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PAPER

Prediction of Depression via Supervised Learning 
Models: Performance Comparison and Analysis

ABSTRACT
This document Among all the various types of mental and psychosocial illnesses, the most com-
monly occurring type is depression. It can cause serious problems such as suicide. Therefore, 
early detection is important to stop the progression of this disease that could endanger human 
lives. Predicting and detecting early-stage depression using machine learning (ML) techniques 
is a promising strategy. This study’s main purpose is to assess which ML techniques are highly 
appropriate and accurate regarding such diagnoses. Six supervised ML techniques namely: 
K-nearest neighbor (KNN), Random Forest (RF), Logistic Regression (LR), Decision Tree (DT), 
Support vector machine (SVM) and Naive Bayes (NB) were applied on dataset collected from 
Kaggle and compared for their accuracy (ACC) and performance in predicting depression. 
The performance of each model was evaluated using 10-fold cross-validation and evaluated 
in terms of ACC, F1-score, Precision (PR), and Sensitivity (SEN). Based on the experimental 
results analysis, we can conclude that SVM and LR performed better than all other methods 
with an ACC of 83,32%. Therefore, we found that a simple ML algorithm can be used to assist 
clinicians and practitioners predict depression at an early stage, with excellent potential util-
ity and a considerable degree of ACC.
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1	 INTRODUCTION

The world is advancing rapidly due to human and technological skills. To cope 
with the world’s rapid pace of change, people constantly place stress on their bod-
ies and minds that negatively affects their health, especially their mental state. 
A popular mental disorder is depression and all individuals, at a particular time in 
their lives, are depressed. Depression is a mental disorder that can be recognized 
by different symptoms leading to functional impairments in activities of daily 
living [1]. 
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According to the World Health Organization (WHO), depression is the most 
prevalent mental illness, affecting more than 300 million people worldwide [2]. 
Because of the severity of that problem, many health researchers have chosen 
to concentrate their research on this field. It represents a significant challenge to 
healthcare systems. That is why it is considered as the leading factor in non-fatal 
health loss. It leads to an inability to accomplish daily functions, and people with 
depression lose their interest and enjoyment in the activities they usually like to 
do [3]. As a result of depression many chronic diseases, like diabetes [4], [5] and 
heart disease [6], etc., can be developed in depressed people. The reason why it is 
the second most important factor in the development of chronic diseases [7], [8]. 
Suicide cases may be prompted on by severe depression, which may have, in long-
term, a detrimental effect on the country’s socioeconomic situation as well [7]. 
Before counselling a person for depression, the most crucial task is to identify if the 
person is depressed or not. Therefore, a predictive model is needed to determine if 
individuals are at risk for becoming depressed. ML has generated significant inter-
est from researchers in the development of intelligent digital health procedures [9]. 
These procedures have the power to potentially transform healthcare and provide 
robust outcomes for the healthcare professionals and patients [10]. However, the 
use of ML techniques to recognize and forecast depression has received very little 
attention. The prediction of depression in the future is significant as it enables pre-
ventive procedures to be implemented to ease the burden of depression. In order 
to close this gap, this research offers a cutting-edge alternative. The objectives of 
this research are 1) to predict depression disease outcome using ML techniques  
2) to compare ML techniques to obtain better performance and identify the classi-
fiers that are able to predict depression disease efficiently enough to be clinically 
useful. We have used six algorithms namely KNN, RF, NB, LR, DT and SVM to exe-
cute our model to determine and predict depression disease, using online depres-
sion dataset from kaggle. 

The remaining sections are arranged as follows: After providing an overview 
regarding depression occurrence, selected background literature in this area was 
reviewed in Section 2. Subsequently, a deep explanation of the algorithm implemen-
tation process is described in Section 3. Thus, the comparison of the outcomes based 
on four metrics has been discussed in Section 4. Finally, the Paper was concluded in 
Section 5, presenting some possible areas for further work.

2	 LITERATURE REVIEW

Several researches have successfully investigated prediction techniques for 
depression diagnosis. An overview of studies is provided below based on these three 
selection criteria: (1) the study concerns depression; (2) it employs ML algorithms; 
and (3) it evaluates and measures depression using predictive models. 

Anu Priya et al. [11] performed prediction of depression using five ML algorithms –  
namely DT, RF, NB, SVM and KNN. The data was collected through the DASS-21 
questionnaire from 348 participants aged 20–60 years, to rank the Depression, 
Anxiety and Stress Scale. According to the results, the best ACC depression scales 
was obtained by NB [11].

Arkaprabha Sau and Ishita Bhakta [12] studied the prediction of anxiety and 
depression in the older patients using the ML methods. Data collection was done 
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from 520 geriatric patients in the period of January to August 2016. All patients were 
assessed for anxiety and depression using the Hospital Anxiety and Depression Scale 
(HADS) by the investigator. A total of ten classifiers including Bayesian network (BN), 
logistic, multi-layer perceptron (MLP), NB, RF, random tree (RT), J48, sequential min-
imum optimisation (SMO), random subspace (RS) and K-star (KS) were applied and 
evaluated. The highest ACC was achieved by RF. The same RF model was also evalu-
ated on another dataset of 110 separate elderly patients for external validity. It had 
an ACC of 91% prediction and a false positive (FP) rate of 10%, compared to the ref-
erence tool. The results clearly show that RF is the suitable algorithm for the dataset 
used in the study [12]. 

Ishita Bhakta and Arkaprabha Sau [13] applied ML classifiers to predict depres-
sion in the elderly. Sixty elderly people were questioned with the use of the Geriatric 
Depression Scale (GDS) to gather data. Five different learning methods were 
applied – BN, Logistic, Multi Layer Perceptron, SMO and Decision Table – and compared 
on four parameters – ACC, ROC area, PR and Root Mean Square Error (RMSE). BN per-
formed better in the percentage split tests for these four parameters [13]. 

For developing a predictive model for Postpartum Depression (PPD), a research 
study was proposed by Shuojia Wang et al. [14]. This was achieved by using six ML 
techniques, such as LR regularised by L2, SVM, DT, NB, Extreme Gradient Boosting 
(XGBoost) and RF [14]. Results from the 6 ML models using 98 predictors have shown 
that the AUC of SVM was the highest, and the lowest was for DT. Then, the SEN 
and specificity (SPE) of all algorithms were calculated. The NB had the highest SPE 
(61.6%) and the lowest SEN (86.7%) in contrast to DT model. 

Similarly, Weina Zhang et al. [15] investigated the predictors of postpartum 
depression among 508 women in China [15]. For this study, two different ML fea-
ture selection methods and two ML algorithms (SVM and RF) were combined to 
compare the impact of PPD prediction models, decide on the ideal predictive model. 
As a result, four different ML prediction models of PPD were constructed and then 
compared. The SVM and FFS-RF based model showed the highest prediction effects 
(SEN=0.69, area under the curve=0.78). 

Using ML algorithms, Sabab Zulfiker et al. [16] intended to determine the most 
appropriate ML method for detecting depression using Burns Depression Checklist 
to evaluate each participant’s actual level of depression. The data set is made of 604 
responses [16]. Their work considered six ML techniques: KNN, Adaptive Boosting 
(AdaBoost), Gradient Boosting (GB), Bagging, Weighted Voting, and XGBoost. The 
features were selected using three methods, including the Boruta feature selection 
algorithm, K-Best Features (SelectKBest), and Select Minimum Redundancy and 
Maximum Relevance (mRMR) methods were used to extract the important charac-
teristics from data. Moreover, five assessment parameters, namely SEN, SPE, ACC, 
F1-score and AUC were calculated for each model with the objective of selecting 
the most appropriate model for detecting depression. Their results showed that 
AdaBoost algorithm with the SelectKBest method is the best algorithm with high 
ACC (92.56%) and AUC (0.96).

Na et al. [9] built a ML-based predictive model for future onset of depressive 
illness within the Republic of Korea. The study was performed on 6,588 individuals 
[9] in which SMOTE was utilized to address the problems of class imbalances and 
the RF classifier was employed to build the predictive model. Overall, the SEN, SPE, 
and ACC were 0.730, 0.866, and 0.862, respectively. The study also revealed that the 
main elements influencing the appearance of depression are satisfaction with socio- 
family relationships and for health.

https://online-journals.org/index.php/i-joe
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Christopher M.Hatton et al. [16] investigated the utility of a ML approach to pre-
dict the persistence of depressive symptoms in older adults. Baseline demographic 
and psychometric data from 284 patients were used. They observed that the pre-
dictive performance of the XGBoost algorithm ML approach (mean AUC 0.72) was 
modestly superior to that of LR (mean AUC 0.67). Notably, the XGBoost performance 
was superior to that of the LR [16].

Arkaprabha Sau, and Ishita Bhakta [17] benchmarked the performance of ML 
techniques in detecting both depression and anxiety in seafarers. For this purpose, 
five ML classifiers (CatBoost, LR, NB, RF, and SVM) were evaluated using the Python 
programming language. The results showed that CatBoost outperformed over all 
other algorithms, with PR and ACC of 84.1% and 82.6%, respectively [17]. 

Choudhury et al. [1] have used three techniques to forecast depression in its early 
stages among the undergraduate students of Bangladesh. The algorithms are KNN, 
RF and SVM. The survey of this research was administred from July to September 
2018 and comprised 935 students. SVM and RF were found to have similar ACC and 
f-measures of about 75% and 60%, respectively, with RF having a greater PR, recall, 
and reduced false negatives. RF was shown to be the best algorithm [1]. Table 1 sum-
marises these studies and the models they employed.

Table 1. Research studies based on ML models

Author Patient Sample ML Algorithms Metrics for the Best Algorithm

Anu Priya et al. 2020 348 DT, RF, NB, SVM, KNN ACC = 0.855
PR = 0.822
Recall = 0.850
SPE = 0.917
F1-score = 0.836

Arkaprabha Sau, Ishita Bhakta 2017 520 BN, logistic, MLP, NB, RF, 
RT, J48, SMO, RS, KS

ACC = 89%
TP rate = 89%
PR/PPV = 89.1% 
F-measure = 89% 
AUC = 94.3%

Ishita Bhakta, Dr Arkaprabha Sau 2016 60 BN, Logistic, MLP, SMO, 
Extrem Table

ACC = 0.95 
PR = 0.95
ROC = 0.99
RMSE = 0.22

Shuojia Wanga,b, Jyotishman Pathaka, Yiye Zhanga 2019 9980 L2-regularized, LR, SVM, 
DT, NB, XGBoost, RF

AUC (SVM) = 0.79
SEN (DT) = 98.6%
SPE (NB) = 61.6%

Weina Zhang et al. 2020 508 FFS-RF, SVM, RF SEN = 0.69
SPE = 0.83
PPV = 0.68
NPV = 0.84 
Geometric mean = 0.76
ROC-AUC = 0.78

(Continued)
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Table 1. Research studies based on ML models (Continued)

Author Patient Sample ML Algorithms Metrics for the Best Algorithm

Md. SababZulfiker et al. 2021 604 KNN, AdaBoost, GB, 
XGBoost, Bagging, 
Weighted Voting, 
SelectKBest, Mrmr, Boruta

ACC = 92.56%
SEN = 91.89%
SPE = 93.62%
PR = 95.77%
F1-Score = 93.79% 
AUC = 0.96

Na et al. 2020 6588 RF ACC = 0.862
SEN = 0.730
SPE = 0.866

Christopher M.Hatton et al. 2019 361 XGBoost
LR

ACC = 74%
SEN = 0.78
SPE = 0.56
Positive predictive Value = 0.89
Negative predictive Value = 0.35 
AUC = 0.72

Arkaprabha Sau, Ishita BhaktaTo 2019 470 CatBoost, LR, NB, RF, SVM ACC = 82.6%
PR = 84.1%
Roc = 0.882s

Choudhury et al. 2019 935 KNN, RF, SVM ACC = 75%
PR = 70%
Recall = 53%
F-measure = 60%

From the above discussion, it can be said that ML is a cutting-edge approach 
in the domain of predictive models in medical sciences. Several researchers have 
implemented different ML techniques for the forecasting of psychology problems, 
and no fixed technique was found to be the most appropriate in all cases. Thus, in 
the present study, six ML algorithms were applied to predict depression.

3	 METHODOLOGY

3.1	 Data collection

To implement our predicted model in this study, an open access depression data-
set has been handled. Specifically, the dataset was retrieved through Kaggle [18] 
with a focus on individuals living in rural areas. This dataset contains 1409 patient 
records with 20 attributes, including 115 males and 1294 females with different age 
distribution. 16.7% of the patients are depressed and 83.3% are normal, as shown in 
Figure 1, while Table 2 describes full attributes information.

https://online-journals.org/index.php/i-joe
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16.70%

83.30%

Depressed Not depressed

Fig. 1. Distribution of participants with and without depression

Table 2. Attributes description

No Attribute Name Attribute Type
1 Age predictor

2 Married predictor

3 Number of Children predictor

4 Education predictor

5 Total Members predictor

6 Gained Asset predictor

7 Durable Asset predictor

8 Save Asset predictor

9 Living Expenses predictor

10 Other Expenses predictor

11 Incoming Salary predictor

12 Incoming Own Farm predictor

13 Incoming Business predictor

14 Incoming No Business predictor

15 Incoming Agricultural predictor

16 Farm Expenses predictor

17 Labor Primary predictor

18 Lasting Investment predictor

19 No Lasting Investment predictor

20 Depressed Target

The overall process for the implementation and evaluation of six supervised ML 
techniques is overviewed in Figure 2 and detailed afterwards.

https://online-journals.org/index.php/i-joe
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Fig. 2. The workflow of the proposed methodology for depression prediction

3.2	 Data preprocessing

The preprocessing of data is required for all ML applications, as the performance 
of a particular ML algorithm is contingent on the manner in which the dataset has 
been prepared and structured. Data preprocessing ensures that the data is tailored 
to the specific requirements of the respective algorithm [19]. Preprocessing tech-
niques includes:

–	 Remove missing or null values, clean up noisy data, detect and eliminate outliers, 
as well as fix data inconsistencies.

–	 Performe Feature selection, out of 22 features, 20 features were selected.
–	 Normalize and aggregate Data. 
–	 Apply the synthetic minority oversampling (SMOTE) technique to achieve a syn-

thesised class-balanced dataset and improve the predictive ACC of the minority 
class [20]. 

Python version 3.3 with different libraries like Panda, Pyplot and Scikit-learn [21] 
have been utilized to conduct the study, for both exploratory data analysis (EDA) 
and data visualization. Within training datasets, depressed and non-depressed 
attendants are 215 and 1053, respectively. Since training datasets are significantly 
unbalanced, SMOTE has been employed in order to overcome the problem of class 
imbalance as shown in Table 3.

Table 3. The result of the SMOTE technique

Depression

Yes No

Before SMOTE 215 1053

After SMOTE 1053 1053

https://online-journals.org/index.php/i-joe
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In addition, exploratory data analysis (EDA) was conducted (as a heat map) for 
detecting correlations between features, and the data were plotted kde for depressed 
and non-depressed patients by age distribution, also graphically to present the distri-
bution of depression by gender and marital status. 

3.3	 Justification of the proposed techniques 

In this work, six supervised ML algorithms have been selected for depression 
prediction: LR, DT, RF, SVM, NB and KNN. The criteria behind selecting these algo-
rithms namely is that:

(a)	 All of the algorithms were extensively employed in health disorder diagnosis 
and treatment and were proven to exhibit high prediction performance [22]. 

(b)	 All used algorithms are able to address classification tasks involving several 
influencing parameters as well as modeling non-linear relationships [22].

(c)	 All techniques are among the most influential ML algorithms in the research 
community and among the top 10 ML algorithms [23].

3.4	 ML algorithms

SVM. SVM is a supervised ML model that works with classification and regres-
sion analysis. It works by finding the best possible boundary (hyperplane) between 
two or more classes of data points, based on their features. The SVM algorithm maxi-
mizes the margin (distance) between the data points and the decision boundary [22].

KNN. KNN is a supervised ML algorithm that finds the k nearest data points to 
a given input data point in the training set and then uses the labels or values asso-
ciated with these k-neighbors to predict the new one. The similarity between the 
instances can be estimated using distance measures [20].

RF. RF is a classification data technique by combining multiple DTs. It works by 
randomly selecting subsets of the training data and features to build multiple deci-
sion trees. Each tree in the forest is trained on a different subset of the data and 
features, making them different from one another [22].

LR. LR is a statistical algorithm used for binary classification, which means pre-
dicting whether a given input belongs to one of two possible categories. It works by 
estimating the probability of the input belonging to each category and then classify-
ing it based on which category has a higher probability. The algorithm uses a logistic 
function to map the input values to the predicted probabilities, and it is trained on a 
labeled dataset to learn the relationship between the input features and the binary 
output variable [24].

DT. DT is a ML algorithm that relies on a tree model to make decisions on the 
basis of input data points. The decision tree recursively divides the data into small 
sets of variables depending on the characteristic that provides the best gain in infor-
mation. The evaluation of input variables is represented by all internal nodes that 
contain at least one child node [11].

NB. NB is a probabilistic ML algorithm used for classification tasks. It works by 
calculating the probability of a given data point belonging to each possible class and 
selecting the class with the highest probability as the predicted class. The “naive” 
part of the algorithm refers to the assumption that all features are independent of 
each other, which simplifies the calculation of probabilities [11].

https://online-journals.org/index.php/i-joe
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3.5	 Performance evaluation metrics 

The effectiveness of the ML method can be evaluated using performance indica-
tors which help to ensure that the proposed models are being evaluated in a con-
sistent and objective way [25]. In this work, six classification algorithms have been 
implemented on the dataset for the purpose of finding the most performing algo-
rithm through comparing the ACC, PR, recall or SEN, F1-score. The following subsec-
tion describes briefly the performance measures:

A confusion matrix, otherwise referred as the error matrix, is a dedicated table 
for calculating the performance of a model [22]. All model parameters we used were 
calculated as follows:

	 ACC �
�

� � �
( )TP TN

�(TP TN FP FN)
	

	 PR �
�
TP�

TP� FP�
	

	 SEN �
�
TP�

TP� FN�
	

	 F -score
*(PR*SEN)

PR� SEN�
1

2
�

� 	

Where, 

–	 TP = stands for true positives and represents the number of depressed patients 
predicted by the algorithms as depressed [20].

–	 TN = stands for true negatives and represents the number of non-depressed 
patients as non-depressed ones [20].

–	 FP = stands for false positives and represents the number of non-depressed 
patients incorrectly predicted by the algorithms as depressed patients [20].

–	 FN = stands for false negatives and represents the number of depressed patients 
incorrectly predicted by the algorithms as non-depressed patients [20].

–	 ACC is the proportion of instances that a classifier correctly classified [19].
–	 SEN concerns the proportion of TP that the classifier precisely defines as data and 

detects the number of correct predictions [19]. 
–	 PR measures the percentage of expected positives that are TP [19].
–	 The F1-score retains a balanced ratio of PR to recall for a classifier [19]. 

3.6	 K-fold cross-validation

The original training set in the k-fold cross-validation (k-fold CV) is then parti-
tioned into k clusters, whereby k-1 clusters have been utilized for training the clas-
sifiers while the remaining part has been employed to verify the outperformance 
within each step [22]. The above procedure is then replicated k times for different 
folds being used as validation folds and the k-fold CV performance is the average per-
formance realized within each fold. In the present study as recommended by Kohavi 
[26], the 10-fold CV was implemented based on its strong performance [26]. For each 
fold, the 10-fold process was iterated and all training and test groups’ instances were 
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randomly distributed across the entire dataset before the selection of the new train-
ing and test sets for the new cycle. Finally, the averages of all performance metrics 
were computed after the completion of the 10-fold process.

4	 RESULTS & DISCUSSION 

4.1	 Results of EDA

For a better understanding of the dataset features, exploratory data analyses have 
been conducted. And a heat map depicting correlated values and correlations among 
the 20 attributes included in the depression dataset, as can be seen in Figure 3. The 
variable age is significantly Correlated with the depression attribute with a value of 
0.1, although other attributes such as number of children, total number of members, 
and durable goods exhibited a weak correlation with the output. As a whole, age is 
strongly related to outcome and is considered as a relevant driver of depression. 

Density distribution of participants with and without depression is depicted in 
Figure 4. It is evident that persons aged 20 to 38 years are the most affected popula-
tion in the applied dataset. Thus, the graph indicates that age is a significant param-
eter for depression.

Fig. 3. Correlation matrice between all features

https://online-journals.org/index.php/i-joe
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Figure 5 is a bar plot representing distribution of depression by gender and 
marital status. According to the applied dataset, it can be seen that Unmarried men 
are more depressed than married men, contrary to women who are more depressed 
after marriage. Additionally this graph indicates that male patients benefit more 
from marriage than female patients to avoid having depression.

Fig. 4. Depressed and non-depressed individuals by age 
distribution

Fig. 5. Distribution of depression by gender and marital status

4.2	 Results of ML analysis

For this particular section, the performance of the chosen classifier models will 
be evaluated using a variety of lenses. All the above classification algorithms have 
been used with ten cross-validation procedures across the dataset. Data have been 
divided into training data (80%) and test data (20).

The various cross-validation performance metrics have been benchmarked in 
order to assess the algorithm with the highest performance in predicting depression 
occurence. Table 4 highlights all performance measures of the used classification 
algorithms for instance, SEN, SPE, ACC, and F1-score.

Table 4. Comparison of all the algorithms

Algorithms ACC% SEN 
%

PR 
% F1-Score % Correctly 

Classified Instances
Incorrectly 

Classified Instances

LR 83.32 100 85 92 121 20

SVM 83.32 100 85 92 121 20

KNN 83.17 99 85 92 121 19

RF 80.76 98 86 91 119 19

NB 80.76 95 86 90 114 18

DT 71.39 78 84 81 94 15

https://online-journals.org/index.php/i-joe
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5	 DISCUSSION

We can notice from Table 4 that the LR and SVM achieved the highest classifica-
tion ACC among All algorithms, reaching a 83.32% score. The next most appropriate 
algorithm to use is the k-NN, with 83.17% ACC, followed by RF and NB, which yielded 
a score of 80.76% ACC, and lastly, the DT algorithm, which obtained 71.39% ACC. The 
same ranking of the algorithms was obtained for the PR, SEN, and F1-score criteria, 
wherein LR, SVM shared first place with a 85% PR, 100% SEN, and 92% F1-score fol-
lowed by KNN with 85% PR, 99% SEN, and 92% F1-score, whereas they are low for 
all other algorithms. The correctly and incorrectly classified instances were also pre-
sented in the same table. It can be seen that the algorithms LR and SVM achieved 
the same numbers of correctly and incorrectly classified instances with 121 and 20 
instances respectively. Also, the k-NN algorithm has 122 correctly classified instances 
and 19 misclassified instances, followed by RF and NB. Lastly, the DT had the lowest 
number of correctly classified instances as well as the most misclassified instances. 
So, according to the results obtained, which are shown in Table 4, LR and SVM are the 
ML algorithms that outperform other classifiers with respect to ACC, SEN, and PR; in 
classifying depression dataset. In summary, SVM and LR was able to show its power 
in terms of effectiveness and efficiency based on accuracy and recall. Compared to a 
good amount [1], [14] of research found in literature that compare classification accu-
racies of ML algorithms, our experimental results make the highest value of accuracy 
(83,32%) in classifying depression dataset. The results of our study have implications 
for clinical practice, as they suggest that LR and SVM algorithms could be used as a 
complementary tool to aid in the diagnosis and prediction of depression.

6	 CONCLUSION AND FUTURE SCOPE

Depression is the most common mental disorder, and it is a vast area of research 
with many applications in both medicine and psychology. Using socio-demographic 
variables in predicting depression assists also the physician in detecting depression 
at the earliest stage possible. The proposed models can be applied by counsellors, psy-
chologists and universities to forecast depression which can be used to decrease the 
impact of this disease and assist individuals to live a better life. However, the dataset 
used in this study was obtained from Kaggle and may not be representative of the 
general population. Additionally, the dataset does not include clinical assessments or 
other relevant variables that may impact depression diagnosis. Moreover, we only 
tested a limited number of supervised ML algorithms and did not explore the potential 
of unsupervised learning or deep learning algorithms. Lastly, we only used cross-val-
idation to evaluate the performance of the models and did not perform an external 
validation on an independent dataset. Future work should focus on addressing these 
limitations by conducting external validation, exploring the potential of unsupervised 
and deep learning algorithms, investigating the interpretability of the models, and 
conducting longitudinal studies to assess the effectiveness of using ML algorithms for 
early detection and intervention of depression.

https://online-journals.org/index.php/i-joe


iJOE | Vol. 19 No. 9 (2023)	 International Journal of Online and Biomedical Engineering (iJOE)	 105

Prediction of Depression via Supervised Learning Models: Performance Comparison and Analysis

7	 REFERENCES

	 [1] 	 A. A. Choudhury, Md. R. H. Khan, N. Z. Nahim, S. R. Tulon, S. Islam, and A. Chakrabarty, 
“Predicting Depression in Bangladeshi Undergraduates using Machine Learning”, in 
2019 IEEE Region 10 Symposium (TENSYMP), Kolkata, India: IEEE, juin 2019, p. 789–794. 
https://doi.org/10.1109/TENSYMP46218.2019.8971369

	 [2] 	 W. H. Organization, “Depression and Other Common Mental Disorders: Global Health 
Estimates”, World Health Organization, 2017. 

	 [3] 	 A. Pigoni, G. Delvecchio, D. Madonna, C. Bressi, J. Soares, and P. Brambilla, “Can Machine 
Learning Help us in Dealing with Treatment Resistant Depression? A Review”, Journal of 
Affective Disorders, vol. 259, p. 21–26, 2019, https://doi.org/10.1016/j.jad.2019.08.009

	 [4] 	 H. El Massari, S. Mhammedi, Z. Sabouri, and N. Gherabi, “Ontology-Based Machine 
Learning to Predict Diabetes Patients”, in Advances in Information, Communication and 
Cybersecurity, Y. Maleh, M. Alazab, N. Gherabi, L. Tawalbeh, and A. A. Abd El-Latif, Éd., in 
Lecture Notes in Networks and Systems. Cham: Springer International Publishing, 2022, 
p. 437–445. https://doi.org/10.1007/978-3-030-91738-8_40

	 [5] 	 H. E. Massari, Z. Sabouri, S. Mhammedi, and N. Gherabi, “Diabetes Prediction Using 
Machine Learning Algorithms and Ontology”, Journal of ICT Standardization, p. 319–338, 
2022, https://doi.org/10.13052/jicts2245-800X.10212

	 [6] 	 H. El Massari, N. Gherabi, S. Mhammedi, Z. Sabouri, and H. Ghandi, “Ontology-Based 
Decision Tree Model for Prediction of Cardiovascular Disease”, Indian Journal of Computer 
Science and Engineering, vol. 13, no. 3, p. 851–859, 2022, https://doi.org/10.21817/
indjcse/2022/v13i3/221303143

	 [7] 	 C. Otte et al., “Major Depressive Disorder”, Nat Rev Dis Primers, vol. 2, no. 1, p. 16065, 
2016, https://doi.org/10.1038/nrdp.2016.65

	 [8] 	 L. Elderon and M. A. Whooley, “Depression and Cardiovascular Disease”, Progress 
in Cardiovascular Diseases, vol. 55, no. 6, p. 511–523, 2013, https://doi.org/10.1016/ 
j.pcad.2013.03.010

	 [9] 	 K.-S. Na, S.-E. Cho, Z. W. Geem, and Y.-K. Kim, “Predicting Future Onset of Depression 
among Community Dwelling Adults in the Republic of Korea using a Machine Learning 
Algorithm”, Neuroscience Letters, vol. 721, p. 134804, 2020, https://doi.org/10.1016/ 
j.neulet.2020.134804

	[10] 	 Z. Sabouri, N. Gherabi, H. E. Massari, S. Mhamedi, and M. Amnai, “A SWOT Analysis for 
Healthcare Using Machine Learning”, in Artificial Intelligence and Smart Environment, 
Y. Farhaoui, A. Rocha, Z. Brahmia, and B. Bhushab, Éd., in Lecture Notes in Networks 
and Systems. Cham: Springer International Publishing, 2023, p. 126–131. https://doi.
org/10.1007/978-3-031-26254-8_19

	[11] 	 A. Priya, S. Garg, and N. P. Tigga, “Predicting Anxiety, Depression and Stress in Modern Life 
using Machine Learning Algorithms”, Procedia Computer Science, vol. 167, p. 1258–1267, 
2020, https://doi.org/10.1016/j.procs.2020.03.442

	[12] 	 A. Sau and I. Bhakta, “Predicting Anxiety and Depression in Elderly Patients using 
Machine Learning Technology”, Healthc. Technol. Lett., vol. 4, no. 6, p. 238–243, 2017, 
https://doi.org/10.1049/htl.2016.0096

	[13] 	 I. Bhakta and A. Sau, “Prediction of Depression among Senior Citizens using Machine 
Learning Classifiers”, IJCA, vol. 144, no. 7, p. 11–16, 2016, https://doi.org/10.5120/
ijca2016910429

	[14] 	 S. Wang, J. Pathak, and Y. Zhang, “Using Electronic Health Records and Machine Learning 
to Predict Postpartum Depression”, p. 5. 

https://online-journals.org/index.php/i-joe
https://doi.org/10.1109/TENSYMP46218.2019.8971369
https://doi.org/10.1016/j.jad.2019.08.009
https://doi.org/10.1007/978-3-030-91738-8_40
https://doi.org/10.13052/jicts2245-800X.10212
https://doi.org/10.21817/indjcse/2022/v13i3/221303143
https://doi.org/10.21817/indjcse/2022/v13i3/221303143
https://doi.org/10.1038/nrdp.2016.65
https://doi.org/10.1016/j.pcad.2013.03.010
https://doi.org/10.1016/j.pcad.2013.03.010
https://doi.org/10.1016/j.neulet.2020.134804
https://doi.org/10.1016/j.neulet.2020.134804
https://doi.org/10.1007/978-3-031-26254-8_19
https://doi.org/10.1007/978-3-031-26254-8_19
https://doi.org/10.1016/j.procs.2020.03.442
https://doi.org/10.1049/htl.2016.0096
https://doi.org/10.5120/ijca2016910429
https://doi.org/10.5120/ijca2016910429


	 106	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 19 No. 9 (2023)

Sabouri et al.

	[15] 	 W. Zhang, H. Liu, V. M. B. Silenzio, P. Qiu, and W. Gong, “Machine Learning Models for the 
Prediction of Postpartum Depression: Application and Comparison Based on a Cohort 
Study”, JMIR Med Inform, vol. 8, no. 4, p. e15516, 2020, https://doi.org/10.2196/15516

	[16] 	 C. M. Hatton, L. W. Paton, D. McMillan, J. Cussens, S. Gilbody, and P. A. Tiffin, “Predicting 
Persistent Depressive Symptoms in Older Adults: A Machine Learning Approach to 
Personalised Mental Healthcare”, Journal of Affective Disorders, vol. 246, p. 857–860, 
2019, https://doi.org/10.1016/j.jad.2018.12.095

	[17] 	 A. Sau and I. Bhakta, “Screening of Anxiety and Depression among Seafarers using 
Machine Learning Technology”, Informatics in Medicine Unlocked, vol. 16, p. 100228, 
2019, https://doi.org/10.1016/j.imu.2019.100228

	[18] 	 “html”. https://www.kaggle.com/datasets/diegobabativa/depression (consulté le 1 2022). 
	[19] 	 M. M. Ali, B. K. Paul, K. Ahmed, F. M. Bui, J. M. W. Quinn, and M. A. Moni, “Heart Disease 

Prediction using Supervised Machine Learning Algorithms: Performance Analysis and 
Comparison”, Computers in Biology and Medicine, vol. 136, p. 104672, 2021, https://doi.
org/10.1016/j.compbiomed.2021.104672

	[20] 	 Md. S. Zulfiker, N. Kabir, A. A. Biswas, T. Nazneen, and M. S. Uddin, “An In-Depth Analysis 
of Machine Learning Approaches to Predict Depression”, Current Research in Behavioral 
Sciences, vol. 2, p. 100044, 2021, https://doi.org/10.1016/j.crbeha.2021.100044

	[21] 	 P. Ghosh et al., “Efficient Prediction of Cardiovascular Disease Using Machine Learning 
Algorithms with Relief and LASSO Feature Selection Techniques”, IEEE Access, vol. 9, 
p. 19304–19326, 2021, https://doi.org/10.1109/ACCESS.2021.3053759

	[22] 	 C. Qi and X. Tang, “Slope Stability Prediction using Integrated Metaheuristic and Machine 
Learning Approaches: A Comparative Study”, Computers & Industrial Engineering, 
vol. 118, p. 112–122, 2018, https://doi.org/10.1016/j.cie.2018.02.028

	[23] 	 H. Asri, H. Mousannif, H. A. Moatassime, and T. Noel, “Using Machine Learning 
Algorithms for Breast Cancer Risk Prediction and Diagnosis”, Procedia Computer Science, 
vol. 83, p. 1064–1069, 2016, https://doi.org/10.1016/j.procs.2016.04.224

	[24] 	 R. Katarya and S. K. Meena, “Machine Learning Techniques for Heart Disease Prediction: 
A Comparative Study and Analysis”, Health Technol., vol. 11, no. 1, p. 87–97, 2021, https://
doi.org/10.1007/s12553-020-00505-7

	[25] 	 Z. Sabouri, Y. Maleh, and N. Gherabi, “Benchmarking Classification Algorithms for 
Measuring the Performance on Maintainable Applications”, in Advances in Information, 
Communication and Cybersecurity, Y. Maleh, M. Alazab, N. Gherabi, L. Tawalbeh, and 
A. A. Abd El-Latif, Éd., in Lecture Notes in Networks and Systems. Cham: Springer 
International Publishing, 2022, p. 173–179. https://doi.org/10.1007/978-3-030-91738-8_17

	[26] 	 A. Koufakou, M. Georgiopoulos, G. Anagnostopoulos, and T. Kasparis, “Cross-Validation 
in Fuzzy ARTMAP for Large Databases”, Neural Networks, vol. 14, no. 9, p. 1279–1291, 
2001, https://doi.org/10.1016/S0893-6080(01)00090-9

8	 AUTHORS

Zineb Sabouri is pursuing her Ph.D. in Computer Engineering from the National 
School of Applied Sciences of Khouribga, her area of interest is Machine Learning, 
Intelligent Systems, Deep Learning, and Big Data. (zineb.sabouri@usms.ac.ma.)

Noreddine Gherabi is a professor of computer science with industrial and aca-
demic experience. Professor Gherabi having several contributions in information 
systems namely: big data, semantic web, pattern recognition, intelligent systems. 
(n.gherabi@usms.ma.)

Mohammed Nasri currently works at the Mathematical and Computer Science 
Department, at the ENSA of Khouribga. Mohammed does research in Artificial 

https://online-journals.org/index.php/i-joe
https://doi.org/10.2196/15516
https://doi.org/10.1016/j.jad.2018.12.095
https://doi.org/10.1016/j.imu.2019.100228
https://www.kaggle.com/datasets/diegobabativa/depression
https://doi.org/10.1016/j.compbiomed.2021.104672
https://doi.org/10.1016/j.compbiomed.2021.104672
https://doi.org/10.1016/j.crbeha.2021.100044
https://doi.org/10.1109/ACCESS.2021.3053759
https://doi.org/10.1016/j.cie.2018.02.028
https://doi.org/10.1016/j.procs.2016.04.224
https://doi.org/10.1007/s12553-020-00505-7
https://doi.org/10.1007/s12553-020-00505-7
https://doi.org/10.1007/978-3-030-91738-8_17
https://doi.org/10.1016/S0893-6080(01)00090-9
mailto:zineb.sabouri@usms.ac.ma
mailto:n.gherabi@usms.ma


iJOE | Vol. 19 No. 9 (2023)	 International Journal of Online and Biomedical Engineering (iJOE)	 107

Prediction of Depression via Supervised Learning Models: Performance Comparison and Analysis

Intelligence. Their current project is ‘Natural Language Processing (Traitement du 
langage naturel).

Mohamed Amnai is a professor from the Faculty of Sciences of Kénitra, 
Department of Computer Science and Mathematics, Ibn Tofail University, Morocco. 
The author is also an associate member of the Research Laboratory in Computer 
Science and Telecommunications (LaRIT).

Hakim El Massari is preparing his Ph.D. in computer science at the National 
School of Applied Sciences, Sultan Moulay Slimane University, Khouribga, Morocco. 
His research areas include Machine Learning, Deep Learning, Big Data, Semantic 
Web, and Ontology.

Imane Moustati is pursuing her Ph.D. in Computer Engineering from the 
National School of Applied Sciences of Khouribga, her area of interest is Internet 
of behavior.

https://online-journals.org/index.php/i-joe

