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INTRODUCTION
The increasing complexity of medicine has emphasized
the need to accurately detect, even to anticipate changes in
the patient's condition, and to closely follow the effects of
therapy. At the same time, the advancements of technology
are enabling us to measure and monitor many physiological
variables simultaneously in real time, and in some cases to
administer therapy automatically. The need
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to

quickly
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networks have been developed, each with different learning
methods and applications, but by far the most cornmon
learning method is back-propagation. During learning with
this technique, the observed output of the artificial neural
network is compared to the expected value. If an error
exists, an algorithm calculates changes in the weights of the
output layer neurons, so that the error is reduced. This
error-reduction is back-propagated throughout the entire
network

and interpret an overwhelming amount of

information is paving the way for applications of artificial
intelligence in medicine in general, and anesthesiolory in
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particular.

Many tasks in anesthesiolory involve pattern recognition.

Artificial intelligence research has taken two

major
roads. the expert systems and the artificial neural networks.

a rule-based
expert system probably have very little structural

Despite the fact that brain processing and

resemblance, expert systems may demonstrate surprisingly

intelligent behavior especially when applied to areas of
knowledge that are limited, logical, and well-understood.
However, they are confined by the limitations of our ability
translate human expertise into rules and by the
tremendous effort required to validate large rule bases.
"Learning" in an expert system requires insertion of new

to

rules by a human, at least at present time. Furthermore, the
rule-based system is inflexible. A variant of the problem at

hand that is not represented in the knowledge base of the
system may cause the system to fail or to work improperly.
The same result may be expected when input to the
program is incomplete or comrpted. Like other computer
programs, a rule-based expert system is susceptible to
"sudden death"; destruction of even a small segment of the
usually very large program code will likely cause the system
to halt. This may explain why expert system applications in
medicine are limited, and why attention has recently turned
to artificial neural networks.

This approach can be taken to diagnostic and prognostic
problems, imagrng and monitoring. Monitoring of a singe
variable often involves paffern recognition at several
different levels: an experienced physician draws
conclusions from the shape of a single arterial pressure
wave, from changes in the amplitude of that wave over a
ventilatory cycle, and from the interaction of blood
pressure, heart rate and pulmonary capillary wedge pressure

time. There is truly a vast amount of information in
an environment of multiple continuous variables being
recorded at high speed. During the last several years
attempts have been made to consolidate and preprocess

over

linked variables to more meaningful entities. [2] However,
the information content of many variables cannot readily be
reduced to discreet values, and the changes in the wave
patterns are too subfle to be detected visually.
In some cases, it is possible to improve the accurary of

by replacing mathematical
networks. These
neural
trained
algorithms with
and STto
arrhythmiahave
applied
been
applications
existing monitoring systems

segment analysis from the ECG, [3]oscillometric estimation
of blood pressure, t4l and detection of errors in pulse
oximetry. [5] Fanell et al. constructed a three layered back-

propagation neural network to

TIIE STRUCTURE OF NEURAL NETWORKS

Artificial neural networks approach the problem of
modeling brain function by trytng to replicate its structure
albeit in a greatly simplified form. The network consists of
mathematical models of biological neurons arranged in
layers so that a given layer receives input from the previous
layer and sends output to the next The concept of learning
in a neural network is based on a principle originally
expressed by Donald Hebb, a psychologist, in 1949. tU
The Hebbian law states that if a neuron repeatedly persists
in exciting another neuron, the connection between the rwo
is strengthened. In a neural network, the strengthening of
connections between neurons translates into adjustment of
the weights at the connection points. Many types of neural

identi$ 13 fault conditions

in the anesthesia breathing circuit, using expired CO2, gas
flow, and circuit pressure as input. t6l The network
identified and reported 95 %o of faults correctly during
controlled ventilation and 87o/o during spontaneous
breathing when tested in the laboratory. During 44 hours
of use in the operating room, the system reported 54 of 57
known faults and produced 74 false alarms. Leön et al.
trained a back-propagation neural network to identi$
esophageal and tracheal intubation from airway pressure
and flow signals generated from the first breaths delivered
to the tube after placement. [7] The network was able to
make the distinction with 100% sensitivity and specificity
from the first breath alone.
Diagnostic use of neural networks has been extensive in
the interpretation of EEG, ECG and radiological imagesl,
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but their use in other areas is emerging as

were able

to

correctly identi$ 50

well. Akay et al.

of 64 patients with

coronary artery disease and 32 of 36 patients with normal
coronary arteries, on the basis of neural network analysis of
diastolic heart sounds, an accuracy superior to any other
noninvasive technique. [8] Patil et al. showed that a neural

network was comparable to experienced clinicians in
diagnosing pulmonary embolism given characteristics of
history, physical examination, ECG, chest radiograph, and
arterial blood gas values. [9] Tourassi et al. applied neural
network analysis to ventilation/perfrrsion scans and were

able to train a network that significantly outperformed
clinicians in the accuracy of interpreting the scans for
pulmonary embolism. UOl Neural networks have also been
found usefirl in the evaluation of patients with chest pain in
the emergency room. Baxt found that a neural network
prediction of acute myocardial infarction (sensitivity 97 yo,
specificity 96 %) compared favorably with the assessment
of clinicians caring for the same patients (sensitivity 78yq
specificity 85%). U U
Possibly the greatest impact from neural network
technology would be expected from improved utilization of
resources tfuough accurate prediction of outcome. In a

preliminary investigation, Doig

et al. used

logistic
regression and neural network models to predict mortality
in a multi-discliplinary intensive care unit from
physiological variables recorded on the third ICU day in
422 consecutive patients. tl2l
When patients used to
develop the respective models were also used in the testing
group, the sensitivity and specificity of the neural network

prediction was 1.0 and 0.997, respectively, significantly
higher than that of the logistic regression model.
McGonical et al. compared a neural network with

conventional scoring in predicting survival from
penetrating trauma for quality assurance purposes. [13]
The data set consisted of 8300 records, 3500 which were
used for training and the remaining records for testing.
The neural network provided significantly higher

sensitivity, although slightly less specificity, than
traditional predictions (TRISS, ASCOT). In the testing set,
the use of the neural network would have decreased the
number of incorrecfly classified deaths by 40 %o, and in the
authors' opinion would have allowed more effrcient use of
quality assruance resources. Doyle applied neural networks
to the prediction of outcome after liver transplantation and
were able to predict survival with a sensitivity of 77 oÄ and
a specificity of 96 oÄ, better than any multivariate method.
[141

Neural network technolory is expanding rapidly both in

the development of new types of networks and their
combinations, and in the number of applications that they
are being found useful for. The currently tested networks
are relatively simple when compared with the possibilities
available even in the foreseeable future. Yet, they have
proven to be superior to conventional techniques in many
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that have everyday
to the clinician. It is likely that future

complex pattern recognition tasks
significance

in neural network theory and computer hardware
establish neural networks as a permanent help in the
management of anesthetized andcritically ill patients.
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