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Introduction

Artificial intelligence (AI) is defined as “a system’s ability to 
correctly interpret external data, to learn from such data, and 
to use those learnings to achieve specific goals and tasks through 
flexible adaptation” (1). That is, AI is useful for analysing 
the ever growing accumulated data and taking action based 
on what is learned from the data (2). Developments in 
automation have enabled progression from relatively simple 
rules-based decision support to supervised and unsupervised 
machine learning (3). As a result, there are many aspects of 

AI, some currently in use and others only imagined in future 
scenarios. The terminology is both complex and evolving, 
with terms such as machine learning, deep learning, artificial 
neural networks (ANNs), fuzzy models, pattern recognition 
and computer prediction represented in the literature, and 
falling in and out of fashion over time (4,5).

Authors have tracked increasing use of AI in health 
services and systems. For example, while a pre-1995 
literature review found no published decision support 
applications in healthcare, this increased to 2% of 210 
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identified healthcare applications between 1995 and 
2001 (6). The greatest use of AI in healthcare is support 
for clinical decisions, such as diagnosis (7), including 
interpretation of medical images (8), and treatment planning 
(2,9). Recent literature reviews have documented increasing 
support for the use of AI in these clinical applications. For 
example, there is evidence that ANNs can diagnose medical 
conditions in patients more accurately than clinicians (7).

In recent years, with the advent of large datasets (big data) 
and increasing computing power, AI has been identified as 
the most important strategic business technology (10), and 
is being used more frequently (11). Despite the identified 
benefits of AI in both clinical and business applications, 
there has been limited application to management decision-
making in healthcare. A 2018 systematic literature review 
found that only 7% of the 75 included articles described AI 
for system management (2). A 2019 scoping review found 
that only 10 of 80 articles (12.5%) presented the use of 
ANNs at the organisational decision level (9). The majority 
of the ANN applications were clinical, such as diagnosis of 
heart conditions, prediction of diabetes based on risk factors 
and evaluating patient wounds.

Strategic decision-making is the process underlying the 
development and implementation of organisational strategies. 
Strategic decision-making is a key component of strategic 
planning and management (12). Strategic decision-making 
has been defined as “a non-routine decision process that has long 
term consequences” (13). Previous authors have suggested that 
it has been difficult to incorporate AI into strategic planning 
in most industries (14). The reasons given are that strategic 
planning is a complex organisational communication and 
negotiation process that makes use of AI difficult (13,15). 
Specifically, the strategic planning process is influenced 
by culture, where strategies are shaped by group norms 
and practices (16). In addition, organisational executives 
consider strategic planning an art, not requiring computer-
based decision support of any kind (13,14,17). Perhaps most 
importantly, there is no single ‘correct’ strategic answer, and 
it takes years before the success of the strategic decisions 
can be evaluated (14). In the business literature, only 6% 
of 271 identified computer decision support applications 
were used for strategic management (18), and this reduced 
to approximately 3% of 210 applications in a follow up 
literature review published in 2006 (6).

It has been suggested that AI can be used for strategic 
decision support in areas such as analysing external 
environment and industry trends (19), evaluating mergers 
and acquisitions, exploring market position and portfolios, 

and planning multi-level (corporate, division, department) 
and multifunctional operations, selecting and evaluating 
strategy (20) and managing organisational crises (21). In 
addition, AI has been found to be effective at identifying 
and analysing risk, as it is not bound by human biases and 
emotions (16). As an example, Ladeira and Linhares showed 
how fuzzy logic AI could be used by three businesses in 
Brazil to populate strategies in their organisational strategic 
balanced scorecard (22). The importance of AI in strategic 
decision-making increases as organisations and industries 
become more complex, ensuring that essential strategic 
information is not overlooked (13).

In fact, strategic decision-making in healthcare seems 
like an ideal environment for AI. First, it has been shown 
that humans, even those with domain-specific expertise, 
are extremely poor in predicting future events in complex 
social systems (23). Second, as described above the strategic 
planning process involves the use of biased data, in terms 
of what has been collected and what is considered in the 
decision-making process (16,24). These biased data are then 
subjectively analysed by a group of humans (16). Finally, 
appropriate stewardship of the public money invested in 
health care services would suggest the need for effective 
decision support when resulting decisions may impact life 
and death.

We present the following article in accordance with the 
Narrative Review reporting checklist (available at http://
dx.doi.org/10.21037/jhmhp-20-92).

Rationale for a scoping review

There is evidence that hospitals and other health service 
organisations have difficulty in strategic planning and 
management (24-26). Given that AI has been shown 
to enhance clinical decision-making, AI may also assist 
strategic decision-making within hospitals. The overarching 
goal of this scoping review is to provide a comprehensive 
review of the potential for AI to improve strategic decision-
making in hospitals by exploring current applications of AI 
in this area. This review will enable identification of the 
nature and extent of relevant literature and describe the 
context of AI methodologies used.

Methods

Search strategy

The search strategy was designed to identify literature 
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from multiple databases to include the disciplines of Health 
Administration (Medline and Embase), Computer Science 
(ACM Digital Library and Advanced Technologies & 
Aerospace Database), and Business and Management (ABI/
Inform Global and JSTOR). These three disciplines reflect 
the core concepts embedded in our research question: How 
are hospitals using AI in strategic decision-making? All 
peer-reviewed articles were included whether they were 
published in journals, books or conference proceedings. 
Non peer-reviewed articles were not included.

Figure 1 outlines the options for AI decision-making that 
are covered in the review, and which led to the search terms 
outlined below.

Search terms included: AI, and specific AI components 
of machine learning, ANNs, dimensionality reduction, 
deep learning, reinforcement learning, pattern recognition, 
prediction/classification, clustering, Markov decision 
methods, natural language processing, fuzzy systems/
models ,  mult i -agent  sys tems and computat ional 
intelligence/prediction, combined with strategy, strategic 
decision-making, strategic planning and strategic 
management, and hospital or healthcare or health service 
organisation.

Data collection

Titles and abstracts were screened, with no limits imposed 
on date of publication. The inclusion criteria included 

articles with keywords related to the search terms outlined 
above or with explicit reference to AI. Articles focused on 
the development of electronic medical or health records 
specifically were not included. If the application was 
not in the context of health care strategic organisational 
decision-making, such as operations management, including 
scheduling and patient dependency applications, it was 
excluded. Subsequently, a full-text review of articles that 
met the initial screening criteria was conducted to confirm 
the availability and the relevance of the information in the 
article for data extraction.

Results

Figure 2 outlines the papers identified for inclusion in the 
review.

Table S1 outlines the AI applications described in the 
literature for use in strategic decision-making in hospitals. 
The papers were found in a variety of journals, comprising 
healthcare management, medical informatics,  and 
information systems and decision support.

There were four literature reviews that were either 
focused on AI in healthcare or which included healthcare as 
one of the industries discussed within a broader AI literature 
review. While many of the reviews suggested that expert 
or knowledge-based systems were used most frequently, 
our review found more data-driven AI applications. This 
is expected, as it is difficult to assign rules to strategic 

AI decision support

Supervised

Unsupervised

Ontology-based

Model-based

Rule-based
Expert Systems

Knowledge-based

Probabilistic-reasoning

Data-driven

Bayesian networks

Markov decision methods

Figure 1 Options for AI decision-making. AI, artificial intelligence.
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decision-making suggesting data-driven AI is more 
appropriate for strategic decision-making (16). The reviews 
focused on AI in general (5,6), ANN (9), and accounting for 
uncertainty (27) in healthcare decision-making. Uncertainly 
is described further below.

While multi-criteria decision analysis was identified 
as a particularly useful technique for strategic and policy 
decisions in healthcare, it was suggested that dealing with 
uncertainly was problematic (27). This led to the review 
which recommended deterministic sensitivity analysis 
to deal with uncertainty when the criteria weights were 
varied as a single value, and the gray approach as most 
appropriate if only lower and upper bounds were used. 
However, important to strategic decision-making, which 
is usually a group decision process, the requirement to 
combine the opinions of several decision-makers made 
probabilistic sensitivity analysis and fuzzy set approaches 
most appropriate (27).

Two descriptive studies were included in the data 
extraction; covering senior manager opinions of AI 
applicability to their hospitals in Sweden (13) and case studies 
exploring the adoption of wireless vital sign monitoring 
technology in two Asian hospitals (28). The second study 
focused on the identification of enabling factors, and while 
the application was solely clinical, similar enabling factors 
may influence the use of AI technology in strategic decision-
making. The surveyed senior managers indicated that 
current systems were too complex and lacked the trust of the 
managers. They suggested that it would not be possible to use 
ICT to a greater extent in strategic decision-making without 
simplification and standardisation of the applications (13).  
Although limited by the small sample of only two case 

studies, Yang et al. suggested that implementation of AI would 
be more successful in hospitals if the application focused 
on addressing a clinical issue and was supported through 
redirection of organisational resources that demonstrated an 
organisation-wide mandate (28).

There were 19 papers that described AI applications that 
were used or could be used for strategic decision-making 
in hospitals. Unfortunately, in relation to the quality of 
the studies, few of the applications were evaluated, with 
only seven papers (36%) including evidence of evaluation. 
Consistent with commentary by other authors (3), AI 
was presented as a viable tool, with little attention paid to 
potential bias. The applications identified in the literature 
are described in relation to knowledge-based, probabilistic 
reasoning or data-driven types of applications below (as 
outlined in Figure 1).

Knowledge-based

There were seven knowledge-based applications for strategic 
decision-making identified, with most constructed using a 
rules-based design. In the late 1990s applications aimed to 
gather information from existing healthcare databases to 
assist in identifying and choosing future strategies (29-31). 
While in most cases there was no evaluation, the Hospital 
Management Support System (HMSS) was evaluated 
comparing the performance of a control and experimental 
group of students and health professionals on planning tasks 
using a standard decision support system and the HMSS (29).  
The evaluation suggested the HMSS enabled greater 
maturity in decision-making, but only in the gathering 
intelligence and implementation confidence in the decision 

Figure 2 Identified documents. AI, artificial intelligence.
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phases. There was little impact on the other decision 
phases, comprising design or choice of processes phases (29).

Around the same time Moreno and colleagues developed 
a computer simulation to track patient flow resulting from 
simulated strategic decisions (32) and then incorporated 
the simulation into a knowledge-based system for hospital 
management decision-making (33). Although the authors 
suggested that the collaboration between simulation and 
AI was a valuable technique in the analysis of complex 
systems there was no reported evaluation (33). Edmonds 
and O’Conner also developed discrete-event stochastic 
computer simulation using MS Access to model various 
strategies for hospital restructuring in Canada (34). Three 
scenarios were completed, but there was no evaluation of 
the accuracy of the simulation results. Finally, the Service-
Oriented Multi-Agent Systems (SOMAS) was a knowledge-
based application using organisational information including 
roles of agents and the interactions among these agents in 
the provision of services to model service coordination (35).  
SOMAS was found to provide service matching more 
effectively and efficiently than human processing. Fala and 
colleagues (36) described four expert systems that they 
suggested were useful for health services management in 
the USA, comprising INFER, PsychINFER, Procedure 
Necessity, and Alternatives to Non-Surgical Admissions. 
Each of these were developed using knowledge engineering, 
and the authors claimed they were cost-effective, but 
evaluation results were not reported. One additional 
knowledge-based system, constructed by Mousakhani et al. 
with a model-based approach, incorporating fuzzy logic, 
was used to rank the achievement of the strategic objectives 
of five Iranian hospitals (37). There was no evaluation of 
this application.

Probabilistic reasoning

A Bayesian Network was constructed to track resource 
utilisation and identify strategies to improve efficiency using 
radiology data in a private hospital in Turkey (38). The 
authors illustrated how the decision support model could 
be used to improve strategic decision-making but did not 
evaluate the application. In a Chinese hospital a probabilistic 
model using natural language processing was found to 
be effective at designing treatment plans (39). However, 
the authors identified many barriers to the adoption of 
this technology, including reluctance to share data among 
hospitals and lack of trust of AI by health professionals. 
McClean and Millard outlined a Markov analysis that costed 

treatment options, including acute care, residential and 
nursing home, for older adults (40). The results suggested it 
was more cost-effective to retain older adults in acute care to 
improve their functioning, when compared to transfer to a 
less intensive level of care, however there was no evaluation 
as the authors suggested accurate data were difficult to 
obtain. Finally, a Markov decision process using patient 
demand, treatment patterns and hospital resources was 
developed to plan elective hospital utilisation by specialty, but 
again without evaluation (41).

Data-driven

Erdoğan and colleagues described a spreadsheet-based 
algorithm that accessed geographic information system data 
that the authors used to plan maternity service sites for a UK 
hospital network. Although the recommendations from the 
application were accepted and implemented, there was no 
evaluation provided (42). From 2011 on, there was a greater 
focus on application of ANNs. A 2019 scoping review 
found the majority of the ANN published applications 
were related to clinical decision-making, with only six 
applications that might have been related to organisational 
strategic decision-making (9). Further analysis of these six 
articles found that two of the predictive models, the first 
predicting health status using Indonesian population health 
indicators such as birth rate, infant mortality rate and 
morbidity from tuberculosis (43), and the second predicting 
revenue generation by USA hospital foundations using 
SPSS Clementine type nodes (44) were useful for strategic 
decision-making. Both of these applications were evaluated 
against existing common practice. The predicted values 
were found to be close to the actual values in the Indonesian 
population health model and the hospital foundation ANN 
outperformed multiple regression analysis. The remaining 
four studies were focused on clinical decisions (45,46) 
or management of operations, such as adoption of radio 
frequency identification (RFID) technology adoption in 
a clinical setting (47) and evaluating the effect of hospital 
employee motivation on patient satisfaction (48).

The current review found three additional ANN 
applications for strategic decision-making that had not 
been included in the scoping review. Two applications were 
focused on analysis of text-based clinical data to address 
patient harm, and the ANNs were found to outperform 
human analysis of the same data (49,50). Another 
application used ANNs to predict hospital readmissions and 
was found to perform better than existing practice (51).
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Discussion

Our scoping review suggests that AI applications for 
hospital strategic decision-making closely mirrored the 
general development of AI. Early decision support for both 
strategy and operations was focused on knowledge-based 
systems (30,33), which were further augmented with rules-
based systems (36). However, various authors have outlined 
the limitations of rules-based developments in capturing 
the contexts important for planning (52), and the complex 
nature of strategic knowledge (14). Model-based (37) and 
expert analytical systems (32) were developed to overcome 
these weaknesses. From 2011 the published applications 
drew upon deep learning most often obtained through 
ANN AI technology (43,44,49).

There were no applications found in the literature 
that provided a comprehensive sustainable framework for 
strategic decision-making drawing on existing enterprise-
wide data. As identified by other authors, the focus 
has been on specialised local applications focused on a 
particular aspect of organisational decision-making (53). In 
addition, there were no AI applications found which used 
the large amounts of data health by various organisations 
within the system to inform both system-wide and local 
strategic planning and coordination. A systematic review 
of blockchain in healthcare suggested that blockchain 
could be an important technology for managing inter-
organisational data to facilitate AI (54). Cross-organisational 
planning and management is hampered by issues related to 
confidentiality and privacy of the data and therefore has not 
reached required interoperability. The examples of cross-
organisational data management found in the blockchain 
literature, suggests opportunities for use of data related to 
population health that are held by many organisations could 
be an effective resource for AI use in strategic decision-
making (55).

As early as the 1980s six roles were identified for 
knowledge-based systems: assistant, critic, second opinion, 
expert, consultant, tutor, and automation (56). Our review 
suggests that AI which conforms to any of these roles, 
except automation, is more likely to be preferred and 
accepted by human strategists (16). This is consistent with 
the suggestion that AI strategic decision support should 
target the ‘intelligence’ and ‘design’ phases, rather than 
the ‘choice’ phase, of the three-phase strategic planning 
process (57). This further suggests that understanding how 
the analysis is completed is important for strategic decision-
making in hospitals. Clinicians, in particular, are unlikely 

to adopt a system they cannot understand, and while the 
more advanced AI models seem to perform well, making 
them more understandable is important for trustable and 
reliable systems (13,58). As predicted by socio-technical 
theory (59,60), the challenges to AI implementation are 
rarely technical (39), but have more to do with the social 
aspects of change. The most common barrier found in this 
scoping review was social in that if hospital managers and 
clinicians did not understand how the application worked 
and did not trust the analysis they would be unlikely to 
adopt AI (13). This suggests the need for training to 
increase understanding and use of AI among hospital board 
members, managers and clinicians.

Consistent with our increasing understanding of the 
acceptance of new technology in healthcare, the level 
of maturity of the organisation may be related to the 
adoption of AI (61). For example, Grossman defined five 
levels of organisational maturity in analytical processes: 
1, the organization can build reports; 2, the organization 
can build and deploy models; 3, the organization has 
repeatable processes for building and deploying analytics; 
4, the organization has consistent enterprise-wide 
processes for analytics; and 5, the enterprise’s analytics is 
strategy driven (62).

Our scoping review suggests that few hospitals can 
demonstrate levels of organisational maturity in analytical 
processes beyond level 2. There was little evidence of 
repeatable analytical processes presented in the literature 
and even less for consistent enterprise-wide processes 
within hospitals (53). This would severely limit the ability 
of hospitals to implement strategy driven analytics.

While 19 applications of AI for hospitals’ strategic 
decision-making were identified, the more recent ANN 
applications were more likely to be evaluated. In many of 
the papers, particularly in the technical journals, the focus 
was on describing the AI application, with less attention 
paid to the context and impact of the application. When 
there were evaluations presented, they compared the new 
analytical approach to existing methods (44,49,51), or in 
one case, to human data extraction (50). There were no 
cost-benefit evaluations found. As a result, the AI literature 
suggests incremental improvements, incorporating the 
recommended probabilistic and fuzzy logic AI to effectively 
deal with uncertainty (27), but has not yet demonstrated the 
overall value of AI to strategic decision-making in hospitals. 
Our findings suggest that future research should focus on 
the use of existing big data to improve strategic capabilities 
of AI in healthcare, as well as more robust evaluation of AI 
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applications.

Conclusions

While this scoping review identified AI applications for 
use in strategic decision-making in hospitals, our findings 
also suggest the need for substantial improvement in the 
understanding of AI and its application among hospital 
decision-makers leading to greater organisational maturity. 
The limited organisational maturity, with lack of repeatable 
processes for developing, using and evaluating AI limits 
the effectiveness of AI for strategic decision-making. Most 
of the applications found in the literature did not provide 
a comprehensive sustainable framework for strategic 
decision-making drawing on existing enterprise-wide data 
but focused on selected aspects of organisation decision-
making. The lack of understanding and support for AI 
among hospital decision-makers may be associated with the 
general lack of evaluation, particularly cost-benefit analysis, 
of the AI applications. Our scoping review suggests the 
need for both focused evaluation and economic research 
and training in increasing understanding of AI.
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Table S1 Identified studies focused on the use of AI for strategic decision-making in hospitals

Citation Setting/context Application Use Type of AI Evaluation

Review articles

Eom & Kim 2006 (6) Not specified Third literature review of decision support systems (DSS) 
from 1995 to 2001

In healthcare DSSs were operationally focused to improve 
patient admission, discharge and billing, collaborative 
medical decision-making, scheduling nurses, improve 
material management processes, control sexually 
transmitted diseases, and track indicators of mental 
health providers’ productivity

AI decision support systems N/A

Broekhuizen et al., 
2015 (27)

Literature review of SCOPUS and PubMed 
from 1960–2013 for multi-criteria decision 
analysis (MCDA) to identify models to 
address uncertainly for application to 
healthcare decision-making

Identified five methods: Bayesian framework, deterministic 
sensitivity analysis, probabilistic sensitivity analysis, fuzzy 
set theory and gray theory

Identified 7 papers using MCDA for health policy 
decisions. Four studies used deterministic sensitivity 
analysis, two used probabilistic sensitivity analysis and 
one used fuzzy set theory

Deterministic most appropriate if the criteria weights 
are varied as a single value. Gray approach most 
appropriate if only lower and upper bounds are used. In 
a group decision process where the opinions of several 
decision-makers are combined, the probabilistic and 
fuzzy set approaches allow distributions

N/A

Duan et al., 2019 (5) Review of papers published in International 
Journal of Information Management

History and development of AI Identified 52 substantive papers; mostly used in 
manufacturing, health care and legal practice. 12 
research propositions in theory development, technology-
human interface and AI implementation

Greatest AI type was rules-based, with change from 
humans identifying rules to machines identifying the 
rules

N/A

Shahid et al., 2019 (9) Scoping review Scoping review of ANNs in healthcare organisational 
decision-making

18% of 80 articles were classified as organisational 
behaviour and included: behaviour and perspectives, 
crisis or risk management, clinical and non-clinical 
decision-making, and resource management. Only 10 
studies could be considered as strategic application

Supervised data-driven N/A

Descriptive studies

Hedelin & Allwood, 
2002 (13)

Public and private sector organisations 
in Sweden with three public hospital 
participants

Interviewed 41 senior managers on use of information and 
communications technology (ICT) for strategic decision-
making

Wanted user friendly systems they could use that 
extracted information from various databases into an 
analytic database that could complete all statistical 
analysis. Needed to obtain trustworthy data more easily 
and quickly

N/A N/A. Concerned that it would not be possible to 
use ICT to a greater extent in strategic decision-
making without inappropriate simplification and 
standardisation

Yang et al., 2013 (28) Two hospitals in Asia Case studies Tracked the decision process to implement wireless vital 
sign monitoring systems. Found eight enabling factors, 
with issue driven and clinical trigger factors influencing a 
stronger organisational mandate, with centrally-led more 
connected senior champions and project team members, 
vendor alignment with resources shared throughout 
the organisation, appeared to influence a better pilot 
outcome

Data-driven N/A. Not strategically focused, as the case 
studies explored a local clinical application, but 
results may be relevant for AI implementation 
for strategic decisions making

Application articles

Fala et al., 1995 (36) Not specified, but focused on cost and 
utilisation reduction in USA health system

Describes four expert systems: INFER, PsychINFER, 
Procedure Necessity, and Alternatives to
Non-Surgical Admissions (ANSA) using a classic knowledge 
engineering approach

INFER and PsychINFER help to identify potentially 
catastrophic or chronic cases so that they may be 
aggressively managed. Procedure Necessity helps 
to decide whether a surgical or diagnostic procedure 
is necessary on a case-by-case. The systems advise 
specialists, who use their own judgement

Rule-based system Authors suggest, but do not provide analysis 
of, greater return on investment in case 
management, reductions in inappropriate 
referrals, and greater consistency in decision-
making

Forgionne and Kohli, 
1996 (29)

Evaluated by students at Johns Hopkins 
University, University of Baltimore and health 
professionals at Saint Joseph Hospital, USA

Hospital Management Support System (HMSS) Provides integrated clinical and administrative data to 
assist concurrent engineering, which, although focused 
on operations, was suggested would help hospitals 
achieve their strategic objectives

Knowledge-based Evaluation with control group using standard 
StratPlan DSS and experimental group using 
HMSS for a planning exercise, which suggested 
HMSS provided greater maturity in decision-
making and better performance

Abidi, 1999 (30) Not specified Theoretical description of a Strategic Knowledge Services 
Info-structure

Gathering information from a variety of existing 
healthcare databases to make strategic decisions on 
service capacity, costs, policy and planning

Knowledge-based No evaluation

Edmonds & 
O’Connor, 1999 (34)

Emergency departments in South Eastern 
Ontario Health, Sciences Centre, comprising 
public hospitals in Kingston, Canada

Discrete-event stochastic computer simulation using MS 
Access

Model changes to ED performance (occupancy, 
workload, length of stay) by manipulating ED capability, 
hours, staffing profile

Knowledge-based Three scenarios for hospital restructuring were 
completed, but there was no evaluation of the 
accuracy of the simulation results

Moreno et al.,  
2000 (32)

Not specified- aimed for use by hospitals Computer simulation using discrete event algorithm Track hospital patient flow to enable testing of various 
strategies to assist decision-making

Expert system No evaluation

Moreno et al.,  
2001 (33)

Not specified Theoretical description of how domain and control 
knowledge is included in a knowledge-based system 
(KBS) using KADS to be used for hospital management 
monitoring, diagnosis, prediction and design

Possible solutions obtained during the prediction task are 
used to build a solution where all management problems 
detected in the system can be solved

Knowledge-based No evaluation

Ramani, 2004 (31) Three general hospitals administered by 
Ahmedabad Municipal Corporation (AMC), 
India

Describes the performance indicators of a management 
information system incorporating data from various parts of 
the hospital. Also describes aspects of the implementation 
process

Generates estimates of a limited set of hospital 
performance indicators

Knowledge-based No evaluation

Mousakhani et al., 
2010 (37)

Five hospitals in Iran Used fuzzy logic in Analytical Hierarchical Process (AHP) 
to compare the published strategic balanced scorecards of 
five hospitals

Four scorecard perspectives and 16 performance 
indicators were raked in pairs in relation to the strategic 
objective to enable ranking of the hospitals

Model-based No evaluation

Aktaş et al., 2007 (38) Radiology department of a private hospital 
in Turkey

Bayesian Belief Network (BBN) Provides a picture of current resource utilisation in a 
process and identifies potential strategies to improve 
resource utilisation

Probabilistic reasoning No evaluation

McClean and Millard, 
2007 (40)

UK NHS system comprising hospital, 
patient’s home, residential home, nursing 
home and death with rehabilitation and 
prosthetic service models

Markov reward model Cost the movement of older patients within a healthcare 
system. Illustrated that keeping patients longer in 
hospital, improving their fitness for discharge can reduce 
transfer of patients into secondary care systems and may 
both improve hospital performance and reduce costs

Probabilistic reasoning No evaluation, as authors indicate it is difficult 
to get accurate data

Fernández & 
Ossowski, 2008 (35)

Not specified Describes the development of a Service-Oriented 
Multi-Agent System (SOMAS) that uses organisational 
information on roles of agents and the interactions among 
these agents in the provision of services to model service 
coordination

Provides matches of services and service providers to 
the defined needs, that is most effective with the use of a 
role-based filter

Knowledge-based Was evaluated against an existing service 
matchmaker and the addition of the roles and 
interactions in SOMAS was found to outperform 
in efficiency and effectiveness of the matches

Nunes et al.,  
2009 (41)

Not provided Markov decision process involving patient demand, 
treatment patterns and hospital resources

Modelling elective hospital admissions by speciality Probabilistic reasoning No evaluation

Malliaris & Pappas, 
2011 (44)

Hospital foundations in the USA ANN with information on campaigns and events obtained 
from websites and financial information from non-profit 
reporting

Predict the fundraising revenue arising from different 
fundraising strategies

Supervised data-driven Comparison of ANN and multiple regression 
model found greater accuracy with ANN

Eswaran & 
Logeswaran,  
2012 (43)

Population health data, such as birth rate, 
mortality from tuberculosis for Indonesia

ANN in combination with linear regression Predict the three population health indicators using the 
model and compared to actual and analyse the effect of 
management decisions

Supervised data-driven Predicted indicator values were close to actual 
values

Cohan et al.,  
2017 (49)

Unidentified hospital data from USA Convolutional and recurrent neural networks More efficiently capture narratives of patient harm Supervised data-driven Performed better than existing methods in 
identifying patient harm using two datasets with 
76,752 patient incident reports

Tafti et al., 2017 (50) Structured and unstructured text data from 
scientific publications and social medias on 
the Internet

Machine learning was used to collect evidence of the 
impact of adverse medical drug events associated with 28 
prescribed drugs

Efficiently summarise text-based clinical findings in 
extremely large databases

Supervised data-driven Outperformed physical collection by trained 
researchers

Wang et al., 2018 (51) Barnes-Jewish Hospital, USA Cost sensitive (convolutional) deep neural network 
algorithm (CSDNN)

Predict hospital readmissions Supervised data-driven Algorithm was evaluated using existing datasets 
and performed better than baseline on two 
indicators

Erdoğan et al.,  
2019 (42)

UK National Health Service Trust Excel-based Decision Support System for Facility Location 
Problems using a Tabu Search algorithm and linking to a 
Geographic Information System

Evaluate current maternity services model and provide 
analysis to determine opening, closing, relocating 
maternity services

Data-driven While recommendations were accepted for 
implementation, this has not been evaluated

Sun & Medaglia,  
2019 (39)

Zhejiang Provincial Hospital of Traditional 
Chinese Medicine in China

Identified challenges to implementation of AI to design 
individual treatment plans

Poses natural language questions to design a treatment 
plan

Probabilistic evidence-based Study found social, economic, ethical, political, 
data, technological and of most relevance 
organisational and managerial challenges. 
These include lack of AI strategy, tension 
between data integration, and interests of 
individual organisations in keeping the data, 
lack of competent workforce, fears of workforce 
substitution and lack of trust of AI decisions

AI, artificial intelligence; ANN, artificial neural network.
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