unclear ownership and legal disputes
when a hospital and a nursing facility enter into a joint
venture agreement. There are many influencing factors at
the middle level, and they become an important link
between the lower and upper levels, serving as an important
transmission hub for the systemic pathway, which is often
brought together through the combined effect of the under-
lying factors.

(4) The influencing factors in layers 5 and 7 include high
risk of data leakage (T1), lack of awareness of the value and
benefits of AI healthcare technology (T5), lack of manage-
ment leadership support (O1), government policies (E1).
They are located at the bottom of the directed graph of
the multi-layer recursive structural model and are funda-
mental factors of the AI healthcare service resources adop-
tion system, which will continue to influence the upper
layers of the structural model in the long term, especially
the lack of awareness of the value and benefits of AI health-
care technology (T5), in particular, is a non-negligible
factor affecting the adoption of AI healthcare service
resources by medical institutions.

Lack of management leadership support: this refers to
the human, material, and financial resources required for
the construction of AI facilities, 5G networks, cloud com-
puting platforms, and environments for the Internet of
Things. Also, the institutions require intelligent medical
service facilities, which are acquired after long periods of
rigorous trials conducted before they can be applied to clin-
ical activities. Because of the long periods, complex pro-
cesses, and high financial costs involved, leadership
support is difficult to acquire.

Government policies: even they are issued, they are not
fully or properly implemented by local institutions and sus-
tainable development is delayed because the policies often
cannot be applied to the actual local situations, thus hinder-
ing the acquisition of AI medical service resources by
healthcare institutions.

High risk of data leakage: such data include personal
consultation information, identity information, privacy
information, consultation records, and other service
resources provided through smartphone apps, websites,
and third-party medical service platforms when patients
visit the medical institutions. Since AI medical services
are based on the Internet, big data, and cloud computing,
the degree of the informatization of intelligent medical ser-
vices is increasing, so the high-value characteristics of
medical data attract a large number of hackers who try to
steal and trade sensitive medical data,22 thus leading to a
high degree of exposure of core business assets belonging
to intelligent medical services and increasing the possibility
of infringements on the rights of the patients. Data are core
business assets of hospital services, so increased risks of
data leakage are an important factor influencing decisions
by healthcare-integrated organizations to adopt intelligent
healthcare services.

Lack of ability to read structured medical data: this refers to
the conversion of unstructured data in medical records,
images, and test reports into structured data that can be read
by AI. According to the report of the Guanyan Research
Institute, about 80% of the information in the electronic
medical records of many healthcare institutions is copied
and pasted while most structured medical databases are
destroyed, thus restricting the development of AI medicine.56
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Two factors, lack of management leadership support (O1)
and government policies (E1), located at level 5, interact
with each other. the E1 factor is directly influenced by the
high risk of data leakage (T1) factor, while the T1 factor is dir-
ectly influenced by the lack of government policies (T5) are
usually developed with the support of higher management
leadership, which in turn is constrained by government pol-
icies. When they are enacted do lower management leaders
have a basis to only policies are enacted can they be followed.
Therefore, the O1 and E1 factors influence each other. The fre-
quent occurrence of data leakage security incidents has led to a
high degree of external exposure of artificial intelligence
healthcare service resources core business assets, and the
high value nature of medical data has led to a large amount
of medical data being stolen and sold by patients, seriously
infringing on patients’ rights and interests, so the government
will therefore develop policies that protect the legal rights of
elderly patients. Due to the development of new technologies,
the lack of complex talent and the lack of awareness of medical
staff about artificial intelligence healthcare service resources
technology, data integration and entry is more influenced by
human intervention, non-standardized coding and non-
standardized writing may result in a higher risk of data leakage.

In addition, the lack of awareness of AI technology in
healthcare and the high risk of data leakage are two factors
that are not very influential and central, but are at the
bottom of the hierarchy. The importance of these two
factors cannot be overlooked in the adoption process of
medical institutions. As hospital leaders consider the adoption
of artificial intelligence healthcare service resources, they
should identify the changes in data breach risk and reasonable
risk taking. It is also important that hospital staff are trained in
AI technology and that the quality of artificial intelligence
healthcare service resources is tightly controlled in conjunc-
tion with healthcare providers. The underlying factors of the
system model are the source of many factors, which in turn
are amplified by other factors. It is of practical importance
to pay close attention to the underlying factors, the middle
factors, and the important factors in the surface factors.

Matrice d’Impacts Croises Multiplication Appliqu
and Classement (MICMAC) analysis
The driving force and dependencies of each factor were
obtained by summing the elements with the value of 1 in
the reachable matrix, as shown in Table 18. The summed
values of the driving force of each variable are used as ver-
tical coordinates, the summed values of the dependencies
are used as horizontal coordinates, and the mean values of
both the dependencies and driving force are used as quadrant
dividers to construct the diagram for the MICMAC quadrant
analysis, as shown in Figure 5, which has been divided into
four quadrants designating the spontaneous, dependent,
linkage, and independent factors, respectively.

The first quadrant is the Autonomous cluster, whose
factors are characterized by low dependency and driving
force. Only one factor, Skeptical of AI processing capabil-
ities (T4), is in the middle layer but does play a role in the
system. Therefore, an important prerequisite for the adop-
tion of intelligent healthcare service resources by medical
institutions is to start with changes in attitudes toward AI
processing capabilities and establish correct perceptions
of AI healthcare service resources.

The Autonomous cluster has the highest number of vulner-
abilities influencing factors, followed by the Independent
cluster, and the Linkage cluster has the lowest number of vul-
nerability influencing factors. This indicates to a certain extent
that the degree of correlation between the influencing factors is
weak and that it is not possible to control all the influencing
factors by controlling a few of them, starting from a single
or a few vulnerability influencing factors, so that medical insti-
tutions can make rational decisions on the adoption of artificial
intelligence healthcare. The study also shows that the impact
of a few vulnerability factors on the adoption of artificial intel-
ligence in healthcare services is not always clear.

Autonomous cluster is in the first quadrant, with only
one factor, skeptical of AI processing capabilities (T4), in
the middle of a multi-layered hierarchical model, which
acts as a top and bottom layer for the system. This factor
is both driving and dependent, but it is not strongly corre-
lated with the system as a whole or with other factors, sug-
gesting that medical institutions, in adopting the artificial
intelligence healthcare service resources factor, are adjust-
ing other factors to strengthen the T4 factor to enable
senior leaders of the institution to make decisions about
the adoption of artificial intelligence healthcare service
resources, the results of which are not applicable.
Similarly, strengthening other influencing factors by adjust-
ing the T4 factor did not have the desired effect on the adop-
tion of artificial intelligence healthcare service resources,
and both moderation approaches were less significant and
effective than moderation of the Independent cluster. For
example, T1 factors, due to their specific characteristics,
are not as effective as the independent cluster. For
example, the T1 factor, due to its specific nature and signifi-
cance, relies heavily on government policy support, even if
it is supported by management leadership. Conversely, gov-
ernment policies to safeguard against data leakage problems
require implementation of the policies by management
leadership.

The second quadrant is the Dependent cluster, whose
factors have high dependency but a low driving force.
They are generally located in the upper layers and exert
their influences on the lower layers but have difficulty influ-
encing the formation of the other factors. This quadrant
includes the factors in the L1, L2, and L3 layers: (L3)
System service complexity; (L2) Medically derived risks,
Financial Costs, Lack of excellent supplier support,
Inability to share information, and Difficult to meet the
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complex needs of elderly patients; (L1) Competitive pres-
sures, Lack of patient trust, and Lack of excellent partner-
ships. L1, L2, and L3 are dependent on the influence
degrees of the bottom layer, which coincides with the
high dependence of the second quadrant.

The third quadrant is the Linkage cluster, whose factors
have a high dependency and driving force. They are located
in the L4 of the multilayered recursive structural model: AI
infrastructure synergy, Lack of ability to read structured
medical data, Hospital size, Lack of complex talent,
Geographical restrictions, and Unclear ownership of hospi-
tals. Changes in these six factors cause linkage changes in
the other factors, whereas the factors in L3 depend on the
explanations for those in L4, thus demonstrating that
system service complexity is influenced by L4, where the
Lack of ability to read structured medical data and AI infra-
structure synergy is more directly related to the explanatory
influences of system service complexity.

The fourth quadrant is the Independent cluster, whose
factors have low dependency but high driving force. They
are located in the bottom layers, so they are the fundamental
factors of the whole system: (L7) Lack of awareness of the
value and benefits of AI healthcare technology; (L6) High
risk of data leakage; (L5) Lack of management leadership
support and Government policies. Moreover, they have

the highest driving forces, so they would have long-lasting
impacts on the system.

Discussion and implication

Discussion

This paper investigates the analysis and strategies of influ-
encing factors for the adoption of artificial intelligence
healthcare service resources in medical institutions and
describes how the three combined DEMATEL-ISM-
MICMAC approaches can be applied to the adoption of
this paper presents the application of the DEMATEL-ISM-
MICMAC approach to the adoption of artificial intelligence
healthcare service resources. Firstly, the theories of the two
main approaches, DEAMTEL and ISM, are explained, the
advantages and adaptability of each approach are presented,
and the idea of constructing a DEMATEL-ISMmodel is pro-
posed. Based on this research, the influencing factors of
medical institutions’ adoption are constructed and analyzed,
and a system of influencing factors of artificial intelligence
healthcare service resources is formed. The study answers
the “what,” “how,” and “why” of the theoretical construc-
tion.57 Answer the “what” for the factors adopted for artificial
intelligence healthcare service resources, the “how” for the

Figure 5. Matrice dImpacts Croises Multiplication Appliqu and Classement (MICMAC) diagram.
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relationships between the factors and the “why” for the rela-
tionships between the factors. The explanation of the rela-
tionship between the factors answers the question “why.”
The study identifies a hierarchy of associations between
these factors. This paper contributes to the adoption
choices of hospitals and elderly care facilities. This study
can also help management leaders to understand the
DEMATEL-ISM-MICMAC approach and help them to
apply the three combined approaches in different scenarios
to make adoption decisions. The DEMATEL-ISM-
MICMAC method identifies the type of inter-factor (autono-
mous, dependent, linkage, or independent) as well as the
inter-relationship between factors and the interpretation of
the inter-relationship. Understanding the factors influencing
the adoption of artificial intelligence healthcare service
resources will help managers and policy makers to develop
and design strategies to adjust the strength of these factors
in the context of the combination of medical and health
care and to improve the competitiveness of intelligent
medical institutions’ competitiveness. Managers and policy
makers need to focus on lower level or independent factors
such as lake of management leadership support, government
policies, high risk of data leakage and lack of awareness
of the value and benefits of healthcare AI technology.
Therefore, practitioners in the retirement industry can prior-
ities factors at the hierarchical level. Improving these factors
could lead to the successful adoption of artificial intelligence
healthcare service resources in hospitals and nursing homes.
The main findings and conclusions of this paper are categor-
ized and analyzed here.

(1) Project adopter (medical institutions)

During the adoption phase, medical institutions, as the
initiator and responsible person for the project, must carry
out a preliminary survey and feasibility study of the
project and analyses the adoption factors. Once the
project has been decided, the implementation of the
factors considered is left to the supplier. Whether it is a hos-
pital, a nursing home or a medical institution, the entire
project is carried out. From the previous analysis of the
20 factors for the adoption of smart healthcare resources,
the following six factors were identified as being closely
linked to the sponsor: lack of awareness of the value and
benefits of AI healthcare technology (T5), medically
derived risks (T6), lack of ability to read structured
medical data (T7), hospital size (O2), lack of complex
talent (O6), and competitive pressures (E2). For each of
these adoptions factor the following summary was made.

① Lack of awareness of the value and benefits of AI
healthcare technology (T5): The lack of awareness of the
advantages of healthcare information technology has led to
a greater influence of human intervention in the sourcing,
recording and integration of healthcare data, and the lack
of AI healthcare information industry the T5 factor, with a
causality of 0.5528 > 0, is the causality factor in the whole

system. It is the most fundamental and deepest influencing
factor in the whole adoption system, and it will affect the
upper layers of the whole structural model in the long
term, so it is an important factor that cannot be ignored by
medical institutions when adopting artificial intelligence
healthcare service resources. Therefore, it is such an import-
ant factor for medical institutions to adopt artificial intelli-
gence healthcare service resources. Therefore, the adoption
of artificial intelligence healthcare service resources by
medical institutions is proposed to be addressed in the fol-
lowing ways.

Firstly, the healthcare information industry should
develop industry standards related to data input, storage
and output, and refine the standards to suit different
scenarios.

Secondly, hospitals, nursing homes and medical institu-
tions should focus on giving medical staff training in intel-
ligent information systems, strengthening their intellectual
literacy and entering data in strict accordance with
standards.

Finally, government policy should encourage the devel-
opment of smart healthcare. For example, the government
should provide incentives in the form of procurement sub-
sidies or tax breaks for organizations that adopt smart
healthcare resources.

② Medically derived risks (T6): This factor is ranked
eighth in centrality, with a cause degree of −0.7534 < 0,
indicating that it is an outcome factor and is closely
related to other influencing factors. As can be seen from
the ISM model, the T6 factor is in the second tier and is
one of the factors directly influencing the whole adoption
system. It is also directly influenced by the system service
complexity (T2). As smart healthcare systems test system
hardware and technician expertize tremendously, they inev-
itably cause doctors to operate improperly and medical risks
to arise. Therefore, medical technicians should improve
their information technology expertize to avoid medical
risks to patients.

③ Lack of ability to read structured medical data (T7):
Medical technicians lack the ability to transform unstruc-
tured data in medical records, images and test reports into
structured data that can be read by artificial intelligence.
This factor is ranked 18th in centrality and 3rd in influence,
with a causality of 1.8359 > 0, indicating that it is a causal
factor and is quite closely related to other factors in the
system, not only being influenced by other factors, but
also influencing them. As can be seen from the ISM
model, T7 factor is in the 4th layer, which is the middle
layer, and the factor carries on from the top to the
bottom, proving that the ISM method and DEMATEL
method results tend to be consistent. In the MICMAC
model, T7 factor is in the third quadrant of the Linkage
cluster, and the elements in this quadrant are linkage
factors, and the results are again consistent with the
results of the DEMATEL and ISM methods. Therefore, in

34 DIGITAL HEALTH



addition to their medical expertize, doctors should also
develop the ability to read informative, unstructured data.

④ Hospital size (O2): Hospital size is determined by the
number of registered beds, with more beds indicating
greater patient demand and a higher need to introduce
smart healthcare services. This factor is ranked fourth in
centrality and 10th in influence. The reason degree value
of −0.4600 < 0 indicates that this factor is an outcome
factor and has a high centrality ranking and a median influ-
ence degree ranking, indicating that this factor is closely
linked to all other factors. According to the ISM model,
O2 factor is in the fourth tier, which is the middle tier, con-
necting the upper and lower tier factors which proving that
the ISM method is consistent with the DEMATEL method.
Therefore, medical institutions should adopt artificial intel-
ligence healthcare service resources that are appropriate for
their number of beds and their size.

⑤ Lack of complex talent (O6): Due to the late start of
information technology construction in China, most
doctors only focus on their specialties and have less expos-
ure to artificial intelligence and information technology
knowledge, resulting in the homogenization of talents.
This factor ranks second in terms of influence, with a
cause degree value of 1.3377 > 0, indicating that this
factor is a cause factor and is closely linked to other
factors. The O6 factor is in the third quadrant of the
linkage cluster in the MICMAC model, which again
demonstrates the reliability of the data and the consistency
of the findings of the three methods. Therefore, the govern-
ment and medical institutions should vigorously support the
information technology training system and strengthen the
training of complex talents.

⑥ Competitive pressures (E2): Due to the large upfront
investment of medical institutions and the long experimen-
tal process required for artificial intelligence healthcare
service resources in the early stages of operation, the
supply of services cannot effectively cover the cost invest-
ment due to peer competition pressure. This factor is ranked
20th in terms of influence, indicating that this factor has less
influence on other factors but is influenced by them. The
ISM model shows that this factor is in the first tier, and
that the first tier is influenced and constrained by the
lower tier factors. And the factor has a cause degree value
of −0.9728 < 0, indicating that the factor is an outcome,
which is exactly in line with the findings of the ISM
model. The results in the MICMAC model indicate that
the factor is in the Dependent cluster, which is consistent
with the conclusion that the factor is in the first tier of the
ISM and has less influence on other factors. Therefore,
competitive pressures are the most direct factor affecting
the system, and it is recommended that medical institutions
managers, when faced with competitive pressures, should
take account of the situation and adopt artificial intelligence
healthcare service resources in a way. It is recommended
that medical institutions managers should consider the

needs of patients when adopting artificial intelligence
healthcare service resources in order to ensure a competitive
advantage.

(2) Government sector

Government sector have an important role to play in the
overall adoption of artificial intelligence healthcare service
resources, and the factors associated with government units
are lack of management leadership support (O1), financial
costs (O3), government policies (E1), and unclear owner-
ship of hospitals (E4).

The O1 factor is influenced by the E1 factor, which
according to the results of DEMATEL has a cause
degree value of 0.1705 > 0 for O1 factor and a cause
degree value of 1.0393 > 0 for E1 factor, with both
factors being cause factors. According to the results of
the ISM model, both the O1 factor and the E1 factor
have an impact on unclear ownership of hospitals (E4),
which is consistent with the finding that both the O1
factor and the E1 factor are causal factors in
DEMATEL. In addition to this, the O1 and E1 factors
are both located in layer 5 of the ISM model and are
bottom factors, which are fundamental to the artificial
intelligence healthcare service resources system and will
continue to influence the factors in the upper layers of
the structural model over time. According to the
DEMATEL results, the O3 factor has a cause degree
value of −0.4004 < 0, which is the outcome factor. And
the centrality ranking is 10th, indicating that the factor
is not closely related to other factors, while according to
the results of the ISM structural model, the factor is in
the second tier and is more influenced by the lower tier
factors, indicating that the DEMATEL results and the
ISM results remain consistent.

In summary, these four factors in the adoption of artifi-
cial intelligence healthcare service resources require a lot
of human and material resources, which in turn directly
affects human and material resources, and problems with
any one of these factors can cause difficulties in the adop-
tion process. The factor of government departments is dir-
ectly related to the motivation, coordination and
cooperation of this adoption act. Therefore, government
departments should do a good job of promoting science
and technology and guiding leaders’ awareness of AI adop-
tion from an ideological point of view. Secondly, the gov-
ernment should introduce rules for the allocation of
financial incentives, such as adoption, which should be dir-
ectly linked to incentive funding. In order to increase the
motivation and cooperation of medical institutions’
leaders in the project implementation process. Finally, a
monitoring system should be established during the adop-
tion process in medical institutions, with regular third-party
safety checks and operational maintenance to ensure the
long-term efficient operation of artificial intelligence health-
care service resources.
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(3) Suppliers: Suppliers, like government entities, play a
crucial role in the success of a project. Factors related to
suppliers are: unclear ownership of hospitals (T1), system
service complexity (T2), AI infrastructure synergy (T3),
lack of excellent supplier support (O4), inability to share
information (O5), and lack of excellent partnerships (E7).
According to the ISM model, the O5 factor is in the
second quadrant and is not only influenced by the system
service complexity (T2) in the third quadrant, but also dir-
ectly affects the Competitive pressures (E2). This finding is
consistent with the findings of the DEMATEL and ISM
methods. In summary, the factors associated with suppliers
are all negative and have a high degree of risk. The above
factors give the supplier a significant influence on the
supply lead time, the quality of equipment build and mate-
rials and the effectiveness of the use of artificial intelligence
healthcare service resources.

Therefore, as a supplier of artificial intelligence health-
care service resources, you should consider the risks of
adoption comprehensively, avoid contractual loopholes
when signing procurement contracts with medical institu-
tions, and both parties need to strictly follow the contract.
In the adoption process, the quality of products should be
strictly controlled, the production, delivery and entry of
intelligent products should be communicated with
medical institutions in a timely manner. The control policies
of the region in recent years should be collected and pre-
pared in advance, etc.

(4) Older patients: older patient subjects play an import-
ant role in the overall adoption system in terms of evalu-
ation and monitoring. Factors related to elderly patient
subjects include: skeptical of AI processing capabilities
(T4), geographical restrictions (E3), lack of patient trust
(E5), difficult to meet complex needs of elderly patients
(E6). All four of these factors are negative and have a
high level of risk. This suggests that the pressure of risk
in the adoption process by medical institutions is ultimately
exerted on patients. Therefore, it is recommended that
medical institutions, providers, and the government actively
communicate with elderly patients, adhere to professional
ethics and gain relevant experience. In order to protect the
rights and interests of elderly patients, it is recommended
that medical institutions select highly qualified and skilled
companies to undertake third-party quality assessments in
the adoption of artificial intelligence healthcare service
resources. It is also recommended that government depart-
ments strengthen the management of information technol-
ogy, competence training and technological assessment of
medical institutions.

Theoretical implications

DEMATEL, ISM, and MICMAC were used to stratify the
factors influencing the adoption of intelligent healthcare
services in medical and healthcare contractual medical

institutions from the outer layer to the root, from the
surface to the deep layers, and from the surface layer to
the substance. The influencing factors were screened
according to the pre-test results of questionnaires adminis-
tered to 10 experts and 20 influencing factors were identi-
fied according to the TOE framework. Then, the formal
questionnaire was administered to the experts, who scored
the 20 factors from 0 to 4 to form the direct influence
matrix, and the macro-level analysis of the influencing
factors of the adoption of regimen services was conducted
by the DEMATEL method to analyze the degrees of influ-
ence, being influenced, and centrality. The recursive struc-
tural model was established by the ISM method to
intuitively explain the hierarchical relationships and direc-
tionality of the influencing factors, which are the root of
the structure. The MICMAC graphical method was used
to cluster and summarize the factors in order to explain
the deeper substance of the structure.

First, the DEMATEL causal diagram shows high risk of
data leakage (T1), lack of awareness of the value and ben-
efits of AI healthcare technology (T5), lack of management
leadership support (O1), and government policies (E1) to be
the causal factors without subdividing the causal substance.
These factors are at the bottom layers in the ISM recursive
structural model, thus indicating them to be the root causes.
Their classification into the fourth quadrant of the
MICMAC diagram places them in the Independent
cluster, which has low dependency but high driving force,
thus aptly explaining why the bottom factors do not
depend on the influences of other factors but do exert influ-
ences on the top factors. The consistency among the results
of these three methods in identifying the root causes, divi-
sions, structures, and natures further illustrate the advan-
tages of combining these three methods.

Second, the ISM recursive structural model is divided
into seven layers with the core middle layer as the fourth
layer, which contains the factors, AI infrastructure
synergy (T3), lack of ability to read structured medical
data (T7), hospital size (O2), lack of complex talent (O6),
geographical restrictions (E3), and unclear ownership of
hospitals (E4). E3 and O2 interact with each other. Both
are dependent on the influences of the lower-level factors
while influencing the upper-level factors. E3 and O2 have
the typical property of forming a connecting link between
the preceding and the following factors. In the
DEMATEL analysis and causality diagram, both positive
causal factors and negative result factors are involved.
They are located in the third quadrant of the MICMAC
quadrant diagram and belong to the linkage family, which
conforms to the characteristics of high dependence and
high driving force, thus again verifying the validity and cor-
rectness of combining the three methods.

Third, the top layer of the ISM recursive model contains
competitive pressures (E2), lack of patient trust (E5), and
lack of excellent partnerships (E7), which are the three
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most direct factors and depend heavily on the influencing
factors in the other six layers but are unable to influence
the other factors. This outcome is consistent with the nega-
tive causality of these three factors in the DEMATEL causal
diagram. The MICMAC diagram shows these three factors
in the second quadrant, which is the Dependent cluster with
high dependency but low driving force. This result also sup-
ports the robustness of these three methods.

Practical implications

Our findings can provide strong recommendations to gov-
ernment departments, senior management in healthcare
organizations, and elderly care associations. The provision
of intelligent healthcare services in the contractual model of
medical and nursing services for elderly care is dependent
on the government’s investments in people, materials, and
information. Government departments should increase
industrial support, strengthen multi-industry communica-
tion and cooperation, deepen the knowledge of intelligent
construction in the elderly care industry, and accelerate
the formulation of intelligent policies. With the continuous
improvement of policies on China’s elderly service system,
the reform of public elderly care institutions, the standard-
ization of elderly services, and a unified pension insurance
system, the government can support the adoption of intelli-
gent elderly services by the following measures.

• Increase policy subsidies on the demand side and capita-
tion to improve the elderly’s ability to pay.

• Accelerate the entry of social capital and strengthen the
role of financial funds to guide the construction of
elderly care institutions.

• Guide “to capacity,” reasonably promote mergers and
acquisitions, promote chain operations, and give full
play to the scale effect.

• Introduce excellent AI providers with high professional-
ism into medical institutions.

• Encourage cooperation between public medical institu-
tions and elderly care institutions, as well as implement
and subsidize public and private elderly care pilot
programs.

• Coordinate port compatibility issues among suppliers
and develop technological specification rules for AI
healthcare services.

The managers of the medical institutions are the actual
decision-makers for the adoption of intelligent healthcare ser-
vices, so the knowledge system of senior management
should keep up with the times and be forward-looking to
ensure correct decisions. The following measures could be
taken.

• Cultivate people who have high-level medical and IT
talent, as well as who understand how to use both

healthcare and AI to meet the full range of the needs of
the elderly.

• Use accurate price positioning in a city according to its
size and level of economic development in order to set
the appropriate prices that ensure the normal flow of
beds and avoid high vacancy rates.

• Improve the treatment of healthcare workers and provide
a diverse range of services for the elderly.

• Establish a sound training system for nursing staff within
the healthcare institutions and control staff turnover
costs.

Third, elderly care associations should explore in depth the
quality of life for the elderly in the following ways

• Strengthen the supply of beds in the major cities, protect
public service resources in suburban institutions, coord-
inate the ratios of urban and suburban contracted elderly
care institutions to medical care institutions, and deepen
the role of public elderly care institutions.

• Guide the decapacitation, merging, and reorganizing of
small and medium-sized elderly care institutions,
promote chain operations, give full play to the scale
effect, and increase the integration of elderly care
institutions.

• Industry associations should establish a reserve of deans
and nursing staff to provide “respite care” to deans or
nursing staff in training.

• Encourage large elderly care institutions to develop
nurse training businesses to promote the overall level
of human resources in the elderly care industry.

• Encourage universities, vocational and technological
schools, and third-party institutions to open geriatric
management and nursing programs, as well as provide
full-time, adult, and distance learning methods to effect-
ively increase the number of management and nursing
staff.

• Standardize the key terms of medical care integration
and move from agreement to real services.

• Chain and alliance-type operations should help to grad-
ually raise the income levels of medical and nursing
care, as well as establish promotional channels.

Conclusion
AI healthcare service resources is the most promising model
of intelligent healthcare services at present and in the future.
With the hospital as the main body, through the Internet of
Things, 5G communication technology and other informa-
tion technology means to link patients, medical and nursing
staff, drug dealers, pharmaceutical companies, medical
insurance institutions and other stakeholders, integration
of hospital equipment, medical supplies, pharmaceutical
supplies, and other upstream and downstream resources to
provide doctors and patients with a variety of types of deci-
sion support services.
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Consequently, by constructing a model of adoption of arti-
ficial intelligence healthcare service resources in medical insti-
tutions, this paper reveals that lack of awareness of value and
benefits of AI (T5), high risk of data leakage (T1), lack of
management leadership support (O1), government policies
(E1) are the underlying factors for the adoption of artificial
intelligence healthcare service resources in medical institu-
tions. Competitive pressures (E2), lack of patient trust (E5),
lack of excellent partnerships (E7) environmental factors are
direct factors influencing adoption decisions at different
levels of healthcare institutions. Due to the difficulty of obtain-
ing research data, previous studies have generally explored the
adoption of artificial intelligence healthcare service resources
in a qualitative manner. In this study, the “how” of the rela-
tionship between factors was constructed through expert
panels and the DEMATELmethod. A clear hierarchy of influ-
encing factors was developed through the ISM method to
answer the “why,” and the MICMAC method was used to
develop clustering relationships between factors to answer
the “how.” The paper reveals the mechanisms underlying
the influence of technological, organizational, and environ-
mental factors on the adoption of medical institutions. From
a theoretical perspective, the findings in this chapter contribute
to the current understanding of the decision-making process of
organizational behavior. From a content perspective, the use of
a combined DEMATEL-ISM-MICMAC approach to con-
structing artificial intelligence healthcare service resources
adoption problems using a pensions perspective as a context
is currently a gap in academia.58–64,47,65–77 Most studies
have focused on the ISM-MICMAC approach to constructing
explanatory models without answering the relationships
within the factors from a micro perspective, which is an
incomplete study for constructing models with a large
number of factors. From a contextual perspective, the
context of research using a combination of the three
DEMATEL-ISM-MICMAC methods is still a gap in the
healthcare and elderly care field. The main research findings
are as follows.

First, healthcare providers are more concerned with
technological and environmental factors when deciding to
adopt AI service resources. This finding is consistent with
Ahmadi Hossein.28

Second, a micro-level analysis using the DEMATEL
method of the strengths of the interconnectedness of the
factors and the sharp distinctions made in the system for
the directionality of each factor revealed that the largest
centrality value belonged to inability to share information
(O5), indicating this to be the most constraining and
closely linked factor.

Third, by stratifying each factor from shallow to deep at
the macro-level, analyzing the logical relationships of the
mutual influences of the hierarchical relationships
between the influencing factors, and constructing a multi-
layer recursive structural model conceptual diagram, the
ISM method found lack of awareness of the value and

benefits of AI healthcare technology (T5) to be the most
fundamental and strongest influencing factor, which
affects the upper-level factors of the whole structural
model for a long time. Thus, this factor is the most non-
negligible factor when medical institutions decide to
adopt intelligent healthcare service resources.

Fourth, the results of the DEMATEL-ISM analysis were
further differentiated by the MICMAC method to obtain
values for the driving forces and dependencies of each
factor in order to categorize it into one of four quadrants.
The findings are as follows.

(1) The deep-seated factors that influence healthcare orga-
nizations to adopt AI healthcare service resources are high risk
of data leakage (T1), lack of awareness of the value and ben-
efits of AI healthcare technology (T5), lack of management
leadership support (O1), and government policies (E1),
which are located in the bottom three levels of the directed
graph and in the fourth quadrant of the Independent cluster
in the MICMAC diagram shown in Figure 5.

(2) The most direct factors influencing healthcare orga-
nizations to adopt AI resources for wellness services are
competitive pressures (E2), lack of patient trust (E5), and
lack of excellent partnerships (E7), which are all located
at the top level of the multilayer recursive structural
model and in the second quadrant. These factors have
high dependency but low driving force, thus verifying
that the MICMAC’s results are consistent with the ISM’s
results. The factors in the third quadrant are linkage-type
factors, which have both high dependency on the influence
of lower-level factors in the recursive structural model and
high driving force exerting strong influences on the upper-
level factors in the ISM model. Thus, coinciding with such
factors being located in the middle levels of the recursive
structural model. These factors play roles in the structure
of the upper and lower levels, indicating again that the
ISM’s results coincide with the MICMAC’s results to
reinforce the high reliability and validity of the model.

Limitations and future work

In addition to discussing some key factors in the adoption of
AI healthcare service resources, there are limitations to the
study. Firstly, feedback from customers (elderly patients)
and feedback from providers were not considered as vari-
ables to be considered. The real-life perceptions of elderly
patients could help medical institutions to better improve
the quality of care, while helping AI healthcare service pro-
viders to target and improve their service offerings.
Furthermore, the subjectivity involved in collating the
data from tools such as literature review and expert
scoring to derive the 20 adoption factors in this study
becomes one of the limitations of the existing research
work. Although this study used a literature review to
identify a broad range of factors and used expert scoring
to finalize the 20 factors, the study was unable to identify
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all factors for the adoption of AI healthcare service
resources by medical institutions. Furthermore, in the
Organizational dimension, the factors hospital size, finan-
cial costs, and government policies are subject to change
due to government influence. Therefore, these 20 factors
will change over time.

As the data used in this study was derived through expert
scoring, it is consistent with the source of data used in the
empirical analysis. Therefore, future research could use
Exploratory Factor Analysis (EFA) to find the number of
factors for multiple variables. The correlation between each
factor and each variable is then reduced in order to attempt
to reveal the intrinsic structure of a relatively large set of vari-
ables. Subsequently, to validate the structure, confirmatory
factor analysis (CFA) can be used to verify the soundness of
the proposed framework. The methodology uses partial least
squares structural equations to build an explanatory structural
model (PLS-SEM) designed to establish the explanatory vari-
ance of the maximized potential variables. In addition to this,
the reliability of the collected data is assessed based on the
measurement model characteristics. Scholars can use qualita-
tive methods to validate the relationships that have been estab-
lished. They can include variables that were omitted or not
included in the study, creating new relationships based on
their research context. Scholars can explore new variables
using bibliometric methods or meta-analysis. These new vari-
ables are used to construct conceptual frameworks.
Interrelationships between variables can be tested using geo-
graphical restrictions (E3) and hospital size (O2). Future
researchers are also encouraged to use m-TISM as a simpler
and more convenient way of constructing structural explana-
tory models to validate their results and findings if there are
fewer variables, the field of study is well established and the
relevant literature is extensive.78–93
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