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Abstract : In this paper, the potential e-health application of fuzzy models for determining the severity of respiratory distress in an
intensive care unit patient is explored. Fuzzy multi-criteria decision-making models are utilized in two scenarios: one where all
features are equally important and criteria do not interact, and another where criteria interact. The practical implementation of both
approaches is discussed. The Bellman-Zadeh approach is employed in the first scenario, while the Choquet integral is used in the
second. Suggestions for future research on the telemedicine application are also highlighted.
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. INTRODUCTION

E-health technologies are a vital component of Internet society technology, focusing on healthcare practices supported by electronic
processes and communication. Telemedicine, a rapidly advancing field in clinical medicine, involves the transfer of medical
information through interactive audiovisual media for consultations and remote medical procedures. The paper concentrates on
assessing the severity of respiratory distress in an intensive care patient using fuzzy models, with a telemedicine application in
mind. Disease severity is a key aspect of medical interest, encompassing all symptoms and impairments caused by the disease under
analysis. The objective of severity evaluation is to establish standardized indicators for a uniform assessment of patients' conditions.
Medical examiners evaluate disease severity based on objective measurements and symptom quantification. Clinical severity rating
scales commonly rely on simple additive scoring, which is widely accepted due to its ease of administration.

The current medical rating scales lack graded logic functions and other beneficial features of soft computing decision models. This
paper aims to showcase how soft computing methods and corresponding software tools can serve as valuable resources in medical
assessment. Fuzzy sets theory provides numerous aggregation operators for combining membership values that represent uncertain
information, which is crucial for various systems including fuzzy expert systems and decision-making systems. Fuzzy decision-
making systems are commonly used in applications of fuzzy sets theory to model complex and undefined systems, emphasizing the
significance of the aggregation process in fuzzy information. An example where fuzzy modeling is essential is in determining the
severity of respiratory distress. The utilization of fuzzy sets theory in decision-making processes related to respiratory distress
severity was initially suggested in [1], with a detailed software implementation described in [2]. Intelligent medical systems can
describe a patient's condition using numerical values, text, and multimedia data such as images. A patient experiencing respiratory
distress can be characterized by symptoms with numerical values, verbal descriptions (Breathing), and images (chest radiograph -
R6). A suitable model to handle this diverse data is a fuzzy model. Various simplified fuzzy models for assessing the severity of
respiratory distress, along with their applications, have been discussed in [2]. This paper also explores the potential for further
implementation and enhancement of the application.

In the discrete finite case, the consideration of nonadditive integrals defines a class of aggregation functions that allow for criteria
interaction modeling. The concept of fuzzy measure, also known as the Choquet capacity, is utilized in this context. The Choquet
integral has been proposed as an aggregation operator for information fusion and pattern classification [3]. A discriminative training
algorithm for Choquet-integral based fusion operators is described in [4]. This algorithm is then applied to a landmine detection
problem and compared to other techniques. Fuzzy sets theory has not only generated widely accepted applications such as fuzzy-
logic controllers, but it has also provided strong motivation for research on aggregation operators. The results of this research are
of great importance not only for fuzzy modeling but also for the evaluation of disease severity, as seen in the example of peripheral
neuropathy [5]. Fuzzy based logic is dealt in detailin [13] and [14], decion rules using artificial intelligence is referred in [14] to
[16].Section 2 of this paper focuses on a practical problem: determining the severity of respiratory distress in a patient in an intensive
care unit. The theoretical basis of the model, which utilizes the Choquet integral, is presented in Section 3. This model is built upon
fuzzy measures theory and interaction representation. The results are discussed in Section 4, while Section 5 addresses the problem
of implementing the model on the Internet. Finally, the paper concludes with the findings and highlights possible avenues for future

work.

11 Implemented Methodology.

A fuzzy multicriteria decision-making model is being applied in a medical context. The criteria used for early diagnosis of ARDS
(acute respiratory distress syndrome) include clinical aspects of breathing, chest radiograph, arterial partial tension of oxygen
(Pa0?2), arterial partial tension of carbon dioxide (PaCO2), and alveolar-arterial oxygen tension difference (A-aDO2). These criteria
serve as an example, and it is evident that a real medical system would require the consideration of additional criteria. Table |
provides the progression of changes observed in various phases of ARDS. The "Phase" column in Table I represents different stages,
with N indicating the normal condition of a patient, | representing the first (least severe) phase of respiratory distress, Il denoting
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the second phase of respiratory distress (subclinical), 11 representing the third phase (established respiratory distress), and 1V
indicating the fourth phase of distress (severe respiratory failure), which is not discussed in this paper due to medical reasons. The
features Breathing and R are expressed verbally and assigned subjective membership degrees using fuzzy sets theory. On the other
hand, other features are characterized by approximate intervals of numerical values. To interpret these features as fuzzy sets, denoted
as 'x is approximately in the interval [b, c]', they can be described using an ordered quadruple A = (a, b, ¢, d), which represents a
fuzzy trapezoidal number. It is important to note that in order to obtain an accurate score for a patient based on the criteria of
Breathing and R0, the development of two pattern recognition systems is necessary for a usable medical system. The first system
would be utilized to describe Breathing, while the second system (a computer vision system) would provide data to the fuzzy model
regarding the feature R&.

Table | — Decision making parameters for determining the severity of ARDS

Table Il_ Fuzzy Decision Parameters for determining severity of ARDS

TABLEL DECISION-MAKING PARAMETERS FOR DETERMINING THE SEVERITY OF ARDS
Phase Breathing Ri Pa(), PaC0s A-aD0s
N - - 80100 35-45 5-10
I normal no changes 70-90 30-40 20-40
1l mild to moderate | minimal infilirates 60 - 80 25-35 30-50
tachypnea
I Increasing confluence of | 50-60 20-135 40-60
tachypnea infiltrates
obvious  respiratory | generalized infiltrates
v failure 35-55 40-55 50-80
TABLEIl,  FUZzzy DECISION PARAMETERS FOR DETERMINING THE SEVERITY OF ARDS
Phase Pa0, PaC0O, A-a0,
N (70,80,100,110) (30,35,45,50) (0,5,10,15)
I (50,7090.110) (25,30 40 45) (10,2040 50)
1 (40,60,80,100) (20,2535,40) (20,30,50,60)
11 (40,50,60,70) (10,20,35,45) (30,40,60,70)
v (30,35,55,60) (30,40 55,635) (40,50,80 90)

Table I provides the characteristic values of the criteria used to determine the severity of respiratory distress.[6][7] These values
are represented by fuzzy intervals based on experience. Table Il presents the specific values for each criterion. When considering
ARDS syndrome, all the criteria (symptoms) are equally important. In this case, the Bellman-Zadeh's decision-making principle
can be applied. This principle states that for a set of criteria Cj, where j ranges from 1 to m, and an object x described by a sequence
of feature values, the overall performance of the object is determined by its weakest manifestation.[8][9]

From the set of alternatives Di, where i ranges from 1 to N, the alternative D* is chosen. This alternative represents the object x
with the highest overall performance, taking into account all the criteria. In a fuzzy case, the membership degree value uj(x) indicates
the extent to which a criterion Cj is fulfilled by an object x. The value pj(x) represents the score for the j-th criterion.

The desired decision, or the phase of the syndrome, is determined by the degree to which an object x maximally satisfies all the
criteria. This can be calculated using equation (1):

D*(x) =1 max {min[ pl(x), ..., p m(x)]}. (1)
In the specific problem being considered, the criteria are as follows:
C1 - Breathing, C2 - Rg, C3 - Pa0O2, C4 - PaCO2, and C5 - A-aDO?2.
These criteria are associated with features (symptoms) and are used to classify a patient's condition into one of the following phases:
D1 - N (normal conditions), D2 - I, D3 - I, D4 - 111, and D5 - IV.

The membership degrees pj(x), where j ranges from 1 to 5, for each phase and the given numerical values of symptoms are
determined using trapezoidal membership functions, as described in [1]. These values are prolnstead of using Bellman-Zadeh's
decision-making principle, one can utilize a nonadditive set function on a finite set of criteria as an alternative. This approach
enables the definition of weights not only on each criterion but also on each subset of criteria, allowing for modeling criteria
interaction.[10] [12]

111. Set Function Based Approach
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The concept of a fuzzy measure (or the Choquet capacity) is employed for this purpose.

m

Chy(x) := Z{x[f} = X)) 1(1(D),-..(m)}).  (2)
i=1

A fuzzy measure (or the Choquet capacity) on C = {Cl1, ..., Cm} is a monotonic set function p: P(C) — [0,1], where P(C) represents
the power set of the set C. It is important to note that u(@) = 0 and u(C) = 1. Monotonicity implies that pu(S) < u(T), whenever S <
T < C. The interpretation of u(S) can be understood as the weight associated with the subset S of criteria. In this scenario, the
discrete Choquet integral [3], [7] serves as a suitable aggregation operator. In equation (2), the symbol (-) in the indices denotes a
permutation of the elements of C such that x(1) < ... < x(m) and x(0) = 0. By utilizing the Choquet integral and considering the
patient's symptoms, the rank of phases can be determined, and the ARDS phase of the patient under consideration is identified as
the phase with the highest global evaluation. The Choquet integral allows for the expression of physician's preferences.vided in
Table Il

Table 111 — Symptoms for a patient\
Table 1V — Decision making table for a patient

TABLETIL  SYNPTOMS (FEATURES) FOR A PATIENT

Breathing Ro hl PC0] AaD0]

Ireasing confluence of mflrats
lchypnea

iy
—
L
| -
L

TABLEIV.  DECISION-MAKING TABLE FOR A PATIENT

Phase Breathing Ro P02 P02 A4D0]

g

L
—
L

=
—_— == | =

—1
—_—l—— | =

Il |

1V. Sample illustration

Based on the data provided in Table I11, the decision-making table in Table 1V is utilized. According to the model referenced in [1],
respiratory distress falls under phase 11. The physician's preferences indicate that Breathing and RO are less significant compared to
Pa02 and PaCO2, which should be prioritized. This preference highlights a synergy between PaO2 and PaCO2, emphasizing their
combined importance. The fuzzy measure representation of these preferences is as follows:

For the first preference,

(Breathing) = p (R6) = 0.1, w(PaO2) = w(PaCO2) = n(A-aD0O2) = 0.2.

For the second preference,

w(Pa02, PaCO2) = 0.5, which is greater than p(PaO2) + p(PaC0O2) = 0.4.

The concept is that superadditivity indicates synergy between criteria, while subadditivity suggests redundancy. It is at the discretion
of the physician to adjust these values to reflect the importance and interaction adequately. In the given example, the Choquet
integral calculation for each phase requires defining v for specific subsets of criteria. The super additivity and subadditivity of the
fuzzy measure are crucial in determining synergy and redundancy between criteria. The preferences in this scenario indicate synergy
only between PaO2 and PaCO2, with additivity suggesting no synergy or redundancy. Ultimately, respiratory distress is identified
as falling under phase IIT (Chu(IIT) = 0.73), differing from a scenario where symptoms perfectly meet all criteria.
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V. Fuzzy Model Implementation

The ARDS Advisor application, as discussed previously, was developed. The initial step in utilizing the application involves
inputting values for the 5 criteria commonly used to determine the phase of respiratory distress syndrome: clinical aspects of
breathing (Breathing), chest radiograph (R0), arterial partial tension of oxygen (Pa0O2), arterial partial tension of carbon dioxide
(PaC0?2), and alveolar-arterial oxygen tension difference (A-aDO2, mmHg). The first two criteria are described verbally, with the
physician required to indicate the degree of truth on a scale of 0 to 1. For the remaining three criteria, the measured values for a
patient must be entered. Respiratory failure phases are represented as fuzzy numbers

Breathing: O -
0 2 normal
0.2 &  mild to moderate tachypnea
= increasing tachypnea
0 &  obvious respiratory failure
Ro: a] -
0 2 nochanges
0.3 2 minimal infiltrates
2 | confluence of infiltrates
0 & generalized infiltrates
PaD2: 50 :
PaCO2z: 37 :
A-aDOz: 31| &

Submit

Figure 1 — Fuzzy Model Implementation

The membership degree to each phase for each symptom is calculated based on input values. Upon clicking the Submit button, the
user receives the initial result computed using the Bellman-Zadeh's decision-making principle. Clicking the Next button leads the
user to the next step, where inputting additional parameters required for the Choquet integral begins. In the first step (Table 3
entries), the user is prompted to specify the importance of each individual symptom on a scale of 0 to 5. Initially, all values are set
to 1, representing the average importance of equally significant symptoms. Clicking on the Next button reveals the importance
indices of individual symptoms entered by the user, as well as the importance indices of all possible symptom combinations
calculated using ordinary addition. This includes cases where there is no interaction between symptoms, where the importance of
criteria A and B combined equals the sum of importance A and importance B.

The user adjusts these values to demonstrate the interaction between criteria by following a specific principle: reducing the
combined importance index if symptoms are redundant to some extent, and increasing it if the symptoms exhibit synergy. It is the
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responsibility of the user to scale these values according to their perception of the interaction. In case of incorrect parameter
submission, such as assigning a lower combined importance to parameters PaO2 and PaO2 than the individual importance of one
of them, a prompt will be issued to rectify the parameters. While users are provided with calculated values for non-interacting
criteria and asked to scale them to express interaction, this task remains laborious

e (m=|L|= KDL <, ket
! [K)'_;_:%.K—(m—|f<|+1)! 2( D (Lo L),
VK < [m] 3)

Furthermore, if the number of symptoms in the ARDS Advisor application were to increase, it could render the application unusable
as scaling alone would become overwhelming. One potential solution to this issue is that representing interaction through indices
is more intuitive for decision-makers than the traditional measure representation. Grabisch defined the interaction index between
any number of criteria, and further improvements could be made by utilizing algorithms for identifying fuzzy measures, such as
those developed by Mori and Murofushi, as well as Grabisch. The algorithm introduced by Grabisch in particular leverages the
lattice structure of coefficients for enhanced performance

Breathing (0.1 & Breathing,Ro 02% Breathing,Ro,Pa02 0.4 % Breathing,Ro,Pa02,PaC02 0.6
Ro 013 Breathing,Pa02 033 Breathing,Ro,PaC02 043 Breathing,Ro,Pa02,A-aD02 06 %
Pa02 02 % Ro,Pa02 033 Breathing,Pa02,PaC02 05 % Breathing,Ro,PaC02,A-aD02 0.6 &
PaCOz 0.2 % Breathing,PaCoz 0.3 & Ro,Pa02,PaCoz 05 % Breathing,Pa02,PaC02, A-aD02 (0.7 &
A-aD0Z 0.2 % Ro,PaC02 033 Breathing,Ro,4-aD02 04 % Ro,Pa02 PaC0z,A-aD02 0.7 %
Pa02,PaC0z2 043 Breathing,Pa0z,4-aD02 (0.5 &
Breathing,A-aD02 0.3 & Ro,Pa0z,A-aD02 0,5 % Breathing,Ro,Pa02,PaCoz,A-aD02 (0.8 &
Ro,A-aD02 033 Breathing,PaC02,4-aD02 0.5 3

Pa02,A-aD02 0.4
PaCOz,A-aD02 0.4

Ro,PaC02,4-aD02 052
Pa02,PaC02,4-aD02 06 %

4r |4y

The algorithm described in this text utilizes specific terminology. The lattice of a fuzzy measure consists of interconnected nodes.
The lattice is divided into horizontal layers, with the number of layers being n + 1. Each layer is numbered from 0 (representing the
layer containing only p @) to n (representing the layer containing only p X). A path refers to a series of linked nodes, starting from
u @ and ending at X u. In Figure 4, the path highlighted includes u3, pu23, and u234. For a node in layer 1, its lower neighbors (or
upper neighbors) are the nodes in layer I-1 (or | + 1) that are connected to it. There are | lower neighbors and n — | upper neighbors.
The author of the algorithm outlines it in two steps. In step 1, when given a datum x, only the coefficients on the path associated
with x are modified to decrease the error, similar to a gradient descent algorithm. The modification is performed while ensuring the
monotonicity property is preserved on the path. Additionally, the monotonicity of neighboring nodes is checked. This process is
repeated for all learning data multiple times. In step 2, if there is an insufficient amount of learning data, certain nodes may remain
unmodified. These nodes are then modified to achieve a more balanced lattice, where the distance from neighbors is as equal as
possible. The underlying idea behind step 2 is that when there is no information available for certain nodes, they should be arranged
in the lattice to create a homogeneous structure. Applying this (or a similar) algorithm, such as in the ARDS Adviser application
[2], could enhance the user-friendliness of the application. This is particularly relevant when considering the potential improvement
of the ARDS Adviser application by incorporating additional symptoms for determining the ARDS phase in patients.

Figure 2 Fuzzy Indices

VI Conclusions

The utilization of fuzzy systems provides a formal foundation for modeling and constructing decision-making systems based on
soft computing. These systems have the ability to incorporate verbally expressed experiences in the relevant field. This article
discusses the practical implementation of fuzzy systems, specifically the Bellman-Zadeh approach for independent and equally
important information, as well as the Choquet integral for interacting and not equally important information. The potential
application of these approaches in telemedicine is also explored, which may be of interest for considering other aggregation
functions. By including interaction among criteria, a more flexible model of ARDS can be achieved, allowing physicians to express
their preferences in relation to the complex phenomena of criteria and subsets of criteria interaction. The ARDS Advisor can be
further enhanced by expanding the number of parameters considered and applying it to a larger number of cases. Additional
improvements can be made by incorporating interaction indices and identifying fuzzy measures. The integration of intelligent
medical computer aid in the case of ARDS is highly beneficial in clinical practice. It can alert physicians, remind them of the
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possibility of patients developing ARDS, and indicate the level of respiratory distress. However, the final decision still rests with
the physician. To make the application more applicable to clinical practice, pattern recognition systems for breathing and chest
radiograph images should be implemented. The application of fuzzy systems provides a mathematical foundation for developing
medical systems that align with human cognitive processes, allowing for the utilization of verbally expressed medical experience
in the field
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