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Abstract

Healthcare professionals and inter (or multi) disciplinary academia have been paying more
attention to decision support systems (DSS) for improved decision making during their health
service processes or management, as well as clinical practices. Although there have been
numerous DSS applications in the healthcare industry, it has been intended to provide a
categorical snapshot view of current implementations or academic work at specific DSS types for
better understanding the application domains by addressing the gap in the literature. To achieve
this, it has been focused on DSS applications in healthcare specifically by concentrating on two
main types: model-driven and knowledge-driven. In this context, relevant information systems and
medical science literatures were reviewed. For health service problems like hospital placement
decisions and homecare route planning, model-driven DSS applications are used for optimization
and modelling. Both conventional operations research techniques like optimization, decision
analysis, simulation, and multi-criteria decision making, as well as contemporary ones like
heuristic search, benefit from these applications. In addition, artificial intelligence techniques help
health decision makers via knowledge-driven DSS applications, specifically clinical decision
support systems (CDSS). Artificial intelligence applications can also assist health professionals
in enhancing their decision-making abilities by incorporating complex operational rules and
developing such procedures as single-or multi-agent systems. This research focuses on what to
emphasis on while designing a DSS in the healthcare setting, such as which programming or
modelling languages to employ and how to transform a model-driven DSS into a knowledgedriven DSS, or how to create the DSS more intelligent. Overall, this study indicates a present
course for DSS and offers useful knowledge for both scholars and professionals in the healthcare
domain.
Keywords: decision support systems, model-driven DSS, knowledge-driven DSS, artificial
intelligence in healthcare, intelligent decision support systems.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or
distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work
owned by others than AITA must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists,
requires prior specific permission and/or a fee. Request permissions from infıo@aitajournal.com
Artificial Intelligence Theory and Applications, ISSN: 2757-9778. ISBN : 978-605-69730-2-4 © 2022 University of Bakırçay

42

A. Hızıroğlu, A. Pişirgen, M. Özcan and H. K. İlter

1. Introduction
Healthcare industry, particularly its decision-making capabilities has recently received
significant interest from researchers and practitioners [1]. This increased attention has
been observed by healthcare professionals and inter-disciplinary and multi-disciplinary
academia on decision support systems (hereafter DSS) [2]. Healthcare service
processes or management and clinical practices have then been investigated via
numerous DSS applications for enhanced decision-making in the healthcare industry [3].
These applications trigger to develop effective DSS. This continuing interest encouraged
both academia, managers, and practitioners to reveal the importance of designing,
developing, and implementing functional DSS [4].
DSS in healthcare industry has been evolving since the foundation of DSS has been
changing with the increased use of developing technologies such as big data, cloud
computing, artificial intelligence (hereafter AI), and machine learning [5]. This
evolvement enables DSS to become more intelligent and, therefore, helps decisionmakers to retrieve meaningful information and facilitate this information during decision
making. Nevertheless, the various applications have demonstrated the necessity to
classify DSS in the healthcare industry to provide a holistic perspective while focusing
on a particular taxonomy branch [6].
The focus of this study is to understand the transformation of DSS from model-driven
and knowledge-driven in the healthcare industry with a categorical concentration of AI
applications adopted. In this study, relating articles which examined DSS tools
associated with various AI techniques performed in the healthcare industry were
reviewed. To summarize, this study provides an overview of conceptual categorization
of AI techniques from DSS perspective to highlight the increasing use of AI in the
healthcare industry.
The reminder of this paper is organized as follows. Section 2 highlights the decisionmaking and historical perspective of DSS taxonomy while providing a framework of
classification of model-driven and knowledge-driven DSS from the artificial intelligence
perspective. The following section presents the model-driven DSS in the healthcare
industry and its integration with AI applications. Section 4 explains how knowledge-driven
DSS in the healthcare industry and its AI applications that make the DSS more intelligent
are addressed. Section 5 focuses on different aspects of developing, implementing and
using model-driven DSS or knowledge-driven DSS. Finally, the main conclusion is
presented in Section 6.
2. Decision Making and Decision Support Systems
Decision-making is a cognitive process of selecting the best possible choice and taking
action amongst several possible alternatives. If there is a need to solve complex
problems using mathematical methods, the operations research discipline is often
benefited [7]. The techniques that are utilized by operations research are generally
classified as deterministic and stochastic techniques; depending the degree of certainty.
Whereas linear programming, integer programming, goal programming, analytic
hierarchy process, transportation and assignment models, nonlinear programming,
deterministic dynamic programming, deterministic inventory models, network analysis
are some examples of deterministic models; Markov chains, queueing theory, decision
analysis, game theory, simulation, forecasting models, probabilistic inventory models,
probabilistic dynamic models are well known stochastic model types [8]. Due to the
acceleration in technological developments, AI applications integrate with the operations
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research discipline; ranging from case-based reasoning, fuzzy logic, knowledge-based
systems, genetic algorithms and hybrid techniques [7]. The integration has been
illustrated in Figure 1.

Figure 1. The integration framework between Operations Research and Artificial
Intelligence [7].
Although it is assumed that human beings should have rationality in the best decisionmaking process, there are also subjective factors that prevent the rationalism of the
decision process. Decision-makers may have a lack of knowledge that makes the future
uncertain. Therefore, it is possible to define decision analysis as systematic approaches
that transform the uncertainty of the future to the most certain one possible.
The need to analyse, evaluate and extract information and desire to systematize
decision-making are main catalysers of developing DSS [9]. Another essential factor in
implementing DSS is the volume of decisions to be made within a limited time [10]. These
challenges trigger managers and practitioners to develop DSS; while academia has
played a supporting role during this development [11]. Nevertheless, the fuzziness and
proliferation of naming each system for decision making as DSS have increased the
importance of classifying existing DSS [12].
The terms “framework”, “taxonomy” and “conceptual model” are interchangeably referred
for these classifications based on their mutually exclusive characteristics and often used
as misnomer terms [13]. To overcome this problem, classifying DSS enables
demonstrating both similarities and differences so that the users have a better
understanding of them and therefore adopt relevant DSS that fulfils the need for decisionmaking. Furthermore, DSS is not a static domain, meaning that DSS’s evolvement is
inevitable [14].
In management information system literature, taxonomies of DSS exist; however the
“adaptive” and “evolutionary” nature of DSS requires a revisit of existing taxonomies [13,
p. 247]. Starting with Alter’s [15] taxonomy, DSS is categorized under two types: dataoriented and model-oriented, while these two types include a total of seven DSS. These
seven categories are file-drawer systems, data analysis systems, analysis information
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systems, accounting models, representational models, optimization models and
suggestion models which summarize the generic operations ranging from data to
decision-making.
Further extensions have been included to the taxonomy of Alter [15], such as Bonczek
et al. [16], Klein and Methlie [17], and Holsapple and Whinston [18], While these
extensions do not concentrate on significant changes and focus adoption of DSS,
another important taxonomy evolved (Fig. 2) from Alter [15], is Power’s [14] taxonomy
which identifies DSS in five categories as data-driven, model-driven, knowledge-driven,
document-driven and communication-driven. While this taxonomy provides parallelism
with Alter [15], knowledge-driven DSS which prioritises database management, is added.
In addition to knowledge-driven DSS, communication-driven DSS and document-driven
DSS are included in this taxonomy. Nevertheless, focusing on recent technological
developments, including communication and cloud-based document sharing,
communication and document-driven DSS are not considered as standalone DSS. At
the same time, any business intelligence applications embed them. Therefore, Moreira
et. al. [6] narrows DSS groups and presents them into three categories: data-driven,
model-driven and knowledge-driven.

Alter [15]
Data-oriented
Model-oriented

Power [14]
Data-driven
Model-driven
Knowledge-driven
Communication-driven
Document-driven

Moreira et al. [6]
Data-driven
Model-driven
Knowledge-driven

Figure 2 – Transition framework from model-driven to knowledge-driven DSS
Data-driven DSS derive from inductive reasoning that concentrates on “time-series of
internal, external, and real-time data” from online analytical processing (OLAP) and data
warehouse systems [12]. Alter [15] exemplified the first data-driven DSS as an analytical
information system, and further developments in software trigger the evaluation of
analytical information systems to executive information systems [19]. On the other hand,
model-driven DSS provides an elementary level of functionality to the users and enables
them to manipulate model inputs. Nevertheless, large databases are not required for
model-driven DSS [4]. Since computerized systems made model-driven DSS easily
accessible to managers, manipulation optimization and simulation models with AI
applications to overcome more complex problems. The last and the most promising is
knowledge-driven DSS which provide suggestions and recommendations via an AI
machinery inference [6].
This study enables more precise mapping of the DSS framework to relate this taxonomy
with AI applications. This framework addresses how model-driven and knowledge-driven
DSS are adopted conventionally and complementarily by concentrating on the
healthcare industry. Starting with model-driven DSS, decision analysis and multi-criteria
decision making, optimization, mathematical programming, and simulation are
conventional methods and enable decision-makers to solve problems based on provided
data [6]. These tools are then combined with AI applications such as fuzzy systems,
heuristic search, and agent-based systems [20 - 24]. In the healthcare industry, model-
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driven DSS is adopted to overcome operational problems such as deciding the location
of a hospital and providing a route for homecare practitioners. In addition to model-driven
DSS, knowledge-driven DSS includes knowledge management systems, learning
management systems and knowledge repository as conventional methods and expert
systems, automated tools and machine learning as complementary AI-based methods
that make knowledge-driven DSS more intelligent [25 - 28].
Figure 3 includes only model-driven and knowledge-driven DSS methods. It excludes
data-driven DSS since both conventional and complementary model-driven and
knowledge-driven DSS methods facilitate from data and documents as inputs.
Furthermore, utilizing large datasets to obtain meaningful information makes DSS more
intelligent and helps users by offering predictive models. This inclusion of data
encourages focusing on model-driven and knowledge-driven DSS.

Figure 3 – Transition framework from model-driven to knowledge-driven DSS
3. Model Driven Decision Support Systems in the Healthcare Industry
Model-driven DSS is a tool that decision makers manipulate inputs to analyse the
problem while understanding the impact on outputs. The primary understanding behind
a model-driven DSS is that a decision-maker who has no skills in designing DSS can
facilitate a model-driven DSS. In other words, after a model-driven DSS is developed,
there is no further need to amend. Decision-makers benefit from it by changing inputs
repeatedly [12]. A model-driven DSS includes decision analysis and multi-criteria
decision making, optimization and mathematical programming, and simulation as
techniques [4]. Furthermore, the inclusion of AI into these techniques developed
advanced methods such as fuzzy systems, heuristic search, and agent-based
simulation.
3.1. Decision Analysis and Multi-Criteria Decision Making: The Role of Fuzzy Logic
Decision analysis is a systematic analysis approach that provides better decision support
for decision-makers by using various quantitative methods [29]. These methods are
chosen depending on the conditions such as under certainty and uncertainty.
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DSS in the healthcare industry also uses multi-criteria decision-making methods. Multicriteria decision-making methods are systematic decision-making approaches, which
enable to reach the best option among the alternatives and criteria. In addition, fuzzy
multi-criteria decision-making methods are used in cases where there are incomplete
and vague data in defining alternatives and criteria. They provide analysis and solutions
to complex problems.
There are various examples where decision analysis and multi-criteria decision-making
approaches are used in the healthcare industry. There has been a remarkable increase
in the implementation of model-driven DSS in the field of health recently. Zarkogianni et
al. [30] examined the management process of diabetes from a preventive healthcare
perspective. Thanks to the clinical decision support systems (hereafter CDSS)
integrating electronic health records, substantial gains have been provided to both
patients and physicians regarding preventive care and clinic management of diabetes.
By developing wearable technologies, information obtained from smart sensors is
applied in the remote management of diseases. In parallel with developments in mobile
communication technologies, it is observed that model-driven DSS applications have
emerged in emergency healthcare services. Andriopoulou and Dagiuklas [31] developed
a system with real-time data that monitors patients’ vital signs. This system was
integrated with the decision tree model; thus, they proposed a model-driven DSS
converted into automatic emergency calls when needed.
Nair et al. [32] proposed a real-time and model-driven DSS in which anaesthesia
procedures were developed in surgical processes. DSS, integrated with the anaesthesia
information management system, was modelled based on logical decision rules and
created significant improvements in patient care, billing, and material management in the
healthcare facility.
It is observed that there is an increasing number of studies on DSS in which multi-criteria
decision making methods are applied in the healthcare industry.
Ağaç and Baki [33] conducted a review about the usage of multi-criteria decision-making
techniques in healthcare. They stated that Analytical Hierarchy Process (AHP) and
Analytical Network Process (ANP) were preferable methods. According to their study;
these techniques were addressed to solve problems such as selecting hospital and
medical waste location, evaluating service quality, risk assessment, supplier selection,
providing decision support for medical treatments, and selecting medical waste disposal
method.
Broekhuizen et al. [34] studied the multi-criteria decision making methods when facing
an uncertain situation. They stated that DSS using fuzzy sets were benefited in areas
such as environmental health and diagnosis.
Mardani et al. [24] investigated the development of multi-criteria decision making and
fuzzy set applications in the field of health for the last 30 years. According to the findings,
AHP and hybrid techniques were the most commonly used methods. The other methods
were Fuzzy AHP, TOPSIS, Fuzzy TOPSIS, ANP, Fuzzy ANP, VIKOR, Fuzzy VIKOR,
PROMETHEE, and ELECTRE. They also stated that these methods were applied in
environmental sustainability, medical waste management, medical service quality, risk
management, medical equipment and material selection, and hospital services.
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Nazari et al. [35] developed a hybrid DSS integrating with Fuzzy AHP and Fuzzy
Inference Methods to assess heart attack risk. They discussed the implementation
results of the study. They also emphasized that significant improvements were achieved
in evaluating the possibility of developing heart disease in a patient, providing early
diagnosis, and decreasing the clinical costs.
Due to the clinical complexities and pathological differences of many diseases, it is
thought that many statistical methods sometimes do not meet the expectations in
medical diagnosis processes adequately. This situation may cause various errors and
uncertainties in the diagnosis stages. In such cases, AI-based fuzzy DSS provides
essential support to decision-makers in diagnosing various diseases like malaria related
infectious diseases, cardiovascular diseases, cancer, asthma, flu, influenza, hepatitis,
bone marrow diseases, and meningitis [36]. AI and model-driven DSS will also have an
impact on the diagnosis and treatment of different diseases.
3.2. Optimization and Mathematical Programming: The Role of Meta-Heuristic
Search
In addition to decision analysis and multi-criteria decision making, optimization and
mathematical programming methods which are amongst the operations research
techniques have been applied for model-driven DSS in the healthcare industry. The
primary purpose of applying optimization and mathematical models is to solve the
problem related to the operations of the business. Furthermore, these methods constitute
a model-driven DSS to visualize a model via data presentation, graphic display, and
statistics [37].
Like other industries, optimization and mathematical programming are used to optimize
the operations of healthcare organizations. Determining the location of a hospital and a
unit inside the hospital, shift planning, and logistical needs such as blood supply chain
are main operational issues solved via optimization and mathematical programming [38].
In their study, Geçici and Güler [39] modelled the problem of shift scheduling of nurses
working in a hospital's cardiovascular surgery clinic by using mixed integer programming
model. They transformed this model into an Excel-based decision support application.
With the inference of AI-based methods, optimization and mathematical programming
facilitate from meta-heuristic search, a method chosen to provide an optimal solution in
an acceptable time. Speed, quality, and cost are the parameters that target achieving
optimality, while extensive mathematical modelling and the power to calculate are
required. Studies, which started developing meta-heuristic algorithms on the calculation
of the optimum travel route for the sales representative, are used today in making optimal
operational decisions in the healthcare industry [40]
Determining the location of the hospital is of great importance for healthcare investments.
Model-driven DSS using heuristic algorithms is used to determine this hospital’s location,
which is an operational decision. In Korea, Kim and Kim [23] tried to determine the
optimal location to serve the maximum number of patients, considering the patient
diversity, from the determination of the locations where the health institutions would be
built within the budget by heuristic search. Developed on the LaGrange heuristic
algorithm, they created a model-based DSS for patients in various income groups who
would prefer private or public hospitals to make the optimal decision with computerbased experiments. This model was intended to be used by health authorities in the
future to select the most appropriate hospital location in Korea.
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Dios et al. [20] carried out a similar scheduling study in planning surgical operating rooms
in the largest hospital in Spain. It was stated that the model had 98% consistency in short
term schedules. A time saving of approximately 30 hours per month was achieved by
transferring the manual schedules to the digital system. Kuo et al. [41] handled the
optimization approach with a mixed integer linear programming model. They proposed a
solution approach modelled with real-time data for the distribution of emergency medical
resources after disasters. They also discussed how the proposed decision support tool
could be adapted to this model.
In another study conducted in the healthcare industry, different distribution methods were
compared to optimize the transportation activities performed during the planning phase
of home care services (Laesanklang & Landa-Silva, 2017) [42]. After intensive
mathematical programming, the study revealed that the heuristic approach was the
system that proposed the fastest transportation route among these methods.
Furthermore, Fathollahi-Fard et al. [43]. compared different heuristic algorithms and
presented various models according to priorities to optimize home health services.
These studies reveal that optimization and mathematical programming methods are
used in model-driven DSS, particularly planning. At the same time, heuristic approach is
one of the preferred tool for decision making, particularly operational decisions in
healthcare [38].
3.3. Simulation Techniques: The Role of Agent-Based Systems
Simulation is defined as “imitating the behaviour of an actual or anticipated human or
physical system” [4, p. 1047]. A model-driven DSS using simulation techniques such as
Monte Carlo simulation, discrete-event simulation, system dynamics are used in the
healthcare industry to assess health risk and cost-benefit evaluation of a medical
treatment; to plan healthcare services and health economic models; and to evaluate
public health policy and infrastructure [44]. In their study, Huang et al. [45] intended to
evaluate the cost-effectiveness of diabetes care using Monte Carlo simulation and
concluded that some level of improvements were observed during simulation, and costeffectiveness is gained for diabetes treatment. Another study by Roze et al. [46]
presented a study adopting a computer simulation to evaluate a health economic model
focused on the relation of the lifetime of dyslipidaemia patients and cost outcomes of
lipid-modifying therapy. The simulation results revealed the successful application of a
model for dyslipidaemia therapy and highlighted that the model was incrementally helpful
for the evaluation of new and existing therapy options.
With ongoing developments in information technology and inference of AI in the
healthcare industry, agent-based simulation technique received significant attention from
researchers [21]. Agent-based simulation enables researchers to understand the agent
and artificial world, which provides constructive opportunities to recreate the artificial
world when necessary. This artificial world of an agent is a very likely representation of
the actual situation [47]. This simulation method is widely used in the healthcare domain
for clinical treatments. In their research, Abbott et al. [48] simulated the hallmarks of
cancer by facilitating an agent-based simulation model known as CancerSim to
understand the population dynamics of cancer cells and define their characteristics of
these hallmarks. This study highlights the importance of adopting agent-based
simulation and demonstrates how AI opens new venues for model-driven DSS with a
conclusion of relevance to the possible therapies and artificial life phenomena.
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In addition to clinical treatments, agent-based simulation is implemented to understand
the potential scenarios of an epidemic. Liu et al. [49] conducted a study that aimed to
imitate the transmission of measles among individuals in various locations such as
houses, schools, kindergartens, workplaces, and neighbourhoods. The results of the
study demonstrated the importance of vaccination and immunity coverage and provide
opportunity to develop a model of vaccination. Furthermore, the managers of healthcare
emergency departments applied agent-based simulation to create dedicated strategies
for emergency units, so this provides them an opportunity to design a model-driven DSS
[50].
To achieve the optimal staff configuration, including doctors, nurses, and admission
personnel; and to minimize waiting time of the patients, agent-based simulation was
conducted. The results present a better understanding of the problem and help
emergency department managers to set up a model-driven DSS. Additionally, Kalton et
al. [22] used the multi-factor simulation method to analyse the complex structure of
mental health systems. The developed model-based system provides information to
decision-makers to be used in planning, performance, and various other healthcare
services received by patients with mental illness. In another study, a model-driven DSS
was created by simulating the operating room. An operation process was evaluated as
preliminary, activity, and post-operative, and the simulation technique was used to define
the problem and improve the service [51].
4. Knowledge-Driven DSS in the Healthcare Industry
Knowledge-driven DSS, which reflect intelligent human behaviour, are known as
computer-based reasoning systems. Decision makers facilitate these DSS to solve
specialized problems and are therefore referred to as “person-computer systems” [12, p.
131]. Nevertheless, knowledge-driven DSS, before the inclusion of AI methods, include
some tools such as knowledge management systems (KMS), learning management
systems (LMS), and content management systems (CMS). Lee and Hong [52] refer to
knowledge management systems as centralized applications that enable strategic and
tactical decision-making. In addition to KMS, considered the technological infrastructure
of DSS, organizations utilize LMS to construct an organizational learning culture that is
inevitable for achieving a competitive advantage in a knowledge-based economy [53].
Furthermore, organizations utilize from CMS while dealing with increasing complexity
and volute of information. Decision-makers then acknowledge the strategical role of CMS
for decision support, and CMS positively impacts decision support activities [54].
Nevertheless, these systems lack AI interference, and with the inclusion of AI, automated
tools, machine learning and expert systems become preferable methods for knowledgedriven DSS [55].
4.1. Automated Tools
Increasing demand for health services regarding limited time and personnel cause
decision-makers to gain efficiency [27]. AI, in this manner, serves as a method to
enhance decision-making and analytical processing while imitating human cognitive
functions. Automated tools are referred to as automated AI-based healthcare tools that
not only assist patients in being diagnosed but also promote their wellbeing. Starting with
automated conversational agents, Laranjo et al. [56] reviewed the literature and
highlighted that advancement in voice recognition, natural language processing, and AI
trigger the implementation. Nevertheless, although automated tools are considered as
primitive stage of expert systems, the results provided that the use of automated tools in
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the healthcare industry was relatively limited. After Covid-19 pandemic, to lower the
transmission of the virus, the increasing need for telemedicine leads to the prevalence
of automated conversation agents [57]. This application provides an opportunity for
remote intelligent consultancy and timely and quality treatment. In addition to
conversational agents, the healthcare industry benefits from automated healthcare kiosk
to manage chronic diseases. Patients with these diseases regularly visit the kiosk instead
of practitioners when the outcomes are within range of expectable conditions extracted
from the knowledge database. Nevertheless, after certain visits to the kiosks, patients
are expected to visit practitioners. This study reveals that the healthcare kiosk presents
an alternative way to support patients for stable chronic diseases [58].
Nevertheless, automated tools in the healthcare industry have the potential the improve
the service quality, the importance of AI with large datasets of patients’ information plays
significant role particular to expert systems. These datasets are also inputs for machine
learning applications which will then be useful for developing comprehensive expert
systems.
4.2. Machine Learning
Machine learning is a learning method from existing data via algorithms to predict the
results of future tests of new data [59]. Based on supervised, unsupervised, semisupervised and reinforcement techniques, the experiences obtained from historical data
are processed by the machine to extract insights or useful knowledge to help decisionmaking process, as illustrated in Figure 4.
Machine Learning Types

Supervised Learning

Labeled Data
(Discrete)

Labeled Data
(Continuous)

Classification

Regression

Unsupervised Learning

Semi-Supervised Learning

Unlabeled Data

Labelled + Unlabeled Data

Clustering

Association

Classification

Reinforcement Learning

Positive
(Reward)

Negative
(Penalty)

Clustering

Figure 4. Taxonomy of Machine Learning [60].
The application of machine learning in the healthcare industry offers an opportunity for
analysing a large volume of data so that patients’ risk scores are categorized, diseases
are diagnosed, and healthcare operations are improved.
DSS based on machine learning techniques is also used in various applications in the
healthcare industry. The combination of machine learning techniques and DSS makes
essential contributions to the early diagnosis of cancer diseases. One of the features of
machine learning that distinguish cancer from other diseases is the low success rates in
early diagnosis. Bashiri et al. [25] highlighted the importance of approaches including
machine learning techniques based on gene expressions data. According to the narrative
review, thanks to developing CDSS based on machine learning methods, decreasing the
prediction errors and developing proper and more individualized treatments are possible.
Choy et al. [61] reviewed and discussed the applications of knowledge-driven DSS via
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AI approaches in radiological practices. This study highlighted the significance of
machine learning and underlies the potential in radiology for the future.
Data that are gathered from intensive care units are potential inputs of DSS. Studies
regarding machine learning techniques in intensive care units also support the potential
mentioned above. Shillan et al. [28] investigated the preferable usage of machine
learning techniques in intensive care units in this context. The study indicated that the
most common aims were predicting complications, predicting mortality, and classifying
sub-populations in intensive care units. According to the study, the most preferred
machine learning approaches were neural networks, support vector machines, and
classification/decision trees, respectively. In addition to these diagnosis-oriented
machine learning applications, Gartner and Padman [62] addressed an operational
behavioural problem in the healthcare industry. In their study, the waiting time perception
of emergency care patients was analysed using machine learning classification. The
results pointed out that when staff shifts were changed, the overestimation of waiting
time by patients lowers, assuming that this potentially improved patients’ satisfaction.
4.3. Expert systems: The Role of AI
Expert system as a branch of AI reflect individual or organizational behaviour with expert
knowledge for specific problems. These systems are computer programs and require a
knowledge base that refers to agreed facts general to the knowledge, a strategy to
represent and diversify knowledge, and an inference engine as a problem-solving tool
[63].
As a method of knowledge-driven DSS, expert systems are benefited for specific
problems to be solved in the healthcare industry and serve as intelligent assistants to
diagnose a disease, analyse laboratory test results, develop treatment protocol, and so
on [64]. In addition to clinical applications of expert systems, Kunz and Schaaf [65]
integrated a clinical balance scorecard into the expert system software to assess the
performance and concluded that the expert systems with a clinical balance scorecard
application served effectively as a performance measurement tool. In another study
conducted by Abu Nasser [66], how expert systems can benefit from the healthcare
industry was analysed via a survey. According to the analysis of the results, expert
system-based computer programs supported many diagnosis and treatment processes
such as back pain, hepatobiliary, urinations problems, breast cancer, hypertension,
endocrine, rheumatic, and genital diseases. In their study, Hamedan et al. [26]
developed a fuzzy logic expert system for chronic kidney disease by identifying
diagnostic parameters and risk factors. This knowledge-driven DSS supported by the
expert system indicates the usefulness of prediction of chronic kidney disease
successfully.
Another contribution highlighted by Saibene et al. [26] is related to the applications of
expert systems in the healthcare domain within the last decade. According to their
investigation; when developed countries are examined, it is seen that there is a need of
monitoring of chronic diseases integrating with real time automated tools. To take the
pressure of the health-related problems, they reported that medical expert systems which
are applied in various sub-practises including heart related issues, fall detection and
elderly problems, neurology and chronic pains, pulmonary, urinary system represent
subsidiary decision support systems particularly in daily clinical practices. In Table 1,
some studies are listed to demonstrate examples of expert systems used for diagnostic
purposes.
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Table 1. Examples of Experts Systems for diagnostic purposes
Studies
Neshat et al.[68]
Subanya et al.[69]
Dheeba et al.[70]
Vijay et al. [71]
Sawhney et al. [72]
Rashid et al. [73]

Disease
Hepatitis
Heart Disease
Breast cancer
Brain Tumour
Cervical Cancer
Diabetic Mellitus

Accuracy Rate
86,35% – 94,58%
81,50% – 86,4%
89,87% – 93,67%
92% – 95%
94,92% – 97,36%
89,99% – 97,32%

All these studies highlight the intelligence capability of expert systems in the healthcare
industry while recognizing the importance of AI. AI also enables decision-makers to
develop automated tools.
5. Consideration for Developing Model-driven or Knowledge-driven DSS in
Healthcare Industry
DSS requires specific infrastructural considerations: a language system, a presentation
system, and a knowledge system. While programming language is considered as the
technical focus of a language system, a presentation system refers to the user interface.
Moreover, a knowledge system includes any input such as data, document and datasets
[74]
Starting with the language system, studies in the healthcare industry present various
programming languages such as C #, Visual Basic, and Phyton and database
management systems such as MySQL. Dios et al. [20] presented a linear programming
model for hospital management as an administrative decision support application. C #
programming language and MySQL database management system were used during
the development of DSS. Geçici and Güler [39] proposed DSS for users who require
technical capabilities of use Python programming language. Nair et al.’s [32] serverclient application called Smart Anesthesia Manager (SAM) was developed using
Labview and coded using Visual Basic programming language. Andriopoulou et al. [31]
benefited from the C++ multithreading programming model and open sources
technologies such as InfluxD and Grafana. Hamedan et al. [26] developed a CDSS using
Matlab programming platform to predict chronic kidney disease.
As a language system represent technical infrastructure of DSS, a user interface fulfils
the basic characteristics. This refers to a non-tech user’s capability to create and modify
various DSS by only changing input parameters. Therefore, a user interface is
considered as one of the foundation of DSS [4]. Regarding the healthcare industry, the
user interface has significant importance since, in the US, user interface of a DSS is
considered one of the key requirements [75]. Shojania et al. [76] addressed an essential
feature of DSS as alerts, and in their study, recommendations as alerts were over-ruled
by nurses. These workarounds were important factors that lower the effectiveness of
DSS. In another study, Yuan et al. [77] focused on the design process of a user interface
based on the needs of practitioners and nurses and explained the need to include
recommendations based on treatment protocols. Furthermore, the study revealed that
the checklist-based design helped healthcare users to follow the work process. After a
training program and participatory adoption of DSS, this user interface design was
implemented in other facilities.
The last but the most infrastructural element of DSS is a knowledge system that
representing all the inputs such as data, documents, and datasets that DSS access and
store, while generating knowledge from these inputs. In the context of the healthcare
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industry, patients’ history such as diagnosis and prescriptions, medical and clinical data
such as imaging and laboratory test results, and personal medical data of patients are
the main inputs for decision-makers [78] These data constitute a large volume of
healthcare repository, then used for data mining purposes to construct DSS.
Furthermore, sharing dataset is nowadays considered as a significant academic
contribution. In this regard, Johnson et al. [79] shared a large dataset of patients in critical
care units in a journal dedicated to dataset sharing, named ScientificData.
Overall, DSS require certain infrastructural elements as a language system, a
presentation system, and a knowledge system similar to other industries. Nevertheless,
specific issues related to DSS infrastructure arise in the healthcare industry, such as
requirements of DSS user interfaces and ethical responsibilities of healthcare data.
These problems remain unsolved and take significant attention from various
stakeholders [80-81].
6. Conclusion
Decision making is defined as a cognitive process that enables humans to collect
information and choose alternatives while the human brain endeavour to decide.
Therefore, systematic decision-making approaches are required to help humans during
evaluation. DSS is a tool that enables decision-makers to solve complicated problems
by presenting specific methods. However, DSS is often used as a misnomer phrase and
needs to be scrutinized both terminologically and systematically since the evolution of
information systems is inevitable.
This study particularly adopts the categorization of DSS in two groups as model-driven
and knowledge-driven; however, these groups are not defined before, particularly after
recent developments in information technology such as big data, AI, machine learning.
This study contributes a framework to the literature that provides the transition from
conventional methods, which enables model-driven and knowledge-driven DSS to
become more intelligent. Furthermore, this framework enables future researchers and
users of DSS to understand what actually they intend to develop and which methods are
used in the relevant section of the framework.
Nevertheless, the border between the sections of framework will become more
ambiguous since DSS includes a single method and combination of methods to
overcome problems that make it more problematic to identify the categorization of DSS.
On the other hand, this inclusion of multiple methods will lead to DSS’s evolution from
monadic operation to multi-task operations.
In the healthcare industry, CDSS with the interference of big data and AI, becomes
hypervisible; however, CDSS has the limitations of focusing on single operations such
as image recognition to diagnose. We believe that the DSS research will follow the
direction of focusing on multi-task CDSS in the future. Furthermore, healthcare data will
gain more significance, providing considerable opportunities to the researchers who
develop DSS that facilitate AI-based methods. Finally, genetic algorithms have the
potential to improve the preventive healthcare services.
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