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Abstract

In recent years the artificial intelligence has been developed rapidly since it can be
applied easily to several areas like medical diagnosis, engineering and economics,
among others. In this study we have devised a soft expert system (SES) as a prediction
system for prostate cancer by using the prostate specific antigen (PSA), prostate
volume (PV) and age factors of patients based on fuzzy sets and soft sets and have
calculated the patients’ prostate cancer risk. Our data set has been provided by the
Department of Urology, Meram Medical Faculty in Necmettin Erbakan University,
Konya, Turkey.
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1 Introduction

In recent years vague concepts have been used in different areas such as medical applica-
tions, pharmacology, economics and engineering since the classical mathematics methods
are inadequate to solve many complex problems in these areas. Traditionally mathematics
uses a crisp (well-defined) property P(x), i.e., properties that are either true or false. Each
property defines a set: {x : x has a property P} [1].

The most successful theoretical approach to vagueness is undoubtedly fuzzy set theory
introduced by Zadeh [2]. The theory is used commonly in different areas as engineering,
medicine and economics, among others. The fuzzy set theory is based on the fuzzy mem-
bership function p : X — [0, 1]. By the fuzzy membership function, we can determine the
membership grade of an element with respect to a set. A fuzzy set F is described by its
membership function . The fuzzy set theory has become very popular and has been
used to solve problems in different areas. But there exists a difficulty: how to set the mem-
bership function in each particular case. The reason for these difficulties is, possibly, the
inadequacy of a parametrization tool of the theory [3]. Soft set theory was initiated by
Molodtsov [3] as a new method for vagueness. Molodtsov showed in his paper that the
theory can be applied to several areas successfully; for example, the smoothness of func-
tions, game theory, Riemann-integration, Perron-integration, etc. He also showed that soft
set theory is free from the parametrization inadequacy syndrome of other theories devel-
oped for vagueness. A soft set can be represented by Boolean-valued information system,
and so it can be used to represent a dataset. Also, the hybrid models of the vague sets take
attention of researchers. Maji et al. [4] defined a hybrid model called fuzzy soft sets. This
new model is a combination of fuzzy and soft sets and is a generalization of soft sets. Irfan
Ali and Shabir [5] developed the theory. To address decision making problems based on
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fuzzy soft sets, Feng et al. introduced the concept of level soft sets of fuzzy soft sets and
initiated an adjustable decision-making scheme using fuzzy soft sets [6]. Feng et al. [7]
first considered the combination of soft sets, fuzzy sets and rough sets. Using soft sets as
the granulation structures, Feng et al. [8] defined soft approximation spaces, soft rough
approximations and soft rough sets, which are generalizations of Pawlak’s rough set model
based on soft sets. It has been proven that in some cases Feng’s soft rough set model could
provide better approximations than classical rough sets. Simsekler (Dizman) and Yuksel
[9] contributed to fuzzy soft topological structures.

Prostate cancer is the second most common cause of cancer death among men in most
industrialized countries, and it depends on various factors such as family cancer history,
age, ethnic background and the level of prostate specific antigen (PSA) in blood. The level
of PSA in blood is very important method to an initial diagnosis for patients [10—12]. How-
ever the level of PSA in blood can be increased by inflammation of prostate and benign
prostate hyperplasia (BPH). For this reason, it is difficult to differentiate it from benign
prostate hyperplasia (BPH). The definitive diagnose of the prostate cancer is possible with
prostate biopsy. The results of PSA test, rectal examination and transrectal findings help
the doctor to decide whether biopsy is necessary or not [1, 13, 14]. However the patients
with low cancer risk have to avoid this process due to possible complications and its high
cost. Because of this reason, before agreeing to biopsy, the patients with low cancer risk can
be determined. There are several research works in the area of the prostate cancer prog-
nosis or diagnosis. One of them is FES which is a rule-based fuzzy expert system using the
laboratory data PSA, PV and age of the patient and it aims to help to an expert-doctor
to determine the necessity of biopsy and the risk factor [15]. Benecchi [16] developed
a neuro-fuzzy system by using both serum data (total prostate specific antigen and free
prostate specific antigen) and clinical data (age of patients) to enhance the performance
of tPSA (total prostate specific antigen) to distinguish prostate cancer. Keles et al. [17] built
a neuro-fuzzy classifier to be used in the diagnosis of prostate cancer and BPH diseases.
Since the symptoms of these two illnesses are very close to each other, the differentiation
between them is an important problem. Saritas et al. [18] have devised an artificial neural
network that provides a prognostic result indicating whether patients have cancer or not
by using their free prostate specific antigen, total prostate specific antigen and age data.

In this study we aim to discuss how soft set theory can be used for developing
knowledge-based system in medicine and devise a prediction system named soft expert
system (SES) by using the PSA, PV and age data of patients based on fuzzy sets and soft
sets and calculate the patients prostate cancer risk. It is a rule-based system, and accord-
ing to the rules, we determine the risk of prostate cancer. Our aim is to help the doctor to

determine whether the patient needs biopsy or not.

2 Preliminaries

Definition 2.1 [2] A fuzzy set A in U is a set of ordered pairs:
A ={(x, na(x)):x € U}, where py : U —> [0,1] = I is a mapping and 4 (x) (or A(x))
states the grade of belonging of x in A. The family of all fuzzy sets in U is denoted
by IY.
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A fuzzy set can be related to a family of crisp sets through the notion of an «-level set.
The «-level set of a fuzzy set F is defined by

Fla)={xeU:ur@x)>a},
where « € [0,1].

Definition 2.2 [3] Let A C E. A pair (F, A) is called a soft set over U, where F is a mapping
given by F : A — P(U), where E is the set of parameters. In other words, the soft set is a
parametrized family of the subsets of U. Every set F(e), e € E from this family may be con-
sidered as the set of e-elements of the soft set (F, E), or the set of e-approximate elements
of the soft set.

Example 2.1 Mr. X and Miss Y are going to marry and they want to rent a wed-
ding room. The soft set (F,E) describes the ‘capacity of the wedding room! Let U =
{11, Uy, us, ua, us, ug} be the wedding rooms under consideration, and E = {ej, 3, €3, €4, €5}
be the parameter set

F(e) = {u2, ua},

F(€2) = {uli Mg,l/t4},

F(e?)) = @)

F(ea) = {u1, u3, us},

F(es) = {u1, ug}.
The soft set (F, E) is as follows:

(F,E) = {er = {ug, us}, €2 = {u, u3, us}, €3 = ¥, e4 = {1, u3, us}, €5 = {u, ug}}.
The tabular presentation of (F, E) is shown in Table 1.
Definition 2.3 [7] Let (F,A) and (G, B) be two soft sets over U. (F, A) is called a soft subset
of (G, B) denoted by (F,A)C(G, B) if A C B and for every a € A, F(a) C G(a). Two soft sets
(F,A) and (G, B) over U are said to be equal, denoted by (F, A) = (G, B) if (F,A)Z(G, B) and

(G,B)C(F,A).

Definition 2.4 [19] A soft set (F,A) over U is said to be a NULL soft set denoted by @ if
Vec A, Fe) = ¢.

Table 1 Tabular presentation of the soft set

V) (4] ez es es (=13

uq 0 1 0 1 1
up 1 0 0 0 0
u3 0 1 0 1 0
ug 1 1 0 0 0
us 0 0 0 1 0
up 0 0 0 0 1
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Definition 2.5 [19] A soft set (F,A) over U is said to be an absolute soft set denoted by;l
ifVeec A, F(e) = U.

Definition 2.6 [19] If (F,A) and (G, B) are two soft sets, then (F,A) and (G, B) denoted
by (F,A) A (G, B) is defined by (F,A) A (G, B) = (H,A x B), where H(x, 8) = F(a) N G(B),
Y(a,8) € A X B.

Definition 2.7 [19] Let (F,A) and (G, B) be two soft sets over UI. The union of (F,A) and
(G, B) denoted by (F,A)U(G, B) is defined as the soft set (H, C), where C = A U B, and
Vee C,

F(e) ifee A-B,
H(e) =1 G(e) ifee B-A,
Fle)UG(e) ifec ANB.

Definition 2.8 [20] Let (F,A) and (G, B) be two soft sets over U.
1. The extended intersection of (F,A) and (G, B) denoted by (F,A) Ny, (G, B) is defined
as the soft set (H, C), where C=A UB, and foralle € C,

F(e) ifee A-B,
H(e) = { Gle) ifee B—A,
Fle)NG(e) ifec ANB.

2. The restricted intersection of (F,A) and (G, B) denoted by (F,A) N (G, B) is defined
as the soft set (H, C), where C = A N B, and for every ¢ € C,H(c) = F(c) N G(c).

Theorem 2.1 [21] Every fuzzy set can be considered as a soft set.

Definition 2.9 [22] An information system is a 4-tuple S = (U,A,V,f), where U =
{11, u2,..., uyy)} is a non-empty finite set of objects, A = {a;,4s,...,4/4/} is a non-empty
finite set of attributes, V = |J, .4 Va, V. is the domain of attribute 4, f : U x A — V is an
information function, such that f(u,a) € V, for every (u,a) € U x A, called information

acA

(knowledge) function. An information system can be expressed in terms of an information
table (see Table 2). In an information system S = (U, A, V,f), if V, = {0,1}, for every a € A,
then S is called a Boolean-valued information system.

Proposition 2.2 [22] If (F,E) is a soft set over the universe U, then (F,E) is a Boolean-
valued information system.

Table 2 An information system

U a a dax aja|

U f(ur,ar) flur,az) s ) s flunaa)
7)) f(uz,a1) flua,a2) s flug, ) s flug,aa)
u3 fus,a1) flus,a2) e f(

U3, dx) <o fus,a)

uy flupan)  flow,a) - flugpae) -0 fluae)
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The reduction of parameters of soft sets has taken attention of several researchers. Kong
[23] gave an algorithm for the normal parameter reduction of soft sets in 2008. In 2011 Ma
[24] gave a new algorithm for the normal parameter reduction of soft sets and compared
this new method with Kong’s method. These two algorithms calculate the same reduction,
but Kong’s method is more difficult and complex. Ma gave a new algorithm that is more

understandable and easier to avoid the difficulty of Kong’s algorithm.

3 Soft expert system

The prostate data set was provided by the Department of Urology, Meram Medical Faculty
in Necmettin Erbakan University, Konya, Turkey. The true data set contains the PSA, PV
and age data of 78 patients (see Table 3). For the design process PSA, age and PV were
used as input values and prostate cancer risk was used as an output.

The steps for our designed system are as shown in Figure 1.

3.1 First step: fuzzyfication of data set

The data set used in this work is 78 patients who appealed to Meram Medical Faculty urol-
ogy department for the prostate complaint. The data set is not convenient for applying to
soft sets directly (see Table 3). For this reason, we first fuzzyficate the data set. For fuzzy-
fication of the factors, the linguistic variables are (for PSA) very low (VL), low (L), middle
(M), high (H), very high (VH), (for PV) very small (VS), small (S), middle (M), big (B),
very big (VB), (for age) young (Y), middle (M), old (O). Fuzzyfication of the used factors
is made by the membership functions (1), (2) and (3). These formulas are determined by

Table 3 The input values of several patients

U PSA PV  Age

u3 100 44 58
Ui 20 37 69
uss 38 36 72
Us 25 48 60
Use 4,03 60 63
Uss 10 62 71
Ueo 31 72 79

Usg 20,6 78 67
uz 8,5 82 60
uzs 41 79 80

Calculationof
Prostate Cancer
Risk

Transforming Parameter
the Fuzzy Sets Reduction of
to Soft Sets Soft Sets

Obtaining Soft Analysis of
Rules Soft Rules

Fuzzyfication

of Data Set

Figure 1 Steps for soft expert system.
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Figure 2 The membership functions of PSA, PV and age.

Table 4 The fuzzy membership values of factors

U PsA PV Age

u3 1VH 0.535,047M 047 M,0530
ujg  02VL08L 0.775,023M 10
ups  048L,052M  08S,02M 10
usgp  028VL072L 04S06M 033M0670
uss  084VLO16L 1M 013M0870
uss  06VLO4L 093M007B 10
Usg 041L059M 06MO04B 10
usg  0,18VL0O82L 04MO06B 10
u;  066VLO34L  027MO073B  033M0670
uss  036L064M 037M063B 10

the expert doctor and literature.

e, if0<a<100,

PSA(a) = 1)
1 if 100 < a,

0 if b <20,

Age(b) =\ up if20 <b <65, 2)
1 ifb>65,
e if30<c<120,

PV(c) = (3)
1 if ¢ >120.

We get the memberships of the input variables from the formulas (1), (2) and (3) and show
them in Figure 2.
We fuzzificated all data of the patients by using these membership functions. We can

see the membership functions of some patients in Table 4.

3.2 Second step: transforming the fuzzy sets to soft sets
We know that every fuzzy set can be considered as a soft set. First we choose the parameter

set by using the membership functions. Hence we have numerical values for a parameter

Page6of 11
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set. Some of the soft sets obtained by the relation with fuzzy sets are as follows:
U={0=u,u,...,uzg} E=1{0,0.25,0.5,0.75,1},
(Fat psas E) = {0 = {ug, us, ug, tin1, thr3, s, tno, Uz, Ua3, Uos, Uso, Uso, Usa, s, Hal,
Uq, U43, Uss, Us3, Uso, Ued, U73, U7s ),
0.25 = {ug, ue, u11, u13, Uss, Uz, U2, U23, Uas, U34, U3s, Ual, U43, Uad, Us0,
Usq, U5},
0.5 = {ua, u11, U3, U1s, Uno, U, Un3, Uas, Uss, Ual, Udd, Ueo, Usd, U75 ),
0.75 = {u13, U0, U3, Uss, Ua1 },
1= {uno, uzs}},
U={u,u,...,umyg}, E=1{0,0.185,0.37,0.555,0.74},
(F5 pv,E) = {0 = {1, tr7, U35, se, Uas, Uag, Uag, Us3, Uss, Ueo, Ues Hess U7, U73s Urs ),
0.185 = {u1, w17, Use, Uas, Uso, Ues, U72, U73, U75},
0.37 = {u3e, Uas, Uso, Uss, U72, U73, U5},
0.555 = {uas, uss, 72, 75},
0.74 = ¢},
U= {uy,ttr...,urs),  E=1{0.06,0.31,0.56,0.81,0.94],
(Fat ager E) = {0.06 = {us, ug, g, 1z, 3y, s3, Uss, Uaz, Ua3, Uaa, Uae, Uas,
Uq9, Usy, Use, Usg, Ue3, Uess UeT, Ue9, U70, U72, Uzd,s U6, U78 ),
0.31 = {u3, u2y, Uz, Uzs, Uaz, U43, U4, Uag, Usy, Usg, Ue3, Usss Ue9s U70, U72,
U7y, Ue, U8},
0.56 = {143, g, Us2, Uss, U3, U70, U74, U78},
0.81 = {ugs, usz, Uz},
0.94 =¢}.
3.3 Third step: parameter reduction of soft sets
In Step 2 we obtain the soft sets corresponding to each fuzzy set. Then we use the param-

eter reduction of soft sets given by Ma [24]. Hence we have new soft sets. Some of them
are shown in the following:

U= {ul,u2,...,u7g}, E= {025,05,075,1},

(FM pSA,E) = {025 = {M4, U, U11, U13, Ur5, U20, U22, U23, U5, U3a, U3S, Ual, U4s, U, Ueo,
Uga, U75),
0.5 = {ug, un1, w13, s, U0, Ua, U3, Uzs, U3s, Ual, Uad, Ueos Usds U75 ),
0.75 = {u13, U0, U3, U3g, Ua1 },

1= {un0, uss}},
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U={uy,ty,...,us),  E=1{0.185,0.37,0.555),
(Fp pv, E) = {0.185 = (w1, thr7, U3e, Uas, U0, Ues, Ur2, Uz3, Uss),
0.37 = {u36, Uas, U0, Ues, U72, U73, U75}
0.555 = {uys, ties, Urz, Ur5} },
U={uy,u,...,u),  E=1{0.31,056,0.81)},
(Fy ager E) = {0.31 = {u3, g, ss, s, tas, a3, Uaa, Uag, Usy, Uss, Ue3, Ues, Ueo, U70, W72,
U74, Uz6, U8},
0.56 = {143, Uag, Uso, Uss, Ue3, U70, U7ar Uzs}s
0.81 = {ua4sg, us, u7o}}.
3.4 Fourth step: obtaining soft rules
We get the soft rules by the AND’ operation of the soft sets we obtained in the second

step, and we observe which patient provides which rule. Some of the rules we obtained

are as follows:

Fyr psa(0.35) A Far pv(0.25) A Fpage(0.59)
= {u7, w10, 14, U6, Uo7, U1, U33, U39, Uae, Uag, Us0, Usl, Usa, Uss, Use, Us7, Uel, ez, Ue3
Uss, U7, U71, Uz2},
Fy psa(0.2875) A Fs py(0.275) A Far 4g(0.31)
= {u22, Us3, Uaa, Uas, Usa, Uag, Us2, Uss, Ues, U70, Uza, U7s}s
Fa1 psa(0.25) A Fap py(0.25) A Fo age(0.325) = {ue, u11, Ui, tao, Usa, Ua, Uaa, Ueo, Uzs ),
Fa1 psa(0.25) A Fpp pv(0.5) A Fo 4ge(0.325) = {ug, w11, t1s, U3a, Ua, Uaa, Uso},
Fyy psa(0.2225) A Fs py(0.785) A Fo 456(0.59) = {us),
Fyy psa(0.2225) A Fs py(0.53) A Fo 4ge(0.325) = {us, g},
Fyi; psa(0.6875) A Fs py(0.785) A Fp 4g.(0.59) = {ug},

Fyy psa(1) A Fs py(0.275) A Fo 4ge(0.59) = {us, ug, uza}.

In this way, we obtain 400 rules. Then we eliminate some rules that have the same output

(the same patient set), and hence we get 285 rules.

3.5 Fifth step: analysis of soft rules

In this step we analyze the soft rules and calculate the prostate cancer risk percentage.
The patients set for each rule was obtained in the fourth step. We consider these sets and
observe how many of the patients in the set have prostate cancer, then we rate the patients
with prostate cancer to each patient in the set. Therefore we have the prostate cancer risk
percentage for each rule. If a patient’s data is convenient to more than one rule and so has
more than one rate, then we accept the highest one.

Now we calculate the risk percentage of the first rule:
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Rule 1:

Fyy psa(0.35) A Fur pyv(0.25) A Fo 4g.(0.59)
= {uy, w10, W14, Wie, U7, U31, U33, U39, Uae, U9, Us0, Us, Usa, Uss, Use, Us7, Uel, Ue2, Ue3,

Uess Ue7, U71, U7}

There are 23 patients who have the properties stated in Rule 1. Prostate cancer is found
in eight of these patients. Hence, the risk percentage for first rule is (8 +23) x 100 = 34.78.
We can easily say that the patients whose values of PSA, PV and age are convenient to the
first rule have cancer risk of 34%. The values of patient u34 are convenient to Rule 3, Rule 4
and Rule 8. When we look at the risk percentage of these rules, we see that Rule 8 has the
highest rate. Hence the risk percentage of uz4 is 100% (the percentage of Rule 8).
The risk percentage for some rules is as follows:
Rule 1: If a patient has Fy psa(0.35) and Fi py(0.25) and Fp 44(0.59), then the cancer
risk is 28%.

Rule 2: If a patient has F; ps4(0.2875) and Fs py(0.275) and Fyy 4,.(0.31), then the
cancer risk is 34%.

Rule 3: If a patient has Fas ps4(0.25) and Fir py(0.25) and Fo 44.(0.325), then the cancer
risk is 74%.

Rule 4: If a patient has Fis ps4(0.25) and Fa py(0.5) and Fp 44.(0.325), then the cancer
risk is 83%.

Rule 5: If a patient has Fy; ps4(0.2225) and Fs py(0.785) and Fp 44(0.59), then the
cancer risk is 100%.

Rule 6: If a patient has Fjy ps4(0.2225) and Fs py(0.53) and Fp 4¢.(0.325), then the
cancer risk is 100%.

Rule 7: If a patient has Fyy psa(0.6875) and Fs py(0.785) and Fp 44.(0.59), then the
cancer risk is 100%.

Rule 8: If a patient has Fyy psa(1) and Fs py(0.275) and Fop 44.(0.59), then the cancer
risk is 100%.

Finally, we write the soft expert system which calculates the prostate cancer risk by input
variables PSA, PV and age.

3.6 Calculation of prostate cancer risk

We used MicrosoftVisual Studio 2008 and C Sharp programming language when we de-
vised all the steps of the soft expert system. Figure 3 shows two results from the calculation
system.

3.7 Conclusion

In this work we designed an expert system SES by using a soft set and it is a pioneering
work for applying the soft sets to a medical diagnosis. We also used fuzzy membership
functions and an algorithm to reduce the parameter set of soft sets. The expert doctor
can reduce unnecessary biopsies in patients undergoing evaluation for prostate cancer by
calculating the percentage of prostate cancer risk in the soft expert system. According to
our devised system, if the risk percentage is bigger than 50%, then biopsy is necessary.
Our data set contains 78 patients. These patients have high values of PSA, PV and age and
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Figure 3 Calculator.

they are potential prostate cancer patients. For this reason, the biopsy was applied to these
patients; however, after biopsy it was seen that 44 of them had cancer. When we calculated
the risk percentage of these 78 patients in the soft expert system, we saw that 51 patients
needed biopsy, and 27 patients who really had low cancer risk had to avoid biopsy. Our
aim is to help the doctor to decide whether the patient needs biopsy or not.
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