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Abstract
Introduction: Quality of life (QoL) is a complex and multifaceted concept often used as an
indicator in evaluating public policy. This study aimed to predict QoL based on mental health
state using a machine learning approach. The analysis was conducted using data from the
Urban Health Equity Assessment and Response Tool (Urban-HEART 2) survey conducted
in Tehran, Iran.
Methods: This secondary analysis utilized data from the second round of the Urban-HEART
2 survey, which included 117,839 participants. Various machine learning (ML) algorithms were
employed, including Random Forest, Decision Tree, Support Vector Machine (SVM), Naive
Bayes, and Logistic Regression. Additionally, an unsupervised learning method, specifically k-
means clustering, was used.
Results: Following data preparation, the k-means clustering algorithm identified five clusters
based on mental health features. ML algorithms were then utilized to predict each participant's
QoL label through distinct scores. The top-performing ML algorithms based on high scores
were found to be Random Forest (0.994), Decision Tree (0.991), SVM (0.990), Naive Bayes
(0.935), and Logistic Regression (0.934), respectively.
Conclusions: By implementing k-means clustering, we identified distinct clusters based on
mental health features and assigned labels to each participant accordingly. Machine learning
models accurately predicted the QoL label for each participant. All models achieved high
scores (above 0.93), indicating that mental health features can reliably predict QoL labels with

high accuracy.
Take-home message: Metacognitive learning strategies, especially regulation, significantly

impact nursing students' academic success. Integrating these strategies into cutricula can en-

hance learning outcomes and benefit educators and students alike in nursing education.
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INTRODUCTION

Quality of life (QoL) is complex and subjective, often used to evaluate public policies and outcomes in health and social
care. While the literature identifies key QoL domains applicable to adults of all ages, the importance attributed to these
domains can vary among different age groups [1]. Since the 1980s, QoL has become increasingly important as a patient-
reported outcome in mental health services [2]. QoL theory provides a framework for conceptualizing people's mental health
needs, describing services, and reporting program evaluations. Several research groups have advanced the conceptualization
and measurement of QoL in mental health [3,4].

Criticism has been directed towards QoL measures, noting that they are often developed based on the perspective of
mental health professionals rather than considering the perspectives of individuals with mental health issues and their
perceptions of what is important for their own QoL [5]. Mental disorders were the second leading cause of disease burden
in terms of years lived with disability (YLDs) and the sixth leading cause of disability-adjusted life-years (DALYS) in the
world in 2017, posing a severe challenge to health systems, particularly in low-income and middle-income countries [6].
Mental health is recognized as one of the priority areas in health policies worldwide and has also been included in the
Sustainable Development Goals (SDG) [7]. In mental health, QoL is commonly understood as an individual's personal
assessment of different aspects of their life. These aspects may include physical health, family relationships, financial situation,
and overall well-being [8].

In recent decades, Iran has experienced rapid demographic, societal, and economic changes. These changes have been
accompanied by a decrease in the population growth rate, resulting in a shift in the country's age structure. Notably,
individuals aged 30-39 years have emerged as the largest age group compared to other 10-year categories [9]. A study
conducted by Sharifi et al. in 2015 revealed that the most common category of psychiatric disorders in Iran was any anxiety
disorder, affecting approximately 15.6% of the population. Among specific disorders, major depressive disorder was found
to be the most prevalent, affecting 12.7% of individuals. Generalized anxiety disorder followed at 5.2%, and obsessive-
compulsive disorder at 5.1% [10]. A policy for more people attending mental health services to recover and have a good
QoL necessitates appropriate outcome measures [5]. The high prevalence of mental illness and the need for effective mental
health care, combined with recent advances in Al has led to an increase in explorations of how the field of machine learning
(ML) can assist in the detection, diagnosis, and treatment of mental health problems [11].

In recent years, there has been a growing interest in applying Machine Learning to mental health research. Le Glaz et al.
conducted a study employing Machine Learning and Natural Language Processing (NLP) techniques for mental health
analysis. Additionally, their study highlighted the potential use of the developed models in the broader mental health field
[12]. Tate et al. successfully implemented a machine learning algorithm to predict the likelihood of persistent mental health
issues in adolescents. Furthermore, they discussed exploring machine learning techniques that could outperform traditional
logistic regression methods [13]. Another study by Alharahsheh et al. focused on predicting the likelihood of depression
using supervised machine learning methods. The data for this study was collected by the Busara Center in Kenya [14].
Srividya et al. employed k-means clustering to identify meaningful clusters, which were further used to label the data.
Subsequently, various machine learning models were utilized to predict the test data labels [15].

The primary objective of this research was to employ a machine learning approach using data from an extensive
population-based survey (Urban-HEART 2) in Tehran, Iran, to predict the QoL based on mental health features. Notably,

there is a lack of prior studies exploring these methodologies within this population. This study addressed the following
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research questions: 1) Can the QoL label be predicted based on mental health features? 2) What strategies should be

employed to enhance this prediction?

METHODS
Design and participants

This study involved a secondary data analysis from the second round of the Urban Health Equity Assessment and
Response Tool (Urban HEART-2) survey. The survey included a substantial population of 117,839 participants. A multistage
cluster random sampling method was employed, covering 368 neighborhoods across 22 districts of Tehran, the capital of
Iran, in 2011. Detailed information regarding the study design and sampling procedures can be found elsewhere [16].

Urban HEART serves as a decision-support tool to identify and mitigate health inequities within cities. Its primary
functions include: 1) Enhancing the understanding of unequal health determinants, risks, and outcomes experienced by
individuals from diverse socioeconomic backgrounds within a city or across multiple cities, 2) Utilizing evidence-based
approaches for advocating and planning interventions that promote health equity, 3) Encouraging participation in
collaborative efforts across sectors to address health inequities, and 4) Applying a health equity perspective when making
policy and resource allocation decisions [17].

Instruments

GHQ-28

The General Health Questionnaire-28 (GHQ-28) is a self-report questionnaire used as a screening tool for psychological
well-being, which Goldberg developed in 1978 [18]. The GHQ-28 requests participants to indicate how their health, in
general, has been over the past few weeks, using behavioral items with a 4-point scale showing the following frequencies of
experience: "not at all", "no more than usual", "rather more than usual" and "much more than usual". The minimum score
for GHQ-28 is 28, and the maximum is 112. Higher scores indicate higher levels of distress [19]. Noorbala ez a/. pointed out
that the GHQ-28 is a valid and reliable psychiatric screening tool for the Iranian population [20].

Quality of Life Questionnaire: The scale comprises twelve concise statements regarding QolL, presented in a five-level
Likert format (always, very often, sometimes, rarely, never). To ensure its validity and reliability, the questionnaire underwent
rigorous evaluation by experts, including a panel of national experts from diverse disciplines, who reviewed its face and
content validity [21].

Models

The Support Vector Machine (SVM) is a versatile linear model employed for regression and classification tasks, applicable
to linear and nonlinear problems. It was first proposed by Vapnik. SVM has garnered significant attention among researchers
as a compelling supervised learning approach for regression and classification. The algorithm's primary goal is maximizing
the geometric margin between classifiers while minimizing the classification error [22,23].

Logistic Regression (LR) is a widely utilized method for estimating the probability of an event or a specific class. It finds
application in binary classification tasks, such as image classification, where the outcomes are limited to binary values (zero
or one). The core equation defining the principles of LR is as follows:

y=1/(1+e™*P)

Here, "m," "b," and "x" represent constants and independent vatiables, respectively. In the context of this study, "x"
corresponds to the feature set concerning [24].

Decision Tree is named as such because it partitions or breaks down the dataset into a hierarchical, tree-like structure.
Each level of the tree represents a decision or split based on the input features, and the final leaf nodes of the tree correspond
to the predicted outcomes or class labels. The tree-like structure makes it easy to interpret and visualize the decision-making

process, hence the name "Decision Tree."
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Random Forests is a nonlinear machine learning model commonly employed for classification tasks. It constitutes an
ensemble of Decision Trees, where each tree is trained on a random subset of the data. The name "Random Forests"
originates from using random subsets during training, and the collective predictions of the individual trees contribute to the
final classification output. Compared to standalone Decision Trees, this ensemble approach enhances accuracy, robustness,
and generalization, rendering Random Forests a popular choice for various classification problems.

Naive Bayes is a linear supervised learning classifier rooted in the Bayes Theorem. This technique operates under the

assumption that the features are independent. The formula of this algorithm [25] is as follows:

P n o P(x;
P(ylxy, ) xp) = (32(1311—.? )Ex)IY)

In this formula, "y" represents a variable, and "xi,...,.x," refers to the features associated with the variable "y." Naive

Bayes is widely used for classification tasks, leveraging the Bayes Theorem to estimate the probability of class membership
based on the given features. The independence assumption simplifies the computation and makes Naive Bayes a
computationally efficient and effective classifier.

Clustering is an unsupervised method used to group a dataset into different clusters based on the similarity of their traits.
This study subjected the dataset to k-mean clustering, dividing the data into distinct clusters.
Statistical analysis

Python programming language (version 3.7.4) and the scikit-learn module (version 0.22.1) were employed to predict the
QoL labels. Several machine learning algorithms were utilized to perform the QoL label prediction. Scikit-learn is a Python
module encompassing a diverse range of machine-learning algorithms for supervised and unsupervised learning [206].
Ethical aspects

The study was approved by the Ethics Committee of the Iran University of Medical Sciences (IUMS) in November 2010
and conducted following the principles of the Declaration of Helsinki, following relevant guidelines and regulations.

Informed consent was obtained from all individual participants included in the study.

RESULTS
A total of 117,839 subjects patticipated in the study. The mean patticipants' age was 35.35 £ 19.46 years. The socio-

demographic characteristics of the sample are illustrated in Table 1.

Table 1. Socio-demographic characteristics of the sample.

Variable N = 117,839

N %
Gender Male 59,676 50.4
Female 58,776 49.6
Martied 68,294 57.6

Marital Status Widow 4,508 3.8
Divorced 1,519 1.3
Single 44,131 37.3
No formal education 14,420 12.2
1-5 years 13,689 11.6
Schooling 6-8 years 15,457 13.0
9-12 years 45,630 38.5
13-16 years 25,141 21.2
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= 17 years 4,415 3.5

Employed 79,371 67.1

Occupation Housekeeper 30,117 25.4
Unemployed 8,964 7.5

First, k-mean clustering has been implemented to determine how many meaningful clusters exist (QoL labels). The elbow
method was used to find the best cluster number. As shown in Figure 1, The best cluster number is five, in which the data
labels are divided into five meaningful clusters (QoL labels). As shown in Figure 1, k=5, the number of errors has significantly

reduced, which guarantees that the right number for k is five. These clusters have been used as QoL labels.

Figure 1. Elbow Method.

6000 A

5000 ~

A

]

]

(=]
1

3000 ~

sum of squared error

2000 ~

T T
2.5 5.0 7.5 10.0 12.5 15.0 17.5
K

Five features (mental health features: QoL, somatization, anxiety, social dysfunction, and depression) and five labels
(QoL labels) have been used for the dataset. The main aim is to predict labels (QoL labels) by having mental health features.
The features used are as follows: Mental Health (QoL, Somatization, Anxiety, Social dysfunction, and depression).

As shown in Table 2, the Random Forest (0.994) model has achieved the best machine learning score. In summary, the
results demonstrated that most models used for the classification objective provided good scores. Interestingly, most models
reached high scores (more than 0.93). Table 2 reveals that most classification models work great in prediction, whether linear
classifiers such as SVM, Logistic Regression, and Naive Bayes or nonlinear classifiers such as Random Forest and Decision
Tree. According to Table 2, there were no significant differences between linear and nonlinear models in terms of perdition,
which means both linear and nonlinear models work well for classification purposes in this study. Model linearity does not

affect prediction power in the current problem. QoL labels can be predicted based on mental health features. Seventy-five
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percent of the dataset has been considered for training, and 25 percent for testing has been utilized. The scores were obtained

after testing the data.

Table 2. Model scores.

Model Name Score

Random Forest 0.9944

Decision Tree 0.9916

SVM 0.9900

Naive Bayes 0.9357

Logistic Regression 0.9347

Figure 2. Best Score.
Scores
1
0,99
0,98
0,97
0,96
0,95
0,94
0,93
0,92
0,91
0,9
Random Forest  Decision Tree Naive Bayes Logistic

Regression

As shown in Figure 2, the results demonstrate that the Random Forest gains the best score (0.994). Additionally, Decision
Tree has achieved a high score (0.991) as a nonlinear machine learning classifier for classification problems. Similar to other
machine learning models that have been used, SVM achieved a high score (0.990). As shown in Table 2, Naive Bayes has

achieved almost similar scores in terms of prediction (0.935). Moreover, Logistic Regression has reached a good score (0.934).
DISCUSSION
This study used machine learning approaches to predict QoL labels based on mental health features. The analysis utilized

data from a comprehensive population-based survey conducted in Tehran. This study implemented k-means clustering to
identify appropriate clusters representing QoL labels.

The paper addresses diverse research investigating machine learning and artificial intelligence utilization in various fields.
Chen Q, et al. established a system to recognize risk elements for heart disease [27]. Fraser KC, et al. employed mismatched
machine-learning algorithms for diabetes detection [28]. Erickson et al. deployed machine learning on medical images to
distinguish between benign and malignant tumors, effectively aiding radiologists in tumor identification [29]. The benefits

of applying artificial intelligence in mental health research are evident. Tate et al. utilized machine learning techniques to
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predict adolescent mental health [13], and Srividya et al. implemented clustering to predict outcomes based on mental health
features [15]. Their findings demonstrate the potential of machine learning algorithms to predict QoL labels using mental
health indicators, yielding high prediction scores (QoL labels based on mental health features).

In the domain of mental health research, NLP exhibits another compelling application. This is particularly evident in
studies where NLP is employed to discern the potential risk of suicide among patients engaging in textual interactions with
medical professionals. Within this context, NLP-based models emerge as a transformative tool, offering a cost-effective and
streamlined avenue for identifying signs of suicide within text-based datasets. Through intricate linguistic analysis, these
models bring forth an innovative means of pinpointing indicators of suicide risks, thereby aiding healthcare providers in
their vigilant efforts to ensure the well-being of individuals. Underscored by its efficiency and affordability, this approach
marks a significant stride toward enhancing mental health diagnostics and interventions [30].

Furthermore, contemporary research endeavors have proposed employing the Random Forest algorithm as a potent tool
for uncovering response shift (RS) phenomena within QoL evaluations. This has garnered particular attention within the
context of individuals grappling with the challenges of multiple sclerosis, where understanding the nuanced shifts in their
perception of life quality stands paramount [31]. Through harnessing the capabilities of Random Forest, researchers aspire
to delve deeper into the intricate interplay between disease impact and life satisfaction, shedding light on the multifaceted
dynamics that underscore the QoL experience in these specific cases.

In the intricate landscape of patients grappling with neck and head cancer [32], decision tree algorithms emerge as
indispensable tools that offer valuable insights into forecasting QoL labels. These algorithms leverage the intricate web of
clinical variables, unraveling the complex interplay between disease progression, treatment approaches, and gender,
ultimately offering a comprehensive understanding of the factors influencing QoL outcomes. Through the application of
decision tree algorithms, researchers and healthcare practitioners can delve deeper into the nuanced relationships within this
patient population, paving the way for more personalized interventions and improved QoL-enhancing strategies.

Exploring the realms of student well-being and academic excellence, researchers have delved into the application of SVM
in the classification of students' QoL [33]. This insightful exploration highlights the significance of QoL and underscores its
profound impact on academic performance. By harnessing SVM's robust classification capabilities, these studies have opened
a window into a broader understanding of the intricate relationship between students' QoL and scholastic achievements.
This research offers educators, institutions, and policymakers valuable insights into optimizing the academic journey by
ptioritizing and enhancing students' overall well-being.

In the realm of enhancing QoL, an additional layer of sophistication is introduced through the strategic utilization of
Naive Bayes and Decision Tree methods. These cutting-edge techniques have been harnessed to predict and analyze air
quality, a crucial factor that substantially influences QoL [34]. By intricately examining the interplay between air quality and
well-being, these methodologies provide a comprehensive and multidimensional perspective on the factors contributing to
an improved QoL. This research ventures beyond the surface, offering valuable insights into the potential mechanisms that
could be manipulated to enhance air quality, thereby indirectly enhancing the overall QoL of individuals and communities.
As such, these findings possess the potential to reshape urban planning, public health strategies, and environmental
interventions to create a more conducive and nurturing environment for enhanced well-being.

Moreover, a meticulously crafted logistic regression model has emerged to enhance our understanding of post-transplant
outcomes. This model, a result of meticulous research and analytical finesse, stands poised to forecast the trajectory of post-
transplant health-related quality of life (HRQoL) in individuals [35]. By intricately examining many variables and their
interplay, this predictive model sheds light on the complex dynamics that govern HRQoL post-transplantation. Its
significance lies in its potential to identify those at risk of encountering a diminished QoL after undergoing transplantation.

This innovative approach advances our predictive capabilities and promises to facilitate targeted interventions and
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personalized care strategies, ultimately enriching the post-transplant journey for each individual. Through the lens of this
logistic regression model, the landscape of post-transplant care transforms into a realm of possibilities where early
interventions can pave the way for improved well-being and a higher QoL.

Demonstrating its efficacy in predictive tasks, logistic regression, a widely recognized supervised machine learning model,
has exhibited its effectiveness in forecasting QoL labels. Through its systematic analysis of relevant features and patterns,
logistic regression emerges as a robust tool for discerning and anticipating the intricate dynamics that shape an individual's
QoL. Its capacity to discern patterns and relationships within data renders it a valuable asset in predictive modeling, offering
insights that can contribute to informed decision-making and targeted interventions. As a testament to its versatility, logistic
regression finds applicability in various domains, including healthcare, where it aids in predicting and understanding QoL
outcomes. This model is a testament to the power of supervised machine learning techniques in unraveling the complexities
of QoL prediction.

To delve even deeper into this field, there is a pressing need for further research that delves into additional prediction
algorithms, like the K-Nearest Neighbors (IKNN) algorithm or the intricate deep learning algorithms. Moreover, it has been
proposed that enhancing the predictive capabilities could be achieved by integrating text data and harnessing the power of
NLP algorithms. These potential avenues promise to enrich the precision and scope of QoL predictions, broaden the
spectrum of variables considered, and tap into the nuances embedded in textual information. This calls for a comprehensive
exploration of cutting-edge techniques, bridging the gap between traditional methods and the emerging potential of advanced

algorithms to advance our comprehension of QoL and its intricate associations.
CONCLUSIONS

k-mean clustering was employed to identify the optimal number of clusters based on mental health features, and labels
were assigned to each participant to indicate their QoL category. Machine learning models were then utilized to accurately
predict the corresponding QoL label for each participant. Notably, all models achieved high scores exceeding 0.93, indicating
that QoL labels could be accurately predicted using mental health features. This highlights the potential for mental health

indicators to serve as reliable predictors of QoL with a high level of accuracy.
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