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Abstract: The paper is focused on both basis and
assumptions of a medical decision support system,
which is expected to play an important role in
indicating a solution in case of intracranial
aneurysm. The work presents the existing expert
systems and methods being an objective of the
system to be created and developed in the future.
The primary problems of developing such a system
are also mentioned.

Introduction

A brain aneurysm is characterized as a weak
bulging spot on the wall of a brain artery very much like
a thin balloon or a weak spot on an inner tube. This
abnormality of vain is deemed to be very dangerous
especialy in case of rupture of aneurysm, which may
result in people disability or even death.

The aim of this paper is to discuss assumptions of
medical decision support system (MDSS) which will
also incorporate a module of automatic aneurysm
finding. The system will be based on an expert
knowledge and acquisited tomography images. The type
of the aneurysm to be taken into consideration in the
future studiesis depicted in Fig.1.

Figure 1: Most common type of aneurysm, known as a
"berry" aneurysm due to its shape. Has aneck and a
stem.

Increasingly, imaging and computing is being
applied in minimally invasive surgery to provide two-
dimensional (2-D) and three-dimensional (3-D)
visualization of vascular structures to assist cliniciansin
preoperational planning, real-time operating room
decison making, and postoperation monitoring. One

emerging area of interest is in quantitative image
processing techniques that can aid in the development of
new and safer methods of endovascular treatment for
intracranial saccular aneurysms, whereby tiny platinum
coils are used to prevent blood flow within cerebral
aneurysms. Hence, it is crucia to elaborate MDSS in
this subject and it has been decided to give simple
foundations of such a system.

Materials and methods

One may distinguish the following methods which
can be employed in order to create a functional and
helpful expert system[1, 11]:

- rule based methods,

- fuzzy logic,

- neural networks.

Before giving the detail description of the
model, a brief review of the available modern and fully
practicall models is presented. In [7] a rule-based
knowledge system for diagnosis of mental retardation
was proposed, which is related to knowledge provided
by experts in the field of mental retardation. It contains
three major elements: a knowledge base, an inference
engine and user interface. The knowledge base is
supported by the knowledge of experts and trandated
into symbolic expressions. The inference engine is used
for automatic extraction of consequences from
information contained in the knowledge base and to
verify their consistency.

The diagnosis is a result of a combination of the
outputs of three equal subsystems. The first subsystem
consists of prenatal factors, second perinatal and second
postnatal factors. The combinations of these parameters
have three possible values in each subsystem: high,
medium or null. Each rule can be expressed similarly to
the following formulation:

-~ X2] - &[2]

using typical mathematical symbols such as,,.no”, ,and”,
,0r", ,implies’. The whole system bases on 223 rules,
while the diagnosis section on 128. Although the
approach shows its effectiveness, the only remaining
problem of such a kind of systems is to form straight
guestions to an expert and to obtain precise answers.

Since the aneurysm is not a well known issue and
the experts’ answers cannot be exact, a more complex
expert system was tested. According to [8], such a
process can be performed asin Fig. 2.
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Figure 2: Exemplary process of disease diagnosis[8]

There are six main parts of the system:

- data input — entering symptoms — sequence of
questions,

- checking the golden rule part — symptoms are
compared with golden criteria of each disease. If
it is not appropriate, the symptoms will be then
used asinput in a neural network,

- neural network,

- interacting diagnosis — when the data are
compared to taining set (case-based reasoning)

- determining diagnosis,

- concluding the disease — final diagnosis.

The main benefit of this system is its
multidimensional character. Data, which could not be
simply used to precise diagnosis, are transmitted to the
neural network. After that, if the system still cannot
figure out the disease, it will utilize doctors experiences
to contact the patient interactively. The interacting
process uses bound criteria that are a rule set extracted
from a training data set. The training set is obtained
from experts knowledge and employed in uncertain
cases.

As it was mentioned above, the main problem of
congtruction such a system is to specify the best

methods of preparation of the knowledge base and good
governing criteria. In [10] an application of a fuzzy
expert system to diagnosis and treatment of male
impotence was considered. The nature of the problem is
very similar to the described model, namely in
complication of making a simple decision. Additionally,
it was decided to put our rules on fuzzy logic[1, 9, 10].
The rule of the fuzzy logic can be exemplarily
formulated: if the aneurysm wall is thinner and bulge is
yes and smoking is high and high blood pressure is yes
and age is middle, then the aneurysm rupture is highly
possible. The reasoning stage could be organized as
follow:

User/facts
Input .| Intermediate
parameters output
Classification Data form
fuzzy rules diagnostic test
Diagnostic
fuzzy rules
Final output
Treatment Final
|
fuzzy rules treatment

Figure 3: Reasoning flow in fuzzy logic [10]

The following factors should be incorporated in
such a decision support system:

- medical knowledge about types, ways of finding

and cure of the intracranial aneurysm (saccular),

- image processing — segmentation — which

provides data of aneurysm for further use [2],

- mathematical model — including medical data and
factors which are the result of image processing and
also computational fluid dynamics.

These four modules generate enough data to design the
MDSS.

Creation of the expert system to assist non-expert
doctors making an initia diagnosis would be very
desirable. As it is known, the real world of the medical
knowledge is often characterized by inaccuracy. In the
studied example medical terms do not have a clear-cut
interpretation.

The developed fuzzy system should have the
structure of the shownin Fig. 4.
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Figure 4: General structure of fuzzy expert system [9]

It is crucial to specify a set of parameters that play
an important role in diagnosis for each patient’'s data.
Following to the experts it could be:

- age as a higher risk of the rupture,

- aneurysm volume, diameter etc,

- health condition,

- other not well known factors.

The basic problem lies in obtaining data of essential
aneurysm factors such as: volume, diameter, aorta
condition as well as potentia rupture places where the
aortawall isthinner.

Moreover, it is important to extract the aneurysm
from tissue, which sometimes resembles aorta. The
image, obtained from a tomograph, cannot provide
clear-cut information about aneurysm structure in al
cases. This fact depends mainly on aflow in aorta, since
the construction both of aneurysm and aorta usually
prevents contrast fluid from reaching each part of the
aneurysm.

In general, there are three ways of detecting artery
defects:

- manual segmentation — time—consuming,

- automated segmentation — methods presented in

[3, 4],

- semi—automated segmentation like proposed in [5].
For our purposes, the second and the third technique are
regarded as the most appropriate for MDSS. Obvioudly,
the automated methods are believed to be worse about

10% than the manual counterparts, what was stated in
[3]. However, the system should be as much automated
as it is possible, so that use one of the aforementioned
methods will establish the base in the fully automated
system.

The solution for the problem of not always accurate
automated segmentation method is the guidelines
mentioned in [5]. According to [5], this technique
consists of a selected region of interest on afew
computer tomography (CT) dlices. This process belongs
to doctor's competence, nevertheless the rest of the
dlices are simulated automatically, basing on an active
contour approach.

Undoubtedly, this method enables to avoid the
listed below [5] problems met in case of CT scans:

- aorta does not have the same optical density

within the whole volume,

- sometimes tissue has the same colour and looks

very similar to aorta,

- small vessels, which branch from aorta can be

neglected in afully automated segmentation.
Modern automated medical imaging techniques
followed by appropriate image analysis methods [6]
have proved to be very useful for measurements of the
aneurysm. In general, these methods base on a level set
algorithm. In addition, they perform a 3-D
segmentation of CT images and extract a 3-D aorta
aneurysm model, which is practical to select an
appropriate healing method.

The MDSS can be created on the base of the
abovementioned recommendations, yet there is still
necessity to classify the aneurysms. They can be
determined by both selecting specific data from an
image and comparison with an expert knowledge. The
proposed system should be organized likein Fig. 5.
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Figure 5: Proposed structure of MDSS
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Results

The presented paper isfirst of the papers relating to
a project conducted by the Szczecin University of
Technology, which delineates the primary assumptions
of the research project. We decided to write this article
to delineate the main ideas. Since the project is in the
preliminary stage only the assumptions, objectives and
the main problems which have been faced when
exploring this subject were disscused.

Conclusion

The mentioned methods are concerned as abasic
presumption of a broad topic of medica decision
support systems. The next step is to present the final
equations to assess of the risk of the aneurysm rupture
and providing a potential patient with possible cure
methods as well as certain advice how to live with the
aneurysm.
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