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ARTICLE INFO ABSTRACT

Contemporary healthcare reforms are being significantly shaped by the ongoing advancements
in technology. One area where these advancements are proving crucial is in the understanding
Revised: 30 Nov 2024 and treatment of depression, which is increasingly emerging as a substantial public health con-
Accepted: 16 Dec 2024 cern. To address this issue, there is a growing interest in leveraging novel research methods and
therapeutic approaches to identify the contributing factors to depression. This study adopts an
innovative approach, utilizing machine learning techniques to carry out an exhaustive examina-
tion of diverse data sources. The primary aim is to gain a profound comprehension of the com-
plex interplay between various facets of individuals' quality of life and the presence of depression.
To undertake this investigation, the researchers have harnessed the National Health and Nutri-
tion Examination Survey (NHANES) Dataset provided by the Centers for Disease Control and
Prevention, a rich source of valuable health-related information.
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In this study, the focus is on exploring the behavioral and social dimensions of numerous subjects
and their intricate connections to depression. To achieve this, a diverse array of machine learning
classifiers has been deployed, including the Decision Tree Classifier, Random Forest Classifier,
Gaussian Naive Bayes, KNN Classifier, Logistic Regression, Support Vector Machine Classifier,
and Multilayer Perceptrons. By applying these classifiers, the researchers aim to assess their per-
formance across various metrics, providing valuable insights into which models are best suited
to discern the connection between depression and aspects of quality of life.
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1. INTRODUCTION

"Depression” is one of the most hazardous and complex psychological diseases in the world and is thought to be the
primary cause of the sickness burden of all disorders. As a result, many researchers in the fields of science and
medicine have focused on the study of depression. By 2030, depression would be among the top illnesses and causes
of mortality, according to WHO. Depression's effects last and continue to have a detrimental impact on a person's
performance and quality of life (QoL) even after they get effective therapy. The term "quality of life" refers to several
dimensions of an individual's existence, such as their mental, emotional, and physical health. Numerous academics
and medical professionals are researching these characteristics because they provide insight into people's
perspectives on life. Like this, it centres on two aspects: (1) being knowledgeable about the relationships between
food consumption, depression, and patient quality of life; and (2) finding out how to improve psychosocial results
and patient quality of life. Some people keep their problems with money, relationships, and sexuality private until
someone asks them about them. Therefore, the evaluation of QoL traits reveals these people's underlying issues more
accurately and results in greater care. Over the last 30 years, a great deal of research has been done in several medical
specialties to investigate quality of life. Especially in the fields of psychology and psychiatry, it is important to
understand how QoL relates to mental health issues. The association involving depression and QoL characteristics
may be found using machine learning's larger search capability for QoL components.

Healthcare remains among the most significant global concerns, regardless of the state of the nation or its level of
development. To improve quality of life, intelligent, efficient, and secure medical systems are being developed as a
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global priority. Researchers from a variety of fields have been drawn to the fields of neuroscience and psychological
science by the initial investigations of human behaviour. This also holds true for the quickly expanding domains of
machine learning and computer science research. For medical professionals and institutions, determining whether
an individual has psychological issues is a recurring challenge, particularly with the patients who are younger. Recent
research has demonstrated that machine learning and deep learning are capable of recognising mental health issues
in individuals and comprehending how such issues affect lifestyle choices. The most significant alteration in human
growth that can be observed everywhere is a shift in mental health. Because of this, it is believed that the two primary
illnesses associated with ageing are mental health conditions including depression and anxiety. Both negatively
impact the quality of life (QoL) of patients and impede their capacity for decision-making. This causes a great deal of
misery, which frequently culminates in self-harm or suicide.

The application of Al technology in recent years and machine learning has proven to be a great tool for understanding
and analyzing human behavioral patterns and decision-making capabilities. Machine learning is one of AI’s most
active subfields. It is a strategy that learns from patterns and situations and suggests the most probable
decision/solution. Its learning method is used in a number of intelligent operations, including self-driving
automobiles and voice recognition software, and it also makes suggestions (based on search history, Google proposes
what users wish to look for). Additionally, machine learning approaches are improving many other fields, such as
multi-omics illness discovery, human activity detection, and the prediction of suicidal behaviour. Current examples
have demonstrated how machine learning is assisting in the creation of algorithms that can compete with human
doctors in terms of performance. In the healthcare sector, machine learning is doing a remarkable job of identifying
patterns in data that help medical professionals and organisations identify a number of serious diseases.

We used machine learning techniques in this investigation to analyze and examine heterogeneous data to further
comprehend the relationship between aspects of quality of life (QoL) along with depression. Providing an overview
of the current state of understanding, we highlight key concepts, theories, methodologies, and findings.

2. BACKGROUND STUDY

[1] Researchers used machine learning to study the link between depression and quality of life, analyzing NHANES
data. They introduced the PPMCSVM model, achieving high precision, recall, and accuracy in their findings.
However, SVM predictions can vary with sensitive data.

[2] the application of persuasive technologies (PT) in the mental health sector to advance equitable utilisation of
mental health services. [7] Given the close link between depressed symptoms and quality of life. [8] implied the
potential to support choices related to the identification, prognosis, and therapy of patients who experience mental
illness utilizing

clinical and biological data. The usage of ML techniques and other techniques like data tweaking is discussed using
SVM. [12] showed the correlation of depressed symptoms acted as a

mediating factor in the relationship between smoking and HRQoL. [14] using the Beck Depression Inventory, the
International Physical

Activity Survey, and the Leary Interpersonal Orientation Paper Test, respectively. ANOVA,

Pearson's correlation analysis, reliability analysis, and The data and the relationships between the quantity of
physical physical activity and depressive symptoms and social contacts were all examined using descriptive statistics.
[15] using the social network data obtained a deep integrating support vector machine (DISVM) technique, which
enables depression to be recognized. The proposed obtains 86% of precision on test set when compared to other
algorithms RBF-NN, SVM, KNN, with precisions 82%, 80%, 79% respectively. [20] Using information gathered from
Reddit on models like SVM with co-training, NB, and RF, the utilisation of social media platforms and big data
analysis for detecting patients with mental diseases produced an F-measure of 0.84, 0.83, and 0.83. [21Covariance
analysis in many variables The viability and effectiveness of using Tess, a unified psychological Al, to reduce college
students' self-reported feelings of hopelessness and anxiety were assessed using a MANOVA on two groups. [24] The
study employed logistic regression analysis to investigate the potential associations between depression and reported
body mass index (BMI) and body picture, including self-expressed BMI, BMI difference, perceived mass, and planned
weight. [25] The following classification techniques are used to a dataset: K-nearest neighbours, decision trees,
support vector machines, logistic regression, and naive bayes. Furthermore, models were constructed via the
ensemble bagging technique and the random forest tree ensemble approach. [28] show that Support Vector Machine
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(SVM) achieves a high Fi-score of 89.7%, outperforming both lexical classifiers as well as other machine learning
(ML) classifiers.

3. DATASET

The National Health and Nutrition Examination Survey (NHANES) dataset was utilized in this study. This is a
research project created to assess the nutritional and overall health of elders and kids in the United States. This survey
stands out since it incorporates both interviews and practical exams. The main initiative of the National Centre for
Health Statistics (NCHS) is NHANES. The task of gathering crucial and national health statistics falls to NCHS, a
branch of the Centres for Disease Control and Prevention (CDC).

The NHANES interview includes questions on socioeconomic status, diet, health, and demography. As part of the
examination procedure, highly qualified medical specialists conduct physiological, dental, and medical tests in the
lab.

Demographic 10175 records 47 columns, questionnaire 10175 records 953 columns, diet 9813 records 168 columns,
medication 20187 records 13 columns, laboratory 9813 records 424 columns, examination 9813 records 224 columns.

4. PROPOSED WORK
4.1 SYSTEM ARCHITECTURE

ACQUIRING DATA PREPROCESSING DATA
-Loading Datasets -Merging Data
4 VISUALISING DATA
-Selection of Features m"“ﬂs NaN with
average values

-Storing in new dataframes

-Storing m new dataframes

!

SPLITTING INTO
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APPLYING CLASSIFIERS
Decision Tree Support Vector

Classifier Classifier
Random Forest Multilayer Perceptron K-Nearest Neighbours

Classifier Classifier Classifier
Gaussian Naive )
Bayes Classifier Logistic Regression

Fig. 1 System Architecture
In the architecture represented above, the dataset is acquired and utilized by loading it.

Carefully, some of features are selected and these features are stored into a new separate dataframes. After
performing certain preprocessing steps, these dataframes are merged into a single dataframe. After merging, it is
observed that there are some NaN values which needed to be handled and these are imputed by the average values
obtained for the variables. The target variable Depression is handled with a unique value and is converted into
categorical type for classification. The modified data is then stored into a new dataframe. This data is then visualized
for insights.

The obtained data is segregated into training and testing data in 70 : 30 and applied on classifiers.

Next, the same procedure is followed but after splitting of data for training and testing standardization is performed
upon the data. This standardized data is applied on the classifiers.

The results were obtained individually.
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4.2 WORKFLOW
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Y

Model Validation and Evaluation

Fig. 2 Workflow
4.2.1 IMPORTING LIBRARIES

The first step is importing the necessary libraries to carry out the work. Libraries provide the comfort of performing
tasks in an easy manner.

4.2.2 LOADING THE DATA

The National Health and Nutrition Examination Survey (NHANES) is a comprehensive programme designed to
evaluate the health and nutritional status of adults and children in the United States. The dataset used in this
investigation is derived from this programme.

Numerous questions on demographics, socioeconomic status, eating habits, and general health are included in the
NHANES interviews. Additionally, NHANES involves rigorous medical, dental, and physiological assessments
carried out by highly trained medical professionals. The dataset in question is accessible online and is provided in
CSV format.

Information on a person's physical fitness, levels of activity, smoking and alcohol use, housing and work status,
financial information, general health issues, sexual activity, drug use, and food intake are just a few of the various
aspects that are included in the dataset. These comprehensive data sources form the foundation for the proposed
research work, offering a rich repository for exploring the multifaceted relationships between various factors and
depression.
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4.2.3 EXPLORATORY DATA ANALYSIS

The loaded data is explored and analyzed to gain an understanding about the data. It is an important step to
understand the data, recognize the quality issues embedded in the data, and get an insight into how to carry out the
preprocessing steps of the data.

The datasets used are demographic, questionnaire, and diet. The demographics dataset as whole consists of 10175
records with 47 columns, The questionnaire dataset consists of 10175 records with 953 columns. The demographics
dataset consists of 9813 records with 168 columns. We selected two features from demographic and diet datasets,
and 12 from the questionnaire dataset.

4.2.4 DATA PREPROCESSING

This is a significantly important phase that necessitates meticulous execution. It involves a series of steps, starting
with Data Preparation, where data is collected and organized to ensure easy access for analysis. The subsequent phase
is Data Integration, where disparate datasets are consolidated into a unified dataframe. Following this is Data
Cleaning, a pivotal step in which data validity is scrutinized, and the overall data quality is assessed. This process
includes the identification and handling of any extraneous noise present in the dataset, which can commonly manifest
as missing values or outliers.

Notably, the acronym "NaN" signifies "not a number," and it arises when certain input parameters in floating-point
operations yield an undefined result. Within this research, the management of NaN values involves the imputation
of either the average value of a specific feature or the introduction of a unique value that does not reoccur in the
dataframe. Additionally, data is visually represented in various forms, such as heatmaps and histograms, aiding in
the comprehensive understanding of the dataset and its characteristics.
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4.2.5 SPLITTING THE DATA INTO TRAINING AND TESTING SET

Two subsets of the pre-processed data are separated out: a training set that makes up 70% of the data and a testing
set that makes up 30%.

4.2.6 DATA STANDARDIZATION

It is important for data to be in a standard form. The features are standardized in a machine-learning pipeline. The
Standard Scaler helps create a standardized distribution with a mean of zero and a standard deviation of one (unit
variance). To standardize the data points, the following mathematical formula can be used,
z=(x-u)/s
where,
z = standardized data points
u = Mean value
s = Standard Deviation

4.2.7 MODEL BUILDING

Many machine learning approaches exist, and some of these are used in this study: Gaussian Naive Bayes Classifier,
Random Forest Classifier, Knn Classifier, Decision Tree Classifier, Logistic Regression, and Support Vector
Classifier., And A Customized Multilayer Perceptron Classifier are used.

The classifiers are implemented with and without standardization of the data and these observation were discussed
later on. A multilayer perceptron classifier with customized layers, optimization, learning rate and other parameters
is adopted.

4.1.8 MODEL VALIDATION AND EVALUATION

At last, we validate the models and evaluate them by getting the predictions made by them and use different metrics
to get the reports. Metrics used are accuracy, precision, recall, F1- score and support.

Precision: the proportion of correct predictions that were positive among all positive predictions produced by the
model. To calculate it, divide the total number of true positives by the sum of all true positives and false positives.
TP

p .. —
recision —TP T FP

Recall: the proportion of all genuine positive data points to accurate positive forecasts. It is calculated as the ratio
of genuine positives to the sum of true positives + false negatives.
TP

R LI
ecall = 757N

Accuracy: The ratio of the model's correct predictions to all other forecasts. The number of accurate forecasts
divided by the total number for predictions is used to compute it.

| ~ TP + TN
WAy = TP+ TN + FP + FN

F1 score: The F1 score is the harmonic mean of recall and accuracy.

2 2 (Precision * Recall)

1 + 1 = (Precision + Recall)
Precision = Recall

5. RESULTS

F1Score =

In this research, we have employed several machine learning methodologies and customised an artificial neural
network in order to identify the factors that contribute to depression and their correlation with life quality. The
National Health and Nutrition Examination Survey (NHANES) dataset was utilised in this study. Neural networks
and machine learning techniques were used in this experimental investigation. Techniques like Decision Tree,
Random Forest, Gaussian Naive Bayes, KNN, Logistic Regression, Support Vector Machine, and Multilayer
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Perceptron classifiers are used in this experimental investigation and will be compared with existing research work
on different models.

The accuracies obtained for Decision Tree Classifier is 83.00%, Random Forest Classifier is 88.00%, Naive Bayes is
89.13%, KNN Classifier is 88.80%, Support Vector Machine Classifier is 91.16%.
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Fig. 5 Comparison of the accuracies of the models with existing work, proposed work with and without
standardization of data.

The results obtained without standardisation of data for Decision Tree Classifier is 79.3%, Random Forest Classifier
is 84.3%, Gaussian Naive Bayes is 24%, KNN Classifier is 71.9%, Logistic Regression is 61.6%, Support Vector
Machine Classifier is 47.4%.

Techniques Accuracy Comparison
Without Standard Scaler

Decision Random Gaussian Logistic
Tree Forest  Naive Bayes Regression

Fig. 6 Accuracies of the models without standardization of data.

The results obtained with standardisation of data for Decision Tree Classifier is 79.9%, Random Forest Classifier is
84.1%, Gaussian Naive Bayes is 22.6%, KNN Classifier is 84.1%, Logistic Regression is 63.3%, Support Vector
Machine Classifier is 85.3%, Multilayer perceptron classifiers is 94%.

Techniques Accuracy Comparison with
Standard Scaler

Decision Random Gaussian Logistic
Tree Forest Naive Bayes Regression

Fig. 7 Accuracies of the models with standardization of data.
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We have observed that the classifiers show variation in results and the adopted MLP seems to perform better than
the techniques applied.

6. CONCLUSION AND FUTURE SCOPE

In the course of our research, we have made a notable observation regarding the application of the Multilayer
Perceptron (MLP) classifier. This implementation has yielded substantial enhancements in the classification process,
resulting in an impressive accuracy score of 94%. Our findings have unveiled a significant improvement in
comparison to all the machine learning classifiers previously employed in similar studies. Remarkably, our MLP
classifier has outperformed the highest-scoring classifier in those prior works, which happened to be the Support
Vector Machine (SVM), by a notable margin of 2.86%.

Furthermore, we have identified an additional factor contributing to the enhanced performance of our classifiers.
The incorporation of the Standard Scaler into our methodology has proven to be pivotal in achieving more accurate
and reliable results. This preprocessing technique has played a crucial role in enhancing the classifiers' ability to
handle the data effectively, ultimately contributing to the robustness of our analysis. These combined advancements
signify a substantial leap forward in the field of depression classification research, offering promising prospects for
more accurate and informed insights into this intricate and critical health issue.

The aforementioned research's potential for future growth is encouraging, since it may result in a number of
significant developments and applications for the study and treatment of depression. The research highlights the
importance of considering various dimensions of an individual's quality of life in relation to depression. This insight
can be used to develop personalized treatment plans that take into account the specific factors contributing to a
person's depression, thereby improving treatment outcomes. With more accurate classification models, future
research can focus on identifying early warning signs of depression, allowing for timely intervention and prevention
strategies. This could have a significant impact on reducing the overall burden of depression in communities. As
technology continues to advance, integrating the research findings with telehealth solutions and wearable devices
can provide real-time monitoring and support for individuals with depression. Machine learning models can be used
to analyze data from wearable devices and offer timely interventions or suggestions. The study's insights into the
behavioral and social factors associated with depression can inform public health policies aimed at improving mental
health in communities. This can lead to targeted programs and initiatives that address these factors proactively.
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