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Predictive Analysis of Mental Health Using

Machine Learning for Depression Prediction

Swati Mishra® and Divyanshi Srivastava

Abstract: This work aims to predict depression based on diverse
data using Machine Learning Algorithms. The designed model
seeks to identify early indicators of depression, providing a poten-
tial tool for proactive intervention and support in mental health
by analyzing patterns in behavioral, physiological, and contex-
tual data. Machine learning algorithms, namely decision trees,
extra trees, XGBoost, Stochastic gradient descent, grid search CV,
Stacking, and Voting classifiers, etc., are used to predict depression
in the early stage.

This study emphasizes integrating machine learning tech-
niques to enhance predictive accuracy and contribute to devel-
oping accessible and timely depression detection systems. The
F1 score was added, which helped to identify the best machine
learning algorithm among the ones applied. We have achieved an
accuracy of 92 % with random forest, which is 3% higher than the
work previously done in RF. We also achieved a 0.99 F1 score using
Linear SVM.

Keywords:
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1. Introduction

In contemporary society, mental health concerns, particularly
depression, have emerged as significant public health challenges.
The pervasive impact of depression underscores the urgency of
developing innovative approaches for its early detection and inter-
vention. In this project, our goal is to address this pressing issue by
harnessing the capabilities of machine learning techniques for the

Machine learning algorithms, depression dataset,

early prediction of depression. By leveraging diverse data, including
behavioral patterns, physiological signals, and contextual informa-
tion, the goal is to discern nuanced patterns indicative of depressive
symptoms.

Data collected various information on the patient, including
demographics, medical conditions, history, drug use, prescription
medications usage, etc. Depression is often characterized by persis-
tent feelings of sadness and disinterest and can have profound
consequences on an individual’s well-being. Traditional diagnostic
methods rely heavily on subjective assessments and self-reporting,
leading to delays in identification and intervention. The proposed
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machine learning model seeks to overcome these limitations by
extracting insights from comprehensive datasets, enabling the
detection of subtle markers that may precede clinical manifesta-
tions. Countless individuals worldwide grapple with depression, a
debilitating condition that can disrupt normal and joyful living.

From challenging daily life to the severe outcome of suicide,
the impact is profound. Primarily characterized by persistent feel-
ings of sadness and disinterest, it can have profound consequences
on individuals’ well-being. Traditional diagnostic methods rely
heavily on subjective assessments and self-reporting, leading to
delays in identification and intervention. The proposed machine
learning model seeks to overcome these limitations by extracting
insights from comprehensive datasets, enabling the detection of
subtle markers that may precede clinical manifestations.

2. Preliminaries

Machine learning algorithms are used to predict depression using
available datasets. Research has been done using different machine
learning algorithms on datasets by researchers to predict depres-
sion. The outcome of this research could pave the way for proactive
mental health strategies, providing individuals with the support
they need before symptoms escalate. M. Keerthiga et al. [2]
presented Machine Learning-based Depression Prediction using
Social Media Feeds. They used a Decision tree model using a count
vectorizer and achieved 89.19% accuracy and a recall of 89.85%.
The proposed approach in [3] concentrated on predicting
using a Logistic Regression machine learning algorithm. The
authors attained a Precision of 83% and an Fl-score of 91%. N. T.
Singh et al. [S] focused on stress detection from bio-signals such
as heart rate variability (EEG, ECG, and HRV) and performed
experiments using Machine Learning Techniques. Their results
showed that the degree of accuracy depended on the size of the clin-
ical dataset collected. A. Btabyal et al. [6] used different machine
learning algorithms like DT, LR, RBF-SVC, KNN, RF, XGB, L-
SVC, NB, and SV Con the scaled dataset using Standard Scaling.
Out of which LR, KNN, and SVC outperformed other classifiers.
D. Shi et al. [8] performed experiments on RF, DT, and SVM
machine-learning algorithms. They attained an FI score of 0.71
and an RMSE of 4.21. Mishra et al. [15] focused on cancer clas-
sification using Machine learning techniques. Mishra et al. [20]
focused on the classification of histopathological cancer images
using deep learning models. S. Mishra etal. [31] focused on the skin
cancer classification using CNN. They achieved the highest accu-
racy with the MobileNetv2 model. Mishra et al. [32] paid atten-
tion to the early detection of depression using various machine-
learning techniques. The methodology is discussed in Section 3.
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Different machine learning algorithms used for classification are
represented in Section 4. Section 5 deals with the experimental
results and discussions. Lastly, the conclusion of the work is
summarized in Section 6.

3. Methodology

This project focused on predicting depression from the collected
data of patients. The classification was done using different
machine learning algorithms, namely, Random Forest, K Nearest
Neighbor, Decision Tree, Naive Bayes, SVM (Linear and Poly-
nomial), Logistic Regression, Extra Trees, XGBoost, Stochastic
Gradient Descent, Grid Search CV, Stacking, and Voting Classi-
fier. Figure 1 illustrates the block diagram of the work done in this

paper.

3.1. The Dataset Description

The depression dataset used in this research was obtained from
the Centers for Disease Control and Prevention. Data was filled
by the participants using a questionnaire and comprised a variety
of information, including demographic, medical (age and cancer),
physical, and history of the patient. Birthplace, veteran status, and
household income are considered in demographic data. Arthritis,
body measures, blood pressure, cholesterol, alcohol consumption,
sleep disorders, smoking, etc., are also taken into consideration as
the parameters to measure the mental health of a patient. This data
is released every two years [11]. The nature of the outcome variable
is a Binary Class.

3.2. Data Pre-processing

It is pivotal for improving the accuracy of the prediction models.
The following pre-processing techniques were applied to the data.

o Feature Engineering: Feature engineering involves trans-
forming raw data into a format thatimproves a machine learning
model’s performance. It includes selecting relevant features,
creating new ones, and optimizing existing ones to enhance the
model’s ability to learn patterns and make accurate predictions.

o Filling missing values: To emulate the way all information may
not be available for every patient, missing values were filled as
“missing” or 0. Instances where people refused to answer are
treated as null values and filled with missing or 0. The null values
are filled with empty strings across the rows to a single column
to add all the values into one.

e Scaling: Scaling in machine learning refers to the process of
standardizing or normalizing the features of a dataset. Scaling
helps improve the convergence of optimization algorithms and
enhances the model’s performance.

: ML Algorithms
1 S
ClesningErocess for Classification Guips
Figure 1.
Block diagram.
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Table 1.
Model Specifications
Used Software Jupyter (6.5.2)
Language Python
Kernel Python 3.11.5 (ipykernel)
Library Scikit-learn (version 1.3.2)
Framework OSEMN
Number of Parameters Used 15

3.3. Model Training and Testing Strategy

The machine learning process begins with data collection and
preprocessing, ensuring its quality and relevance. Next, a suitable
model is selected, and a train-test split is applied. The model is
trained on the depression dataset, adjusting its parameters to mini-
mize errors and optimize performance. Different types of classifiers
are used to make predictions. Finally, the trained model is deployed
for making predictions or decisions in production environments.
A model is trained and then fitted with various default parameters
as a base. The dataset is divided into two subsets using a train-
test split. The split is around 80% for training and 20% for testing.
One-hot encoding is used for model preparation, especially as the
dataset deals with categorical variables. One-hot encoding helps
convert these categories into a numerical format that machine
learning models can understand. The quantile transformer is used
for scaling the data. K-means clustering is done on the data and
added as a feature for modeling. For evaluating model perfor-
mance, functions were written to run a classification report, make
a confusion matrix, plot an ROC curve, and plot feature impor-
tance in the case of tree-based models. The specification chosen to
perform experiments is shown in Table 1.

3.4. Proposed Model

Our proposed model is implemented in the following steps, as
shown in Figure 2.

Step 1: The dataset is taken from the Centers for Disease Control
and Prevention [11].

Step 2: Data Preprocessing begins by preparing the dataset,
handling missing values, encoding categorical variables,
and scaling features to ensure data quality and uniformity.

Step 3: Choose appropriate classifiers based on the problem’s
nature and data characteristics. Common choices include
K-Nearest Neighbors (KNN), Random Forest, Naive
Bayes, Decision Trees, and Support Vector Machines
(SVM).

Step 4: The performance of the model is assessed using various
evaluation metrics.

4. Classification Using ML Algorithms

Different classifiers, namely RF, KNN, NB, SVM, DT, ET, LR,
XGB, SGD, LR Grid Search, Stacking, and Voting classifiers, were
implemented for the classification of the dataset.
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Figure 2.

Flow of implementation of our work.

4.1. Random Forest

RF creates multiple decision trees during training and combines
their predictions for classification. Individual trees are trained on
arandom subset of the dataset. This reduces the overfitting of the
data and increases accuracy.

4.2. K Nearest Neighbors

KNN assesses the labels of K-nearest neighbors in the training set.
Widely used in supervised learning for pattern recognition, data
mining, and intrusion detection. Choosing an odd K value helps
avoid ties in classification, and cross-validation aids in determining
the optimal K. Distance metrics like Euclidean, Manhattan, and
Minkowski are employed to identify closest neighbors for query
points that are written in Equations (1), (2), and (3).

Euclidean distance (x, X;) =
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4.4. Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) uses stochastic gradient
descent optimization. SGD finds an optimal decision boundary by
separating data points into different classes in a feature space.

4.5. Extreme Gradient Boosting

XGBoost uses gradient-boosted decision trees for classification. It
works by combining predictions of individual trees and sequen-
tially adding weak learners whilst correcting errors made by existing
ones.

5. Results and Discussion

To measure the performance of the developed model, we consider
accuracy (ACC), precision (Pre), recall (Rec), and Fl-score metrics
computed along with the confusion matrix, as shown in Figure 2.
The following Equations (4), (5), (6), and (7) represent the formu-
lations of the metrics. The confusion matrices and ROC curves of
each algorithm was also plotted for evaluation of the performance
of machine learning algorithms, as shown in Figures 2, 3, 4, and 5,
respectively.

N _ Sum of diagonals (TP) (4)
ccuracy = Total number of instances
TP
P 191 =
recision TP+ FP ©)
TP
I = —
Reca TP + FN (©)

Precision * Recall
F1S = 2% —————— 7
core * Precision + Recall @)

Confusion Matrix — Figure 3 shows the confusion matrix
drawn between actual and predicted classes. In this TP, FN, FP,
and TN tell us about the True Positive, False Positive, and True
Negative.

We obtained the following results for machine learning algo-
rithms after performing our experiments on the depression dataset,
as shown in Tables 2, 3, 4, and 5 for accuracy, precision, recall, and
F1 Score, respectively. RF, KNN, SVM, XGB, SGD, Stacking, and
Voting classifiers were applied, and their accuracies were compared.

n RF achieved an accuracy of 92% as compared to [12]. Polynomial
Manhattan distance: d(x, y) = Z |2c; — ] (2) SVM achieved an accuracy of 85% as compared to [14]. KNN
i=1
1
< ’ L TreeChas
Minkowski Distance: d(x, y) = (Z(xl - y,')p) (3) Positive Negative
=1
§ 1), Fp
9
4.3. Support Vector Machine
The Support Vector Machine (SVM) identifies an optimal hyper- ;3 - L
plane in an N-dimensional space using the data points of different ’
attributes. The hyperplane then maximizes the closest points of
different attributes. Linear and Polynomial SVM were imple- Figure 3.
mented in this project. Confusion matrix.
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Table 2 Confusion Matrix For Base Random Forest
Accuracy comparison
- 0.8
References Proposed PR S
) = B
Classifiers Accuracy % Accuracy % k= o
a
Random Forest [12] 89 92 = 04
KNN [13] 84 86 not depressed 0.041 —
Linear SVM [14] 85 92
N depressed not depressed
Polynomial SVM [14] 85 85 Predicted label
XGBOOSt [12] 64 87 Confusion Matrix For K Nearest Neighbours
-0.8
SGD _ 79 depressed 0.083
E 0.6
Table 3. =
E
Ealttdeiii sl ESSS——S—S—S—S——_————— not depressed 0.095
References Proposed 0.2
Classifiers Precision % Precision % soemm—— ot depressed
Predicted label
Random FOI‘CSt - 92 Confusion Matrix For Linear SVM Base Model
KNN [13] 77 91
Linear SVM [14] 89 93 depressed 0.0077 o8
Polynomial SVM [14] 89 95 3 o6
Decision Tree - 91 2 0.4
XGBoost - 94 not depressed 0.17 0
SGD - 96
depressed not depressed
Predicted label
Table 4, Confusion Matrix For Polynomial SVM Base Model
Recall comparison L
References Proposed depressed 0.1 -0.7
Classifiers Recall % Recall % 2 T
e =0.5
Random Forest = 100 s
— -0.4
KNN - 92 not depressed 0.49 -0.3
Linear SVM [14] 85 929 -0.2
Polynomial SVM [14] 85 89 depressed not depressed
Predicted label
XGBOOSt — 91 Confusion Matrix For XGBoost Base Model
SGD - 82
-0.8
depressed 0.088
Table s. 5 06
@
F1 Score comparison @
f d = -0.4
References Propose; I— )
Classifiers F1 Score % F1 Score % -0.2
Random FOreSt [12] 80 96 depressed not depressed
Predicted label
KNN [13] 77 92 Confusion Matrix For Stochastic Gradient Descent Ba_sg BI'u'h:mhal
Linear SVM [14] 85 96 :
Polynomial SVM [14] 85 92 For
depressed 0.8
XGBoost - 93 = -0.6
SGD - 88 = -0.5
=
=
-0.4
not depressed
-0.3
achieved an accuracy of 86% as compared to [13]. We have also o
performed experiments using SGD. We achieved an accuracy of depressed not depressed )
Predicted label

79 % for SGD. We attained good precision in comparison to refer-
ences [13,14].

Table 3 shows that we achieved the highest precision of 0.96 Figure 4.
with SGD. We achieved the highest recall value of 0.99 with linear Confusion matrix of RF, KNN, SVM, XGB, and SGD.
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ROC Curve For Stochastic Gradient Descent Base Model
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Figure S.
ROC curves of RF, KNN, SVM, XGB, and SGD.

SVM, as shown in Table 4. We achieved the highest F1 score
of recall value of 0.96 with random forest and linear SVM, as
shown in Table 5. The performance of all the algorithms used
can be compared using the normalized confusion matrices for
binary classification and ROC curves, as shown in Figures 4 and 5,
respectively.

It can be observed from Figure 4 that the base random forest
correctly classified all depressed individuals as depressed (TP = 1),
96% of not depressed individuals were misclassified as depressed
(FP = 0.96), and A very tiny fraction (0.12%) of truly depressed
people were missed. Only 4.1% of not depressed people were
correctly identified. We can understand it like this for the other
models shown in Figure 4. Each point on the curve corresponds
to a specific decision threshold, showing a combination of true
positive rate (TPR) and false positive rate (FPR) values.

6. Conclusion

In this research work, different machine-learning algorithms were
applied to the collected data. Random Forest outperformed other
algorithms. We have achieved 3%, 6%, and 9% higher accuracy than
[12-14]. We attained 0.99 precision using Linear SVM, which is
better than [14]. Also, got a 0.96 F1 score higher than [12]. Depres-
sion continues to remain a life-degrading condition for millions.
The application of machine learning can prove to be a transfor-
mative step in the healthcare industry. This work highlights the
benefits of harnessing the potential of machine learning for mental

health.
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