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This study conducts a comparative analysis of depression in Malaysia 
and Argentina using a machine learning approach. By analysing datasets 
from the National Health and Morbidity Survey (Malaysia) and the Open 
Science Framework (Argentina), the study identifies key factors 
contributing to depression and evaluates the performance of various 
machine learning models, including Classification and Regression Tree 
(CART), Random Forest (RF), k-Nearest Neighbour (k-NN), Naïve Bayes 
(NB), and Support Vector Machine (SVM). The findings reveal socio-
economic and demographic variables significantly influencing 
depression in both countries. CART and RF emerged as the most 
effective algorithms, where CART achieving the highest accuracy 
(97.41% for Malaysia and 83.03% for Argentina) and F1-scores 
(96.13% for Malaysia and 83.22% for Argentina). SMOTE oversampling 
significantly improved model performance by addressing class 
imbalance. The results highlight the importance of culturally sensitive 
predictive models for mental health and provide valuable insights for 
targeted interventions and policies in Malaysia and Argentina. 
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1. Introduction 

Depression, often termed a silent epidemic, profoundly impacts the lives of countless individuals worldwide. 
This complex disorder, characterized by persistent sadness, hopelessness, and disinterest in daily activities, 
affects people of all ages and socioeconomic backgrounds [1]. Its toll on healthcare systems and society 
underscores the urgent need for effective strategies to address this pressing issue. 

Scientific advancements in recent years have highlighted the multifactorial nature of depression, with 
genetic predispositions, environmental influences, and psychosocial factors playing pivotal roles in its onset and 
severity [2]. These discoveries emphasize the importance of innovative approaches to better understand and 
treat this condition. 

In Malaysia, mental health issues have led to greater efforts to raise awareness and improve access to care, 
showing how important mental well-being is for a good quality of life [3]. Despite these efforts, there are still 
gaps in understanding and managing depression, especially in rural areas where mental health services are 
harder to access. Cultural stigma also makes it challenging for people to seek help. Malaysia's diverse population 
of Malay, Chinese, and Indian communities adds complexity, as different cultural beliefs shape how mental 
health is viewed and addressed. Socio-economic factors, like income differences and the urban-rural divide, 
further affect the levels and treatment of depression, highlighting the need for targeted, culturally sensitive 
solutions. 

Similarly, mental health challenges are worsened by socioeconomic inequality and poor access to care, 
especially in rural areas [4]. The country’s mix of European and indigenous cultures gives insight into how 



Enhanced Knowledge in Sciences and Technology Vol. 5 No. 1 (2025) p. 334-345 335 

 

 

depression affects different groups of people. The COVID-19 pandemic made things worse, with higher rates of 
depression, anxiety, and stress reported during long periods of isolation [5]. Argentina’s health data, from the 
Open Science Framework (OSF), provides an opportunity to create predictive models to better understand and 
address depression. The availability of this dataset has played a crucial role in analysing the impact of socio-
economic factors, cultural diversity, and pandemic-induced stress, offering valuable lessons for improving 
mental health care and creating more effective, data-driven solutions. 

Machine learning-based predictive modelling offers hope in addressing these challenges. By leveraging data-
driven approaches, healthcare providers can gain deeper insights into the complex factors contributing to 
depression [6]. Advanced algorithms can continuously learn and improve from new data, enhancing their 
accuracy in predicting depressive symptoms and tailoring treatments to individual needs [7]. This ability to 
personalize care represents a transformative shift in mental health management. 

This study seeks to fill critical gaps in understanding and predicting depression in Malaysia and Argentina 
by focusing on three key areas such as identifying the specific variables contributing to depression in each 
country, developing advanced machine learning models for early detection, and conducting comparative 
analyses to understand similarities and differences in mental health outcomes. By examining depression in two 
distinct socio-cultural and economic contexts, the research aims to enhance culturally sensitive approaches and 
advance mental health studies in diverse populations. 

2. Methodology 

2.1 Data 

Data for Malaysia is sourced from the National Institute of Health (NIH) via the National Health and Morbidity 
Survey (NHMS, 2019), comprising 5,149 entries with 9 variables. Table 1 outlines key variables, such as state, 
gender, age group, and depression status. Similarly, data from Argentina, retrieved from the Open Science 
Framework (OSF), includes 1,101 entries with 10 variables, including education, mental health history, and 
depression scores in Table 2. Both datasets are in Excel format and provide crucial insights into the factors 
influencing depression in each country. 

Table 1 Variables in the dataset related to depression in Malaysia 

Variables Description Data Type 

state State Categorical 

sex Gender Categorical 

agegp Age group Categorical 

race Ethnicity Categorical 

marital Marital status Categorical 

education Education level Categorical 

occu_5gp Occupation group Categorical 

HHincome_gp Household income group Categorical 

Depression_status Depression status Categorical 

Table 2 Variables in the dataset related to depression in Malaysia 

Variables  Description   Data Type   

Education Education level Categorical 

Sex Gender   Categorical 

Age Age  Numerical / Continuous 

Mental disorder history Mental health history Categorical 

Suic attempt history  Suicide attempt history   Categorical 

Living with somebody   Household members Categorical 

Economic income Household income Categorical 

Suic risk Suicide risk Categorical 

Anxiety state State of anxiety Categorical 

Depression Depression score Categorical 
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2.2 Data Preprocessing 

Preprocessing converts raw data into usable information by addressing issues such as noise, redundancy, and 
imbalance [8]. Certain variables were excluded during preprocessing due to irrelevance to the study. To resolve 
imbalanced data, oversampling techniques like the Synthetic Minority Oversampling Technique (SMOTE) are 
applied, as they enrich feature diversity and reduce the risk of overfitting [9]. SMOTE specifically handles class 
imbalance by generating synthetic data for the minority class. Instead of duplicating existing cases, it creates 
new samples by combining features of a target case with its nearest neighbours. This approach enhances data 
diversity and ensures a more balanced representation of classes in the dataset [10]. By doing so, SMOTE enables 
the machine learning algorithms to learn effectively from both majority and minority classes, leading to 
improved predictive accuracy and fairness. Below are the steps describing how SMOTE works. 
 
SMOTE Steps: 
Step 1: Decide the amount of synthetic data (N) needed. 
Step 2: Select a minority class data point as a starting point. 
Step 3: Find Nearest Neighbours 
Step 4: Generate Synthetic Data 
Step 5: Repeat until the dataset is balanced. 

2.3 Machine Learning Models 

2.3.1 Classification and Regression Tree (CART) 

CART identifies optimal splits using the Gini Index shown. It is particularly useful for handling categorical and 
numerical data and provides an interpretable decision-making structure. The Gini Index equation (1) and the 
data partitioning equation (2) are as follows: 

 
 

 
 

(1) 
 
 
 
(2) 

Here, D is the dataset,  p  is the probability of category i, and D1, D2 are binary splits. CART's versatility makes it 
ideal for diverse datasets [11]. 

2.3.2 Random Forest (RF) 

RF builds multiple decision trees using bootstrapped samples, with final predictions determined by majority 
voting [12]. This ensemble method enhances generalization and reduces overfitting. 

2.3.3 k-Nearest Neighbour (k-NN) 

k-NN classifies data based on proximity to 𝑘 neighbours [13]. he optimal k value is determined through cross-
validation to balance bias and variance using equation shown below (3): 

    
 

Distance between points x and y is determined using Euclidean distance equation [14]. The equation show in 
(4):  

 

2.3.4 Naïve Bayes (NB) 

NB applies Bayes' theorem [15] assuming feature independence. It is particularly efficient for text classification 
and problems also with categorical variables: 

 

where in equation (5)  is the posterior probability of outcome  given predictor . 

     (5) 
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         (4) 
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2.3.5 Support Vector Machine (SVM) 

SVM separates classes using a hyperplane, maximizing the margin between data points. This involves two 
optimization approaches [16] Kernel functions are used to handle non-linearly separable data, making SVM 
effective for high-dimensional spaces. The steps on SVM works are as follows: 
 
Step 1: Preprocess the dataset. 
Step 2: Select a kernel function. 
Step 3: Define the margin type. 
Step 4: Train the model. 
Step 5: Tune the hyperparameters. 
Step 6: Evaluate the model. 

2.3.6 Model Performance 

Examining the performance of a model is crucial once it’s developed. Therefore, in this study, the effectiveness of 
all prediction models, each employing different machine learning algorithms, will be determined using 
performance indicators such as confusion matrix, accuracy, precision, recall and F1-score [17]. Equations shown 
in (6), (7), (8), (9) represent the Accuracy, Precision, Recall and F1-score respectively: 

 
 

 

  

 

Next, on the variants of F1-score which is the macro and weighted averages equation shown in equation (10) 
and (11). The macro averages equation: 

     

Followed by the weighted averages: 

  

where the equation (12) for the wi: 

 

Here, TP, TN, FP, and FN represent True Positives, True Negatives, False Positives, and False Negatives, 
which are the key components used in the calculation of the confusion matrix, recall, precision, and F1-score. 

Next, the macro F1-score is calculated by taking the F1-score for each class individually and averaging them. 
Where in the equation, N represents the total number of classes. precisioni refers to the precision for class i, and 
recalli  refers to the recall for class i. On the other hand, the weighted F1-score adjusts the average F1-score by 
giving more importance to larger classes. Where in the equation, TPi represents the true positives for class i, and 
FNi  represents the false negatives for class i [17]. 

          (6) 
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3. Results 

3.1 Data 

Data preprocessing included variable selection and oversampling. Variable selection reduced Malaysia's 
variables from 41 to 9 and Argentina's from 13 to 10, targeting relevant factors to avoid overfitting and enhance 
model performance. Oversampling with SMOTE addressed class imbalance, creating balanced datasets to 
improve model predictions.  

Fig. 1(a) and Fig. 2(a) show the original class distribution in the Malaysia and Argentina datasets, where the 
majority class had significantly more samples than the minority class. This imbalance could cause the model to 
favour the majority class, leading to biased results. 

After applying SMOTE, Fig. 1(b) and Fig. 2(b) display a balanced class distribution. SMOTE generated 
additional synthetic data points for the minority class, ensuring an equal representation of both classes. This 
balancing step helped the model learn from both classes effectively, reducing bias and improving its overall 
performance. 

 

Fig. 1 (a) The imbalanced class distribution for Malaysia dataset (b) The balanced class distribution for Malaysia 
dataset 

    

Fig. 2 (a) The imbalanced class distribution for Argentina dataset (b) The balanced class distribution for 
Argentina dataset 
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3.2 Factors Affecting Depression in Malaysian Adults (CART) 

 

Fig. 3 CART for Malaysia’s Data 

Fig. 3 shows the Classification and Regression Tree (CART) model applied to the Malaysia dataset which 
identified several key factors increasing the likelihood of depression among Malaysian adults. The model 
highlighted geographical locations as significant, with individuals living in states such as Melaka, Negeri 
Sembilan, Pahang, Penang, Perak, Perlis, Selangor, Terengganu, Sabah, Sarawak, and the Federal Territories 
(Kuala Lumpur, Labuan, and Putrajaya) are being more likely to experience depression. Gender was also played 
a crucial factor, with women, particularly those living in the mentioned states and earning a household income 
below RM4000, exhibiting a higher likelihood of depression. Interestingly, women with lower incomes in other 
states such as Johor, Kedah, Kelantan, and others also showed an increased depression risk, with this risk being 
particularly high in Perlis, Selangor, Terengganu, Sabah, Sarawak, and the Federal Territories. 

Income level had a notable impact on depression risk with individuals earning above RM4000 generally 
having a lower chance of depression. However, older individuals aged 65-84, still faced a higher likelihood of 
depression despite their higher income. Age also played as a contributing factor, with younger individuals (15-
69 years old) showing lower depression risk if they had higher incomes, although those in certain states still had 
significant risk. The model also revealed gender-specific patterns, with men in most states having a lower chance 
of depression, except for those in Putrajaya. However, young men aged 15-24, especially those in the Federal 
Territories, exhibited a higher risk.  

Education level, particularly low education (no formal education or only primary or secondary education), 
was associated with higher depression risks, especially in individuals from states like Johor, Kedah, Kelantan, 
and others, and those identifying as Indian, or coming from minority groups in Sabah and Sarawak. Moreover, 
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Malay and Chinese individuals aged 15-49 were more likely to experience depression, along with older adults 
aged 50-84 who were widowed. Finally, specific combinations of state, race, and income were strongly 
associated with high depression risk, such as Indian individuals in Johor, Kedah, and Kelantan with low 
household incomes. These insights can guide targeted mental health interventions aimed at groups at higher risk 
of depression. 

3.3 Factors Affecting Depression Among Argentine Adults Using CART 

 
Fig 4. CART for Argentina’s Data 

The CART model in Fig. 4 applied to the Argentina dataset identified several critical factors that contribute to 
depression risk among Argentine adults, focusing on anxiety levels, suicide risk, age, education, and economic 
status. The analysis found that individuals with moderate to high levels of anxiety and those with a low to 
moderate suicide risk, particularly those who experience suicidal ideation, are more likely to experience 
depression. Furthermore, depression risk is significantly elevated in individuals who have a high suicide risk and 
a history of suicide attempts, even when they live with others, suggesting that the presence of a support system 
does not always mitigate vulnerability to depression. 

Educational background was also a significant factor, with individuals who had only a high school education, 
combined with high suicide risk and previous suicide attempts, being at greater risk of depression. This risk was 
especially pronounced among females who had low anxiety levels but high suicide risk and a history of suicide 
attempts. Age also played a role, with individuals aged 18-24, who had low to moderate suicide risk and 
experienced suicidal ideation, showing an increased likelihood of depression. The model emphasized that prior 
suicide attempts were a strong indicator of depression, even in cases where the current suicide risk was low. For 
adults aged 25-44, the combination of stable income and a history of mental health issues suggested a higher 
risk of depression, although even individuals without a mental health history but with a suicide attempt were at 
an increased risk. Overall, the CART analysis for Argentina identified a combination of mental health history, 
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anxiety, age, education, and economic stability as crucial factors that determine depression risk, highlighting the 
need for targeted mental health programs that address these factors to reduce depression in the population. 

3.4 Confusion Matrices for Malaysia Dataset 

Table 3 Confusion Matrix of CART algorithms for Malaysia dataset 

 Actual Values   

Predictive Values   Positive (1)   Negative (0)   

Positive (1)   1375 130 

Negative (0)   30 10 

Table 4 Confusion Matrix of RF algorithms for Malaysia dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   1410 95 

Negative (0)   35 5 

Table 5 Confusion Matrix of k-NN algorithms for Malaysia dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   1217 288 

Negative (0)   29 11 

Table 6 Confusion Matrix of NB algorithms for Malaysia dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   1217 288 

Negative (0)   29 11 

Table 7 Confusion Matrix of SVM algorithms for Malaysia dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   1217 288 

Negative (0)   29 11 

Table 8 Compilation on Confusion Matrix for Malaysia dataset 

Algorithm True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN) 
CART 1375 10 130 30 

RF 1410 5 95 35 
k-NN 1217 11 288 29 

NB 1217 11 288 29 
SVM 1217 11 288 29 

 
For the Malaysia dataset as shown in table 8, CART exhibited the highest true positive rate, with 1375 TP, 

but struggled with lower true negative values. RF balanced TP (1410) and TN slightly better than CART. 
However, k-NN, NB, and SVM had similar performances, with lower overall TP and TN counts, making them less 
effective for this dataset. 



342 Enhanced Knowledge in Sciences and Technology Vol. 5 No. 1 (2025) p. 334-345 

 

 

3.5 Confusion Matrices for Argentina Dataset 

Table 9 Confusion Matrix of CART algorithms for Argentina dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   191 33 

Negative (0)   23 83  

Table 10 Confusion Matrix of RF algorithms for Argentina dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   195 29 

Negative (0)   31 75 

Table 11 Confusion Matrix of k-NN algorithms for Argentina dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   187 37 

Negative (0)   26 80 

Table 12 Confusion Matrix of NB algorithms for Argentina dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   187 37 

Negative (0)   26 80 

Table 13 Confusion Matrix of SVM algorithms for Argentina dataset 

 Actual Values   

Predictive Values  Positive (1)   Negative (0)   

Positive (1)   187 37 

Negative (0)   26 80 

Table 14 Compilation on Confusion Matrix for Argentina dataset 

Algorithm True Positive (TP) True Negative (TN) False Positive (FP) False Negative (FN) 
CART 191 83 33 23 

RF 195 75 29 31 
k-NN 187 80 37 26 

NB 187 80 37 26 
SVM 187 80 37 26 

 
In the Argentina dataset shown in Table 14, CART again led, achieving a strong TP (191) and TN (83). RF 

closely followed with higher TP (195) but slightly lower TN (75). k-NN, NB, and SVM showed comparable 
performances, being slightly more effective in non-depression cases but weaker in depression detection. 
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3.6 Performance Matrices for Malaysia and Argentina 

Table 15 Performance Matrix for Malaysia dataset 

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
CART 97.41 94.89 97.41 96.13 

RF 91.59 95.18 91.59 93.30 
k-NN 79.48 95.24 79.48 86.35 

NB 79.48 95.24 79.48 86.35 
SVM 79.48 95.24 79.48 86.35 

Table 16 Confusion Matrix for Argentina dataset 

Algorithm Accuracy (%) Precision (%) Recall (%) F1-Score (%) 
CART 83.03 83.57 83.03 83.22 

RF 81.82 81.73 81.82 81.77 
k-NN 80.91 81.56 80.91 81.14 

NB 80.91 81.56 80.91 81.14 
SVM 80.91 81.56 80.91 81.14 

 
Based on Tables 15 and 16 shown, CART consistently outperformed other algorithms in both datasets. For 

the Malaysia dataset, it achieved the highest accuracy (97.41%) and F1-Score (96.13%), with RF following 
closely. Similarly, in the Argentina dataset, CART excelled with an accuracy of 83.03% and F1-Score of 83.22%. 
RF showed balanced results, but CART maintained superiority. 

3.7 F1-Score Variants Summary 

Table 17 F1-Score Variants for Malaysia dataset 

Algorithm Macro Average F1-Score (%) Weighted Average F1-Score (%) 
CART 49 96 

RF 53 94 
k-NN 47 86 

NB 47 86 
SVM 47 86 

Table 18 F1-Score Variants for Argentina dataset 

Algorithm Macro Average F1-Score (%) Weighted Average F1-Score (%) 
CART 81 83 

RF 78 81 
k-NN 79 81 

NB 79 81 
SVM 79 81 

 
Macro and weighted F1-scores demonstrated CART's strength in balanced evaluations as shown in Table 17 

and 18. In Malaysia, RF had the highest macro average (53%), while CART dominated the weighted F1-score 
(96%). For Argentina, CART led in both macro average (81%) and weighted F1-score (83%), indicating its 
reliability in handling both balanced and imbalanced data conditions. 

To sum up, according to the F1 score and its variants, CART outperformed other models, demonstrating high 
accuracy and ease of interpretation. This suggests decision tree models are effective in identifying key 
depression risk factors. These findings can help improve mental health policies by guiding resource allocation 
and targeted intervention programs. Governments and health organizations can use this information to support 
high-risk groups and enhance early detection efforts through machine learning tools. 

4. Conclusion 

This study evaluated the effectiveness of machine learning algorithms CART, RF, k-NN, NB, and SVM in 
predicting depression risk in Malaysia and Argentina. Among these, CART stood out as the best-performing 
model in both datasets, leading in metrics such as accuracy, recall, and F1-score. Additionally, CART 
demonstrated the ability to visualize the final decision tree, providing clear insights into the key factors 
influencing depression risk. This makes CART a reliable and interpretable tool for identifying depression cases 
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in diverse populations. RF also performed well but did not perform as well as CART, while k-NN, NB, and SVM 
showed lower effectiveness, particularly in detecting depression cases. 

The use of SMOTE during preprocessing was critical in addressing class imbalances, ensuring fair 
representation of minority and majority classes. This contributed to the balanced results reflected in the macro 
and weighted average F1-scores, highlighting CART’s ability to treat all classes equitably while maintaining 
strong overall accuracy. SMOTE's role underscores the importance of preprocessing techniques like 
oversampling in improving model performance and generating meaningful insights. 

To maximize the impact of these findings, healthcare providers should integrate machine learning models 
like CART into early screening programs to improve depression detection and intervention. Policymakers should 
allocate resources to implement AI-driven mental health assessments in public health initiatives. Future 
research should explore datasets from other regions to understand how depression risk factors vary across 
different populations. Additionally, advanced machine learning models like Neural Networks, XGBoost, and 
LightGBM should be investigated to further enhance predictive power and support mental health analysis. 
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