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We developed the fuzzy medical expert system (F-MES) based on fuzzy
inference system (FIS) Mamdani using a different approach to prostate
cancer risk (PCR) prediction. The difference in our research is that we
modify the membership function on the input variable according to medical
standards. We used the same input variables as the previous study, namely
age, prostate-specific antigen (PSA), prostate volume (PV), and percentage
(%) free PSA (%FPSA). The data on the input variable is used as input into
F-MES and displays the output in the form of a percentage (%) of PCR. If
the PCR is >50%, then the patient is advised to undergo a biopsy test. We
conducted an analysis with the doctor to create a simple domain and rule
base of 24 rules. Our number of rules is lower than previous studies of 80
and 240, but our prediction results are better the F-MES evaluation used the
same 56 patients, that the F-MES we developed had an accuracy of 857%.
This score is better than previous studies of 75% and 76%. Our F-MES is

simple but effective and can be used as a supporting tool in decision-making
in medical diagnosis.
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1. INTRODUCTION

The prostate is a gland in the male reproductive system that encircles the urethra, producing seminal
fluid and aiding urine flow from the bladder [1]. Prostate cancer (PC) involves abnormal cell growth in the
prostate, commonly affecting older men, though it can also occur in younger individuals. While the exact
cause is unknown, genetic mutations in prostate cells contribute to this malignancy [2], [3]. Risk factors
include age over 50, family history, obesity, unhealthy lifestyles (such as smoking and excessive alcohol
consumption), vasectomy, exposure to carcinogens, and sexually transmitted infections (STIs) [4]. Early
detection of PC is challenging due to a lack of clear symptoms, necessitating medical diagnosis [5]. Common
diagnostic methods include the prostate-specific antigen (PSA) blood test, prostate ultrasound, magnetic
resonance imaging (MRI), and biopsy [6].

Medical diagnosis requires analyzing complex data, which can be enhanced by artificial intelligence
(Al). Expert systems utilize advanced algorithms to assist in computer-aided diagnosis, with fuzzy logic
being a prominent method [7]-[9]. Fuzzy logic mimics human reasoning and handles more than just binary
outcomes, making it a suitable choice for expert systems in medical diagnosis.

Uncertainty and inaccuracy are prevalent in daily life, particularly in medical diagnosis, where
ambiguity is common [10]. Identifying a disease can be difficult since similar symptoms may indicate different
conditions, and diseases can manifest differently in individuals. Misdiagnosis can negatively impact treatment
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quality, costs, and survival rates [5], [11]. Fuzzy logic-based expert systems have been applied in various
fields, including medicine, to aid in decision-making, especially for PC [5], [12]. Researchers have utilized
fuzzy systems to assess PC risk (PCR) based on variables such as age, prostate-specific antigen (PSA),
prostate volume (PV), and free PSA percentage (%FPSA).

The research of Paquin et al. [6] grouped the variables for PC diagnosis into sets: age (very young,
young, middle age, old), PSA (very low, low, middle, high, very high), and PV (small, middle, big, very big),
resulting in 77 rules with 75% accuracy from 56 patient data. Mahanta and Panda [5] used similar groupings
but increased PSA sets, leading to 240 rules and 76% accuracy. Kaur et al. [13] simplified the variables,
using three sets for age, PSA, PV, and FPSA, resulting in 188 rules. Previous studies lacked medical
standards for variable domains, resulting in suboptimal accuracy and excessive rules. In contrast, our
research employs WHO-standard input variables verified by experts, simplifying the sets for improved
accuracy. We categorized age into three sets (young: 0-55, middle: 55-65, old: 65-100) and simplified PSA,
PV, and %FPSA into “Normal” and “Abnormal” sets. This study aims to develop a fuzzy Mamdani-based
medical expert system using simpler, clinically validated variables to improve PCR prediction accuracy.

2. METHOD
2.1. Prostate cancer

The prostate is a small gland at the base of the bladder, part of the reproductive system, and
produces semen. PC occurs in this gland and is often associated with urinary problems, mainly affecting men
over fifty [14]. In most cases, PC affects men over the age of 50. According to WHO, PC is one of the most
common cancers in men, affecting about 1.3 million globally [7]. In Indonesia, PC ranks 5th as the most
common type of cancer suffered by men. Figure 1 shows an illustration of PC.
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Figure 1. Cancer in the prostate or PC

2.2. Stage of fuzzy medical expert system

Fuzzy logic has been widely used to assist in diagnosing various diseases by handling uncertainty
and complex decision-making [5], [15], [16]. We developed a fuzzy medical expert system (F-MES) that
uses membership functions and rulebases based on expert doctors' knowledge. Input variables like age, PSA,
PV, and FPSA are processed using the Mamdani fuzzy inference system (FIS) to predict PCR levels. The
system applies IF-THEN fuzzy rules, with the output defuzzified using the centroid method to generate a
final prediction [17]. The structure of the F-MES is shown in Figure 2.
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Figure 2. Stage for architecture of a F-MES
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2.3. Input variables

Our study used four input variables similar to previous research: Age, PSA, PV, and FPSA [5], [13],
[18]. These crisp inputs are processed using the Mamdani FIS, producing a defuzzified output representing
the PCR percentage. Figure 3 illustrates the input and output variables.
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Figure 3. Input and output variables of F-MES

2.3.1. Age

Age is a parameter in assessing PC risk, with men over 50 being more susceptible, especially
without a family history of PC [19]. Two-thirds of PC cases are diagnosed in men aged 65 or older [5].
Unlike previous studies, our research uses WHO-standard age sets, verified by expert doctors. Age is
grouped into three fuzzy sets: “Young,” “Middle,” and “Old” [19]. The first and third sets use trapezoidal
membership functions, while the “Middle” set uses a triangular membership function. The fuzzy set and the
age variable membership function are shown in Table 1 and Figure 4. Next, based on Table 1, create
membership function in the form of a curve input “Age” as Figure 4. For example, there is a condition that
someone has age-44, based on the membership function degrees is obtained age=44, Ly ,n4(44) = 0.55, and

Uymiqate (44) = 0.6, and pg,q (44) = 0.

Table 1. Fuzzification the input variable “age”
Input variable  Crisp set  Fuzzy set

Age (year) 0-55 Young
35-65 Middle
55-100 Old
T T T T T T T T T
Young Middle Old

input variable "Age”

Figure 4. Membership functions for “age”

2.3.2. Prostate-specific antigen

PSA is a protein produced by prostate cells, essential for sperm movement. PSA levels naturally
increase with age due to prostate tissue growth, which varies by age. Normal PSA levels are around 2.5
ng/ml for men aged 40, 4.5 ng/ml for men aged 60, and 6.5 ng/ml for men over 70 [20]. In this study, the
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“PSA” variable has two sets: “Normal” (trapezoidal membership function) and “Abnormal” (ascending
trapezoid). Table 2 shows the crisp sets, and Figure 3 illustrates the PSA membership function. Next, based
on Table 2, create membership function in the form of a curve input “PSA” as Figure 5. If someone has a
PSA=7.6 ng/ml, based on the membership function in Figure 5, then the value of the membership degree is
Normal and Abnormal PSA=7.6, Wyormai(44) =1, and Wapnormar (7.6) = 0.

Table 2. Fuzzification of the input variable “PSA"
Input variable  Crisp set  Fuzzy set
PSA (ng/ml) 0-35 Normal
25-35 Abnormal

T T T T T T T T T
Normal Abnormal

1 1 1 1 1 1 1 1 1
0 10 0 30 40 50 60 70 80 9

input variable "Fv"

Figure 5. Membership functions for “PSA”

2.3.3. Prostate volume

The PV is a gland located under the bladder and around the urethra, producing fluid that carries
semen during ejaculation. PV is measured using the prolate elliptical formula: TPV=n/6* W*L*H [19]. As
men age, length changes significantly, especially around age 60, with a normal prostate size of 15-25
milliliters [21]. Based on medical standards, PV is categorized into two sets: “Normal” and “Abnormal,” both
using trapezoidal membership functions. Table 3 shows the fuzzy sets, and Figure 4 illustrates the PV
membership function. Next, based on Table 3, create membership function in the form of a curve input “PV”
as Figure 6. If someone has PV=38 ml, based on the membership function, the following membership degree
values: PV=38, Wyormai(38) =0, and Wapnormar (38) = 1.

Table 3. Fuzzification of the input variable “PV "
Input variable  Crisp set  Fuzzy set
PV (ml) 0-35 Normal
25-100  Abnormal

T T T T T T T T T
Mormal Abnormal

[=]
n
T
|

0 1 20 30 40 60 70 80 90

input variable "PV"

Figure 6. Membership functions for “PV"
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2.3.4. Percentage of free PSA
PSA is a protein in the serum that circulates in both bound and unbound forms [22]. The %FPSA

value is calculated using the equation %FPSA = TF:f;ZSSi ¥100%. Normal %FPSA is <25%, with some

doctors recommending <18% and suggesting a biopsy if it falls to <12% [4]. Early detection of PC is crucial
for effective treatment, and %FPSA serves as a valuable indicator [6]. We categorize %FPSA into two fuzzy
sets based on medical standards: “Normal” and “Abnormal,” using trapezoidal membership functions.
Table 4 and Figure 7 illustrate the fuzzy set and membership function for %FPSA. Next, based on Table 4,
create membership function in the form of a curve input “%FPSA” as Figure 7. If someone has
%FPSA=10.53 ng/ml, based on the membership function, the value of membership degrees is obtained:
%PSA=10.53, Wyorma:(10.53) = 1, and papnormar (10.53) = 0.

Table 4. Fuzzification of the input variable “%FPSA"
Input variable  Crisp set  Fuzzy set
% FPSA 0-32 Normal
18-92 Abnormal

T T T T T T T T
Normal Abnormal

5 Lm

I 1 1 | | | I 1
) 10 0 30 40 50

0 60 70 a0 S0
input variable "FPSA"

Figure 7. Membership functions for “%FPSA”

2.4. Output variable

The output of the F-MES is the PCR, which determines low or high-risk levels based on the input
variables: Age, PSA, PV, and %FPSA. A PCR value of >50% indicates a high likelihood of PC, prompting a
recommendation for a biopsy [5]. The PCR output is categorized into two sets: “Low” and “High,”
represented using a trapezoidal membership function. Table 5 and Figure 8 illustrate the output membership
sets and functions. Next, based on Table 5, create membership function in the form of a curve output “PCR”
as Figure 8.

Table 5. Fuzzification of the input variable “PCR"
Input variable  Crisp set  Fuzzy set
PCR (%) 0-60 Low
40-100 High

T
Low High

1 1 1 1 1 I 1 I
0 0 0 30 40 50

output variable "PCR"

Figure 8. Membership functions for output “PCR"
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2.5. Fuzzy rule base

The main part of a fuzzy logic system that contains a series of “IF-THEN” conditional statements
that model human knowledge or experience about a problem [23]. In this F-MES, there are four input
variables: Age (3 sets: “Young,” “Middle,” “Old”), PSA (2 sets: “Normal,” “Abnormal”), PV (2 sets:
“Normal,” “Abnormal”), and %FPSA (2 sets: “Normal,” “Abnormal”). This results in 24 rule bases for
estimating PCR. The PCR output has two categories: “Low” and “High.” An analysis of data from 56
patients determined the variable weights as follows: Age = 0.12, PSA = 0.4, PV = 0.34, and %FPSA = 0.13,
so we define the rule base,

[1]  If(Age="Young”)AND(PSA="Normal”)AND(PV="Normal”)AND(%FPSA="Normal”)THEN(PCR=Low”)

[2] If(Age="Young”)AND(PSA="Normal”)AND(PV="Normal”)AND(%FPSA="Abnormal”) THEN(PCR=Low”)
[3] If(Age="Young”)AND(PSA="Normal”)AND(PV="Abnormal”)AND(%FPSA="Normal”)THEN(PCR=Low")
[4]  If(Age="Young”)AND(PSA="Normal”)AND(PV="Abormal”)AND(%FPSA="Abnrmal”) THEN(PCR=Low”)
[5] If(Age="Young”)AND(PSA="Abnormal”)AND(PV="Normal”)AND(%PSA="Normal”)THEN(PCR="Low"”)
[6] If(Age="Young”)AND(PSA="Abnormal”)AND(PV="Normal”)AND(%PSA="Abnormal”)THEN(PCR="Low”)
[7]  If(Age="Young”)AND(PSA="Abnormal”)AND(PV="Abnormal”’)AND(%PSA="Normal”)THEN(PCR="Low”)
[8] If(Age="Young”)AND(PSA="Abnormal”’)AND(PV="Abormal”)AND(%PSA="Abnormal”)THEN(PCR="Low")
[0 If(Age="Middle”)AND(PSA="Normal”)AND(PV="Normal”)AND(%PSA="Normal”) THEN(PCR="Low”)

[10] If(Age="Middle”)AND(PSA="Normal”)AND(PV="Normal”)AND(%PSA="Abnormal”)THEN(PCR="Low”)
[11] If(Age="Middle”)AND(PSA="Normal”)AND(PV="Abnormal”’)AND(%PSA="Normal”)THEN(PCR="Low")
[12] If(Age="Middle”)AND(PSA="Normal”)AND(PV="Abnormal”)AND(%PSA="Abnormal”)THEN(PCR="Low”)
[13] If(Age="Middle”)AND(PSA="Abnormal”)AND(PV="Normal”)AND(%PSA="Normal”)THEN(PCR="High")
[14] If(Age="Middle”)AND(PSA="Abnormal”)AND(PV="Normal”)AND(%PSA="Abnormal”)THEN(PCR="Low”)
[15] If(Age="Middle”)AND(PSA="Abnormal”)AND(PV="Abnormal”)AND(%PSA="Normal”)THEN(PCR="Low”)
[16] If(Age="Middle”)AND(PSA="Abnormal”)AND(PV="Abnormal”)AND(%PSA="Abnormal”)THEN(PCR="Low)
[17] If(Age="0ld”)AND(PSA="Normal”)AND(PV="Normal”)AND(%PSA="Normal”)THEN(PCR="Low")

[18] If(Age="0ld")AND(PSA="Normal”)AND(PV="Normal”)AND(%PSA="Abnormal”)THEN(PCR="Low")

[19] [If(Age="0ld")AND(PSA="Normal”)AND(PV="Abormal”)AND(%PSA="Normal”)THEN(PCR="Low")

[20] If(Age="0Old”)AND(PSA="Normal”)AND(PV="Abnormal”)AND(%PSA="Abnormal”)THEN(PCR="Low")
[21] If(Age="0ld”)AND(PSA="Abnormal”’)AND(PV="Normal”’) AND(%PSA="Normal”)THEN(PCR="High”)

[22] If(Age="0ld")AND(PSA="Abnormal”’)AND(PV="Normal”)AND(%PSA="Abnormal”)THEN(PCR="Low")
[24] If(Age="0ld”)AND(PSA="Abnormal”)AND(PV="Abnormal”)AND(%PSA="Normal”)THEN(PCR="Low")
[25]  If(Age="0ld")AND(PSA="Abnormal”)AND(PV="Abnormal”)AND(%PSA="Abnormal”)THEN(PCR="Low”)

Rule based is used to calculate the value (a-predicate) and z-value for each rule using the MIN
function in the implication function application [17]. For example, with the input data age = 44, PSA = 7.6,
PV = 38, and %FPSA = 10.53. The a-predicate and z-values are determined as shown in Table 6.

Table 6. Values MIN, a-predicate, and z

N Age PSA PV %PSA al- z1 N Age PSA PV %PSA al- z1
0 24 - o0 24 -
(MIN 24 (MIN 24
) )

1 Young=0. Normal=1 Normal=0 Normal=1 0 0 13 Middle=0. Abnormal Normal=0 Normal=1 0 0
55 6 =0

2 Young=0. Normal=1 Normal=0 Abnormal 0 0 14 Middle=0. Abnormal Normal=0 Abnormal 0 0
55 =0 6 =0 =0

3 Young=0. Normal=1 Abnormal Normal=1 055 11 15 Middle=0. Abnormal Abnormal Normal=1 0 0
55 =1 6 =0 =1

4 Young=0. Normal=1 Abnormal Abnormal 0 0 16 Middle=0. Abnormal Abnormal Abnormal 0 0
55 =1 =0 6 =0 =1 =0

5 Young=0. Abnormal Normal=0 Normal=1 0 0 17 Old=0 Normal=1 Normal=0 Normal=1 0 0
55 =0

6 Young=0. Abnormal Normal=0 Abnormal 0 0 18 Old=0 Normal=1 Normal=0 Abnormal 0 0
55 =0 =0 =0

7 Young=0. Abnormal Abnormal Normal=1 0 0 19 Old=0 Normal=1 Abnormal Normal=1 0 0
55 =0 =1 =1

8 Young=0. Abnormal Abnormal Abnormal 0 0 20 Old=0 Normal=1 Abnormal Abnormal 0 0
55 =0 =1 =0 =1 =0

9 Middle=0. Normal=1 Normal=0 Normal=1 0 0 21 Old=0 Abnormal  Normal=0 Normal=1 0 0
6 =0

10 Middle=0. Normal=1 Normal=0 Abnormal 0 0 22 Old=0 Abnormal  Normal=0 Abnormal 0 0
6 =0 =0 =0

11 Middle=0. Normal=1 Abnormal Normal=1 0.6 48 23 Old=0 Abnormal  Abnormal  Normal=1 0 0
6 =1 =0 =1

12 Middle=0. Normal=1 Abnormal Abnormal 0 0 24 Old=0 Abnormal  Abnormal  Abnormal 0 0
6 =1 =0 =0 =1 =0

Fuzzy medical expert system for prediction of prostate cancer (Agus Wantoro)
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2.6. Defuzzification with FIS Mamdani

Defuzzification is the process of getting the right value of a fuzzy set. In FIS Mamdani, every
consequence of the IF-Then rule must be represented by a fuzzy set with a monotonous membership function
[17], [24]. Figure 9 shows defuzzification using FIS Mamdani.

Conclusion
Fuzzy sets

i fuzzy set M
Min ax
A B, : C,
A I " : LA '
H#l H té,/— H
/ \ { \ H / \
Ruel |/ |, /| \ » |/ i _—
/‘ \| £ / \‘ r.’r \ H, : .1 Combined ,  Defuzzification
/ T ; W { M| conclusion . (centroid)
= " = 7" i 7 > H FU?Z}' set
A B, i ¢ ” » » ‘
n /;‘-.\ u ;‘\\ P A 7 T
\ Ay /A ; I\ : L )
Rule 2 I - A \ : 7 z 7
/ [ ‘\\ * [\ ; Crisp
/ \ ) - E N ; value
/ \ / \ Ha, &\\\\\ L, :
s } : z :
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Rule 1. If “x"is “4," and *v"is *8, then *Z"is ‘C,"
Rule 2. If "x™is *A; and *v"is *B, then *Zis "y’

Figure 9. General FIS with Mamdani

The output of the inference results of each rule is given expressly (crisp) based on the predicate o
(fire strength). The final result is in the form of PCR (%) which is obtained using the weighted average
calculation in (1)

_ Juc(2).zaz
T [uc(z).dz (1)

2.7. Classification algorithm

The classification algorithm is a method in the KDD process that identifies and groups data based on
attributes during the data mining stage. The algorithms used include K-nearest neighbor (KNN), Naive
Bayes, logistic regression, neural networks, support vector machine (SVM), and decision trees. These
algorithms were tested using RapidMiner Studio with 119 training samples and 56 test samples. Figure 10
illustrates the classification algorithm test model. Training data is used as the basis for system maintenance in
learning classes. The classification algorithm is used (Apply model) to learn data from training data and will
be able to classify from testing data.

Data Trainimg

C ot
L
g - med [
' ea))
o
Apply Model Performance
@ md 1sh ) q = % per )
.'_] unl : |m:u:‘,u |"_ [ exa i)
v vl
Data Testing
C it
v

Figure 10. Classification algorithm test model in Rapid Miner Studio

Indonesian J Elec Eng & Comp Sci, Vol. 40, No. 3, December 2025: 1466-1477



Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 O 1473

3. RESULTS AND DISCUSSION
3.1. PCR prediction result

The test data included four input variables: Age, PSA, PV, and %FPSA, with the output variable
being PCR. Data from 56 patients were analyzed using the MATLAB fuzzy logic toolbox and compared with
biopsy results. A PCR value >50% indicates a “Positive” biopsy result, while values <50% are categorized as
“Negative” [5]. The comparison results between the F-MES and biopsy outcomes are presented in Table 7.
Based on Table 7, we model using machine learning to find patterns and correlations of each variable. We
used the Rapid Miner studio and the Decision Tree algorithm shown in Figure 11.

Table 7. Results of the comparison of F-MES accuracy comparison against biopsy results

No Age PSA PV %FPSA Biopsy F-MES No Age PSA PV %FPSA Biopsy F-MES
(year) Result (year) Result
(ng/ml) (ml) from (ng/ml) (ml) from
Doctor Doctor
1 44 7,6 38 10,53 Negative Negatif 29 62 51,74 29 6,8 Positive  Positive
2 51 6,76 15 4,14  Positive Negatif 30 63 8,8 31 225 Positive Positive
3 51 44 83 31,82 Positive Positive 31 64 57 36 29,82 Negative Negatif
4 53 45 39 18,89 Negative Negatif 32 64 6,96 45 9,2  Negative Negatif
5 53 583 25 6,86 Negative Negatif 33 64 11,08 26 10,11 Negative Negative
6 53 834 25 7,43 Negative Negatif 34 64 16,28 21 6,94  Positive Positive
7 54 562 28 14,95 Negative Negatif 35 65 439 30 21,64 Negative Negative
8 54 173 90 27,46 Negative Positive 36 65 515 47 15,73 Negative Negative
9 54 173 45 8,9 Positive  Positive 37 69 1531 74 30,57 Positive Positive
10 55 10,51 54 22,45 Negative Positive 38 69 61 46 9,93 Negative Positive
11 56 8,9 26 34,16 Negative Positive 39 73 725 19 552 Negative Negative
12 56 9,05 39 8,51  Positive Positive 40 73 474 87 1589 Positive Positive
13 56 16 146 8,44 Negative Positive 41 74 12,52 27 11,82 Negative Negative
14 57 1256 52 65,84 Negative Positive 42 74 150 54 16,67 Positive Positive
15 58 448 67,5 16,07 Negative Negatif 43 76 1361 61 19,91 Positive Positive
16 58 4,62 48 11,04 Negative Negatif 44 76 13,83 54 19,96 Positive Positive
17 58 52 58 23,46 Negative Negatif 45 76 21 86 543  Positive Positive
18 58 16,39 27 92,07 Negative Positive 46 77 10 60 6 Positive  Positive
19 59 0,28 168 42,86 Negative Negatif 47 77 12,05 28 27,05 Positive Positive
20 59 836 55 7,54  Positive Positive 48 77 56 51 7,34  Positive Positive
21 59 1948 79 25 Positive  Positive 49 78 45 180 20,44 Negative Negative
22 60 6,58 65 14,74 Negative Negative 50 65 8,33 32 14,53 Positive Positive
23 60 106 30 16,79 Positive Positive 51 66 438 33 2352 Negative Negative
24 61 1059 56 17 Positive  Positive 52 66 765 89 23,66 Negative Negative
25 61 183 62 6,99  Positive Positive 53 66 9 74 18,89 Positive Positive
26 62 6,12 52 24,18 Negative Negative 54 66 9,86 49 23,83 Negative Negative
27 62 8,79 45 10,92 Positive Positive 55 67 439 28 091 Negative Negative
28 62 20 53 5,2 Positive  Positive 56 80 6951 28 28,77 Positive Positive
PSA(ng/ml)
> 6.670
<6670
PV(ml)
Negative -8 <88 iegative
— %FPSA
»32.990 < 32990
Negative PSA(ng/ml)
<7.965 Negative
— >7.965 —
PV(ml)
>27.500 < 27,500
PV(mI) Negative
< 54500 ——
> 54 500 PV(ml)
Positive
I >45500  <45500
PSA(ngiml) Positive
I
=12170  <12170
Age (year) Negative
>71.500 <71.500
Positive Negative

Figure 11. PCR prediction patterns with decision trees

Fuzzy medical expert system for prediction of prostate cancer (Agus Wantoro)
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Figure 11 shows that if PSA < 6.67, the PCR prediction is “Negative.” For PSA < 6.67, the PV
value must be considered. If PV > 88, the PCR is “Negative”; if PV < 88, the %FPSA is evaluated. If
%FPSA > 32.99, the PCR is “Negative,” but if %FPSA < 32.99, the PSA is considered. If PSA > 7.9 and PV
> 27.5, the PCR is “Positive.” Among 56 patients, 26 had “Positive” biopsies and the rest “Negative”. The
accuracy of the predicted results is calculated using the following equation,

Jumlah prediksi benar 1 o, _ % = 85,7% 2)

Total data 5

Accuracy =

Table 8 highlights the differences between our research and previous studies. While we use the same four
input variables-age, PSA, PV, and FPSA-our research employs simpler domains for easier development of
the F-MES. Additionally, the accuracy of our PCR risk prediction surpasses that of prior research.
Figure 12 illustrates some of these differences.

Table 8. Differences in our research from other studies

No Authors and years Variable number  Domain number  Rulebase number Method Accuracy (%)
1  Paquinetal., 2015 [6] 4 17 80 Fuzzy Mamdani 75
2 Mahanta and Panda, 2020 [5] 4 16 240 Fuzzy Mamdani 76
3 This research, 2024 4 9 24 Fuzzy Mamdani 85,7

300

250

Value

240
200
150
100 77 75 76 857
0 I - — - —
[6] [5] This research

EDomain ®Rule based ® Accuracy

Figure 12. Graph comparing domain, rulebased, and accuracy with other research

To see the surface of the relationship between the two input and output variables, you can use the
surface viewer MATLAB as shown in Figure 13. Surface viewer is a fuzzy logic designer application
interface that supports the fuzzy Mamdani inference system [25]. The Surface viewer for the age and PSA
input variables is shown in Figure 13(a) and the Surface viewer for the PV and FPSA input variables is
shown in Figure 13(b).

100

FreePSA 0

Figure 13. The surface viewer uses two variables as input and PCR as output, (a) surface age and PSA with
input age=44, and PSA=7 and (b) uses the PV variable against the FPSA variable as input with the value of
PV=38, and FPSAA=10%

Indonesian J Elec Eng & Comp Sci, Vol. 40, No. 3, December 2025: 1466-1477
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We compared the F-MES with various classification algorithms, including KNN, naive Bayes,
logistic regression, neural networks, SVM, and decision trees, to evaluate its reliability. The classification
was performed using RapidMiner Studio. As shown in Figure 14, the F-MES achieved an accuracy of 85.7%,
outperforming all other algorithms. The naive Bayes algorithm had the lowest accuracy at 60.07%, followed
by logistic regression at 67.86%, neural networks and SVM at 71.43%, decision trees at 73.21%, and KNN
with the highest accuracy of 80.36%.

100

90 87,5
80,36
80

71,43 71,43 2L

67,86
70

60,07

Value
o
3

0
Naive Bayes Logistic Rigression Neural Network SVM Decision Tree k-NN This Research

Figure 14. Comparison graph of F-MES accuracy with classification algorithm

3.2. Discussion

Based on the results presented, our research has limitations, primarily due to the use of limited data.
To improve, we recommend adding variables such as race, family history, lifestyle, and eating habits.
Additionally, the output should expand beyond diagnosis to include treatment recommendations. Combining
the FES with other Al techniques and incorporating expert opinions may lead to more optimal results.

4. CONCLUSION

The study presents a fuzzy rule-based medical expert system (F-MES) designed to predict PCR
using variables such as age, PSA, PV, and %FPSA. A decision tree analysis found that PSA had the highest
influence on PCR. The system predicts PCR outcomes based on specific PSA, PV, and %FPSA values. In a
test of 56 patients, the F-MES achieved an accuracy of 85.7%, outperforming previous studies and other
classification algorithms like KNN and naive Bayes. While the system is intended to assist doctors in biopsy
decisions, its limitations include a small dataset, and further improvements could be made by integrating
additional variables and Al techniques.
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