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ABSTRACT: Background: Adolescents’ subjective well-being (SWB) is strongly linked to mental health, academic
achievement, social relationships, and quality of life, and is a key predictor of life outcomes in adulthood. Mental health
and addictive behaviors are the two main factors influencing SWB. This study aimed to identify key mental health and
addictive behavior factors associated with adolescent SWB through machine learning models. Methods: The data for
this study comes from the Health Behaviour in School-aged Children (HBSC) survey 2017/18. The study data contains
health data from 60,450 adolescents aged 10–16 years. The study used the XGBoost machine learning model to analyze
the impact of mental health and addictive behaviors on adolescent SWB. Gain was used to analyze the significance of
the variables. The direction of action of the variables and the interaction between the variables were analyzed using the
SHapley Additive exPlanations (SHAP) method. Results: The model in this study has an accuracy of 86.7% and an AUC
value of 0.85, showing its good predictive performance. Six key variables were filtered through Gain analysis. Feeling
low and health as the two most important factors affecting SWB, with these two variables contributing 51.38% and
19.65%, respectively. Friends and thinking body as major factors influencing SWB in mental health. Smoking lifetime
and sweets as major factors influencing SWB in addictive behaviors. The interactions and characteristic dependencies
between these variables were further analyzed. The results showed that feeling low, friends, and sweets had a positive
effect on SWB, while health and smoking lifetime showed a negative effect. In addition, a moderate thinking body
contributes to SWB, whereas being too fat and too thin are both associated with decreased levels of SWB. Conclusion:
Mental health and addictive behavioral factors such as feeling low, friends, sweets, and smoking lifetime were significant
factors influencing SWB. This provides a scientific basis for the development of public health policies and interventions
aimed at enhancing adolescent well-being.
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1 Introduction
The field of research on adolescents’ subjective well-being (SWB) is rapidly expanding. Advances in

this area are critical to understanding physical and mental health and personal development across the
lifespan [1]. SWB affects not only mental health and academic performance but also social relationships,
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quality of life, and contributions to society. It has significant predictive value for life outcomes in adult-
hood [2]. Adolescence is critical stage of personality development when targeted measures can significantly
enhance an individual’s SWB [3]. Therefore, it is particularly important to identify the key factors that
influence adolescents’ SWB. SWB refers to an individual’s personal perception and experience of quality of
life. It encompasses positive and negative emotional responses and satisfaction with all areas of life [4]. The
formation of SWB is influenced by a variety of factors, and the complexity of these factors requires in-depth
research to better understand its dynamics.

When exploring SWB in adolescents, demographic variables are often considered as a research dimen-
sion [5]. Boys tend to have higher SWB than girls [6,7]. The effect of age on SWB shows a trend. As adolescents
age, physical and cognitive changes occur, and SWB declines [8]. It is worth noting that health is also an
important component of what constitutes SWB, with individuals with higher SWB tending to have better
health, and the effect is bidirectional [9,10].

Adolescent mental health is an issue of widespread concern globally as a cornerstone of inner stability
and tranquility and is directly related to adolescents’ quality of life and SWB [11]. Research has shown
that mental health has a significant positive impact on adolescents’ SWB, with adolescents with better
mental health tending to report higher levels of life satisfaction and thus having higher levels of SWB [12].
Individuals with higher levels of mental health are able to maintain higher levels of SWB by making
positive cognitive appraisals of social circumstances or life stressors and increasing their ability to control
negative emotions. Specifically, feeling low [13], irritability [14], nervousness [15], sleep difficulty [16],
pressure [17,18], thinking body [19], and friends [20] are all contributors to SWB. For adolescents, home
and school environments, social relationships with parents and peers are particularly important, and these
factors significantly influence SWB in these scenarios [21,22]. Good parent-child and peer relationships are
important protective factors influencing children’s adjustment and development and an important source
of SWB in adolescents [23]. In contrast, factors such as parental and school stress [24], anxiety about
schooling [25], sleep deprivation, and body image anxiety [26] may contribute to the ‘hidden psychological
costs of education’, which can reduce adolescents’ SWB.

SWB may be significantly and negatively affected by addictive behaviors [27]. Addictive behaviors that
are common among adolescents, such as excessive use of social media, smoking, and alcohol consumption,
may not only develop into long-term habits but also pose a threat to an individual’s physical health
and SWB [28]. For example, with the development of information technology, the large amount of time
adolescents invest in social media has made social media addiction a growing concern [29,30]. The effects of
adolescent social media use on SWB are complex. Moderate social media use can promote social engagement,
peer support, and self-identity. However, chronic overuse can also lead to offline social isolation, increased
stress, and an increased tendency to anxiety and depression [31,32]. Addictive behaviors such as smoking,
alcohol consumption [33], drunkenness, cannabis [34], fighting and eating sweets [35] can temporarily
release stress. These behaviors stimulate the brain to release dopamine, which brings transient pleasure and
elevates mood and SWB. However, prolonged or excessive performance of these behaviors may lead to a
decrease in SWB. In particular, smoking and alcohol consumption are often perceived as social activities
that enhance social bonding and social support, which in turn increases SWB. However, most addictive
behaviors are harmful to physical health in the long term, increasing the risk of disease, impairing cognitive
functioning, and in turn, decreasing SWB.

Previous studies on adolescent SWB while providing valuable insights. However, they are mostly
limited to examining a single factor in isolation, making it difficult to capture the complex nonlinear
interactions among multiple factors. In contrast, machine learning methods can effectively compensate for
the shortcomings of traditional methods. It provides a new research perspective for revealing the interaction
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between multiple factors. In recent years, the application of machine learning in the field of adolescent SWB
research has received increasing attention [36,37]. Compared to traditional methods, machine learning not
only improves the accuracy of predictions but also enhances the interpretability of models. Machine learning
is able to maximize a model’s ability to generalize to new data and optimize prediction accuracy through
the division of training and validation sets [38]. Although machine learning models are often viewed as
‘black boxes’, SHapley Additive exPlanations (SHAP) provides insight into the contribution of each feature
to predicting adolescent SWB, enhancing the interpretability and operationalization of the model [39]. This
ability allows us to identify and prioritize influential predictors, leading to more effective implementation of
targeted interventions to improve SWB.

Most current studies focus on isolated risk factors and ignore their interdependencies. This study aims
to fill the gap in existing research by identifying key mental health and addictive behavioral factors associated
with adolescent SWB through machine learning models. Unlike previous studies that have considered risk
factors in isolation, this study will consider the interactions between multiple factors and analyze the non-
linear effects of each factor on SWB, providing a holistic view of the determinants of SWB. In addition,
the insights gained from this study will inform public health policies and targeted interventions aimed at
improving SWB in adolescents, ultimately contributing to the improvement of adolescents’ physical and
mental health.

2 Materials and Methods

2.1 Study Design and Participants
This study adopted a cross-sectional design utilizing data from Health Behaviour in School-aged

Children (HBSC) 2017/2018 (https://hbsc.org/data/ (accessed on 1 December 2024)) The HBSC is the world’s
largest child and adolescent health study conducted every four years in collaboration with WHO. The study
focuses on the health, well-being, social environment, and health behaviors of children aged 11, 13, and 15. It
is one of the key sources of data for health surveillance. These surveys cover a wide range of topics, including
adolescent sexual health, alcohol and drug use, family and friendships, socio-economic environment, health
habits, and body image. HBSC researchers obtained institutional ethical approval and informed consent from
parents and adolescents in each participating country and participating school [40,41].

The study utilized publicly available, de-identified data from the HBSC, which was conducted in
accordance with ethical guidelines and with appropriate approval from the Institutional Review Board.
As a secondary data analysis, this study did not require additional ethical approval, and all analyses were
conducted in accordance with relevant ethical standards to ensure data privacy and confidentiality.

2.2 Measurement of Variables
In this study, the variables used were assessed based on specific questions in the HBSC questionnaire.

The variables cover several dimensions, such as demographic characteristics, mental health status, and
addictive behaviors. The information was collected through multiple choice items in the questionnaire.
During data processing, the study followed the original coding of the questionnaire to ensure the accuracy
and reliability of the findings. The demographic variables were age, gender, health, and sexual intercourse
or not. Participants were asked to indicate whether they were a boy (coded 1) or a girl (coded 2), as well as
the month and year of their birth. Participants were asked to assess their overall health by choosing from 1
(‘Excellent’) to 4 (‘Poor’). Sexual intercourse was a binary variable coded 1 (‘Yes’) and 2 (‘No’).

The SWB is measured using a modified version of Cantril’s ladder [42], where children rate their current
life satisfaction. The ladder has 11 levels, ranging from 0 (‘Worst possible life’) to 10 (‘Best possible life’). The

https://hbsc.org/data/
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variable was recoded as a dichotomous indicator with thresholds set at low SWB (scores 0–5) and high SWB
(scores 6–10) according to the needs of the study [43]. The scale has been used with children and has shown
good reliability and good convergent validity on several measures of health and well-being [44].

Mental health is indicated by measuring non-clinical indicators of problematic mental health, and mea-
sures of psychopathology and psychiatric diagnoses (e.g., depression, anxiety, suicidal ideation, psychosis,
etc.) were not included in this study [45]. Part of the Health Behavior Symptom Checklist for School-Aged
Children was used in this study, in which students were asked how often they had experienced certain
psychological symptoms (feeling low, irritability, nervousness, sleep difficulty, dizziness, and thinking body)
in the past 6 months. Each item except the think body was assessed on a 5-point scale from 1 (i.e., ‘about
every day’) to 5 (i.e., ‘rarely or never’). Thinking body was assessed from 1 to 5 as ‘Much too thin’, ‘A bit too
thin’, ‘About right’, ‘A bit too fat’, and ‘Much too fat’. The checklist has been shown to have adequate internal
consistency (Cronbach alpha = 0.74) [40], with retest reliabilities ranging from 0.60 to 0.70 for the individual
items [46]. This was supplemented by the addition of two items on stress and reliance on friends (both
positively coded).

Addictive behaviors mainly involve smoking, alcohol, cannabis, drunkenness, sweets, fighting, and
social media, with participants using specific items to describe their involvement in various types of addictive
behaviors [47]. Smoking, alcohol, cannabis, and drunkenness were measured by two constituent measures:
‘In lifetime’ and ‘Last 30 days’, which reflect possible substance addiction, and fighting and social media,
which reflect possible behavioral addiction. These items were positively coded. Cronbach’s alpha for this
dimension measured 0.78, which is consistent with existing literature (Cronbach alpha = 0.75) [48].

2.3 Statistical Analysis
This study used R software (version 4.4.0) for statistical analysis. In this study, machine learning

models were used to analyze the impact of mental health and addictive behaviors on adolescent SWB. First,
descriptive statistics were used to summarize the demographic characteristics of the participants. Secondly,
this study divides the dataset into a training set (70% of the total) and a test set (30% of the total) and the
XGBoost model was constructed using the packages “xgboost”, “Matrix”, “caret”, “DALEX”, and “pROC”. This
model is particularly suitable for capturing non-linear relationships between variables and their complex
interactions. In order to improve the accuracy of the model and prevent overfitting, this study uses a five-fold
cross-validation approach aimed at determining the optimal configuration of the learning rate, the depth
of the tree, and the number of trees. In this study, the dataset was divided into five different subsets, each
containing 20% of the total data volume. Each subset, in turn is used as a test set, while the remaining subsets
are used to train the model. To circumvent the potential overfitting problem, the learning rate was set to 0.001
to construct a robust model with low prediction bias and moderate tree size. In this study, the performance
of the final model was evaluated using several metrics, including accuracy, sensitivity, specificity, and area
under the receiver operating characteristic curve (AUC). Finally, this study provided a visualization of the
importance of the key variables affecting the model predictions, and calculated the SHAP values using the
“shapviz” package to further quantify the specific contribution of each feature to the model predictions.
By combining various visualization methods from packages such as “ggplot2” and “patchwork”, this study
examined in detail the impacts of the key variables on the model and provided insights into their nonlinear
effects and interactions on SWB.
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3 Results
Variables relevant to this study and their descriptions are shown in Table 1.
The results of the descriptive statistics in Table 1 show that these participants were between the ages of

10 and 16. Although the HBSC primarily surveys 11-, 13-, and 15-year- olds, the survey may cover the entire
school year when surveyed on a grade-level basis. This may result in participants of other ages being included
in the sample. The mean age of the participants was 14.59 ± 1.04. This suggests that the age distribution in the
sample was relatively concentrated, mainly between the ages of 13 and 16. In addition, the mean SWB score
in the sample was 0.86 ± 0.35. This result suggests that the majority of participants reported high levels of
SWB, but it also reflects some inter-individual variability.

Table 1: Relevant variables in the study

Variables Label Min Max Mean Std. Dev.
Dependent Variable

SWB Subjective well-being 0 1 0.86 0.35

Sociological and Demographic
Age Age 10 16 14.59 1.04

Gender Gender 1 2 1.53 0.50
Health Health 1 4 1.89 0.72
Sexual Sexual intercourse 1 2 1.86 0.35

Mental Health
Feel low Feeling low 1 5 3.72 1.36
Irritable Irritability or bad temper 1 5 3.32 1.31
Nervous Feeling nervous 1 5 3.39 1.37

Sleep difficulty Difficulties in sleeping 1 5 3.73 1.45
Dizzy Feeling dizzy 1 5 4.28 1.15

Think body Think about body 1 5 3.17 0.81
Pressure Pressured by schoolwork 1 4 2.45 0.96
Friends Can count on friends 1 7 5.36 1.79

Addictive Behavior
Smoking lifetime Days smoked in lifetime 1 7 1.77 1.73
Smoking recent Days smoked last 30 days 1 7 1.37 1.24
Alcohol lifetime Alcohol use in lifetime 1 7 2.72 2.06
Alcohol recent Alcohol use last 30 days 1 7 1.57 1.05

Cannabis lifetime Cannabis lifetime 1 7 1.31 1.10
Cannabis recent Cannabis last 30 days 1 7 1.13 0.68

Drunkenness lifetime Drunkenness lifetime 1 5 1.54 1.03
Drunkenness recent Drunkenness last 30 days 1 5 1.17 0.55

Sweets Eat sweets 1 7 4.23 1.60
Fight Times physical fight 1 5 1.56 1.07

Social media Social media: Spend more time 1 2 1.17 0.38
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Table 2 provides a descriptive statistical analysis of the study population, revealing the demographic
characteristics of the participants under the different SWB categories. The study population was divided
into low and high SWB groups based on a range of demographic and behavioral factors. Of the total 60,450
participants, 46.62% were male, and 66.88% were aged 15 years. More than half of the adolescents rated
themselves as being in good health, while nearly three-quarters reported no sexual experience. Notably, the
vast majority of adolescents (93.38%) exhibited high levels of SWB.

Table 2: Demographic characteristics across different SWB categories

Variables Characteristics Low SWB High SWB Total %

n % n %

Age

10 years old 3 25.00% 9 75.00% 12 0.02%
11 years old 100 6.09% 1541 93.91% 1641 2.71%
12 years old 50 7.30% 635 92.70% 685 1.13%
13 years old 947 11.22% 7492 88.78% 8439 13.96%
14 years old 558 13.17% 3679 86.83% 4237 7.01%
15 years old 6240 15.43% 34,189 84.57% 40,429 66.88%
16 years old 833 16.64% 4174 83.36% 5007 8.28%

Gender Male 3000 10.64% 25,184 89.36% 28,184 46.62%
Female 5731 17.76% 26,535 82.24% 32,266 53.38%

Health

Excellent 1048 5.82% 16,954 94.18% 18,002 29.78%
Good 3878 12.05% 28,296 87.95% 32,174 53.22%
Fair 3121 34.17% 6013 65.83% 9134 15.11%
Poor 684 60.00% 456 40.00% 1140 1.89%

Sexual Yes 1743 19.94% 6999 80.06% 8742 14.46%
No 6988 13.51% 44,720 86.49% 51,708 85.54%

Sum 8731 6.62% 51,719 93.38% 60,450 100.00%

Table 3 shows the performance metrics of the XGBoost model, revealing the accuracy of the model in
predicting SWB. The model achieved an accuracy of 86.7%, and the estimated interval of true accuracy was
86.2% to 87.2% at a 95% confidence level. The p-value of Mcnemar’s Test is less than 0.001, indicating that
the model is statistically significant in distinguishing between positive and negative samples. In addition,
the sensitivity and positive predictive value further confirmed the superior performance of the model.
Specifically, the sensitivity was as high as 97.0%, and the positive predictive value was 88.6%, metrics that
demonstrate the model’s excellent ability to identify samples with high SWB.

Table 3: The performance of the XGBoost model

Items Value
Accuracy 0.867
95% CI (0.862, 0.872)

Mcnemar’s Test p-value <0.001

(Continued)
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Table 3 (continued)

Items Value
Sensitivity 0.970
Specificity 0.267

Pos Pred Value 0.886
Neg Pred Value 0.600

Prevalence 0.855
Detection Rate 0.829

Detection Prevalence 0.935

As can be seen from the evaluation curves of the prediction results in Fig. 1, XGBoost achieves a
good prediction performance in the task of predicting SWB for teenagers. The closer the receiver operating
characteristic (ROC) curve is to the upper left corner, the stronger the model’s prediction is, while XGBoost
achieved a good level of 0.85 on the AUC score.

Figure 1: The receiver operating characteristic curve of the XGBoost model

For the XGBoost model, Gain was used to quantify the contribution of each feature to model accuracy
during node splitting. The higher the Gain value, the greater the model performance improvement that
can be achieved by splitting on that feature. Fig. 2 illustrates the importance of each feature for adolescent
SWB. Specifically, feeling low occupies the most important position among these characteristics with a
contribution of 51.38%, closely followed by health with a contribution of 19.65%. Friends served as the
third most influential factor, while characteristics such as thinking body, sleep difficulty, irritability, sweets,
nervousness, smoking lifetime, and pressure also had a predictive effect on the results. Other than that, the
cumulative contribution of the other features is relatively low, suggesting that they play a minor role in the
model predictions.

Fig. 3 illustrates the density scatterplot of the top 15 significant features calculated using the SHAP
method. In Fig. 3, each scatter represents the SHAP value of a sample, reflecting the feature’s contribution to
an individual prediction. The scatter color from purple to yellow indicates the incremental increase in the
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feature value. The distribution of the scatters then indicates the overall direction and strength of the feature’s
influence on the predictions.

Figure 2: Importance ranking of factors influencing adolescent SWB in the XGBoost model

Figure 3: Beeswarm plot of factors influencing adolescent SWB in the XGBoost model
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As can be seen from Fig. 3, among these 15 features, feeling low is the most important factor affecting
the model’s prediction results, and its frequency shows a significant negative effect on the prediction results
of SWB. Specifically, the smaller the value of feeling low, the higher the frequency, and the lower its SHAP
value, the lower the predicted SWB. Health and friends were the next most important characteristics. The
poorer the health of one (the higher the value), the lower the SHAP value and the lower the predicted SWB.
The lower the degree to which friends can count (the lower the value), the lower the SHAP value, resulting in a
lower predicted SWB. In addition, features such as thinking body, smoking lifetime, age, pressure, gender, and
social media were negatively correlated with SWB, implying that an increase in the values of these features
was associated with a decrease in SWB in adolescents. In contrast, sleep difficulty, irritability, nervousness,
sweets, and dizziness were positively correlated with SWB, suggesting that an increase in the values of these
features is associated with an increase in adolescent SWB.

Based on the feature contribution map (Fig. 2), this study selected the two features that have the
greatest impact on SWB prediction and the two features that are most critical in mental health and addictive
behaviors. These features and the other features with the strongest interactions with them were combined,
and the interactions of important features in the XGBoost model were analyzed by visualization. Fig. 4
illustrates the interaction between these features, with each subplot revealing the interrelationship between
two features and their joint effect on SHAP values and model predictions. Changes in the horizontal and
vertical axes represent changes in the feature values, and the legend indicates the SHAP values of the features.

Figure 4: Interaction effects of important factors in the XGBoost model. (a) Feel low; (b) Health; (c) Friends; (d) Think
body; (e) Sweets; (f) Smoking lifetime
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In Fig. 4a, this study found that feeling low was the main influencing factor, and the relationship between
irritability and SWB was not significant when the level of feeling low was high; however, irritability was
positively correlated with SWB when the level of feeling low was low. Fig. 4b shows that improved health
has a more significant positive effect on boosting the predicted value of SWB when the level of feeling low
is low. Fig. 4c–e all shows that feeling low plays a dominant role when increased friends, moderate thinking
body, and sweets are positively associated with SWB. Fig. 4f highlights the important role of friends, on the
basis of which there is a negative correlation between smoking lifetime and SWB.

To explore the dependence and non-linear relationship of important features on SWB in the XGBoost
model, Fig. 5 illustrates the feature dependency graphs for the six important features in Fig. 4. The horizontal
coordinates represent the feature values, while the vertical coordinates map the changes in the model’s
predictions. The curves in the figure reflect the trend in the average movement of the predicted results in the
sample population as the feature values change.

Figure 5: Partial dependence profile of important factors on adolescent SWB in the XGBoost model. (a) Feel low; (b)
Health; (c) Friends; (d) Think body; (e) Sweets; (f) Smoking lifetime

The results of the analyses in Fig. 5 show that the feature values of feeling low, friends, thinking body,
and sweets are positively correlated with SWB, while they are negatively correlated with the feature values
of health and smoking lifetime. Fig. 5a shows that reducing the frequency of feeling low boosts SWB, but
this boosting effect diminishes as the frequency of feeling low decreases. Fig. 5b reveals that deteriorating
health is associated with a decrease in SWB, and this negative effect is enhanced with further deterioration
in health. Fig. 5c shows that friends have a positive effect on SWB within a certain range. Fig. 5d states that a
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moderate thinking body has a positive effect on SWB, while an excessive thinking body (too fat or too thin)
has a negative effect, especially too fat. Fig. 5e found that moderate consumption of sweets helped to enhance
SWB. Fig. 5f shows that an increase in smoking lifetime is associated with a decrease in SWB, but this effect
stabilizes after a certain level of increase in smoking lifetime.

4 Discussion
In this study, the XGBoost model was used to predict SWB among adolescents, and the model

performed well with 86.7% accuracy, effectively differentiating the positive class samples. The ROC curves
and the AUC values showed good predictive performance. In order to deeply parse the predictive ability of
the model, this study employs Gain and SHAP analyses based on feature contribution to identify the features
that most significantly influence SWB. Through this process, six key variables were screened in this study.
Feeling low and health, which had the most significant effect on SWB. Friends and thinking body are the main
factors affecting SWB in mental health. Smoking lifetime and sweets as the main factors affecting SWB in
addictive behaviors. Having identified these key variables, this study further analyzed their interactions and
feature dependencies to gain a comprehensive understanding of the predictive mechanisms and outcomes of
the model. This comprehensive analysis helped to reveal the complexity of factors affecting adolescent SWB
and provided insights into the model’s predictions.

4.1 Sociological and Demographic Factors
The strong positive correlation between health and SWB was further validated in this study [9]. Health

positively affects SWB at both the physiological and psychological levels: physiologically, a healthy body
provides the necessary energy and hormonal balance; psychologically, it enhances self-efficacy and fosters
positive interpersonal relationships, thus contributing to emotional stability [49,50]. Therefore, good health
contributes to higher SWB and can counteract some degree of feeling low.

The Sociological and demographic factors, with the exception of health, are also consistent with other
literature representations and largely do not have a significant effect on SWB [7]. Age is negatively correlated
with SWB, which is consistent with previous studies. This negative correlation may stem from physical
and cognitive changes in adolescents, such as increased self-awareness and pubertal development. It is
also influenced by increased external social pressures on individuals in this age group, such as stricter
school and parental demands [8]. Girls have lower SWB than boys, which is consistent with previous
studies [6]. Research has shown that differences in societal role expectations for men and women and gender
discrimination, particularly in employment, education, and income, limit girls’ self-worth. Such restrictions
increase girls’ anxiety, which in turn affects their self-confidence and SWB. In addition, biological factors,
such as hormone levels and structural differences in the brain, may also affect girls’ mood and SWB [1].

4.2 Mental Health Factors
Feeling low and SWB exhibit a mirror-image relationship, which has been confirmed in several

studies [51,52]. The results of the present study are consistent with the existing literature, which found
that adolescents with a higher frequency of feeling low tended to report lower SWB. Feeling low itself can
lead to unhappiness, lack of motivation and interest. This reduces satisfaction with life. Feeling low also
affects one’s cognitive processes, for example, leading to negative thinking, excessive worrying, and self-
depreciation. These can further reduce SWB. The link between feeling low and SWB may go beyond social
factors and involve interactions at the biological level, including genetic factors, neurotransmitter systems,
and hypothalamic function [53]. In addition, there is a significant genetic association between irritability and
feeling low [54], and increased irritability further reduces SWB when feeling low is high.
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The lifting effect of friends on SWB was also demonstrated in this study [55]. The support of friends
contributes to positive psychosocial adjustments such as lowering depressive symptoms, reducing delinquent
and risky behaviors, increasing academic achievement, and counteracting the negative effects of victimiza-
tion and internalized behaviors [56,57]. However, the role of friends is more effective when the level of feeling
is low.

As documented in the existing literature. As adolescents develop during puberty, families and peer
groups tend to provide adolescents with information about their appearance and body size. This leads to their
perceived pressure from sociocultural sources and vulnerability to others’ comments about their bodies [19].
The results of the present study are consistent with this, in that a moderate thinking body may enhance SWB,
but this enhancement is limited when the level of feeling low is high. Being too fat or too thin reduced SWB,
with the effects of being overweight being particularly significant.

4.3 Addictive Behavior Factors
The research in this study revealed a positive correlation between sweets and SWB, a finding that

contradicts previous findings. The possible explanation lies in children’s natural preference for sweets and
the link between sweet consumption and positive emotional experiences [43,58]. This association suggests
that the intake of sweets may boost an individual’s SWB in the short term. However, this lifting effect may
not be significant at higher levels of feeling low, so it would not be wise to rely on a high intake of sweets to
lift SWB in the long term.

The negative correlation between smoking lifetime and SWB was demonstrated in this study [59].
Smoking not only increases negative emotions, triggers health problems, and increases financial burdens,
but it can also diminish the positive effects of friends on SWB. In addition, the shared risk factors of smoking
and alcohol consumption may cause these two behaviors to occur together, further reducing SWB.

4.4 Strengths and Limitations
The strength of this study lies in its data sources and analytical methods. The HBSC project provided

high-quality data on adolescent mental health, addictive behaviors, and SWB during 2017/2018. As an
international study, HBSC ensures the representativeness of the data through a standardized data collection
process and extensive sample coverage. These data are able to cover diverse socio-economic and demographic
backgrounds, thus enhancing the generalizability and validity of the findings. In addition, this study evaluates
SWB using a machine learning approach, which is capable of identifying nonlinear relationships between
variables. By dividing the training and validation sets, machine learning is able to avoid overfitting, thus
improving the prediction accuracy of the model. At the same time, the interpretability and manipulability of
the model are enhanced through the use of methods such as SHAP.

However, there are four main limitations to the data in this study. First, the cross-sectional data
provided by the HBSC limited the ability to infer causal relationships, including complex associations such
as reverse causation, bi-directionality, and endogeneity. Future research could more accurately identify these
relationships through longitudinal data or intervention study designs. Second, the study relied on self-
reported data, which could lead to bias. Individuals may overestimate their mental health in order to conform
to social expectations. In addition, individuals may also have memory biases. For example, forgetting certain
events or exaggerating the negative effects of certain events. Future studies could consider incorporating
objective indicators such as physiological sensors to obtain a more comprehensive assessment of physical and
mental health. Third, the supervised learning method used in this study relies on predefined labels, which
limits the exploration of the underlying structure of the data. Future research could explore unsupervised
learning methods to discover new patterns and groups in the data. Finally, the raw international data for
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the 2021/22 HBSC survey is currently under embargo (until October 2026). This study was unable to access
the latest data, which may affect the generalizability of the results. Future studies may use updated data for
further validation.

4.5 Public Policy Implications
This study reveals a strong association between adolescents’ mental health and physical health status and

their SWB, a finding that emphasizes the importance of promoting positive attitudes and healthy lifestyles
among adolescents. Schools and communities should emphasize the emotional well-being of students, teach
emotional management skills, and provide opportunities for physical activity enrichment. Friend support
and perceptions of body image have a significant impact on adolescents’ mental health and SWB. Therefore,
schools should enhance educational activities to increase adolescents’ awareness of body image pressure,
promote positive peer relationships, and create an inclusive and diverse school environment. The study also
found that moderate intake of sweets helped boost SWB while smoking negatively affected SWB. Based on
these findings, the government could develop healthy dietary guidelines to regulate the intake of sweets and
strengthen legal restrictions on the purchase of cigarettes by minors.

5 Conclusion
In this study, key predictors affecting adolescent SWB, including feeling low, friends, sweets, and

smoking lifetime, were successfully identified through the application of a machine learning model. These
factors are significant predictors and explainers of adolescent SWB in the domains of mental health and
addictive behaviors. The results of the study reveal the complex interactions between these variables. The
findings of this study highlight the need to develop targeted interventions to enhance adolescent SWB, which
should have a particular focus on physical and mental health and addictive behaviors. Using the advanced
capabilities of machine learning, the public health field can develop more effective data-driven strategies to
enhance SWB in adolescents.
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