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New mathematical theories are being increasingly valued due to their versatility in the application of intelligent systems that
allow decision-making and diagnosis in diferent real-world situations. Tis is especially relevant in the feld of health
sciences, where these theories have great potential to design efective solutions that improve people’s quality of life. In recent
years, several prediction studies have been performed as indicators of vocal dysfunction. However, the rapid increase in new
prediction studies as a result of advancing medical technology has dictated the need to develop reliable methods for the
extraction of clinically meaningful knowledge, where complex and nonlinear interactions between these markers naturally
exist. Tere is a growing need to focus the analysis not only on knowledge extraction but also on data transformation and
treatment to enhance the quality of healthcare delivery. Mathematical tools such as fuzzy set theory and soft set theory have
been successfully applied for data analysis in many real-life problems where there is presence of vagueness and uncertainty in
the data. Tese theories contribute to improving data interpretability and dealing with the inherent uncertainty of real-world
data, facilitating the decision-making process based on the available information. In this paper, we use soft set theory and
fuzzy set theory to develop a prediction system based on knowledge from phonoaudiology. We use information such as
patient age, fundamental frequency, and perturbation index to estimate the risk of voice loss in patients. Our goal is to help
the speech-language pathologist in determining whether or not the patient requires intervention in the presence of a voice at
risk or an altered voice result, taking into account that excessive and inappropriate voice behavior can result in organic
manifestations.

1. Introduction

In recent years, the advance of science and technology has
been impressive. New technologies, coupled with the devel-
opment of recent mathematical theories, have enabled re-
searchers tomore accurately predict outcomes in a wide range
of felds, including the health sciences.Te use of fuzzy set and
soft set theories in health science prediction is a potentially
powerful tool that has led to greater understanding and
success in disease diagnosis and prevention. In the following,
we present some notions related to the two aforementioned

theories, and in the following subsection, we describe some
background specifc to vocal dysfunction that have motivated
this work.

1.1. Fuzzy Sets and Soft SetsTeories. Fuzzy set theory due to
Zadeh [1] has proven to be a powerful tool for quantitatively
representing and dealing with uncertainty in decision-making
processes. Tis theory allows the representation of uncertain
parameters, which can be related by means of diferent op-
erations on fuzzy sets [2, 3]. Since the uncertain parameters
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are treated as imprecise rather than precise values, the process
will be more powerful and its results more credible. Fuzzy set
theory has been studied extensively over the past 50 years and
has been applied to problems in engineering, business, ag-
riculture, medicine, and other related felds. Recently, fuzzy
techniques have been used to design a sustainable develop-
ment model for the agricultural sector for the critical cir-
cumstances of the COVID-19 pandemic [4], to assess the
strength of competition among competitors in the feld of
competitive network system [5], to present a novel rule-based
approach using picture fuzzy sets to enable intelligent clinical
decision support system [6], to propose a complete system for
managing and extracting information in health systems using
big data architecture [7], to present a new algorithm for
making decisions for the assessment of the biological impact
of nonionizing radiation [8], and to develop the rough D-
TOPSIS method which provides a more comprehensive and
rational framework for evaluation of crops farming without
any assumptions or predetermined membership functions
and which is applied in agricultural farming for increasing
crop production in a specifc region with certain soil char-
acteristics and water requirements and investment analysis in
organic and inorganic farming systems [9] and to propose
a novel model called dual 2-tuple linguistic rough number
(D2tLRN) clouds or dual 2-tuple linguistic rough integrated
(D2tLRN) clouds which is integrated with the TOPSIS
method for the selection ofmedical disposal technologies [10].
Also, using the concepts of fuzzy set theory, some extensions
have been proposed, such as an innovative concept of ex-
tended fuzzy set, in which the S-norm function of mem-
bership and nonmembership grades is less than or equal to
one [11], a defnition of bipolar gradation of openness of
bipolar fuzzy subsets and give a new defnition of bipolar
fuzzy topological spaces [12], a new type of generalized fuzzy
sets called CR-fuzzy sets [13], a novel concept called a lin-
guistic complex fuzzy set [14], a new linguistic evaluation
model they called the fuzzy integrated clouds (RFIC), to
handle uncertain information by integrating approximate
fuzzy numbers with cloud model theory [15], among others
that have recently appeared.

Another mathematical tool used to manage uncertainty,
imprecision, and vagueness in decision-making processes is
soft set theory due to Molodtsov [16]. Tis theory uses
parametrization as a key tool in its development and ap-
plications.Te parameterized information in soft sets is used
as a reference point for decision-making. After Molodtsov,
Maji et al. [17, 18] and Ali et al. [19] described several set-
theoretic operations in soft set theory. Besides this, the
applications in the real world of soft set have been discussed
in many directions such as medical diagnosis [20, 21], in-
complete data analysis [22, 23], and decision-making
[24–26]. Although soft set theory has the tool of parame-
trization, however, in some rare cases where the data sets are
not Boolean, it requires hybridization that could establish
broader paradigms and make the decision-making process
enormously simple and more efcient from the available
data. For this reason, some extended soft set models of soft
sets have been obtained by combining them with other
structures such as the fuzzy soft set [27], probabilistic soft set

[28], neutrosophic fuzzy set [29], vague soft set [30], soft
rough set [31], etc. Te hybridization of soft sets with other
theories has been applied in a wide range of felds, such as
image processing [32, 33], decision-making [34, 35], and
pattern recognition [36, 37], among others. In particular, the
hybridization of soft sets with fuzzy sets has been used to
deal with uncertainty and imprecision in decision-making
processes in the agricultural [38], engineering [39], and
health care sectors [40]. Tese hybridizations have allowed
the management of diferent types of uncertainty and im-
precision in the decision-making process.

1.2. Vocal Dysfunction. Vocal dysfunction manifests itself
diferently in diverse groups of patients depending on the
vocal demands in their daily lives, whether they are speakers,
teachers of basic, secondary or university education, actors,
singers, telephonists, among others. Te voice professional
would immediately notice when his performance is de-
creasing since his professional and work performance is af-
fected [41]. It is during this decrease in vocal efciency that
dysphonia, vocal fatigue, coughing, and throat clearing ap-
pear, signs that are nowadays considered a common vocal
disorder in the exercise of any profession whose livelihood
depends on the use of the voice. However, the incidence of
voice disorders is 5% in the population as a whole [42];
nonetheless, dysphonia is one of the occupational hazards
most frequently faced by teachers [42, 43]. Tus, due to the
performance of their work and poor vocal habits, they are the
group of people who most frequently visit the otolaryngology
ofce with complaints of supraglottic activity and vocal
symptoms [44, 45]. Likewise, those who present it have a high
rate of vocal pathology, so they represent an important risk of
presenting benign laryngeal alterations, linked to the lack of
vocal education [46]. Barbero-Dı́az et al. [44] report the
presence of dysphonia symptoms in approximately half of the
workers, whose most frequent form of presentation is the
progressive worsening during the work period due to the
vocal efort required by the teaching work. In this sense, the
International Labour Organization (ILO) considers teachers
as the frst professional category with the highest risk of
contracting professional voice diseases, which not only afects
their work performance but also their daily life activities and
therefore their quality of life, as it decreases [47]. Additionally,
otorhinolaryngologic diseases are considered the third cause
of illness and/or sick leave sufered by education professionals
[47]. Voice disorders are also one of the main reasons for
medical rest or incapacity for work among teachers [43].
However, there are several studies that report the health,
social, and economic implications related to this problem. In
the United States, the cost of voice-use disorders is estimated
at about $ 2.5 billion annually when lost work days and
treatment costs are taken into account [47]. In addition, there
is a loss of time in the establishment of efective treatment,
taking into account the quality of the person sufering from
the disorder since the results of these are scarce and/or un-
successful; furthermore, the repercussions of dysphonia are
high both occupationally and socially, and it is a signifcant
factor of depression and isolation, which requires an adequate

2 Applied Computational Intelligence and Soft Computing



systematic approach to ofer the optimal treatment [48].
Undoubtedly, voice disorders represent a very important
problem for teachers and require special and specifc training
in their preservation [49]. Against this background, the de-
tection of vocal risk as a way to prevent these alterations is
essential because it will allow not only the speech therapist to
detect the degree of vocal dysfunction but also with the results
of the evaluation will help the interdisciplinary team decide
whether or not it is necessary, given the result of an altered
voice, the requirement of other specialized procedures,
whether these are of surgical and/or therapeutic type. In this
regard, collaboration between laryngologists and voice pa-
thologists continues to expand through joint examination of
laryngeal imaging and vocal function, efective cotreatment
alternatives including medications, phonosurgery, and voice
rehabilitation [50].Tus, the evaluation becomes important in
clinical decision-making, by facilitating ENT controls to
people with more vocal risk, as well as improving the quality
of patient care and education, taking advantage of resources
by shortening treatment times and reducing costs [41].

1.3. Research Gag. Phonoaudiology is an autonomous and
independent profession of higher university level with sci-
entifc character in which the communicative processes of
man, the disorders of language, speech and hearing, the
variations and communicative diferences, and the commu-
nicative well-being of the individual of human groups and
populations are studied. Mathematics, like language, arises as
a human need to communicate with others and to express
aspects related to the environment and their subsistence
needs: counting, measuring, and performing mathematical
operations, are gradually emerging as a necessity. Until now,
most of the research studies where mathematics is applied to
speech therapy have been performed using statistics, for
example, to tabulate data about pathologies found in certain
population, looking for the analysis of the cause of these
diseases and to tabulate the efcacy of the medicines given to
the user and the felds of action at educational, health,
business, and judicial levels of speech therapy. Particularly,
the problem of voice risk diagnosis has been studied by several
authors using tools provided by statistics to analyze the data in
a percentage manner, overlooking the specifc conditions of
each patient. Despite extensive research linking phonoaudi-
ology to mathematics, there are not enough techniques
available that can be applied to fuzzifcation of the medical
database seeking to represent and analyze real-world medical
data with its inherent uncertainty. In view of this situation,
there is a need to use new scientifc tools that provide a deeper
study taking into account the particularities in the available
information; fortunately nowadays, we have the theories of
fuzzy sets and soft sets, which are appropriate to analyze the
available data and make the decision-making process more
complete and efcient when diagnosing a particular patient.

Our research paper answers the following research
questions:

(i) How to use fuzzy sets and soft sets theories to propose
techniques to deal with the uncertainty present in the
data available from a voice risk study?

(ii) How do the new techniques help the speech-language
pathologist in the diagnosis of a vocal dysfunction?

1.4. Motivation. Te ability to predict outcomes more ac-
curately has led to a more personalized and precise approach
to healthcare, which has improved the quality of life for
people around the world. Te range of applications that the
theories of fuzzy sets and soft sets have motivated the study
of these mathematical theories and use them in the devel-
opment of information systems and systems based on
knowledge, which allow predicting, forecasting, or di-
agnosing risk factors that afect a population in areas such as
economic, social, health, education, environment, etc. Tat
is why, in this work, the aforementioned theories are used to
develop a prediction system based on knowledge in speech
therapy (called soft expert system) using information such as
the patient’s age, the fundamental frequency, and the dis-
turbance index to estimate the risk of loss of voice in pa-
tients.Te objective is to help the speech therapist determine
whether or not the patient requires intervention in the
presence of a voice at risk or an altered vocal result, taking
into account that excessive and inappropriate vocal behavior
can result in organic manifestations.

1.5. Main Contributions. In this study, we developed a med-
ical prediction system based on fuzzy set theory and soft set
theory for voice risk diagnosis.Te system enables end users to
discover and interpret hidden patterns of voice-related data,
thus facilitating the diagnosis and analysis of voice disorders,
subsequent treatment, and early prevention of vocal dys-
function. Tis research is based on tools such as membership
functions from fuzzy theory, AND operation, and parameter
reduction from soft set theory. Te proposal is the frst to be
developed using the knowledge available in the feld of speech
therapy, and data from a study conducted by an experienced
speech therapist in the municipality of Sincelejo, Colombia,
were used. Te system does not answer if there is a vocal
disorder in the patient, but it is important because it allows to
calculate if there is a vocal disorder in the patient. Te system
does not answer if there is a vocal disorder in the patient, but it
is important because it allows to calculate a percentage of the
possibility of vocal risk, and it is an aid for the speech therapist
to decide the appropriate type of treatment.

2. Preliminaries on Fuzzy and Soft Sets

Te fuzzy set theory, pioneered by Zadeh, in [1], provides an
appropriate framework for representing and processing
vague concepts by allowing partial memberships. Since its
establishment, this theory has been actively studied by both
mathematicians and computer scientists. Many applications
of fuzzy set theory have emerged over the years, e.g., fuzzy
logic, fuzzy cellular neural networks, fuzzy automata, fuzzy
control systems, etc.

Defnition 1 (see [1]). Let X be a universe of discourse. A
fuzzy set D on X is a set of ordered pairs given by
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D � x, μD(x)( 􏼁 : x ∈ X􏼈 􏼉, (1)

where μD : X⟶ [0, 1] is a function and μD(x) establishes
the degree of membership from x to D.

A fuzzy set can be discrete or continuous. For discrete
fuzzy sets, μ(x) can be expressed as follows:

μD(x) � 􏽘
n

i�1

μD xi( 􏼁

xi

, (2)

where n is the number of elements in X. Some of the op-
erations defned in the theory of fuzzy sets based on the
maximum-minimal operator proposed by Zadeh [1] include
the intersection, union, and complement on fuzzy sets,
which are defned as follows:

μD ∩ ]E( 􏼁(x) � μD(x) ∧ ]E(x),

μD ∪ ]E( 􏼁(x) � μD(x)∨ ]E(x),

μc
D(x) � 1 − μD(x).

(3)

Te collection of all fuzzy sets on X is denoted byD(X).
Moreover, the α-level set of a fuzzy set D ∈ D(X) is a crisp
subset of X defned by

D(α) � x ∈ X : μD(x)≥ α􏼈 􏼉, (4)

where α ∈ [0, 1]. It is important to note that each fuzzy set
can be related to a collection of crisp sets using the concept of
α-level set.

Soft set theory was pioneered byMolodtsov as a method
for dealing with vagueness. Molodtsov showed in his paper
that the theory can be successfully applied to several areas;
for example, game theory, Perron-integration, Riemann-
integration, the smoothness of functions, etc. Also, he
showed that soft set theory is free from the parametrization
insufciency syndrome of other theories developed for
vagueness. A soft set can be represented by a Boolean-
valued information system and thus can be used to rep-
resent a data set.

Defnition 2 (see [16]). Let X be a universe of discourse and
let P be a set of parameters in relation to the objects in X. A
soft set on X is any pair (S, A) where A is a nonempty subset
of P and S: A⟶ 2X is a function.

Remark 3 (see [51]). Given the soft set (S, A) on X, if J is
a set of indices, j ∈ J and αj ∈ A ⊂ P, then S(αj) ∈ 2X, hence
S(αj) is a subset of X for all j ∈ J. Note that if S(αj) � wj for
all j ∈ J, then the soft set (S, A) can be represented as
follows:

(S, A) � S αj􏼐 􏼑 � wj : j ∈ J􏽮 􏽯. (5)

In other words, a soft set (S, A) on X is an indexed
collection of subsets of the universe X. Each set S(α), α ∈ A,
of this collection can be considered as the set of α-elements of
the soft set (S, A) or as the set of elements α-approximates of
the soft set. For the purpose of storing a soft set in a computer,
the soft set (S, A) on X can be uniquely expressed in a binary
matrix form as follows:

(S, A) �

α1 α2 · · · αn

x1 μ11 μ12 · · · μ1n

x2 μ21 μ22 · · · μ2n

⋮ ⋮ ⋮ ⋮ ⋮

xm μm1 μm2 · · · μmn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (6)

where μ denotes the membership function of (S, A), which is
expressed as

μij �
1, if xi ∈ F αj􏼐 􏼑,

0, if xi ∉ F αj􏼐 􏼑.

⎧⎪⎨

⎪⎩
(7)

Defnition 4 (see [18]). If (S1, A) and (S2, B) are two soft sets
on X, then the operation (S1, A) AND (S2, B), denoted by
(S1, A)∧ (S2, B), is defned as (S1, A)∧ (S2, B) � (S, A × B),
where S(a, b) � S1(a)∩ S2(b), for all (a, b) ∈ A × B.

In his pioneering work, Molodtsov presented the fol-
lowing result of great applicability.

Proposition  (see [16]). Each fuzzy set may be considered as
a special case of soft set.

Te converse of the previous proposition is true when
the universe is either fnite or countably infnite, and this
result was demonstrated by Alcantud.

Proposition 6 (see [52]). Suppose that X is fnite or
countably infnite. Ten, every soft set (S, A) on X can be
considered a fuzzy set on A.

Te technique used by Molodtsov to prove Proposition 5
has the advantage that it shows how to incorporate fuzzy sets
into the framework of soft sets in terms of a very natural
parametrization using thresholds, cuts, and decompositions.
A tool for the analysis of a data set that is based on the above
technique is the so-called soft expert system.

Defnition 7 (see [53]). A soft expert system consists of
applying the following steps:

(1) Fuzzifcation of the data set of the studied variables.
Tis is done through membership functions that are
constructed using expert opinion and the literature.

(2) Transform the fuzzy sets to soft sets using a set of
parameters and the α-level sets induced by the
membership functions constructed in Step 1.

(3) Reduce the parameters of the soft sets obtained in
Step 2. In this step, new soft sets are obtained.

(4) Obtain soft rules by applying the “AND” operation to
the new soft sets obtained in Step 3. At the end of this
step, some rules that have the same result are eliminated.

(5) Analyze the soft rules and calculate the risk per-
centage of the problem in question. In this step, it
should be taken into account that if some data are
suitable for more than one rule and therefore at more
than one rate, then we accept the higher one.
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Te sequence of steps to be performed in a soft expert
system is summarized in the diagram shown in Figure 1.

Unlike traditional expert systems, which are based on
logical rules and precise facts, soft expert systems have more
fexible and uncertainty-tolerant methods, such as fuzzy
notions, parametrization tools, and soft rules. Tese com-
ponents allow soft expert systems to handle ambiguous or
incomplete situations and to provide practical and efective
solutions for decision-making.

3. Description of a Soft Expert System for the
Diagnosis of Vocal Risk

Due to the growing need to properly analyze healthcare data,
the development of robust systems to analyze this type of
data has become a topic of great interest for institutions and
researchers. Extracting hidden knowledge from health-
related and diagnostic data to create valuable medical in-
formation and improve healthcare services is a vital chal-
lenge for health management and medical decision support.
In this section, we present a soft expert system obtained from
a data set collected during the evaluation of the tone of voice
of 58 women from the municipality of Sincelejo, Colombia.
Te data set obtained contains the observed values of the
fundamental frequency (FF), vocal perturbation index
(VPI), and age of each of the women recognized in the study.
Our purpose is to design a soft expert system using fun-
damental frequency, vocal perturbation index, and age as
input values, while the output value will be the voice risk.

3.1. Vocal Risk Assessment System. Te data set (Table 1) was
obtained by the female author (expert in Phonoaudiology)
through a study conducted by the Faculty of Health Sciences
of the University of Sucre, Sincelejo, Colombia.

For the recording of the voices, these were performed with
a sampling frequency of 16 bits and 16000Hz (broadband), in
a HP laptop with an intel core i5 5200U processor, 1 Tera hard
disk, using a vocal dynamicmicrophone at a constant distance
of 10 cm from the patient’s mouth to the microphone, with
known frequency response SHURE RABGO 60–800Hz and
Tascam sound card professional audio interface Hi-res 24 bit/
96KHz format. Using Anagraf software [41], patients were
asked to utter the vowel “a” for an average of 3 to 5 seconds at
conversational speech intensity in a sound-damped booth,
following a deep abdominal inhalation. In this way, the pa-
rameters of fundamental frequency (FF), frequency pertur-
bation (Jitter), amplitude perturbation (Shimmer), harmonic-
to-noise ratio (HNR), and cepstrum amplitude were obtained,
to then obtain the integrated perturbation index. With regard
to the classifcation of the voices, the values proposed by
Gurlekian and Molina [41] were taken, whose ranges oscillate
as follows: 0 to < 2 (normal); 2 to 3 (vocal risk) and > 3
(altered voice). Likewise, the cut-of values for the values for
the other parameters followed the indications of the software;
Jitter ≤ 1.0; Shimmer ≤ 0.3; HNR ≥ 4.0; and Cepstrum > 0.3.

Accordingly, the complete procedure for the development of
this research can be summarized in the diagram shown in
Figure 2.

3.2.Transformationof theData set byFuzzyfcation. Since the
soft set theory cannot be applied directly to the data set
obtained, we frst proceed to fuzzify the factors through
membership functions, which are constructed using the
following linguistic variables:

(i) For the fundamental frequency: aggravated tone
(AT) with range 10–200, normal tone (NT) with
range 190–275, sharpened tone (ST) with range 265-
400.

(ii) For the vocal perturbation index: normal voice
(NV) with range 0.2–2, risk voice (RV) with range
1.7–3.1, altered voice (AV) with range 2.7–6.3.

(iii) For the age: Young (Y) with range 15–35, middle
(M) with range 30–50, old (O) with range 45–65.

Te membership function for the fundamental fre-
quency (Figure 3) is divided into three parts, namely, AT,
NT, and ST, so it is given by

μAT(x) �

0, if x< 10,

x − 10
95

, if 10≤x≤ 105,

200 − x

95
, if 105< x≤ 200,

0, if x> 200,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μNT(x) �

0, if x< 190,

2(x − 190)

85
, if 190≤ x≤ 232.5,

2(275 − x)

85
, if 232.5<x≤ 275,

0, if x> 275,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μST(x) �

0, if x< 265,

x − 265
67.5

, if 265≤ x≤ 332.5,

400 − x

67.5
, if 332.5<x≤ 400,

0, if x> 400.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(8)

Te membership function for the vocal perturbation
index (Figure 4) is divided into three parts, namely, NV, RV,
and AV, so it is given by
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μNV(x) �

0, if x< 0.2,

10x − 2
9

, if 0.2≤ x≤ 1.1,

20 − 10x

9
, if 1.1< x≤ 2,

0, if x> 2,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μRV(x) �

0, if x< 1.7,

10x − 17
7

, if 1.7≤ x≤ 2.4,

31 − 10x

7
, if 2.4< x≤ 3.1,

0, if x> 3.1,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μAV(x) �

0, if x< 2.7,

10x − 27
18

, if 2.7≤ x≤ 4.5,

63 − 10x

18
, if 4.5< x≤ 6.3,

0, if x> 7.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(9)

Transformation of data
set by fuzzyfication

Achievement of soft rules

Transformation of fuzzy
sets to soft sets

Application of parameter
reduction of soft sets

Assessment of soft rules and
computation of risk percentage

Figure 1: Diagram of a soft expert system.

Table 1: Input values of some patients.

Patients FF VPI Age
x2 207 2.25 29
x4 202 1.25 42
x7 176 2.00 44
x12 236 2.75 50
x17 227 1.00 38
x21 214 2.75 31
x26 185 1.00 35
x33 235 3.25 41
x38 197 4.25 57
x41 235 3.25 40
x43 196 2.50 36
x47 226 1.00 58
x50 193 2.00 47
x54 368 5.75 52
x58 137 6.00 46

Voice recordings Acoustic analysis

Data set classification

Achievement of soft rules

Assessment of soft rules and
computation of risk percentage

Application of parameter
reduction of soft sets

Data set collection

Transformation of fuzzy
sets to soft sets

Transformation of data
sets by fuzzyfication

Figure 2: Diagram of a soft expert system for the diagnosis of
vocal risk.
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Figure 3: Graph of membership function for fundamental frequency.
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Figure 4: Graph ofmembership function for vocal perturbation index.
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Te membership function for the age (Figure 5) is di-
vided into three parts, namely, Y, M, and O, so it is given by

μY(x) �

0, if x< 15,

x − 15
10

, if 15≤x≤ 25,

35 − x

10
, if 25<x≤ 35,

0, if x> 25,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μM(x) �

0, if x< 30,

x − 30
10

, if 30≤x≤ 40,

50 − x

10
, if 40<x≤ 50,

0, if x> 50,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μO(x) �

0, if x< 45,

x − 45
10

, if 45≤x≤ 55,

65 − x

10
, if 55<x≤ 65,

0, if x> 65.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(10)

In Table 2, we present the fuzzyfcation of the data set of the
58 patients using the membership functions defned above.

3.3.TransformationofFuzzySets toSoft Sets. Since each fuzzy
set can be considered as a soft set, we will next transform the
fuzzy sets obtained in the previous step to soft sets. Te
process consists of taking the fuzzy values to obtain pa-
rametrized sets using α-level sets. Some of the soft sets
obtained by choosing parameter sets using the membership
functions are presented below.

For the soft set of the fundamental frequency aggravated
tone, we have

X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0.04, 0.2, 0.36, 0.52, 0.68{ },

SATFF,Ξ( 􏼁 � 0.04 � x3, x7, x9, x11, x13, x15, x19,􏼈 􏼈

x23, x24, x25, x26, x28, x29, x30, x32, x35, x43,

x44, x45, x49, x50, x56, x58􏼉,

0.2 � x3, x7, x11, x13, x15, x24, x25, x28,􏼈

x29, x30, x44, x45, x56, x58􏼉,

0.36 � x3, x13, x25, x28, x29, x44, x56, x58􏼈 􏼉,

0.52 � x3, x56, x58􏼈 􏼉,

0.68 � ∅}.

(11)

For the soft set of the vocal perturbation index risk voice,
we have

X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0.02, 0.3, 0.58, 0.86, 0.98{ },

SRVVPI,Ξ( 􏼁 � 0.02 � x2, x5, x6, x7, x8, x9, x10, x11, x12, x13, x16, x19, x20, x21, x22, x23, x24,􏼈 􏼈

x28, x29, x30, x32, x34, x35, x36, x39, x40, x42, x43, x44, x45, x46, x49, x50, x51, x56􏼉,

0.3 � x2, x7, x8, x9, x10, x11, x12, x13, x16, x19, x21, x22, x23, x24, x28, x29, x30,􏼈

x34, x35, x36, x40, x42, x43, x44, x45, x46, x49, x50, x51, x56􏼉,

0.58 � x2, x8, x9, x10, x16, x22, x23, x24, x28, x29, x30, x34, x35, x36, x42, x43, x44,􏼈

x45, x46, x56􏼉,

0.86 � x9, x16, x30, x35, x36, x43, x45, x46􏼈 􏼉,

0.98 � ∅}.

(12)

Applied Computational Intelligence and Soft Computing 7



For the soft set of the age old, we have

X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0, 0.25, 0.5, 0.75, 1{ },

SOAge,Ξ􏼐 􏼑 � 0 � x1, x3, x5, x8, x12, x13, x14, x15, x18, x20, x22, x23, x27, x29, x30, x31, x32,􏼈 􏼈

x35, x36, x38, x39, x42, x44, x45, x46, x47, x50, x53, x54, x57, x58􏼉,

0.25 � x3, x5, x8, x12, x13, x14, x15, x18, x20, x22, x23, x27, x30, x31, x32, x36, x38,􏼈

x42, x44, x45, x46, x47, x53, x54􏼉,

0.5 � x3, x5, x8, x12, x13, x14, x23, x27, x32, x36, x38, x46, x47, x53, x54􏼈 􏼉,

0.75 � x38, x46􏼈 􏼉,

1 � ∅}.

(13)

3.4. Application of Parameter Reduction to Soft Sets. Te
problem of parameter reduction is an active feld in soft set
theory. Te pioneers in introducing the concept of parameter
reduction of a soft set were Maji et al. [17]. Since then, several
researchers have tackled this problem seeking to present an
appropriate algorithm parameter reduction of soft sets. In
particular, Ma et al. [54] presented a parameter reduction
algorithm of soft sets based on oriented parameter summa-
tion, which can be carried out without signifcant parameter
degree and decision partition. In this subsection, we apply the

parameter reduction given byMa et al. [54] to obtain new soft
sets derived from those described in the previous step. Te
advantage of applying this procedure is that the parameters
and their characteristics can be selected according to the needs
of the studied problem, so this is of great help in decision-
making since efective selections can be made when not much
information is available. Te soft sets obtained by applying
parameter reduction are listed below.

For the soft set of the fundamental frequency aggravated
tone, we have

1

0.5

0 10 20 30 40 50 60

Figure 5: Graph of membership function for age.

Table 2: Input values obtained by fuzzyfcation.

Patients FF VPI Age
x2 0 AT, 0.4 NT 0 NT, 0.79 RV 0.6 Y, 0 M
x4 0 AT, 0.28 NT 0.83 NV, 0 RV 0 Y, 0.8 M
x7 0.25 AT, 0 NT 0 NV, 0.43 RV 0 Y, 0.6 M
x12 0 AT, 0.92 NT 0.5 RV, 0.03 AV 0 M, 0.5 Y
x17 0 AT, 0.87 NT 0.89 NV, 0 RV 0 Y, 0.8 M
x21 0 AT, 0.56 NT 0.5 RV, 0.03 AV 0.4 Y, 0.1 M
x26 0.16 AT, 0 NT 0.89 NV, 0 RV 0 Y, 0.5 M
x33 0 AT, 0.94 NT 0 RV, 0.31 AV 0 Y, 0.9 M
x38 0.03 AT, 0.16 NT 0 RV, 0.86 AV 0 M, 0.8 O
x41 0 AT, 0.94 NT 0 RV, 0.31 AV 0 Y, 1 M
x43 0.04 AT, 0.14 NT 0 NV, 0.86 RV 0 Y, 0.6 M
x47 0 AT, 0.85 NT 0.89 NV, 0 RV 0 M, 0.7 O
x50 0.07 AT, 0.07 NT 0 NV, 0.43 RV 0.3 M, 0.2 O
x54 0 NT, 0.47 ST 0 RV, 0.31 AV 0 M, 0.7 O
x58 0.66 AT, 0 NT 0 NV, 0.17 AV 0.4 M, 0.1 O
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X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0.2, 0.36, 0.52{ },

SATFF,Ξ( 􏼁 � 0.04 � x3, x7, x9, x11, x13, x15, x19, x23, x24, x25, x26, x28, x29, x30, x32, x35, x43, x44, x45, x49,􏼈 􏼈

x50, x56, x58􏼉,

0.2 � x3, x7, x11, x13, x15, x24, x25, x28, x29, x30, x44, x45, x56, x58􏼈 􏼉,

0.36 � x3, x13, x25, x28, x29, x44, x56, x58􏼈 􏼉,

0.52 � x3, x56, x58􏼈 􏼉􏼉.

(14)

For the soft set of the vocal perturbation index risk voice,
we have

X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0.3, 0.58, 0.86{ },

SRVVPI,Ξ( 􏼁 � 0.02 � x2, x5, x6, x7, x8, x9, x10, x11, x12, x13, x16, x19, x20, x21, x22, x23, x24,􏼈 􏼈

x28, x29, x30, x32, x34, x35, x36, x39, x40, x42, x43, x44, x45, x46, x49, x50, x51, x56􏼉,

0.3 � x2, x7, x8, x9, x10, x11, x12, x13, x16, x19, x21, x22, x23, x24, x28, x29, x30,􏼈

x34, x35, x36, x40, x42, x43, x44, x45, x46, x49, x50, x51, x56􏼉,

0.58 � x2, x8, x9, x10, x16, x22, x23, x24, x28, x29, x30, x34, x35, x36, x42, x43, x44,􏼈

x45, x46, x56􏼉,

0.86 � x9, x16, x30, x35, x36, x43, x45, x46􏼈 􏼉􏼉.

(15)

For the soft set of the age old, we have

X � x1, x2, x3, . . . , x58􏼈 􏼉,

Ξ � 0.25, 0.5, 0.75{ },

SOAge,Ξ􏼐 􏼑 � 0.25 � x3, x5, x8, x12, x13, x14, x15, x18, x20, x22, x23, x27, x30, x31, x32, x36, x38,􏼈 􏼈

x42, x44, x45, x46, x47, x53, x54􏼉,

0.5 � x3, x5, x8, x12, x13, x14, x23, x27, x32, x36, x38, x46, x47, x53, x54􏼈 􏼉,

0.75 � x38, x46􏼈 􏼉􏼉.

(16)

3.5. Achievement of Soft Rules. In this part, we obtain the soft
rules by means of the AND operation between the soft sets
obtained in the previous step.Ten, we look at which patients
provide the rules. Next, we list some of the rules obtained.

(i) SNTFF(0.02)∧ SAVVPI(0.03) ∧ SMAge(0.04).
(ii) SATFF(0.04)∧ SAVVPI(0.03)∧ SMAge(0.29).
(iii) SNTFF(0.02)∧ SAVVPI(0.03)∧ SOAge(0.5).
(iv) SSTFF(0.3)∧ SAVVPI(0.3)∧ SOAge(0.5).
(v) SATFF(0.04)∧ SRVVPI(0.3)∧ SYAge(0.2).
(vi) SSTFF(0.3)∧ SNVVPI(0.25)∧ SYAge(0.6).
(vii) SSTFF(0.6)∧ SAVVPI(0.3)∧ SOAge(0.5).

Tus, we obtain several rules among which there are some
that have the same output (i.e., the same set of patients) and
others turn out to be the empty set. Terefore, we eliminate
some of them and consider only the remaining rules.

3.6. Assessment of Soft Rules and Computation of Risk
Percentage. In this step, we assess the soft rules and compute
the vocal risk percentage. Te set of patients for every rule
was obtained in the previous step. Considering these sets and
observing which patients in the set have vocal risk, we then
proceed to rate the vocal risk of each patient in the set. Tus,
we obtain the percentage of vocal risk for each rule. If
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a patient’s data are associated with more than one rule and
consequently with more than one percentage, then the
highest of these percentages is assigned. Now, we compute
the vocal risk percentage of rules (i) and (ii).

Rule (i): there are 10 patients who have the character-
istics established in this rule. Vocal risk is detected in 7 of
these patients. Tus, the percentage of vocal risk for this rule
is (7÷10) × 100 � 70. By this computation, we can obviously
say that patients whose values of FF, VPI, and age con-
forming to rule 1 have a 70% of vocal risk.

Rule (ii): in this rule, there are 3 patients and the vocal
risk was determined in 2 of these. Terefore, the vocal risk
for this rule is 66%.

Te values of patient x53 are convenient to several rules,
but when we inspect the risk percentage of these rules, we
fnd that rule (vii) has the highest rate, which is 100%.

4. Results

Te results of the developed SESwere comparedwith the results
of the literature. It can be seen that the range of vocal risk across
the SES is slightly higher than that of the literature. Perhaps, this
is the result of the division of the linguistic variables into three
areas. If more areas can be taken for the linguistic variables, then
the results may be similar to the traditional results. But this
system is very good for the testing and learning process of
students of speech pathology, specialized in voice diseases. Te
system does not answer if there is a disease in the patient’s voice,
but it gives a percentage of the possibility of vocal risk and helps
the speech pathologist decide whether to recommend a surgical
intervention or not. In a way, this approach helps reduce the
uncertainty caused by people’s subjectivity to improve decision-
making. Moreover, compared with traditional approaches, this
approach avoids the parametrization problem presented by
fuzzy sets, whichmakes itmore feasible and practical for dealing
with data sets obtained from real life under uncertainty. Te
presented system presents signifcant advantages for the process
of voice dysfunction analysis. Tis is made possible by the
distributed computing capability and the innovative process of
data processing using fuzzy soft expert knowledge. Tis can
enable a speech-language pathologist or a set of speech-language
pathologists to process and extract information from the data
contained in their patients’ medical records and provide ap-
propriate and timely treatment to their patients. It has limi-
tations in that it relies on the use of the knowledge of expert
speech-language pathologists rather than inexperienced speech-
language pathologists. Another limitation is that this study only
applied to women’s voices, so new studies with men’s voices
may increase knowledge and deepen the understanding of the
research conducted.

5. Conclusions

Since their emergence, fuzzy soft sets have received much
attention in the feld of science and technology. Unlike fuzzy
sets, they not only have membership functions but also have
theoretical foundations that help overcome the inadequacy

of the parametrization tool of fuzzy set theory and also do
not depend on any parameters. Tis is why, it plays an
important role in eliminating the vagueness and uncertainty
resulting from the fuzzy set theory and, therefore, allows
obtaining more accurate and efcient results. Te soft expert
system is a good proposal in the feld of medicine for the
determination of afectations in people’s health. Te func-
tion of an expert system is to improve the performance of
physicians and, consequently, to improve patient outcomes,
which leads to an increase in the quality of health care.

In this work, we used the soft set expert system based on
fuzzy set theory and soft set theory for the diagnosis of vocal
risk in women. Our goal is to assist the speech-language
pathologist in making clinical decisions associated with
patients with vocal risk, allowing treatment alternatives to be
evaluated by specialized procedures or surgical intervention.
Calculating the exact percentage of vocal risk will allow the
speech-language pathologist to pinpoint the level of risk and
the appropriate type of treatment.

In the future, we consider that this type of study can be
extended by proposing an expert system using modifcations
of fuzzy soft sets that have been introduced very recently,
such as the concept of efective fuzzy soft set and its op-
erations [55], which have been shown to be applicable to
decision-making problems where the external efect on the
decision is considered.
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for health impact assessment in a 5G environment,” Applied
Sciences, vol. 13, no. 11, p. 6439, 2023.

[9] M. Sarwar, “Decision-making approaches based on color
spectrum and D-TOPSIS method under rough environment,”
Computational and AppliedMathematics, vol. 39, no. 4, p. 291,
2020.

[10] M. Sarwar, “Improved assessment model for health-care waste
management based on dual 2-tuple linguistic rough number
clouds,” Engineering Applications of Artifcial Intelligence,
vol. 123, no. A, Article ID 106255, 2023.

[11] B. Farhadinia and F. Chiclana, “Extended fuzzy sets and their
applications,” Mathematics, vol. 9, no. 7, p. 770, 2021.

[12] S. Roy, J.-G. Lee, S. K. Samanta, A. Pal, and G. Selvachandran,
“On bipolar fuzzy gradation of openness,” Mathematics,
vol. 8, no. 4, p. 510, 2020.

[13] Y. A. Salih and H. Z. Ibrahim, “CR-fuzzy sets and their ap-
plications,” Te Journal of Mathematics and Computer Sci-
ence, vol. 28, no. 02, pp. 171–181, 2022.

[14] S. Dai, “Linguistic complex fuzzy sets,” Axioms, vol. 12, no. 4,
p. 328, 2023.

[15] M. Sarwar, G. Ali, and N. R. Chaudhry, “Decision-making
model for failure modes and efect analysis based on rough
fuzzy integrated clouds,” Applied Soft Computing, vol. 136,
no. 2023, Article ID 110148, 2023.

[16] D. A. Molodtsov, “Soft set theory-frst results,” Computers &
Mathematics with Applications, vol. 37, no. 4-5, pp. 19–31,
1999.

[17] P. K. Maji, A. Roy, and R. Biswas, “An application of soft sets
in a decision making problem,” Computers & Mathematics
with Applications, vol. 44, no. 8-9, pp. 1077–1083, 2002.

[18] P. K. Maji, R. Biswas, and A. R. Roy, “Soft set theory,” Com-
puters and Mathematics with Applications, vol. 45, no. 4-5,
pp. 555–562, 2003.

[19] M. I. Ali, F. Feng, X. Liu, W. K. Min, andM. Shabir, “On some
new operations in soft set theory,” Computers and Mathe-
matics with Applications, vol. 57, no. 9, pp. 1547–1553, 2009.

[20] J. C. R. Alcantud, G. Santos-Garćıa, and E. Hernández-Galilea,
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