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ABSTRACT

Background: Subjective well-being (SWB) is vital for the personal growth of
university students. Machine learning approach have been increasingly used in
identifying SWB predictors for their ability to capture complex and multidimensional
predictors. Still, the feature selection is not often justified from a theoretical
perspective.

Objective: Under the guidance of the conceptual model of psychology and public
health, this study aims to apply machine learning to identify the top predictors of
happiness and life satisfaction (LS) as the two components of SWB among a sample
of university students.

Methods: This cross-sectional study analyzed university students from the China
Family Panel Studies, including 816 participants from the 2022 wave for model
development and 724 from the 2020 wave for external validation. The development
set was randomly split into a training set (70%) and a test set (30%). Forty-two
variables across the conceptual model of psychology and public health were included.
Missing values were imputed using multiple imputation, LASSO regression was used
for feature selection, and SMOTE-IPF addressed class imbalance. Five tree-based
machine learning models (Random Forest, AdaBoost, Gradient Boosting, XGBoost,
and LightGBM) were trained with 10-fold cross-validation, and the best model was
chosen according to cross-validated AUC. Performance was further evaluated in the
internal test and external validation sets using ROC and PR curves, accuracy,
sensitivity, specificity, F1-score, and other metrics. The model explanation was
enhanced with SHAP values to assess the detailed contribution of each predictor and
Venn diagrams to evaluate shared predictors of happiness and LS.

Results: Among 816 university students, 15.9% reported low happiness and 28.9%
reported low LS in the development set, with similar proportions observed in the
external validation set. The Random Forest model achieved the best performance for
happiness prediction (AUC = 0.831 in the test set and 0.741 in the external validation
set), while XGBoost performed best for LS (AUC = 0.730 and 0.748, respectively).
SHAP analysis revealed interpersonal relationships were the strongest predictor of
happiness, while future confidence was the top predictor of LS. Shared predictors
across both outcomes included future confidence, interpersonal relationships,
depressive symptoms, and the relationship with mother.

Conclusions: The machine learning approach demonstrates good predictive
performance, thus may offer new thoughts for supporting SWB among university
students, such as strengthening interpersonal relationships and fostering future
confidence.

Keywords: subjective well-being; happiness; life satisfaction; university students;
machine learning; feature importance
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1. INTRODUCTION

Subjective well-being (SWB) is defined as the overall evaluation of an individual's
affective feelings and life [1]. It is commonly conceptualized as comprising happiness
and life satisfaction (LS) [2]. For university students, SWB is associated with
academic growth, self-efficacy, and physical and mental health [3, 4], laying a solid
foundation for long-term well-being. SWB varies across the life span following a U-
shaped pattern, with the university stage being a critical period characterized by
potential fluctuations and declines [5, 6]. It remains a challenge for university students
globally [7]. For instance, 19.1% of Vietnamese university students reported low
happiness [8], and the proportion of European university students with low LS ranged
from 27.1% in Czechia to 71.9% in Turkey [9]. In China, the situation appears
similarly concerning; about one-third of graduate students report low happiness [10],
and 22.7-55.0% of university students report low LS [11]. Consequently,
understanding the predictors of happiness and LS of university students has become a
priority.

The predictors of happiness and LS should be considered separately, because they
are independent but complementary dimensions of SWB [12]. Happiness represents
the affective dimension of SWB, often involving immediate, accessible positive
feelings without complex cognitive evaluation [5]. LS represents the cognitive
evaluative dimension of self-rated overall quality of life, which-may require
demanding thinking and a complex comparison between desired and actual life
situations [13]. Evidence suggests different key predictors influence these two
dimensions. In a global adult sample across 132 countries, material prosperity (e.g.,
income) more strongly predicted LS, whereas social psychological prosperity (e.g.,
autonomy, respect, and social relationships) more strongly predicted happiness [13].
However, little is understood about the predictors of happiness and LS among
university students.

Most existing studies that explored the predictors of SWB rely on traditional
statistical approaches [14-17]. These methods typically rely on predefined hypotheses
and linear assumptions, which limit their ability to capture the complex and
potentially nonlinear relationships between diverse influencing factors and the two
dimensions of SWB [18]. In contrast, machine learning (ML) offers notable
advantages in modelling high-dimensional and heterogeneous data. It is less
constrained by statistical assumptions and can effectively capture nonlinear patterns
[19]. Furthermore, explainable ML tools such as SHapley Additive Explanations
(SHAP) enhance interpretability by identifying and ranking the top predictors [20]
and revealing complex underlying relationships between the predictors and SWB
[21]. These capabilities make ML a promising approach for investigating the
predictors of happiness and LS.

Existing studies have explored predictors of SWB among university students using
ML, reporting predictive accuracies ranging from 69% to 90% [10, 22, 23]. These
studies often selected candidate predictors based on literature review, but with little
justification, including psychological factors (e.g., emotion regulation strategies and
coping styles) [10] or behavioral indicators (e.g., daily steps and sleep duration) [23].
For example, one study uses algorithm-based feature selection in a pool of 298
psychosocial variables, then identifies the top 20 predictors, such as depressive
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symptoms and personality traits [17]. Feature selection methods in previous studies
are not often grounded in a theoretical perspective [10, 22, 23], which can lead to
inconsistent predictive performance across studies and may overlook theoretically
important variables [24]. This challenge might become even more pronounced when
dealing with high-dimensional datasets, which often contain irrelevant features that
compromise model performance and reduce interpretability for stakeholders [24].

Consequently, theoretical relevance is an important consideration in feature
selection of ML models on predictors of SWB [25]. Psychological theories have
advanced understanding of individual-level processes that influence SWB, such as
personality traits and emotions, but they often overlap considerably and give limited
attention to contextual influences [25]. In contrast, public health research has
emphasized population-level factors of SWB, such as health, disease burden, and
social conditions. However, it has often been criticized for lacking a clear theoretical
foundation, and has primarily focused on empirically identifying relevant
determinants and correlates of SWB [25]. Thus, when understanding SWB's
predictors, an integrated conceptual model that combines insights from psychology
and public health could provide a holistic conceptual basis for feature selection.

This study aimed to apply a combined ML and feature selection strategy based on
psychology and public health perspectives to identify the top predictors of happiness
and LS among university students. The findings can warrant greater attention to
prioritize the key predictors and inform targeted strategies accordingly.

2. METHOD

2.1 Study design

This study used a cross-sectional design and was reported following the Strengthening
the Reporting of Observational Studies in Epidemiology (STROBE) checklist, as is
shown in supplementary table S1 [26].

2.2 Setting and data sources

This study used data from the China Family Panel Studies (CFPS,
http://www.isss.edu.cn/cfps/ EN/), a nationwide longitudinal survey developed by the
Institute of Social Science Survey (ISSS) at Peking University in 2010 and conducted
biennially. The CFPS aims to track individual, family, and community data, reflecting
changes in China's social, economic, demographic, educational, and health
landscapes. To ensure the representativeness and validity of the data, the baseline
survey of CFPS in 2010 used a three-stage sampling method with implicit
stratification to obtain an equal probability sample [27]. Firstly,
counties/administrative equivalents were drawn from 25 selected provinces (CFPS
does not cover Tibet, Qinghai, Xinjiang, Ningxia, Inner Mongolia, Hainan, Hong
Kong, Macau, or Taiwan). Secondly, communities were drawn from selected
counties/administrative equivalents. The socioeconomic level was used to indicate
implicit stratification at these two stages. Thirdly, 25 households were randomly
drawn from each sampled community based on the onsite sampling frame, and
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members of every household were asked to participate in the survey. Thus, it
represents 95% of the total population in the Chinese mainland.

We selected the cross-sectional data from the CFPS 2022 and 2020 surveys for two
reasons. First, it provides the most recent, nationally representative dataset that aligns
with the present study's aims from both psychological and public health perspectives.
Several indicators relevant to the conceptual model of psychology and public health,
such as dietary habits, online gaming and shopping, watching short videos, and family
support, were first introduced in the 2020 survey and retained in the 2022 survey [28].
These indicators have also recently attracted growing research interest among
university students [29-31]. Second, the CFPS survey's proportion of university
students was 3.02% in 2022 and 2.53% in 2020, which is closer to the Ministry of
Education's estimate of 2.97% [32].

2.3 Participant selection

This study focused on university students in China. Individuals were eligible for
inclusion if they were enrolled in diploma-level or higher education programs at the
time of the survey, while those not pursuing such programs were excluded.

The 2022 CFPS survey database was used for model development, and the 2020
wave for external validation. The final analytic samples comprised 816 participants in
the development group and 724 in the validation group, as illustrated in Figure 1.

Dataset CFPS 2022 Dataset CFPS 2020
(N = 27001) (N =28530)
Excluded (n=26109) Excluded (n=27753)
e Below diploma education * Below diploma education
LRt e e [Panicipams Included (N:777)]
Excluded (n=76)
e Missing happiness value

(N=892)
e Missing life satisfaction value

Excluded (n=53)
e  Missing happiness value
e Missing life satisfaction value

Developing group:
Eligible subjects
(N=816)

Figure 1. Participants' selection process for the study dataset

External validation group:

Eligible subjects

(N=724)

2.4. Measures

The CFPS questionnaire was developed by ISSS through a systematic process
involving multiple rounds of expert consultation and culturally adapted questionnaires
from widely recognized international surveys (e.g., the National Longitudinal Surveys
of Youth) to ensure measurement reliability and validity among the Chinese
population [27]. The CFPS 2020 and 2022 questionnaires are publicly available at
http://isss.pku.edu.cn/cfps/en/documentation/questionnaires/index.htm.

2.4.1 Assessment of SWB

In the CFPS 2022 and 2020 surveys, SWB was assessed in the “subjective attitude”
module through two dimensions: happiness and LS. Happiness was measured by the
question, "How happy do you feel about yourself?", with responses ranging from 0 to
10, where higher scores indicate greater happiness. Scores of 0-6 were classified as
low happiness, and 7-10 as high happiness [33]. LS was measured by the question,
"How satisfied are you with your life?", with responses ranging from 1 to 5, where
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higher scores indicate greater satisfaction. Scores of 1-3 were classified as not
satisfied, and 4-5 as satisfied [33, 34]. Single-item measures of happiness and LS have
been widely used in large-scale international surveys and have demonstrated
substantial correlations with multi-item scales and acceptable reliability across diverse
populations [35].

2.4.2 Features considered for SWB analysis

Guided by the integrated conceptual model combining psychology and public health
perspectives, we selected potential features for SWB analysis based on prior evidence
of their association with SWB, the availability of corresponding variables in the CFPS
2022 and 2020 datasets, and multiple rounds of expert consultation. This research
initially considered 47 common features across CFPS 2022 and CFPS 2020 for SWB
prediction model development. Of these, five variables with more than 30% missing
values, including nap duration, sleep duration, daily online learning, daily online
gaming, and daily online shopping, were excluded from the analysis to ensure validity
[36]. Finally, 42 variables were included.

The 42 variables included were organized according to the conceptual model of
psychology and public health [25] and grouped into seven broad categories: 1) Basic
demographics: age, gender, and ethnicity; 2) Socioeconomic status: average
household income, family size, education level; 3) Health and functioning: health,
health improvement [37], chronic disease [38], Body Mass Index (BMI) [39],
depression symptoms [37], academic self-efficacy [40], academic stress [41], poor
sleep frequency [42], nap habit [43], frequency of physical activity (PA) [44], PA
duration [45], protein consumption [46], fruit and vegetables consumption [46],
smoking, and alcohol use; 4) Personality: nuanced traits, such as future confidence
[47]; 5) Social support: medical insurance, school satisfaction [48], interpersonal
relationships [48], meeting frequency with father; contact frequency with father;
meeting frequency with mother; contact frequency with mother; relationship with
father; relationship with mother [49]; mobile internet use, computer internet use [50],
online learning, online shopping, online gaming, weekly short video, daily short video
[51], WeChat use, WeChat moments sharing frequency [37]; 6) Religion and culture:
religious belief [52]; 7) Geography and infrastructure: residence. A detailed
description of 42 variable definitions and assignments is provided in Supplementary
Table S2.

2.5 Bias

Firstly, this study is based on cross-sectional data. Cross-sectional data are subject to
omitted variable bias, where individual, unobserved effects may be correlated with
observed variables. Estimated effects would then include the effects from these
unobserved factors, which could either magnify or diminish the measurement of the
true effect [53]. Secondly, some measures used in this study contained meaningful
amounts of missing data, which could introduce bias if missingness does not occur
completely at random.
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2.6 Data analytic plan

The overall methodological framework employed in the data analysis is illustrated in
Figure 2. The key steps include data processing, feature selection, model selection,
performance evaluation, and model explanation.

Selecting 42 potential features from
psychological and public health perspectives
and expert consultation

Developing group:

Eligible subjects
(CTPS2022, N-816)

Eligible subjects
(CEPS2020, N=724)

External validation group:

IS T T A T o s R e e e S A R S e M e R S e S e e A S e T S O S AT D I

Balanced training set
with selected feature

Model development
(5 tree-based algorithms and
hyperparameter tuning: RF.
Adaboost. Gradient Boosting.
Xgboost. and LightGBM)

10 fold cross-
validation

Best model for happiness

Model evaluation (AUC-ROC,

PuE UONI2PS PO

accuracy, F1 score, Y,
specificity, PPV NPV)

UOLJEN[EAT JDUBULIOLII]

SHAP analysis

Importance and interpretations
of features predicting happiness
(Fig.6)

uoneuedxy

Vemn diagrams: shared features
of happiness and LS (Fig.8)

[ Traiming set with selected feature )

Model development
(5 tree-based algorithms and
hyperparameter tuning: RF,
Adaboost, Gradient Boosting.
Xgboost, and LightGBM)

10 fold cross-
validation

Best model for life satisfaction

Model evaluation (AUC-ROC,

accuracy, F1 score, sensitivity, [«
specificity, PPV NPV)

SITAP analysis

[ Importance and interpretations of J

features predicting life satisfaction
(Fig.7)

Figure 2. Overview of the study design. LASSO: least absolute shrinkage and selection operator;
SMOTE-IPF: Synthetic Minority Oversampling Technique with lterative Partitioning Filter; RF:
random forest; AdaBoost: adaptive boosting; XGBoost: extreme gradient boosting; LightGBM: light
gradient boosting machine; AUC: area under the receiver operating characteristic curve; ROC:
receiver operating characteristic; PPV: positive predictive value; NPV: negative predictive value
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2.6.1 Data processing and feature selection

For the features considered for SWB analysis, missing values were observed, with a
mean non-response rate of 2.04% (ranging from 0.00% to 17.65%) in the
development group from CFPS 2022 and 3.19% (range from 0.00% to 24.17%) in the
external validation group from CFPS 2020. Missing rates of study variables in the
development and external validation groups are summarized in Supplementary Table
S3. Continuous variables with normal distribution were summarized as mean +
standard deviation (SD), while those with skewed distributions were presented as
median (interquartile range, IQR). Categorical variables were expressed as
frequencies and percentages.

To ensure the data quality for subsequent ML analysis, multiple imputation (MI)
was performed for the remaining variables with missing values, using the miceforest
package in Python (version 3.12). This simulation-based approach provides more
accurate estimates of missing values than single-value imputation methods and was
adopted to enhance the analytical robustness of the study [54]. Distribution of study
variables in the development and validation group before and after imputation is
illustrated in Supplementary Figure S1 and Figure S2, showing that the imputation
preserved the original data structure. After imputation, the development group was
further divided into a training set (70%) and a test set (30%) to mitigate overfitting.

To select features for predictive modelling, we initially examined potential
multicollinearity using Spearman's correlation coefficients among the initial 42
features. The analysis indicated that none of the variable pairs exceeded the
commonly used threshold of 0.8, suggesting an absence of problematic collinearity.
Thereafter, we applied the least absolute shrinkage and selection operator (LASSO)
regression to the training dataset [55]. This procedure was used to mitigate overfitting
by shrinking the coefficients of less informative variables and further addressing the
multicollinearity. In the LASSO regression, the optimal regularization parameter "A"
was determined via cross-validation to minimize model error [56]. In addition, the
resulting set of variables was then used for predictive model development.

The constructed happiness dataset is severely imbalanced, with only 15.9% of
participants reporting low happiness and the remaining 84.1% reporting otherwise. To
address this imbalance, we applied the Synthetic Minority Oversampling Technique
with Iterative Partitioning Filter (SMOTE-IPF) [57]. SMOTE-IPF extends the
traditional SMOTE by combining oversampling with an ensemble-based noise
filtering procedure [57]. The SMOTE-IPF reduces the potential risk of introducing
synthetic samples into noisy regions [58]. The SMOTE-IPF was only applied to the
training set to avoid any possibility of information leakage or overfitting.

2.6.2 Model selection and performance evaluation

To identify the best model for predicting happiness and LS from the selected input
features in each dataset, five tree-based classifiers underwent training were used to
construct the model: Random Forest (RF), Adaptive boosting (Adaboost),
GradientBoosting, Extreme Gradient Boosting (XGBoost), and Light Gradient
Boosting Machine (LightGBM). These algorithms were chosen for their widespread
use and robustness in handling complex data structures and analyzing feature
importance [59, 60]. To validate the robustness of the optimal model and mitigate
potential overfitting from the oversampled data, we employed 10-fold cross-validation
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on the training data. During the cross-validation, hyperparameters were tuned using
the grid search strategy, with the corresponding hyperparameters outlined in
Supplementary Table S4. The computed average area under the receiver operating
characteristic curve (AUC) scores over tenfold were regarded as the basis for
selecting the optimal model in the training set.

The selected optimal model was then evaluated by the test set (i.e., 2022 CFPS) and
an external validation set (i.e., 2020 CFPS). Model performance was assessed using
receiver operating characteristic (ROC) curves and the area under the precision-recall
(PR) curves, along with several key performance metrics, including AUC-ROC score,
accuracy, sensitivity/recall, specificity, negative predictive value (NPV), positive
predictive value (PPV), F1 score, and kappa value. In addition, confusion matrices
were also generated to provide a direct visualization of classification outcomes, with a
default cutoff of 0.5. The AUC-ROC score was regarded as the primary criterion for
selecting the best-performing model, as it reflects the model's overall discriminative
ability across all possible classification thresholds [61].

2.6.3 Model explanation: feature importance and model transparency

To enhance the model transparency, the final selected model was then tested on the
test dataset, and the SHAP method was used to quantify the contribution of each
predictive feature for happiness and LS [62]. SHAP values measure each feature's
contribution to a model's prediction by analyzing how the prediction changes when
the feature is added to or removed from different combinations of other features. This
analysis ensures an evaluation of each feature's impact. By using SHAP, we can
understand how individual features influence the model's predictions and their relative
importance.

Data cleaning and descriptive statistics were performed using STATA version 17.
ML methods were implemented using Python software (version 3.12). A detailed list
of the libraries, their versions, and their specific applications in this study is provided
in Supplementary Table S5.

3. RESULTS

3.1 Data processing results

In the development dataset (CFPS 2022), 130 participants (15.9%) reported low levels
of happiness, and 236 (28.9%) were not satisfied with their lives. In the external
validation dataset (CFPS 2020), 113 participants (15.6%) reported low levels of
happiness, and 239 (33.0%) were not satisfied with their lives. The selected features
for ML were categorized into seven domains. Descriptive statistics of the 42 variables
across the development and validation datasets after M| are summarized in Table S6.

Across the seven domains, the two datasets demonstrated both similarities and
differences. For demographics, both datasets had a median age of 21 years, and the
gender distribution was nearly similar. For socioeconomic status, the family size was
similar across datasets, with a median of four members in both 2022 and 2020.
Regarding health and functioning, depressive symptoms were more frequent in 2022
(23.8% vs 10.8%). The median score of academic self-efficacy and academic stress



318  was 3.00 in both datasets. For personality, both datasets reported consistent levels of
319  future confidence, with a median score of 4.00 [3- 4]. Regarding social support,

320 interpersonal relationships had a median score of 7.00 [6.00- 8.00] in both datasets,
321  and the relationship with mother was reported as very close by 52.1% in 2022 vs

322 55.0% in 2020. Daily short video use was also more prevalent in 2022 (76.1% vs
323 61.2%). For religion and culture, only 1.1% of students reported religious beliefs in
324 both datasets. Finally, for geography and infrastructure, urban residence was slightly
325 more common in 2020 (59.1% vs 56.4%).

326 3.2 ldentification of informative features

327  To identify the most informative variables associated with happiness and LS.

328 Spearman correlation analysis (see Figure 3A) initially assessed the potential

329 multicollinearity. It confirmed that no problematic correlations existed between the
330  selected features, with the highest observed correlation coefficient being 0.78, well
331  below the conventional 0.8 threshold. LASSO regression with 10-fold cross-

332 validation was employed on the training dataset to mitigate overfitting and

333 multicollinearity among the 42 potential variables. The LASSO regression cross-

334  validation process (Figure 3B) identified an optimal regularization parameter (1) of
335 0.0255. The coefficient paths (Figure 3C) illustrate the sequential variable elimination
336  process across different A values, demonstrating the stability and importance of

337  selected features. For happiness, the variables retained by LASSO included

338  depression symptoms, frequency of PA, fruit and vegetable consumption, future

339 confidence, interpersonal relationships, relationship with father, and relationship with
340 mother.

341

342 For LS, Spearman correlation analysis was consistent with the happiness results
343 (Figure 3D), with the highest observed correlation being 0.78, and the optimal A was
344 0.0233 (Figure 3E). The coefficient paths (Figure 3F) emphasized the variables

345  selected in the final model. The predictors retained for LS included age, health status,
346 depression symptoms, academic self-efficacy, academic stress, future confidence,
347 interpersonal relationships, relationship with mother, online gaming, weekly short
348 video use, WeChat use, WeChat moments sharing frequency, and religious belief.
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349
350  Figure 3. Feature selection and performance evaluation for predicting happiness and life satisfaction. PA: Physical Activity; BMI: Body Mass Index; LASSO: Least

351  absolute shrinkage and selection operator. A) Heatmap of Spearman correlation coefficients before filtering for happiness. B) Lasso regression cross-validation process to
352 determine the optimal regularization parameter (1) for happiness. The mean squared error path is shown for different A values, with optimal A highlighted. C) Coefficient

353 paths of all features for happiness as a function of log-transformed A, showing the shrinkage process and the selection of important predictors. D) Heatmap of Spearman

354 correlation coefficients before filtering for life satisfaction. E) Cross-validation process for life satisfaction, with optimal A highlighted. F) Coefficient paths of all features for
355 life satisfaction.
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3.3 Robustness analysis: oversampling and class imbalance

To evaluate the impact of class imbalance and the effectiveness of our oversampling
strategy, we trained Random Forest classifiers for happiness on the original
imbalanced training set (102 low-happiness vs. 469 high-happiness cases) and the
oversampled dataset. On the original training set, the model achieved an AUC of
0.832, an accuracy of 0.890, a sensitivity of 0.982, and a specificity of 0.179 in the
test set. After applying SMOTE-IPF oversampling with a balanced target ratio of 1:1
(469 low-happiness vs. 469 high-happiness cases), the model's performance
improved, yielding an AUC of 0.831, accuracy of 0.837, sensitivity of 0.885, and
specificity of 0.464, as reported in Supplementary Table S7.

3.4 Model selection and performance evaluation

Based on the identified features, five ML models were developed to identify the
optimal algorithms for predicting happiness and LS.

For happiness, nine variables were included in the multivariate model. Of the
models evaluated, the Random Forest demonstrated the best performance in the
training set, with an overall cross-validated AUC of 0.965 (Figure 4A), ranging from
0.953 to 0.990 across folds (Figure 4B). In the test set, the model achieved an AUC of
0.831 and an AP of 0.975, with an accuracy of 0.837, sensitivity of 0.885, specificity
of 0.464, PPV of 0.928, NPV of 0.342, F1 score of 0.906, and Cohen's kappa of 0.302
(Table 1). In the external validation set, the Random Forest yielded an AUC of 0.741
and an AP of 0.923, with an accuracy of 0.834, sensitivity of 0.921, specificity of
0.363, PPV of 0.887, NPV of 0.461, F1 score of 0.904, and kappa of 0.311 (Figure
4C-D; Table 1). The corresponding confusion matrices for the test and external
validation sets are provided in Supplementary Figure S3.

Cross-Validawed ROC Curves for All Models K-told Cross-Validation ROC - Randomkorest

C ROC Curve - Randomkorost b Procision-Recall Curve - Randomkorest

T

=

Figure 4. Model performance of the Random Forest for predicting happiness. AUC: Area under the
receiver operating characteristic curve; ROC: Receiver operating characteristic. (A) ROC curves in the
test set, with cv-AUC values reported for each model; (B) K-fold cross-validation ROC curves of the
best-performing model (Random Forest); (C) ROC curves in the test and external validation sets; (D)
Precision-Recall curves in the test and external validation sets.
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For LS, 15 variables were included in the multivariate model. The XGBoost model
performed best, with an overall cross-validated AUC of 0.813 (Figure 5A), ranging
from 0.754 to 0.869 across folds (Figure 5B). In the test set, the model achieved an
AUC of 0.730 and an AP of 0.881, with an accuracy of 0.767, sensitivity of 0.897,
specificity of 0.367, PPV of 0.814, NPV of 0.537, F1 score of 0.853, and a kappa of
0.296. In the external validation set, the XGBoost model yielded an AUC of 0.748
and an AP of 0.847, with an accuracy of 0.715, sensitivity of 0.897, specificity of
0.347, PPV of 0.736, NPV of 0.624, F1 score of 0.809, and kappa of 0.275 (Figure
5C-D; Table 1). The corresponding confusion matrices for the test and external
validation sets are provided in Supplementary Figure S4.

A Cross-Validaled ROC Curves for All Models B K-Fold Cross-Validation ROC - XGBoost

ng

02

0o

Xl

0.0 0.2 0.4 06

c ROC Curve - XGBoost D Procision-Recall Curve - XGBoost

o - /—"’”““\_‘,1_‘
.
«”

Py

08 %ﬁ-—_‘\

0.6

08

04

—— Test{AP=0.881)

rion (ALC = 0.748) Extemal validation (AP = 0.847)

0.0

o 0z 04 0.6 08 10 0.0 02 04 (X 08 10
False Positive Rate Recall

oo

Figure 5. Model performance of the XGBoost model for predicting life satisfaction. AUC: Area under
the receiver operating characteristic curve; ROC: Receiver operating characteristic. (A) ROC curves in
the test set, with cv-AUC values reported for each model; (B) K-fold cross-validation ROC curves of
the best-performing model (XGBoost); (C) ROC curves in the test and external validation sets; (D)
Precision-recall curves in the test and external validation sets.
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Table 1. Performance metrics for the optimal model in the test and external validation datasets.

External
Model Test set validation
set
Happiness @ 0.831 0.741
AUC-ROC ) g 0.730 0.748
Happiness @ 0.837 0.834
Accuracy ) g 0.767 0.715
Sensitivity/ ~ Happiness @ 0.885 0.921
Recall LS® 0.897 0.897
o Happiness 2 0.464 0.363
Specificity. | o 0.367 0.347
Happiness @ 0.928 0.887
PPV .
LS 0.814 0.736
Happiness @ 0.342 0.461
NPV .
LS 0.537 0.624
Happiness @ 0.906 0.904
F1 score b
LS 0.853 0.809
Happiness 2 0.302 0.311
Kappa
PP LS® 0.296 0.275

Note: a: performance of the Random Forest (best model for happiness); b: performance of the
XGBoost (best model for life satisfaction); RF: Random Forest; AdaBoost: Adaptive Boosting;
XGBoost: Extreme Gradient Boosting; LightGBM: Light Gradient Boosting Machine; AUC: area
under the receiver operating characteristic curve; ROC: Receiver operating characteristic; PPV:
positive predictive value; NPV: negative predictive value.

3.5 Model explanation: feature importance and model transparency

This study evaluated the relative importance of various factors in predicting happiness
and LS using the selected ML models. We applied SHAP to interpret the contribution
of each feature to the predictive model by averaging its absolute mean SHAP values,
analyzed separately for the test and external validation sets. First, we used feature
importance plots to describe the hierarchical ranking of predictors, where the y-axis
lists features in descending order of importance and the x-axis displays their absolute
mean SHAP values. Second, we used SHAP summary plots to visually illustrate how
each variable impacts the model's prediction output. The SHAP summary plots use
the x-axis to display SHAP values, which reflect the influence of each feature on the
model's predictions: positive SHAP values (i.e., feature value influence on the right
side) indicate that a feature increases the likelihood of feeling happy, while negative
values (i.e., feature value influence on the left side) decrease it. The y-axis lists the
features in descending order of importance, and each point is color-coded to represent
the feature's actual value (i.e., blue indicates the lowest value, and red indicates the
highest).

3.5.1 Key predictors of happiness

The key predictors of happiness identified by the Random Forest model are shown in
Figure 6A-B. Interpersonal relationships were the most important contributor, with
mean SHAP values of 0.123 in the test set and 0.118 in the external validation set.
The consistency across datasets indicates the robustness of this finding. Other
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influential variables included meeting frequency with mother, relationships with
father and mother, depression symptoms, future confidence, and the frequency of PA.
SHAP summary plots (Figure 6C-D) further revealed that higher interpersonal
relationship scores, more frequent meetings with mother, greater future confidence,
and higher PA frequency increased the probability of reporting higher happiness,
whereas depressive symptoms decreased this probability.

A. SHAP Feature Importance - Test Set
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C. SHAP Summary Plot - Test Set
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Figure 6. SHAP interpretation of Random Forest for happiness. SHAP: SHapley Additive
exPlanations; PA: Physical Activity. Feature importance plots (A-B) for the test and external validation
sets. SHAP summary plots (C-D) for the test set and external validation set.
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The variables sorted by SHAP values in the XGBoost model for LS are illustrated in
Figure 7A-B and in both the test and external validation sets, future confidence,
academic self-efficacy, and health emerged as the strongest contributors (mean SHAP
values = 0.578, 0.406, and 0.390 in the test set; 0.561, 0.408, and 0.363 in the external
validation set, respectively). Other important variables included relationship with
mother, WeChat moments sharing frequency, academic stress, and age. The SHAP
summary plots (Figure 7C-D) further revealed that higher future confidence, higher
academic self-efficacy, better health, a closer relationship with mother, and a lower
frequency of WeChat moments sharing were associated with an increased likelihood
of reporting higher LS. The consistency between the test and external validation sets
confirms the robustness of these findings.
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3.5.3 Shared predictors of happiness and LS
Furthermore, the Venn diagram (Figure 8) was used to reveal four shared predictors
of the optimal prediction model, including future confidence (personality domain),
interpersonal relationships and relationship with mother (social support domain), and
depressive symptoms (health and functioning domain).
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Figure 7. SHAP interpretation of XGBoost for life satisfaction. SHAP: SHapley Additive
exPlanations. Feature importance plots (A-B) for the test and external validation sets. SHAP summary
plots (C-D) for the test set and external validation set.

Basic demographics
Socioeconomic status

Health and functioning
Personality

Social support

Religion and culture
Geography and infrastructure

Figure 8. The Venn diagram shows the shared predictors of happiness and life satisfaction



480

481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529

4. DISCUSSION

Guided by an integrated conceptual model of psychology and public health, and using
ML techniques, the study simultaneously identified a set of top predictors for
happiness and LS. Interpersonal relationships were identified as the top predictor for
happiness, and future confidence was the top predictor for LS. Future confidence,
depressive symptoms, interpersonal relationships, and the relationship with mother
were consistently important across both outcomes. These findings may inform a
comprehensive understanding of targeted intervention strategies for SWB among
university students.

This finding revealed that interpersonal relationships, representing the social
support domain of the conceptual model in our study, were the top predictor of
happiness among university students. This result differs from findings from a survey
of global adult populations, where broader social-psychological prosperity, such as
autonomy and respect, is more influential [13]. Since the predictors of happiness vary
across the life course, university students, who are in a transitional life stage, may rely
more on peer interactions and social integration for their happiness [63-65]. As
university students' social networks expand, their expectations for harmonious
interactions grow [66]. Adults, in contrast, may place greater value on autonomy and
social respect, as their sense of happiness is often grounded in self-realization and
societal recognition [13]. Evidence from Chinese university students further supports
this interpretation, showing that supportive relationships could provide emotional
resources and foster positive emotions [64, 67], while inadequate relationships might
increase vulnerability to mental health problems [68]. Taken together, interpersonal
relationships play a particularly important role during university years.

Future confidence, representing the personality domain of the conceptual model in
our study, emerged as the top predictor of LS. This finding also differs from research
in global adult populations, where LS has been shown to depend more on material
prosperity, such as income [13]. These differences also revealed the transitional
nature of the university stage, during which academic demands and career
uncertainties place particular salience on expectations about the future [69], whereas
for adults, with more established roles in work and family [70], their LS is more likely
to connect with material conditions [13]. In this context, future confidence may
function as a key psychological trait that supports adaptive responses to uncertainty
and fosters a more optimistic evaluation of life circumstances [71]. However, the
positive role of future confidence may be undermined by external pressures, including
intense job competition and high societal expectations, distorting students' perceptions
of their future opportunities [69]. Our findings suggest that future confidence might
be pivotal in enhancing university students' LS.

Happiness and LS shared four key predictors, including future confidence,
interpersonal relationships, depressive symptoms, and the relationship with mother,
which fall into personality, health and functioning, and social support of the
conceptual model. On the one hand, these findings also contribute to the empirical
evidence supporting the conceptual model of psychology and public health. On the
other hand, these findings extend previous studies, which have typically reported
similar results for these variables concerning either happiness or LS of SWB [72, 73].
This cross-dimensional effect may be understood because these variables shape
affective experiences and cognitive evaluations simultaneously. Regarding
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interpersonal relationships, previous studies have reported that social connections not
only generate momentary joy but also help individuals achieve interpersonal goals
and gain recognition [73, 74]. Future confidence, while it is important to long-term
satisfaction with life, also fosters positive emotions, reduces stress, and promotes a
hopeful perspective in the present [72]. Reasonably, less depressed students were
happier and more satisfied, as depression may lower positive affect and foster
negative cognitive appraisals [75]. Lastly, the enduring influence of mothers reflects
the primary identification figure and source of support during the transition from late
adolescence to emerging adulthood. This relationship can offer emotional security and
stability, making it a source of both daily happiness and LS. Such patterns have been
observed in both Eastern and Western university populations [76], showing the cross-
cultural relevance of maternal bonds in shaping students' SWB.

4.1 Limitations

Although our study utilized a large-scale, nationally representative dataset of Chinese
university students and applied ML methods to identify the top predictors of
happiness and LS, based on the conceptual model of psychology and public health
perspective, it presents some points for improvement and limitations. First, causal
inference among the identified features of our findings is limited because of the cross-
sectional data analysis of CFPS. Although CFPS offers rich psychological and public-
health indicators, some variables of interest (e.g., dietary habits, online gaming and
shopping, watching short videos, and family support) were unavailable in earlier
waves, making longitudinal analyses infeasible [28]. Second, the 2020 and 2022
waves were collected during the COVID-19 pandemic, when remote study, social
isolation, and stress may have influenced students' happiness and LS [77]. However,
we could not explicitly assess pandemic-related factors due to data limitations, the
relative importance of these predictors may vary across contexts. Third, happiness and
LS were assessed using single-item measures, which may increase measurement error
and limit the ability to capture the multidimensional nature of the constructs [35].
Multi-item scales might provide a more detailed understanding of the constructs
underlying. Fourth, to address class imbalance, we applied SMOTE-IPF to the
happiness model [78], which modestly increased specificity (from 0.179 to 0.464) and
slightly changed AUC (from 0.832 to 0.831) in the RF model (Table S7). Although
we used a balanced oversampling ratio and ten-fold cross-validation to reduce
overfitting, synthetic sampling can still amplify noise.

4.2 Implications

The findings provide two main directions for future research and practice. For
research implications, first, future studies could extend these insights by examining
related constructs in greater depth, such as identifying which type of personality traits
or aspects of interpersonal relationships (e.g., intimate relationships, supervisory
relationships, and parental relationships). Second, to enhance the validity and
robustness, future research should also employ larger and more balanced datasets and
adopt longitudinal, experimental, or causal modelling approaches (e.g., structural
equation modelling or modern causal ML techniques). Cross-cultural comparisons
would further clarify whether the relative importance of these predictors differs across
cultural contexts. Third, our study using ML within a conceptual model may provide
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an example methodological approach to identify the predictors of happiness and LS
across different populations or life stages.

For practice implications, this study provides evidence-based guidance for
universities and public health authorities to promote happiness and LS of Chinese
university students. For example, interventions should simultaneously cultivate
students' confidence in navigating future challenges and strengthen their social
connections. In addition, depressive symptoms and the mother-child relationship
further reveal the need for regular mental health screening, support services, and
family engagement where appropriate.

CONCLUSION

This study provides valuable insights into the top predictors of happiness and LS
among Chinese university students based on the conceptual model of psychology and
public health. Perhaps decision makers can take cues from the predictors and the
importance weight from this study to develop targeted strategies for supporting
university students' SWB.
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