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The analysis of the human cardiovascular system by means of modeling and simulation method-
ologies is of relevance from a medical point of view because it allows doctors to acquire a better
understanding of cardiovascular physiology, offer more accurate diagnostics, and select better suited
therapies. The cardiovascular system is composed of the hemodynamical system and the central ner-
vous system (CNS). In this work, two generic models of the CNS for patients with coronary diseases
are identified by means of the fuzzy inductive reasoning (FIR) methodology. One of the models is
generic only in its structure, whereas the other one is a fully generic model. Itis very useful for doctors
to have available a generic CNS model for a group of patients with common characteristics because
this model can be used to predict the future behavior of new patients with the same characteristics.
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1. Introduction

The human cardiovascular system consists of two parts,
the hemodynamical system and the central nervous system
(CNS). The hemodynamical system operates essentially
like ahydro-mechanical pump, and consequently, itsstruc-
ture and functioning are well understood. This is why a
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considerable number of accurate quantitative hemodynam-
ical systemmodelscan befoundintheopenliterature[1-4].
The central nervous system isin charge of controlling the
hemodynamical system. In contrast to the hemodynamical
system, the functioning of the CNSis of high complexity,
and the structural mechanisms responsible for the control
actions are not very well known. The analysis of the regu-
lation done by the CNS controllers to the hemodynamical
system and its application to patients with coronary dis-
easesare of highimportancefor the diagnosisand selection
of better suited therapies.
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Fuzzy inductive reasoning (FIR), a qualitative method-
ology based on fuzzy logic, is chosen in this article as the
modeling and simulation tool for dealing with the CNS.
Previous studies have demonstrated that the FIR method-
ology is capable of capturing the dynamic behavior of the
CNS control for a specific patient [5, 6]. In these publica-
tions, it was shown that the FIR models synthesized were
more robust and accurate than the models obtained using
NARMAX and neural network (NN) inductiveapproaches.
However, these models were obtained and validated using
datafromasingle patient, and therefore, adeep study (with
more patients) is required to confirm these preliminary
results.

The main goal of this research is the identification of
generic modelsof the CNSfor aset of patientswith similar
characteristics. By generic models, we mean models that
are not useful for a single patient but useful for a group
of patients with common characteristics. In this way, the
generic models can be used to predict the behavior of new
patients who belong to that specific group.

An important effort is spent on the validation process
of the generic CNS models. On one hand, the generic CNS
models obtained are validated in an open loop using test
datasetsnot used in theidentification process. On the other
hand, the cardiovascular system is simulated as a whole
(closed loop) to prove that the generic CNS models ob-
tained perform an accurate control to the hemodynamical
system of specific patients.

To this end, two particular tasks were established. The
first oneistoinfer ageneric model of the CNS control for
the set of available patients. Two different approacheswere
considered. On one hand, a generic-structure FIR model
is obtained by choosing the structure of the single-patient
model that performs best from a prediction point of view.
In this case, the structure of the model (called maskin FIR
nomenclature) isoneand the samefor all patientsand isthe
basis of the generic model, whereas the rule base (called
behavior matrix in FIR nomenclature) is specific for each
patient. The idea behind this approach is derived from the
common generalization strategy carried out by paramet-
ric modeling methodologies (i.e., NARMAX) [7]. In this
case, the structure of the NARMA X models (the linear and
nonlinear terms) arethe same, but their parametersare spe-
cificfor each patient. Ontheother hand, afully generic FIR
model isinferred from all the data obtained from the dif-
ferent patients. Both types of generic models inferred are
validated and compared from a prediction accuracy point
of view.

The second objective of the study consists of closing
the loop between the hemodynamical system, modeled by
means of differential equations (quantitative model), and
the CNS control, modeled in terms of the FIR methodol-
ogy (qualitative model). Themixed quantitative/qualitative
generic model of the cardiovascular system is vali-
dated using real physiological data obtained from cardiac
catheterization.

2. The Cardiovascular System

As mentioned previoudly, the cardiovascular system is
composed of the hemodynamical and the central nervous
system (CNS) subsystems. Figure 1 shows a schematic di-
agram of the cardiovascular system. The cardiovascular
system is a dynamic complex system in which several ac-
tions must be considered: ventriclefilling in and emptying
out, blood flow through the entire organism, control actions
made by the central nervous system, and the interaction of
the cardiovascular system with other body systems.

Themaintask of the hemodynamical systemisto ensure
the continuous flow of blood in the human body to carry
the oxygen and the necessary metabolic substances to the
tissues, aswell asto eliminate the oxidation products. The
main task of the central nervous system is to control the
hemodynamical system by generating the regulating sig-
nals for the blood vessels and the heart. These signals are
transmitted through the sympathetic and parasympathetic
nerves, producing stimuli in the corresponding organs and
other body parts.

AsshowninFigure 1, the CNSisconsidered to be com-
posed of five controllers. heart rate, myocardiac contrac-
tility, peripheric resistance, venous tone, and coronary re-
sistance. All of them are single-input/single-output (Sl SO)
models driven by the same input variable, namely, the
carotid sinus pressure.

The hemodynamical system has been widely studied,
and its mechanisms are in compliance with the laws of
fluid mechanics. The acquired knowledge of the structure
and functioning of the hemodynamical system hasallowed
the development of fairly accurate quantitative models[1—
3, 8]. These are based on models of the arterial, vein,
and cardiac systems. One of the most detailed quantitative
hemodynamical models was developed by Vallverdi and
isreported in Vallverdu, Crexells, and Caminal [4]. Inthis
model, the heart is composed of four chambers, modeled
fromtherelationsbetween pressure, volume, and el asticity
variables.

VallverdU's quantitative hemodynamical model [4] has
been adoptedinthisstudy sinceit offersafairly high degree
of internal validity. The model is described through a set
of highly nonlinear ordinary differential equations.

The functioning of the central nervous system is not
fully understood, and because of that, many of the cardio-
vascular system models developed so far have been de-
signed without taking into account the effects of CNS con-
trol. Quantitative modelsfor each of the hypothesi zed con-
trol mechanisms have been postulated by various authors
[9-11]. However, these models offer a considerably lower
degree of internal validity in comparison with the models
used to describe the hemodynamical system.

The use of inductive modeling techniques (e.g., FIR
methodology), with flexibility for properly reflecting the
input/output behavior of a system, offers an attractive al-
ternativeto the differential equation models[5, 6]. Further-
more, FIR offers a self-assessment capability that makes

Volume 79, Number 11 SIMULATION 649



Nebot, Mugica, Cellier, and Vallverda

CARDIOVASCULAR SYSTEM

Heart Rate Controller

yocardiac Contractility
Controller

System

Peripheric Resistance

Controller
Circulatory Flow
Venous Tone Mechanisms
Controller
Carotid Sinus

Blood Pressure

Coronary Resistance
Controller

Figure 1. Simplified diagram of the cardiovascular system model

these models more robust than the differential equation
models.

Theidentification and validation dataused inthe present
research are the same set of signals used in Vallverdi [7],
where a NARMAX model of the cardiovascular system
wasidentified and validated. These data setswere obtained
from the simulation of a differential equation model of
the central nervous system that represents an enhancement
of many individual previous research efforts described by
various authors [1-4, 8] and is therefore one of the most
complete deductive CNS descriptions currently available.
Thedifferential equation model hasbeen tunedto represent
five specific patients suffering from different percentages
of coronary arterial obstruction by making the four differ-
ent physiological variables—right auricular pressure, aor-
tic pressure, coronary blood flow, and heart rate—of the
simulation model agree with the measurement data taken
from each patient.

3. Fuzzy Inductive Reasoning Methodology

In this section, an overview of the fuzzy inductive reason-
ing methodology is presented. A deep explanation of the
methodology is presented in the appendix. FIR is based
on the general system problem solver (GSPS) [12], atool
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for general system analysis that alows one to study the
conceptual modes of behavior of dynamical systems. FIR
is a data-driven methodology based on systems behavior
rather than structural knowledge. It is able to obtain good
qualitative relations between the variables that compose
the system and to infer future behavior of that system.
It is therefore a very useful tool for modeling and sim-
ulating systems for which no previous structural knowl-
edge is available (e.g., biomedical systems). FIR method-
ology iscomposed of four main processes—namely, fuzz-
fication, qualitative modeling, qualitative simulation, and
defuzzfication.

FIR is fed with data measured from the system under
study, converted into fuzzy information by means of the
fuzzification function. In the fuzzification process, quanti-
tative values are fuzzified (discretized) into a fuzzy triple,
consisting of the class, the membership, and the side (cf.
the appendix). The side function gives information about
the position of the quantitative value with respect to the
maximum of the membership function of the chosen class.
It is important to notice that the same information is con-
tained in the qualitative triple as in the quantitative value,
and hence no information is lost in the fuzzification pro-
cess. To convert quantitative valuesinto qualitative ones, it
ishecessary to provideto thefunction the number of classes
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into which the spaceisgoing to bediscretized and theland-
marks that separate neighboring classes from each other.
The qualitative modeling process of the FIR methodology
is responsible for finding spatial and temporal causal re-
lations between variables and, therefore, for obtaining the
best model (composed by the mask and the behavior ma-
trix) that represents the system. The qualitative modeling
process eval uates the possible masks and concludes which
among them has the highest quality from the point of view
of an entropy reduction measure. Then the mask isused to
obtain the behavior matrix (rule base) associated with the
data registered from the system. An example of amask is
presented in equation (1):

AF Inputl Input2 Output
t — 20t 0 -1 0 (1)
t— 3t (—2 0 —3) .

t —4 0 +1

Negative entriesin the mask are called m-inputs (mask
inputs). They denote causal relations with the output (i.e.,
they identify those m-inputs that are most useful for ex-
tracting information about the output). The single positive
entry denotes the output. The number of nonzero elements
is called the complexity of the mask. The number of rows
in the mask is called the depth.

Inthe above example, the Output at timer issaidto bea
function of Input2 at timer — 28¢, of Inputl at timer — &¢,
of the Output itself at timer — 3¢, and of Inputl at timez.

The mask candidate matrix (see equation (2)) describes
the set of all possible masks that the qualitative modeling
process needs to consider when determining the best one
(i.e., the optimal mask).

AF Inputl Input2 Output
t—28 /-1 -1 -1 (2)
r—3 |-1 -1 -1

t -1 -1 +1

Thenegative elementsinthe mask candidate matrix rep-
resent potential causal relationswith the output. If previous
knowledge of the system is available—for example, if itis
apriori known that some variables are not or only poorly
related with the output—this information can be incorpo-
rated into the mask candidate matrix by introducing zero
elements that block the investigation of a causal relation
between that specific m-input and the selected output.

Oncethebest mask hasbeenidentified, it can be applied
to the qualitative data obtained from the system, resulting
in a particular rule base (behavior matrix).

Once the rule base and the mask are available, a pre-
diction can take place using FIR's inference engine. This
processis called qualitative simulation. The FIR inference
engineisaspecialization of the k-nearest neighbor (k-NN)
rule, commonly used in pattern recognition. The adapta-
tion of the generic k-NN ruleto avariant of afive-nearest-

neighbors (5-NN) method has proven very successful in
the past, leading usually to good results when applied to
biomedical systems|[5, 13].

Defuzzification is the inverse process of fuzzification.
It allows conversion of the qualitative-predicted output to
guantitative values that can then be used as inputs to an
external quantitative model. The reader is referred to the
appendix for a more detailed understanding of the FIR
methodol ogy.

4. Generic-Structure FIR Model

This section describes how the generic-structure FIR
model of the CNSisinferred from the five patients avail-
able. Before that, some genera considerations need to be
addressed.

Asmentioned earlier, thefive CNScontrollersare SISO
models driven by the same input variable, the carotid si-
nus pressure (see Fig. 1). The five output variables of the
controller models are not directly amenable to a physio-
logical interpretation, except for the heart rate controller
variable, which is the inverse heart rate, measured in sec-
onds between beats. The input and output signals of the
CNS controllers, for al patients, are recorded with a sam-
pling rate of 0.12 seconds from simulations of the purely
differential equation model [4].

Each CNS control model isvalidated by usingit to fore-
cast six data sets not employed in the training process.
Each one of these six test data sets, with a size of about
600 data points each, contains signal s representing specific
morphologies, allowing the validation of the model for dif-
ferent system behaviors. Dataset 1 representstwo consecu-
tive Valsalva maneuvers of 10 seconds duration separated
by a 2-second break, data set 2 shows two consecutive
Valsalva maneuvers of 10 seconds duration separated by
a 4-second break, and data set 3 exhibits two consecutive
Valsalva maneuvers of 10 seconds duration separated by
an 8- second break. Data set 4 shows asingle Va salvama-
neuver of 10 seconds duration with an intensity (pressure)
increase of 50% relative to the previous three data sets.
Data set 5 describes a single Val salva maneuver of 20 sec-
onds duration with nominal pressure. Data set 6 is called
the reference data set since it represents a standardized
Valsalva maneuver from which al the other variants are
derived by modifying a single parameter. Figure 2 shows
the six heart rate controller test data sets for patient 1.

The Valsalva maneuver, described in 1704 by Antonio
deValsalva, isauseful testin cardiology becauseit causes
important hemodynamical changes in a short time span,
can be carried out easily and painlessly by any patient,
and does not have any undesirable side effects. It consists
of attempting a brisk exhalation with the nose and mouth
closed, blocking the passage of air and thereby provoking
theincrease of intrathoracic andintra-abdominal pressures.

In the modeling process, the normalized mean square
error (in percentages) between the ssmulated output, y(z),
and the system output, y(¢), is used to determine the
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Figure 2. Heart rate controller test data sets for patient 1

validity of each of the control models. The error equation
isgivenin (3).

_ El00 — 50
yvar

MSE - 100%, ®)

where y,, denotesthe variance of y(r).

For FIRtofind thebest model that representsthesystem,
the user must providethe number of classesinto whicheach
system variableisto be discretized, aswell asthe depth of
the mask candidate matrix. Usually, both values are cho-
sen heuristically by the modeler. However, it is necessary
to take into account that the mask should cover the largest
time constant of importance of the system under study [14].
Therefore, the depth can be computed by means of equa-
tion (4).

A
depth = round(a—:) 41 (4)

where At represents the largest time constant, and 8¢ rep-
resents the sampling rate, respectively.

If thephysical systemitself isavailablefor experimenta
tion, aBodediagram of the system can be obtained through
measurement to determine the shortest and largest time
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constants of concern. From there, the sampling rate can
be determined as 1/2 of the shortest time constant, and the
depth of the mask candidate matrix can then be determined
in accordance with equation (4). However, if the physical
system is not amenabl e to experimentation, such asin the
case of hiomedical systemsinvolving humans, themodeler
may have to rely on expert opinion as to what these time
constants may be. In the present study, no information re-
lated to the time constants is available from the doctors.
Therefore, it was decided to use the information derived
from the distribution of the data (histograms) to estimate
the optimal number of classes, as well as the information
obtai ned from the study of the existence of Markov proper-
ties to determine the optimal depth of the mask candidate
matrix.

Figure 3 describes the FIR process of obtaining a qual-
itative model of the CNS for each patient when using
Markovian models and data distribution analysis to en-
hance the prediction capability of FIR models.

Thefirst stepisto computethe histogram of thetraining
data for each system variable. The histogram providesin-
formation about the distribution of data helping the mod-
eler to decide the number of classes into which the sys-
tem variables are to be discretized and to determine the
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landmarks (limits between classes) of each class. Once
the number of classes and the landmarks have been deter-
mined, the fuzzification process of the FIR methodology
can take place. How this is done will be shown in due
course by means of an example.

The second step is to compute the single-dependency
Markovian models of variable order that can help to iden-
tify the depth of the mask and to extract as much informa-
tion as possible about the temporal relations of the input
and output variables.

Theinformation provided by thismethod allowsthein-
clusion of a priori knowledge about the system into the
mask candidate matrices, thus reducing their complex-
ity and, therefore, making the search space smaller. Con-
sequently, the time spent by the FIR qualitative model-
ing process to find the optimal mask is considerably re-
duced. However, it is important to notice that the single-
dependency Markovian models provide relevant temporal
relations for asingle variable only and not between differ-
ent variables, which would be of much interest.

Oncethe best mask isfound, it is applied to the qualita-
tive data obtaining a behavior matrix. Together, the mask
and the behavior matrix constitute the system model.

L et us now focus on obtaining a generic-structure CNS
model. The idea derives from the common generalization
strategy embraced by most parametric modeling method-
ologies, suchasNARMAX [7]. InVallverda [7], the struc-
ture of the NARMAX models (the linear and nonlinear
terms) isidentical for all patients, but their parameter val-
ues are different for each patient. In the FIR methodol-
ogy, the mask can be viewed as the structure of the model,
whereas the rule base (behavior matrix) can be considered
specific for each patient because it is derived from its own
measured data. Therefore, there is an analogy between the
mask of the FIR methodol ogy and the number and types of
termsused inthe NARMAX eguations, aswell as between
behavior matrices and the parameter values.

How isthe structure (mask) of the generic CNS model
obtained? To identify amask that best represents the com-
mon structure of all patients, it is decided to choose the
patient- specific mask that exhibits the best performance
from the prediction point of view. The mask of the patient
with the lowest cumulative prediction error is selected as
the generic structure for al the patients with similar char-
acteristics. Therefore, to identify the best patient-specific

Qualitative data

~ o .
_ -

mask from the prediction accuracy perspective, it becomes
necessary to obtain CNS models for each of the five pa
tients available.

Tothisend, specific model sare obtained for each patient
(5) and each controller (5), resulting in 25 different FIR
models. The same inference procedure is used to obtain
each of the 25 FIR models. As an example, this process
is described for only one of these controllers, namely, the
heart rate of patient 4.

4.1 Heart Rate Controller

As described in Figure 3, to determine the number of
classes and the landmarks associated with each class, it
is hecessary to compute the histogram of the training data
for each system variable. Figure 4 presents the histogram
obtained for the carotid sinus pressure (input variable) for
patient 4.

Thedistribution of the data definesfour separate groups
in a natural way. The first one corresponds to the inter-
val [65 90]. The second, third, and fourth are associated
with the intervals [90 130], [130 163], and [163 205],
respectively. Consequently, the input variable for all the
controllers of patient 4 was discretized into four classes
(named C1, C2, C3, and C4 in Fig. 4), with landmarks
as defined above. The same procedure was used to obtain
the number of classes and landmarks of the output vari-
able. In this case, the heart rate controller was discretized
into three classes. With the information extracted from the
histograms, the fuzzification procedure is applied for the
input and output variables, obtaining aqualitative data set.

The next step is to apply the Markov property test to
the input and output signals of the heart rate controller.
The upper part of Figure 5 shows the result of applying
a Markov test to the carotid sinus pressure (CSP: input
variable). In the lower part of the same figure, the result of
applying the same Markov test to the heart rate controller
(HRC: output variable) is presented.

The peaks of Figure 5 represent strong temporal rela
tions with respect to the same variable at the present time.
Consequently, the lower part of Figure 5 shows that the
HRC at present time is highly dependent on the values of
the same signal 1, 6, 12, and 17 steps back in time. In
the same way from the upper part of Figure 5, it becomes
evident that the CSP signal at the present time is most
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Figure 4. Histogram of the carotid sinus pressure for patient 4
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strongly dependent on the same signal 1, 6, 13, 19, and 25
steps back intime. Thisinformation was used to define the
mask candidate matrix associated with the heart rate con-
troller for patient 4 in the way described in equation (5).

A\ CSP HRC
t —25% /-1 0
t — i96t —'1 .0
r—17sel o —1
: : : (5)
t—13% | -1 0
t — 128t 0 -1
f—est | -1 -1
st |-1 -1
t -1 +1

The mask candidate matrix was chosen in this way to
speed up the qualitative modeling process. Evidently, the
proposed algorithm only picks up linear or linearizable
dependencies between variables, and in some cases, it may
be necessary to augment the mask candidate matrix with
additional —1 entries to obtain a satisfactory model of the
process.

With the mask candidate matrix available, the qualita-
tive modeling process of the FIR methodology is used to
obtaintheoptimal mask for the heart rate controller subsys-
tem. The best mask obtained is presented in equation (6).

A\ CSP HRC
t — 258t 0 0
f—19t -1 0

r—17¢| 0 -2
: : : (6)

t — 138t | —3 0

t — 128¢ 0 —4

t —‘681‘ —'5 —‘6

i—s | -7 -8
t 0 +1
The mask of equation (6) can be interpreted asfollows:

the heart rate controller at the current time ¢ depends on
the values of the carotid sinus pressure at 0.12, 0.72, 1.56,

and 2.28 seconds in the past and also on its own values at
0.12,0.72, 1.44, and 2.04 seconds in the past.
The optimal mask can be written as

HRC(t) = f(CSP(t — 19¢),
HRC(t — 178t), CSP(t — 13%1),
HRC(t — 123¢t), CSP(t — 681), @)
HRC(t — 68t), CSP(t — dt),
HRC(t — 5t)),

where f denotes a qualitative relationship. The FIR quali-
tative modeling engine picked a mask of high complexity
in this case, which is rather unusual in the case of atwo-
variable system. It indicates that the carotid sinus pressure
indeed contains a lot of information about the heart rate
controller variable and points to the fact that much mea-
surement data were available to warrant the selection of a
high-quality model.

The optimal mask isthen applied to the qualitative data
(see Fig. 13, presented later) to determine the associated
behavior matrix. The heart rate controller model (mask
and behavior matrix) identified for patient 4 is validated
by predicting the six test data sets available for that patient
and that controller by using FIR's qualitative simulation
process. The average prediction error (MSE) obtained is
7.3¢ — 5%, presented in the first row/fourth column of
Table 1.

Figures 6 and 7 show the prediction results of two of
the six test data sets (MV4 and REF, respectively) used
for the validation of the model. In the upper plot of these
figures, thereal and the predicted output signalsare plotted
together. Both signals areindistinguishable due to the high
accuracy of theprediction. Thelower plot of thosefiguresis
included to show the prediction errors obtained (real minus
predicted values) to provide an example of the amazing
precision of the predictions made.

As demonstrated, the FIR model is capable of properly
forecasting both thelow- frequency and the high-frequency
behaviors of these signals. The MSE (in percentages) for
the MV 4 test data set is 2.6e — 6%, whereas this error is
0.0321% for the REF test data set.

The same procedure was used to infer optimal models
of the other controllers for the same patient and all CNS
controller models for the remaining patients. The average
MSE errors (in percentages) obtained for the six test data
setsfor all controllers and patients are summarized in Ta-
ble 1. Each column corresponds to one patient, and each
row contains the average MSE error obtained for the six
validation data sets for each particular controller.

The results presented in Table 1 show that the FIR ap-
proach isindeed capable of capturing in areliable way the
dynamic behavior of the system under study for all pa
tients. The average errors obtained for the five controllers
of the five patients are very low. It is interesting to notice
that the venoustone controller model for patient 5 does not
perform as accurately as the other models. However, the
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Table 1. Average MSE errors of the HRC, PRC, MCC, VTC, and CRC FIR models for the five patients (in percentages)

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
HRC 5.0e-4 4.6e-3 1.0e-3 7.3e-5 7.0e-4
PRC 9.0e-4 3.0e-4 4.9e-5 7.0e-4 3.3e-4
MCC 2.6e-3 2.0e-3 1.0e-4 7.6e-6 1.4e-4
VTC 7.3e-3 3.0e-4 4.7e-3 7.9e-4 4.9
CRC 8.0e-4 2.0e-4 6.8e-3 3.0e-4 4.4e-5

Note. MSE = mean square error; HRC = heart rate controller; PRC = peripheric resistance controller; MCC = myocardiac contractility
controller; VTC = venous tone controller; CRC = coronary resistance controller; FIR = fuzzy inductive reasoning.
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Figure 6. Heart rate control of patient 4: Prediction MV4 test data set

error obtained in that case is 4.9%, which is still very low
if compared with the error obtained when other modeling
techniques, such as NARMAX [5] or either time-delayed
or recurrent neural networks [6], are used.

Once al CNS controllers for each of the five available
patient data sets are modeled, the process of obtaining a
generic-structure model can take place. The identification
of ageneric-structure model for a given controller is done
by choosing the mask that is associated with the lowest
MSE error from the set of masks of al the patients that
represent the specific controller. Asillustrated in Figure 8,
the mask of patient 1 (mask 1) isused together with the be-
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havior matrices of every patient to predict the test data sets
associated with that patient for agiven controller. Fromthe
errors obtained for each patient (MSE i), the average error
that represents the prediction performance of that mask is
computed. The same procedure is done for the masks of
patients 2, 3, 4, and 5. Finally, the mask of the patient that
exhibits the lowest average error is the mask chosen to
represent generically the structure of that controller.

Equation (8) describesthe chosen mask for the heart rate
controller. From the computed histograms, it was decided
to discretize the input variable into four classes, whereas
the output variable was discretized into three classes.
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Figure 8. Identification process of a generic-structure mask of the central nervous system (CNS) control
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The mask chosen in egquation (8) is now used to ob-
tain the specific behavior matrices for each patient (see
the appendix). Once the generic mask and the behavior
matrices are available, the different test data sets of al
five patients are predicted. Notice that the structure of the
model (the mask) is identical in all predictions, whereas
the behavior matrix is specific for each patient. Therefore,
the generic model obtained is not fully generic but generic
initsstructure only. The procedure of identifying ageneric
HRC mode is fully applicable to the other CNS con-
trollers. The peripheric resistance controller (PRC), my-
ocardiac contractility controller (MCC), and venous tone
controller (VTC) variables were also fuzzified into four
classes, whereas the coronary resistance controller (CRC)
variable was discretized into three classes. Equations (9)
through (12) describe the best masks identified by the
FIR representing the optimal generic structure of the PRC,
MCC, VTC, and CRC controllers, respectively.

A CSP PRC
t—16%¢ /-1 0
-8 |—2 0
: : : 9)
t — 63t 0 -3
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The generic structures (masks) of these controllers are
used to obtain the patient-specific behavior matrices. The
generic structure models are then used to predict the test
data sets of all five patients.

The results obtained are summarized in Table 2. Each
row containsthe average error of the 6 test data sets associ-
ated with one specific patient for each CNS controller. The
last row showsthe global average errors of the 30 test data
setsfor each controller. It can be observed that the average
errors for al the controllers are lower than 2.0e — 3%, an
impressively good result. Therefore, the generic-structure
models identified for each controller capture in areliable
way the common behavior of this set of patients. The next
step is to study the feasibility of obtaining areliable fully
generic model of the CNS.

5. Fully Generic FIR Model

Encouraged by the good results obtained when forecasting
using a generic- structure CNS model, it was decided to
go a step further and try to identify a fully generic CNS
model. The same five patients used in the previous section
are aso the subjects of this study. For each of the five
controllers, 35,000 data points (7000 for each patient) are
used in the identification process. The generic models are
validated by forecasting the 30 test data sets available for
each controller (6 test data sets for patient and controller).

Figure 9 describes the process of obtaining a fully
generic model of the CNS control. The identification data
used for inferring the generic model of a specific con-
troller are obtained by merging theindividual identification
data streams of all patients. However, it is necessary to be
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Table 2. Average MSE errors of the HRC, PRC, MCC, VTC, and CRC generic-structure models induced by FIR (in percentages)

HRC PRC MCC VTC CRC
Test patient 1 1.9e-5 6.8e-7 9.5e-4 4.2e-3 3.5e4
Test patient 2 1.8e-5 6.0e-5 1.95e-4 3.3e4 1.7e-5
Test patient 3 9.9e-4 4.6e-5 5.0e-5 2.6e-4 1.6e-5
Test patient 4 4.5e-5 2.6e-8 1.6e-10 2.7e-4 9.1e-6
Test patient 5 1.3e-4 3.3e-4 7.3e-8 1.3e-3 4.4e-5
Average error 2.4e-4 8.7e-5 2.4e-4 1.3e-3 8.7e-5

Note. MSE = mean square error; HRC = heart rate controller; PRC = peripheric resistance controller; MCC = myocardiac contractility
controller; VTC = venous tone controller; CRC = coronary resistance controller; FIR = fuzzy inductive reasoning.
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Figure 9. Identification process of a fully generic model of the central nervous system (CNS) control

cautious because if the data stemming from one patient are
placed immediately adjacent to the data stemming from
another patient, fake causal relationshipswould be created
at the seam of thetwo data streams, causing asevere degra-
dation of the forecasting power of the derived FIR model.
Therefore, it is necessary to add gaps of missing data be-
tween neighboring data streams stemming from different
patients. This is not a problem for the FIR methodol ogy,
which is able to deal with missing data records.

At this point, a data set of the available 35,000 data
records padded by gaps of missing dataisready to be used
for theidentification of afully generic model of one of the
five CNScontrollers. Thequantitative dataare converted to
qualitative data by means of the FIR fuzzification process.
As explained before, in this conversion, it is necessary to
providethe number of classesinto which the spaceisgoing
to be discretized. To thisend, the histogram of thetraining
datais computed for each system variable, as was already
done in the identification of single-patient CNS models.
Once the landmarks and the training data set are avail-
able, the fuzzification function converts the quantitative
data into fuzzy triples. The next step is the identification
of the generic model by means of the qualitative modeling
process of the FIR methodology. A prestudy of the data,
based on single-dependency Markovian modelsof variable

order, isalso donein this case.

The procedure just described and illustrated in Figure 9
isusedfor inferring thefully generic FIR modelsof thefive
controllersthat compose the CNS(i.e., HRC, PRC, MCC,
VTC, and CRC). Equation (13) describesthe best mask ob-
tained by the qualitative modeling function of FIR that rep-
resentsthe heart rate controller. From the histograms com-
puted for each system variable, it was decided to fuzzify
thecarotid sinus pressure (input variabl €) into three classes,
whereas the heart rate control signal (output variable) was
discretized into four classes.

A\ CSP HRC
t—7% /-1 -2

_e| 0 -3
SR I (13
r—st |4 _s

t 0 +1

Equation (14) describes the best mask inferred by FIR
that representsthe peripheric resistance controller. Thehis-
togram computed for the output variable suggested dis-
cretizing it into six classes.
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Equations (15) through (17) represent the best masks
obtained for the myocardiac contractility, venous tone,
and coronary resistance controllers, respectively. The his-
tograms computed for the three output variables suggested
classifying each of them into five classes.
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These masks are then used to obtain the behavior matri-
ces (rule bases) for each controller. As mentioned earlier,
each of the five fully generic FIR modelsidentified is val-
idated by forecasting 30 different data sets not used in the
identification processthat represent specific morphol ogies.
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The M SE errors (see equation (3)) obtained for each gen-
eral controller are presented in Table 3. The columns and
rows of this table are the same asin Table 2. It can be ob-
served that the average errorsfor all controllers are below
2.5%. These results are very good if we take into account
that the five models inferred are completely generic and
have been validated with test data sets stemming from dif-
ferent patients. The MCC, VTC, and CRC models behave
very well for all patients, with associated errorsof lessthan
1%. Thisisnot the case for the HRC and PRC models. Itis
clear that the HRC model isableto predict more accurately
the behavior of patients 4 and 5, whereas the PRC model
predicts more accurately patients 1 and 5. However, the
biggest errors obtained are till below 6%, a very remark-
able result in comparison with the errors obtained when
using other modeling methodol ogies such are NARMAX
[7] or neural networks [15].

The results obtained when the generic-structure model
identification processis used are much better than the ones
obtained by means of the fully generic CNS controller
model. However, the generalization power of the generic-
structure models, which have a component that is directly
associated with a specific patient, is lower than the gener-
alization achieved through the fully generic models.

The second objective of the study consists of closing
the loop of the cardiovascular system to validate the over-
all model using real physiological data. The next section
describes thiswork in detail.

6. The Cardiovascular Closed-Loop System

In this section, the loop between the hemodynamical sys-
tem, modeled by means of differential equations, and the
central nervous system control, modeled in terms of in-
ductive modeling techniques, is closed (see Fig. 1). The
complex behavior of the overall cardiovascular system is
now studied.

Real physiological data obtained from cardiac catheter-
ization are used for this study. These data were obtained
from the hemodynamical division of the Hospital de la
Santa Creu i de Sant Pau in Barcelona. The datastem from
patients with coronary arterial obstruction of at least 70%.
The measured physiological variables are asfollows: right
auricular pressure, P, (t); aortic pressure, P, (t); coronary
blood flow, F¢(¢); and heart rate, H R(¢). The physiolog-
ical variables were recorded during all five phases of the
Valsalva maneuver.

Fromthetrgjectoriesof theright auricular pressure, aor-
tic pressure, coronary blood flow, and heart rate, mean
values were computed for each of the five phases of the
maneuver. P, denotes the average right auricular pres-
sure during a given phase, P,, stands for the mean aor-
tic pressure, Fcy, isthe average coronary blood flow, and
H R, signifiesthe average heart rate during any one of the
phases.

The measurement results obtained through cardiac
catheterization for all five patients are summarized in
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Table 3. Average MSE errors of the HRC, PRC, MCC, VTC, and CRC fully generic controller models inferred by FIR

HRC PRC MCC VTC CRC
Test patient 1 1.58 0.10 0.17 0.22 0.15
Test patient 2 3.51 5.95 0.08 0.05 0.03
Test patient 3 2.70 3.45 0.25 0.12 0.08
Test patient 4 0.02 2.30 0.10 0.03 0.39
Test patient 5 0.05 0.17 0.14 3.50 0.05
Average error 1.57 2.39 0.15 0.78 0.14

Note. MSE = mean square error; HRC = heart rate controller; PRC = peripheric resistance controller; MCC = myocardiac contractility
controller; VTC = venous tone controller; CRC = coronary resistance controller; FIR = fuzzy inductive reasoning.

Table 4. Measurement results obtained through cardiac catheterization for the five patients studied

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
PADM Pre-V 2 4 4 3 5
1l 54 38 40 45 38
v 2 5 4 3 5
Pam Pre-V 84 107 107 113 119
1l 104 929 107 117 113
v 86 119 107 116 125
Fem Pre-V 112 123 148 123 113
1] 89 106 82 81 87
v 126 118 147 128 121
HRm Pre-V 70 77 73 80 72
1l 75 82 78 83 75
v 66 70 73 78 70

Table 4. Only the mean values computed for the pre-
Valsalva phase, Vasava phase I, and Vasava phase IV
areshown inthetablebecausethese arethe most significant
datafrom amedical point of view.

The mean values presented in Table 4 were obtained
from real measurements. They will subsequently be used
as reference values in the model validation process. For
a model to pass the acceptance test, none of the four key
variables—that is, averageright auricular pressure (Pypy),
mean aortic pressure (P,,), mean coronary blood flow
(Feu), and average heart rate (H R,,)—may deviate from
the reference values by more than +10% during any of the
three key phases of the Valsalva maneuver.

Atthispoint, thequestionto beraisediswhether amixed
model of the cardiovascular system—whereby the hemo-
dynamical subsystem is described by means of differential
equations, and the CNS control is described using a FIR
model—generates results inside the +10% error margin
that is permitted and can therefore be considered a valid
model.

The differentia equation model of the hemodynamical
system was implemented using the advanced continuous
simulation language (ACSL) [16], a convenient software
tool for the description of ordinary differential equation-
based state-space models. A simplified scheme of the sim-
ulation structure is shown in Figure 10.

The hemodynamical system, modeled and simulated in
astrictly quantitativefashion, isimplemented in full within
ACSL. Itsdifferential equationsareimplemented asacon-
tinuous process to be integrated across time using one of
the standard integration algorithms offered by ACSL. The
CNS control, on the other hand, isimplemented inside the
ACSL program as a discrete process to be executed once
every 0.12 seconds.

The simulation process operates in the following way.
The hemodynamical system generates a continuous-time
trajectory representing the carotid sinus pressure (CSP).
This variable is sampled by the discrete process once ev-
ery 0.12 seconds and is immediately being fuzzified into
three qualitative classes using the FIR fuzzification engine
that is coupled to the ACSL through an interface routine.
The discrete process then calls five times on the FIR qual-
itative simulation routine to predict qualitative values of
thefive controller outputs. Thesefivequalitativetriplesare
then defuzzified into quantitative (real-valued) controller
outputs using the FIR defuzzification engine. The defuzzi-
fied signal s are then made availabl e to the hemodynamical
system for use within the differential equation model.

Both the generic-structure and the fully generic CNS
controller models were used to simulate the overall car-
diovascular system. The simulation results obtained from
the mixed quantitative/qualitative cardiovascular system
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Figure 10. Schematic showing the structure of the cardiovascular system simulation program

model using generic-structure and fully generic CNS-FIR
models are presented in Tables 5 and 6, respectively. The
positive and negative values (in parentheses) in the tables
indicate the deviations from the data obtained through car-
diac catheterization.

Analyzing the results of the mixed cardiovascular sys-
tem model with the generic-structure CNS control (Ta-
ble 5), it is found that the largest negative relative devia-
tions from the measurement values are —1% for patient 1,
—4% for patients 2 and 3, —3% for patient 4, and —2%
for patient 5. The largest positive relative deviations are
+2% for patient 1, +4% for patient 2, +2% for patient 3,
+4% for patient 4, and +2% for patient 5. Thus, all the
indicators are within the requested +10% margin, and in
accordance with the requirements, this generic model isto
be accepted as a valid representation of reality. The aver-
age relative deviations from the measurement values are
0.83% for patient 1, 2% for patient 2, 1.42% for patient 3,
1.25% for patient 4, and 1% for patient 5.

Performing the same analysis for the mixed cardiovas-
cular system model with fully generic CNS control (Ta
ble 6), it can be seen that the largest negative rel ative devi-
ations from the measurement values are —2% for patient
1, —4%for patients 2 and 3, and —6% for patients 4 and 5.
Thelargest positiverelativedeviations are +3% for patient
1, +6% for patients 2 and 3, +4% for patient 4, and +3%
for patient 5. Hence, al the indicators are again within
the requested £10% margin; therefore, the fully generic
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model isto be accepted as avalid representation of reality
for the task at hand. The average relative deviations from
the measurement values are 1.41% for patient 1, 2.83%
for patient 2, 2.17% for patient 3, 1.83% for patient 4, and
2.25% for patient 5.

Clearly, the mixed cardiovascular system model with
generic-structure CNS control shows better results than
themodel that includesafully generic CNS control model.
The average relative deviations are lower for all patients,
and thelargest negative and positive deviations, in absolute
terms, are also lower (—6% vs. —4% and +-6% vs. +4%).
Therefore, it can be concluded that the mixed cardiovas-
cular system model, composed of a differential equation
model that represents the hemodynamical system and a
generic- structure FIR model representing the central ner-
vous system control, isthe overall model that better fitsthe
real system. However, both mixed cardiovascular system
models are considered acceptable from a medical point of
view.

7. Conclusions

This article deals with the human cardiovascular system,
which is composed of the hemodynamica and the cen-
tral nervous subsystems. The modeling and simulation of
the overall cardiovascular systemisof great importancein
the medical domain becauseit allows, among other things,
one to acquire a deeper knowledge of the cardiovascular
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Table 5. Results obtained from the mixed cardiovascular system with a generic-structure central nervous system
(CNS) model

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5
PADM Pre-V 2 4 4 3 5
I 56(1.2) 38 40 45 38
v 2 5 4 3 5
PAM Pre-V 84 110(+3) 103(_4) 117(+4) 117(_2)
[ 1034y 1013,y 1052 118,1) 11401
v 88(+2) 119 109(:7) 116 1244,
Fem Pre-V 113, 1194 144 4 1203, 1115
I 89 110(:4) 84(+2) 83(+2) 88(+1)
v 127(41) 122, 147 13047 122(,1
HRM Pre-V 70 73(_4) 75(+2) 80 73(+1)
[ 76(41) 80(2) 77 81(. 2) 74(4)
\Y 68(+2) 71(+1) 73 79(+1) 72(+2)

Table 6. Results obtained from the mixed cardiovascular system with the fully generic central nervous system (CNS)
model

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5

PADM Pre-V 2 4 4 3 5

1] 57(+3) 40(+2) 38(_2) 45 38

\Y 2 5 4 3 41
PAM Pre-V 83(_1) 111(+4) 113(+6) 110(_3) 116(_3)

[ 104 1045 107 1164 111,

\Y 85(.1) 1175 107 1154 1194
FCM Pre-V 113(+1) 119(_4) 152(+4) 126(+3) 109(_4)

1] 92(+3) 108(+2) 87(+5) 85(+4) 84(+3)

\Y 1254 1246 1434 122.¢) 1174
HRM Pre-V 73(+3) 74(_3) 73 81(+1) 72

[ 73(2) 78(.4 744 82(. 1) 714

\Y 68(+2) 72(:2) 74(:1) 80(+2) 70

physiology and furthers a better understanding of the con-
trol of the CNS over the hemodynamical system.

The work presented in this study is oriented toward the
identification of a generic CNS model for patients with
coronary arterial obstruction of at least 70%. Data stem-
ming from five different patients were used to preform the
study.

Two different approaches were used to infer a generic
model of the CNScontrol. Ononehand, ageneric-structure
FIR model was proposed. In this approach, the structure of
each controller model isidentical for all patients, whereas
therulebaseis specific for each patient. On the other hand,
a fully generic FIR model was identified. Both types of
generic models were validated predicting six test data sets
available for each of the patients who had not been used
in the modeling process. The prediction errors obtained
when using the fully generic CNS models are larger than
the ones obtained using the generic-structure CNS mod-
els. This is reasonable since the generalization power of
the generic-structure model, having one component that is

directly associated with a specific patient, islower than the
generalization achieved from the fully generic model. The
errors obtained with both generic models are significantly
lower than the errors obtained when using other method-
ologies such are NARMAX [7] or neura networks [15].
Thefinal goa of the study consisted of closing the loop
between the hemodynamical system, modeled by means
of differential equations, and the CNS control, modeled in
terms of the FIR methodology. The overall cardiovascu-
lar system model was validated using real physiological
data obtained from cardiac catheterization from the five
patients under study. Two complete cardiovascular system
models were tested, one containing the generic- structure
CNS models and the other incorporating the fully generic
CNS models. From the validation of both models, it can be
concluded that the cardiovascul ar system model, composed
of adifferential equation model representing the hemody-
namical system and a set of generic-structure FIR models
representing the central nervous system, is the one that
better fits the real cardiovascular system. However, both
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Figure 11. Schematic representation of the four primary tasks of the fuzzy inductive reasoning (FIR) methodology

mixed cardiovascular system models are considered ac-
ceptable from amedical point of view.

8. Appendix

8.1 Basics of Fuzzy Inductive Reasoning
Methodology

Figure 11 shows the four main tasks of the FIR methodol-
ogy in aschematic way—namely, fuzzfication, qualitative
modeling, qualitative simulation, and defuzzfication.

The fuzzy inductive reasoner is fed with data that are
measured from the system under study. These are usu-
ally quantitative—that is, real-valued, time-stamped data,
such as blood pressure, body temperature, and so forth.
However, FIR bases its decisions on qualitative (i.e., dis-
cretized) data. Consequently, the measurement data must
first be converted from quantitative to qualitative data
streams. In order not to lose information in this process,
the discretization is done in a fuzzy, not crisp, sense. In
Figure 11, this process is called fuzzfication.

The predictions made by the qualitative simulation en-
gineof FIR are qualitative predictions. It may be desirable
to use these predictions subsequently as driving functions
(inputs) to a quantitative model. To this end, the qualita-
tive predictions need to be converted back to quantitative
data streams. This is accomplished by the defuzzfication
engine shown in Figure 11.

The four engines that comprise the FIR methodol ogy
are described in more detail in the subsequent sections of
this appendix.

8.2 Fuzzification

The fuzzification process converts quantitative valuesinto
qualitativetriples. Thefirst element of thetripleistheclass
value, the second element is the fuzzy membership value,
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and thethird element isthe side value. The classvaluerep-
resents a coarse discretization of the original real-valued
variable. The fuzzy membership value denotesthe level of
confidence expressed in the class value chosen to repre-
sent a particular quantitative value. Finaly, the side value
indicates whether the quantitative value is to the left or to
the right of the peak value of the associated membership
function. The side value, which is a speciaty of the FIR
technique since it is not commonly used in fuzzy logic,
is responsible for preserving, in the qualitative triple, the
complete knowledge that had been contained in the origi-
nal quantitative value. Figure 12 illustrates the process of
fuzzification by means of an example. A temperature of
23°C would hence be fuzzified into the class normal with
asidevalue of right and afuzzy membership value of 0.89.

In the current implementation of the FIR methodol ogy,
in the form of aMatlab [17] toolbox, class values are rep-
resented by positive integers—for example, in the above
temperature example, by the numbers 1 representing cold,
2 denoting fresh, 3 symbolizing normal, 4 standing for
warm, and 5 mapping hot. Similarly, the side values are
implemented as —1 meaning left, O representing center,
and +1 corresponding to right.

8.3 Quialitative Modeling

The qualitative behavior is stored in a qualitative data
model. It consists of three matrices of identical sizes—one
containing the classval ues, the second storing the member-
ship information, and the third recording the side values.
Each column represents one of the observed variables, and
each row denotes onetime point (i.e., one recording of all
variables) or one recorded state.

In the process of modeling, it is desired to discover
finite automata rel ations among the class values that make
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Figure 12. Fuzzy inductive reasoning (FIR) fuzzification of a temperature value of 23°C

the resulting state transition matrices as deterministic as
possible. If such a relationship is found for every output
variable, the behavior of the system can be forecast by
iterating through the state transition matrices. The more
deterministic the state transition matrices, the higher the
likelihood that the future system behavior will be predicted
correctly.

A possible relation among the qualitative variables of
afive-variable system example could be of the following
form:

yo(t) = F(ya(t — 280), up(t — 81), yo(t — 8t), uy (1)),
(18)

where f denotes a qualitative relationship. Notice that f
does not stand for any (known or unknown) explicit for-
mula relating the input arguments to the output argument
but only represents a generic causality relationship that, in
the case of the FIR methodology, will be encoded in the
form of atabulation of likely behavior patterns(i.e., astate
transition matrix).

In FIR, equation (18) is represented by the following
so-called “mask” matrix:

A\ up Uy Yy Y2 Y3
t—25¢/0 0 0 0 -1 (19
t — 8t ( 0 -2 -3 0 O).

t —4 0 +1 0 0

The negative elements in this matrix are referred to as m-
inputs, which denote input arguments of the qualitative
functional relationship. They canbeeither inputsor outputs
of the subsystem to bemodel ed, and they can havedifferent
time stamps. The above example contains four m-inputs.
The sequencein which they are enumerated isimmaterial.
They are usually enumerated from left to right and top
to bottom. The single positive val ue denotes the m-output.
Theterms m-input and m-output are used to avoid potential

confusion with the inputs and outputs of the system. In
the above example, thefirst m-input, i,, correspondsto the
output variable y; two sampling intervalsback, ys(r — 23¢),
whereas the second m-input refers to the input variable u,
one sampling interval into the past, u,(t — 3¢), and so forth.

Inthe FIR methodol ogy, such arepresentationiscalleda
mask. A mask denotesadynamic rel ationship among quali-
tativevariables. A mask hasthe samenumber of columnsas
the qualitative behavior to which it should be applied, and
it has a certain number of rows, the depth of the mask. The
mask can be used to “flatten” dynamic relationships into
“pseudo-static” relationships. This processisillustrated in
Figure 13. Theleft-hand side of Figure 13 showsan excerpt
of the class value matrix, one of the three matrices belong-
ing to the qualitative data model. It shows the numeri-
cal rather than the symbalic class values. In the example
shown in Figure 13, the first and second variables, u, and
u,, were discretized into two classes, whereas the remain-
ing variables—y,, y», and y;—have been discretized into
three classes each. The dashed box symbolizes the mask
that is shifted downwards along the classvalue matrix. The
round shaded “holes’ in the mask denote the positions of
the m-inputs, whereas the square shaded “hole” indicates
the position of the m-output. The class values are read out
from the classvalue matrix through the“ holes’ of themask
and are placed next to each other in the behavior matrix
that is shown on the right-hand side of Figure 13. Here,
each row represents one position of the mask along the
class value matrix. It is lined up with the bottom row of
the mask. Each row of the behavior matrix represents one
pseudo-static qualitative state or qualitative rule. For ex-
ampl e, the shaded rule of Figure 13 can beread asfollows:
If the first m-input, i, has a value of 2 (corresponding to
“medium”); the second m-input, i,, has avalue of 1 (cor-
responding to “low”); the third m-input, is, has a value of
2 (corresponding to “medium”); and the fourth m-input,
i4, has a value of 2 (here corresponding to “high”), then
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Figure 13. Process of flattening dynamic relationships into pseudo- static relationships using a mask

the m-output, o4, assumes a value of 3 (corresponding to
“high”).

The qualitative rules can be invoked during qualitative
simulationto predict new qualitative outputs. Clearly, these
rules can be written in any order (i.e., the sequencing of
the rows of the behavior matrix has become irrelevant).
They can be sorted al phanumerically. The sorted behavior
matrix is called the state transition matrix.

From the way in which the state transition matrix is
constructed, it is clear that the same input pattern, a so-
called input state, can be associated with different output
values (i.e., a different output state). If the relationship
between input states and output statesis nondeterministic,
therewill be uncertainty associated with predictions made.
Thus, it isadvantageous to make the state transition matrix
as deterministic as possible.

How isamask found that, within the framework of all
allowable masks, represents the most deterministic state
transition matrix (i.e., optimizes the predictiveness of the
model)? In FIR, the concept of a mask candidate matrix
hasbeenintroduced. A mask candidate matrix isan ensem-
ble of all possible masks from which the best is chosen
by either a mechanism of an exhaustive search of expo-
nential complexity or by one of various suboptimal search
strategies of polynomia complexity, asdescribed in Nebot
and Jerez [18] and Jerez and Nebot [19]. The mask can-
didate matrix contains —1 elements where the mask has
a potentiad m-input, a +1 element where the mask has its
m-output, and 0 elementsto denote forbidden connections.
Thus, agood mask candidate matrix to determine apredic-
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tivemodel for variable y, in afive-variable system example
might be the following:

A\ Uy Uz Y1 Y2 V3
t—2¢t /-1 -1 -1 -1 -1 (20)
t —dt (—1 -1 -1 -1 -1}).

t -1 -1 +1 0 0

Corresponding mask candidate matrices are used to find
predictive models for y, and ys.

Each of the possible masks is compared to the others
with respect to its potential merit (i.e., the degree of de-
terminism associated with the state transition matrix con-
structed from it). The optimality of the mask is evaluated
with respect to the maximization of its forecasting power.

The Shannon entropy measure is used to determine the
uncertainty associated with forecasting a particular output
state given any legal input state. The Shannon entropy rel-
ative to one input state is calculated from the following
equation:

H; =) p(oli) - 1og, p(oli), (21)

Yo

where p(oli) is the “conditional probability” of a certain
m-output state o to occur, given that the m-input state i
has already occurred. The term probability is meant in a
statistical rather thaninatrue probabilistic sense. It denotes
the quotient of the observed frequency of a particular state
divided by the highest possible frequency of that state.
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The overall entropy of the mask isthen computed asthe
following sum:

H, =—Y p()- H, (22)

where p(i) is the probability of that input state to occur.
The highest possible entropy H... is obtained when all
probabilities are equal, and a zero entropy is encountered
for relationships that are totally deterministic.

A normalized overall entropy reduction H, isdefined as

H,
H =10— —". (23)

max

H. is obviously a rea-valued number in the range be-
tween 0.0 and 1.0, where higher values usually indicate an
improved forecasting power. The masks with highest en-
tropy reduction values generate forecasts with the smallest
amounts of uncertainty.

One problem still remains. The size of the behavior ma-
trix increases as the complexity of the mask grows; con-
sequently, the number of legal states of the model grows
quickly. Since the total number of observed data records
remains constant, the frequency of observation of each
state shrinks rapidly, and so does the predictiveness of the
model. The entropy reduction measure does not account
for this problem. With increasing complexity, H, simply
keepsgrowing. Very soon, asituation isencountered where
every state that has ever been observed has been observed
precisely once. Thisobviously leadsto atotally determin-
istic state transition matrix, and H, assumesavalue of 1.0.
Yet the predictiveness of the model will be dismal since,
inall likelihood, already the next predicted state has never
before been observed, and that means the end of forecast-
ing. Therefore, this consideration must be included in the
overall quality measure.

From a statistical point of view, every state should be
observed at least fivetimes[20]. Therefore, an observation
ratio, O,, isintroduced as an additional contributor to the
overall quality measure:

0 _ 5'n5>< +4'n4>< +3'n3><+2’n2>< +n1><

r

24
5. Nigg ’ ( )

where

ey = NUMber of legal m-input states,

ni, = number of m-input states observed only once,
n,, = number of m-input states observed twice,

ns, = number of m-input states observed thrice,

na, = number of m-input states observed four times,
ns, = number of m-input states observed five times
or more.

If every legal m-input state has been observed at |east five
times, O, is equa to 1.0. If no m-input state has been

observed at al (no data are available), O, isequal to 0.0.
Thus, O, can aso be used as aquality measure.

Theoveral quality of amask, Q,,, isthen defined asthe
product of its uncertainty reduction measure, H,, and its
observation ratio, O,:

0,=H,-O0,. (25)
The optimal mask is the mask with the largest Q,, vaue.

8.4 Qualitative Simulation

Once the best model is obtained by means of computing
the quality measure presented above, future output states
can be predicted using the inference engine that is at the
heart of the qualitative simulation module inside the FIR.
The prediction procedure is presented in the diagram of
Figure 14. The mask is placed on top of the qualitative
data matrix in such away that the m-output matches with
thefirst element to be predicted. Thevaluesof them-inputs
are read out from the mask, and the behavior matrix (rule
base) is used to determine the future value of the m-output,
which can then be copied back into the qualitative datama-
trix. The mask is then shifted further down one position to
predict the next output value. This processisrepeated until
all the desired values have been forecast. The qualitative
simulation processpredictsan entire qualitativetriplefrom
which a quantitative variable can be obtained whenever
needed.

Using the 5-NN fuzzy inferencing algorithm, the mem-
bership and side functions of the new input are compared
with those of al previous recordings of the same qualita-
tiveinput. Theinput with the most similar membership and
side functionsisidentified. For this purpose, anormalized
defuzzification,

pos; = class; + side; - (1.0 — Memb,), (26)

is computed for every input variable of the new input set,
and these pos; valuesare stored in avector, pos. Theindex
i represents the ith input variable in the input state of the
current observation. Memb; is the membership value, and
class; and side; arethe numeric class and side val ues asso-
ciated with those inputs, respectively. The position value,
pos;, can be interpreted as a normalized defuzzification
of the ith input variable. Irrespective of the original val-
ues of the input variable, pos; assumesvaluesin therange
[1.0, 1.5] for thelowest class, [1.5, 2.5] for the next higher
class, and so forth.

The defuzzification is repeated for all previous record-
ings of the same input state:

pos;; = class;; + side;; - (1.0 — Memby;), 27
where the index j denotes the jth previous observation
of the same input state. Also, the pos;; values are stored

in a vector, pos. Then, the .£, norms of the difference
between the pos vector of the new input state and the pos
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Figure 14. Qualitative simulation process diagram

vectors of all previous recordings of the same input state
are computed:

N
dis; = | Y (pos; — pos;)?. (28)

i=1

where N isthe number of m-inputs.

Finally, the previous recording with the smallest £,
norm is identified. The class and side values of the out-
put state associated with this input state are then used as
forecasts for the class and side values of the new output
state.

Forecasting of the new membership function is done a
littledifferently. Here, thefive previousrecordingswith the
smallest £, normsare used (if at |east five such recordings
arefound in the behavior matrix), and a distance-weighted
average of their fuzzy membership functions is computed
and used asthe forecast for the fuzzy membership function
of the current state. Thisis done in the following way.

The distances of each of the five nearest neighbors are
limited from below by ¢, the smallest number that is dis-
tinguishable from 1.0; in addition,

s, isthesum of all d; values:

sa= Y d;. (30)
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Relative distances are then computed as

= 2. (31)

Sa
Absolute weights are then computed as follows:

1.0
. = —. 32
Wabs; dra,- (32

Using the sum of the absolute weights,
5
Sy = Z waij , (33)

it is possible to compute relative weights,

.. (34)

J S

The relative weights are numbers between 0.0 and 1.0.
Their sum is aways equa to 1.0. It is therefore possi-
ble to interpret the relative weights as percentages. Using
this idea, the membership function of the new output can
be computed as a weighted sum of the membership func-
tions of the outputs of the previously observed five nearest
neighbors:

5
MeMbo, = Y _ Wi, - Memby,, . (35)

Jj=1
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8.5 Defuzzification

The defuzzification process of the FIR methodology is re-
sponsible for converting each qualitative-predicted output
triple back to a quantitative output value. It is the inverse
operation of the previously described fuzzification engine.
Since the qualitative triples retain complete knowledge of
the quantitative variables they represent, the defuzzifica-
tion operation is unambiguous, as long as no fuzzy mem-
bership functions with horizontal flat roofs, such as trape-
zoidally shaped fuzzy membership functions, are being
used.
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