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Abstract
Physiological models represent a useful form of
knowledge, but are both difficult and time con-
suming to generate by hand. Further, most
physiological systems are incompletely under-
stood. This paper addresses these two issues
with a system that learns qualitative mod-
els from physiological signals. The qualita-
tive representation of models allows incomplete
knowledge to be encapsulated, and is based on
Kuipers’ approach used in his QSIM algorithm.
The learning algorithm allows automatic gener-
ation of such models, and is based on Coiera’s
GENMODEL algorithm. We describe exper-
iments using the learning system on data seg-
ments obtained from six patients during cardiac
bypass surgery. Useful model constraints were
obtained, representing both general physiologi-
cal knowledge and knowledge particular to the
patient being monitored. The effects of varying
parameters for front-end signal processing, and
varying fault tolerance levels for the subsequent
learning by GENMODEL are also discussed.

1 Introduction

Physiological models represent a useful form of
knowledge because they encapsulate structural infor-
mation of the system and allow deep forms of rea-
soning techniques to be applied. For example, such
models are used in many prototype intelligent mon-
itoring systems and medical expert systems. How-
ever, generating such models by hand is difficult and
time consuming. Further, most physiological systems
are incompletely understood. These factors have hin-
dered the development of model based reasoning sys-
tems for clinical decision support.

Qualitative models permit useful representations
of a system to be developed in the absence of exten-
sive knowledge of the system. Further, recent de-
velopments in the machine learning community have
produced methods of automatically inducing qualita-
tive models from system behaviors. Applying such
techniques to learning physiological models should
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not only benefit knowledge acquisition, but also pro-
vide a useful tool for physiologists who need to pro-
cess vast amounts of data and induce useful theoret-
ical models of the systems they study.

In this paper, we describe a system for learn-
ing qualitative models from physiological signals.
The qualitative representation of physiological mod-
els used is based on Kuipers’ approach, used in his
qualitative simulation system QSIM [Kuipers, 1986].
The learning algorithm adopted is based on Coiera’s
GENMODEL system described in [Coiera, 1989].

In our system, we use signals derived from hemo-
dynamic measurements, including:

¯ heart rate (HR)
¯ stroke volume (SV) 
¯ cardiac output (CO)
¯ mean arterial blood pressure (ABPM)
¯ mean central venous pressure (CVPM)
¯ ventricular contractility (VC) 
¯ rate pressure product (RPP) 
¯ skin-to-core temperature gradient (AT)

2 System Architecture
The overall architecture of the system is illustrated in
Figure 1. The physiological signal is first processed
by a front-end system, which outputs a filtered sig-
nal and its derivative. These are entered into the seg-
menter to produce a qualitative behavior in terms of a
set of qualitative states. GENMODEL then uses this
qualitative behavior to generate a qualitative model.

1The stroke volume was derived from the arterial blood
pressure waveform as the systolic ejection area, i.e. the inte-
gral of the difference between the arterial blood pressure wave-
form and the diastolic arterial blood pressure. The end of the
systolic period is marked by the dichrotic notch formed at the
closure of the aortic valve.

2The ventricular contractility was derived from the peak
rate of rise of arterial blood pressure which occurs at the onset
of systole.

3The rate pressure product is the product of the heart rate
and the systolic arterial blood pressure. It correlates well with
the myocardial oxygen consumption. The ABPM behavior ap-
proximates that of the systolic pressure in most circumstances.
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Figure 1: Overall architecture of the learning system.
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Figure 2: Overall architecture used for front-end pro-
cessing of incoming signals.

2.1 Front-end Processing

The overall architecture used for front-end processing
of physiological signals is shown in Figure 2.

The signal first passes through an artifact fil-
ter which removes various artifacts and linearly in-
terpolates the intervals of the artifacts removed. The
present artifact filter employs a simple threshold ap-
proach and is capable of detecting only simple ar-
tifacts reaching physiologically unattainable values.
More sophisticated knowledge-based filters can be ap-
plied for signals containing more complex artifacts.
The signal is then processed by a median filter which
removes transient features lasting shorter than half
the width of the filter window. A Gaussian filter then
smooths the signal by convolving it with a Gaussian
kernel of a chosen standard deviation a. Finally, the
derivative of the signal is obtained by passing the
smoothed signal through a differentiator. The seg-
menter then segments the smoothed signal according
to zero crossings of its derivative, producing a set of
qualitative states describing the system behavior rep-
resented by the signal.

2.2 GENMODEL

GENMODEL is a program for generating qualita-
tive models from example behaviors. Given a set
of qualitative states describing a system behavior,
GENMODEL outputs all QSIM constraints consis-

tent with the state history. Together, these con-
straints form the most specific QSIM model given the
example system behavior. The GENMODEL pro-
gram described in this paper is an extended version
of the original implementation described in [Coiera,
1989]. The program is extended to include dimen-
sional analysis [Falkenhainer et al., 1986] [Richards
et al., 1992] and fault tolerance.

Input:

2.2.1 The Algorithm

s A set of system functions, Functions.

¯ A set of units for the system functions,
Units

¯ A set of landmark lists for the system func-
tions, Landmarks.

¯ A set of qualitative states, States.

Output:
A qualitative model which consists of all con-
straints that are consistent with the state history
and dimensionally correct, Model.

Method:
GENMODEL first searches the entire state his-
tory, States, for sets of corresponding values. It
then generates the initial search space by con-
structing all dimensionally correct constraints
with different permutations of system functions
in Functions. Then it successively prunes incon-
sistent constraints upon each qualitative state
in States, using the check() function which
checks consistency of a constraint with a given
qualitative state according to rules described in
[Kuipers, 1986]. Finally, it removes redundancy
from the remaining constraints and outputs the
result as a qualitative model Model.

2.2.2 Fault Tolerance
We take the approach of tagging a counter onto

every constraint in the initial search space. This
counter keeps track of how many states the constraint
has failed in so far. We set a noise level e to a fraction
of the total number of states in the example behav-
ior. A constraint has to be inconsistent with e states
before it is pruned.

2.2.3 Performance on Learning the
U-Tube Model

With dimensional analysis, GENMODEL comes
up with exactly the six constraints describing the U-
tube system given the three qualitative states describ-
ing the example behavior. 4 This is a significant

4The U-tube system is a standard reference problem in the
qualitative modeling research community. [Bratko et al., 1991]
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improvement to previous results reported in [Coiera,
1989] in which 14 constraints were obtained.

2.2.4 Comparison with Other
Learning Approaches

GENMODEL does not require negative exam-
ples. The greatest strength of GENMODEL is that
it learns from positive examples only. There is no
need to generate negative examples as needed in other
inductive learning approaches such as GOLEM and
genetic algorithms, which are described in [Bratko et
al., 1991] and [Var~ek, 1991].

GENMODEL does not require ground facts
for background knowledge In GENMODEL, the
definitions of the QSIM representation are inherent in
the check() function used for checking consistency of
a constraint with a given qualitative state. There
is no need to generate explicit ground facts for this
background knowledge, as needed in GOLEM.

3 A Qualitative
Cardiovascular Model

Here we describe a set of possible qualitative con-
straints that may exist among the different vari-
ables of hemodynamic measurements mentioned pre-
viously. [Guyton, 1981]

mult( H R, SV, CO)
mult(HR, ABPM, RPP)
M+(CVP, CO) The Frank-Starling law of the heart.

5

M+ (SV, VC) Heterometric & homeometric autoreg-
ulation of the heart. 6

M+(HR, CO), M-(HR, CO) In general, the more
times the heart beats per minute, the more blood
it can pump. However, once the heart rate ex-
ceeds a critical level, as in hypovolemia, the heart
strength itself decreases and also the ventricular
filling time becomes so reduced that the stroke
volume and thus the cardiac output is signifi-
cantly decreased.

M- (CO, AT) Vasoconstriction. 7

5This law states that the heart automatically adapts itself
to the amount of blood that flows into it from the veins, as
long as the total quantity does not exceed the physiological
limit that the heart can pump.

6When the cardiac muscle is stretched, it contracts with
a greatly increased force, thereby automatically pumping the
extra blood into the arteries.

7Under conditions of poor cardiac output, as in hypov-
olemia, the body responds by trying to raise the blood pressure
by vasoconstriction, at the expense of tissue perfusion. This
causes an increase in the skin-to-core temperature gradient.

4 Results
The learning system was used on data segments
obtained from six patients during cardiac bypass
surgery. The data segments were all 1000 seconds
(16.7 minutes) long, sampled at 1 Hz. The front-
end processing filters used were 600 points wide. The
fault tolerance level in GENMODEL was set at 20%
of the total number of qualitative states in each data
segment. The operation performed in each case was
to insert coronary artery bypass grafts, except in the
case of Patient 2 which was to replace the aortic valve.
The results are described below, with a brief overview
of the patient’s condition in each case.

PATIENT 1 The patient was a 39-year-old gentleman.
He had a history of angina, treated with va-
sodilator drugs and beta blockers. Prior to this
data segment, lightness in anesthesia caused a
rise in ABP following surgical insult. During the
period, the depth of anesthesia was subsequently
increased, bringing ABP down again.

M+(CVPM, VC) Both increased.
M+(ABPM, RPP) Both ABPM and RPP

dropped because of increased depth of anes-
thesia.

M+(HR, CO) Both HR and CO dropped.

inv_deriv(ABPM, RPP) (Spurious)
inv_deriv(ABPM, YC) (Spurious)
mul t( H R, AB P M, RP P 
mult( H R, SV, CO)

PATIENT 2 The patient was a 65-year-old lady with
acute left ventricular failure and significant aor-
tic valve regurgitation. The data segment was
taken when the patient was just coming off by-
pass and was artifically paced.

M-(ABPM, SV) ABPM increased while SV
decreased.

PATIENT 3 The patient was a 47-year-old gentleman
with a fairly recent episode of myocardial infarc-
tion. The data segment was obtained when the
surgery was just starting.

M+(HR, RPP) Both HR and RPP increased.
mult( H R, AB P M, RP P 

PATIENT 4 The patient was a 60-year-old man with
a history of angina. The data segment was taken
when the operation had just started, and the pe-
riod was relatively uneventful.

mult(HR, ABPM, RPP)
mult(HR, SV, CO)

PATIENT 5 The patient was a 66-year-old man with
a long history of angina and hypertension, and
had a recent infarct. His catheter showed se-
vere triple vessel disease with reasonably good
left ventricular function. The data segment was



taken quite some time after the surgery started.
The initial lightness of anesthesia caused a sharp
rise in ABP upon surgical insult. The depth of
anesthesia and the dosage of GTN were increased
to bring the ABP back down.

M+(CVPM, CO) Both decreased because of
increased GTN dosage.

M+(ABPM, RPP) Both decreased because of
increased depth of anesthesia.

M+(HR, ABPM) Both decreased.
M+ (HR, RPP)
mult( H R, CV P M, RP P)
mult(HR, ABPM, RPP)
mult( H R, SV, CO)

PATIENT 6 The patient was a 63-year-old gentleman
who had a history of hypertension and angina
He was not on beta-blockers.

SEGMENT 1 Lightness in anesthesia caused pre-
vious rises in ABP at leg surgery, chest in-
cision and sternotomy, and eventually is-
chemia. In response, GTN dosage was in-
creased causing ABP to drop. Depth of
anesthesia was also increased.

M+(ABPM, CO) Both dropped because
of increased GTN dose.

M+(HR, RPP) Both dropped because of
increased depth of anesthesia.

M-(ABPM, AT) GTN caused vasodila-
tion.

M-(CO, AT)
inv_deriv(ABPM, RPP) (Spurious)
inv_deriv(ABPM, VC) (Spurious)

mult( H R, CV P M, RP P)
mult( H R, AB P M, RP P)
mult(HR, SV, CO)

SEGMENT 2 GTN dosage successfully lowered
ABP. Dosage was decreased.
M+(HR, RPP) Both continued to drop.

M-(HR, ABPM) ABPM started to rise
moderately following decreased GTN
dosage.

M- (ABPM, RPP)
deriv( SV, CO) (Spurious)
mult(HR, CVPM, RPP)
mult(HR, CVPM, VC)
mult( H R, AB P M, RP P)
mult(HR, ABPM, VC)

SEGMENT 3 Patient condition was stabilized.
This period was relatively uneventful.

M+(HR, CO) Both HR and CO rose to a
peak then dropped.

M+(SV, CO) SV rose then levelled off.

M+(CO, RPP) RPP rose to a peak then
dropped.

M+(CO, VC) VC rose to a peak then
dropped.

M+(HR, SV)
M+ (HR, RPP)
M+ (HR, YC)
M+ (SV, RPP)

M+(SV, VC)
M+ (RPP, VC)
mult( H R, CV P M, RP P)
mult(HR, CVPM, VC)
mult( H R, AB P M, RP P 
mult( H R, AB P M, V C)
mult( H R, SV, CO)

SEGMENT 4 This period was relatively unevent-
ful.

M+(ABPM, CO) Both ABPM and CO de-
creased.

M+(ABPM, SV) SV decreased.
M+(SV, CO)
mult(HR, ABPM, RPP)
mult( H R, SV, CO)

SEGMENT 5 The patient experienced low ABP
post bypass due to poor cardiac perfor-
mance secondary to a technically poor graft
and possibly hypovolemia. Inotropic ther-
apy (Dobutamine) was given which poten-
tially caused the patient to develop myocar-
dial ischemia subsequently. Blood infusion
was performed to bring ABP back up.

M+(SV, CO) Both decreased.
M- (HR, SV) Hypovolemia caused HR to

increase.

M-(HR, CO)
mult( H R, AB P M, RP P 
mult( H R, SV, CO)

SEGMENT 6 ABP gradually rose as a result of
switching to another inotrope (Adrenaline)
and blood infusion.

M- (HR, AT) HR gradually decreased
while AT increased.

M-(SV, AT) SV increased following in-
otropic therapy.

M-(HR, SV)
deriv(ABPM, RPP) (Spurious)

deriv (ABPM, VC)
deriv(SV, CO) (Spurious)

mult( H R, CV P M, V C)
mult( HR, ABPM, RPP)
mult(HR, ABPM, VC)
mult( H R, SV, CO)
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5 Discussion
The results demonstrate that reasonable qualitative
models can be learned from raw clinical data. The
models learned varied for a number of reasons, both
across all six patients as well as within a single patient
(Patient 6). Models varied because:

1. Learning is affected by statistical sampling effects.

2. The qualitative behaviors extracted from the raw
signal are affected by noise and artifact, and these
errors propagate into the learning module.

3. Specific clinical circumstances may change both
across patients and within a single patient, gen-
uinely changing the model (e.g. M+(HR, CO)
changed to M-(HR, CO) in Patient 6 as hypo-
volemia developed).

5.1 Choosing an appropriate filter

width and fault tolerance level

The filter width for front-end processing can be
thought of as the parameter controlling the level of
temporal abstraction of the models to be learned.
A wider filter causes more smoothing of the signal
and filters out a larger number of short-duration
events. It was noted that as the lengths of the me-
dian filter and the Gaussian filter were increased,
the number of model constraints obtained increased,
since more of the features in the original waveform
were smoothed out and therefore fewer of the possi-
ble QSIM constraints were pruned by GENMODEL.
However, there existed a limit to this because if the
lengths of the filters exceeded this limit, the processed
waveform became so smooth that conflicting con-
straints started to appear. For example, if both pro-
cessed waveforms were relatively flat, both the M+

and the M- constraints could not be excluded. The
same situation occurred if the fault tolerance level for
GENMODEL was set too high.

6 Future Work
The smoothing and segmenting of signals into a qual-
itative system behavior - a quantitative-to-qualitative
transformation of data - is closely related to the task
of shape analysis in the field of machine vision. Shape
analysis aims at finding piecewise representations of
curves, such as the bounding contours of shapes. This
is analogous to our task of finding a qualitative repre-
sentation of physiological signals. In fact, shape anal-
ysis also commonly employs tactics similar to ours,
i.e. smoothing with Gaussian filters followed by de-
tection of zero crossings in the first or second deriva-
tive of the smoothed signals. The standard deviation
a of the Gaussian filter used determines the scale of
representation. Often not only is it necessary to de-
scribe changes of signals at different scales, but in

addition, combining descriptions across scales gives
much useful information. [Babaud et al., 1986] This
idea of multiscaling may be investigated in future
work in qualitative modeling across different tempo-
ral abstractions.
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