
Scientific Journal of Informatics      
                 Vol. 11, No. 4, Nov 2024 

  

p-ISSN 2407-7658           https://journal.unnes.ac.id/journals/sji/index                              e-ISSN 2460-0040 

Scientific Journal of Informatics, Vol. 11, No. 4, Nov 2024 | 1109 
 

Implementation of K-Nearest Neighbor in Case-Based Reasoning for 

Mental Health Diagnosis Systems 
 

Ardian Pamungkas1*, R Rizal Isnanto2, Dinar Mutiara Kusumo Nugraheni 3, 
1Department of Information System, Universitas Diponegoro, Indonesia 

2Department of Computer Engineering, Universitas Diponegoro, Indonesia 
3Department of Informatics, Universitas Diponegoro, Indonesia 

 

Abstract. 

Purpose: Assessing a model that employs the K-Nearest Neighbor (KNN) technique within Case-Based Reasoning 

(CBR) for diagnosing mental health disorders, concentrating on conditions such as anxiety, depression, stress, and 

normalcy, while enhancing its efficacy through the utilization of historical case data for more accurate and tailored 

diagnostic suggestions. 

Methods: This study implements the KNN method in CBR to create a mental health diagnosis system that can provide 

accurate results without the need for complex models or intensive training. This method effectively addresses various 

patient needs by utilizing previous case data to provide a personalized and case-based diagnosis. This system is 

designed to tackle mental health issues like anxiety, depression, and academic stress, utilizing a case study of students 

from ITBK Bukit Pengharapan. 

Result: This study developed a KNN-based model for mental health diagnosis, achieving 84.62% accuracy on test 

data. Data processing techniques like text mining, oversampling, and cosine similarity improved performance. With an 

optimal K value of 2, the model achieved 88% precision, 85% recall, and an F1-score of 84%. The anxiety label 

performed perfectly, with 100% precision, recall, and F1-score. 

Novelty: This study adds innovation by integrating the rarely used CBR and KNN algorithms for mental health 

diagnosis systems. Innovative techniques like text mining, oversampling to get around data integration, and cosine 

similarity computations, which greatly enhance model performance, assist this strategy. Because this method improves 

accuracy and expedites the diagnosis process, both of which support clinical decision-making, it may be able to help 

mental health professionals. 
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INTRODUCTION 
Mental health diagnostic systems are gaining significance in the rapidly changing digital age, offering 

psychological support and counseling to individuals in need, regardless of their geographic location. [1]. 

The application of technology in the field of mental health, such as diagnosis systems, can bring benefits 

by increasing wider service accessibility and providing more space to help facilitate health diagnosis 

[2].  The mental health diagnosis system is an innovative solution to provide wider accessibility to mental 

health diagnosis services [3]. This study utilized the K-Nearest Neighbor (KNN) method within case-based 

reasoning (CBR) to develop a mental health diagnosis system, with the goal of enabling patient diagnosis 

and counseling without geographical or temporal limitations. The KNN method was chosen for this 

research due to its simplicity, as it does not necessitate a complex model and can readily adapt to new data 

without requiring extensive training. [4]. If the training data is representative, KNN can provide accurate 

results [5]. Compared to other methods that require complex mathematical calculations [6], larger 

computing resources, and longer training times, KNN adapts quickly to new data without requiring 

expensive retraining [7]. 

 

At present, counselors face a diverse range of patient needs, with many individuals lacking the essential 

knowledge and skills in mental health education. This deficiency contributes to a generally low level of 

mental health education overall. [8]. Considering the limited availability of counselors and the wide variety 

of patients receiving treatment, remote mental health diagnosis can help address each patient's specific 
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issues. By incorporating the KNN method within case-based reasoning (CBR) in a mental health diagnosis 

system, it offers a more personalized and accurate approach to mental health diagnoses based on existing 

cases. [9] [10]. The urgency in this study lies in increasing the effectiveness of mental health diagnosis, 

ensuring that each individual receives support that is appropriate to their conditions and needs. This study 

anticipates that this approach will enhance the efficiency and effectiveness of mental health diagnosis. The 

goal of this study is to evaluate the viability of a method for use in a mental health diagnosis system. This 

study aims to integrate the KNN method into the CBR system to improve the precision and accuracy of 

diagnostic recommendations by combining the two approaches. The choice of the KNN method within the 

CBR framework was driven by its capability to process and analyze historical case data, enabling it to 

deliver suitable diagnoses. CBR will help in finding a diagnosis based on similarities with previous cases 

[11]. A database, lacking rules but containing a series of encountered and resolved problems or events, 

serves as the fundamental source of knowledge for the CBR method. This research solves new problems 

by identifying the most similar problems and their potential adaptations [12]. 

 

Previous research on CBR and KNN has been used to perform classification in health, particularly in mental 

health diagnosis [13], [14].  CBR makes decisions based on previous cases as a reference to obtain a 

diagnosis for new cases.  However, after obtaining a diagnosis, users are expected to consult further with a 

doctor to get a definitive diagnosis, as this expert system is designed only for initial consultation.  Regarding 

KNN, it demonstrates that the early stress detection system can accurately identify stress.  Furthermore, the 

system exhibits rapid computation time, highlighting one of the benefits of incorporating KNN in this 

context. 

 

KNN will employ data from its closest neighbors to deliver more precise and prompt diagnostic suggestions 

[15]. The basic theory of KNN is that in a calibration dataset, KNN finds a group of k samples that are 

closest to the unknown sample [16]. For these k samples estimate the unknown sample by taking the mean 

of the response variables [17]. This research will explore the implementation of KNN within CBR as a 

decision support system for diagnosing mental health issues, specifically focusing on limitations related to 

conditions such as anxiety, depression, and academic stress. The case study will involve students from 

ITBK Bukit Pengharapan, and it will also address the constraints on the types of data and information 

utilized in the development of the expert knowledge base system. 

 

This research aims to determine the model's performance for diagnosing mental health ability using CBR 

where the method used is KNN. Moreover, it aims to explore if implementing KNN in CBR may enhance 

the research results. This study's advantages are assessing the efficiency of the model in identifying the 

mental health symptoms using KNN in CBR and the second is minimizing how many resources are applied 

to enhance the workflow and customization of mental health detection recommendation services of 

previous case data and machine learning algorithms. Furthermore, this research offers empirical evidence 

regarding the effectiveness of KNN within CBR, thereby enriching academic literature and technology. It 

also supports the advancement of more responsive and adaptive mental health diagnostic systems. 

 

METHODS 

This study utilizes input data consisting of mental health cases, such as anxiety, depression, academic stress, 

normal, and other conditions. This input data is obtained from distributing questionnaires to students living 

in dormitories and FGDs with Counselors, which will then undergo the Pre-processing stage. The collected 

data is then validated by the counselor where the purpose of this validation is to ensure that the results of 

the questionnaire distribution are truly in accordance with the needs of the analysis in this study.  

 

The results of the questionnaire validation are applied to the data preprocessing process using Text Mining 

Techniques, which include Tokenizing, Filtering, Stemming, TF-IDF, Cosine Similarity to ensure data 

consistency and quality. Subsequently, the data is divided into Training Data and Testing Data. In this 

study, the data was divided into two groups: 80 % for training data and 20 % for testing. Then, from 80% 

of the training data, it is further divided by 20% for validation data. Training Data is utilized to build and 

train the KNN model in CBR, while Testing Data is employed to evaluate the performance of the trained 

model. Figure 1 illustrates the sequence of stages outlined by the research methodology outlines for the 

study. 
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Validation of questionnaire by counselor 

The objective of validating questionnaire data results with counselors is to ensure high-quality data for 

mental health diagnosis research. Subsequently, the questionnaire data that meets the criteria will be 

assessed by assigning labels used in the study, namely stress, anxiety, depression, and normal. 

 

Data partitioning 

Data partition stage divides the data into two main groups: training data (80%) and testing data (20%) for 

[18]. The subsequent step involves further partitioning of the training data into 20% for validation data. 

The purpose of validation data is to evaluate interim results as the model evolves by testing the model on a 

small portion of data not utilized for major training iteration. It is supposed to enhance the performance and 

generalization of the model in distinguishing among different types of patterns for unknown data. This 

segmentation is expected to increase the model evaluation and accuracy for handling complex real cases of 

mental health problems of students. 

 

 
Figure 1. Information system framework 

 

Pre-processing 

This preprocessing is aimed at organizing raw data for further analysis [19]. This article outlines the 

preprocessing pipeline, including cleaning, stop-word removal, normalization, and tokenization. 

 

Data cleaning 

This process involves removing irrelevant letters or symbols from textual data, such as punctuation, 

numbers, and other unnecessary special characters that do not contribute to the research. Data cleaning is 

the procedure through which data is refined for application in machine learning models. [20]. 

 

Stopword removal 

This step consists of removing the typical phrases which lack any substantial meaning in the analysis such 

as "and," "or," "is," etc. The stopword removal reduces noise in data and improves the efficiency of 

processing [21].  

 

Normalization 

Normalization is a part of the process of standardizing the text in which all the letters are converted into 

lowercase so that the differences of upper and lower cases will not cause any difference in the analysis [22]. 

 

Tokenization 

Tokenization is the process of segmenting text into smaller units of words. This facilitates further lexical 

analysis and aids in feature extraction from the text [23]. 
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Upon completion of these steps, the text data will be more organized and ready for use in machine learning 

models. 

 

TF-IDF 

The TF-IDF (Term Frequency-Inverse Document Frequency) technique in text processing assesses a word's 

importance in a document in relation to other words in the document set [24]. TFG-IDF consists of two 

metrics: Word Frequency (TF): measures how often a word appears in a document; the more frequently a 

word appears, the higher the TF value. Inverse Document Frequency (IDF): measures how important a 

word is. A low IDF value for words that appear frequently in many documents is the result of multiplying 

the logarithm of the total number of documents divided by the number of documents containing the word. 

By multiplying TF by IDF, TF-IDF gives higher weight to words that appear frequently in one document 

but rarely in others, thus helping to identify more relevant words for analysis. Information retrieval and text 

mining often use this technique for feature engineering and text classification. 

 

Oversampling 

To tackle the issue of data imbalance, the Synthetic Minority Oversampling Technique (SMOTE) creates 

new synthetic data for the minority class by utilizing the positions of existing minority data points.. SMOTE 

reduces the overfitting problem that often occurs with random oversampling techniques [25]. Several 

studies have used the SMOTE method to address data imbalance. 

 

Cosine similarity 

The cosine similarity method calculates the cosine of the angle between two vectors in a vector space and 

produces a similarity value that ranges from zero to one [17]. Values approaching one signify a greater 

degree of similarity between documents, whereas values further from zero indicate a lower degree of 

similarity. This method is highly effective as it normalizes the length of the vectors, enabling precise 

measurements of similarity between documents based on word frequency. 

 

Modeling 

The next step involves applying the Case-Based Reasoning (CBR) [26] model and implementing the KNN 

algorithm [27] for case retrieval, which matches new cases with existing cases in the database based on 

vector similarity. During the reuse stage, the model will adopt the diagnosis from the most similar case and 

make necessary adjustments. In the revise stage, additional testing and modifications of the diagnosis will 

occur. Finally, in the retain stage, the system will save the adjusted diagnosis back into the database. This 

process enables the system to deliver accurate, case-based recommendations for addressing students' mental 

health issues. 

 

Model evaluation 

According to the statement put forward, it can be appreciated that multiclass confusion matrix aims to 

provide the user with an understanding of the applicability of the model after being used [28]. With this 

matrix, it can be seen how well the model is able to distinguish between positive examples (cases diagnosed 

with mental health problems) and negative examples (other cases). Accuracy, recall, precision, and the F1 

value can all be derived from the multiclass confusion matrix results, providing a comprehensive overview 

of the model’s performance. This evaluation makes it easier to evaluate the model’s efficiency in making 

specialist diagnoses and identifying areas for improvement the model would need to address. 

 

Development of a mental health diagnosis system 

After the model evaluation, the system can classify new cases and provide all the important information for 

further diagnosis and counseling interventions. The design is user-friendly, aiming to present results clearly 

and understandably when used for model testing. With this visual interface, users can evaluate the model's 

effectiveness of the model and see the results of mental health condition classification.The approach ensures 

the system's accuracy in categorizing results and its practicality for testing and model evaluation. This 

application is developed using Flask or Streamlit for the web interface, Scikit-learn for the text classification 

prediction model, and Pandas and NumPy for data processing. This system is a Python-based system 

involves predictions using machine learning models and a web-based user interface.  
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RESULTS AND DISCUSSIONS 

The distributed questionnaire data set consists of 238 rows of student mental health cases. A clinical 

psychologist labels each row of data with a mental health condition column. Out of the 238 mental health 

conditions, there are 35 related to anxiety, 48 associated with depression, 93 classified as normal, and 62 

linked to stress. The data will then be divided into 80% for training and 20% for testing. Furthermore, the 

training data further divided by 20% as validation data. The results of the data partitioning are displayed in 

Table 1. 

 

Table 1. Partitioning data 
Label Data Training Data Validation Data Testing Data 

Anxiety 22 3 10 

Depression 32 8 8 

Normal 64 12 17 

Stress 34 15 13 

Total Data:  152 38 48 

 

Text mining will perform pre-processing on the training data, specifically data cleaning, with the goal of 

eliminating irrelevant elements or disturbing analysis. Next, stopwords will be removed to eliminate 

irrelevant elements, and the data will be normalized by converting it to lowercase. Following this, 

tokenization will be performed to break sentences into individual words or phrases. This pre-processed text 

allows the model to operate with more consistent and representative data, ultimately improving accuracy. 

 

Table 2. Data pre-processing result 
Case Before Pra-Processing Biasa kena masalah, hanya bisa pasrah dan berdoa. Pada saat UTS dan UAS, dikejar tagihan DPA, 

berdoa dan bekerja dengan mood yang tidak menentu.  

After Cleaning Biasa kena masalah hanya bisa pasrah dan berdoa pada saat uts dan uas dikejar tagihan dpa berdoa 

dan bekerja dengan mood yang tidak menentu  

After Stopword Removal Biasa kena masalah hanya pasrah berdoa saat uts uas kejar tagihan dpa berdoa bekerja mood tidak 

menentu 

After Normalization biasa kena masalah hanya pasrah berdoa saat uts uas kejar tagihan dpa berdoa bekerja mood tidak 

menentu  

After Tokenizing "['biasa', 'kena', 'masalah', 'hanya', 'pasrah', 'berdoa', 'saat', 'ut', 'ua', 'kejar', 'tagihan', 'dpa', 'berdoa', 

'bekerja', 'mood', 'tidak', 'menentu']" 

 

The next step involves assessing the importance of a word in a larger document using the TF-IDF process. 

Figure 2 shows the results of the TF-IDF calculation. 

 

 
Figure 2. TF-IDF result 
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Following the TF-IDF process, oversampling becomes necessary due to instances where a specific class's 

data quantity is significantly lower than that of other classes. The following is the difference in data before 

oversampling presented in Figure 3 and after oversampling presented in Figure 4, Figure 5 shows the 

oversampling results data. 

 

 

 
Figure 3 Data before oversampling 

 

 
Figure 4 Data after oversampling 

 



 

Scientific Journal of Informatics, Vol. 11, No. 4, Nov 2024 | 1115  
 

 
Figure 5. Oversampling result 

 

After performing oversampling to balance the amount of data between the majority and minority classes, 

this research use cosine similarity to measure the similarity of objects in a fixed dataset. By increasing the 

amount of minority-class data, the model will be better at recognizing patterns in that class.  Furthermore, 

uses cosine similarity to compare and measure the similarity between the representation vectors. This metric 

is crucial as it enables us to recognize relationships among more similar objects, even in the presence of 

class imbalance. This improves the accuracy of the model in determining the minority class after 

oversampling. Figure 4 presents the results of the cosine similarity calculation. 

 

 
Figure 6. Cosine similarity result 

 

After calculating the cosine similarity to determine the similarity of objects in the dataset, the next step is 

to model using K-Nearest Neighbors (KNN). The cosine distance aligns the feature vectors by establishing 

proximity between corresponding data points, say, documents or entities. The KNN employs cosine 

similarity distance at a mode or modeling stage to define new data by selecting the k number of nearest 

neighbors that fit a classification. The larger the cosine similarity value or the smaller the distance, the 

higher the likelihood that the new data would inherit and share a label or category with that of the neighbors. 

The algorithm is highly effective in classifying or regressing tasks using the cosine similarity score, 

particularly when the data used has varying dimensions. 
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By training a database with this value of n_neighbors, KNN is derived in this study to be equal to 2 with a 

final accuracy figure of up to 82.69%, average precision value, recall value of 83%, and F1-Score of 82%. 

The most accurate label topped the performance scores, achieving the highest precision of 100 % and an 

F1 score of 96%. Additionally, the Depression label showed promising results, with a 93% recall rate and 

an 88% F1 score. 

Figure 7. KNN with training data 

 

After training the model with training data with n_neighbors = 2 and achieving 82.69% accuracy, the next 

step involved validating the model with validation data was carried out. At this stage, the model underwent 

testing using the validation data, which comprises data unseen by the model previously, to assess the 

model's capability to generalize the learned patterns from training. Evaluation scores of 82.35% in model 

performance evaluation, with an average precision value of 83%, recall of 82%, and f1-score of 80%. 

Anxious label achieved the highest precision rating of 100% and f1-score of 97%, followed by the 

Depression label with an f1-score of 82% and a recall rating of 100%. 

 

 
Figure 8.  Evaluation KNN model with validation data 

 

Following the model training with validation data using the parameter n_neighbors = 2, which resulted in 

an accuracy of 82.35%, the subsequent step involved evaluating the model with the testing data. During 

this stage, the model underwent testing with a dataset entirely distinct from the training and validation data 

to ensure thorough evaluation against new data. The anxious label demonstrated the highest performance, 

attaining 100% precision, 100% recall, and 100% f1-score. 
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Figure 9. Evaluation KNN model with testing data 

 

Creating a model for mental health testing is the next step. The system aims to diagnose mental health 

disorders in individuals using input data, such as symptoms or psychological responses. The system can 

use the trained and tested KNN model to classify a patient’s mental health condition based on test results, 

surveys, and other observational data. With an accuracy of 84.62% from previous tests, the model has 

demonstrated the ability to make predictions with a high success rate. The initial recommendations or 

diagnoses provided by the system assist mental health professionals in making further decisions, enhancing 

the process of diagnosing and treating patients. 

 

 
Figure 10. System prediction results 

 

After the model was applied in the mental health diagnosis system and tested with new data, the KNN 

method model provided good accuracy of 88.46% by producing predictions of mental health depression for 

new cases that had been tested on the mental health diagnosis system. 

 

DISCUSSION 

Research conducted by U. Bancin, B. Bustami, and L. Rosnita [29] with the title “Expert System for 

Diagnosis of Mental Health Disorders in Students Using Case-Based Reasoning Method With a Web-Based 

Positive Psychology Approach”, It found that the Case-Based Reasoning Method with the Jaccard 

Similarity Coefficient works by looking for similarities between new cases and old cases that are stored in 

the knowledge base. Problem-solving is obtained from the oldest case with the highest similarity. The 

knowledge base stores symptoms associated with mental disorders such as panic, anxiety, stress, and 

depression, which serve as the basis for the calculation of similarity. The expert systems have proven 

effective in applying the case-based reasoning method to determine the possibility of mental health 

disorders in students, based on the symptom data selected in the system.. The study tested the system using 

20 test data points containing four categories of disorders and 38 symptoms, achieving an accuracy rate of 

85%. 

 

The study's results demonstrate a systematic approach to diagnosing mental health conditions using 

structured data comprised 238 cases with mental condition labels, which were further divided into 35 

anxiety cases, 48 depression cases, 93 normal cases, and 62 stress cases. This research partitioned the data 
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into 80% training data, 20% test data, and used 20% of the training data as validation data. d as validation 

data. This study conducts several stages of the text mining process on the training data, which include data 

cleaning, stopword removal, normalization, and tokenization, all aimed at generating more consistent and 

representative data. It then continues this stage by calculating the weight of important words in the 

document using TF-IDF.  

 

Then oversampling to overcome the imbalance in data between classes, enabling the model to recognize 

patterns in the minority class. In addition, the calculation of similarity between data using cosine similarity 

helps the model to recognize patterns even in unbalanced data. Subsequently, the K-Nearest Neighbors 

method was applied, utilizing cosine similarity to assess the proximity between data points. In this research, 

the optimal K value was determined to be 2, resulting in an accuracy of 82.69% on the training data, with 

an average precision of 85%, recall of 83%, and an F1-score of 82%. The anxious label has the highest 

precision, which is 100%, and F1 score of 96%, followed by the depression label with a recall of 93% and 

F1 score of 88%. 

 

Validation data evaluation showed an accuracy of 82.35%, averaging a precision 83%, with a recall value 

of 82%, and F1 score of 80%. As stated earlier, anxiety -the label had the highest performance with a 

precision 100%-and an F1 score of 97%. The final evaluation of the test data yielded improved results, with 

an accuracy of 84.62%, an average precision of 88%, a recall of 85%, and an F1 score of 84%. The anxiety 

label achieved maximum performance with a precision, recall, and F1 score of 100% each. 

 

KNN-trained and tested models like these can be utilized for mental health diagnosis systems. This system 

can predict the mental states of individuals based on their reported symptom data or psychological 

responses, thereby assisting mental health professionals in making informed decisions. This particular 

feature highlights the significant potential in identifying mental states using KNN-based systems. 

 

CONCLUSION 

This study successfully developed a K-Nearest Neighbors (KNN)-based model for mental health diagnosis, 

achieving a significant level of accuracy. It has been demonstrated that the data processing steps, involving 

text mining, oversampling to address imbalanced data, and cosine similarity calculations, enhance the 

model's performance. With an optimal value of K equal to 2, the model achieved 84.62% accuracy for the 

test data besides an average precision of 88% and recall of 85% and F1-score of 84%. The anxiety label 

demonstrated the highest attained performance with perfect precision, recall, and F1-score (100%). 

 

These results demonstrate that the KNN model can effectively diagnose mental health conditions based on 

symptom data or psychological responses. The developed system would significantly aid professionals in 

expediting processes, enhancing diagnostic accuracy, and guiding decision-making for improved mental 

healthcare. 

 

Further research can focus on utilizing other machine learning algorithms such as SVM or Deep Learning 

to enhance model accuracy. Expanding the model by including additional diagnostic classes (e.g., bipolar 

disorder or schizophrenia) can broaden the scope of diagnosis. 
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