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Chapter  1
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ABSTRACT

Clinical Decision Support Systems (CDSS) are software designed to help clinicians to make decisions 
about patient diagnosis using technical devices such as desktops, laptops and iPads, and mobile de-
vices, to obtain medical information and set up alert systems to monitor medication. A Clinical Decision 
Support System has been suggested by many as a key to a solution for improving patient safety together 
with Physician Based Computer Order Entry. This technology could prove to be very important in con-
ditions such as chronic diseases where health outlay is high and where self-efficacy can affect health 
outcomes. However, the success of CDSS relies on technology, training and ongoing support. This chapter 
includes a historical overview and practical application of CDSS in medicine, and discusses challenges 
involved with implementation of such systems. It discusses new frontiers of CDSS and implications of self-
management using social computing technologies, in particular in the management of chronic disease.

INTRODUCTION

Clinical Decision Support Systems are software applying “active knowledge systems which use two or 
more items of patient data to generate case-specific advice” (Wyatt & Spiegelhalter, 1991, p. 3). CDSS 
are information systems designed to improve clinical decision making ‘at the point in time that decisions 
are made’ (Berner, 2007, p. 3). The systems use technical devices such as desktops, laptops, iPads and 
mobile devices to derive medical information from data repositories to support the decision making 
process in a health organization. Patient characteristics are matched to knowledge database sets, and 
software algorithms generate patient-specific recommendations (Garg et al., 2010), as well-designed 
clinical decision support systems have been shown to improve the quality of health care with the use of 
clinical guidelines (Lamy et al., 2008).
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The notion of using CDSS has been around for more than 50 years (Kulikowski & Weiss, 1982).
The early CDSS were developed in the 1970s, derived from expert systems where developers tried 

to emulate machines to think like expert clinicians when treating patients (Stowa et al., 2006). From 
these early studies, there was growing recognition that they could assist clinicians with routine tasks by 
providing various functionalities (Callen, Johanna, Westbrook, & Braithwaite, 2006; Georgiou, Lam, 
& Westbrook, 2008) that would assist clinicians with accurate diagnosis and minimize human error 
(Kawamoto, Houlihan, Balas, & Lobach, 2005).

However, the adoption of CDSS to their full capacity has not been as substantial as expected. There 
are barriers to their implementation (Aarts & Koppel, 2009) and challenges to accessing and linking the 
myriad of information that exists in silos. These challenges remain to be resolved (Sittig et al., 2008).

The potential to improve health via CDSS has been shown to be positive, and work is being done in 
the domains of geriatrics (Vairaktarakis et al., 2015), in pediatrics, education, laboratories, radiology 
and health administration.

This chapter covers the development and application of CDSS and discusses functionalities, limita-
tions and challenges with the adoption of new technology. The chapter provides guidelines for better 
uptake of CDSS and provides a critique of various problems with, and reactions to, their application.

Development of CDSS in Medicine

The development of CDSS in medicine stems from artificial intelligence. Artificial intelligence (AI) 
systems are intended to support healthcare workers with tasks that rely on the manipulation of data and 
knowledge. Types of AI that are intended to support clinical decisions are referred to as Expert Systems 
(Goodman, Grad, Pluye, Nowacki, & Hickner, 2012).

Expert systems are the commonest type of CDSS in routine clinical use. Research into the use of 
artificial intelligence in medicine started in the early 1970s and produced a number of experimental 
systems. In the first decade of research, most systems were developed to help clinicians in the process 
of diagnosis during an encounter with a patient. Most of these early systems did not develop further 
than the research laboratory, partly because they did not gain sufficient support from clinicians to permit 
their routine use.

CDSS can be broadly divided into two groups: knowledge-based or non-knowledge based. Knowledge-
based systems are the commonest type of CDSS technology in routine clinical use, also known as expert 
systems. The knowledge-based system uses compiled clinical knowledge to provide clinical consultation. 
By far the majority of CDSS in medicine are knowledge-based (Berner, 2007). Non-knowledge-based 
systems do not use a knowledge base but use a form of artificial intelligence, machine learning, more like 
‘trial and error’, that finds patterns in clinical datasets, learning the type that is similar to one way that 
humans learn (Kabachinski, 2013). There are two such types: neural network and genetic algorithms. The 
development and the application of expert systems in the clinical setting are explained in Figures 1 and 2.

There are many different types of CDSS and they deploy a range of technical functionalities, but a 
typical CDSS has medical knowledge, a database that contains patient details and an inference engine 
to generate case-specific advice, as can be seen in Figure 1. These systems contain clinical knowledge, 
signs, symptoms and laboratory results.

The general model of expert system has an inference mechanism which contains rule-based sys-
tems with specifically defined tasks. There are many variations in the system but the typical system is 
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represented in the form of a set of rules (Aleksovska-Stojkovska, 2009; Buchanan & Shortliffe, 1984). 
The system allows reasoning with data from individual patients to come up with reasoned conclusions.

According to Perreaults and Metzger, CDSS have to fulfil four basic functions (Andrews, 2013; 
Caplan et al., 2012):

1. 	 Administrative information: - Supporting clinical coding and documentation, authorization of 
procedures and referrals.

2. 	 Clinical information: - Keeping patients on research and chemotherapy protocols; tracking orders, 
referrals follow-up, and preventive care.

3. 	 Financial information: - controlling the cost by avoiding duplicate or unnecessary tests.
4. 	 Decision support - Supporting clinical diagnosis and treatment plan processes; promoting use of 

best practices, condition-specific guidelines, and population-based management

The following table shows a practical application of CDSS use in medicine in chronological order.

Current Application of CDSS in Medicine

The application of CDSS has been broad. It has been widely used in an educational setting by nurses 
through the “Five Step” module (Levett-Jones et al., 2010) and by trainee doctors in internal medicine 
(Barnett, Cimino, Hupp, & Hoffer, 1987). The system has been adopted by non-specialists such as com-
munity doctors (Farion, Michalowski, Wilk, O’Sullivan, & Matwin, 2010), as well as by specialists using 
sophisticated digital methods (O’Sullivan, Fraccaro, Carson, & Weller, 2014).

Figure 1. General model of expert system
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A historical overview of CDSS has been presented in chronological order in Table1. The following 
section discusses a wide array of CDSS that are applied and in use now, not only in clinical management 
but in pathology, radiology, and education, as well in administration and management.

Acute Care Systems

HELP System

A knowledge-based hospital information system (HIS) has a standard web browser, written in PERL 
invoked by an apache web server linked with a PostgreSQL database. The system provides decision 
support in hepatic surgery. It has alerts, reminders, data interpretation and patient diagnostic and manage-
ment suggestions, and clinical protocols. The system supports hospital information systems including 
admission, discharge, order entry and decision support.

It has alert systems, such as Ardent syntax and medical logic module (MLM) to send alert messages to 
HIS. The system can also be set up to send reminders, data interpretation and patient diagnosis facilities, 
patient management suggestions and clinical protocols. The only drawback is that the cases available 
are limited in number (Haug et al., 1994; Jorm, Shepherd, Rogers, & Blyth, 2012).

•	 POEMS: Post-Operative Expert Medical System, which interprets clinical data in real time,
(Knies, Burton, & Sala, 2012). The system is embedded within hospital information systems.

•	 Post-operative care decision support VIE-PNN: Vienna Expert system for Prenatal Nutrition of 
Neonates. This is a rules based system, providing post-operative care decision support (Smailyte, 
Jasilionis, Ambrozaitiene, & Stankuniene, 2012).

•	 NéoGanesh: A closed loop based knowledge system for ICU ventilator management (Sun, Austin, 
& Kalra, 2012).

Figure 2. Doctor’s writing (Matt Golding, with permission)
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•	 In internal medicine: management of Cardiovascular Disease (CVD) (Peiris et al., 2009; Peiris, 
Usherwood, Weeramanthri, & Patel, 2011), in controlling diabetes (Ogunyemi et al., 2010; Wan, 
Makeham, Zwar, & Petche, 2012), Venous Thromboembolism (Durieux, Nizard, & Ravaud, 2000) 
and interpretation of Liver Function Test (Chevirier, Jaques, & Lovis, 2011).

•	 In recent times evidence of increasing use of CDSS is seen in the pediatric critical care unit (King, 
Baloglu, & Scanlon, 2015), in the interpretation of bilirubin levels in children (Devgun et al., 
2015).

Laboratory Information Systems (LIS)

One of the areas of medicine that has been transformed rapidly with expert systems in the last two de-
cades has been that of laboratory information systems (Baron & Dighe, 2014). Use of expert systems in 
the process of automation in pathology has had a huge impact on the efficiency of the work by reduc-
ing turnaround times, thereby increasing efficiency markedly and reducing human errors (Streitberg, 
Bwititi, Angel, & Sikaris, 2009).

Laboratory expert systems usually do not intrude into clinical practice and clinicians do not interact 
with them. LIS is normally a part of HIS. Within LIS, there can be many small programs, called middle-
ware, such as Remisol (Blick, 2013; Cervinski & Polito, 2011; Hewett & LabPlus, 2010) or IT 3000 
(Morling, Moulds, Ivey, Adamski-Loats, & Barnes, 2012) that sit on the top layer to facilitate work flow 
(Zhao, Qiao, & Raicu, 2015). Laboratory staff might have some involvement with setting up the rule 
criteria, but clinicians do not interact with them. For the pathologist, the system cuts down the workload 
of generating reports, without removing the need to check and correct reports.

With computerized order entry, an expert system, some laboratories have a ‘virtual lab’ where mini-
mum staff are employed. Some examples of LIS are:

•	 GERMWATCHER: Hospital integration with laboratory analysis of nosocomial infections (Patel 
et al., 2011) (Kahn, Steib, Fraser, & Dunagan, 1993)

•	 HEPAXPERT I, II (Adlassnig & Horak, 1991) and III (Chizzali-Bonfadin, Adlassnig, Kreihsl, 
Hatvan, & Horak, 1997) which interpret serology tests of hepatitis A, B, C and D.

•	 HEPAXPERT III is a knowledge-based system which contains 16 rules for Hepatitis A and 131 
rules for Hepatitis B, is available on World Wide Web and results can be sent via email. This is 
an advance on HEPAXPERT I which in turn is a stand-alone with no connection to external da-
tabases. HEPAXPERT II has a database that can interpret and provide database management and 
can connect to LIS and HIS.

•	 Pathology Expert Interpretative Reporting System (PEIRS): A rule-based system which went into 
routine use with approximately 200 rules and grew rapidly over a four year period (1990-1994) 
to over 2000 rules. It monitors adult drug poisoning. PEIRS interprets about 80-100 reports a day 
with a diagnostic accuracy of about 95% (Edwards, Compton, Malor, & Lazarus, 1993) .

•	 Pulmonary Consult System (PUFF): A pulmonary hierarchical rule-based system which can inter-
pret pulmonary function tests. This was one of the earliest medical expert systems used, and many 
thousands of cases later, it is still in routine use (Aikins, Kunz, Shortliffe, & Fallat, 1983; Snow, 
Fallat, Tyler, & Hsu, 1988).
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Table 1. Taxonomy of CDSS in medicine

Name of CDSS Technology Description

CASNET/Glaucoma (1960) developed at the 
Rutgers University and implemented in 
FORTRAN. 
(Fleming, Kirby, & Penny, 2012)

Expert clinical knowledge was represented in a 
causal-associational network (CASNET) model for 
describing disease processes.

Diagnosis and treatment for Glaucoma

AAPHelp: de Dombal’s system for acute 
abdominal pain 
(Debono, Greenfield, Black, & Braithwaite, 
2013)

Bayesian approach adopted. 
304 patients suffering from abdominal pain of acute 
onset were tested. The computer system provided 
91.8% accuracy whereas senior members of the 
clinical team reached 79.6% accuracy.

Diagnosis of acute abdominal pain to support 
need for abdominal surgery.

INTERNIST-I (1974) 
(Miller, McNeil, Challinor, Masarie Jr, & 
Myers, 1986)

Rule based expert system – tree structured database 
that links diseases with symptoms. 
Did not use Bayesian or statistical methods, as it tried 
to emulate how physicians would diagnose patients. 
First system that dealt with multiple conditions.

Developed to diagnose complex problems 
in general internal medicine. It used patient 
observations to deduce a list of compatible 
disease states. 
Disadvantage: uses only a small portion of 
information needs.

MYCIN (1976), 
Developed by Ted Shortliffe and colleagues at 
Stanford University 
(Avillach et al., 2013)

Rule based expert system using If-Then rules; 
domain-specific rather than general rules.

Diagnosis of bacteremia by providing 
consultative advice from data available from 
microbiology and clinical chemistry from the 
directed observations entered by clinicians. 
Provides explanation of infectious disease 
therapy and justifies specific recommendations.

PIP (Present Illness Program) (1970), built by 
MIT and Tufts-New England Medical Center 
(Fouad et al., 2013)

Rule-based approach used. Diagnosis of renal disease from a large set of 
data. Had ability to generate hypotheses about 
disease processes.

Dendral 1st Artificial Intelligence program to emphasize the 
power of specialized knowledge over generalized 
problem-solving methods

Was programmed to help organize chemists 
elucidate molecular structures.

EMYCIN (1980) - Essential MYCIN, developed 
at Stanford 
(Buchanan & Shortliffe, 1984)

Rule-based, domain-independent framework was 
used; outgrowth of Dendral

An example of EMYCIN is PUFF (Bottacchi 
et al., 2012), a system designed to interpret 
pulmonary function tests for patients with lung 
disease.

ABEL (1980), Developed at the Laboratory for 
Computer Science, MIT, in the early 1980s. 
(Harris et al., 2010)

Expert system, causal reasoning used. Acid-Base and Electrolyte program. An expert 
system, for the management of electrolyte and 
acid-base derangements.

ONCOCIN developed at Stanford University. 
(da Silva et al., 2012)

A rule-based medical expert system. The first DSS 
which attempted to model decisions and sequencing 
actions over time, using a customized flowchart 
language.

ONCOCIN was designed to assist physicians 
with the treatment of cancer patients receiving 
chemotherapy.

DXplain, developed by Massachusetts General 
Hospital, Harvard Medical School. 
(Barnett et al., 1987).

DSS uses database containing 2,200 diseases, and 
ranks conditions based on probabilities of 5,000 
conditions.

Educational system: 
Combines clinical findings including signs, 
symptoms, and laboratory results to produce 
a ranked list of diagnoses; also provides 
differential diagnosis as well as further testing 
options.

QMR (Quick Medical Reference) 
(Huntington et al., 2012)

Was written in Turbo Pascal, works on any PC. 
DSS with knowledge base containing more than 700 
diseases and 5,000 symptoms, signs and laboratory 
results.

Extensive database which provides a quick 
medical reference to assist clinicians

Ref: adapted from Coiera, 2002 (Coiera, 2002).
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Educational Systems

•	 DXPLAIN. This is an internal medicine expert system. A user interacts with this system using 
various prompts. DXPLAIN takes a list of conditions and provides a possible diagnosis, (Barnett 
et al., 1987).

•	 ILLIAD (Warner et al., 1988): This is an internal medicine expert system using simulated case 
studies.

•	 Allergy Expert System (AED): This is an expert system used for diagnosis and treatment of al-
lergy related conditions and using a PC shell programming environment (Walecki, Nowaczek, 
Porębski, & Obtułowicz, 2006a)

•	 Education for students: This is an educational model developed to enhance nursing students’ abil-
ity to identify and manage clinically ‘at risk’ patients. It has the ‘five rights’ of clinical reasoning 
to assess patients (Levett-Jones et al., 2010).

ISSUES WITH CLINICAL DECISION SUPPORT SYSTEMS

There are many benefits of CDSS, but adoption has been slow. What are some of benefits and drawbacks 
of CDSS?

According to Sintchenko and Gardsden, the potential benefits fall into the following categories:

•	 Patient safety: Improved patient safety by minimizing errors with medications, illegible entries 
from bad handwriting, misinterpretations and inadequate information.

•	 Continuity of patient care: Improved quality of care with patient follow-up, providing evidence-
based medicine, providing up-to-date clinical documentation that is better coordinated and shared 
among all treating clinicians and patients.

•	 Healthcare economics: Improved turnaround time with computer ordering, reducing duplication 
and tests through faster processing and minimizing errors using delta checks, thus reducing health 
costs (Sintchenko & Garsden, 2002; Waegemann, 2002}

Patient Safety – Reduction in Medication Errors 
and Adverse Drug Reactions (ADR)

CDSS are considered to be the solution to solve problems with adverse drug reactions, The interest in 
using technology to prevent medication errors is growing rapidly (Forni, Chu, & Fanikos, 2010; Seger, 
Jha, & Bates, 2007). Numerous studies have shown that the use of Information Technology (IT) will 
improve patient safety and care, mostly through a reduction of errors (Buntin, Burke, Hoaglin, & Blu-
menthal, 2011; Garg et al., 2010; Kuperman, Reichley, & Bailey, 2006).

There is evidence that despite improvements in medicine, there are many who die from preventable 
medical errors among industrialized nations. An alarming report from the US Institute of Medicine in-
dicates that as many as 98,000 people have died of preventable medical errors. Similarly, studies from 
two London-based hospitals found that 11% of admitted patients experienced adverse events, of which 
48% were preventable, and 8% led to death (Kawamoto et al., 2005).
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Nurses play an important role in patient care and quality. As many as one third of errors that are harm-
ful to patients occur while nurses are administering medication to patients (Cloete, 2015), with many 
errors reported as being due to breakdown in communication. A reduction in errors has been reported 
with the implementation of a sign-out checklist (Lam, 2011).

In France, statistics on hospital admissions due to Adverse Drug Related events (ADR) are significant. 
In the period 2006-2007, there were 143, 915 hospital admissions due to ADR. In one public hospital 
in the same period, there were 2,692 admissions, of which 97 were related to ADR. The study shows 
that 32% of these were preventable (Bénard‐Laribière, Miremont‐Salamé, Pérault‐Pochat, Noize, & 
Haramburu, 2015). The implementation of rule-based computer engines can suggest clinical interven-
tions and mitigate preventable ADR in community hospitals without an advanced information technology 
application (Seger et al., 2007).

At first glance, IT solutions seem to provide the answer for all errors, but a retrospective study over 
the period 2005-2011 in England shows the co-existence of both technical and human errors. However, 
of the 850 events analyzed, human errors were four times higher than technical errors (Magrabi et al., 
2015). Hence there is a need for IT to reduce human errors.

The use of technology has been shown to reduce errors in a specialized area of radiography. Uptake 
of IT in imaging/text analysis has been around since the 1970s but the uptake has been slow. Computer 
Aided Detection has become essential in the diagnosis of breast nodules through mammograms (Liu, 
2015; Lo, Chang, Huang, & Moon, 2015; Sultan et al., 2015). These technologies use a neural network 
that can be adopted with use and learned from the system (Liu, 2015). However the question arises: to 
what extent can diagnosis be made using CDSS? Chen et al. conducted a study of the correlation be-
tween sonography of a solid breast mass and CDSS using text analysis and neural networks, one form of 
expert systems. The study showed that of 140 breast nodules examined, 95% were accurately identified 
by the CDSS. Since a neural network is trainable, an improvement in this area is likely (Chen, Chang, 
& Huang, 1999) provided that correct evaluation is done.

Patient Care: Evaluation of CDSS

The benefit of CDSS is hard to measure and there have been very few high quality studies to show any 
improvement in patient outcomes (Mollon et al., 2009). Most evaluation has focused on performance in 
the laboratory setting and this is mainly due to a lack of reliable tools with which to study user behavior 
(Sintchenko & Garsden, 2002).

When it comes to patient care, nurses play the major role, as they spend most time with patients, and 
normally manage the administration of medications. Patient charts recorded by nurses are considered as 
quality assurance. In a study done in a neonatal intensive care unit, a questionnaire was used to evaluate 
the use of technology on accuracy and quality, time, and health care information exchange. There was a 
lot of positive feedback on the use of technology; however it was evident that there were problems with 
the design of the system.

Workplace guidelines for patients with hypoglycemia, where interactive CDSS have been built into 
electronic health records, have shown some success (Harrison, Stalker, Henderson, & Lyerla, 2013), 
although the effectiveness of the guidelines needs to be proven (Shojania et al., 2010).

A limited number of studies have examined whether the alert system was working adequately in a 
CDSS in a routine clinical setting and whether relevant patient detail was generated for the end-user 
(Zheng, Padman, Johnson, & Diamond, 2005). A randomized trial on the use of alert systems in patients 
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with acute kidney injury showed that the alert system did not improve clinical outcomes for patients 
(Wilson et al., 2015).

Many published works on evaluation of CDSS have focused on user satisfaction, and many challenges 
need to be addressed in structuring such studies. Studies on the effects of CDSS on practitioner perfor-
mance and patient outcomes have shown that there was a positive change in practitioner performance by 
52% but only a 30% change in patient impact. Overall, few studies have found positive patient outcomes 
(Jaspers, Smeulers, Vermeulen, & Peute, 2011), and there are mixed reports on the effectiveness of alert 
systems. All of the above studies, however, have led to improvement in the adoption of technology and 
better design of programs to suit clinical conditions.

Health Care and Economics

The ultimate motive for using CDSS is to minimize medical error, improve quality of care, reduce du-
plication of tests and thereby reduce overall health costs. Studies relating to the impact of CDSS have 
focused on cost-saving as a result of reduction in medical error and changes in management. These 
studies have limitations in their design and mostly lack an evaluation process. Nonetheless they show 
promise in many areas of medicine, as below.

In the hospital setting, intensive care units (ICU) are one of those areas where health utilization is 
very high. Within ICU, one of the highest costs comes from the use of ventilators. Weaning is the process 
of discontinuing mechanical ventilation. Use of CDSS in the weaning process has been shown to be 
successful in a study of 380 patients in ICU. The sensitivity was 87.7%, which is higher than the 61.4% 
determined by physicians, and the number of days of using a ventilator was significantly reduced by 5.2 
days, leading to an overall saving of US$1,500 per patient (Jiin-Chyr et al., 2013).

Chronic disease management is another area continuously challenging the health budget in most na-
tions and poses a heavy financial burden on the health system. Diabetes affects 22.3 million people in 
the USA; it is a major cause of heart disease and stroke. It is the 7th major cause of death. In the USA 
alone, costs associated with diabetes rose from $174 billion in 2007 to $245 billion in 2013 a rise of 41% 
(Herman, 2013). Patients with diabetes have two to four times the risk of having a myocardial infarct 
than those without. Diabetes can be a primary reason for renal failure, non-primary limb amputations 
and blindness. The use of CDSS in controlling diabetes has shown some improvement in care and some 
reduction in cost (14%) has been documented (Oxendine, Meyer, Reid, Adams, & Sabol, 2014).

Significant errors in antibiotic prescriptions are reported to have arisen from lack of up-to-date infor-
mation (Sintchenko, Coiera, & Gilbert, 2008). Another study regarding the dose of antibiotics in 1,187 
renal patients showed that using CDSS saved up to $116,000 because of more accurate dispensing and 
more accurate dosing (Helmons et al., 2007).

SOLUTIONS AND RECOMMENDATIONS

CDSS are software that relies on technology. The systems require ongoing education, training and ad-
equate technology. The use of CDSS embedded within either LIS or HIS can replace existing trained 
staff, hence posing a threat to employment. CDSS can be harmful if the systems do not function properly 
or are not incorporated well into the current systems.

Multiple pop-up messages and alert systems can be a nuisance to users and can delay test results.
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The system is a written set of rules. Consequently, if there are exceptions or glitches in the system, 
there is a chance that wrong diagnoses could be made. The system only works if stringent delta checks 
(algorithm to check results) are done. However, it is impossible to have a perfect solution for all cases 
presented and impossible to have rules written for all conditions. This can have a significant impact on 
the delivery and safety of patient care (Castillo & Kelemen, 2013).

For CDSS to be successful, the following three areas need to be considered carefully:

•	 System capabilities
•	 Software capabilities
•	 Human factors: ongoing training and education

System Capabilities

The system should have the ability to link to the datasets that currently exist in silos (Sittig et al., 2008) 
and be able to be coordinated and shared amongst authorized health practitioners. However, this is often 
hindered by a lack of legible hand writing, organizational structure and non-standardized terminologies 
(Sintchenko & Garsden, 2002).

The system could be improved by taking the following steps:

•	 Combine the Electronic Health Record (EHR) with a clinical data warehouse (CDW) with online 
analytic processing (OLAP) (Ledbetter & Morgan, 2001)

•	 Make it easier to use for clinicians who have limited computer background
•	 Have an up-to-date medical knowledge-based engine
•	 Provide correct, culturally sensitive and accurate interpretations
•	 Justify interpretations; provide validation rules
•	 Have easy access from clinicians’ work and home
•	 Learn from users; i.e. evolve and improve as a result of user criticism and analysis of user sessions.
•	 Be confidential and secure. Install adequate system backups to protect patient data from being lost, 

and provide protection from hackers

Software Capabilities

Software capabilities that are currently available and can be implemented within LIS and HIS are:

•	 Diagnostic support. This must have knowledge inference. Use of AI, including expert systems like 
fuzzy logic, neural networks, or simply rule-based decision, can help in making decisions. Some 
are already embedded within LIS, and others are embedded within HIS. There are other software 
capabilities such as Riskman, which is used to do ‘root cause analysis’, written independently to 
enhance quality assurance

•	 Alerts and reminders. In a real time situation a reminder can be set up to assist clinicians and pa-
tients for many different areas such as advice on antibiotics, monitoring of warfarin levels, and in 
the control of hypoglycemia in diabetes.

•	 Middle ware. The use of middle ware embedded into LIS has revolutionized laboratory medicine. 
An accurate rule-based system can improve workflow and minimize human errors. Through the 
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delta check the system alerts technicians to check the patient sample if the results are different 
from previous results.

•	 Prescribing decision support systems (PDSS). One of the commonest clinical tasks is the prescrip-
tion of medications. PDSS can assist by checking for drug-drug interactions, dosage errors, and 
if connected to an EMR, for other prescribing contraindications such as allergy. PDSS are usually 
well received because they support a pre-existing routine task, and as well as improving the qual-
ity of the clinical decision, they usually offer other benefits such as automated script generation 
and sometimes electronic transmission of the script to a pharmacy.

•	 Computer Order Entry (CPOE). Computer Order Entry together with CDSS can minimize dupli-
cation of tests, reduce human error from bad handwriting and wrong doses, save costs caused by 
duplications, and avoid unnecessary repetition of tests.

•	 Image recognition. Many clinical images can now be automatically interpreted, from plain X-rays 
through to more complex images such as angiograms, CT and MRI scans. Neural networks are 
applied in the diagnosis of solid breast nodules (Chen et al., 1999; Chen, Chien, & Kuo, 2015), 
and detection of malaria by CellaVision (Racsa et al., 2015). Artificial intelligence and pattern 
recognition are applied in cervical cancer detection (Bountris et al., 2015)

•	 Quality Control software. This is used to identify and analyze root causes and try to minimize 
medical error (Lederman, Dreyfus, Matchan, Knott, & Milton, 2013). Software such as Riskman 
can be implemented in the system to track sources of error in order to reduce human errors and 
minimize mistakes.

•	 System back up and security levels. A regular backup to protect personal information and to fool-
proof hardware/software security is essential, as information security in the healthcare sector is 
a growing concern, particularly in light of the national push for EMR to be shared among clini-
cians (Appari & Johnson, 2010). A strategy to protect genetic privacy is recommended (Erlich & 
Narayanan, 2014). 

Human Factors, Threats to Employment

Early predictions forecast that there would be ‘as many as two workers’ in pathology laboratories (Kricka, 
Polsky, Park, & Fortina, 2015). This has not been possible to date, but the emphasis on cost effective 
operations in laboratories, as well as consolidating various sections of pathology (hematology, biochem-
istry, microbiology, immunology and anatomical pathology) into core laboratories, is becoming a trend 
in many hospitals (Kricka et al., 2015).

Certainly, health services of the 21st century show a paradigm shift in many areas. Re-engineering 
of the pathology laboratory through automation has caused massive staff cuts in many areas of pathol-
ogy (Kricka et al., 2015). Another area where the use of IT has posed a threat to employment is that 
of pharmacy. The use of CPOE with CDSS has enabled pharmacies to reduce adverse drug reactions, 
particularly from illegible hand writing that could affect the dosage of medication. The study of the ef-
fects of drug related problems (DRP) found by clinical pharmacists identified 8% CDSS/CPOE alerts. 
This is a starting point, as the more sophisticated programs with pharmaceutical indications and drug 
reactions are written to the system, the better the performance will be (Zaal et al., 2013). The study also 
showed that many unnecessary alerts were audited by the pharmacists. At this stage of programming, the 
system is not yet sophisticated enough to overrule intervention by them. However, with the development 
of better programming, fewer staff will be required.
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The next medical field where there is a threat to employment is in the area of digital imaging.
Hematology is a branch of pathology where red cell analysis is a key feature of study. Light micros-

copy is a gold standard for diagnosis but it is labor-intensive and time-consuming. CellaVision is an 
automated image analysis system that uses neural networking to analyze digital images of samples at high 
magnification and compares these images on a database of cells pre-classified according to red blood 
cell morphology. A study of the sensitivity of CellaVision was done with 212 abnormal blood smears 
in the Calgary Laboratory Services. The study showed that CellaVision had acceptable specificity but 
lacked consistency (Horn et al., 2015), and thus required human input.

In another study, the impact of using CDSS software in primary care nurse-led telephone triage was 
studied in England. To get the maximum benefit of CDSS, nurses required technical and clinical com-
petencies to be able to capture patients’ problems into CDSS (Murdoch et al., 2015).

FUTURE RESEARCH DIRECTIONS

That there has been a rapid adoption of IT in health and consequently increased use of CDSS in medicine 
is evident. Combined CDSS/CPOE has shown successes in many studies of adverse drug reactions, and 
with sophisticated programs it has the potential to reduce drug related problems even further (Murdoch 
et al., 2015).

There are, however, some continuing barriers. Many expert systems are now in routine use in acute 
care settings, clinical laboratories, and educational institutions, and are incorporated into electronic 
medical record systems. They are proving to have some success, but the uptake has been slow and the 
effectiveness of CDSS seems to vary.

The prediction of pathology laboratories being run by only two scientists has not eventuated, but the 
virtual laboratory might not be impossible, given the speed of development. Though well-programmed 
machines can reduce human errors, they lack the heuristic skills of experienced scientists/ clinicians. 
There needs to be a balance between the automation of pathology laboratories and human input. There 
are skeptics, however, e.g. in regard to employment, distrust of software, lack of training and mismatch 
between user need and supplier.

Information sharing among treating physicians is challenging, as each medical institution has its 
own record keeping system, which can cause information loss, misdiagnosis, duplication of tests and 
repetitive drug prescription (Wu & Wang, 2014). There is a push for a web-based cloud platform that 
can overcome this problem, though it is in its infancy (Kaur & Chana, 2014; Kulkarni, Shelke, Patil, 
Kulkarni, & Mohite, 2014).

With sophisticated CDSS systems combined with electronic health records, there is a capacity to 
learn, leading to the discovery of new phenomena and the creation of medical knowledge (Castaneda et 
al., 2015). These machine learning systems can be used to develop:

•	 Knowledge bases used by expert systems to authorize and scan images to diagnose, and to provide 
texts to generate reports and interpret results (Castaneda et al., 2015).

•	 Virtual laboratories with complete re-engineering of laboratories to automation (Kricka et al., 
2015)

•	 Smart Healthcare Platform Construction Based on Cloud Computing that can support remote 
healthcare, chronic illness management and rural healthcare centres (Zhang, Zhang, & Liu, 2014).
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There is a global push for big data, bringing disparate datasets for electronic health records to be 
available and shared among treating clinicians. There is a push for personally controlled electronic health 
records to be controlled by patients and carers to provide them with autonomy:

“Maybe we’re not that far away from the home sick bay idea. 

Future parent: “Doctor, what’s wrong with my child?” 

Dr. Hologram: “Nothing at all ma’am, all bio indicators and CDSS reports indicate a clean bill of health 
with no current maladies. Send him to school!” (Kabachinski, 2012, p.432). 

CONCLUSION

The advancement of IT in medicine has shown a quantum leap in the last three decades. The historical 
overview and the application of CDSS in medicine have been discussed above. With computers being 
ubiquitous, ways to utilize CDSS to increase efficiency, thereby reducing medical error and reducing 
costs, is showing promise. However, despite technological advancement, the full potential of CDSS 
has not been explored and much more work needs to be done in the area of evaluation and exploration.

Available evidence on the impact of CDSS to deliver improvements in the quality, safety and efficiency 
of health has been described. Reductions in medication and adverse drug reaction events alone appear 
impressive. To date, the majority of studies have been undertaken in the United States and importantly, 
most have involved CDSS systems that have been internally developed and customized for individual 
health care organizations. The question as to whether the impressive results from already available sys-
tems will be more widely applied is yet to be answered.

Barriers such as de-skilling, fear of losing employment, undermining of experience, machine phobia 
and legal issues remain to be answered. Ongoing education to support staff to narrow the gap is required.

In addition, the success of the implementation of CDSS and CPOE will depend on successful IT 
integration (Aarts & Koppel, 2009) and continued support by senior management. Building a system 
with increasingly complex decision rules is an arduous task that requires passion, the time of developers, 
financial support from vendors, and support from collaborating physicians. Use of CPOE with CDSS 
has shown improvement in reducing blood bank errors.

With the health budget escalating and with global issues of an aging population with associated 
chronic conditions, more emphasis should be put on the use of CDSS for self-efficacy to ensure one’s 
health. This could prove in the long run to result in substantial savings in costs.
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KEY TERMS AND DEFINITIONS

Artificial Intelligence: The theory and development of computer systems able to perform tasks 
normally requiring human intelligence, such as visual perception, speech recognition, decision-making, 
and translation between languages.

Bayesian Approach to Statistics: Modelling of some uncertainties using parametric measures into 
a probabilistic model for prediction of some aspects that are unknown or unsure.

Computerised Physician Order Entry (CPOE): A process of electronic entry of medical practi-
tioner instructions for the treatment of patients (particularly hospitalized patients) under his or her care.

Computer Tomography (CT): An imaging method that uses x-rays to create pictures of cross-
sections of the body.

Clinical Decision Support System (CDSS): A health information technology solution to support 
physicians and other health professionals with clinical decision making process.

Data Mining: An analytic process designed to explore data in the search for consistent patterns and 
systematic relationship between variables, and then to validate the findings by applying detected patterns 
to new subsets of data. The goal of data mining is prediction.

Electronic Health Record (EHR): A systematic collection of personal information in electronic form.
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Expert Systems: Part of a general category of computer applications known as artificial intelligence, 
whereby a computer system can emulate decision making abilities of humans. They are knowledge-based 
systems that require a knowledge engineer, an individual who studies how human experts make decisions 
and translates the rules into terms that a computer can understand.

Hospital Information Systems (HIS): An element of health informatics that deals with administra-
tional needs of hospitals. HIS uses a network of computers to collect, process; retrieve patient care and 
administrative information from various departments for all hospital activities to satisfy the functional 
requirements of users. HIS has components such as laboratory, pharmacy, radiology, user management’s 
configurations, medical archiving facilities, and digital health records, as well as security aspects.

Laboratory Information Systems (LIS): An element of health informatics that deals with the op-
erational needs of laboratories. It has a software computer program that processes, stores and manages 
data from all stages of medical processes and tests. Some functions include digital pathology, document 
imaging, specimen tracking and security and clinical pathology.

Magnetic Resonance Imaging (MRI): A medical imaging technique that uses magnetic fields and 
radiofrequency waves to acquire very detailed images of the body.

Middleware: Is the software that connects software components or enterprise applications. It is a 
software layer that lies between Hospital Information System (HIS) and Laboratory Information System 
(LIS). It acts as consolidator and integrator and is custom-programmed to suit the needs of organization.

Neural Network: A system of programs or data structures with interconnected group of nodes, akin 
to the network of neurons in a brain. A neural network usually involves a large number of processors 
that stimulate behaviour of biological neural networks as in pattern recognition, language processing 
and problem solving.

Prescribing Decision Support Systems (PDSS): PDSS can assist by checking for drug-drug interac-
tions, dosage errors, and if connected to an EMR, for other prescribing contraindications such as allergy.
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APPENDIX

Table 2. Application of CDSS

System Technology Description

ACUTE CARE SYSTEMS

HELP system 
(Kuperman et al., 1990; Kuperman et al., 1991). 
Acute Care Systems

Standard web browser, written in PERL 
invoked by apache web server linked 
with PostgreSQL database 
Decision support in hepatic surgery 
alerts, reminders, data interpretation and 
patient diagnostic, patient management 
suggestions, as well as clinical protocols.

Supports HIS including admission, 
discharge, and order entry, as well as 
decision support 
Limitation: Limited cases available.

POEMS: Post-operative expert medical system 
(Knies et al., 2012)

System embedded with hospital 
information systems

Post-operative care decision support

VIE-PNN: Vienna Expert system for Prenatal 
Nutrition of Neonates 
(Smailyte et al., 2012)

Rule based system Parental nutrition planning for neonatal 
ICU combining nutrition planning with 
knowledge of experienced physicians.

NéoGanesh (Sun et al., 2012) Closed loop based knowledge system ICU ventilator management 
Interprets clinical data real time

SETH (Taylor et al., 2012) Runs on microcomputer Clinical toxicology advisor.

Internal Medicine

LABORATORY INFORMATION SYSTEMS

GERMWATCHER(Patel et al., 2011) (Kahn et 
al., 1993)

Hospital integration with laboratory Analysis of nosocomial infections

HEPAXPERT I, II (Adlassnig & Horak, 1991) 
and III (Chizzali-Bonfadin et al., 1997)

Hepaxpert I is Stand-alone no 
connection to external database. 
Hepaxpert II is a database and 
can interpret and provide database 
management. Can connect to LIS and 
HIS. 
Hepaxpert III is a knowledge based 
system contains 16 rules for HepA, 131 
rules for Hep B, available on WWW and 
results can send via email.

Interprets serology tests of hepatitis A, 
B, C and D

Acid-base expert system (Harris et al., 2010) Expert System. Causal reasoning Interpretation of acid-base disorders

MICROBIOLOGY/PHARMACY (Morrell et al., 
1993)

Monitors renal active antibiotic dosing

PEIRS: Pathology Expert Interpretative 
Reporting System (Edwards et al., 1993)

Rule based, went into routine use with 
approximately 200 rules and grew 
rapidly over four year period (1990-
1994) to over 2000 rules.

Monitors adult drug poisoning. 
PEIRS interpreted about 80-100 reports 
a day with a diagnostic accuracy of 
about 95%.

PUFF: Pulmonary Consult System 
(Snow et al., 1988)

Pulmonary hierarchical rule based 
system. One of the earliest medical 
expert systems used. Many thousands of 
cases later, it is still in routine use.

Interprets pulmonary function tests

EDUCATIONAL SYSTEMS

DXPLAIN (Barnett et al., 1987) User interacts with system with various 
prompts. Dxplain takes list of conditions 
and provides possible diagnosis

Internal medicine expert system

Continued on following page
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System Technology Description

ILLIAD (Warner et al., 1988) Expert system using simulated case 
studies.

Internal medicine expert system

AED: Allergy Expert System 
(Walecki, Nowaczek, Porębski, & Obtułowicz, 
2006b)

PC shell programming environment Expert system to diagnosis and 
treatment of allergy related conditions

‘Five rights’ clinical reasoning 
(Levett-Jones et al., 2010)

Computer software, interactive Uses steps to assess critically ill patients

QUALITY ASSURANCE AND ADMINISTRATION

Colorado medicaid utilization review system Quality review of drug prescribing 
practices

Managed second surgical opinion system Aetna Life and Casualty assessor system

MEDICAL IMAGING

Computer imaging (Tourassi, 1999) CAD, using neutral network to diagnose 
conditions

Diagnosis based on image texture 
i.e. text diagnosis of breast neoplasm

Computer Aided Detection (Liu, 2015; Lo et al., 
2015; Sultan et al., 2015).

Neural network to diagnose 
mammograms

Diagnosis of breast nodules through 
mammograms. 95% accuracy is shown.

Performance of Cellavision DM96 
(Horn et al., 2015)

Neural network to diagnose red cells Diagnosis of Red blood cells.

Smits and Leyte (2014) 
Performance of Cellavision: white cells

Neural network to diagnose white cells Diagnosis of white blood cells.

Table 2. Continued


