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Abstract

From the first related documentation in
1950s, there are progressive increase of
studies and researches about these systems
to support clinicians and health
professionals in decision-making. This
paper shows a brief summary about
Clinical decision support system (CDSS),
focusing on definitions, characteristics,
effectiveness and challenges. Besides the
classification based on computer-science
methodology, this study also provides
certain positive outcomes of CDSS as well
as current constraints following with
solutions for the future’s improvement.

1 Introduction

With the extremely large increase of medical
information and knowledge (Faria et al., 2015),
there could not be avoided from the limitation of
clinicians in memory and decision (Norman,
1987). Therefore, since the early stage of
computers, researchers have found the way to
develop a machine which can assist physician’s
decision making (Shortliffe and Buchanan, 1975).

There are certain definitions for a clinical
decision support system (CDSS) from the Haynes
(2010)’s simple definition to the sufficient
explanation of Hunt (1998) which is described how
CDSS works. In this paper, the CDSS was defined
as “information systems designed to improve
clinical decision making” (Garg, 2005).

Tracing back to the first idea of CDSS, Nash
(1954) pointed that some traditional methods such
as books and cards could not contain the giant data
of medicine. Therefore, he offered a solution for
doctors who looked up the wvalid information,
namely a “mechanical table”. From that, there has
been an increase of studies about this system,
especially in health informatics (Faria et al., 2015).

However, the more IT use in health care does not
mean the more its effectiveness (Faria et al., 2015).

In this paper, it is answered the following
questions: (1) What are characteristics of CDSS?
(2) Can CDSS improve the clinical outcome or
successfully support clinicians in practice? (3)
What are challenges when implementing CDSS
and solutions for each issue?

This study is following with six sections; the
first section introduces CDSS’s definition, history,
recent trend and impact. Second section refers
methodology adopted to achieve the references.
The third section is presents about characteristics
and classifications of CDSS. Forth section clarifies
effectiveness while fifth section explains the
challenges and suggested solutions. Finally,
conclusions are pointed in the last section.

2 Methodology

The paper provides a literature-based summary
which is applied the manual search of specific
libraries, such as Google Scholar, ScienceDirect,
PubMed, Springer, Wiley, IEEE Xplore, Research
Gate.

The search terms are CDSS, Clinical decision
support system, type CDSS, Al in CDSS, health
system, health  information  technology,
knowledge-based CDSS, non-knowledge-based
CDSS. Supplementary methods of finding studies
by hand searching in the references lists of
retrieved articles.

Our inclusion criteria were totally peer-
reviewed journals evaluating CDSS’s impact on
healthcare, including positive and negative
outcomes. These papers can be randomised and
non-randomised controlled trials, literature
reviews, and systematic reviews. Our exclusion
criteria were non-English studies, and not peer-
reviewed article journals.
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3 Characteristics

The purpose of these systems is not to replace
the human role, just support decision-makers by
providing  the relevant knowledge or
recommendations (Miller, 1990). Three main
reasons for that are (1) systems are not perfect and
have errors, which leads to fail (Miller, 1990); (2)
systems cannot balance between costs and benefits
for each suggestion and for particular patients and
situations (Shortliffe, 1987); (3) clinicians always
have a more complete picture of specific patients
than systems (Barnett et al., 1987).

There are numerous CDSS’s classifications
because each researcher defined them by their own
purposes and criteria (Chung et al., 2015). For
example, Fraccaro et al. (2015) classified into three
main types depending on its operation: passive,
semi-active and active systems. In contrast,
according to CDSS’s functions, Shortliffe (1987)
distinguished by three types whereas Wright and
Sittig (2008) categorized them into six types.

From the perspective of computer-science
methodology, CDSS may be divided into two main
groups with the following definitions.

(1) Knowledge-based system is a system
having a  knowledge database
(Mylopoulos, 1996).

(i1) Non-knowledge-based system does not
have a knowledge store but uses
machine learning and other techniques
to find the pattern in clinical data
(Chung et al., 2015).

3.1 Knowledge-based system

In knowledge-based system, the patients’
characteristics are matched to the medical
knowledge base to deliver recommendations by
software algorithms (Garg, 2005).

Clearly, in the study by Shortliffe and Buchanan
(1975), they highlighted that many of knowledge-
based systems generate the outputs by using the
conditional probability rules (“if-then” formula),
which helps to contain the huge medical
information from textbooks and professionals.
Furthermore, they pointed out six advantages of
knowledge-based systems, including the use of
general and judgmental knowledge, ease of
modification, search, decision explanation,
augmented instruction.

An example of this type of CDSS is DXplain
which was used more than 500 hours at over 40

sites in United States, Canada, and Japan (Barnett
et al., 1987). Also, Isabel from Isabel Healthcare
was implemented worldwide from 2015 and
supports thousands of diagnoses (Vardell and
Moore, 2011). In addition, the ODCRARS system
assisted clinicians in cardiac risk assessment
(Farooq and Hussain, 2016).

3.2 Non-knowledge-based system

With the development of Artificial Intelligence
(Al), professionals have been applied Al into
CDSS to increase its performance (Fernandes et
al., 2020). Many technique are used in these
systems, such as machine learning (Farooq and
Hussain, 2016), logistic regression (LR),
classification and regression decision trees
algorithms (CART), random forests classifier, deep
artificial neural network (ANN) and support vector
machines (SVM) (Fernandes et al., 2020).

These systems are relied on algorithm to identify
medical patterns directly learned from clinical data
instead of knowledge base, which can avoid from
the dependence of knowledge (Farooq and
Hussain, 2016).

One of these systems is proposed by Kim and
Chung (2015) for tracking chronic disease patients
by using life pattern and psychological state to
report the critical situations. Besides, Georga et al.
(2009) presented the system applied data mining to
predict the glucose level in diabetic patients.
Another example is the MLDPS which uses
machine learning and feature selection techniques
to triage cardiac chest patients.

4 Effectiveness

There are several studies providing the positive
impacts of CDSSs in practitioner performance, risk
decrease and patient outcome, which lead to cost
saving.

4.1 Practitioner performance

The positive outcomes of CDSS in practitioner
performance are confirmed by many symmetric
reviews. For instance, in the review by Garg
(2005), he found that 64% of 97 controlled trials
improved the practitioner performance in
diagnosis, preventive care, disease management,
drug dosing, or drug prescribing. The same result
is revealed in another symmetric review by Hunt
(1998) when 66% controlled clinical trials showed
that CDSS had benefits to physician performance
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(43 out of 65 studies), especially preventive care
systems with 74% reported positive findings.
Similarly, Kawamoto et al. (2005) highlighted 68%
CDSS had the impact on clinical practice,
especially if the CDSS was designed with adequate
features, the positive outcome could be reached to
94% of 32 cases.

According to specific areas, Pombo et al.
(2014) reviewed 25 studies of CDSS related acute
and chronic pain and concluded that 84% of them
improved practitioner performance. With the
greater sample of studies (45 studies), Njie et al.
(2015) emphasized that CDSS had benefits in
clinician practices for preventive care, clinical tests
and treatments. A similar conclusion in the
literature-review by Hunt (1998) showed that 14
studies out of 19 studies (74%) had benefits in
preventive care reminder systems which remind
physicians about blood pressure assessment,
vaccinations, Papanicolaou tests, and cancer
screening.

In particular, the evaluation result with real data
of the system proposed by Dehghani Soufi et al.
(2018) for distinguishing the triage level of patients
is significant with 99.44% accuracy compared to
86.6% of the traditional method and 98.5%
documentation completeness compared to 76.72%
of the old method.

4.2  Risk decrease

Many studies agreed that CDSS can reduce risk by
preventing the adverse events and detecting errors
(Bates and Gawande, 2003, Kaushal et al., 2003)
because 91% adverse drug events can be
preventable based on the survey of six hospital
(Balthasar et al., 2009).

There are 3 out of 7 trials in the study by
(Kaushal et al., 2003) presented the remarkable
improvements in antibiotic medical errors. An
example of antibiotic risk decrease is highlighted
in the study by Evans et al. (1998) with several
measures, which totally gained benefits after
applying CDSS, including allergy drug order,
excess drug dosages, the mean of excessive drug
dosage days and adverse events, especially the
hospital expenditure, hospital stay time. Another
symmetric review by Wolfstadt et al. (2008)
demonstrated that half of the retrieved studies
reporting the high decrease of adverse drug events.

Certain specific systems had been evaluated,
following to the optimistic results. For examples,
use of CDSS decreased antibiotic prescribing and

macrolide prescriptions in children with 31.7%
versus 39.9% without CDSS, 6.2% versus 9.5%
without CDSS, respectively (Bourgeois et al.,
2010). Relating to deep-vein thrombosis, Kucher et
al. (2005) concluded that alert systems helped to
reduce the risk by 41%, whereas 83% decrease in
risk events (including mortality) in the study by
Haut et al. (2012). Another system evaluation
showed that CDSS detected 44% the harmful cases
of 596 true-positive alerts without clinicians’
recognition (Raschke et al., 1998).

4.3 Patient outcome

Evidences in patient outcome are listed in the
review of Hunt (1998) with 6 of 14 studies finding
benefits and Bright et al. (2012) with conclusion of
that CDSS improved morbidity outcomes.
Particularly, the appropriate fraction of
prescriptions improved by 13% in dose and by
24% in frequency as well as the stay days lightly
decreased in the study by Chertow et al. (2001). A
similar findings in the trial by Rosenfeld et al.
(2000) are 68% of ICU mortality decrease
(compared to 46% without CDSS), 33% hospital
decrease (vs 30), 44% ICU incidence decrease (vs
50%), 34% ICU staying length (vs 30%) and 33%
ICU costs (vs 36%). Another CDSS
implementation’s result is examined by Khan et al.
(2010), in which, CDSS reduced the
hospitalisation’s rate, emergency room visits (25%
reduction), which leads to cost savings (11% for
hospitalisation and 27% for emergency visits).

5 Challenges and solutions

Despite effectiveness described above, they are
still limited in use within clinical practice (Sutton
et al., 2020)

5.1 Insufficient patient outcome

Although certain reviews evaluated the impact of
CDSS on patient outcome, the effects are still
insufficient and inconsistent (Garg, 2005, Hunt,
1998).

In the study by Garg (2005), the majority of 52
trials measured patient outcomes had not enough
statistical power to identify the differences. Only 7
trials proved the improvement, but no study
showed the positive findings in critical factors such
as mortality.

Hunt (1998) highlighted in his symmetric
review that not many studies measured the patient
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outcome, and just few of them reported benefits.
There are inconsistent results between 7 ftrials
related warfarin dosing systems. Also, just 20%
CDSS in chest and abdominal pain diagnosis were
effective.

The same conclusion happened in a
cardiovascular disease systematic review by Njie
et al. (2015) when insufficient amount of studies
related patient outcome and findings for risk factor
outcomes were inconsistent. Ali et al. (2016)
observed that just week to modest positive results
in diabetes care indicators.

The explanations for the inconsistent results are
the complexity of the measure process and the lack
of evaluation standard (Randolph, 1999). To solve
this obstacle, it should be established a process or
a principle for evaluating CDSS performance
(Randolph, 1999, Miller, 2009). Meanwhile,
researchers are encouraged to conduct more CDSS
evaluation in clinical practice (Sim, 2001),
especially focusing on major outcomes such as
morbidity and mortality in the long term (Murphy,
2014).

5.2 Excessive intervention

While speed of response is very important for
clinicians (Bates, 2003), one of the major problems
of CDSS is difficult in accessing, interacting, and
perform speed (Barnett et al., 1987, Shortliffe,
1987). Another factors that affects the speed are
unexpected interruptions while incomplete process
(Miller, 2009), excessive alerts and “false positive”
warnings (Shortliffe, 1987).

To agree with the point, Kawamoto et al. (2005)
identified that computer-process systems had
greater benefits than manual-process systems and
the system delivered advice at the point of care
better performed than the delayed system. They
also analysed that the rate of success for automatic
interventions (75%) was significantly higher than
human interventions (0%).

The root cause of the problems is the
implementation of CDSS poorly integrated into
workflow, which is proved by the low adoption
level in RCTs (Ali et al., 2016). Therefore, CDSS
should be fitted into clinicians’ daily practices by
balancing between several resources and issues
such as human and technologies (Ali et al., 2016,
Sim, 2001) and delivering services in real time
with minimum waiting time (Miller, 2009,
Kilsdonk et al., 2017). Furthermore, CDSS should
be simple to use with less intervention

requirements (Miller, 2009, Kilsdonk et al., 2017,
Bates, 2003) due to the limitation of clinician’s
knowledge of such systems (Fraccaro et al., 2015).
Giving training and education for physicians
before CDSS implementation and having IT
support in their workplace could increase in their
acceptance (Kilsdonk et al., 2017).

The excessive “false-positive” alerts, which can
make physicians skip the actual meaningful
warnings (Shortliffe, 1987), can be overcame by
reviewing the rules, logs and periodic maintenance
to limit the events but highly important and
relevant alerts (Horsky et al., 2012).

5.3 Imperfect knowledge base

The decision making process is relied to
knowledge or data from medical text-books and
expert knowledge to increase the quality of these
recommendations (Barnett et al., 1987). However,
while the advanced clinicians’ expectations on
CDSS quality is high (Miller, 2009), there is no
totally perfect, accurate and comprehensive
knowledge base, either printed or computer-based,
especially some diseases still have few data
(Shortliffe and Buchanan, 1975), or just depend on
the visual appearance (Barnett et al., 1987).

Ideally, CDSSs should automatic update their
knowledge and data base by connecting to the
latest articles (Sim, 2001). In the long-term, there
is a need for authorized departments to coordinate
together to buid a comprehensive medical
knowledge (Miller, 2009).

5.4 Limitation of interpretation

The CDSS’s limitations on explanation,
interpretations justification and poor quality
interpretation are obstacles for clinicians’ system
usage (Barnett et al., 1987).

Kawamoto et al. (2005) determined the factors’
success in CDSS by literature-review and stated
that the systems recommending actions besides
assessments had more benefits than the systems
that just deliver only disease suggestions. Also, the
system providing the explanation for their
recommendations were more likely succeed than
the system without their reasons.

This means CDSS should provide enough

interpretations such as assessments,
recommendations, explanations for their advice to
ultilise their knowledge (Shortliffe, 1987).
Moreover, vocabulary and knowledge
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presentation’s standards could be useful for
CDSS’s interpretation (Sim, 2001).

5.5 Poor design

Horsky et al. (2012) presented that developing a
well-used system was not simple, especially with
CDSS, it was very complexity with trade-off
variables, such as analysis, intervention
requirements, accuracy, ease to use, waiting time,
etc., which may have errors. These system’s
performance can be reduced by the lack of good
design, implementation, maintenance, and even,
the lack of technical guideline for developers.

In the study by Kawamoto et al. (2005), the
systems that developing all four features
(automatic  fit into  clinical  workflow,
recommendations came with assessments, deliver
at point of care, and computer-based decision
support) had more significant increase in clinical
performance than the systems without any of four
features (94% compared to 46% in 32 systems).

To meet users’ satisfaction, there is a need for
including physicians, health professionals and
other stalk holders in the beginning stage to build
the comprehensive design of these system (Sim,
2001, Kilsdonk et al., 2017), in either
implementation stage and maintenance by
collecting users’ feedbacks, interviews, suggestion
as well as to establish the technical guideline or
standards for CDSS development (Horsky et al.,
2012).

5.6 The constraint of interoperability

The systems that integrated with other systems are
more probably succeed than stand-alone system
(Kawamoto et al., 2005). The reasons for this
problem are (1) the lack of standards about
interoperability and data, which prevents CDSS
from binding with other systems due to different
terminology (Ahmadian et al., 2011); (2) the weak
collaboration in institutions and hospitals
departments, which limits the data routine and
update in a workplace (Shortliffe, 1987).

To maximize the CDSS’s impact, appropriate
standardization of data (Ahmadian et al., 2011) and
interoperability (Kim and Chung, 2015)as well as
the acceptance for sharing data within institutions
and hospitals are necessary (Shortliffe, 1987).

6 Conclusion

This literature-based paper gives a general
summary of CDSS which has been increasingly
discussed in recent decades. The classification of
CDSS based on methodology divides the system
into two types: knowledge-based system and non-
knowledge-based system. The effectiveness of
CDSS in clinical practices is pointed, including
practitioner performance, risk decrease, and patient
outcome. Also, there are several limitations that
need to be addressed in the future, especially
msufficient patient outcome, excessive
intervention, imperfect knowledge base, limitation
of interpretation, poor design, and constraint of
interoperability.

Despite of the certain challenges we need to
cope with, CDSS still has the bright future by
improving the clinical performance. Most of
studies related to CDSS just pointed the one side
such as evaluation test, symmetric reviews,
challenge review, solution proposal, etc. Therefore,
this paper covers the broader summary to give the
adequate information and contrast them by its
outline of effectiveness and challenges. Also,
solutions listed for each challenge is for the future’s
improvement of these system.

The limitation of this paper is that because of
page number’s limitation, it is hardly to put more
charts or tables to summarise the content. The
number of high-quality studies related to CDSS’s
effectiveness is insufficient, and these effective
areas are restricted. Due to length of this paper and
the lack of supportive studies, some challenges are
not presented such as the limited areas of
application.
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