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I

Identifying design issues related to the knowledge bases of medical decision
support systems
Assad Abbas

Abstract
The modern medical diagnostic systems are based on the techniques using digital data
formats – a natural feed for the computer based systems. With the use of modern
diagnostic techniques the diagnosis process is becoming more complex as many
diseases seem to have the same pre-symptoms at early stages. And of course computer
based systems require more efficient and effective ways to identify such complexities.
However, the existing formalisms for knowledge representation, tools and
technologies, learning and reasoning strategies seem inadequate to create meaningful
relationship among the entities of medical data i.e. diseases, symptoms and medicine
etc. This inadequacy actually is due to the poor design of the knowledge base of the
medical system and leads the medical systems towards inaccurate diagnosis. This
thesis discusses the limitations and issues specific to the design factors of the
knowledge base and suggests that instead of using the deficient approaches and tools
for representing, learning and retrieving the accurate knowledge, use of semantic web
tools and techniques should be adopted. Design by contract approach may be suitable
for establishing the relationships between the diseases and symptoms. The
relationship between diseases and symptoms and their invariants can be represented
more meaningfully using semantic web. This can lead to more concrete diagnosis, by
overcoming the deficiencies and limitations of traditional approaches and tools.
Keywords: knowledge base, knowledge representation, learning scheme, reasoning
strategy, tools and technologies, diagnostic accuracy.
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1. Introduction
For a very long time doctors and scientists have desire that the computers should be made
artificially intelligent to help them in diagnosing the diseases (Ledley & Lusted, 1959).
With these motivations, specialists from the fields of computer science and different
healthcare domains started joint research as an effort to develop computer software that
are intelligent enough to assist the doctors in diagnosing the diseases based on the
provided symptoms (as instructions) and having capability of storing and processing
large amount of knowledge (Durinck et al., 1994). These systems were later on called as
medical diagnostic decision support systems (MDSS) and clinical decision support
systems (CDSS). Clinical systems are designed by integrating the patient data, the
medical data repository (knowledge base) and the physician’s cognition (Lobach &
Hammond, 1997). A lot of advantages are associated with the successful implementation
of such knowledge based systems and the most evident is enhancement in the diagnostic
accuracy and precision. Another advantage of automated diagnostic systems is that
computers are unaware of the matters of fatigue and human errors because physicians
usually work under conditions bounded by high workloads and time constraints- that
eventually can cause in disturbance of the cognitive processes of the physician,
distraction and memory biases which can lead the physician to an incorrect and
premature diagnosis (Goggin, Eikelboom & Atlas, 2007). Nonetheless, the literature on
medical diagnostics and clinical support systems, has also posed different questions on
their effectiveness and routine use. As described by Miller (1994):
“Despite many years of research and millions of dollars of expenditure on
medical diagnostic systems, none is in widespread use at the present time”
(Miller, 1994, p. 8)
Also Ridderikhoff & Herk (1999) support this claim by stating that diagnostic systems
available today vary in their nature from very simple to very complex, having much more
diagnostic capabilities than those available in past, yet these systems have not been able
to cast their profound effects on physicians in terms of their adoptability in practice and
the reason for that is inability to provide accurate diagnostic advice to the physician.
Information stored in medical decision support system is retrieved from the knowledge
base as a result of reasoning by the reasoning component. However this task of retrieval
is dependant on how the knowledge has been represented in the knowledge base. For
example, in response to a query by a physician, the system must consult the knowledge
base for the provided symptoms. If there resides a previously solved case based on
similar symptoms, the reasoning component must retrieve that case from the knowledge
base and should present as an advice to the physician. But in case the symptoms provided
to the system differ from those present in already solved case, the reasoning component
4
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must reason with the system in a way different from the previous one, so that a correct
and contextual diagnosis could be made and new case should be added in the history for
future consultations. It means besides the knowledge representation more formal
reasoning plays vital role in correctly diagnosing the disease. Furthermore, correct
retrieval of diagnostic information depends on how the knowledge has been initially
encoded in the system by using certain knowledge representation tools and technologies
as well as learning algorithms (Chandrasekaran, 1986; Kong, Xu & Yang, 2008). The
inabilities of tools in correctly representing the knowledge and the limitations of learning
schemes in learning new knowledge weaken the reasoning process and finally result in
incorrect diagnosis. Therefore knowledge representation, tools and technologies, learning
and reasoning strategies are the factors that contribute to the design of knowledge base
since they all are coupled with each other. The appropriate design of knowledge base
contributes to diagnostic accuracy. This research identifies the design issues related to the
knowledge base and finally suggests that using design by contract approach is suitable for
proving the relationship between the pre-symptoms, post-symptoms, invariants and other
medical data. Semantic web technologies such as ontology as representation formalism
and Protégé as the tool may help in creating this relationship.
The structure of the report is as follows: Sections 1.1 and 1.2 of this chapter describe the
background of knowledge base medical decision support systems and problem with these
systems respectively. Chapter 2 contains aim, objectives and method of the research for
identifying the design issues of the knowledge bases of medical decision support systems.
Chapter 3 presents the literature survey conducted to identify the issues relevant to the
design of the knowledge bases such as issues related to knowledge representation
schemes, tools and technologies, learning and reasoning strategies. Chapter 4 presents the
analysis of the study along with possible proposed solution. Chapter 5 concludes by
providing the further direction for future research.

1.1. Background
A medical decision support system can be defined as a computer based program that has
been developed with the intent of assisting physicians and doctors based on patients’
medical data during their encounters with the patients to identify the diseases (Shortliffe,
1987). A lot of research work has been produced on knowledge based clinical support
systems and has generally proved helpful for performing precise diagnosis. Perreault &
Metzger (1999) have described the four major functions of a clinical decision support
system. These functions include performing administrative tasks such as documenting the
patient histories and referrals, managing the clinical complexities and details, cost control
5
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by eliminating the redundant and unnecessary tests and finally providing the decision
support.

Figure 1: Working model of medical decision support system, Source Kong et. al (2008)

Also clinical decision support systems have demonstrated their significance repeatedly by
improving the safety of patient, enhancing the quality of care standards and improvement
in efficiency of health care deliverables (Sintchenko et al., 2002). Diagnosis in a
knowledge based medical decision support system is performed using the two important
components of the knowledge based system; the knowledge base and inference engine
(Claudia, 1990). Figure 1 represents how the symptoms are provided, consultations are
made with the knowledge base and diagnostic information is retrieved accordingly. The
knowledge base of a medical decision support system is a repository of symptoms and
diseases. These symptoms and diseases reside in the knowledge base in the form of rules.
The inference engine or module is a component having the reasoning capabilities.
Significance of this component of a knowledge based system is obvious since it is
responsible for retrieving the contextual information from the knowledge base. Thus the
reasoning in a logical way by the system is just like imitating the physician while
interacting with a patient for diagnosis, by asking questions about signs and symptoms.
As a result the medical system must come up with possible diagnosis based on the
provided symptoms. However, some medical systems fail in providing completely
accurate advice to the physician. This problem of diagnostic accuracy may be due to
issues with underlying architecture and structure of the knowledge base besides the
physicians’ capabilities of interacting with the system and applying the implicit
knowledge by making reasoning. This problem and the design factors that contribute to
this problem have been discussed in section 1.2 of this chapter

1.2. Problem
The medical decision support systems require really dynamic and versatile representation
infrastructure, due to the complex relationship of diseases and symptoms. This gives rise
to the high level of complexity to identify such relationship, because the same disease
6
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may have different symptoms for different patients. Also it is possible that many diseases
have similar symptoms initially i.e. there is no clearly defined boundaries among various
diseases. In such situations it becomes difficult for the diagnostic system to distinguish
between the diseases and identify the correct disease. Another complexity related to the
medical data is that diseases are diagnosed and distinguished on the basis of various
attributes of the associated symptoms such as pre-symptoms, post-symptoms and their
invariants. To produce meaningful relationships between the symptoms and diseases is
challenging for the medical expert systems in such situations.
Besides the complexities of medical knowledge and data itself, there are limitations that
are specific to the knowledge based decision support systems. The limitations and issues
of medical decision support systems in general have been discussed in the literature.
However the design of knowledge base of a medical decision support system itself is the
major reason for incomplete and imprecise diagnosis. For instance, the knowledge base
of INTERNIST-I, a knowledge based medical decision support system, lacks in
describing a symptom that is important for a particular finding (Wolfram, 1995). Also the
other limitations of the knowledge base may be failure in a correct diagnosis due to an
inadequate and incomplete reasoning mechanism (Wolfram, 1995) e.g. an inability of the
system to perform reasoning without taking into account, all the possible aspects of a
disease against a symptom or set of symptoms. It means that the issue of incorrect
diagnosis is strongly connected to the knowledge base design of the medical decision
support system. Design of knowledge base depends on various factors having concern
directly or indirectly. The most important of these design factors are knowledge
representation and the reasoning mechanism. Kalogeropoulos, Carson & Collinson
(2003) believe that inability of a knowledge based medical system in providing expert
advice to the physician may be because of imprecise way of representing the knowledge
and incomplete and ambiguous reasoning capabilities of the systems. Moreover, their
designs allow them to imitate a certain disease by using heuristics, so they fail to
represent the complete knowledge. Similarly other factors critical to design of the
knowledge base include learning of the knowledge base and the specific tools and
technologies used to implement the knowledge bases. The importance of tools and
technologies is vital because the knowledge is represented and retrieved using the tools
and technologies (Shortliffe, 1986). Any inherent technological issue may result in
incorrect diagnosis. Moreover retrieval of the contextual information from the knowledge
base requires the knowledge base to learn new knowledge when it comes across a new
situation. The knowledge base learns new knowledge if an effective learning scheme has
been utilized. The efficient learning algorithm helps in retrieving the correct information
from the system and makes the reasoning process concrete.
7
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The above discussion shows that the correct diagnostic advice from the medical systems
is based on knowledge representation, tools and technologies, learning and reasoning
with the systems. They are the potential design factors of the knowledge bases since they
are tightly integrated with each other and issues related to them needs to be identified.

8

786

2. Aim, objectives and method
2.1 Aim of the research
The research aims at identifying the design issues related to the knowledge bases of
medical decision support systems.

2. 2 Objectives
The following objectives have been achieved to identify the design issues in the
knowledge base of medical decision support systems
• Study of knowledge representation schemes used in knowledge based medical
decision support systems to identify issues related to knowledge representation
• Study of tools/technologies used in the implementation of knowledge bases and
their limitations
• Study of issues related to learning of knowledge base
• Study of issues related to reasoning components of the knowledge based medical
decision support systems.

2.2.1 Study of knowledge representation schemes used in knowledge based
medical decision support systems to identify issues related to knowledge
representation
According to Purcell (2005), the effectiveness of a clinical decision support system is
dependent on the design of its knowledge base. The success of a clinical support system
from the accuracy point of view requires the proper analysis and design of its knowledge
base. One of the most important design issues that may lead a medical decision support
system towards inaccurate diagnosis is the representation of knowledge in the knowledge
base. According to Carter (1999), knowledge representation deals with providing
information to the intelligent systems belonging to a particular domain for efficient
processing. A lot of knowledge representation schemes are available and have been used
to represent knowledge in medical decision support systems for example logic,
procedural, graph/network, and structured etc. Each of the representation schemes have
some advantages as well as disadvantages associated with it (Kong et. al, 2008). These
representation schemes are briefly described as follows
Medical decision support systems using logic as a knowledge representation scheme in
the knowledge base usually have TRUE-FALSE structure and inference mechanism is
just a lookup of the relevant facts (Kong et. al, 2008). However, the disadvantage of the
logic representation is that the process of problem solving may become obscure when
there is an increase in the number of related facts in the knowledge base. Ultimately it
9
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results in an increase in the number of ways these facts can be combined to infer a correct
result (Bingi, Khazanchi, &Yadav, 1995).
Procedural knowledge representation scheme represents the knowledge in the form of
rules. Medical decision support systems such as MYCIN, PUFF, UMLS and Chinese
medical diagnostic systems (CMDS) are rule based. But the problem with rule based
representation systems is that they do not create a correlation between the clinical signs
and symptoms (Kong et. al, 2008) which cause in an immature inference by the inference
mechanism and ultimately causes in an incorrect diagnosis.
Also networks such as Bayesian belief networks, decision trees and neural networks have
been used in clinical decision support systems for representing knowledge (Kong et. al,
2008). All of these representation schemes are good in representing conditional
dependencies and probabilistic inference (Montani & Terenziani, 2006). But the
problems are also associated with these representation schemes e.g. artificial neural
networks have capability to learn on the basis of data they have observed, but their
disadvantage is that they can not give consistent representation of the knowledge that is
not relevant to their learnt knowledge (Kong et. al, 2008).
The structural representation uses the frame format to represent the widely accepted
knowledge and was introduced by Minsky. CENTAUR and Arden Syntax use frame
format to represent the knowledge (Kong et al, 2009).
After a study of the literature on knowledge based medical decision support systems in
general and on the knowledge representation scheme and systems developed on the basis
of these schemes, issues have been identified that cause in an inaccurate diagnosis.

2.2.2 Study of tools/technologies used in the implementation of knowledge
bases and their limitations
Knowledge that has been represented in the form of rules or any other formalism in a
knowledge base is actually encoded in the memory of computer by means of
programming languages and tools. The knowledge represented or encoded in the medical
knowledge base is useless if it can not be accessed or retrieved accurately (Shortliffe,
1986). The deficiency of a programming tool may restrict the retrieval of logical and
related information. Further significant issues have been identified relevant to tools and
technologies in chapter 3.
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2.2.3 Identification of issues in the learning of knowledge base
Another deficiency that pertains to the accurate retrieval of diagnostic information lies in
the features of a particular learning scheme used. The learning techniques and algorithms
are meant to create relationships between the symptoms and diseases. Artificial neural
networks learn on the basis of data they have observed, but behave in an inconsistent way
for the knowledge that is different from the learnt knowledge (Kong et. al, 2008). Issues
related to learning techniques such as artificial neural networks and genetic algorithms
have been discussed and presented in chapter 3

2.2.4 Study of issues related to reasoning components of the knowledge based
medical decision support systems
Although the reasoning component of a medical decision support system is not a part of
its knowledge base, yet they both are tightly coupled with each other. Reasoning in
knowledge based systems is typically based on the representation of knowledge. More
formal representation of knowledge provides better reasoning support about the decision
support system. A lot of studies are available covering the complexities in medical tasks.
The reason for these complexities may be differences in expertise in reasoning with the
system and also a variation of the reasoning strategies used by the physicians (Patel &
Groen, 1986). A study of d reasoning strategies such as case based reasoning and rule
based reasoning in medical diagnostic decision support systems has been carried out to
investigate the issues leading to imprecise diagnosis
Study of knowledge representation schemes, tools and technologies, learning
schemes/techniques, reasoning components and issues related to them has been presented
in next chapter.

2.3 Research Method
To carry out the proposed research on identification of design issues in the medical
decision support systems, literature survey has been conducted. More than 120 research
articles on knowledge based medical decision support systems were collected and around
71 articles were selected for the study. Articles were selected on the basis of their
relevance to the desired aim and objectives.
Search engines and different research databases were used to find the relevant research
articles on knowledge based medical decision support systems in general and the design
issues of their knowledge bases in special. Following resources were accessed and used
to accomplish the task:
•

Google search engine
11
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•

Google Scholar

•

ELIN database

•

ACM Portal

•

IEEE Explore

•

Citeseer

•

Science Direct

•

Scopus

•

Academic Search Elite

2.4 List of keywords
The following keywords were used to find the relevant literature using different search
engines and databases:
•

MDDS Design issues

•

Design issues of knowledge bases

•

Design limitations

•

Constructing knowledge bases

•

Knowledge base limitations

•

Knowledge representation in MDDS

•

Limitations of knowledge representation

•

Logic representation problems

•

Learning issues in knowledge bases

•

Learning in artificial neural networks

•

Limitations of supervised learning

•

Limitations of unsupervised learning

•

Limitations of knowledge repositories

•

Problems with declarative languages

•

Limitations of case based reasoning

•

Limitations of rule based reasoning

•

Shortcomings of reasoning strategies

•

Implementation of knowledge bases

•

Knowledge base implementation tools

•

Design by contract

•

Semantic web in medical diagnosis

•

Protégé
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3. Literature Survey
A variety of factors cast their profound effects in retrieving accurate advice from the
knowledge based medical system. Those factors as described in section 1.2 include
knowledge representation, tools and technologies used for implementing knowledge
bases, learning techniques and the reasoning mechanism of the knowledge based system
To identify the design issues specific to knowledge bases of the medical decision support
systems, literature on medical decision support systems was studied. This section
presents the issues and limitations of the factors contributing to the design of knowledge
bases of decision support systems in general and medical decision support systems in
particular.

3.1 Study of issues related to knowledge representation
schemes
Knowledge representation deals with providing information to the intelligent systems
belonging to a particular domain for efficient processing (Carter, 1999). Clinical decision
support systems use various formalisms for representation of medical knowledge, but still
research on this important component of a knowledge base design has not been a driving
force for clinical decision support in the last few years (Peleg & Tu, 2006).
Carter (1999) has classified the knowledge representation schemes into logic,
procedural, graph/network and structured knowledge representation schemes. Also there
exist other knowledge representation schemes such as temporal and spatial knowledge
representation schemes (Allan, 1984; Shahar & Musen, 1993), but this research has not
focused on the issues associated with these representation schemes. As stated in previous
section, each of the knowledge representation mechanisms mentioned above has
advantages and disadvantages associated with it.

3.1.1 Study of Logic representation scheme
Logic is one of the ancient mathematical and philosophical representations of the
knowledge. With concrete syntax and vocabulary logic is considered as one of the most
mature problem solving mechanisms (Bingi et. al, 1995). Knowledge representation
schemes based on logic usually consist of declarative statements with Boolean operators
such as AND, OR and NOT and TRUE, FALSE structure (Kong et. al, 2008). Medical
diagnostic systems have used various formalisms for knowledge representation including
causal, anatomic, taxonomic, heuristic, functional and safety models (Lucas, 1995).
These systems include CASNET/GLAUCOMA (Kulikowski & Weiss, 1982), ABEL
13
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(Patil et al., 1982), Oxford System of Medicine (OSM) (Fox et al., 1990) and DILEMMA
system (Huang et al., 1993) etc.
Causal model works on principle Cause (x, y), which means that y is effect of cause x
(Lucas, 1995). Example of causal model of logic in medical diagnosis is presented
below. The symptoms for disease malaria are mapped to generate relationship between
them as presented below and presence of all the symptoms in patient simply indicates the
malaria.
A = fever, B = headache, C = Vomiting, D = Dizziness
A AND B AND C AND D -> Malaria
Although logic handles the incomplete knowledge in an impressive way yet there are
limitations that are associated with the medical systems using logic as a knowledge
representation mechanism. Concepts are represented in very general terms e.g. In
DILEMMA system, despite of the fact that reasoning is performed in applying the
concepts in stages by suggesting the candidate solutions and then further refining them
(Lucas, 1995), yet such type of approach is not practically being used in medical and
clinical diagnosis. The process of reasoning and diagnosis with such systems becomes
delicate and requires more domain as well as technical knowledge by the physicians.
Another disadvantage of the logic is that it is difficult to determine how to use the facts
stored in the data structure of the system (Bingi et. al, 1995). The same was the reason for
the incorrect diagnosis by INTERNIST-I, because it lacked in representing the
relationship between the manifestations or symptoms and the diseases (Wolfram, 1995).
Another limitation of logic scheme becomes apparent with the increase in number of
facts in knowledge base, which ultimately increases the number of ways to join them,
hence increasing complexity (Bingi et. al, 1995). Applying the same analogy on
symptoms and diseases may result in imprecise diagnosis because many diseases may
have lot of similar symptoms and to create meaningful relationship is difficult.

3.1.2 Study of Procedural representation
Procedural knowledge representation makes use of IF-THEN rules and is helpful in
diagnosis and therapeutic decision making (Carter, 1999). Expert systems using rules as
knowledge representation scheme in medical decision support systems domain include
MYCIN, PUFF, UMLS and CMDS etc (Kong et. al, 2008). Rules have been the principal
formalism for knowledge representation in medical expert systems to provide decision
assistance to physicians in diagnosing diseases. Applying the symptoms of malaria in
form of rules gives the following interpretation:
IF A AND B AND C AND D
14
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THEN Malaria
Also an excerpt from the MYCIN rules (Melle, 1978) is presented below:

Figure 2: An excerpt from the MYCIN rule, source (Melle, 1978)

However, some problems are coupled with procedural representation of knowledge in
medical expert systems because representation of relationships of medical facts such as
symptoms, diseases and medicine etc may be somewhat difficult.
A major inefficiency of a procedural knowledge representation scheme becomes apparent
when there is a large search space (Barr & Feigenbaum, 1981). Since the knowledge is
represented in modular form, thus the search efficiency depends on how correctly a
particular rule has been applied and inference has been made. As the knowledge domain
grows large, the probability of selecting and applying the appropriate rule decreases.
Consequently the accuracy of inference engine counteracts the accuracy achieved by
using problem solving heuristics (Baldwin & Kasper, 1986). The applicability of this
limitation is vital for knowledge based medical decision support systems as they are all
about creating and identifying relationships among the symptoms, diseases, medicine etc.
The second problem with the procedural knowledge representation based on rules is that
rules are very poor in expressing the incomplete knowledge (Reichgelt, 1991; Davis,
Buchana & Shortliffe, 1977). The reason claimed for this inability is that it is difficult to
follow the control flow in programming languages than the algorithmic representations
(Bingi et. al, 1995). This might be due to the inherent limitations of a representational
language, but obviously to interpret the partial and deficient information might not be
possible even for a perfect programming tool. Another problem with rule based
knowledge representation systems in medical domain is that they do not create a
15
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correlation between the clinical signs and symptoms due to existence of pre-symptoms
and post symptoms (Kong et. al, 2008), finally resulting in immature inference and
diagnosis. The fourth shortcoming of procedural knowledge representation identified by
Davis et. al, (1977) while evaluating the MYCIN expert system is regarding the control
structure that is based on backward chaining. Davis et. al. (1977, p. 33) justify their claim
by stating that:
“It is not always easy to map a sequence of desired actions or tests into a set
of production rules whose goal-directed invocation will provide that
sequence. Thus, while the system’s performance is reassuringly similar to
some human reasoning behavior, the creation of appropriate rules which
result in such behavior is at times non-trivial”

3.1.3 Study of Network representation scheme
As stated earlier, different types of networks such as Bayesian belief networks, decision
trees and neural networks have been used in clinical decision support systems for
representing knowledge (Kong et. al, 2008). Despite of their capabilities of handling
conditional dependencies and probabilistic inference (Montani & Terenziani, 2006), still
there representational mechanism lacks in certain aspects. A brief description of working
of Bayesian Networks and artificial neural networks has been provided below to highlight
issues related to them.
Bayesian Networks also called as Bayesian belief networks or causal probabilistic
networks are based on mathematical representation of knowledge and are useful in
representing conditional dependencies (Kong et. al, 2008; Miller, 1994). Various medical
diagnostic systems based on Bayesian networks have been developed for diagnosis of
various diseases like cancer and also having applications in radiology and ICU. In these
types of networks relationship between symptoms and diseases is represented through
nodes and paths between them. For example, the symptoms for malaria and hepatitis are
as follows:
Malaria A = fever, B = Headache, C = Bodyache, D = Vomiting
Hepatitis A=Fever, B=Headache, C=Malaise, D=Vomiting, E=Jaundice
It can be seen that some symptoms like fever, headache and vomiting are common. In
order to represent the symptoms for both the diseases the knowledge may be codified as
follows
A=Fever, B=Headache, C= Bodyache, D=Vomiting, E=Malaise, F= Jaundice
The symptoms and diseases are represented in the network form as in following figure
16
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Figure 3: Representing relationship between symptoms and diseases (Author’s own)

The given network can calculate the probabilities of existence of various diseases based
on probabilistic relationship. However, a major problem with such networks is that as
these networks consist of nodes and paths, so to make an inference for a node having
more than one path is NP hard or computationally intractable (Miller, 1994). It ultimately
results in confusion in correctly diagnosing the disease. Niedermayer (2008) describes the
problem of Bayesian Networks while discussing their applications in general. If that
problem is applied in medical domain then it can be stated that, an unforeseen symptom
of a disease may not be correctly handled by the medical system, because the system may
contravene the probabilities upon which it is developed
Another type of network based knowledge representation scheme discussed is artificial
neural networks. A variety of artificial neural networks have been used in clinical
decision support applications including stochastic networks, recurrent networks and
feedforward neural networks etc. Artificial neural networks are constructed by
representing the knowledge in a way similar to that of a human brain. Artificial neural
networks are composed of neurons for processing the information. These networks have
been widely used in medical decision support systems for knowledge representation and
making inference (Maglogiannis, 2009)

17
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Figure 4 : An artificial neural network, Source Rodvold et al. (2001)

Symptoms are provided as training data to the network along with the intensity of various
symptoms in the form of weights. Diseases are already provided as outputs. The error of
the network is computed by computing difference from the output. Output is considered
to be correct when it is much closer to the target output of the network. The process of
adjusting weights continues till a correct diagnosis. Although artificial neural networks
are capable of learning on the basis of observed samples of data, but start behaving
abnormally when they come across with unknown knowledge (Kong et. al, 2008;
Maglogiannis, 2009). This behavior of neural networks is because they try to solve a
problem by generalizing from already solved examples

3.1.4 Study of Structural representation scheme
The structural knowledge representation uses the frame format to represent the widely
accepted knowledge. CENTAUR and Arden Syntax use frame format to represent the
medical knowledge. Recent medical decision support systems have used relational
databases and object oriented databases to store the knowledge. Although DBMS are a
better option to store the knowledge that is certain or uncertain and even have functions
like add, update and delete, but the problem with them is that to infer a logical conclusion
they do not have reasoning capabilities (Kong et. al, 2008).
In fact, frames give a concise representation of relations to represent the actual
knowledge in the knowledge base possessed by an expert system (Bingi, Khazanchi,
&Yadav, 1995). Structural representation uses slots to represent the symptoms in medical
systems along with extended knowledge related to them. The following excerpt from the
WHEEZE system frame is an example of structural representation (Smith & Clayton,
1980, p. 154):

18
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Figure 5: An excerpt of WHEEXE frame from Smith et. al (1980)

The numbers in Manifestation, SuggestiveOf and ComplementaryTo slots in fact
represent the importance and suggestivity weightings (Smith et. al, 1980)
One problem with frame based representation scheme is that it does not have apparent
semantics (Reichgelt, 1991) and is complex. Obviously, for a system that is complex in
representing the concepts, the tasks of reasoning and inference also become obscure and
this deficiency too prevails in knowledge based medical decision support systems. The
other disadvantage of frame based structural knowledge representation scheme is that its
ability of expressing the incomplete and partial knowledge is limited (Reichgelt, 1991).
So, for knowledge based medical decision support systems that are already based on
prototypes and hypothesis with less number of predefined conditions, incorrect diagnosis
is possible. Also (Niwa, Sasaki & Ihara, 1984) claim that despite of their run time
efficiency, structural knowledge representation systems are difficult to implement in
practice

3.2 Study of issues related to tools and technologies
The discussion presented in the preceding section on knowledge representation schemes,
reveals that the retrieval of an accurate diagnostic advice from the knowledge based
system is dependent on representation of knowledge. The techniques discussed above are
general problem solving procedures that are symbolic instead of numeric to represent
relevant knowledge (Shortliffe, 1986). However, this representation of knowledge
requires encoding in the programming languages. These languages are not just tools for
knowledge representation, instead they work as problem solving agents when the
knowledge has been represented using them (Chandrasekaran, 1986). Therefore, it makes
sense to consider the issues related to tools and technological frameworks used for the
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implementation of knowledge bases. Usually declarative languages and databases have
been used to encode and store the expert knowledge in the knowledge bases

3.2.1 Declarative languages
A declarative language represents problem oriented information in the form of axiomatic
rules (Sol, 1982). Knowledge based medical decision support systems have been
implemented using declarative languages such as LISP and PROLOG etc. Since, the
knowledge is encoded using any programming language (Sol, 1982), so it is debatable
that the inadequacy of the tool or programming language restricts the retrieval of accurate
information from the knowledge base. MYCIN was developed in LISP (Buchanan &
Shortliffe, 1984). Also the knowledge base editor of INTERNIST-I was implemented in
LISP (Miller, 2009). Although declarative languages are good in manipulating qualitative
knowledge, still they have some issues. Declarative languages are imperfect in their
representational features (Sol, 1982). PROLOG for example has one problem of
performing redundant computations (Ramakrishna et al, 1997). Another limitation of the
PROLOG is that its semantics for negation are weak (Ramakrishna et al, 1997) that
makes difficult for it to make a correct and logical conclusion.

3.2.2 Knowledge base repositories
Besides the techniques used for representation and encoding of knowledge into the
knowledge base, there is a need to store the knowledge in the knowledge base.
Conventionally, knowledge repositories of medical decision support systems have been
implemented using relational databases, for example, the knowledge base of a decision
support system developed for ordering drug by detecting drug- drug interactions, was
implemented using a relational database (Fiol et al., 2000). Also, recently developed
medical decision support systems have frequently made use of relational and object
oriented databases management systems for storage and management of structural
knowledge. (Kong et al. 2008).
Irrespective of the advantages of relational and object oriented databases, the focus of this
research is to identify those issues that are causes of problems in accurately providing the
diagnostic advice. Although DBMS are a better option to store the knowledge that is
certain or uncertain and even have functions like add, update and delete, but the problem
with them is that to infer a logical conclusion they lack reasoning and knowledge based
deduction capabilities (Kong et. al, 2008). Another limitation of databases is that they
exhibit poor performance in handling complex queries, which ultimately causes in poor
optimization of queries (Devarakonda, 2001). Moreover, the problem of using database
as knowledge base becomes more noticeable, when there is uncertainty in the knowledge
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(Levseque & Brachman, 1987). To handle uncertainty is important in medical decision
support systems because the temporal events may be less expressive and uncertain in
nature. For example if a condition such as described by Keravnou (1996, p. 246) is
encountered stating:
“I had flu last week which lasted exactly two days”; “I had flu last week; I
started feeling unwell about Tuesday midday and I was not fully recovered
until about Thursday morning”.
Since starting and end times of particular symptoms of flue are uncertain consequently it
becomes rather difficult for the inference module of the medical decision support system
to make precise diagnosis. Because, despite of having similar symptoms, the duration of
persistence of those symptoms may be different, that ultimately results in inaccurate
diagnosis. There are other numerous limitations and disadvantage of using relational and
object oriented databases in general, but they are not of concern here and have not been
discussed further

3. 3 Study of issues related to learning
Knowledge based systems update their knowledge bases by learning new knowledge. A
variety of learning schemes have been used in knowledge based system for knowledge
bases to learn new knowledge and update their existing knowledge. These techniques are
based on artificial neural networks, Bayesian networks and genetic algorithms etc.
Features and limitation of some learning algorithms are described below

3.3.1 Learning problems in Artificial Neural Networks
Artificial neural networks have long been used in medical diagnostic systems. These
networks are composed of neurons capable of performing some specific tasks of
computation (Wei, 1998; Musen, Shahar & Shortliffe, 2001). However the task of
learning and updating can be accomplished by standard learning techniques of neural
networks (Towell, 1993). Artificial neural networks use either of the learning techniques,
supervised or unsupervised (Lee, Booth & Alam, 2005). In supervised learning, the
network is provided a training set (input vector) along with the desired output pattern
(target vector), whereas in unsupervised learning training set is provided but the correct
behavior is not included.
The most widely used learning technique for supervised learning in medical decision
support systems is based on multi layer perceptron (MLP)(Wei, 1998). Multi layer
perceptron consists of layers including the input layer, output layer and the hidden layers.
By providing a certain set of data as input to the network, the network is trained to
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produce the desired output (Maglogiannis, 2009). The output samples are also provided
and weights are assigned on each link connecting the neurons (Musen et. al, 2001).
Training data is provided to the network repeatedly. The output data is compared with the
desired or target output and their difference is assumed as error. This error is propagated
backwards and weights are adjusted again to become closer to the output. In this way
network is trained by propagating the error in backward direction (Wei, 1998).
Despite of the fact that artificial neural networks can learn knowledge, this learning is not
insignificant because we may not even be able to predict at which point it starts to fail
(Maglogiannis, 2009). Therefore, it might be possible for a system to generate incorrect
relationship between the finding of the patient and the possible diagnosis (Musen et. al,
2001). Another limitation of the supervised learning scheme is that it is not scalable.
When the training set or input size becomes extremely large, the network becomes slow
(Becker, 1991). The third limitation of supervised learning as stated by (Becker, 1991) is
regarding the biological plausibility of supervised learning. It is improbable that human
brain uses the back propagation scheme to train the hidden layer neurons.
Moreover, medical systems have been developed using unsupervised learning scheme
(Dokur & Ölmez, 2008). Kohonen self organizing maps use unsupervised learning. These
maps arrange nodes in the form of a two dimensional grid. Output is determined by
resemblance to the neighbor. However, there are some problems associated with
unsupervised learning scheme. As it is not known to the network in advance that how
many output nodes will be there so it is difficult for the network to determine the
stopping point (Dokur et. al, 2008). The other problem of unsupervised learning networks
is that information extracted from such networks is less accurate (Lee et. al, 2005)
It becomes obvious that, the schemes used for encoding the knowledge in a knowledge
base and learning scheme used to learn new knowledge and update existing knowledge
are significantly related to each other.

3.3.2 Limitations of Genetic Algorithm (GA) for MDSS
Although GA fits well for the medical decision support systems, because any internally
unknown complex system with variable behavior is the best candidate for using GA.
However it does not solve any such problem where the computation of output is unknown
in certain conditions and this is the basic requirement for any medical decision support
system. The other possible limitation of GA is to define the fitness function, which is
really very complex and difficult in the medical decision support system. Furthermore,
(Holland, 1992; Forrest, 1993; Haupt & Haupt, 1998) have proposed not to use genetic
algorithms on analytically solvable problems, because GA gives exactly one solution at
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the end, which is usually not feasible for any mathematical problem, where always finite
set of solutions exist, particularly for biological systems/functions.

3.4 Study of issues related to reasoning strategies
In general, reasoning is a way of thinking that enables a person to make ‘wise’ decision
that actually is the best possible action leading towards correct solution (Cervero, 1991).
Although the reasoning component of a medical decision support system is not a part of
its knowledge base, yet they both are tightly coupled with each other. Reasoning in
knowledge base systems is typically based on the representation of knowledge. More
formal representation of knowledge provides better reasoning support in the decision
support system. Reasoning in medicine is generally performed by creating a relationship
of the symptoms and signs along with some predefined procedures stored in knowledge
base.
Knowledge based medical decision support systems make use of any particular reasoning
strategy depending upon the specific knowledge representation scheme. Historically,
medical decision support systems have used rule based reasoning, case based reasoning,
temporal reasoning and model based reasoning or combination of more than one
reasoning strategies such as multi-modal reasoning (Montani & Bellazzi, 2002). Working
principles of case based reasoning and rule based reasoning have been generally
discussed in the upcoming paragraphs along with their limitations. Case Based Reasoning
(CBR) as stated by (Schmidt, 2001, p. 355) works on the principle that:
“Similar problems have similar solutions. Though this assumption is not
always true, it holds for many practical domains”.
CBR tries to solve a real world problem in a way similar to real world. When a new case
is to be resolved, the Case Based Reasoning uses already solved cases in the particular
domain (Montani & Bellazzi, 2002). The ability of applying past cases to the current
scenario in fact is representation of the human experts’ analogical reasoning (Montani &
Bellazzi, 2002). Different medical decision support systems based on case based
reasoning have been developed such as CASEY, PROTOS and MEDIC etc.
Nonetheless, cased based reasoning systems also have some limitations such as high cost
of searching the knowledge base, indexing problems, inaccuracy in inference, knowledge
acquisition problems, knowledge maintenance and adaptation to new situation (Panday &
Mishra, 2009; Kolodnor, 1991; Leake, 1996). For a CBR system to work correctly, it
requires an appropriate representation of knowledge and correct algorithm for retrieval of
knowledge from the knowledge base (Schmidt, 2001). However, the major limitation of
the CBR system is related to adaptation to the new situation (Schmidt, 2001). Solving
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adaptation problem is important because, as previously solved cases are stored in case
library. If the physician enters the symptoms that are similar to an already solved case, it
simply retrieves that case (Montani & Bellazzi, 2002). But if the symptoms entered are
different from the previous one, it becomes difficult for the system to adapt to new
situation, which ultimately results in an incorrect diagnosis.
Another reasoning strategy being used in medical decision support systems is rule based
reasoning (RBR). This reasoning strategy is based on a set of predefined protocols and
rules stored in a rule base. Medical decision support systems such ad INTERNIST-I and
MYCIN etc are rule based systems.
Traditional Rule based systems consist of a repository of rules, an inference engine that
triggers the rules (Ligeza, 2006) and a working memory containing available data, which
is updated every time a rule is applied. These rule based reasoning systems though once
were successful but now seem inadequate, because of their inflexibility and the changing
trends in the clinical decision making as now most of the systems being developed are
very domain specific. The reasons that make these systems inflexible are their complete
dependence on knowledge base and the other most important one is that this knowledge
base takes even years for a single domain to be populated (Kumar, Singh & Sanyal,
2009). Also rule based reasoning systems are deficient in specializing the knowledge
represented through rules e.g. the symptoms observed in a patient This limitation of the
rule based reasoning causes in an incorrect inference, because the knowledge is
represented in the form of rules and rules do not have competency to interpret the
incomplete knowledge ((Montani et. al, 2002; Davis et. al, 1977).
Although the problems of the two reasoning strategies discussed above do not directly
relate to the design of knowledge base, but are tightly coupled with each other to make a
correct diagnosis. Knowledge representation scheme used to represent knowledge is
dependent on the reasoning strategy used by the knowledge based system to perform
reasoning. Correct retrieval of a contextual advice is dependant upon the correct
knowledge representation and selection of appropriate reasoning strategy.
The discussion presented in this section has been summarized in the table 1 below and
reveals that there is not only a single design factor that leads to false diagnosis by the
medical decision support systems. Besides tools and technologies various factors
contribute in this respect such as learning techniques, reasoning strategies and finally
specific techniques used for representing the knowledge, although mostly having one
common limitation of not expressing the incomplete knowledge. The next section
presents analysis of the design factors that are critical to the accuracy of medical decision
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support systems and discusses how the semantic web can be a better choice for
representation of medical knowledge.

Table 1 Summary of Issues related to knowledge representation, tools and technologies, learning and
reasoning strategies

Issues related to Knowledge representation schemes
Logic issues

•

•

Represents the
relationship
between
symptoms and
diseases in very
general form.
Difficult to
determine how
to use the facts
stored in
systems’ data
structure

Procedural
representation Issues
• Poor in
expressiveness
• Problems with
backward chaining
• Decrease in
probability of
applying the
appropriate rule with
large search space

Network
representation Issues

Bayesian Networks

•

•

Existence of more
than one paths
becomes
computationally
hard – results in
incorrect inference
In case of
contradiction
between
probabilities,
problem remains
undiagnosed

Issues related to Structural
representation
• Problems in expressing
incomplete knowledge.
• Unclear semantics

ANN

•

•

Increase in
number of
facts makes
solution
search space
larger.

Behave unusually
when come across
unforeseen
situations

Issues related to tools and technologies
Declarative languages

•
•
•

Perform redundant computations
Weak semantics for negation
Computationally less efficient

Knowledge base repositories

•
•
•

Inability to inference
Inability to handle complex queries
Problems in dealing with uncertain situations

Issues related to learning techniques
Learning in ANN
Supervised learning
• Non trivial – difficult to predict the point of
failure
• Biologically non-plausible
Unsupervised learning
• Difficult to determine the stopping criteria
• Less accurate due to absence of correct output

Learning in Genetic Algorithm

•
•
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behavior

Issues related to Reasoning strategies
Case based reasoning
•
•
•

Inference accuracy
Adaptation task
Knowledge acquisition and maintenance

Rule based reasoning
•
•
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4. Analysis
In the preceding section knowledge representation schemes, tools and technologies for
implementing knowledge bases, learning techniques and reasoning strategies used in
medical decision support systems were discussed. This section analyzes each of the
above objectives of the study.
As described earlier, the cause of poor and inaccurate diagnosis by the medical decision
support systems is the design of knowledge base which is dependant on the four factors
that have been discussed in chapter 3 as objectives of the study. The discussion presented
is evident that each of the above factors whether that is part of the knowledge base itself
or not, contributes to the poor diagnosis by the system. For example, each of the
knowledge representation schemes carries with it some limitations that ultimately cause
in inaccurate diagnosis. Causal model of logic, when applied to medical decision support
domain does not seem appropriate because in this model every symptom (input) has a
corresponding disease (output), which makes the solution set very large and hence results
in imprecise diagnosis. In an ideal medical decision support system this set should be
small to create the mapping between symptoms and diseases. Similarly, the
inexpressiveness of rules used in procedural representation is sufficient to affirm it as
non-preferable representation scheme, though the past medical systems have made
excessive use of this representation scheme. Network based representation schemes
discussed such as Bayesian networks and neural networks when used in medical decision
support have also issues associated with them. In Bayesian networks the diseases and
symptoms are represented using nodes having relationship between them like ‘is-a’ and
‘has-a’ etc. It becomes computationally hard or NP complete if there exist more than one
path between nodes. Due to this limitation this might not be a preferable technique for
knowledge representation. Using artificial neural networks as knowledge representation
scheme is also not feasible in medical systems since in the medical decision support
system, it is essential to identify the correct relationship between the entities of the
system, which are disease, symptoms and medicine. This relationship is very complex to
be elaborated by using just an artificial neural network. As the requirement of the
artificial neural network is to input the precisely measured parameters, therefore it is not
possible to apply them directly. The structural knowledge representation scheme also has
somewhat similar limitations like inexpressiveness and unclear semantics. As the task of
diagnosing a diseases has become very complex, so the knowledge representation
schemes discussed do not seem adequate for correctly identifying the relationships
among the various attributes of the clinical data such as pre-symptoms, post-symptoms,
their intensities and values etc. This naturally demands for knowledge representation
formalism, capable of handling such complexities. The limitations of tools and
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technologies turn out to be another design issue for the knowledge base because they too
seem inadequate to meet the current computational and accuracy demands of the decision
support systems. Obviously, there arises a need to identify the more suitable technologies
that should be able to identify the clear and transparent boundary among various diseases
– it’s challenging, as most of the diseases have common symptoms at early stage. The
learning techniques utilized by medical decision support systems e.g. artificial neural
networks and genetic algorithms also seem less adequate. Since, a relationship between
the symptoms and diseases has to be defined with identification of new characteristics to
learn new knowledge. However this relationship is very complex to be represented by
using just an artificial neural network or genetic algorithm. Artificial neural networks
require the precisely measured parameter therefore it is not possible to get the accurate
results by applying those parameters directly. Similarly for genetic algorithm, the
selection of appropriate fitness function is difficult and is not feasible for analytically
solvable problems. Therefore it necessitates the identification of learning scheme capable
of learning the rules of diagnosis in more robust way as humans. The last objective of the
study discussed above is reasoning. Case based reasoning and rule based reasoning have
been discussed. A large number of medical decision support systems have made use of
these reasoning strategies, but they lack in various aspects. For example, the inability to
handle temporal aspects of medical data and uncertain knowledge makes them less
feasible phenomenon for reasoning. Moreover, the problems of adaptation to new
situation and less expressiveness of rule based systems demand better alternatives for
reasoning in order to overcome the accuracy issue. The four objectives of the study are
coupled with each other; however the knowledge representation schemes and reasoning
are more critical. No doubt all the knowledge representation schemes discussed above
have since long been used, but one major issue that becomes obvious is that they define
the concepts in a more general way, having little ability of being domain specific. In such
situations reasoning becomes difficult.
From the above discussion, we conclude that the competence of representation, tools and
technologies, learning and reasoning mechanisms discussed above are not adequate
enough to demonstrate any real medical decision support system. This is because of wide
gaps in their capabilities of representing and manipulating complex and domain specific
tasks. Now, it will be discussed how this gap can be abridged by a possible proposed
solution. Besides representation, the reasoning component is one of the of most critical
parts of any medical decision support system, because the practitioner must know the
way how system has diagnosed a particular disease to convince him/her self about the
diagnoses performed. The reasoning can be more precise and formal if we have strictly
adequate specification for the underlying knowledge representation scheme, so the
binding of knowledge representation scheme and the reasoning component is obvious. To
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accomplish these objectives, the conditional equation logic along with an adequately
specified contract (among the pre-symptoms, post-symptoms and the invariants of the
disease) can be used as the knowledge representation scheme. The first order conditional
equation logic is comprehensive enough to represent any model, but the real challenge
will be how can we formally specify the contract which is more adequate? This contract
can be followed by the design by contract approach (Mayer, 1992). This adequacy can be
achieved by proving the few properties of the contract, for example that the invariants of
the disease hold for any of the given pre-symptoms, and that the post-symptoms are the
logical consequence of the pre-symptoms and the invariants.
Another possible representation can be in semantic web, as it is also based on first order
logic, but then in proving this formal specification will be an overhead in conditional
logic, as one needs to translate the semantic web representation to the logical formulas,
which can obviously be avoided by the direct representation.
The objective of tools and technologies can be accomplished by using the existing
semantic web enabled tools/technologies, for example Ontology (OWL, 2009) as
technique since it is good in defining the concepts and the relationship between them.
Also Protégé (Gennari et al, 2003) can be used as a tool, if we use the semantic web as
knowledge representation. Another abstraction layer can be integrated while using the
conditional logic as a representation. Any tool/technology can be recommended which
supports the proving of the adequacy of the specification, because ultimately an
implementation turns out into software.
Since learning technique are also tightly coupled with the representation scheme and the
incentive of using ontology as representation scheme is that concepts are learned
implicitly by creating the relationship among them. One can think of the
weighted/attributed learning strategy, which will account some external parameters like
probabilities for occurrence of some diseases based on weights of some attributes. For
instance, several possibilities might come across while learning process occurs. If for
particular set of symptoms presented to the systems there are already solved cases based
on those symptoms, no learning will be required in this case. The second possibility is
that the symptoms of disease presented to the system do not match with solved cases;
obviously learning is required in this case by storing new knowledge. The third
possibility might be that presented symptoms conflict with the existing symptoms
partially and learning becomes non-trivial in such cases. This conflict can be either
temporal conflict related to persistence of symptoms for a particular disease or in weights
of attributes of different symptoms. For example the duration of the same disease can be
different for two different patients. In such cases it is difficult for the medical system to
distinguish exactly what could be the correct conclusion. Using stochastic methods or
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probabilities with the attributed learning might be helpful in learning and differentiating
such knowledge. This ultimately can lead to unambiguous reasoning and diagnosis.
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5. Conclusion
The purpose of this study was to identify the design issues of the knowledge bases of
medical decision support systems. To identify these issues study of knowledge
representation techniques, tools and technologies, learning schemes and reasoning
strategies was carried out as the objectives of the study. The task of diagnosing diseases
accurately using medical decision support systems is difficult due to the complex nature
of the medical data and their relationship with each other. Therefore, knowledge
representation techniques, tools and technologies, learning schemes and reasoning
strategies discussed in this study seem inadequate to meet this complexity –which
ultimately cause in the poor design of knowledge base. This obviously necessitates the
use of adequate specification for knowledge representation, more formal reasoning and
knowledge based learning. We propose to employ design by contract approach for
representing adequate relationships among the entities of medical data. This
representation can be accomplished by proving a contract between the pre-symptom,
post-symptoms and the invariants. To support such design for knowledge representation,
formal reasoning and knowledge based learning using semantic web techniques and tools
such as ontology and protégé appear more desirable.

5.1. Future work
The research contributes to the body of literature by identifying the design issues related
to knowledge bases of medical decision support systems and finally suggesting that
design by contract approach can be feasible for identifying and creating the desired
relationships among the entities of medical systems. To cope with this challenging aspect
semantic web tools and technologies can be used since semantic web represents the
information in meaningful way, by introducing a cooperative approach and even permits
sharing and reuse of data across applications and enterprises (W3C, 2010). Introducing
logic to the semantic web for using the inference rules and reasoning enables it to handle
more complex situations like those related to medical diagnosis applications. Various
semantic web applications have been developed using different technologies such as
XML, RDF and OWL etc. The concepts in the semantic web are represented using
ontology. Ontology is a term that has origin from the philosophy. Gruber (1993) defines
it as “explicit specification of a conceptualization”. Ontology represents any concept of
the real world domain and is suitable in representing the relationships between the
domain entities and concepts. Considering the complex nature of medical data as
described in the previous sections, ontology may be the most appropriate technique for
representing the medical knowledge. The research on semantic web based medical
decision support systems is already in progress and ontologies have been developed for
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representing the relationship between the entities of medical data for example by Kim &
Choi (2007) etc. Moreover, different tools are available for developing ontologies such as
Protégé. It was originally developed for knowledge acquisition for medical planning.
Protégé is good in managing temporal information in medicine and representing
knowledge in the form of guidelines. Protégé has strong affiliation with semantic web
and is being used for developing RDF ontologies (Gennari et al, 2003). Consequently it
can fulfill the requirement of the suitable tool. As described earlier that more adequately
specified knowledge representation results in more formal and precise reasoning with
system which ultimately overcomes the inaccuracy problem.
The most popular knowledge representation schemes, tools, learning and reasoning
mechanisms were covered in this research. However not all of those described in the
widely scattered literature on these issues in general and medical decision support
systems in particular were discussed. Therefore, a possible direction for the future
research work is to encompass issues specific to all those factors such as temporal and
spatial medical knowledge etc. Obviously this can provide concrete foundation for future
knowledge based medical systems, once all the issues have been identified and gathered
at a single point.
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