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In the context of today’s global ecological and environmental crises and challenges, environmental
education is a super important for achieving sustainable development. Traditional environmental
education often suffers from superficial understanding of environmental information and a lack of
depth in environmental awareness. The purpose of this study is to guide students towards a deep
cognition of environmental information and to enhance environmental awareness, while exploring
the pathways. The study establishes a Site-scale Ecological Virtual Laboratory (SEVL) on the campus.
Based on the Game-Based Learning (GBL) model, the study introduces three mediators: self-efficacy,
learning motivation, and cognitive load, to construct a Partial Least Squares Structural Equation
Model (PLS-SEM). The data for this study were collected from 146 Chinese students majoring in
landscape architecture. According to the analysis results derived from PLS-SEM, we confirm that: (1)
SEVL can effectively intervene in environmental education; (2) SEVL influences learning motivation
which subsequently affects self-efficacy, ultimately leading to positive outcomes in environmental
education (B=0.040, p<0.05, 95%CI[0.018,0.094]); (3) SEVL impacts cognitive load which then
influences self-efficacy, resulting in effective outcomes in environmental education (§ =0.048, p<0.05,
95%CI[0.012,0.088]). The study provides a reference for leveraging virtual laboratory in environmental
education.

Keywords Virtual laboratory, Self-efficacy, Environmental information, Environmental awareness,
Environmental education

Over the past century, human activities have exploited and depleted natural resources, leading to a disruption
of the internal balance of nature. This has resulted in issues such as resource exhaustion and extreme weather
events, which pose significant threats to human safety and sustainable development!~. The future generation
must possess adequate environmental knowledge to address challenges and make ethical, effective decisions.
They need to become individuals equipped with scientific reasoning and a sense of environmental responsibility,
providing solutions for the sustainable development of the Earth?. Environmental education is a crucial
means to achieve sustainable development5’6. In the 1970s, the United Nations Educational, Scientific and
Cultural Organization (UNESCO) and the United Nations Environment Programme (UNEP) established
clear objectives for environmental education. These objectives aim to assist individuals in recognizing values,
interpreting relevant concepts, understanding the interactions between humans and their environment, and
acquiring the necessary skills and attitudes for this process’~°. In other words, environmental education aims
to assist individuals in understanding environmental information and to guide them in developing a positive
environmental awareness!!"!3, thereby laying the foundation for sustainable development.

Numerous studieshave shown that environmental education equips individuals with essential knowledge about
the environment, enhancing their understanding of the root causes of environmental problems. This contributes
to the development of positive perceptions and attitudes toward nature®. For instance, integrating environmental
courses into university education can effectively disseminate knowledge about waste classification'*!> and the
use of plastic products'®!?, thereby enhancing students’ environmental knowledge and awareness. Employing
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methods such as green advertising and ecological labeling in environmental education enables consumers to
understand organic products, solar energy products, and other green offerings, ultimately increasing their
purchasing inclination'®-%°. Additionally, through various approaches such as natural contact?}, field research??,
and outdoor classrooms?, individuals can acquire knowledge about ecosystems and sustainability during
the learning process, thereby fostering a positive attitude towards the environment. Overall, environmental
education serves as an effective strategy for addressing environmental issues by enhancing individuals’ cognition
of environmental information and fostering a greater consciousness of ecological concerns?*?>.

Current environmental education methods are evolving in diverse ways. These include traditional classroom
instruction?*? and written communication'®-?, focusing on the efficient transmission of environmental
concepts, facts, and norms, which is the key to laying the cognitive foundation. Additionally, experiential
learning, which emphasizes experiential and practice oriented, has been widely applied®. They help students
connect abstract knowledge with concrete situations through direct or simulated practical experience. With
the development of digital technology, digital learning is becoming increasingly popular®":*2. Its immersion
and interactivity provide possibilities for simulating complex environmental systems and visualizing abstract
processes, and are regarded as powerful tools for cultivating deep cognition. Learners must develop a deep
understanding of environmental information334,

In existing research, General Environmental Knowledge (GEK) refers to an individual’s understanding of
ecological processes, biodiversity, natural resources, and human-environment interactions>”. It covers scientific,
social, economic, and cultural dimensions of the environment>°. Higher levels of GEK often lead to more positive
environmental attitudes’. Building on this, the present study defines the deep understanding of environmental
information across three dimensions: breadth, depth, and accuracy38. The breadth of environmental information
refers to a truthful and comprehensive and objective representation of environmental characteristics, rather
than merely considering a one-sided perspective. Detail refers to the complete features of the environment
through data simulations that show us how things change over time. This helps us grasp the complexity of our
surroundings, which is often called accuracy. Depth involves comprehending the mechanisms and rules on
environment, enabling humans to undertake complex analyses and design tasks related to it*+.

However, in many educational contexts, classroom teaching and written communication remain the primary
methods?!. These approaches mainly present conceptual knowledge. They often fail to provide environmental
information with sufficient breadth, depth, and accuracy. This is especially true in the absence of scientific
instruments, quantitative data*?, and spatial experiences‘“. Under such conditions, learners often rely on intuitive
feelings to make environmental judgments. Their understanding thus remains at a relatively superficial level.
This limited depth of understanding struggles to support the lasting development of environmental ethics and
ecological responsibility. Therefore, it is necessary to explore digital tools. Such tools should enhance learners’
deep understanding of environmental information and raise their environmental awareness. This exploration
would further enrich the teaching methods used in environmental education.

According to previous research, virtual laboratory can provide solutions for this issue. Virtual laboratory offer
immersive simulations of real-world systems and processes?>. They use data acquisition systems and visualization
tools*~*6 to measure, identify, and analyze environmental parameters. This enables the interpretation of complex
environmental factors and quantifies the ecological relationships within the site*’~*°. This approach enables
learners to gain an in-depth understanding of their surrounding environment?>°*!. Comparative experiments
can further confirm the ability of virtual laboratory to enhance environmental awareness, increase intentions
for action, and promote pro-environmental behaviors*®%2. Additionally, extensive research widely confirms
that virtual environment offers novel interaction methods and provides a simulated representation of abstract
elements®. Its characteristics, such as immersion and interactivity, can influence students’ self-efficacy™,
cognitive load>>>¢, and learning motivation®”, thereby enhancing learning outcomes.

However, existing research on the impact of virtual laboratory in environmental education reveal a notable
theoretical gap. On one hand, numerous studies focus on application development and efficacy validation. Their
goal is primarily to prove whether virtual laboratory effectively enhances environmental knowledge, attitudes,
or behavioral intentions®®. On the other hand, researches into influencing factors—such as learning motivation
and self-efficacy—often targets general learning outcomes. These studies typically lack a theoretical framework
linking these factors to the specific objective of deepening learners’ cognitive understanding of environmental
information. To date, few studies have employed an integrated framework combining learning motivation,
cognitive load, and self-efficacy. This framework is needed to explain how virtual laboratory influences learners’
cognitive processing. Such an explanation would clarify how these tools subsequently promote a deeper
understanding of environmental information cognition and environmental awareness. This shortcoming leaves
the mechanisms through which virtual laboratory function in environmental education inadequately explained
and persists a clear theoretical gap in this area of research.

In summary, the study suggests that virtual laboratory can assist learners in achieving a deep cognition
of environmental information and an enhancement of environmental awareness, effectively overcoming the
cognitive limitations in traditional environmental education. However, the mechanisms through which
these benefits are realized require further exploration. Therefore, this research is grounded in the campus
environment—an accessible context for students—and aims to construct a Site-scale Ecological Virtual
Laboratory (SEVL) based on Game-Based Learning (GBL) model®. Utilizing Partial Least Squares Structural
Equation Model (PLS-SEM), the study reveals the mechanisms by which the SEVL facilitates deep cognition of
environmental information and enhances environmental awareness.

The core issues addressed by this research include:

(1) The construction of a Site-scale Ecological Virtual Laboratory, which can guide students towards a deep
cognition of environmental information and to enhance environmental awareness.

(2) An investigation into the mechanisms through which it exerts its effects.
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Theoretical framework and research hypotheses

The study is based on the “Game-Based Learning (GBL)” Model proposed by Garris et al.%’. The model’s “input-
process-output” structure is a universal concept based on the GBL® that helps explain how gamified learning
works. In the GBL framework, the input phase involves a teaching program embedded with interactive features
typical of games. These game elements initiate a user-system interaction loop. During the process phase, users
start to experience changes in their behavior or mindset, leading to a self-motivated learning process. Ultimately,
this will lead to the output phase where learning outcomes are achieved®.

The GBL framework effectively conceptualizes the mechanism by which “educational interventions influence
learners’ experiential processes, thereby generating learning outcomes®.” This framework is particularly
applicable to the present study, because it emphasizes the core mechanism of triggering the learning process
through gamified experiences (i.e., virtual laboratory) to enhance learning outcomes.

In this study, the input phase refers to SEVL, which is a gamified environment featuring interactivity,
immersion, and feedback mechanisms. It serves as a platform for delivering educational content in an engaging
way. The process phase focuses on the learning process triggered by SEVL. Based on the internal logic of this
process phase and the characteristics of SEVL, the research brings in self-efficacy, cognitive load, and learning
motivation as key mediating factors in the entire process. Specifically:

Self-efficacy refers to an individual’s judgment of their ability to organize and execute specific tasks. It is a
critical psychological factor that affects how people face and engage with learning challenges®2. SEVL can help
strengthen students’ self-efficacy beliefs by providing a realistic yet low-risk environment for practice®. In a
virtual environment, the reduced cost of trial and error allows students to build their skills without facing real
consequences®’. This can alleviate anxiety, making them more likely to actively explore and develop a deeper
understanding of the learning material®, thereby demonstrating stronger higher-order cognitive abilities during
the learning process®®.

Moreover, SEVL can effectively simulate real-world situations and provide a rich learning experience.
Through interactive and gamified features, it fosters students’ motivation to learn®®%. Driven by intrinsic
motivation, students are more likely to stick with challenges and are willing to tackle problems or complete
tasks in a game-like setting®. It is widely recognized that students’ motivation significantly influences their
performance in school, encompassing aspects such as attention, effort level, quality of work, behavior and exam
scores’"’!. Research in educational psychology has also demonstrated a positive correlation between intrinsic
motivation and academic achievement’2. Furthermore, intrinsic motivations—such as interest in the subject
matter—can substantially strengthen students’ self-efficacy beliefs, enabling them to tackle more challenging
tasks”>.

The SEVL can effectively integrate knowledge into learning contexts, thereby reducing the complexity of
interactions between students and learning materials’®. This integration reduces cognitive effort and alleviates
cognitive load, facilitating the achievement of incremental successes. Throughout this process, it reinforces
learners’ confidence’>’¢ and enhances their sense of self-efficacy.

However, although the importance of self-efficacy, learning motivation, and cognitive load in virtual learning
environments has been recognized, existing research has limitations in terms of research frameworks. Many
studies tend to treat these three factors as parallel and independent mediating variables’”’%, testing their
respective pathways of action, ignoring the interaction relationship between the three. For instance, Wu analyzed
large-scale datasets to explore the relationship between students’ intrinsic motivation and self-efficacy”®. Their
findings suggest that intrinsic motivation—stemming from interest in the subject itself—can significantly
enhance students’ self-efficacy. This increased self-efficacy, in turn, enables them to tackle more challenging
tasks”3. Conversely, Bishara argues that increased cognitive load can undermine students’ self-efficacy, lower
cognitive load, on the other hand, helps strengthen their confidence in completing tasks®’.

Overall, the empirical conclusion proves that the interplay among self-efficacy, cognitive load, and learning
motivation acts as a set of mediating mechanisms in determining the effectiveness of SEVL. SEVL enables
students to actively engage with content through interactive simulations and authentic performance tasks,
helping them have the best immersive experience possible®!. In this process, it stimulates learning motivation
and optimizes cognitive load to enhance learning experience, further boosting self-efficacy and creating a
positive feedback loop.

Therefore, to gain a deeper understanding of the mechanism by which SEVL promotes deep environmental
cognition, it is necessary to go beyond testing single mediating effects and construct an integrated framework
that reflects the synergistic effects of these variables. The process stage of this framework are designed to address
this limitation, explicitly positioning self-efficacy, learning motivation, and cognitive load as core interrelated
elements within the process stage, and assuming a clear path relationship between them.

The output phase refers to the enhancement of deep cognition of environmental information and the
enhancement of environmental awareness. A deep understanding of the environment provides essential
information for comprehending environmental issues and directly shapes awareness of these problems®2.
Environmental awareness encompasses a deep understanding of the interactions between human activities and
environment, as well as attention to and reflection on the resulting environmental problems. This awareness is
shaped by individuals’ values, knowledge, and experiences related to environment®3-34.

Based on this framework, this study proposes the following more specific hypotheses:

H1: The SEVL will influence learning motivation.
H2: The SEVL will influence self-efficacy.
H3: The SEVL will influence cognitive load.

H4: Learning motivation will influence self-efficacy.
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H5: Cognitive load will influence self-efficacy.

Hé: Learning motivation will influence deep cognition of environmental information.
H?7: Self-efficacy will influence deep cognition of environmental information.

H8: Cognitive load will influence deep cognition of environmental information.

H9: Deep cognition of environmental information will influence the enhancement of environmental
awareness.

The final framework for this research is shown in Fig. 1.

Materials and methods

Figure 2 illustrates the experimental procedure of this study. The objectives of environmental education should
shift from superficial cognition to a deeper understanding of environmental information and an enhancement
of environmental awareness. With this goal, the research designed the SEVL. Following the research hypothesis
framework (Fig. 1), we adopted a single-group post-test design and collected data through a questionnaire
survey. After conducting the experiment, we employed PLS-SEM and using SmartPLS 4.0 to validate research
model and test our hypotheses, thereby exploring how SEVL facilitates students’ deep cognition of environmental
information and enhances their environmental awareness.

SEVL's construction objectives and design
The SEVL aims to assist students in developing a deep cognition of environmental information and enhancing
environmental awareness. Figure 3 illustrates our interpretation of these two objectives and how SEVL can
achieve them.

The cognition of environmental information encompasses not only breadth but also detail and depth®.
In terms of breadth, students should be able to identify various environmental factors and understand their
interconnections. Regarding accuracy, students should grasp environmental data and quantitative relationships.
Finally, in depth, students need to explain the causal chains and dynamic processes within ecosystems.
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Therefore, SEVL highlights the breadth, accuracy, and depth of environmental information cognition. This
study developed an SEVL model based on CAD drawings and Unity 3D to ensure a realistic and comprehensive
reflection of environmental characteristics(Fig. 4). We've done multiple measurements on-site for landscape
elements, environmental factors, and design goals (like human comfort levels). Using the random forest
algorithm, we calculated the ecological relationships among these three types of data. Once linked to SEVL, it
allows us to simulate data that shows how the environment changes over time—this helps with accuracy. There
are several design goals within SEVL. Students need to keep adjusting based on their understanding of these
ecological relationships as they tackle complex environmental analysis and design tasks—demonstrating depth
in their cognitive processes.

The part about environmental awareness in SEVL comes from four people who have made significant
contributions from an environmental perspective: Alexander von Humboldt proposed that “nature is an
organic whole, where everything is interconnected®”. Ian McHarg regarded the environment as a process,
emphasizing the understanding of natural processes and the interactions among environmental elements®
John Lyle pointed out that behind landscape scales lies a continuously operating ecological order®”. Frederick
Steiner further underscored the ecological efficacy of surrounding site-scale environments, suggesting that sites
should emulate natural systems to create “working landscapes”®. Overall, humanity’s environmental awareness
has evolved through a series of processes, transitioning from an understanding of natural integrity to systemic
interconnections, towards cognitive order within environments, and realization of landscape functions.

Environmental awareness is integrated into SEVLs cognition of environmental information. During the
process, the gathered environmental information will help students better understand their surroundings, which
in turn boosts their awareness of environmental issues.

Experimental procedure
This research process is divided into four steps: experimental participants and procedure, operating SEVL,
collecting experimental data, and conducting data analysis (Fig. 5).

Participants and procedure

This study requires a foundational understanding of environmental and ecological disciplines. Therefore,
it is conducted based on the course Fundamentals of Ecology offered by Landscape Architecture major from
an agricultural university in Guangzhou, Guangdong Province, China. This study requires a foundational
understanding of environmental and ecological disciplines. Therefore, it is conducted based on the course
Fundamentals of Ecology offered by Landscape Architecture major from an agricultural university in Guangzhou,
Guangdong Province, China. Prior to conducting the questionnaire survey, we sought and obtained ethical
approval from an academic institution. The research practices adhered to established ethical guidelines and
secured verbal informed consent from all participants. Before collecting data, we spent 6 weeks explaining the
SEVL principles and another 2 weeks going over how to operate SEVL. Once we were confident that everyone
could use it properly, we conducted a 2-hour hands-on SEVL experiment followed by gathering responses
through an online questionnaire.
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Fig. 4. SEVLs simulation plot model. Data source: original aerial photographs captured by the authors using a
DJI Mavic 3T drone. Image processing and map creation: the site map was processed and visually edited using
Adobe Photoshop 2020 (Adobe Inc., https://www.adobe.com).
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Fig. 5. Experimental procedure.

A total of 153 students participated in this study. Ultimately, we obtained 146 valid datasets (43.8% male;
average age=19.5).

The SEVLs operational procedure

After accessing SEVL through computers, students develop an initial understanding of landscape elements and
ecological factors within the experimental scenario. Based on site conditions, SEVL has established five design
objectives: stormwater management, biodiversity conservation, temperature regulation, air quality enhancement,
and noise reduction. Students can select a design objective to make adjustments and optimizations. The intrinsic
relationships between landscape elements and ecological factors are displayed in real-time data format according
to algorithmic models. Upon achieving the design objectives, students will be able to evaluate their design
outcomes by comparing indicators before and after adjustments. This helps students check whether their plans
are feasible and makes it easier for them to move from just tweaking surface parameters to really grasping deeper
ecological relationships (Fig. 6). The experiment took a total of 2 h. The environmental information accumulated
during the experimental process will enhance students’ awareness of environmental issues, thereby serving as
cognitive support for improving environmental awareness.

Measures

This study’s measurement indicators encompasses six dimensions: Site-scale Ecological Virtual Laboratory
(SEVL), learning motivation (LM), self-efficacy (SE), cognitive load (CL), deep cognition of environmental
information (EI) and enhance environmental awareness (EA)—totaling 29 items. We utilized a five-point
Likert scale®, where 1 indicates “strongly disagree” and 5 indicates “strongly agree”. All items included in the
questionnaire are presented in supplementary file.

SEVL: This subscale assesses the factors related to SEVL that may influence the learning process and learning
outcomes. Davis? proposed the widely accepted Technology Acceptance Model (TAM), which posits that
perceived usefulness and perceived ease of use are two key beliefs determining an individual’s intention to utilize
a particular technology. In this study, were focusing on perceived usefulness because students have already
spent 8 weeks learning about SEVL principles and how to use it, giving them plenty of hands-on experience. A
lot of researches®"*> shows that when people get pretty good at using a technology, the effect of perceived ease
of use on their attitudes and intentions tends to weaken or even become insignificant. Therefore, this research
adapted Daviss® scale for perceived usefulness specifically for SEVL usage. This subscale includes 4 questions.
The Cronbach’s a value for this scale is 0.908.

Learning motivation (ML): This subscale is adapted from the ‘Motivated Strategies for Learning Questionnaire
(MSLQ)developed by Printrich et al.?®> and Crede and Phillips®. It encompasses three primary dimensions:
value, expectancy, and affect. The subscale consists of four items. The Cronbach’s a value for this scale is 0.874.

Self-efficacy (SE): This subscale is based on the self-efficacy theory proposed by Bandura®® and Printrich
and Schunk®. The self-efficacy component can be divided into five aspects: attitudes towards learning
setbacks, achievement of learning goals, perceptions of learning challenges, current learning conditions, and
understanding of self-learning prerequisites. This subscale comprises a total of five items. The Cronbach’s a value
for this scale is 0.906.

Cognitive load (CL): This subscale is adapted from the “Cognitive Load Scale” developed by J. Leppink and
F. Paas”’, which investigates three types of cognitive load: intrinsic load, extraneous load, and germane load. The
subscale consists of three items. The Cronbach’s a value for this scale is 0.915.

Deep cognition of environmental information (EI): This subscale aims to assess whether students achieve
a deep cognitive understanding of environmental information after using SEVL. To ensure its relevance and
effectiveness, the questionnaire items were designed based on the learning content and objectives outlined in
SEVL. The framework of the questionnaire is divided into three components: breadth, accuracy, and depth
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Initial eigenvalues Rotation sums of squared loadings
Component | Total | % of variance | Cumulative% | Total | % of variance | Cumulative%
1 12.16 | 41.93 41.93 6.41 |22.10 22.10
2 2.89 | 9.95 51.88 384 |13.24 35.34
3 2.38 | 8.19 60.07 335 |11.57 46.90
4 2.00 | 6.89 66.96 326 |11.22 58.13
5 1.57 | 5.41 72.37 295 |10.18 68.30
6 131 | 4.52 76.89 2.49 8.59 76.89

Table 1. Benefits total variance explained.

of environmental information. Two professors in related major were invited to review and revise the items to
enhance their validity. The Cronbach’s a value for this scale is 0.947.

Enhance environmental awareness (EA): This subscale aims to assess whether students’ environmental
awareness can be enhanced after utilizing SEVL. The questionnaire items for this subscale are designed based
on the learning content and objectives outlined in SEVL. The framework of the questionnaire is divided into
four sections: holistic nature, systemic relevance, cognitive environmental order, and realization of landscape
functions. Two professors in related major were invited to review and revise the items to enhance their validity.
The Cronbach’s a value for this scale is 0.916.
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Components

Item 1 2 3 4 5 6
EI2 0.836
EI8 0.832
EI9 0.813
EI3 0.782
Ell 0.774
EI7 0.766
EI5 0.750
El4 0.732
El6 0.725
SE3 0.826
SE5 0.815
SE1 0.777
SE4 0.761
SE2 0.743
EAl 0.842
EA3 0.825
EA2 0.818
EA4 0.805
SEVL1 0.865
SEVL3 0.831
SEVL2 0.828
SEVL4 0.784
LM1 0.834
LM2 0.786
LM4 0.763
LM3 0.731
CL3 0.839
CL1 0.823
CL2 0.797

Table 2. Factor loadings.

The research used an exploratory factor analysis (EFA) on the scale, and found that the KMO value is 0.898.
The Bartlett’s test of sphericity was significant (x* (300) =3546.777, p<0.001). Therefore, both of these indicators
meet the minimum standards required for subsequent data analysis.

The analysis employed principal component analysis (PCA) combined with variance maximization rotation,
ultimately extracting six key factors with eigenvalues greater than 1. These factors collectively account for 76.89%
of the total variance (Table 1). From the rotated component matrix, it is evident that all items exhibit loadings
exceeding the standard threshold of 0.7 on their respective factors, and there are no issues of cross-loadings. This
indicates that each factor possesses a clear meaning and demonstrates good internal consistency, resulting in an
exceptionally ideal factor structure (Table 2).

The reliability of the questionnaire was assessed using Cronbach’s a, which ranged from 0.874 to 0.947. All
values significantly exceeded the threshold of 0.7, indicating that both the questionnaire and its components
can be considered reliable. Therefore, data collection for this study was conducted based on this questionnaire.

Data analysis methods

This study used SPSS 26.0 to generate box plot is used for descriptive analysis. The median and interquartile range
(IQR) are employed to indicate the central tendency of the scores, with the box range reflecting the distribution
interval of the core 50% of the data and the whisker direction indicating data skewness. If the majority of sub-
dimension medians approach the upper limit of the scale > 4 and the IQR is < 1.0, the data is considered highly
concentrated, indicating effective functionality and group consistency®®-1%.

The research assessed and validated the convergent validity and discriminant validity of the potential
constructs. Convergent validity and reliability were evaluated based on three criterial®!: factor loadings (>
0.70), composite reliability (> 0.70), and average variance extracted (AVE > 0.50). Discriminant validity was
examined using the heterotrait-monotrait (HTMT) ratio (< 0.90), cross-loadings'®?, and the Fornell-Larcker
criterion[103]. Following the validation of the measurement model, we employed PLS-SEM to test the structural
model and hypotheses. The PLS-SEM method is a well-established multivariate analysis technique'® that allows
for estimating complex models comprising multiple constructs, indicator variables, and structural paths without
making assumptions about data distribution'?®. Additionally, PLS-SEM is suitable for small sample sizes when
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models contain numerous constructs and items'®. Therefore, PLS-SEM serves as an effective approach for
exploratory research, providing the necessary flexibility for interaction between theory and data'%.

We determined the minimum sample size for the PLS-SEM model according to the 10-times rule. Specifically,
the sample size should exceed ten times the maximum number of internal or external model links pointing to
any latent variable within the model'?”. Based on this rule, a minimum of 90 observations (9 x 10) is required to
estimate the PLS path model. Therefore, considering this method, the 146 valid questionnaires collected in this
study are deemed sufficient.

We utilized SmartPLS 4.0 for validation and hypothesis testing of PLS-SEM. The evaluation of PLS-SEM
results involves examining both the measurement model and structural model. Detailed results will be discussed
in the following section.

Results

Descriptive analysis of core dimensions

This study uses SPSS 26.0 to conduct descriptive analysis of core dimensions through box plots (Fig. 7). The
evaluations of EI are comprising nine sub-dimensions in total (EI1-EI9), covering three sub-dimensions:
granularity (EI1), accuracy (EI2-EI4), and depth (EI5-EI9). The box plot results show that the medians of most
boxes are concentrated between 4 and 5, indicating high student agreement of the SEVLs ability to get a deep
cognition of environmental information. The IQR of the majority of the box plots is 1.0, indicating a high degree
of data concentration. This suggests that students perceive the functionality of deep cognition of environmental
information as effective and consistent across the group. Among the three sub-dimensions related to precision
(E12 - EI4), potential low-score outliers were identified in both EI2 and EI4, while EI3 exhibited an IQR of 2.0.
This indicates that some students are difficult in understanding the ecological relationships between landscape
elements and environmental factors through SEVL during specific tasks.

The Fig. 7 also displays students’ evaluations of the SEVL s ability to enhance environmental awareness
(EA1-EA4), covering four dimensions: natural integrity (EAl), systemic interconnections (EA2), cognitive
order within environments (EA3), and realization of landscape functions (EA4). The results show that the
medians of all dimensions are 5, indicating significant effectiveness of the SEVL in enhancing environmental
ethical awareness. The IQR is = 1.0, reflecting highly concentrated data, which suggests that students perceived
the functionality of enhancing environmental awareness as effective and consistent across the group. Overall,
students’ evaluations of the SEVLs ability to enhance environmental awareness are highly positive.

Overall, students rate the SEVL highly in terms of deep cognition of environmental information and
enhanced environmental ethical awareness, indicating that the SEVL effectively breaks through superficial
cognitive patterns and facilitates the internalization of environmental ethical awareness.

Measurement model

Convergent validity

Following the standards set by Hair et al.!'®® and Asadi et al.!%’, we primarily assessed the validity of the
measurement model through reliability, convergent validity, and discriminant validity. As shown in Table 3,
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Fig. 7. Core dimension boxplot.
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all Cronbach’s Alpha coefficients (CA) exceeded the recommended threshold of 0.70, indicating that the scale
demonstrates good reliability. The Composite Reliability (CR) values ranged from 0.885 to 0.948, all surpassing
the suggested minimum of 0.70''°. Convergent validity was evaluated using Average Variance Extracted (AVE),
with all latent variables exhibiting AVE values greater than 0.5, thereby confirming the effectiveness of the
measurement model %111,

Furthermore, the acceptable level of Average Variance Extracted (AVE) should exceed 0.5''2. In this study,
all estimated AVE values for the constructs (Table 3) exceed 0.50. These findings indicate that the measurement
model demonstrates both convergent validity and internal consistency. This suggests that the measurement items
effectively assess each construct without any interference from other constructs within the research model!!2.

A high outer loading for a construct signifies a strong relationship among its associated items. Elevated outer
loadings imply close connections between key components of each construct. Generally, items with very low
outer loadings (below 0.4) should be routinely removed from the scale!®. Table 3 presents the outer loadings for
all measurement models; thus, all reported outer loadings are deemed acceptable.

Discriminant validity
The concept of discriminant validity refers to “the extent to which a construct is empirically distinct from other
constructs within a structural model'®” When employing the Fornell-Larcker criterion (a traditional metric),
this method requires that the square root of each latent variable’s AVE must exceed the correlations between that
variable and all other variables (Table 4). The testing results meet the standards set forth by Fornell and Larcker.
When the indicator loadings of a construct exceed their cross-loadings with other constructs, discriminant
validity can be established'%. Table 5 presents the outer loadings of all indicators along with their cross-loadings
with other indicators. It is evident that the outer loading for each construct is greater than its overall cross-
loading with other constructs. Based on the results from the assessment of cross-loadings, it can be concluded
that discriminant validity has been established through the evaluation of outer loadings.

Constructs Indicator | Outer loading | Cronbach’s alpha | Composite Reliability | AVE
SEVL1 0.835
Site-scale ecological virtual laboratory SEVL2 0.857 0.910 0.937 0.787
SEVL3 0.833
SEVL4 0.861
LM1 0.905
LM2 0.839
Learning motivation 0.882 0.919 0.740
LM3 0.734
LM4 0.760
CL1 0.911
Cognitive load CL2 0.88 0.915 0.946 0.855
CL3 0.862
SE1 0.838
SE2 0.785
Self-efficacy SE3 0.902 0.909 0.932 0.733
SE4 0.760
SE5 0.797
En 0.855
EI2 0.797
EI3 0.816
El4 0.791
In-depth cognitive of environmental information | EI5 0.813 0.948 0.955 0.705
El6 0.765
EI7 0.823
EI8 0.842
EI9 0.852
EAl 0.875
Enhance environmental awareness EA2 0875 0.919 0.943 0.804
EA3 0.838
EA4 0.853

Table 3. Constructs’ reliability and convergent validity. CA * Cronbach’s Alpha; CR * Composite Reliability;
AVE * Average Variance Extracted; SEVL: Site-scale Ecological Virtual Laboratory; LM: Learning Motivation;
CL: Cognitive Load; SE: Self-Efficacy; EI: Deep Cognition of Environmental Information; EA: Enhance
environmental awareness.
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CL EA EI LM SE SEVL
CL 0.925
EA 0.402 | 0.897
EI 0.523 | 0.489 | 0.839
LM 0.349 | 0.415 | 0.513 | 0.860
SE 0.409 | 0.408 | 0.498 | 0.512 | 0.856
SEVL | 0.490 | 0.448 | 0.358 | 0.347 | 0.416 | 0.887

Table 4. Fornell-Larcker criterion analysis.

CL EA EI IM SE SEVL
CL1 0.934 | 0.404 | 0.491 | 0.280 | 0.376 | 0.468
CL2 0.924 | 0.412 | 0.495 | 0.380 | 0.404 | 0.451
CL3 0.915 | 0.294 | 0.463 | 0.302 | 0.355 | 0.440
EAl 0.333 | 0.904 | 0.425 | 0.374 | 0.379 | 0.395
EA2 0.380 | 0.913 | 0.510 | 0.367 | 0.403 | 0.381
EA3 0.372 | 0.882 | 0.405 | 0.349 | 0.259 | 0.413
EA4 0.356 | 0.887 | 0.397 | 0.389 | 0.414 | 0.427
Ell 0.479 | 0.489 | 0.865 | 0.445 | 0.437 | 0.338
EI2 0.322 | 0.356 | 0.826 | 0.415 | 0.261 | 0.271
EI3 0.424 | 0.365 | 0.832 | 0.435 | 0.455 | 0.295
El4 0.475 | 0.372 | 0.819 | 0.451 | 0.437 | 0.254
EI5 0.437 | 0.485 | 0.841 | 0.458 | 0.448 | 0.336
El6 0.411 | 0.443 | 0.799 | 0.434 | 0.406 | 0.299
EI7 0.479 | 0.376 | 0.845 | 0.430 | 0.479 | 0.323
EI8 0.408 | 0.420 | 0.859 | 0.412 | 0.350 | 0.273
EI9 0.488 | 0.362 | 0.867 | 0.375 | 0.448 | 0.302
LM1 0.236 | 0.316 | 0.434 | 0.911 | 0.512 | 0.275
LM2 0.323 | 0.456 | 0.460 | 0.875 | 0.394 | 0.382
LM3 0.336 | 0.330 | 0.400 | 0.816 | 0.452 | 0.252
LM4 0.306 | 0.311 | 0.465 | 0.835 | 0.414 | 0.270
SE1 0.334 | 0.402 | 0.445 | 0.469 | 0.864 | 0.373
SE2 0.345 | 0.417 | 0.440 | 0.457 | 0.843 | 0.347
SE3 0.363 | 0.350 | 0.462 | 0.498 | 0.909 | 0.391
SE4 0.328 | 0.355 | 0.427 | 0.375 | 0.817 | 0.316
SE5 0.388 | 0.206 | 0.346 | 0.396 | 0.847 | 0.349
SEVL1 | 0.401 | 0.353 | 0.259 | 0.272 | 0.340 | 0.891
SEVL2 | 0.471 | 0.343 | 0.369 | 0.280 | 0.325 | 0.882
SEVL3 | 0.424 | 0.430 | 0.279 | 0.314 | 0.362 | 0.889
SEVL4 | 0.440 | 0.454 | 0.356 | 0.345 | 0.439 | 0.887

Table 5. Cross-loadings.

When the HTMT value exceeds the threshold, issues related to discriminant validity may arise. HTMT values
above 0.90 indicate a lack of discriminant validitylos. As shown in Table 6, all values are below 0.90. The results
indicate that all HTMT values significantly differ from 0.9, thereby establishing the discriminant validity of the
construct.

Path model validation
This study employs the bootstrapping resampling method to predict the statistical significance of the PLS
path model. This approach necessitates a minimum requirement of 5,000 bootstrap subsamples for model
analysis!!>!1, Therefore, this study employs 5,000 bootstrap subsamples to examine the relationships among the
various latent variables proposed in the research model. The p-values and t-values are utilized to assess whether
the path coefficients hold statistical significance, with a significance level set at 5%. Specifically, when the p-value
is less than 0.05, it supports the research hypotheses!!>. Table 7 presents the results of multiple hypothesis tests.
Based on the results of the bootstrapped PLS-SEM analysis, we have identified support for nine hypotheses.
The final model of this study is illustrated in Fig. 8. The empirical results indicate that SEVL has a positive
and significant impact on both learning motivation and cognitive load. Furthermore, learning motivation and
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CL CL EA EI LM |SE SEVL
EA 0.436
EI 0.557 | 0.515
LM 0.388 | 0.457 | 0.559
SE 0.450 | 0.440 | 0.529 | 0.573
SEVL | 0.536 | 0.490 | 0.381 | 0.380 | 0.453

Table 6. Heterotrait-monotrait ratio (HTMT).

Hypotheses | Original sample (O) | Sample mean (M) | Standard deviation (STDEV) | T statistics (|O/STDEV|) | P values | 95% CI Result

CL->EI 0.337 0.337 0.077 4.356 0 [0.815,0.488] | Supported
CL->SE 0.180 0.167 0.091 1.97 0.049* [0.003, 0.357] | Supported
EI->EA 0.489 0.494 0.055 8.816 0 [0.372,0.590] | Supported
LM -> EI 0.285 0.288 0.077 3.684 0 [0.125,0.429] | Supported
LM ->SE 0.386 0.381 0.086 4.47 0 [0.215, 0.555] | Supported
SE -> EI 0.212 0.213 0.08 2.642 0.008** | [0.046, 0.360] | Supported
SEVL->CL | 0.49 0.503 0.095 5.182 0 [0.278, 0.647] | Supported
SEVL ->LM | 0.343 0.356 0.094 3.67 0 [0.151, 0.517] | Supported
SEVL ->SE | 0.195 0.212 0.099 1.973 0.049* [0.034, 0.411] | Supported

Table 7. Results of hypotheses testing. *Represents P<0.05, ** represents P<0.01, *** represents P<0.001.

Independent Variable Mediator Dependent variables
( Input) ( Process ) ( Output )

Deep Cognition of 119:0.489%++ Enhance Environmental |
Environmental Information | i i

Fig. 8. Result of hypotheses testing.

cognitive load positively and significantly influence self-efficacy. Self-efficacy, learning motivation and cognitive
load, exerts a positive and significant effect on deep cognition of environmental information. Lastly, deep
cognition of environmental information positively and significantly enhances environmental awareness.

Additionally, Table 8 displays the indirect effectsof the latent variables and several important mediating paths.
Based on these results, it can be inferred that for the SEVL to achieve the effects of EI and EA, three mediating
variables are involved: CL, LM, SE.

Discussion

This study successfully established the SEVL. The results of the PLS-SEM analysis indicate that SEVL can
significantly and positively influence students’ deep cognition of environmental information through a series of
mediating pathways, thereby enhancing their environmental awareness. This finding confirms the effectiveness of
VR in improving learning outcomes, aligning with the principles underlying Virtual Geographic Environments
(VGE).

According to Lin et al.'', a Virtual Geographic Environment (VGE) is defined as “a workspace for
computer-assisted geographic experiments (CAGEs) and geographic analysis,” with its core focus on supporting
geographic visualization, simulation, collaboration, and human engagement. The SEVL constructed in this
study essentially serves as a site-scale VGE tailored for environmental education. SEVL builds upon and extends
the functionalities of VR—primarily aimed at creating spaces rich in geometric and physical attributes''’—by
directing its objectives towards mapping environmental information related to dynamic processes and complex
phenomena within virtual environments!!®. Research on the spatial distribution of phenomena, processes, and
features enhances our understanding intricate interactions between humans and environmental systems!!.
That’s exactly what SEVL aims to do: it promotes a deeper understanding of environmental information among
students by fulfilling this core mission in geography.

The VGE aims to immerse human beings and their behaviors into a virtual environment through
multidimensional expression and multi-channel perception!?’. It achieves these goals by integrating various
types of data to create a comprehensive data model that supports simulation and analysis!*!. SEVL simulates
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Original sample | Sample mean P 95%

Hypotheses M) Standard Deviation (STDEV) | T Values | Values | CI Result

LM -> SE -> EI 0.082 0.081 0.036 2.257 0.024* | [0.026,0.173] | Supported

LM -> EIl-> EA 0.139 0.142 0.042 33 0.001** | [0.060, 0.225] | Supported

SE -> EI -> EA 0.104 0.105 0.042 2.475 0.013* | [0.022,0.186] | Supported
SEVL -> SE -> EI 0.041 0.044 0.027 1.534 0.125 [0.006, 0.112] | Not Supported
SEVL -> LM -> EI 0.098 0.102 0.038 2.555 0.011* | [0.037,0.183] | Supported
SEVL -> LM -> SE 0.132 0.135 0.048 2.784 0.005** | [0.059, 0.244] | Supported
SEVL -> CL -> EI 0.165 0.17 0.051 3.22 0.001** | [0.077,0.270] | Supported
SEVL -> CL -> SE 0.088 0.081 0.046 1.934 0.053 [0.009, 0.186] | Not Supported
CL->SE ->EIl -> EA 0.019 0.017 0.012 1.502 0.133 [0.002, 0.056] | Not Supported
SEVL -> CL -> SE -> EI 0.019 0.017 0.012 1.575 0.115 [0.003, 0.056] | Not Supported
SEVL -> CL -> EI -> EA 0.081 0.084 0.028 2.872 0.004** | [0.036,0.144] | Supported
SEVL -> LM -> SE -> EI 0.028 0.029 0.015 1.822 0.069 [0.008, 0.073] | Not Supported
LM -> SE -> EI -> EA 0.014 0.014 0.008 1.758 0.079 [0.004, 0.037] | Not Supported
SEVL -> LM -> EI -> EA 0.009 0.008 0.006 1.482 0.138 [0.001, 0.029] | Not Supported
SEVL -> SE -> EI -> EA 0.02 0.022 0.014 1.484 0.138 [0.003, 0.057] | Not Supported
SEVL -> LM -> SE -> EI -> EA | 0.04 0.04 0.019 2.151 0.032* | [0.012,0.088] | Supported
SEVL->CL->SE->EI->EA | 0.048 0.05 0.02 2.372 0.018* | [0.018,0.094] | Supported
CL->SE ->EI 0.038 0.035 0.024 1.596 0.111 [0.005, 0.106] | Not Supported
CL ->EI-> EA 0.165 0.167 0.045 3.671 00+ [0.085,0.261] | Supported

Table 8. Specific indirect mediating effects. Significant values are in bold.

campus environments and designs gamified objectives, allowing students to observe the interactions between
their designs and the environment through an interactive interface. This enables them to participate in this
virtual space as avatars, instilling a strong sense of presence and responsibility. Students not only “experience”
the environment firsthand, but also bring their knowledge and behaviors into SEVL. Through simulations of
ecological relationship, they can validate design outcomes, conduct environmental analyses, and enhance their
understanding of environmental information. Scholars have confirmed that having environmental information
is key to developing positive environmental attitudes®2-3. This is because environmental information influences
individuals’ understanding of the importance of environmental protection and sustainability. When relevant
information accumulates to a certain level, individuals’ environmental cognitive will be constructed and
consequently their attitudes—may change to some extent, thereby enhancing environmental awareness'*.

Therefore, SEVL can effectively elevate students’ awareness of environmental information from superficial
memory to a deeper understanding and cognition, ultimately transforming it into a solidified environmental
consciousness.

Furthermore, this study employs PLS-SEM to uncover two key mechanisms through which SEVL
operates in environmental education. Self-efficacy indirectly enhances students™ self-efficacy by influencing
learning motivation and cognitive load, plays a central mediating role in this process, thereby promoting
deep environmental cognition and awareness. The findings align closely with existing theories!?>!2* related to
virtual laboratory and gamification research. Consequently, the following two questions will be discussed: (1)
How SEVL influence self-efficacy through learning motivation to enhance learning outcomes? (2) How SEVL
influence self-efficacy through cognitive load to enhance learning outcomes?

In the mechanism of how SEVL boosts self-efficacy, the first point is that SEVL influences learning motivation,
which in turn affects self-efficacy and ultimately leads to environmental education (VL -> LM -> SE -> EI ->
EA, B = 0.040, p < 0.05, 95%CI[0.018,0.094]). Learning motivation plays a crucial role in this pathway. This
finding aligns with previous research: Van Gaalen AE] et al. suggest that gamified elements are often integrated
into teaching strategies to boost student engagement and enjoyment, thereby enhancing learning motivation!?4.
Elements such as scores and interactive components used in educational settings'?®, clear objectives, and
immediate feedback!? can elevate learners’ expectations of success and foster a more positive attitude.

When the learning environment stimulates intrinsic curiosity and provides recognition of competence,
according to motivational theory, individuals’ self-efficacy is activated, leading them to deepen their cognitive
engagement'?®. When individuals possess strong learning motivation, they are more likely to achieve their goals,
thus enhancing overall self-efficacy—especially in situations of problem discovery'?%. When students encounter
novel tasks, they experience novelty, surprise, and freedom of action—powerful motivators—which over time
bolster their confidence in handling these tasks effectively.

In SEVL, ongoing task objectives within virtual laboratory stimulate students” exploratory interests while
building their confidence—these positive emotions continuously generate feelings of novelty and assurance
about solving problems. This newfound confidence activates their sense of self-efficacy and drives them to
engage more deeply with environmental information®, ultimately transforming cognitive achievements into
heightened environmental awareness.
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The second path shows that SEVL influences self-efficacy by affecting cognitive load, which ultimately leads
to environmental education (VL -> CL -> SE -> EI -> EA, $=0.048, p <0.05, 95%CI[0.012,0.088]). In this path,
cognitive load plays a key role.

This aligns with previous research!?”128, which indicates that virtual laboratory and gamified learning can
reduce cognitive load. Liao et al. suggest that game-based learning integrates knowledge into gaming contexts,
allowing information to be processed simultaneously through textual, three-dimensional visual and auditory
methods!'?>12%. Kolil et al. argue that this approach reduces the complexity of interaction between students
and learning materials, making it easier to achieve incremental successes'? and thereby reinforcing learners’
confidence’’®. This process replaces direct experiences in the real world with vicarious influences within virtual
laboratory, ultimately fostering a sense of self-efficacy®>!*.

SEVL adjusts learning difficulty by breaking down tasks and providing explanatory prompts. Once students
master foundational skills, they gradually tackle more complex problems, significantly reducing their cognitive
load. The continuous reinforcement from successful experiences during this process fosters their belief in their
own capabilities'®!. Therefore, students are more likely to have a deep cognition of environmental information
and enhancement their environmental awareness.

Conclusion

In the context of the current global ecological and environmental crises and challenges, environmental
education is a key element for achieving sustainable development!!. This study developed and tested a theoretical
model to explain the mechanisms of the SEVL. Based on PLS-SEM analysis, the data support the proposed
pathway: SEVL stimulates learners’ motivation and optimizes their cognitive load, in turn enhances their self-
efficacy. Ultimately, these effects promote a deeper understanding of environmental information and elevate
environmental awareness, thereby supporting improved outcomes in environmental education. However, these
advantages require systematic comparison with traditional teaching methods or other digital tools. Further
validation is also necessary to more comprehensively assess the benefits of SEVL in environmental education.

From a theoretical perspective, this study identifies two mechanisms that describe how SEVL operates,
highlighting the central mediating role of self-efficacy. This enriches our understanding of pathways in
environmental education. this research offers an observable and verifiable cognitive tool. By creating spaces
with rich geometric and physical properties!!”, we can map out dynamic processes and complex phenomena in
virtual environments!!8. This helps turn abstract ecological relationships into concrete, visual experiences. Such
an approach enables students to intuitively understand the interaction patterns between human activities and
natural systems during the site design process, thereby enhancing the sustainability of environmental education.

At the theoretical level, the proposed framework focuses on three key psychological factors—learning
motivation, cognitive load, and self-efficacy—to explain how virtual laboratory promotes deep environmental
cognition and awareness. However, this framework still has limitations. Existing theoretical and empirical research
indicates that other variables—such as psychological ownership, perceived importance!*?, immersion®, interest,
embodiment, and self-regulation’””®—may also influence how learners process environmental information
and internalize environmental awareness in virtual environments. The current study did not incorporate these
potential mediating or moderating factors into an integrated model, thereby limiting its theoretical explanatory
ability. Future research could expand upon more complex mechanistic models to examine the pathways of
additional psychological and emotional variables, and further clarify the psychological mechanism structure of
virtual laboratory in promoting deep cognition and environmental awareness, thereby promoting the deepening
and enrichment of the theoretical system in this field.

In terms of research design, this study employed a single-group post-test design to examine the mechanistic
pathways of the virtual laboratory. However, a pre-test and a control group are both absent, so it is impossible to
completely rule out the difference in learners’ knowledge level before the experiment, and it is also impossible
to control the possible influence of external variables during the experiment, which weakens the strength of
causal inference to a certain extent. Future studies could adopt more rigorous experimental designs, such as
randomized controlled trials, repeated-measures designs with pre- and post-tests, or longitudinal tracking
across multiple time points'33. These approaches would enhance the reliability of the proposed mechanisms.

At the sample level, all participants in this study are from the same university, with relatively concentrated
disciplinary backgrounds, resulting in a homogeneous sample structure. While this relatively uniform sample
source helps reduce interference from varying educational backgrounds and allows clearer examination of the
model’s internal mechanisms, it also limits the external validity of the findings. The sample size of 146 may also
lead to instability in estimating certain path coefficients. Additionally, the 95% confidence intervals of some path
coeflicients are relatively wide, reflecting the impact of sample fluctuations on estimation accuracy. Therefore,
caution is warranted when generalizing these results to other regions, disciplines, or educational stages. Future
research could introduce larger and more diverse sample structures, incorporating multi-group analyses across
institutions, regions, and educational levels. This would further test the robustness of the model across different
populations, thereby improving the study’s representativeness and external validity.

Data availability

Data is provided within supplementary information files.
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