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Abstract 

As a key force in future environmental actions, youth play a crucial role in driving 

societal transformation. However, the factors influencing youth environmental actions 

have not been fully validated, and the role of national-level influences is often 

overlooked. This study aims to identify the factors that are associated with adolescents’ 

public-sphere and private-sphere environmental actions. Unlike prior studies, which 

typically use single-level analyses, we simultaneously examine individual, school, and 

national factors to capture the often-overlooked national context. Using PISA-2018 

data on 420,339 adolescents from 66 countries, we used LightGBM and XGBoost to 

build predictive models. Shapley Additive Explanations (SHAP) were then applied to 

detect non-linear threshold effects and to quantify each feature’s contribution to 

environmental action. Results indicate that individual-level factors, such as 

environmental attitudes, the discussion of international events in school, and critical 

thinking, are significantly associated with adolescents’ private-sphere environmental 

actions. Conversely, national-level factors, such as Sustainable Development Goal 

(SDG) performance and country vulnerability, play a particularly strong role in shaping 

public-sphere environmental actions. This study underscores the importance of 

incorporating national-level factors, which have often been under-emphasized in 

research on youth environmental behavior. 

Keywords: Environmental action; Shapley additive explanations; Machine learning; 

Adolescents  
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Introduction 

In the context of environmental crises such as global warming, air pollution, and 

resource depletion, addressing climate issues requires the concerted effort of multiple 

generations (Jamieson, 2015; Law et al., 2025). Adolescents are a crucial force for 

future environmental action (Barraclough et al., 2021; Körfgen et al., 2017). Early 

environmental actions can foster individual environmental awareness and contribute to 

broader societal environmental transformation. (Ballesteros et al., 2025). As a bridging 

generation in the climate-commitment gap, adolescents’ environmental actions are 

especially significant. Pro-environmental practices during school years lay the 

foundation for lifelong behavior patterns (Hahn, 2021). Additionally, adolescents, soon 

to become the largest workforce globally, will reshape future socio-economic systems 

(Sayal et al., 2016; Wijaya & Kokchang, 2023). 

However, existing studies have long neglected the differences in the driving 

mechanisms between public-sphere and private-sphere environmental actions 

(Hansmann & Binder, 2020; Liobikienė & Poškus, 2019). This oversight has led to one-

size-fits-all educational policies that fail to design targeted interventions for different 

types of actions. Furthermore, existing research tends to focus on single-level analyses, 

lacking a comprehensive consideration of cross-level factors. Different levels of factors, 

such as individual environmental attitudes, school-level educational support, and 

national-level policy frameworks, may have distinct impacts on adolescent 

environmental actions (Aral & López-Sintas, 2022; Huoponen, 2024; Mónus, 2022). 
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Whereas traditional statistical models often falter when faced with multicollinearity 

among numerous factors, interpretable machine-learning algorithms can seamlessly 

handle such high-dimensional, correlated data sets, modeling complex relationships 

automatically and delivering superior predictive accuracy (Lundberg & Lee, 2017; 

Olden et al., 2008). Moreover, post-hoc explanation techniques can identify which 

factors matter most and reveal threshold or diminishing-return effects within these 

relationships; pinpointing such turning points offers policymakers concrete targets for 

intervention. A deeper exploration and systematic analysis of these multi-level 

influences, particularly in a globalized context, can help us better understand the driving 

factors behind youth environmental actions. 

Differences Between Private-sphere and Public-sphere Environmental Actions 

Environmental actions are often defined and studied within two distinct domains: 

the public sphere and the private sphere (Hadler & Haller, 2011; Kleespies et al., 2024; 

Zheng et al., 2019). Public-sphere environmental actions are those in which individuals 

benefit the environment indirectly through collective or civic engagement; for example, 

joining environmental demonstrations, participating in eco-clubs or community clean-

ups, or advocating for environmental policies. When adopted by groups, such public 

actions can generate substantial environmental impacts. In contrast, private-sphere 

environmental actions are those in the personal or household sphere where individuals 

directly influence the environment through their behavior; for instance, saving 

electricity at home, recycling waste, or reducing personal water use (Lou & Li, 2023). 
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Public- and private-sphere environmental actions follow distinct motivational 

logics that emerge from different socialization spheres during adolescence. Consistent 

with the Value–Belief–Norm and identity frameworks (Ajibade & Boateng, 2021; 

Gkargkavouzi et al., 2019; Stern et al., 1999), adolescents act privately when 

sustainable behavior aligns with their internalized moral obligations and self-concept; 

hence individual cognition, self-efficacy, and family socialization are the primary 

engines of private engagement (Alscher et al., 2022; Lenzi et al., 2012; Singh et al., 

2020). Private-sphere actions take shape largely within the family context during 

adolescence, where daily routines and parental modeling cultivate personal norms, 

values, and environmental self-identity (Gifford & Nilsson, 2014; Gkargkavouzi et al., 

2019). Public-sphere actions depend on collective efficacy, social norms, and 

institutional trust. School civic education quality and peer networks supply the social 

support and normative cues that galvanize collective behavior, while national-level 

policies and public discourse further signal whether such participation is valued (Ainger 

& Fanetti, 2024; Salazar et al., 2022). Public-sphere environmental actions often hinge 

on a sense of collective efficacy and normative expectations within one’s community 

or peer group (van Zomeren et al., 2008). For example, feeling part of an environmental 

activist community can motivate individuals to protest or vote for green policies due to 

a shared group norm of acting. Collective norms and peer influences play a pivotal role. 

Trust in government and institutions can also shape public behavior; when people 
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believe that authorities will respond to citizen action, they are more likely to participate. 

(Xing et al., 2022). 

Adolescents' actions in both the public and private domain can mutually reinforce 

one another. Private-sphere environmental actions can drive greater environmental 

awareness and participation in public-sphere environmental actions (J. Wang & Kong, 

2023); conversely, increased awareness and social movements from public-sphere 

environmental actions can also foster the development of private-sphere environmental 

actions (Saunders et al., 2013). Understanding the environmental actions of adolescents 

in both domains and their influencing factors can offer a better understanding of their 

comprehensive motivations and behavior patterns related to environmental action. 

Influencing Factors on Adolescent Environmental Action 

Adolescence represents a critical developmental stage characterized by the 

transition from parent-guided routines to the formation of self-directed civic identities. 

During this period, young people experience significant advances in abstract reasoning 

and moral judgment, equipping them to connect individual behaviors with broader 

environmental consequences (Hahn, 2021). The formation and development of 

environmental actions in adolescents is therefore a complex, multi-layered process 

shaped by factors at the individual, school, and national levels (Huoponen, 2024; D. Li 

et al., 2019; Otto et al., 2019; Pisano & Lubell, 2017). Given that most adolescents 

remain embedded within formal education systems, the school environment, via civic- 

and climate-education curricula, extracurricular initiatives such as environmental clubs, 
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and peer norms, emerges as a universally accessible and potent context for fostering 

environmental agency (Lenzi et al., 2012). Simultaneously, adolescents are particularly 

receptive to macro-level sociopolitical cues that shape their understanding of collective 

responsibility; national-level sustainability discourses, legislative developments, and 

media representations thus serve as critical sources of information that scaffold their 

developing civic worldviews (Wray-Lake & Ballard, 2023). 

At the individual level, substantial research has highlighted the profound influence 

of cognitive structures, attitudes, and emotional states on adolescents’ environmental 

actions. Individual attitudes toward the environment, climate-change understanding, 

and critical thinking have been shown to significantly shape both private and public 

environmental behaviors (Brosch, 2021; Langenbach et al., 2020; Piao & Managi, 2024; 

Zhang & Li, 2023). These cognitive and attitudinal factors serve as the foundation for 

understanding adolescent engagement in environmental action. 

The school level is uniquely influential because schools are not only spaces for 

transmitting knowledge but also for fostering social responsibility and collective 

consciousness (Soutter & Clark, 2024). School environments—through environmental 

education curricula, cultural atmospheres, and campus activities—play a subtle yet 

significant role in shaping adolescents’ environmental behavior. Offering climate-

change courses, organizing environmental volunteer activities, and cultivating a green 

campus culture can enhance environmental awareness and encourage participation in 

public environmental actions (Goldman et al., 2018; Ma et al., 2023; Meitiyani et al., 
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2022). Furthermore, schools’ social networks and exposure to international 

perspectives can stimulate concern for global environmental issues and prompt action 

among adolescents (Nordström, 2008; Pong & Tam, 2023). This school-specific 

influence is particularly important during adolescence, as it provides a unique 

environment for developing both individual and collective environmental behaviors. 

However, while the individual and school levels have been extensively discussed, 

the national level, which represents the macro-environment, has received 

comparatively less attention despite its substantial role. National policies, 

environmental legislation, and social governance shape adolescents’ living 

environments (Urwin & Jordan, 2008), as well as the opportunities and motivations 

they have to engage in environmental actions. National investments in environmental 

protection, climate change response, and the promotion of Sustainable Development 

Goals all contribute to shaping adolescents’ environmental awareness and attitudes 

(Craig & Petrun Sayers, 2019; Kadir, 2022). Additionally, cultural backgrounds, social 

values, and a country’s emphasis on environmental issues influence how adolescents’ 

environmental actions are nurtured and expressed. Research shows that cultural 

dimensions such as collectivism and long-term orientation positively affect both 

private- and public-sphere environmental actions, whereas uncertainty avoidance tends 

to reduce private-sphere actions (Mi et al., 2020; Riaz et al., 2023). Despite these 

insights, national-level factors remain underexplored in understanding youth 
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environmental behavior, highlighting the need for further research that integrates 

individual, school, and country influences within a comprehensive framework. 

Explainable Machine Learning in Environmental Social Science 

As data-driven approaches gain prominence in environmental social science, 

researchers are increasingly adopting explainable machine learning techniques to 

bridge predictive modeling with theoretical insight (Hino et al., 2018; Rolnick et al., 

2022). However, these sophisticated models often operate as black boxes, leaving 

scholars and policymakers asking why a model made a given prediction. Explainable 

machine-learning methods have thus emerged as a vital means of ensuring transparency 

and interpretability in this domain (Barredo Arrieta et al., 2020; Rudin, 2019). 

Explainability tools help researchers reveal which variables influence model 

decisions, linking complex analytics to social science theory and making results 

actionable. Among post-hoc methods, Local Interpretable Model-Agnostic 

Explanations (LIME) and SHapley Additive exPlanations (SHAP) are most widely 

used in environmental studies. LIME explains a single prediction by perturbing inputs 

around that case and fitting a simple local surrogate; its insights are instance-specific 

and not automatically generalizable (Ribeiro et al., 2016). SHAP, grounded in 

cooperative-game theory, assigns each feature a Shapley value indicating its 

contribution to a prediction and satisfying fairness and consistency properties 

(Lundberg & Lee, 2017). Aggregating Shapley values across all cases yields both local 
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explanations and global importance rankings, offering a comprehensive view of model 

behavior. 

These explainability methods are rapidly gaining adoption in sustainability 

research and environmental applications. Interpretability techniques can successfully 

uncover which factors most strongly influence model predictions, lending credibility 

and transparency. For example, Li et al. (2024) present a multimodal deep-learning 

ensemble (CITAB) that blends time-series indicators with policy-related text to forecast 

China’s carbon emissions; ablation tests confirm the hybrid model’s clear edge over 

single-source baselines, highlighting the added value of textual information. Wang et 

al. (2025) develop an IVMD-Autoformer-ELM pipeline for carbon-allowance price 

forecasting and use SHAP to show that macro-economic indices and coking-coal prices 

are the leading drivers of long-, medium-, and short-term price trends. Explainable 

Machine Learning allows researchers to assess the contribution of specific variables to 

outcomes, thereby validating and enriching theoretical frameworks. In domains from 

climate-change risk assessment to biodiversity management, scholars use Explainable 

Machine Learning to identify key drivers, detect nonlinear interactions, and even 

discover emergent patterns that traditional methods might miss. 

The Present Study 

Despite the accumulation of research on adolescent environmental actions, 

existing studies still have several limitations. First, most research tends to treat 

adolescent environmental actions as a single behavioral pattern, lacking differentiation 
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and comparison between private and public-sphere environmental actions. However, 

the driving forces and realization pathways for private and public-sphere environmental 

actions may be fundamentally different, so it is essential to consider these differences 

when predicting adolescent environmental actions. Second, traditional regression 

models may be ill-suited to capture the multi-level interaction effects and non-linear 

relationships present in our data – especially given the large number of predictors. In 

contrast, machine learning algorithms can handle high-dimensional data and 

automatically model complex interactions. Moreover, machine learning often achieves 

higher predictive accuracy, providing a more reliable identification of key factors 

(Pargent et al., 2023; Zhu et al., 2023). Finally, research on youth environmental action 

has been fragmented. Many studies focus on individual-level factors within single 

countries or compare national outcomes without examining the within-country 

dynamics. This leaves a gap in understanding how multi-level factors collectively shape 

environmental behavior. Additionally, while school influences (e.g., environmental 

education) have been studied, the broader national context, such as a country’s 

environmental performance or cultural orientation, is often missing from the 

conversation. 

Adolescence is a formative period for civic and environmental values, and 

adolescents’ environmental actions must be understood within developmental and 

sociopolitical contexts (Wray-Lake & Ballard, 2023). Building on these gaps, this study 

employs machine learning algorithms to explore the factors influencing adolescent 
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environmental actions from a multi-dimensional, cross-level perspective. By 

distinguishing the concepts of public- and private-sphere environmental actions, this 

research provides a more precise and detailed understanding pathway, helping to fill 

the gap in environmental action research regarding behavioral levels and typology. 

Additionally, this study not only focuses on individual-level factors but also explores 

the influence of school and national levels on adolescent actions. By systematically 

analyzing the three levels, individual, school, and national, this study proposes an 

integrated, multi-level framework for understanding the influences on environmental 

actions. Finally, this study uses machine learning methods to uncover the complex 

relationships between variables. Compared to traditional regression analysis, machine 

learning can effectively capture the combined effects of multiple factors on action, 

offering more accurate and personalized prediction results, and providing a scientific 

basis for the formulation of intervention strategies for environmental actions. 

Method 

Data Source 

This study uses the 2018 Programme for International Student Assessment (PISA 

2018) dataset, a global educational assessment project providing information on 

education, environment, social behavior, emotions, and other societal factors 

(Schleicher, 2019)1. PISA 2018 uses a two-stage, stratified, probability-proportional-

 

1 Although PISA 2022 data have recently become available, it does not include the same environmental 

behavior measures as 2018; therefore, we focused on PISA 2018, which contains the most relevant variables for 

our study. 
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to-size design (OECD, 2019). Schools were first sampled with probabilities 

proportional to their enrolment of 15-year-olds, after which a random set of up to 42 

students was selected within each participating school. To safeguard coverage, PISA 

set international response rate targets of 85% (weighted) at the school level and 80 % 

(weighted) at the student level. Systems that failed to reach these thresholds were 

excluded from the public database, ensuring nationally representative samples. 

Nevertheless, caution is warranted when extrapolating to non-participating nations or 

to out-of-school youth, who were not covered by the PISA frame. After excluding 

adolescents who did not answer the environmental-action items, the final sample 

comprised 420,339 adolescents from 66 countries. 

Variable Selection 

Each selected variable was grounded in prior research on environmental action. 

Individual-level factors like environmental attitudes and knowledge are central in 

models of environmental action (Ajzen, 1991; Liobikienė & Poškus, 2019), and socio-

emotional factors have been linked to youth engagement in social issues (Davidson & 

Kecinski, 2022; Zheng et al., 2019). School-level factors such as a collaborative school 

climate, inclusion of climate change in the curriculum, and students’ feeling of school 

belonging have been shown to foster civic and environmental engagement during 

adolescence (Huoponen, 2024; Soutter & Clark, 2024). At the national level, we 

considered objective sustainability indicators which signal a country’s environmental 
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context, as well as cultural dimensions known to influence collective action tendencies 

(Günther et al., 2025; Hadler & Haller, 2011; Pisano & Lubell, 2017; Tam, 2024).  

The environmental behaviors of adolescents are categorized into private and 

public-sphere environmental actions, and the following variables were selected at 

different levels. The individual level includes variables such as gender, parents’ 

education levels, life satisfaction, and climate-change explanatory capacity, along with 

other psychological and attitudinal measures. The school level includes variables such 

as school location, school type, collaborative school climate, the presence of a climate 

change course in the curriculum, student participation in environmental clubs or 

voluntary service, and overall school belonging. The national level includes variables 

such as the Environmental Performance Index (EPI), Sustainable Development Goals 

Scores, and the country's Climate Risk Index. Table S1 displays the coding information 

and scale items for all the variables included in this study. 

Table S2 presents the descriptive statistics and reliability for all variables. Figure 

S1 presents the correlation matrix of the included variables. The predictor variables and 

the individual and school-level response variables were extracted from the 2018 PISA 

dataset. The data were pre-processed such that higher values of continuous variables 

represent greater values, and binary variables were coded as 0 and 1. Below is a detailed 

explanation of the national-level influencing factors. 

Environmental Performance Index (EPI): The EPI evaluates the protection of 

human health from environmental harm and the safeguarding of ecosystems (Wolf et 
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al., 2022). It is a data-driven global summary of sustainability performance, scoring 180 

countries on climate change performance, environmental health, and ecosystem vitality 

using 40 performance indicators. The EPI is considered a benchmark for measuring the 

closeness of countries to global environmental policy goals. 

Country Culture: Based on Hofstede’s framework, six cultural dimensions are 

identified across 214 countries: power distance, individualism, masculinity, uncertainty 

avoidance, long-term orientation, and indulgence (Hofstede, 2011). 

Global Climate Risk Index (CRI): The CRI analyzes the extent to which countries 

have been affected by weather-related loss events (e.g., storms, floods, heatwaves) with 

higher values indicating greater risk (Eckstein et al., 2018). This study focuses on two 

levels of CRI: CRI 2018 represents the local climate risk at the time of the survey, while 

CRI 1999-2018 reflects the climate risk experienced by adolescents in their local areas 

from birth to the time of the survey. 

Human Development Index (HDI): The HDI is a summary measure of average 

achievement in key dimensions of human development, including a long and healthy 

life, being knowledgeable, and having a decent standard of living, with higher values 

indicating better national development (Sagar & Najam, 1998). 

World Governance Index (WGI): The WGI describes the wide patterns of 

governance quality perceptions across countries and periods (Kaufmann et al., 2011), 

with higher values indicating better governance. It includes (1) the process by which 

governments are selected, monitored, and replaced, (2) the government's capacity to 
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formulate and implement effective policies, and (3) the respect for institutions 

governing economic and social interactions among citizens. 

Sustainable Development Score (SDS): The SDS measures a country's progress 

towards achieving 17 Sustainable Development Goals (SDGs). This study focuses on 

the average SDG index, which represents the mean score of the different SDGs. Recent 

studies have also examined the balanced SDG index, which measures the equilibrium 

among the different SDGs (Y. Liu et al., 2024). We include both indices to further 

explore the relationship between SDG progress and individual environmental actions. 

Notre Dame Global Adaptation Initiative (ND-GAIN): The ND-GAIN Index uses 

a data-driven approach to show which countries are best prepared to deal with global 

changes caused by overcrowding, resource constraints, and climate disruption (C. Chen 

et al., 2015). This study focuses on two sub-dimensions of the ND-GAIN Index: 

Vulnerability and Readiness scores. Vulnerability measures a country's exposure, 

sensitivity, and capacity to adapt to the negative effects of climate change, with higher 

scores indicating greater vulnerability. Readiness measures a country's ability to 

leverage investments and convert them into adaptation actions, with higher scores 

indicating greater preparedness and adaptability. 

Machine Learning Modeling 

To assess the effect of the variable relationship on adolescent environmental 

actions, this study employed four common machine learning algorithms for model 

training and prediction. We included two gradient-boosting tree ensembles, LightGBM 
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and XGBoost, because, across a wide range of tabular data sets, they consistently 

deliver state-of-the-art predictive accuracy while remaining computationally efficient 

(Shwartz-Ziv & Armon, 2022). Both frameworks (i) natively handle heterogeneous 

feature types and missing values, (ii) capture high-order interactions and non-linearities 

without manual feature engineering, and (iii) incorporate built-in regularization and 

early stopping mechanisms that curb over-fitting. The Light Gradient Boosting 

Machine (LightGBM) is a gradient-boosting algorithm framework that provides 

efficient training speeds and lower memory consumption (Ke et al., 2017). It is suitable 

for large datasets and effectively handles classification and regression problems. 

Extreme Gradient Boosting (XGBoost) is a widely used boosting tree algorithm that 

reduces overfitting by introducing regularization terms (T. Chen & Guestrin, 2016). It 

converges quickly on large datasets and has excellent generalization ability and the 

capacity to handle complex features. Random Forest integrates multiple decision trees 

for classification, offering a robust model that reduces over-fitting and handles complex 

data, particularly high-dimensional data (Breiman, 2001). Multilayer Perceptron (MLP) 

is a feedforward neural network model trained via the backpropagation algorithm, 

suitable for data with nonlinear relationships (Murtagh, 1991). Through a multi-layer 

neural network structure, MLP can capture complex patterns and relationships within 

the data. Random Forest and a Multilayer Perceptron (MLP) were retained as 

representative baselines for bagging-based ensembles and neural networks, 

respectively. 



ADOLESCENTS ENVIRONMENTAL ACTION 18 

 

During data pre-processing, the dataset was split into training (90%) and testing 

(10%) sets. Ten-fold cross-validation was applied to the training set, and the testing set 

was reserved for final model evaluation. Missing values were imputed with the 

predictive mean matching method in the MICE package (Buuren & Groothuis-

Oudshoorn, 2011), and minority class samples were oversampled using the Synthetic 

Minority Oversampling Technique (SMOTE) algorithm to address sample imbalance 

(Chawla et al., 2002). Figure S2 presents the results of variable imputation. 

Hyperparameter tuning was performed using Optuna, a framework based on 

Bayesian optimization that automatically searches the hyperparameter space and 

progressively optimizes the results through trial and feedback mechanisms, effectively 

preventing overfitting and improving model stability, especially when handling large 

datasets (Akiba et al., 2019). For every algorithm we conducted stratified ten-fold cross-

validation on the training data, repeating the fold split across 20 Optuna trials. Mean 

cross-validated accuracy served as the optimization objective, while Recall, AUC, and 

F1 were recorded for robustness. The algorithm–hyper-parameter combination that 

achieved the highest average accuracy in cross-validation was then retrained on the full 

training set and evaluated on the 10 % hold-out test set. Integer parameters were 

sampled on a unit grid (step = 1) with suggest_int, whereas continuous parameters were 

drawn from a uniform distribution over the stated bounds (log-uniform for α in the 

MLP). The search spaces mirrored the ranges defined in our optimization script: for 

XGBoost we varied n_estimators (100-1,000), learning_rate (0.01-0.30), max_depth 
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(2-16), subsample (0.50-1.00), colsample_bytree (0.50-1.00), and gamma (0-0.50); for 

LightGBM we explored n_estimators (100-1,000), learning_rate (0.01-0.30), 

max_depth (2-16), num_leaves (20-80), and feature_fraction (0.50-1.00); for the 

Random Forest we tuned n_estimators (100-1,000), max_depth (2-16), 

min_samples_split (2-20), and min_samples_leaf (1-10); and for the MLP we searched 

across hidden-layer structures {(50), (100), (50, 50), (100, 50)}, activation {tanh, relu}, 

solver {sgd, adam}, alpha (10⁻⁵-10⁻¹, log-uniform), learning_rate {constant, adaptive}, 

and max_iter (100–500). The best hyper-parameter set for each model was selected 

according to the highest cross-validated accuracy. 

To evaluate model performance, this study used accuracy as the primary 

evaluation metric. Accuracy represents the proportion of correctly predicted cases out 

of all cases and reflects the model’s predictive power in classification tasks. Based on 

accuracy, the best-performing model was selected as the final prediction model, and 

additional metrics (F1, Recall, and AUC) were reported. Table S3 presents the 

definitions and formulas for the performance metrics.  

After model selection and evaluation, this study used SHAP to further understand 

the contribution of each variable to the prediction outcomes (Lundberg & Lee, 2017). 

SHAP is a method for explaining machine learning model predictions by quantifying 

the contribution of each feature to the final prediction, helping to understand how the 

model makes its decisions. In this study, SHAP values for each variable were calculated 

to associate with private and public environmental actions, and variables were ranked 
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according to their contribution. Higher SHAP values indicate a greater influence on the 

model’s predictions. A global dependency analysis was also conducted to explore the 

relationship between features and model outputs, helping to reveal the nonlinear 

relationships between variables. 

Result 

Tables S4 and S5 present the performance of the four algorithms on the validation 

and test sets, respectively. For the validation set (Table S4), LightGBM achieved the 

highest accuracy (0.699), F1 score (0.698), and recall (0.699), with an AUC value of 

0.762. These performance metrics were superior to those of the other models. On the 

test set (Table S5), LightGBM also performed the best, with an accuracy of 0.700, F1 

score of 0.702, recall of 0.702, with an AUC value of 0.767. Overall, LightGBM 

exhibited optimal performance on both the validation and test sets for public-sphere 

environmental actions, with high consistency between the validation and test results, 

indicating good generalization ability of the model. 

Tables S6 and S7 display the performance of the four algorithms on the validation 

and test sets, respectively. For the validation set (Table S6), XGBoost achieved the 

highest accuracy (0.830) and recall (0.830), with an AUC value of 0.709. Random 

Forest achieved the highest F1 score (0.780), whereas Random Forest recorded the 

highest F1 score (0.780 vs 0.768 for LightGBM). On the test set (Table S7), XGBoost 

again achieved the highest accuracy and recall (both 0.833) with an AUC of 0.718, 

whereas Random Forest posted a slightly higher F1 score (0.781 vs 0.772). Accordingly, 
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XGBoost was selected for private-sphere actions because it demonstrated high accuracy 

and robustness on both sets and generalized well to new data. 

To assess variance distribution, we computed intraclass correlation coefficients 

(ICCs) from unconditional three-level models. For private-sphere action, ICCs were 

0.02 at the school level and 0.06 at the country level, indicating that about 8 % of the 

variance was between clusters. For public-sphere action, ICCs were 0.03 (school) and 

0.23 (country), implying that 26 % of the variance was between clusters. 

Figure 1 presents the feature importance ranking of the top 30 variables for private 

and public-sphere environmental actions. In the case of private-sphere environmental 

actions, individual and school factors play a more significant role, while in the case of 

public-sphere environmental actions, individual, school, and national factors 

collectively influence the outcome. Figures 2–4 show the influence of individual, 

school, and national variables on private- and public-sphere actions (top ten variables) 

and their relative importance. 

The drivers of adolescent private-sphere environmental actions are mainly 

concentrated at the individual and school levels. For example, environmental attitudes, 

international event discussion in school, and critical thinking were highly significant 

associates of private-sphere environmental actions. Adolescents' environmental 

awareness and critical thinking are key motivators for acting in the family setting. A 

sense of life meaning and school belonging also play important roles in private-sphere 



ADOLESCENTS ENVIRONMENTAL ACTION 22 

 

environmental actions, indicating that emotional factors and a sense of identification 

with a group can influence adolescents' environmental actions in the family. 

In contrast, public-sphere environmental actions are associated with individual, 

school, and national factors. The average value of national sustainable development 

goals, environmental attitudes, and international event discussion in school ranked 

highest in the SHAP values for public-sphere environmental actions. Key variables for 

public-sphere environmental actions, such as country vulnerability, adolescents’ sense 

of school belonging, and long-term-orientation culture reveal that participation in 

public-sphere actions is driven by social interaction and national context, thereby 

enhancing adolescents’ awareness of collective action. 
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Figure 1.  

Feature Importance Ranking of Factors Influencing Public and Private-sphere 

Environmental Actions. 
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Figure 2. 

Feature Importance of Individual Factors in Public and Private-sphere Environmental 

Actions. 

 

Note: (a) The SHAP importance ranking and mean value plot for individual features. 

(b) The contribution of each feature within the private and public-sphere environmental 

actions in terms of their overall influence. 

  



ADOLESCENTS ENVIRONMENTAL ACTION 25 

 

Figure 3. 

Feature Importance of School Factors in Public and Private-sphere Environmental 

Actions 

 

Note: (a) The SHAP importance ranking and mean value plot for school-level features. 

(b) The contribution of each feature within the private and public-sphere environmental 

actions in terms of their overall influence. 
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Figure 4. 

Feature Importance of National Factors in Public and Private Environmental Actions. 

 

Note: (a) The SHAP importance ranking and mean value plot for national features. (b) 

The contribution of each feature within the private and public-sphere environmental 

actions in terms of their overall influence. 

 

Figures 5 and 6 illustrate the nonlinear relationships of the SHAP values for the 

top 30 influencing factors of private and public-sphere environmental actions. These 

relationships were verified through linear and polynomial regression models, with the 

model providing the best fit chosen for visualization. Analysis of private-sphere actions 

revealed that school-collaboration atmosphere, climate-change explanation, sense of 

life meaning, local climate-risk index, respect for cultural differences, power distance, 
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indulgence, and WGI each exhibited an inverted U-shaped relationship. Understanding 

climate change, individualism, mean SDS, EPI, and long-term orientation showed a U-

shaped relationship. For public-sphere actions, school belonging, WGI, sense of life 

meaning, CRI, respect for cultural differences, and power distance demonstrated 

inverted U-shaped relationships, while MeanSDS, environmental attitude, vulnerability, 

long-term orientation, critical thinking, ERI, uncertainty avoidance, feeling lively, and 

feeling proud followed a U-shaped trend. 
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Figure 5.  

SHAP Dependence Plot of Private-sphere Environmental Actions. 

 

Note: Each dependence plot shows how a single feature affects the output of the 

prediction model. The solid black line represents a curved relationship, and the dashed 

black line represents a linear relationship. 

  



ADOLESCENTS ENVIRONMENTAL ACTION 29 

 

Figure 6. 

SHAP Dependence Plot of Public-sphere Environmental Actions. 

 

Note: Each dependence plot shows how a single feature affects the output of the 

prediction model. The solid black line represents a curved relationship, and the dashed 

black line represents a linear relationship. 
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Discussion 

This study systematically analyses adolescent environmental actions using 

interpretable machine learning methods. While much of the existing research has 

predominantly focused on individual influences, this study underscores the significant 

role of national-level and school-level factors, which have often been overlooked. 

Based on the PISA 2018 dataset, we found that private-sphere environmental actions 

are more influenced by individual and school-level factors, while public-sphere 

environmental actions are shaped by a combination of individual, school, and crucially, 

national factors. This highlights the importance of integrating national-level influences 

into the understanding of adolescent environmental action. 

Consistent with previous research, environmental attitude emerged as a key factor 

of both private- and public-sphere actions, aligning with theoretical perspectives (e.g., 

Theory of Planned Behavior) that attitude is a prerequisite for action (Ajzen, 1991; 

Yadav & Pathak, 2016; Yuriev et al., 2020). Regarding private-sphere environmental 

actions, our study also indicates the significant influence of cognitive factors such as 

critical thinking and the ability to explain climate change. Adolescents with greater 

climate change knowledge are more likely to engage in environmental actions in their 

personal lives (P. Liu et al., 2020; Mago et al., 2024). For public-sphere environmental 

actions, adolescents' social identity and sense of school belonging play a pivotal role. 

Our findings show that social support in school, particularly discussion of international 

events and a sense of belonging, is strongly associated with adolescents’ participation 
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in public-sphere actions. Moreover, national-level factors such as mean SDS, 

vulnerability, and EPI are also significantly associated with public-sphere actions. 

Unlike private-sphere environmental actions, public actions are more driven by external 

social and cultural environments, providing empirical evidence for designing context-

specific environmental policies across different national settings. Furthermore, we 

acknowledge that deeper patterns might emerge by examining regional or cultural 

clusters of countries. Future research could classify countries into typologies (such as 

by geographic region) to see if adolescent environmental behavior follows region-

specific trends or cultural norms. Such an analysis may provide a more nuanced 

understanding of how the national context influences youth environmental action, 

complementing our current findings. 

Interestingly, our models achieved better predictive performance for private-

sphere actions than for public-sphere actions. This pattern implies that adolescents’ 

private environmental behavior is chiefly governed by individual-level factors that were 

well represented in our dataset, thereby boosting accuracy. Public actions, by contrast, 

hinge on broader social and institutional dynamics that extend beyond the indicators 

captured in our model, leaving greater unexplained variance. Similarly, prior work 

shows that collective environmental engagement draws on diffuse motivational and 

contextual factors (Becker & Tausch, 2015; Reed et al., 2018; Uysal et al., 2024). The 

comparatively lower performance for public-sphere actions than private-sphere actions 
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likely reflect larger set of unobserved structural and cultural influences shaping 

adolescents’ participation in collective environmental efforts. 

Through the application of explainable machine learning models, this study also 

highlights several key features that have been insufficiently explored in traditional 

research. For example, the importance of life meaning and exposure to different cultural 

groups in private-sphere environmental actions, and the significance of school 

belonging and international event discussion in associating public-sphere 

environmental actions. These variables are still relatively rare in environmental action 

studies, especially regarding adolescents. This underscores the importance of the school 

as a primary venue for socialization and learning, where its cultural atmosphere and 

social support systems play a crucial role in the formation of adolescents' public-sphere 

environmental actions (Y.-B. Liu et al., 2022). Feature importance analysis from the 

machine learning models reveals the potential influence of these variables, further 

emphasizing that adolescent environmental actions are not only driven by individual 

cognition but are deeply shaped by social and cultural factors. Additionally, the role of 

national mean SDS and the EPI in environmental action is particularly prominent, with 

these variables exhibiting a U-shaped relationship with both public and private-sphere 

environmental actions. This result suggests that government efforts related to 

environmental issues may enhance adolescent environmental actions. However, this 

effect could have diminishing returns, with excessive government performance 

potentially having a counterproductive effect, leading to a crowding-out effect (Knook 
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et al., 2022; Rabaa et al., 2024; Y. Wang & Hao, 2020), reducing adolescents' sense of 

environmental responsibility. Future research could explore how educational strategies 

at the school level combine with national policies and individual attitudes to 

collectively promote adolescents’ environmental actions. 

Theoretical and Practical Implications 

From a theoretical perspective, this study offers a deeper exploration of the 

differences between public and private-sphere environmental actions and identifies 

important factors through machine learning models, addressing gaps in the theoretical 

framework of adolescent environmental action research. Adolescents' environmental 

actions are influenced not only by individual cognition but also by multiple factors 

across the school, family, and national levels. National and school-level factors play a 

more significant role in public-sphere environmental actions. This finding broadens the 

perspective on environmental action research and provides new directions for further 

exploration of the multidimensional influences on environmental actions. 

Adopting a developmental lens clarifies why multilevel contexts weigh so heavily 

on adolescents’ environmental conduct. Civic engagement during the teenage years is 

best understood as a co-construction between maturing psychological capacities and 

the opportunity structures afforded by schools and national institutions (Wray-Lake & 

Ballard, 2023). Ecological–systems perspectives situate the classroom as adolescents’ 

most immediate mesosystem for rehearsing civic roles (Wray-Lake et al., 2017), while 

macro-systems, such as a country’s sustainability narrative or climate legislation, 
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supply the cultural scripts that signal whether collective environmental participation is 

valued (Dunlap & and York, 2008; Pearson et al., 2024). Our finding that international 

event discussion, school belonging, and national SDG performance strongly align with 

public-sphere action dovetails with this developmental–ecological model: these 

contexts provide the scaffolding that transforms nascent concern into outward activism 

once cognitive and identity capacities are development-ready. Early and mid-

adolescence are periods of pronounced heterogeneity: some youth accelerate toward 

civic action, whereas others disengage if contexts are unsupportive. This heterogeneity 

helps explain why private-sphere behaviors in our study remained highly individual, 

driven by personal attitudes and efficacy, whereas public-sphere behaviors were more 

predictable from contextual cues. By interpreting our machine-learning results, we 

underscore that fostering adolescent environmental action requires both strengthening 

individual competencies and engineering supportive school and national environments. 

Our findings resonate with the Civic Voluntarism Model (Verba et al., 1995), 

which proposes that civic participation is driven by resources, psychological 

engagement, and recruitment opportunities. In our context, adolescents’ resources and 

engagement (e.g., knowledge, attitudes, and critical thinking skills) fueled private-

sphere environmental actions, while recruitment and institutional support (e.g., peer and 

school influences, opportunities to join environmental initiatives) enabled public-

sphere actions. This suggests that fostering both personal capacities and supportive 

social structures is vital for promoting adolescent environmental involvement. 
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Drawing directly on our empirical results, we outline three complementary 

avenues for action. First, households and community organizations can reinforce the 

individual drivers of private-sphere behavior, environmental attitude, climate-change 

understanding, and critical thinking, by creating regular opportunities for adolescents 

to practice and reflect on sustainable habits. For example, organize short eco-challenge 

campaigns and inter-generational conversations in which young people explain climate 

topics to relatives. Second, schools, the primary social arena for most adolescents, 

should focus on fostering a welcoming, collaborative climate. Service-learning projects 

and student-led green clubs give young people visible roles, reinforce a sense of 

belonging, and normalize collective environmental action. International exchanges, 

whether virtual or in-person, can further expand students’ perspectives and encourage 

public-sphere engagement by exposing them to peers who model civic environmental 

participation. Third, governments and educational authorities can amplify these efforts 

by embedding climate and sustainability topics across the curriculum and by signaling 

institutional support for youth engagement. Policy options include integrating climate 

literacy into core subjects, funding youth-driven environmental initiatives, and ensuring 

adolescents have a voice in local or national sustainability planning. Because our 

findings highlight the distinctive influence of national context on public actions, 

policymakers should pair content-rich education with visible commitments, such as 

clear national sustainability targets and transparent progress reporting, to demonstrate 

that youth activism is valued and can effect change. 
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Limitations 

This study has some limitations. First, because the data come from PISA 2018, 

they do not capture potential shifts in youth environmental action that may have 

occurred due to events like the surge of global youth climate activism in 2019 or the 

COVID-19 pandemic. We acknowledge this time-based limitation and encourage 

future studies to analyze newer data to assess trends over time. It is important to note 

that, given the cross-sectional nature of the PISA-2018 data, the associations we 

observe do not establish directionality, and reverse causality cannot be ruled out. 

Additionally, although this study identified multiple important variables using machine 

learning models, there may still be some potential factors that have not been fully 

recognized. Future studies can further expand the selection of variables and explore the 

deeper mechanisms behind environmental actions.  
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