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Psychological disorders are conditions that can cause significant changes in an
individual's life. However, the symptoms they experience are often more difficult to
express because sufferers are unaware that they are experiencing psychological
disorders. One of the biggest challenges in treating psychological disorders is
detecting the risk of disorders at an early stage, especially in certain populations that
may be more vulnerable to these conditions. These vulnerable populations can
include workers with long working hours, students with high academic pressure,
individuals who have experienced disasters or violence, and groups with a family
history of mental illness. One approach to detecting the risk of psychological
disorders is a data-driven detection system. This study used the Case-Based
Reasoning (CBR) method, an approach that solves problems by leveraging previous
case experiences. The aim of this study was to develop an early detection system for
indications of psychological disorders by integrating CBR modeling with supervised
learning-based data. Based on the test results, the developed CBR model achieved
an average accuracy of 76.19% on 14 test cases representing various categories of
indications and treatments. These results indicate that the CBR method has quite
good performance and has the potential to be used as an aid in the early detection of
psychological disorders.

This is an open access article under the CC-BY-SA license.

I. INTRODUCTION

Psychology is a human mental process influenced by the
environment, experiences, and biological conditions. Efforts
to maintain a person's psychological well-being focus on
aspects of human behavior and mental function [1].
Psychological disorders are conditions that affect a person's
thought patterns, emotions, behavior, or mental functioning,
thereby disrupting daily activities, social relationships, and
quality of life. These disorders can be temporary or chronic,
depending on the type, severity, and treatment. Psychological
disorders are not simply weaknesses or character flaws, but
rather health issues that require special understanding and
treatment [2], [3]. Psychological disorders, such as
depression, anxiety, and mental health disorders, are a global
health issue that is increasingly gaining attention. The World
Health Organization (WHO) reports that 1 in 8 people
worldwide may experience a psychological disorder, making
it a priority health issue in society. The 2024 Asia Care Survey

revealed that stress and burnout are the most common
psychological and mental disorders experienced by people in
Indonesia, with a prevalence of 56%, followed by sleep
disorders at 42.6% and anxiety at 28.2%.

Despite extensive treatment and prevention efforts, one of
the greatest challenges in addressing psychological disorders
is detecting the risk of developing a disorder at an early stage.
Early detection is crucial to prevent the disorder from
progressing to a more severe stage, which often requires more
complex and expensive interventions. Early detection of
psychological disorders remains a challenge, particularly for
certain populations that are more vulnerable to these
conditions. These wulnerable populations may include
workers with long work hours, students with high academic
pressure, individuals who have experienced disasters or
violence, and groups with a family history of mental illness.

One approach to detecting the risk of psychological
disorders is a data-driven detection system. However, a major
challenge often encountered in developing psychological
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disorder risk prediction systems is the limited quality and
availability of data [4]. Many prediction models rely on
general population data, which does not reflect risk variability
and is not representative of specific population groups.
Therefore, the need for a more specific and adaptive
psychological disorder detection model, which is addressed in
this study, utilizes Case Based Reasoning (CBR) modeling,
[5]. CBR can predict the risk of psychological disorders in
certain populations based on factors such as age, gender,
family history and environmental stressors.

Previous research has applied Case-Based Reasoning
(CBR) to support indication categorization across various
domains, including psychological disorders [6]. However,
these approaches generally focus on case matching based on
a case base without explicitly incorporating user population
characteristics into the case representation. Conversely,
supervised learning approaches offer classification
capabilities based on labeled data, yet their performance relies
heavily on the quality, representation, and alignment of the
training data with the characteristics of the target population.
This situation highlights a research gap in the development of
screening mechanisms that integrate symptom-based case
representations with specific population characteristics.

The objective of this research is to develop an early
detection system for psychological disorders using Case-
Based Reasoning (CBR) modeling on supervised learning
data, serving as an initial identification process to categorize
indications based on symptom similarity, techniques in CBR
modeling using k-means clustering as case indexing, cosine
similarity as calculation of case similarity. CBR is a method
that studies and solves a problem based on past experience
with a case-based approach that allows the system to handle
risk variability more adaptively, according to the
characteristics of a particular population [7]. Medical
technology needs to receive broad support through the field
of information technology so that the public can be more
aware, especially of psychological disorders that require
special understanding and treatment for certain populations at
high risk. The fundamental problem in this research is how to
develop an application for early detection of psychological
disorders in certain populations by modeling problem solving
of past cases to be able to solve new problems with Case
Based Reasoning using reference data on psychological
disorders on www.alodokter.com.

Il. METHOD

This research uses the Cross Industry Standard Process for
Data Mining (CRISP-DM) framework to develop a
supervised learning-based early detection system for
psychological disorders with a CBR approach. The stages
involved include business understanding, data understanding,
data preparation, modeling, evaluation, and deployment,
which systematically support data processing, model
development, and system implementation [8].

A. Business Understanding

The business understanding phase focused on formulating
system requirements and specifying the problems to be
modeled in the early detection system for psychological
disorders. The main problem identified was the limitations of
predictive models in capturing variations in characteristics
across specific populations due to the use of generic data.
Therefore, at this stage, the scope of the data to be used was
determined, namely attributes relevant to the psychological
condition of a specific population. Next, the modeling
objective was defined as a classification problem to identify
indications of psychological disorders based on historical
data. The developed model is capable of accepting individual
data inputs, calculating the degree of similarity to previous
cases, and generating predictions regarding indication
categories and recommendations for initial management.

B. Data Understanding

At this stage, the process carried out sequentially is to dig
and explore the data, the steps taken are as follows.:

1. Data collection: In this study, the data used to model
psychological disorders consisted of 72 disorder categories,
with a single case representation for each category; each case
was defined by 10 symptoms and corresponding treatment
information, sourced from www.alodokter.com. The model
testing phase involved two groups: university students and
office workers. Attributes for students included credit hours
(SKS), number of weekly assignments, organizational
involvement, average sleep duration, deadline-related stress
levels, leisure/rest time, gender, field of study, and academic
semester. Attributes for office workers included age, gender,
job position, length of employment, and average daily
working hours. This study utilized symptom and treatment
information available from public sources and did not use
personal identities or patient medical records.

2. Data analysis: This process is conducted
exploratively on text data to understand its structure and
quality. This process includes identifying variations in
symptom terms, text length, and word frequency. Techniques
include analyzing term frequency, document length
distribution, and identifying synonyms or terms with similar
meanings.

3. Validate data: Data validation includes evaluating
the completeness of symptom descriptions in each individual
population, the consistency of terminology used, and the
distribution of data across classes to identify potential data
imbalances. The results of this stage form the basis for
determining text preprocessing techniques, such as
normalization, tokenization, and feature transformation, that
will be used in the modeling stage.

C. Data Prepration

Data preparation aims to transform data to improve its
quality. The main steps in data preparation are::
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1. Selecting and sorting data: data will be selected based on
the alignment between data quality and the predetermined
analytical tasks.

2. Text data preprocessing: converting text data into a
numerical format that can be processed by a model. This
stage includes text normalization (converting characters to
lowercase), tokenization, stopword removal, and
stemming.

3. Data cleaning: performed to improve data quality. This
involves handling missing values, removing duplicate
data, and addressing formatting inconsistencies.

4. Data reconstruction: This process modifies the data
structure to better suit the CBR model; the steps involved
are normalization, data transformation, and feature
engineering.

5. Case representation: The case representation technique
uses TF-IDF to calculate the importance weight of each
word in each case. The resulting weighting is used to build
a case base, facilitating the similarity calculation process
with new cases.

Wae = tfae x IDF 1)
)

IDF(t) = log%(t)

Start

Initialize the optimal nuraber of
clusters (&), peychological
dizorder dataset, iteration = 1,
e _iteration = 100, and bk =1,

]

Randomly selsct & optiral
data points from the
peymhological disorder dataset

TF — IDF (d,t) = TF(d, t)x IDF(t) )
where: d: the d-th sentence, t: the t-th word of the
keyword, w: the weight of the d-th sentence with respect
to the t-th word, tf: number of words searched in a
sentence, IDF: inversed document frequency. After
determining the weight of the case, the next stage is
indexing which aims to index the case.

D. Modelling
The CBR model development technique is carried out
sequentially as follows::

1.  Case indexing: facilitates the arrangement of data
structures in organizing records in storage to optimize several
types of case retrieval operations [9], [10]. In this study, all
attribute types will be indexed to facilitate searching. The
method used for indexing is the k-means clustering algorithm.
Each case is placed in a specific cluster that represents the
symptom pattern within a specific population context, such as
workers or students. The optimal number of k clusters formed
in the k-means clusters is determined using the Elbow method
to calculate inertia based on the optimal number of clusters.
The k-means cluster flow is shown in Figure 1.
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Figure 1. Indexing with K-Means

2. Retrieve: The retrieval stage aims to find previous
cases in the case base that are most similar to the new case.
To increase the relevance of the results, the search process is
limited to clusters or groups of data that represent a specific
population resulting from the previous clustering process

[11], [12]. Each case is represented as a TF-IDF-based feature
vector, allowing for numerical similarity calculations. The
method used is cosine similarity, by comparing the new case
vector to all existing cases. The calculation is carried out
through local similarities on each feature and accumulated
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into a global similarity to obtain the overall similarity level.
Local similarity is calculated on each feature between the new
case and the old case. Because the data is represented asa TF-
IDF vector, the local similarity is represented by the weight
of each term in both cases.
SiMyorar (k) = wyxw; i 4
dimana:
e w;,=TF-IDF weight of the k-th term in the new case
e w;,= TF-IDF weight of the k-th term in the previous
case
Global similarity is obtained by aggregating all local
similarities using the cosine similarity method, resulting
in an overall level of similarity between cases.

Z =
Wi g XW i
k=1 ik .k

LS v S, w02

®)

SiMgiopar (d; dj) =

di mana:
e d;=new cases
e d;=old case
e n=number of features/terms

3. Reuse: new cases are compared with all cases in the
case base to obtain a global similarity value [13], [14]. The
old case with the highest similarity score will be selected as a
candidate solution. The solution is determined based on a
predetermined threshold, where only cases with a similarity
score > 0.8 are considered relevant. A similarity threshold of
0.8 is used as an initial criterion to determine whether a case
bears sufficient resemblance to a case in the case base.
Conversely, if no case meets the threshold, the new case will
be processed further in the revision stage.

4, Revision: this stage is performed if the retrieval
process fails to find a case with a global similarity value that
meets the established threshold [15], [16]. In this situation,
new cases cannot directly adopt the solution from the base
case, requiring an adjustment process or search for alternative
solutions. The revision process is carried out using the nearest
neighbor algorithm, considering a number of nearby cases
based on the highest similarity value. The solution is
determined based on the proximity between cases, which can
then be aggregated. The result of this stage is a solution that
has been adjusted to the characteristics of the new case. In
general, the set of nearest neighbors is defined as:

NN (Cpew) ={C1,Cy, ..., Gy} (6)
dengan:
o NN, (C,..)=the set of k cases closest to a new case
e (;= old cases with the highest similarity value

The second stage involves evaluating the nearest neighbor
results, where the system assigns an "uncertain” or "low
similarity" status and recommends further evaluation by an
expert.

5. Retain: This stage is the process of storing new cases
and their obtained solutions into the case base to enrich the
knowledge base. New cases are represented in the form of TF-
IDF-based feature vectors and are equipped with solution
labels resulting from the retrieve or revise stage [17], [13].
Before being saved, validation is performed to ensure that
new cases are not duplicates or have a very high degree of
similarity to existing cases. If the case is declared valid, it is
indexed and added to the case base. This process allows the
system to continuously learn incrementally, thus improving
performance and accuracy in handling new cases in
subsequent iterations. New cases to be saved are defined as:

Crew = Xnew> Snew) (7)
Where:

o X, feature vector (TF-IDF result)

o  S,.n=Solution (result of retrieve or revise)
The process of adding cases to the case base is formulated
as:
CBi+1 = CB U {Crew} 8
Where:

e  (B.= case base before addition

e (B, .= case base after addition
To avoid duplication, a condition is added:
max(Sim(Cpey, C;)) <6 9)
Where:

e 6= similarity threshold (e.g. 0.9)

e If it exceeds — it is not saved (considered a

duplicate)
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Figure 2. Case Based Reasoning Stages

E. System Design

The system is designed as a screening tool and is not a
substitute for psychologists, psychiatrists, or healthcare
professionals. If screening results indicate a risk or
insufficient similarity, users are directed to seek further
evaluation from a professional. As shown in Figure 3, the
system workflow begins with data input comprising
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information on psychological disorders sourced from
alodokter.com and data on new cases from a specific
population. In the initial stage, symptom text data undergoes
preprocessing to generate a structured representation,
followed by feature weighting using the TF-IDF method to
convert the data into numerical vectors..

Next, to accommodate differences in characteristics
between populations, a data clustering process is performed
using the K-Means algorithm and the Elbow method is used
to determine the optimal number of clusters. This process
aims to group cases based on similar symptom patterns

Paychological  disorder
data  collected  from
alodoktercom (newr
Cases)

Text Freprocessing

'

Terra Weighting nsing
TF-IDF

|

iteration = rnax_iteration

Deterrrane  the  Ogptirnal
Humber of  Clusters
{elbowr)

Construct Case Clusters
(K-Ivleans)

relevant to a specific population, thus focusing the solution
search process. In the retrieve stage, new cases are compared
with cases in the appropriate cluster using cosine similarity.
If the similarity value meets a threshold, the solution from the
old case is reused. Otherwise, a revision stage is performed
using the nearest neighbor approach to generate a solution that
better matches the characteristics of the new case. The final
stage is retain, which involves storing new cases and their
solutions in the case base to enrich the representation of cases
in a specific population, thereby improving the accuracy and
relevance of predictions for subsequent use.

Fetain the new case
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Figure 3. Research Flow

I1l. RESULTS AND DISCUSSION

A. Research Data

The data source for this study is www.alodokter.com,
which comprises 72 types of psychological disorders with 5
to 10 symptoms. The data includes disease names, symptoms,
and treatments. Each disorder is represented by a set of
symptoms and is accompanied by treatment information as a
reference for case-based solutions. Symptom data is the
primary feature used in the modeling process, while disease
name and treatment information are used as solution labels in
the Case-Based Reasoning approach.

TABLE 1
PSYCHOLOGICAL DISORDER DATASET WWW.ALODOKTER.COM
Disease Symptom Handling
Schizophrenia | e Changes inthought [e Antipsychotic
patterns and drugs to treat

behavior symptoms of
e Inability to hallucinations
socialize and delusions,
e  Withdrawal from such as
social environments aripiprazole,
« Difficulty sleeping clozapine,
e Decreased chlorpromazine
performance e Psychotherapy
to control
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To accommodate specific population characteristics, this
study uses additional attributes that represent individual
conditions based on their groups, namely students and office
workers, as presented in Table 2. These attributes are used as
supporting features in the modeling process to improve the
system's ability to capture contextual variations in the risk of
psychological disorders. All data on symptoms and disease
treatment will go through the process of segmentation,
lowercase and remove punctuation, tokenization, filtering,
and stemming to form a weight matrix with TF-IDF. Table 3
shows the results of an example of schizophrenia.

TABLE 3
TEXT PREPROCESSING RESULTS SEGMENTATION, LOWERCASE AND
REMOVE PUNCTUATION, TOKENIZATION, FILTERING, AND STEMMING

Disease Symptom Handling
change, pattern, thought, | antipsychotic
behavior, inability, medication,

Schizophrenia | socialize, withdrawal, hallucination,
social, difficulty, sleep, delusion,
decline, achievement, Aripiprazole,

e Loss of interest and symptoms, loss, interest, change, psychotherapy,
motivation which is expression,irritability, symptom control
e Changes in facial generally depression
expressions followed by TABLE 4
e Easily irritated and medication RESULTS OF NORMALIZATION OF CERTAIN POPULATION
depressed ATTRIBUTES OF STUDENTS WITH SCHIZOPHRENIA DISORDERS
Depression e Excessive anxiety |e Undergoing Attribute Value Preprocessing
and worry psychotherapy Results
e Emotional or psychological credits 24 0.80
instability therapy number of 6 0.75
e Feelings of e Prescribing assignments/week '
hopelessness or antidepressant organizational :
frustration medication involvement active !
e Constantly feeling |e Hospitalization average sleep time 5 hours 0.42
tired and powerless for severe deadline pressure level high 0.90
e Unexplained depression TABLES
dizziness and pain RESULTS OF NORMALIZATION OF CERTAIN POPULATION
e Decreased appetite ATTRIBUTES OF OFFICE WORKERS IN SCHIZOPHRENIA
etc etc etc DISORDERS
TABLE 2 Attribute Value Preprocessing Results
CERTAIN POPULATION CRITERIA age 30 0.60
Student gender male 1
No Criteria Position staff 0.50
1 | Credits in one semester length of working S years 0.50
2 | Number of active assignments/courses per week working hours/day 9 hours 0.75
3 | Involvement in campus organizations . .
4| Average nightly sleep time in the last week Both text data and population attributes have been
5 Stress levels due to numerous deadlines transformed into structured and numeric forms. This
6 | Freetime to rest representation is then used to generate feature vectors for the
7 | Gender symptom data, combined with population attributes as
8 | Study program additional features, as shown in Tables 4 and 5.
9 | Semester
Office workers B. Case Representation
1 | Age The representation technique uses TF-IDF to calculate the
2 | Gender importance weight of each word in each case of psychological
3 | Title/position disorders. The resulting word weighting is used to build a
4_| Length of working case base, facilitating the process of calculating similarity
5 | Average working hours per day

with new cases, as presented in Tables 6 and 7.

TABLE®6
TF-IDF WEIGHT CALCULATION ON SCHIZOPHRENIA SYMPTOMS
Disease Symptoms/terms TF TF-
IDF
change 0.25 0.347
pattern 0.25 0.520
thought 0.25 0.520
behavior 0.25 0.520
inability 0.333 0.693
patient 0.333 0.693
socialize 0.333 0.693
withdrawal 0.25 0.520
Schizophrenia | self 0.25 0.520
environment 0.25 0.520
social 0.25 0.520
difficulty 0.5 1.040
sleep 0.5 1.040
experience 0.333 0.693
decline 0.333 0.693
achievement 0.333 0.693
loss 0.333 0.693
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interest 0.333 0.693
motivation 0.333 0.693
change 0.333 0.462
expression 0.333 0.693
face 0.333 0.693
irritability 0.333 0.693
anger 0.333 0.693
depression 0.333 0.693
TABEL 7
TF-IDF WEIGHT CALCULATION FOR SCHIZOPHRENIA HANDLING
Penyakit Treatment/Term TF TF-
IDF
Medication 0.111 0.000
Antipsychotic 0.111 0.077
Manage 0.111 0.077
Symptoms 0.111 0.000
Hallucinations 0.111 0.077
Delusions 0.111 0.077
Aripiprazole 0.111 0.077
Schizophrenia | Clozapine 0.111 0.077
Chlorpromazine 0.111 0.077
Psychotherapy 0.167 0.000
Control 0.167 0.116
Symptoms 0.167 0.116
Generally 0.167 0.000
Administration 0.167 0.116
Medication 0.167 0.116

After determining the weights for psychological disorder
cases, the next step is k-means indexing, which aims to
quickly and easily index psychological disorder cases in the
database. Model testing is performed eight times. The highest
average SSE difference from the eight tests will be the
optimal k value. This test will use a k value range of 1 to 10.
The results of the optimal number of clusters test are shown
in Table 8.

C. Similarity Analysis
Similarity calculations are performed at two levels: local

similarity and global similarity. Local similarity measures the

similarity of each feature, while global similarity is the

aggregation of all features that represent a single case as a

whole. [18], [19], [20].

1. Local similarity is calculated on each dimension of text
features and population attributes. For text features, local
similarity is represented by the contribution of each term'’s
TF-1DF weight to the overall similarity. Terms that appear
in both cases with high weights provide the greatest
similarity value. Meanwhile, for population attributes,
local similarity is calculated based on the proximity of
values between attributes, such as the normalized
difference in values. Cases with similarity values above
0.8 have a strong match on most local features, especially
on dominant terms such as the main symptom.

2. Global similarity is the aggregation of all local similarities
calculated using cosine similarity. This value reflects the
overall level of similarity between two cases. The
majority of cases have global similarity values above 0.8,
indicating that the feature representation and clustering
process successfully grouped cases with similar
characteristics..

D. Model Evaluation

The evaluation phase involved testing several inputs to
evaluate the model. The test data consisted of 14 new cases
based on student and worker populations. The first evaluation
used the student population with 7 cases, and the second used
the worker population with 7 cases. The labels on the test
cases do not represent clinical diagnoses; instead, they serve
as case-based reference labels for evaluating the model's

TABLE8 . .o . agu, . -
SSE VALUE OF EACH K FOR 8 TESTING TIMES retrleva.l and_ clas§|f|cat|on capabilities regarding the
categories available in the case base.
K Nilai SSE Pengujian ke- Rata- | Std
1 1 3 4 5 § 1 8 9 10 | rata | Deriasi TABLE9
L 4647980 | 4647980 | 4647980 4647980 | 4.647980 | 4.647980 | 4.636,794 | 4.636,794 | 4.636.794 4636794 | 464351 373 STUDENT POPULATION EVALUATION VALUE
2| 2001319 2011329 | 2011320 2011319 2011329 | 2011329 | 2.013,608 [ 2.013,608 | 2.013,608 | 2013608 | 201224 | 1174 S|m|| S|m|
3| L73088| LS008 | 1931300 | 1759258 | 1930641 | 1980064 | 651308 | 1777134 | 1651308 | 1651308 | 177333 | 129,409 No Case ar larit CBR_ Label Accu
o v Leonse| Lesoase| Lestome| 15| 14v036e| Lesueto | Leomios| Lesson | 143653 | 1sd6m| eana Code Case y Prediction rate
F| L6T0828| 1393041 | 1477300 ( L387.603| L463,072| 1387603 | 1465748 | 1332896 | 14.302.223 | 1.393,693 | 1403.28 | 88,703
, : : : , — > PK_0 | Case
6| 1334705| 1382323 | 1320616| 1384137| 1364397 | 1328349 | L3172 | 1393376 | 1349059 | 1423301 | 136273 | 30805 1 1 - 020 — | 0.93 | Burnout Burnout Yes
T L37248| 1355218 | 1200072 L303,668| 1321334 1330730 1247412 1246311 | L3779 | 1410097 | 131826 | 48,004 A A
— T ————— — 2 | PK_O | Case_ Anxiety Anxiety
8| LI88371| 1410872 | 1342793 L283050| 1227134 1328640 | 1296335 | 1274371 | 1283787 | 1231333 | 130222 | 48887 . . .
’ ] e e 2 011 | %8 | Disorder | Disorder Yes
. S 3 | PK_O | Case_ 0.76 Depressio | Depressio vy
Table 8 shows a continuous decrease in inertia without a 3 020 : n n es
clear "elbow point." However, there is a significant difference 4 | PK_O | Case
- — | 0.81 | Burnout Stres No
between 2 and 3 clusters. Therefore, the number of clusters 4 020
used is 2, taking into account the total data set of 72 5 | PKO | Case_ | 5,4 | No Anxiety No
psychological disorders. Once the optimal k value is 5 001 Disorder | Disorder
obtained, all old cases in the case base will be indexed 6 | PKO | Case_ | ;o | Depressio | Depressio | .
according to their cluster. The test is performed eight times. gK 5 220 n n
The highest average SSE difference from the eight tests will 7 7 - Ogge— 0.86 | Stress Stress Yes

be the optimal k value.
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1VV. CONCLUSION

This study develops a CBR-based screening mechanism
for indications of psychological disorders, taking into account
the characteristics of student and office worker populations.
Preliminary testing on 14 cases yielded an accuracy of
76.19%, with 71.42% accuracy for the student group and
85.71% for the office worker group. These results
demonstrate that the CBR approach can serve as a proof of

4648
TABLE 10
OFFICE WORKER POPULATION EVALUATION VALUE
Simil | Simi
No gséz ar larit Pref(:j?cion Label Ar\;::
Case y

1 (I;/ihs_ OCg;e_ 0.96 | Stress Stress Yes
2 | Mhs_ | Case_ Anxiety Anxiety

02 010 0.91 Disorder Disorder Yes
3 | Mhs_ | Case_ Depressio

03 002 0.75 N Burnout No
4 | Mhs_ | Case_

04 003 0.88 | Stress Stress Yes
5 g/éhs_ (C)Z;Se_ 0.82 | Burnout | Burnout Yes
6 | Mhs_ | Case_ Anxiety Anxiety

06 | 015 | °"° | Disorder | Disorder | Y©

No No
7 g/;hs_ (():f;e_ 0.84 | Disturban | Disturban Yes
ce ce
This evaluation was conducted to compare the

performance of the CBR system. Accuracy values at the
retrieval stage were compared between specific population
types (students and office workers). The results of testing on
the student population are shown in Table 9, and those on the
office worker population are shown in Table 10. Based on
Table 9, for the student population, the CBR model provided
an accuracy of 71.42%. Table 4.10 shows that for the office
worker population, the CBR model provided an accuracy of
85.71%. In the CBR model, the search for relevant cases only
occurs on the basis of cases that have the same cluster as the
new case. Therefore, computation time at the retrieval stage
is faster. The accuracy value produced by the CBR model
does not provide 100% optimal results because the system
cannot handle two or more cases that have the same similarity
value as the new case. If this occurs, the CBR model will
select the case with the first serial number.

The overall performance of the CBR model achieved an
accuracy of 76.19% across 14 test cases, representing 14
different indication categories from the case base. Most cases
with similarity values above the threshold were correctly
classified through the reuse mechanism. This indicates that
the case base used was able to represent the symptom pattern
quite well. Conversely, prediction errors generally occurred
in cases with similarity values below the threshold, where the
revision process using nearest neighbors was unable to
produce a fully appropriate solution. This could be due to the
high variation in symptoms between disorders, as well as
significant differences in population attributes. The
integration of population-specific attributes contributes to
improving prediction accuracy, especially in cases with
similar characteristics within the same population group.
Cases originating from the same population tend to have a
more accurate prediction rate than cases across populations.

concept for case-similarity-based screening.
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