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Abstract

Autoimmune diseases, particularly lupus, pose a major challenge in healthcare because their symptoms are highly
variable and often mimic other medical conditions. Delayed diagnosis can worsen patient outcomes, increase the risk
of severe complications, and even lead to death, especially in healthcare facilities with limited autoimmune
subspecialists, such as Prof. Dr. Margono Soekarjo Regional Hospital. This study aims to develop a web-based expert
system to support early screening for lupus by combining the Fuzzy Tsukamoto method and the Dempster-Shafer
theory. The Fuzzy Tsukamoto method is used to represent symptom uncertainty through fuzzification, while the
Dempster-Shafer theory is used to combine evidence from individual symptoms to produce confidence levels for
possible diagnoses. The research process included a literature review, expert interviews, construction of a symptom—
disease knowledge base, design of fuzzy rules, implementation of mass function calculations, and development of a
web-based diagnostic application. Testing was conducted using ten patient test cases with confirmed expert
diagnoses. The test results showed an accuracy of 100%, with all system diagnoses matching the experts’ diagnoses.
The strength of this research lies in the integration of two inference methods to improve the accuracy of evidence
calculation, and in the use of symptom uniqueness and occurrence parameters that were validated directly by experts.
This system has the potential to serve as an effective early screening tool for healthcare providers and patients,
particularly in resource-limited settings. From an informatics perspective, this study contributes to the development
of intelligent decision support systems by demonstrating the effectiveness of a hybrid reasoning approach in handling
uncertainty in medical diagnosis. The integration of Fuzzy Tsukamoto and Dempster—Shafer methods enhances
diagnostic consistency and reliability, making the proposed system relevant for research in expert systems and
medical informatics.
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1. INTRODUCTION

Health is a fundamental pillar of national development because it directly affects quality of life,
productivity, and economic growth. The World Health Organization (WHO) defines health as a state of
complete physical, mental, and social well-being. In Indonesia, although access to health services
continues to improve, the distribution of services and the management of non-communicable diseases
remain major challenges [1]. One of the increasingly concerning health issues is autoimmune diseases,
including lupus.

Autoimmune diseases occur when the immune system mistakenly attacks the body’s own cells,
resulting in a wide range of clinical manifestations that are often non-specific [2]. This condition
significantly affects quality of life and can lead to serious complications. Data from the Indonesian
Ministry of Health (2021) reported more than 2.5 million individuals with autoimmune disorders and
over 35,000 related deaths in the same year. These numbers indicate that delays in identification and
treatment may lead to fatal outcomes. For lupus, national estimates indicate a prevalence of
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approximately 0.5%, or more than 1.3 million individuals, based on studies referenced by the SALURI
early detection program of the Ministry of Health [3].

There are three common types of lupus in Indonesia, namely Systemic Lupus Erythematosus
(SLE), Cutaneous Lupus Erythematosus (CLE), and Drug-Induced Lupus (DIL) [4] [5]. The pediatric
SLE registry from 2012 to 2015 reported 210 cases across 12 provinces with a female to male ratio of 9
to 1 and the highest diagnosis occurring at the age of 13 years [6]. Hospital-based studies show that CLE
mainly affects women of productive age, with a hospital prevalence of 0.38 percent [7]. For DIL,
although national incidence data are still limited, the possibility of drug-induced lupus occurring in long-
term medication users highlights the importance of strengthening pharmacovigilance systems [7].

Lupus diagnosis is often challenging because many of its symptoms overlap with other medical
conditions such as infections or hormonal disorders [8]. At Prof. Dr. Margono Soekarjo Regional
Hospital, the limited availability of autoimmune subspecialists results in early screening that relies
mainly on the rheumatology clinic. This situation may cause delays in referral to specialists or delays in
receiving appropriate therapy, and both conditions can worsen the patient’s health status and may even
lead to death[9].

An expert system is a suitable approach for supporting early screening because it is capable of
simulating the decision-making process of medical experts through a structured knowledge base. Fuzzy
Logic can manage uncertainty and symptoms that tend to be vague, while the Dempster-Shafer theory
is effective for combining evidence from multiple symptoms to estimate diagnostic confidence levels
[9]. Empirical findings support the use of this combination. Previous research using the Dempster-Shafer
method in autoimmune expert systems reported a lupus diagnosis accuracy of up to 94.40 percent [10],
and the application of the Fuzzy Tsukamoto method in other medical diagnosis systems produced an
accuracy of 90 percent [11]. Several other studies also show that combining Fuzzy Logic and the
Dempster-Shafer method increases decision consistency in expert systems [9].

However, most existing expert system studies for autoimmune disease diagnosis focus on the use
of a single inference method or rely on subjective certainty values, without explicitly considering
symptom severity and uniqueness validated by medical experts. In addition, the implementation of
hybrid reasoning methods in web-based expert systems for autoimmune diagnosis remains limited,
particularly in real hospital environments. Therefore, this study proposes a web-based expert system
that integrates Fuzzy Logic and the Dempster—Shafer method using expert-validated symptom severity
and confidence weights to support early autoimmune disease screening. From an informatics
perspective, this research contributes to the development of intelligent decision support systems by
applying a hybrid reasoning approach to handle uncertainty in medical diagnosis based on real expert
knowledge.

Based on these problems, this study develops a web-based expert system for diagnosing
autoimmune diseases by integrating the Dempster-Shafer method and Fuzzy Logic. The system utilizes
symptom data and severity weights obtained from consultations with medical experts at Prof. Dr.
Margono Soekarjo Regional Hospital. This expert system is designed to generate confidence levels
regarding the possible type of lupus experienced by the patient. It is expected to serve as an early
screening tool for medical personnel and to reduce the risk of delayed diagnosis that may result in severe
clinical consequences.

2. METHOD

This research employed a descriptive and experimental approach to develop and evaluate a web-
based expert system for autoimmune disease diagnosis. The research method consists of data collection,
data processing using the Fuzzy Tsukamoto method and Dempster—Shafer theory, system design, and
system evaluation. This study was conducted at Prof. Dr. Margono Soekarjo Regional Hospital in
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Purwokerto, a referral hospital handling a significant number of autoimmune cases. The system is
designed to assist early diagnosis of autoimmune diseases, particularly lupus, based on clinical
symptoms reported by patients. In general, the stages of the research are outlined as follows.
1. Data Collection

Data collection in this study was conducted to obtain medical knowledge and system requirements
required for expert system development.
1)  Literature Study

The literature study was carried out by reviewing books, journals, and clinical guidelines related
to autoimmune diseases, particularly lupus, as well as studies on the implementation of expert systems
in the medical field. The literature served as a foundation for determining the focus of the disease,
identifying relevant symptoms, and understanding the concept and application of the Fuzzy Tsukamoto
method and the Dempster-Shafer theory that would be implemented in the system.
2) Interview

Interviews were conducted with an internal medicine specialist who handles autoimmune cases
at Prof. Dr. Margono Soekarjo Regional Hospital. Through these interviews, the researcher obtained
confirmation regarding the types of diseases used as the diagnostic focus, the symptoms considered
important for screening, and an overview of how experts evaluate combinations of symptoms in patients.
This information was then translated into the system’s knowledge base and is explained in more detail
in the results and discussion section.
2. Data Processing

The collected data were processed by constructing a knowledge base consisting of symptom data,
disease categories, fuzzy membership functions, and Dempster—Shafer mass functions. The Fuzzy
Tsukamoto method was applied to represent symptom severity, while the Dempster—Shafer theory was
used to combine evidence from multiple symptoms and calculate diagnostic confidence values.
3. System Design

The system design in this research is illustrated using a diagnostic process flowchart. The
diagnostic workflow begins when a user selects the start button. The system then directs the user to log
in or register before entering the diagnosis page. The complete diagnostic workflow is illustrated in
Figure 1.
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Figure 1. System F lowchart
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Once the user successfully logs in, they proceed to the diagnosis page where they select the
symptoms they experience. The user then submits the symptom data to the system. After the symptoms
are submitted, the system performs a fuzzification process for each selected symptom. The input values
provided by the user are converted into fuzzy membership values using a trapezoidal membership
function as represented by the equation pA(x) in the flowchart. The fuzzification process continues until
the system identifies that all selected symptoms have been processed. The resulting fuzzy values are
then converted into mass values (m), which represent the level of support a symptom provides for each
disease hypothesis [12][13].

The mass values derived from each symptom are then combined using the Dempster-Shafer
combination rule. In this stage, the system incrementally combines evidence according to the m, , (A)
combination equation and the conflict value K shown in the flowchart. This combination process is
repeated until all symptoms selected by the user have been processed. After all mass values are
combined, the system calculates the final confidence value for each disease and selects the highest value
as the diagnosis result. The diagnosis result is then displayed on the diagnosis result page. Users may
choose to perform another diagnosis by returning to the symptom selection page or may end the session
if no further consultation is needed [14][15].

To evaluate system performance, accuracy testing was conducted using several patient test cases
that already had expert diagnoses. Each test case was entered into the system, and the system’s diagnosis
was compared with the expert’s diagnosis [16]. Accuracy was calculated using the following formula
[17].

Number of correct diagnoses

Accuracy = X 100% (1

Total number of test cases

This metric indicates the percentage of agreement between the expert system’s diagnoses and the
experts’ diagnoses used as the reference [18].

2.1. System Design

System design was carried out to describe how users and experts interact with the system, how
the diagnostic workflow is executed, and how data are stored and interconnected within the database.
The design is represented using a use case diagram, activity diagram, and class diagram, which serve as
the blueprint for system implementation [19].

3.1.1. Use Case Diagram

A use case diagram is a modeling tool used to represent the functions provided by a system from
the user’s perspective, as well as the interactions between actors and the services they can access. This
diagram helps summarize all actions that users can perform within the system [20].
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Figure 2. System Use Case Diagram
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Figure 2 shows the use case diagram of the expert system for autoimmune diagnosis. There are
two main actors, the user (patient) and the expert (doctor). Patients can perform autoimmune diagnostic
tests, view diagnosis reports, and access their test history. Meanwhile, experts manage symptom data,
disease data, fuzzy parameters, symptom-disease relationships, and monitor patient diagnosis history.
All functions are connected to the login process to ensure that only authenticated users can access the
system.

3.1.2. Activity Diagram

An activity diagram models the workflow or sequence of activities within a process in the system,
including decisions and transitions between steps. This diagram describes what happens from the
beginning to the end of the diagnostic process [20].
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Figure 3. System Activity Diagram

Figure 3 presents the activity diagram of the autoimmune diagnosis system. The process begins
when a patient selects the autoimmune test menu. The system displays the initial page and checks the
login status before directing the patient to the diagnosis test page. After the patient submits their
symptoms, the system retrieves symptom-disease relationships from the database, calculates fuzzy
density, combines evidence using the Dempster-Shafer method, determines the disease with the highest
belief value, saves the results to the database, and displays the diagnosis output to the patient.

3.1.3. Class Diagram

A class diagram represents the static structure of the system, including the data classes used along
with their attributes, operations, and relationships. This diagram serves as the foundation for database
and program logic design [20].
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Figure 4. System Class Diagram

Figure 4 presents the class diagram of the autoimmune diagnosis expert system. The diagram
includes key classes such as role, account, symptom, disease, symptom-disease relationship, fuzzy
parameters, diagnosis, and diagnosis details. These classes store user information, the knowledge base,
fuzzy parameters, and diagnosis history to ensure that calculations and data storage are performed in a
structured manner.

3. RESULT

This section presents the results of the expert system implementation, including the formation of
the knowledge base, fuzzy inference results, and Dempster—Shafer belief calculation based on a sample
patient case. The results demonstrate how the proposed system processes symptom inputs to produce
diagnostic confidence values.

3.1. Rule Formation and Knowledge Base

This section explains the development of the knowledge base that forms the core of the expert
system. It includes the preparation of symptom data and disease data, the formulation of relationships
between them, and the determination of fuzzy parameters and rule bases used in the inference process.

3.1.1. Symptom Data

Based on the literature review and interviews with the internal medicine specialist at Prof. Dr.
Margono Soekarjo Regional Hospital, a set of symptoms commonly found in patients suspected of
having autoimmune lupus was identified. These symptoms were selected and formalized into symptom
codes so that they could be processed by the system. Each symptom is equipped with a symptom name
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and a question that will be displayed to the user during diagnosis to ensure consistent interpretation
between expert and system. The symptom data used in this expert system are shown in Table 1.

Table 1. Symptom Data

Symptom Code Symptom Name
GO1 Persistent severe fatigue (> 2 weeks)
G02 Symmetric small joint pain and swelling, morning stiffness > 30 minutes
GO03 Malar rash or photosensitivity (worsens with sunlight)
G04 Recurrent oral or nasal ulcers (often painless)
GO05 Generalized non-scarring hair loss
GO06 Fever > 38°C for > 2 days without clear signs of infection
GO7 Raynaud phenomenon (white to blue to red discoloration during cold or
stress)
GO08 Pleuritic or pericardial chest pain (serositis)
G09 Leg swelling or foamy urine
G10 Neurological complaints (severe headache, seizures, confusion)
Gl11 Persistent muscle pain (myalgia)
GI12 Unintentional weight loss > 5% within approximately 1 month
G13 Scaly or thick discoid plaques, may leave scars
Gl4 Persistent itching on rash or plaque areas
Gl15 Scarring alopecia on the scalp
G16 History of triggering medications (hydralazine, procainamide, isoniazid,
and others)
G17 Symptoms appear after starting medication (weeks to months)
G18 Symptoms improve after medication is discontinued

Table 1 summarizes the symptom data used as input parameters in the expert system. These
symptoms represent the most common clinical manifestations of lupus variants identified through expert
consultation and literature review. This table serves as the primary reference for symptom input within
the system interface as well as during manual calculations presented in this study [21][22][23].

3.1.2. Disease Data

The diseases included in the diagnostic focus of this research are three variants of lupus: Systemic
Lupus Erythematosus (SLE), Cutaneous Lupus Erythematosus (CLE), and Drug-Induced Lupus (DIL).
Table 2 displays the disease data used in the system.

Table 2. Disease Data

Disease Code Disease Name
P01 Systemic Lupus Erythematosus (SLE)
P02 Cutaneous Lupus Erythematosus (CLE)
P03 Drug-Induced Lupus (DIL)

Table 2 shows the disease categories included in the diagnostic scope of this study, which are
limited to three major lupus variants to ensure focused and accurate inference.

3.1.3. Rule Data

The following data serve as the basis for constructing fuzzy rules and calculating the mass
function in the Dempster-Shafer method. It reflects expert knowledge regarding the relationships
between symptoms and diseases.
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Table 3. Symptom Knowledge Base Data

Symptom Code P01 P02 P03
GO1 Low Low Low
G02 High Low Moderate
GO03 High High Moderate
G04 High Moderate
GO05 Moderate Moderate
G06 Low Moderate
GO07 Moderate
GO08 Moderate Moderate
G09 High Low
G10 Moderate Low
Gl1 Moderate Moderate
G12 Low
G13 Moderate High
Gl14 Moderate
G15 High
G16 High
G17 High
G18 High

Table 3 represents the knowledge base that encodes expert knowledge regarding the relationship
strength between symptoms and each lupus type, which becomes the foundation for fuzzy and
Dempster—Shafer inference.

3.1.4. Parameter Fuzzy

To model how frequently symptoms are experienced by patients, fuzzy parameters for symptom
occurrence were used. On the system interface, users provide linguistic category inputs, which are then
converted to numerical values in the range of 0 to 1 using membership functions.

Table 4. Fuzzy Parameters for Symptom Occurrence

Label Value
Very Rare 0.2
Occasionally 0.5
Frequent 0.8

In addition to symptom occurrence, the system also considers the uniqueness of a symptom for
each disease. Symptom uniqueness describes how characteristic a symptom is for SLE, CLE, or DIL.
These values were obtained directly from expert assessment.

Table 5. Fuzzy Parameters for Symptom Uniqueness

Label Value

Low 0.3
Moderate 0.5

High 0.8

3.1.5. Fuzzy Rule Base

Based on symptom occurrence and uniqueness, a set of fuzzy rules was constructed for the
Tsukamoto method. The rules follow the general structure. If symptom occurrence is within a certain
category and uniqueness is within a certain category, then the symptom density output follows a
corresponding fuzzy category.
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Table 6. Fuzzy Rule Base

Minimum Maximum Minimum Maximum
. . Output

Occurrence Occurrence Uniqueness Uniqueness
0.7 1 0.7 1 0.9
0.7 1 04 0.6 0.8
0.7 1 0 0.3 0.6
04 0.6 0.7 1 0.7
04 0.6 04 0.6 0.5
04 0.6 0 0.3 0.3
0 03 0.7 1 0.4
0 03 04 0.6 0.2
0 0.3 0 0.3 0.1

The fuzzy rule base shown in Table 6 enables the system to translate symptom occurrence and
uniqueness into quantitative density values, which serve as intermediate evidence before belief
combination using the Dempster—Shafer method.

3.2. Calculation Process

This section demonstrates the expert system’s calculation process for a sample patient case. The
user first selects the experienced symptoms and indicates their occurrence level. The system then
matches each symptom with its uniqueness value for each disease. Table 7 summarizes the patient's
inputs and their corresponding uniqueness values.

Table 7. Patient Symptom Input
Code Occurrence Uniqueness SLE  Uniqueness CLE ~ Uniqueness DIL  Mean Uniqueness

G13 0.8 0.5 0.8 - 0.65
Gl14 0.5 - 0.5 - 0.5
GI15 0.8 - 0.8 - 0.8

The next stage is the activation of the Tsukamoto fuzzy rules. The membership degrees for
symptom occurrence Hoce and uniqueness pypiq are determined based on their respective linguistic
labels.

To calculate g, the following formula is used with the range [a, b] (where a is the minimum
occurrence value and b is the maximum occurrence value), and a transition width of 0.3 for each value
of x (x = occurrence) [24].

1,

. a-x a<x<b
Hoce(x [ab]) = { Max{01=53

max{O;l - %}, x>Db
Meanwhile, to calculate p,piq, the following formula is used with the range [a, b] (where a is the
minimum uniqueness value and b is the maximum uniqueness value), and a transition width of 0.3 for

each value of y (y = average uniqueness) [24].

1,
4 a-y a<y<b
max {0; 1 W}, y<a @)

max{O;l— %}, y>b

Therefore, to calculate Py and pypiq for symptom G13, the computation is performed using the

Uuniq(y' [a,b]) =

fuzzy rule base with an occurrence value of x = 0.8 and an average uniqueness value of y = 0.65. The
resulting values are shown as follows.

1681


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5585

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 1673-1689
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5585

Table 8. Result of pt,cc and pyp;q for Symptom G13

Minimum Maximum Minimum Maximum Output Hocc  Muniq
Occurrence Occurrence Uniqueness Uniqueness Gl13 Gl13
0.7 1 0.7 1 0.9 1.00  0.83
0.7 1 0.4 0.6 0.8 1.00  0.83
0.7 1 0 0.3 0.6 1.00  0.00
0.4 0.6 0.7 1 0.7 0.33 0.83
0.4 0.6 0.4 0.6 0.5 0.33 0.83
0.4 0.6 0 0.3 0.3 0.33 0.00

0 0.3 0.7 1 0.4 0.00 0.83

0 0.3 0.4 0.6 0.2 0.00 0.83

0 0.3 0 0.3 0.1 0.00  0.00

Next, to calculate pocc and pypiq for symptom G14, the computation is performed using the fuzzy

rule base with an occurrence value of x = 0.5 and an average uniqueness value of y = 0.5. The resulting
values are shown as follows.

Table 9. Result of ptycc and pyp;q for Symptom G14

Minimum Maximum Minimum Maximum Output Mocc Huniq
Occurrence Occurrence Uniqueness Uniqueness G14 Gl14
0.7 1 0.7 1 0.9 0.33 0.33
0.7 1 0.4 0.6 0.8 0.33 1.00
0.7 1 0 0.3 0.6 0.33 0.33
0.4 0.6 0.7 1 0.7 1.00 0.33
0.4 0.6 0.4 0.6 0.5 1.00 1.00
0.4 0.6 0 0.3 0.3 1.00 0.33

0 0.3 0.7 1 0.4 0.33 0.33

0 0.3 0.4 0.6 0.2 0.33 1.00

0 0.3 0 0.3 0.1 0.33 0.33

Finally, for the last symptom, G15, the calculation of pocc and pypiq is performed using the fuzzy

rule base with an occurrence value of x = 0.8 and an average uniqueness value of y = 0.8. The resulting
values are shown as follows.

Table 10. Result of t,c and gy p;q for Symptom G135

Minimum Maximum Minimum Maximum Output Hocc Huniq
Occurrence Occurrence Uniqueness Uniqueness GI15 G15
0.7 1 0.7 1 0.9 1.00 1.00
0.7 1 0.4 0.6 0.8 1.00 0.33
0.7 1 0 0.3 0.6 1.00 0.00
0.4 0.6 0.7 1 0.7 0.33 1.00
0.4 0.6 0.4 0.6 0.5 0.33 0.33
0.4 0.6 0 0.3 0.3 0.33 0.00

0 0.3 0.7 1 0.4 0.00 1.00

0 0.3 0.4 0.6 0.2 0.00 0.33

0 0.3 0 0.3 0.1 0.00 0.00

For each active rule, the activation weight is calculated using the minimum operator, defined as
[25].

weight = min (Kocc, Huniq ) 4)
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Since the Tsukamoto consequents are monotonic, each rule produces an output value. The
contribution of each rule to the final output is calculated as follows [25].

contribution = weight X output %)

Based on the pocc and pypiq values obtained, the weights and contributions for each symptom

are determined as follows.

Table 11. Weight and Contribution Results for G13

Output Hoce G13 Hunig G13 Weight G13 Contribution G13
0.9 1.00 0.83 0.83 0.75
0.8 1.00 0.83 0.83 0.67
0.6 1.00 0.00 0.00 0.00
0.7 0.33 0.83 0.33 0.23
0.5 0.33 0.83 0.33 0.17
0.3 0.33 0.00 0.00 0.00
0.4 0.00 0.83 0.00 0.00
0.2 0.00 0.83 0.00 0.00
0.1 0.00 0.00 0.00 0.00

Table 12. Weight and Contribution Results for G14

Output Hoce G14 Huniq G14 Weight G14 Contribution G14
0.9 0.33 0.33 0.33 0.30
0.8 0.33 1.00 0.33 0.27
0.6 0.33 0.33 0.33 0.20
0.7 1.00 0.33 0.33 0.23
0.5 1.00 1.00 1.00 0.50
0.3 1.00 0.33 0.33 0.10
0.4 0.33 0.33 0.33 0.13
0.2 0.33 1.00 0.33 0.07
0.1 0.33 0.33 0.33 0.03

Table 13. Weight and Contribution Results for G15

Output Hoce G15 Hunig G15 Weight G15 Contribution G15
0.9 1.00 1.00 1.00 0.90
0.8 1.00 0.33 0.33 0.27
0.6 1.00 0.00 0.00 0.00
0.7 0.33 1.00 0.33 0.23
0.5 0.33 0.33 0.33 0.17
0.3 0.33 0.00 0.00 0.00
0.4 0.00 1.00 0.00 0.00
0.2 0.00 0.33 0.00 0.00
0.1 0.00 0.00 0.00 0.00

After all values are calculated, the final value for each symptom (density) is determined using the
weighted average, which is computed as follows [26].

Y. contribution

density = S weight

(6)

1683


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5585

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 1673-1689
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5585

Table 14. Fuzzy Density Results

Symptom Code Fuzzy Density
G13 0.779
Gl4 0.500
G15 0.783

As shown in Table 14, symptoms G13, G14, and G15 yield relatively high fuzzy density values,
indicating strong support for cutaneous-related lupus manifestations. These density values are
subsequently used as evidence strengths in the Dempster—Shafer belief calculation. After the fuzzy stage
produces a density value for each symptom, the system then treats these values as evidence strengths
that must be mapped into the hypothesis framework through the mass function m. For symptoms that
are associated with more than one disease, such as G13 which is relevant to both SLE and CLE, the
density is distributed proportionally based on the uniqueness value of each disease. The remaining
portion, represented by 1 — d is assigned to 0 to represent uncertainty. Mathematically, for a symptom
g with density dg and uniqueness value ug; for disease B, the following formulation is used [9].

mg({P)) = dg X =2~ ()

mg(0) = 1 —d, (8)

The calculation process for mapping the density values to the mass function is as follows.
1. Mass for Symptom G13
With a density value of 0.779, symptom G13 is associated with the diseases SLE and CLE.

a. Calculate the total uniqueness:
Total uniqueness of G13 = ug13 (sLE) + UG13 (CLE)
= 0.50 4+ 0.80
= 1.30

b. Calculate the mass of G13 toward SLE:

mg,3({SLE}) =d X %

= 0.779 x 22

1.30
= 0.299
c. Calculate the mass of G13 toward CLE:

mg,3({CLE}) =d Xx %

= 0.779 x &

1.30
= 0.479
d. Calculate the mass of G13 toward 0 (uncertainty):
mg3(0) =1—d
=1- 0.779
=0.221

2. Mass for Symptom G14
With a density value of 0.500, symptom G14 is associated with the diseases CLE.

a. Calculate the total uniqueness:
Total uniqueness of G14 = ugy4 (cLE)
= 0.50
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b. Calculate the mass of G14 toward CLE

mgq4({CLE}) =d X %

=0.500 x 22

0.50
= 0.500
C. Calculate the mass of G14 toward 0 (uncertainty)
mg5(0) =1-d
=1- 0.500
= 0.500
3. Mass for Symptom G15
With a density value of 0.783, symptom G135 is associated with the diseases CLE.

a. Calculate the total uniqueness:
Total uniqueness of G15 = ugys (cLE)
= 0.80

b. Calculate the mass of G15 toward CLE:

mg,s({CLE}) =d X —UG;ZEZTE)

=0.783 x &

0.80
=0.783
c. Calculate the mass of G15 toward 6 (uncertainty)
mg5(0) =1-d
=1- 0.783
=0.217
Thus, the initial mass values for each symptom are obtained as follows.

Table 15. Initial Mass Results per Symptom

Symptom Code m ({SLE}) m ({CLE}) m (0)
G13 0.299 0.479 0.221
Gl14 - 0.500 0.500
Gl15 - 0.783 0.216

Table 15 presents the initial mass assignments derived from fuzzy density values. A portion of
mass is assigned to 0 to represent uncertainty due to overlapping symptom characteristics, which is a
common condition in autoimmune disease diagnosis. The values above serve as the input for the
Dempster-Shafer combination process. The core of combining two mass functions, m; and m,, is to
calculate the conflict and then normalize the intersecting parts using the following formula [9].

K= Yxny=pm;(X)m;(Y) ©
my, (A) — Xxny=A T:I((X)mz(Y) (10)

1. Combination Step 1
Calculating m; = G13 combined with m, = G14 produces m,. Conflict arises only from the
pairing between SLE and CLE.
K = mg3({SLE}) X mg4({CLE})
= 0.299X0.500
= 0.150
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The normalization factor is (1 - K) = 0.850
Next, the combined mass is calculated from the intersecting sets.
a. For SLE (PO1) the mass comes only from {PO1} N 6

0.299 X0.500
m;,({P01}) = szo

= 0.176

b. For CLE (P02) the mass comes from {P02} N 6, 8 N {P02}, and {P02} N {P02}
(0.479 x0.500)+(0.221x0.500)+(0.479 X0.500)

m;,({P02}) = 0.850
= 0.694
C. For 6
0.221 X0.500
m;,(0) = ~oss0
= 0.130

Thus, the combined mass m, is obtained as shown in the following iteration table.

Table 16. Combined Mass Results m;,

Disease Code my; = G13 m, = G14 my,
P01 0.299 0 0.176

P02 0.479 0.500 0.694

6 0.221 0.500 0.130
Conflict 0.150

Normalization (1 — K) 0.850

2. Combination Step 2
Calculating mz = m;, combined with m, = G15 produces m3,. Conflict arises from the pairing
between {P01} in m4, and {P02} in G15.
K'=my,({P01}) X mgy5({P02})
=0.176X0.783
=0.138
The normalization factor is (1 - K) = 0.862
Next, the combined mass is calculated from the intersecting sets.

a. For P01
0.176 X0.217
mg, ({PO1}) = ===
= 0.044
b. For P02
(0.694 x0.217)+(0.130x0.783)+(0.694 X0.783)
M, ({P02}) = =225 e .
= 0.923
C. For 6
0.130 X0.217
m;,(0) = —0;62
= 0.033

This second combination step integrates the previous belief result (mi2) with additional evidence
from symptom G15. The inclusion of G15 significantly strengthens the belief toward CLE, as this
symptom provides strong and more specific support for cutaneous lupus manifestations. Thus, the
combined mass mgz, is obtained as shown in the following iteration table.
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Table 17. Combined Mass Results ms,

Disease Code m; = my, m, = G15 M3y
PO1 0.176 0 0.044

P02 0.694 0.783 0.923

0 0.130 0.217 0.033
Conflict 0.138

Normalization (1 — K) 0.862

The final belief combination results in a dominant belief value for Cutaneous Lupus
Erythematosus (CLE), indicating that the accumulated evidence consistently supports this diagnosis
despite the presence of minor conflict values. Based on the final mass combination, the highest belief
value is obtained for P02, which corresponds to Cutaneous Lupus Erythematosus (CLE), with a value
of 0.923 or 92.3%. The final conflict value recorded is K = 0.138, which reflects the level of
disagreement between pieces of evidence during the combination process and has been normalized at
each stage of aggregation. The system’s decision is determined by selecting the disease with the highest
belief value in the final output. The presence of mass assigned to 0 indicates residual uncertainty due to
limited symptom information or overlapping characteristics between diseases. However, its proportion
is relatively small and does not affect the main decision. The moderate conflict value shows that some
evidence is contradictory, but the Dempster-Shafer process successfully consolidates this conflict so
that consistent evidence remains dominant. The final diagnosis result generated by the system is
visualized through the diagnosis result interface, which presents the disease with the highest belief value
along with its corresponding confidence level based on the Dempster—Shafer calculation.

v | 2 nonvegossicion x IR - o x
€ C QO 127001800/ mwayst-Gagnosis/a mmarize B 2 @t (Swn@) - yom

™ Informasi Diagnosis
Tanggal Diagnosis:

User: User B

@ Hasil Diagnosis Autoimun

Figure 5. Screenshot of the Autoimmune Diagnosis Result Page

As shown in Figure 5, the system displays Cutaneous Lupus Erythematosus (CLE) as the
diagnosis result with the highest belief value, consistent with the final mass combination obtained in the
calculation stage. This output confirms that the system is able to translate the inference results into a
clear and interpretable diagnosis for the user.

4. DISCUSSIONS

The diagnosis result indicating Cutaneous Lupus Erythematosus (CLE) demonstrates that the
proposed expert system is able to capture clinically relevant symptom patterns in accordance with
established medical knowledge. The final output aligns with the classification of Cutaneous Lupus
Erythematosus described by Warastridewi et al., who characterize CLE as a chronic cutaneous

1687


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5585

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 1673-1689
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5585

manifestation of lupus marked by erythematous or discoid scaly plaques that may result in scarring,
often accompanied by pruritus and scarring alopecia when the scalp is involved [22].

In this case, the symptom combination selected by the patient G13 (discoid scaly or thick plaques
that may leave scars), G14 (persistent itching on rash or plaque areas), and G15 (scarring alopecia on
the scalp) corresponds closely with these clinical characteristics. This consistency indicates that the
system’s inference mechanism, which integrates fuzzy-based symptom severity and Dempster—Shafer
evidence combination, is capable of reflecting expert clinical reasoning rather than relying solely on
rigid rule matching.

Furthermore, the results suggest that incorporating symptom occurrence and uniqueness as
expert-validated parameters improves the system’s ability to distinguish between different lupus variants
with overlapping manifestations. By translating these expert assessments into quantitative belief values,
the system provides a more interpretable and structured decision support output for early screening
purposes in a clinical setting.

5. CONCLUSION

This study developed a web-based expert system for diagnosing autoimmune lupus at Prof. Dr.
Margono Soekarjo Regional Hospital, focusing on three disease types, namely Systemic Lupus
Erythematosus (SLE), Cutaneous Lupus Erythematosus (CLE), and Drug-Induced Lupus (DIL), based
on eighteen clinical symptoms. The diagnostic process integrates the Fuzzy Tsukamoto method to
handle symptom severity and uncertainty, along with the Dempster-Shafer theory to combine multiple
pieces of evidence in a structured belief framework. Evaluation using 10 test cases showed that the
system’s diagnostic results were fully consistent with expert diagnoses, achieving an accuracy rate of
100%. These results indicate that the proposed approach is effective in modeling expert reasoning and
managing uncertainty in medical decision-making, particularly in conditions such as lupus that exhibit
overlapping and ambiguous symptom patterns. From the perspective of informatics and computer
science, this research contributes to the development of intelligent decision-support systems in the
healthcare domain by demonstrating how fuzzy logic and evidence-based reasoning can be combined to
enhance diagnostic consistency and interpretability. The proposed system can function as an early
screening and decision-support tool to assist medical professionals and patients, especially in
environments with limited access to autoimmune disease specialists. Nevertheless, this system is not
intended to replace direct clinical diagnosis by physicians, as it does not yet incorporate additional
supporting factors such as laboratory test results or comprehensive patient medical histories. Future
work may include expanding the range of autoimmune diseases, integrating additional clinical and
laboratory parameters, connecting the system with electronic medical record data, and conducting
evaluations using larger and more diverse datasets to improve system reliability, scalability, and
generalizability.

REFERENCES
[1] “Tracking Universal Health Coverage 2023 Global Monitoring Report,” Glob. Monit. Rep.,
2023.

[2] Y. Wendra, S. Safaria, And R. Rahim, “Sistem Pakar Untuk Diagnosis Penyakit Autoimun
Menggunakan Metode Forward Chaining,” Vol. 4, No. 2, 2024.

[3] A.Muhawarman, “Kemenkes Tingkatkan Upaya Deteksi Dini Lupus Melalui Program Saluri,”
Kemenkes Tingkatkan Upaya Deteksi Dini Lupus Melalui Program Saluri. Accessed: Apr. 21,
2025. [Online]. Available: Https://Kemkes.Go.ld/Id/Kemenkes-Tingkatkan-Upaya-Deteksi-
Dini-Lupus-Melalui-Program-Saluri

[4] I W.Bugis, J. E. Hutagalung, And 1. R. Harahap, “Sistem Pakar Untuk Mendiagnosa Penyakit
Lupus Dengan Metode Forward Chaining Menggunakan Web,” Build. Inform. Technol. Sci. Bits,
Vol. 4, No. 2, Sept. 2022, Doi: 10.47065/Bits.V4i2.2121.

1688


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5585

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 1673-1689
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5585

[3]

[16]

[17]

[18]
[19]
[20]
[21]
[22]
(23]
[24]
[25]

[26]

M. Aringer Et Al, “2019 European League Against Rheumatism/American College Of
Rheumatology Classification Criteria For Systemic Lupus Erythematosus,” Arthritis
Rheumatol., Vol. 71, No. 9, Pp. 1400-1412, Sept. 2019, Doi: 10.1002/Art.40930.

B. Setiabudiawan Et AL, “423 Indonesian Epidemiologic Data Of Paediatric Systemic Lupus
Erythematosus”.

Kementerian Kesehatan Republik Indonesia, “Lupus,” Lupus. Accessed: Nov. 24, 2025.
[Online]. Available: Https://Keslan.Kemkes.Go.ld/View_Artikel/1950/Lupus

“Overlap Syndrome: Dermatomyositis And Systemic Lupus Erythematosus With Cerebral
Lupus And Autoimmune Hepatitis: A Case Report,” Vol. 4, No. 1, 2021.

M. Muliadi, I. Budiman, M. A. Pratama, And A. Sofyan, “Fuzzy Dan Dempster-Shafer Pada
Sistem Pakar Diagnosa Penyakit Tanaman Cabai,” Klik - Kumpul. J. llmu Komput., Vol. 4, No.
2, P. 209, Sept. 2017, Doi: 10.20527/Klik.V4i2.116.

M. Rizki Auliansyah Ginting, Akim M.H. Pardede, And Melda Pita Uli Sitompul, “Sistem Pakar
Diagnosa Penyakit Autoimun Menggunakan Metode Dempster Shafer,” Bridge J. Publ. Sist. Inf.
Dan Telekomun., Vol. 2, No. 4, Pp. 130-145, Sept. 2024, Doi: 10.62951/Bridge.V2i4.222.

S. Levianto And A. A. Soebroto, “Sistem Pakar Diagnosis Penyakit Leukimia Dengan Metode
Fuzzy Tsukamoto”.

P. S And S. S. Dhenakaran, “Comparison Of Triangular And Trapezoidal Fuzzy Membership
Function,” J. Comput. Sci. Eng., Vol. 2, No. 8, P. 6.

A. K. Shukla, P. Mehra, And P. K. Muhuri, “Fuzzy Sets-Based Approaches For Improved
Medical Diagnosis: An Analysis And Overview Of Major Research Directions,” Acm Comput.
Surv., P. 3757058, July 2025, Doi: 10.1145/3757058.

N. Nurdin, Y. Cesilia, And C. Agusniar, “Penerapan Metode Dempster Shafer Pada Sistem Pakar
Untuk Diagnosis Stunting,” J. Inform. Dan Tek. Elektro Terap., Vol. 13, No. 3s1, Oct. 2025,
Doi: 10.23960/Jitet.V13i3s1.8074.

K. Banin And Benyamin Jago Belalawe, “Sistem Pakar Penentuan Level Anak Inklusi
Menggunakan Metode Dempster-Shafer,” J. Publ. Manaj. Inform., Vol. 4, No. 3, Pp. 121-133,
May 2025, Doi: 10.55606/Jupumi.V4i3.3981.

N. Yanti, F. Insani, O. Okfalisa, R. H. Zain, And A. Setiawan, “Comparative Analysis: Accuracy
Of Certainty Factor And Dempster Shafer Methods In Expert Systems For Tropical Disease
Diagnosis,” Sci. J. Inform., Vol. 12, No. 3, Pp. 515-524, Sept. 2025, Doi:
10.15294/Sji.V12i3.28047.

I. Setiawan, “Tittle Pengembangan Sistem Pakar Berbasis Certainty Factor Untuk Diagnosis
Hama Dan Penyakit Tanaman Hortikultura: Studi Kasus Pada Tanaman Cabai Dan,” Vol. 1, No.
1,2025.

J. Xu, Y. Zhang, And D. Miao, “Three-Way Confusion Matrix For Classification: A Measure
Driven View,” Inf. Sci., Vol. 507, Pp. 772-794, Jan. 2020, Doi: 10.1016/J.Ins.2019.06.064.

M. Anwar, S. A. Wicaksono, And M. C. Saputra, “Pengembangan Sistem Informasi Rekam
Medis Studi Kasus: Klinik Mutiara Sehat Malang”.

F. N. Hasanah And R. S. Untari, Rekayasa Perangkat Lunak. Umsida Press, 2020.

B. Natalia, “Lupus Eritematosus Sistemik”.

A. P. Warastridewi, K. Kusmardi, And R. Arisanty, “Aspek Imunopatologi, Klinis Dan
Gambaran Histopatologi”.

Hossam A. Elsisi, “Drug-Induced Systemic Lupus Erythematosus: A Comprehensive Review,”
Int. J. Sci. Res. Arch., Vol. 13, No. 2, Pp. 2954-2959, Dec. 2024, Doi:
10.30574/1jsra.2024.13.2.2474.

“Media Informatika”.

A. 1. Falatehan, N. Hidayat, And K. C. Brata, “Sistem Pakar Diagnosis Penyakit Hati
Menggunakan Metode Fuzzy Tsukamoto Berbasis Android”.

D. Setiyawan, A. Arbansyah, And A. J. Latipah, “Fuzzy Inference System Metode Tsukamoto
Untuk Penentuan Program Studi Fakultas Sains Dan Teknologi Di Universitas Muhammadiyah
Kalimantan Timur,” Jiko J. Inform. Dan Komput., Vol. 7, No. 1, P. 23, Feb. 2023, Doi:
10.26798/Jiko.V7i1.657.

1689


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2026.7.2.5585

