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Abstract: Climate change impacts are felt globally, and the impacts are increasing in severity and 

intensity. Developing new interventions to encourage behaviors that address climate change is 

crucial. This pre-registered field study investigated how the design of a virtual reality (VR) 

experience about ocean acidification could impact participants’ learning, behavior, and perceptions 

about climate change through the manipulation of the experience message framing, the sex of voice-

over and the pace of the experience, and the amount of participants’ body movement. The study 

was run in 17 locations such as museums, aquariums, and arcades in the U.S., Canada, U.K., and 

Denmark. The amount of body movement was a causal mechanism, eliciting higher feelings of self-

efficacy while hindering learning. Moreover, linking the VR narrative about ocean acidification 

linguistically to climate change impaired learning compared to a message framing that did not make 

the connection. As participants learned more about the experience, they perceived the risks 

associated with ocean acidification as higher, and they were more likely to engage in pro-climate 

behavior.    The results shed light on the mechanisms behind how VR can teach about ocean 

acidification and influence climate change behavior. 
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1. Introduction 

Climate change is fueling the increase in frequency and intensity of extreme events 

such as heat waves, storms, wildfires, and droughts [1,2]. While human activity and the 

resultant emissions are responsible for the increased carbon dioxide concentrations in the 

atmosphere that lead to global warming and climate change [3,4], the ocean has mitigated 

atmospheric concentrations by absorbing an estimated 40% of carbon dioxide emissions 

since the Industrial Revolution [5]. This absorption, however, has led to decreasing ocean 

water pH, a process referred to as ocean acidification (OA), resulting in a disruption of 

the seawater chemistry which impacts, among others, shell-forming marine organisms 

and the ecosystems that depend on them [6–8]. Even with a growing scientific 

understanding of the scale of the problem, most people are not familiar with ocean 

acidification, and have not experienced its adverse effects on marine life, making it harder 

to understand and less likely that people would take steps to address the issue [9]. 

Human actions can also both reduce the future effects of climate change through 

mitigation behaviors and prepare for the unavoidable impacts through adaptive 

behaviors. Interventions can encourage climate change-related behaviors, such as 

learning more about climate change, demanding policy action, and preparing one’s home 

for flooding or wildfires. Broadly, we refer to these behaviors as climate change actions, 
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and there have been multiple studies on understanding and increasing climate change 

actions among various populations [10–14].  

Work on climate change puts forth several frameworks that seek to explain the 

factors impacting one's climate change behavior, such as the social amplification of risk 

framework [11,13], the protective action decision model [12], and the protection 

motivation theory [10]. To better identify the factors that motivate climate change 

behavior, van Valkengoed and Steg [14] conducted a meta-analysis of 106 papers, 

including all these frameworks. They identified 13 main factors, including trust in 

government, risk perception, climate change belief, knowledge, and outcome efficacy. The 

authors highlighted the need to explore how the factors interrelate and jointly influence 

behavior, and to investigate the mediation effect risk perception can have between 

learning and climate change behavior.  

Although research on climate change behavior is vast, a recent meta-analysis on 

behavioral interventions to promote household action on climate change showed small 

and short-termed effects [15], pointing out the need for new forms of interventions [16]. 

In the last decade, there has been a significant increase in the adoption of virtual reality 

(VR) in several contexts, such as schools, libraries, museums, and informal learning 

programs, with at least 10 million VR headsets sold in 2021 [17]. This technology allows 

new ways of communication, perception, and interaction with content, leveraging the 

power of communication mainly through its capacity to trigger emotions [18]. This 

affordance, coupled with the endless simulation possibilities, and strict ability to control 

the experience and to record users’ verbal and nonverbal behavior (such as body 

movement and gaze shift), has led to several researchers using VR in climate-related 

education [19] and human behavior research [20].  

Although much remains to be discovered about the potential role VR can play in 

broad climate change education and behaviors, recent media and design comparison 

studies have shown the benefits of using VR instead of computer monitors on some of the 

factors identified by van Valkengoed and Steg [14], such as knowledge [21–25], risk 

perception [26], involvement with nature [26], positive and negative affect [27], pro-

environmental behavior [19,28–30], trust [31], and factors related to learning, such as self-

efficacy toward science [22,32,33].  

Beyond the general effect of using VR as a medium, it is crucial to delve deeper and 

understand the interaction between specific design elements and the mechanisms through 

which VR could impact the factors motivating climate change behaviors, such as learning 

and risk perception. Learning about climate change is complex [34]. It involves dealing 

with a large amount of abstract information, connecting different subjects, such as 

chemistry, geography, mathematics, and biology, and ultimately, trusting in the 

information received [34,35].  

The Cognitive Load Theory [36] explicates three cognitive demands that are involved 

in learning processes: extraneous cognitive load (processing information not relevant to 

the learning goals); intrinsic cognitive load (processing information relevant to the 

learning goals), and germane cognitive load (learner's effort to construct schemas about 

the information being processed). Stimulus-rich multimedia environments often requires 

greater cognitive effort to process visual, auditory, and textual information, impeding 

learning [37,38]. Hence, multimedia environments should reduce extraneous cognitive 

load to avoid unnecessary cognitive overload to impact information processing [36,39].  

One principle shown to reduce processing load and improve attention and learning 

is segmenting the message in meaningful blocks [40–42]. Adding pauses to segment a VR 

experience could, however, break the feeling of presence, i.e., the phenomenon of 

behaving and feeling as being in the virtual environment [43]. While Ahn and colleagues 

[44] found that segmentation had little effect on presence or information recall, Mayer and 

colleagues [45] reviewed 13 media comparison studies and concluded that more than 

pauses, adding generative learning activities or asking questions during pauses in the 

delivery of VR lessons can enhance learning outcomes. Hence, we hypothesized that 
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participants in conditions where the content is segmented, by adding pauses between 

scenes to reflect on the content, will score higher for learning than participants in non-

segmented conditions (H1). Since breaking the experience flow can harm the feeling of 

presence in VR, we hypothesized that participants in non-segmented conditions will score 

higher for presence than participants in segmented conditions (H2). Moreover, we 

investigated the effects of segmentation on factors motivating climate change behavior 

through the following research question (RQ1): What are the impacts of segmenting 

content on behavior, risk perception, concern, causes, and beliefs about increased carbon 

dioxide emissions, and self-efficacy? 

Recent studies using VR to teach OA have shown that users’ movement in VR 

underlie the media effects on knowledge gains [21] and self-efficacy toward learning [22]. 

Research from multiple backgrounds has demonstrated that body movement is essential 

in learning [46–52], in creating social and psychological attachments to the environment 

[53], and inducing attitude and behavior change [54]. Markowitz and colleagues [21] 

suggest that moving in a virtual space meaningful to the learning activity helps 

participants elaborate and understand the consequences of climate change, leading to 

learning gains. Moreover, because the brain is constantly making predictions about body 

movement and the environment [55,56], the motor and visual exploration of the 

environment in VR can increase the sense of agency (i.e., the feeling of being in control of 

one’s own actions and environmental outcomes; [57]), which in turn influence self-efficacy 

towards learning [22,58]. Because of that and the unique VR affordances, allowing users 

to walk around and move during the experience, we designed the current study to 

compare the effects on climate change learning and behavior of having the experience 

seated versus standing up, being able to walk around. In this sense, we hypothesized that 

participants having a standing-up experience that allows them to walk around, will score 

higher for learning, behavior, risk perception, concern, causes and beliefs about increased 

carbon dioxide emissions, presence, self-efficacy, and trust than participants in seated 

conditions (H3).         

The processes involved in learning about climate change can be influenced not only 

by the pedagogy of the experience but also by non-verbal aspects of the information [59]. 

For example, studies have shown that when exposed to new information, we are 

constantly reasoning about the informant’s characteristics (such as physical appearance, 

voice, and gestures) and the implications of the information received [35]. When receiving 

information from a computer, particularly in rich media environments such as animations 

and VR experiences, reasoning about the informant becomes more complex, as the 

informant is not a person but a computer-simulated environment, and the human 

characteristics that we used to reason about the source of information are absent or 

transformed. These aspects influence how much we trust and learn the information. 

Research on human-computer interaction has demonstrated that impact of the sex of 

the computer's voice (male or female) is influenced by the gender of the participants 

themselves [60–62] and gender stereotypes [63]. Some studies have shown that 

participants trusted information more when it was received from a male compared to a 

female voice-over [64,65]. Moreover, Khashe and colleagues [66] argued that adults might 

be more inclined toward pro-environmental requests made by a female computer voice, 

while Liu [67] did not find a difference between human voice-over sex on changing 

participants’ climate change beliefs. Hence, we hypothesized that participants in 

conditions with a female voice-over will score higher for learning than participants in 

male-voiced conditions (H4); that participants’ reported self-efficacy comparing female-

voiced and male-voiced conditions will be gender dependent, with women scoring higher 

than males in female-voiced conditions and vice versa (H5); and that participants in male-

voiced conditions will score higher for trust than participants in female-voiced conditions 

(H5). To investigate the effects of voice-over sex on the other factors influencing climate 

change behavior and learning, we posed the following research question: What are the 
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impacts of the sex of the voice-over on risk perception, concern, causes, and beliefs about 

increased carbon dioxide emissions (RQ2) and on presence (RQ3)? 

In addition, the way individuals engage with climate change depends on the framing 

of the issue at stake (i.e., how the message emphasizes aspects of the information and 

resonates with the audience’s knowledge and values) [68–73]. Although a loss-framed 

message might trigger a greater intention to act upon environmental issues [74], this 

framing may be moderated by the degree of uncertainty associated with climate change. 

Morton and colleagues [71] showed that a loss-framed message coupled with high 

uncertainty reduced pro-environmental intentions. In contrast, high uncertainty coupled 

with a gain-framed message yielded greater positive pro-environmental intentions. 

Investigating framing in VR, Ahn and colleagues [75] found that growing a virtual tree 

(gain framing) was more effective in promoting pro-environmental behavior than cutting 

down a virtual tree (loss framing). On the one hand, focusing on the process of OA instead 

of Climate Change could reduce the complexity of the topic being learned, positively 

influencing how participants feel able to learn (self-efficacy). However, on the other hand, 

it taps into unfamiliar concepts that could make it more difficult to learn, and negatively 

influence self-efficacy [76]. Moreover, the term climate change has been extensively linked 

with negative outcomes by the media, resulting in a negative valence associated with the 

term[77]. Hence, to investigate the effects of message framing on self-efficacy, we posed 

RQ4: What is the impact of message framing on self-efficacy? 

Finally, political opinions have been shown to influence how climate change 

messages are interpreted, with a conservative political view being more correlated with 

casting doubts on messages framed as climate change than neutral messages [78,79]. 

Cooke and Kim [80] have shown that when OA is explained in connection to climate 

change, people tend to politicize the message, mainly because of their unfamiliarity with 

OA and lack of connection with the ocean. The process of misinterpreting scientific 

information to fit it to their political and psychological biases is called motivated 

reasoning, which, in the case of climate change, is stronger among politically conservative 

individuals [81]. In terms of learning, Guilbeault and colleagues [82] found that polarizing 

the message significantly reduced social learning. We then hypothesized that compared 

to participants in an ocean acidification framing condition, participants in a climate 

change framing condition reporting a more liberal political view will score higher for 

behavior, risk perception, trust, learning, concern, causes and beliefs about increased 

carbon dioxide emissions than participants reporting more conservative political views 

(H7).   

Given the multifaceted aspect of climate change learning and behavior and 

increasing VR use to depict environmental issues, it is crucial to understand better how 

the design of the VR experience relates to climate change learning and behaviors. In this 

context, this study’s objective is threefold: a) understand how the design of the VR 

experience can influence some of the factors indicated in the literature as influencing 

climate change behavior (namely, risk perception, trust, beliefs, concern about the ocean, 

and knowledge; RQ1: segmentation effects, and RQ2: voice-over effects) and other aspects 

related to climate change behavior in VR, such as presence (RQ3: voice-over effects) and 

self-efficacy toward science learning (RQ4: message framing effects); b) identify the 

relationship between body movement in VR, learning, and self-efficacy towards science 

learning, and; c) explore how knowledge, beliefs, risk perception, and trust relate to 

climate change behavior and each other after a VR experience about OA (RQ5 and RQ6). 

Hence, we manipulated design elements in VR that the literature indicated could impact 

these factors, namely: movement, framing, voice-over, and segmentation. The hypotheses 

and research questions were pre-registered at (https://osf.io/5rkmb). Visual 

representations of the data recording procedure, VR equipment used, and conditions are 

shown in Figure 1. 

https://osf.io/5rkmb
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Figure 1. Study setup and conditions. A: Data recording procedure: participants’ subjective and 

movement data were recorded in real-time to the cloud in a secure server using Google Sheets API, 

then accessed through the researcher’s computer. B: Equipment used in the study: (1) HTC Vive 

headset, (2) Hand controllers, (3) Headphones. C: Combinations of the manipulation variables in a 

2x2x2x2 design. Colored cells show the presence of the manipulation: movement (seated vs. 

standing), experience segmentation (non-segmented vs. segmented), voice-over (male vs. female), 

and framing (climate change vs. OA). 

2. Materials and Methods 

2.1. Developing remote data collection 

This study was run in schools, universities, museums, aquariums, VR arcades, 

libraries, and foundations from 17 locations across the U.S., U.K., Canada, and Denmark. 

The Institutional Review Board approved the procedures and materials. Participants were 

students or visitors that voluntarily joined the study. Docents on each study site informed 

the participants about the study procedures. They also helped participants use the VR 

equipment and go through the assigned version of the Stanford Ocean Acidification 

Experience (SOAE). Participants that gave consent had their data collected and recorded 

in real-time to an online spreadsheet. The system collected data on participants’ assigned 

condition, location, answers to questionnaires, headset and hand controller orientation 

(yaw, pitch, roll), headset and hand controller translation (x, y, z coordinates), button 

clicks, and experience length. Every 0.25 seconds, this data was snapshotted and stored in 

program memory, periodically flushed to a Google Sheet with the unique participant ID 

via the Google Sheets API [83]. Once current in-memory data was successfully written to 

the spreadsheet, it would be cleared from local program memory. In the case of a failed 

write (e.g., temporary network connection failure), the data whose write failed would be 

preserved in the local program memory and included in future write attempts. In the rare 

instance of network failure without restoration by the end of the experience, such that 

there was either no data or incomplete data written to the participant’s Google Sheet, the 

participant’s data were excluded from the analysis. Similarly, if the participant did not 

complete the study for any reason, their data were excluded from the analysis. In total, 

127 out of 432 participants’ data was excluded due to incomplete data. Because conditions 

were randomly assigned, docents would not know if the participant would need a chair 

or not (seated or standing conditions) until the experience had already begun. As a result, 

some study sites would restart the experience if they did not have a chair available at that 
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time, or for museum visitors who did not feel comfortable sitting, which would be 

registered as incomplete data. This remote data collection method was also used to record 

which of the conditions the user was randomly assigned. Also, it was used to record 

specific user behavior, including their responses to the pre- and post-tests and their 

physical interactions with the VR experience (e.g., “touching” the exhaust pipe in the 

opening city scene).  

2.2. Stanford Ocean Acidification Experience (SOAE) versions 

SOAE is an eight-minute-long, interactive computer graphics piece that teaches 

about OA’s causes, processes, and outcomes. Through the experience, participants 

observe firsthand the effects of ocean acidification on the ocean. They watch cars’ exhaust 

pipes releasing carbon dioxide molecules (Figure 2A), push a molecule, watching it flying 

to the sky, and watch a carbon dioxide molecule react with a water molecule to create a 

carbonic acid molecule (Figure 2B). They then embody a scientist and measure the health 

of a coral reef by counting and placing flags beside sea snails (Figure 2C). Finally, they 

experience the consequent degradation of a rocky reef and its marine life (Figure 2D). The 

original experience is available at https://stanfordvr.com/soae/. 

 
 

Figure 2. The Stanford Ocean Acidification Experience images. A: Visualizing carbon 

dioxide molecules spilled by vehicle exhaust pipes. B: representation of the chemical 

reaction between a carbon dioxide and a water to create carbonic acid molecule. C: flags 

used to count sea snails in a healthy coral reef. D: unhealthy coral reef. 

 

 Sixteen versions of SOAE were created, combining the manipulation variables: 

movement, segmentation, framing, and narration. For the movement manipulation, 

participants in the standing conditions walked around a four-square meters area and used 

hand controllers to perform interactive tasks and receive haptic feedback (hand 

controllers’ vibration). In the seated condition, all those activities occurred, except the 

participant remained seated and used virtual lasers to interact with distant virtual objects. 

In the segmented condition, we included three-seconds pauses after some passages 20-

seconds pauses between four different content blocks. During the 20-second pauses, 

participants were prompted to think about what they had just learned in that block while 

the screen turned black. To manipulate the framing of the message, in the climate change 

condition, the experience title was "Ocean Acidification, a Climate Change Problem," and 

the narration mentioned climate change a couple of times during the experience. In the 

OA framing condition, the title was "Ocean Acidification, a Carbon Dioxide Emission 

Problem," and the narration did not link OA to climate change. For the voice-over 

manipulation, we created versions of SOAE narrated by a woman and a man. The 

https://stanfordvr.com/soae/
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experience was piloted with university students, who provided qualitative feedback 

about the experience and the length of the pauses in the segmented versions of the 

experience that influenced final study design.  

2.3. Measuring subjective variables 

Participants answered pre-test and post-tests while in VR, using the hand controllers 

to choose options or input values. All participants answered the same questions. The pre-

test included demographic questions (age, gender, race/ethnicity, education level, VR use 

frequency), how well the participant understood English, and how much they believed 

they knew about OA. After answering the pre-test, participants were randomly assigned 

to one of the conditions. After that, they answered the post-test, also in VR. It included 

eight questions to measure learning (adapted from the International Ocean Literacy 

Survey; [84]) and one question to measure each of the following: concern about the health 

of the ocean, causes of OA, the severity of OA (risk perception), beliefs about increased 

carbon dioxide emissions in the atmosphere, self-efficacy towards science learning, how 

much they believed to know about OA, presence, and trust in the information they 

received during the experience. These questions were developed in consultation with 

marine and social scientists engaged in climate change research. As a measure of climate 

change behavior, they were asked to read, and then to decide whether or not to sign a 

petition to support investments in research about OA mitigation strategies. We used this 

measure to indicate engagement with climate change and support for meaningful 

measures to address OA. Participants could use the hand controller to handwrite in VR 

and sign the petition. Finally, they were asked to select where they placed themselves on 

a political spectrum from left/liberal to right/conservative. The questionnaires were 

piloted with participants of a national climate change event, who gave feedback on their 

understanding of the questions, length of the questionnaire and link between the question 

and the construct being investigated. Questions and their respective coding are shown in 

Table 1. A composite of the learning questionnaire was created by averaging the eight 

learning questions’ scores. 
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Table 1. Subjective measures’ questions. 

Variable Question Coding 

Learning 
1.The ocean absorbs and stores which of the following from the 

atmosphere? 
0 (incorrect) or 1 (correct) 

Learning 2. Which of the following causes ocean acidification? 0 (incorrect) or 1 (correct) 

Learning 
3. Which of the following is a result of human-caused carbon 

dioxide emissions? 
0 (incorrect) or 1 (correct) 

Learning 
4. Clams, oysters, and other marine organisms use the carbon 

dissolved in the ocean to: 
0 (incorrect) or 1 (correct) 

Learning 5. The formula for carbonic acid is: 0 (incorrect) or 1 (correct) 

Learning 
6. Which human activity contributes a significant amount to 

greenhouse gas emissions? 
0 (incorrect) or 1 (correct) 

Learning 
7. What can scientists observe in the rocky reef off the coast of 

Naples, Italy? 
0 (incorrect) or 1 (correct) 

Learning 8. How does ocean acidification impact all shelled species? 0 (incorrect) or 1 (correct) 

Subjective 

knowledge 

After this experience, how much, if anything, would you say you 

know about ocean acidification? 

5-point Likert scale: 1 (nothing) to 5 

(a great deal) 

Concern How concerned, if at all, are you about the health of the ocean? 
5-point Likert scale: 1 (not at all) to 

5 (extremely) 

Risk 

perception 

How serious of a problem do you think the increased amount of 

carbon dioxide in the atmosphere is for the health of the ocean? 

5-point Likert scale: 1 (not at all) to 

5 (extremely) 

Beliefs 

Do you think the amount of carbon dioxide in the atmosphere has 

been going up over the past 100 years, or do you think this has not 

been happening? 

4-point Likert scale: 1 (definitely 

not) to 4 (definitely yes) 

Causes 
The increased amount of carbon dioxide in the atmosphere was 

caused . . . 

Ordinal response. 1) mostly by 

natural causes; 2) about equally by 

things people did and natural 

causes; 3) mostly by things people 

did. 

Self-efficacy 
How confident are you that you can understand most complex 

material in science courses? 

5-point Likert scale: 1 (not at all) to 

5 (extremely) 

Presence 

To what extent did you feel you were really inside the virtual 

world? 

 

5-point Likert scale: 1 (not at all) to 

5 (very strongly) 

Trust 
How much do you trust the information that you got from this 

virtual reality experience? 

5-point Likert scale: 1 (not at all) to 

5 (completely) 

Political view 

Some people talk about politics in terms of left, center, and right. 

On a left-right scale from 0 to 6, with 0 indicating extreme left (or 

extreme liberal) and 6 indicating extreme right (or extreme 

conservative), where would you place yourself? 

From 1 (extreme right/conservative) 

to 7 (extreme left/liberal) 

Petition 

People have started the following petition to ask the international 

community to take action to combat ocean acidification. Please 

read the petition. You will then have an opportunity to sign it.  

TELL THE UNITED NATIONS: IT IS TIME TO ADDRESS 

OCEAN ACIDIFICATION  

Dear Secretary General Guterres, 

Right now, the ocean absorbs about a quarter of all carbon dioxide 

emissions, and this carbon dioxide changes the chemistry of the 

ocean. Without intervention, the ocean's acidity level is expected 

to more than double by 2100. This will negatively impact shellfish, 

coral reefs, and all the people and organisms around the globe that 

0 (not signed) or 1 (signed) 
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depend on them. It is time for the United Nations to take 

meaningful steps to address ocean acidification. 

With scientific and technological advancements we, as a global 

community, can address this pressing issue. Please dedicate 

significant funding to support an international research agenda 

that aims to address and understand the threats we face from 

ocean acidification. 

You can sign this petition in the space below by holding down the 

trigger button. Signing this petition is completely optional, and 

your decision to sign or not sign will not affect your ability to 

continue participation in the research. Finally, your name will not 

be collected by us or connected with e any of your survey 

responses. 

2.4. Measuring movement 

Participants’ orientation (yaw, pitch, roll), head translation (x, y, z), and controller 

translation (x,y,z) were tracked and recorded throughout the experience every 0.25 

seconds. Movement data was cleaned and processed using Python, Pandas, and NumPy. 

We followed Won and colleagues [85] and Li and colleagues [86] methods for movement 

analysis in VR. Using the headset and hand controllers’ x, y, and z coordinates, we 

calculated the total amount of translation, normalized them per second, and calculated 

head and hands’ yaw, pitch, and roll standard deviation. Figure 3 shows visual 

representations of yaw, pitch, roll, and translation. 

 

Figure 3. Body movements: Yaw, Pitch, Roll, and Translation. 

2.5. Statistics 

We estimated parameters from several linear mixed effect models to test the pre-

registered hypotheses, investigate the research questions, and run exploratory analyzes. 

All models included the random effects of location, included all manipulation variables 

as predictors, and controlled for gender, age, VR use, English proficiency, political view, 

and education. We estimated parameters from generalized linear mixed models 

predicting behavior (signing or not a petition supporting investment in OA research). The 

analyses were carried out in R Studio software. We used the “lmerTest” [87] package to 

run the regressions, which reports Satterthwaite approximations for degrees of freedom 

and p-values.  Linear mixed effect models were inspected for the assumptions of 

linearity, homoscedasticity, normality of residuals’ distribution, and independence using 

the package “sjPlot”[88] Additionally, models were tested for multicollinearity, using the 

package “car”[89] to measure the variance inflation factor (VIF) of each variable in the 

model. No multicollinearity of concern was found (VIF < 5)[90]. We used the package 

“effectsize”[91] to calculate effect sizes. For linear mixed-effects models, partial eta 

squared (η2 p) with a 90% confidence interval (CI)[92] was computed using Sums-of-

Squares [91]. For generalized mixed-effects models (models predicting climate change 

behavior) and ordinal logistic regressions (models predicting causes attributed to OA), 

standard coefficients were reported along with 95% CI. Our research questions and 

hypotheses testing did not involve interactions. For example, to investigate the voice-over 
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gender effects on the variables of interest, we ran LMER models predicting the dependent 

variable of interest from the manipulated variable “voice-over sex” (predictor). The 

predictor always had two factors (in this case, male [n = 149] and female voice-over [n = 

156]). The models were controlled for the other manipulations and its factors, participants’ 

demographics and included the random effects of location. Hence, we did not test all of 

the two, three and four-way interactions.  

Finally, we ran mediation analyses using the package “mediation”, reporting 

nonparametric bootstrap confidence intervals with the percentile method to investigate 

the relationships between the factors motivating climate change behavior. A priori power 

analyses including linear mixed effect models with two tails, alpha probability error of 

0.05, H1 ρ² (rho squared) of .115 [93], H0 ρ² of 0, 15 predictors (predictor with two factors, 

controlling for the other three manipulations variables with two factors each, and seven 

demographics variables), and 95% power showed a lower critical R2 of 0.025, and upper 

critical R2 of 0.10 and indicated a sample size of 260. A type 2 ANOVA was run on the 

LMER models’ output to generate type 2 sums of squares ANOVA tables of fixed effects. 

A priori power analysis of the ANOVA tests, including Cohen’s f = 0.20, alpha probability 

error of 0.05, two groups and 95% showed a sample size of 328.  

2.6. Participants 

A total of 305 complete and valid responses were included in the data analysis. 

Participants’ age mean was 23.83 years old (SD = 13.71, min = 11, max = 73), and their 

demographics are shown in Table 2. 

Table 2. Participants’ location, gender, and race. 

Country N = 305  Gender N = 305  Race N = 305 

U.S. 262 (85.9%)  Woman 171 (56%)  Afro-American 16 (5.2%) 

Denmark 20 (6.6%)  Man 132 (43.3%)  Chinese 15 (4.9%) 

Canada 16 (5.2%)  Other 2 (0.7%)  Filipino 3 (1.0%) 

U.K. 7 (2.3%)     Hispanic / Latinx 11 (3.6%) 

      Indian 10 (3.3%) 

      Japanese 3 (1.0%) 

      Korean 4 (1.3%) 

      Mexican 11 (3.6%) 

      Middle Eastern 10 (3.3%) 

      Native American 7 (2.3%) 

      Southeast Asian 15 (4.9%) 

      White 176 (58%) 

      More than one 7 (2.3%) 

      Decline to answer 8 (2.6%) 

      Unknown 9 (3.0%) 

3. Results 

Means and standard deviations of the subjective measures per manipulated variable 

are shown in Table 3. Table 4 shows the correlations between the variables. A summary 

of the pre-registered hypotheses and research questions along the corresponding data 

analyses and conclusions are shown in Appendix A. 
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Table 3. Means and standard deviations of subjective measures per manipulated variable. 

  Segmentation Movement Voice-over Framing 

Variables 

Non-

segmented  

(n = 140) 

Segmented 

(n = 165) 

Seated  

(n = 92) 

Standing 

(n = 213) 

Female 

(n = 156) 

Male 

(n = 149) 

Climate 

Change 

 (n = 159) 

Ocean 

Acidificatio

n 

(n = 146) 

 M SD M SD M SD M SD M SD M SD M SD M SD 

Learning 0.77 0.21 0.79 0.23 0.83 0.18 0.76 0.23 0.77 0.23 0.79 0.22 0.76 0.23 0.80 0.21 

Self-efficacy 3.34 0.93 3.34 1.00 3.09 0.95 3.45 0.96 3.30 0.92 3.38 1.02 3.33 0.98 3.35 0.96 

Behavior 0.81 0.39 0.84 0.37 0.91 0.28 0.79 0.41 0.84 0.37 0.82 0.39 0.86 0.35 0.80 0.40 

Presence 3.76 0.87 3.80 0.91 3.58 0.92 3.87 0.86 3.70 0.90 3.87 0.88 3.75 0.88 3.81 0.91 

Trust 4.13 0.78 4.10 0.78 4.01 0.72 4.16 0.80 4.10 0.76 4.12 0.80 4.12 0.81 4.10 0.74 

Concern 3.96 0.90 3.98 0.88 4.00 0.85 3.96 0.91 3.94 0.87 4.01 0.91 4.03 0.90 3.90 0.88 

Risk 

perception 
4.37 0.70 4.39 0.76 4.46 0.62 4.35 0.78 4.38 0.70 4.38 0.77 4.41 0.71 4.35 0.76 

Beliefs 3.66 0.54 3.74 0.52 3.73 0.47 3.69 0.56 3.66 0.58 3.75 0.46 3.73 0.52 3.68 0.54 

* M and SD are used to represent mean and standard deviation, respectively. Variables ranges: 

Learning (0-1), Self-efficacy (1-5), Behavior (0-1), Presence (1-5), Trust (1-5), Concern (1-5), Risk-

perception (1-5), Beliefs (1-4).  

Table 4. Means, standard deviations, and correlations with confidence intervals. 

Variable  M  SD 1 2 3 4 5 6 7 8 

1. Knowledge 0.78 0.22                 

2. Self-efficacy 3.34 0.97 .14*        

      [.02, .24]        

3. Presence 3.78 0.89 .01 .18**       

      [-.10, .12] [.07, .28]       

4. Trust 4.11 0.78 .11 .23** .25**      

      [-.00, .22] [.12, .33] [.15, .36]      

5. Concern 3.97 0.89 .32** .21** .29** .30**     

      [.21, .41] [.10, .32] [.18, .39] [.19, .40]     

6. Risk perception 4.38 0.74 .27** .20** .18** .40** .58**    

      [.16, .37] [.09, .30] [.07, .29] [.30, .49] [.50, .65]    

7. Beliefs 3.70 0.53 .36** .16** .12* .26** .39** .48**   

      [.26, .46] [.05, .27] [.00, .22] [.16, .37] [.29, .48] [.38, .56]   

8. Behavior 0.83 0.38 .14* .07 -.00 .21** .21** .25** .21**  

      [.03, .25] [-.04, .18] [-.12, .11] [.10, .32] [.10, .32] [.14, .35] [.10, .31]  

9. Political view 4.39 1.26 .23** -.10 -.12* .09 .19** .31** .22** .14* 

      [.12, .33] [-.21, .01] [-.23, -.00] [-.02, .20] [.08, .30] [.20, .41] [.11, .33] [.03, .25] 

* M and SD are used to represent mean and standard deviation, respectively. Values in square 

brackets indicate the 95% confidence interval for each correlation. * indicates p < .05. ** indicates p < 

.01. The number on the header of the third to the 10th column refers to their corresponding variable 

listed in the first column (e.g., 5 refers to 5. Concern). 

Segmenting the experience did not influence the outcomes (RQ1). No differences 

between the segmented and non-segmented conditions were found for the subjective 

measures investigated (learning (F (1, 276) = .28, p = .599, η2 p < .01, 90% CI [.00,.00]); self-

efficacy (F (1, 292) = .04, p = .845, η2 p < .01, 90% CI [.00,.01]); presence (F (1, 292) = .04, p = 

.837, η2 p < .01, 90% CI [.00,.01]); concern (F (1, 287) = .01, p = .941, η2 p < .01, 90% CI [.00,.02]); 

risk perception (F (1, 292) = .01, p = .935, η2 p < .01, 90% CI [.00,.00]); trust (F (1, 290) = .25, p 

= .614, η2 p < .01, 90% CI [.00,.02]); beliefs (F (1, 292) = 1.69, p = .194, η2 p < .01, 90% CI [.00,.03]) 

and behavior (χ2(1) = 0.691, p = 0.406 , std. coef = 0.30, 95% CI [-0.42, 1.02])). 



Sustainability 2023, 15,  12 of 23 
 

Male voice-over elicited higher feelings of presence but did not influence factors 

motivating climate change behavior (RQ2 and RQ3). Participants in the male voice-over 

conditions reported feeling more present than participants in the female voice-over 

conditions (F (1, 292) = 4.61, p = .033, η2 p = .02, 90% CI [.00,.05]). No difference between the 

narration conditions were found for the factors motivating climate change behavior (risk 

perception (F (1, 292) = .53, p = .466, η2 p < .01, 90% CI [.00,.02]); trust (F (1, 289) = .68, p = 

.409, η2 p < .01, 90% CI [.00,.02]); beliefs(F (1, 292) = 1.11, p = .294, η2 p < .01, 90% CI [.00,.02]); 

behavior(χ2(1) = 0.924, p = 0.336 , std. coef = -0.36, 95% CI [-1.08, 0.37])). 

The framing of the experience did not influence self-efficacy (RQ4) but focusing 

the message on OA yielded higher learning than linking it to climate change. There was 

no significant difference between the framing conditions on self-efficacy (F (1, 292) = .01, 

p = .938, η2 p < .01, 90% CI [.00,.00]). Participants in the OA framing conditions scored 

significantly higher for learning than participants in the climate change framing 

conditions (F (1, 278) = 7.37, p = .007, η2 p = .03, 90% CI [.00,.06]). The scores means per 

question assessing learning, per framing condition, are shown in Figure 4. 

  

Figure 4. Learning scores per framing condition. Questions’ wording is shown in Table 1. 

 

Learning was positively associated with participants’ risk perception, concern, self-

efficacy, causes, and beliefs about OA (RQ5). Results of the linear mixed effect models 

including learning as a predictor showed significant effects of learning on risk perception 

(F(1, 292) = 8.49, p < .01, η2 p = .03, 90% CI [.01,.07]); concern about the ocean (F(1, 255) = 

16.49, p < .001, η2 p = .06, 90% CI [.06,.11]), self-efficacy towards science (F(1, 292) = 6.68, p = 

.010, η2 p = .02, 90% CI [.00,.06]), causes of OA (estimate = 2.37, p = 0.006, std. coef = 0.53, 

95% CI [0.15, 0.91]), and beliefs about OA (F(1, 292) = 27.15, p < .001, η2 p = .09, 90% CI 

[.04,.14]). No direct effects of learning were found on climate change behavior (χ2(1) = 

0.587, p = 0.444 , std. coef = 0.15, 95% CI [-0.23, 0.54]), presence (F(1, 244) = 2.05, p = .154, η2 

p < .01, 90% CI [.00,.04]), and trust (F(1, 259) = 3.28, p = .071, η2 p = .01, 90% CI [.00,.04]). 

Learning about OA indirectly influenced climate change behavior via risk 

perception (RQ6). To test van Valkengoed and Steg’s (2019) suggestion that learning 

would indirectly influence behavior via risk perception, we ran a causal mediation 

analysis including behavior as an outcome, learning as a predictor, risk perception as a 

mediator, and political view, English proficiency, and education as covariates. Results 

showed that risk perception fully mediated the relationship between learning and 

behavior (ACME = .10, p = .002, 95%CI [.03, .19]; ADE = .12, p = .378, 95%CI [-.13, .36], Total 

Effect = .219, p = .104, 95% CI [-.04, .45]). 

Trust in the information received in the VR experience indirectly influenced 

behavior via risk perception. To test van Valkengoed and Steg’s (2019) that risk 

perception would mediate the relationship between trust and behavior, we ran a causal 

mediation analysis, including behavior as an outcome, trust in the information as a 
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predictor, and risk perception as a mediator. Political views, English proficiency, and 

education were included as covariates. Results showed that risk perception fully mediated 

the relationship between trust and behavior (ACME = .03, p = .016, 95%CI [.01, .06]; ADE = 

.06, p = .056, 95%CI [-.01, .13], Total Effect = .096, p = .004, 95% CI [.03, .16]).  

When experiencing VR seated, head yaw positively affected learning, while 

hands’ pitch and yaw hindered learning.  The regressions predicting learning from the 

head and hand movements in seated conditions showed positive effects on learning of 

head yaw (F(1,88) = 5.10, p = 0.026,  η2 p = 0.05,  90% CI [0.00, 0.15]), and negative effects 

of hand’s pitch and yaw (pitch:  F(1,88) = 5.06, p = 0.027,  η2 p = 0.05,  90% CI [0.00, 0.15]; 

yaw: F(1,88) = 4.40, p = 0.039,  η2 p = 0.05,  90% CI [0.00, 0.14]). No effects were found in 

the standing conditions (head yaw: F(1,202) = 1.19, p = 0.276  η2 p < 0.01,  90% CI [0.00, 

0.04]; hand pitch: F(1,197 = 0.03, p = 0.855,  η2 p < 0.01,  90% CI [0.00, 0.00] ; hand yaw: 

F(1,197 = 0.01, p = 0.908,  η2 p < 0.01,  90% CI [0.00, 0.01]).  

Head translation increased self-efficacy but hindered learning. Pearson’s 

correlation between head-translation and self-efficacy was positive (r = 0.20, t(302) = 3.54, 

p < .001), while it was negative between head-translation and learning (r = -0.24,  t(303) = 

-4.36, p < .001). Two causal mediation analyses were run, the first including self-efficacy 

as an outcome, movement conditions as a predictor, and head translation as a mediator. 

The second one included the same predictor and mediators but had learning as an 

outcome. In both models, head translation showed a significant and full mediation effect: 

in the model predicting self-efficacy, it was positive (ACME = .232, p = .036; ADE = .128, p 

= .440; Total effect = .361, p < .001) and in the model predicting learning it was negative 

(ACME = -.087, p < .001; ADE = .011, p = .800; Total effect = -0.076, p <  .001). Scatter plots 

showing the relationship between head translation and self-efficacy and head translation 

and learning are shown in Figure 5. 

 

Figure 5. Visual representations of the relationships between head translation and learning and 

head translation and self-efficacy. The blue line shows a linear regression between the variables. 

4. Discussion 

This study investigated how VR design can influence learning and factors motivating 

climate change behavior. We pre-registered and tested hypotheses and research questions 

formulated based on the cognitive load theory of educational multimedia design, 

embodied cognition, human-computer interaction, climate change behavior, message 

framing and motivated reasoning when communicating climate change. Because using 

VR to investigate human behavior related to climate change is a relatively young area of 

research, we also ran several exploratory analyses to investigate the relationship between 

the factors motivating climate change behavior after a VR experience about OA, and the 

effects of body movement on those factors. Our main finding is that walking around 

during a VR experience caused a paradox, eliciting higher feelings of self-efficacy while 
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hindering learning. Moreover, linking the experience narrative to climate change 

impaired learning compared to language that did not make the direct link. Exploring the 

relationship between knowledge and behavior, we found that learning alone was not 

enough to impact behavior, but this impact was mediated through risk perception. 

Likewise, trust in the information indirectly influenced behavior via risk perception, i.e., 

the more the participants trusted the message, the more they were willing to engage in 

climate-change behavior. 

Because one of the unique features of VR is allowing users to walk around and 

interact with digital content, and movement and gesturing [48–50] have significant effects 

on learning, VR can benefit from embodied cognition compared to other media 

[21,28,47,54]. However, our study showed that experiencing VR seated was better for 

learning than walking around and that hand movement impaired learning when having 

a seated experience. Although the experience was designed to encourage meaningful 

movement, participants could have engaged in non-meaningful movements, such as 

walking around when not prompted to, impeding learning. This finding indicates that 

interactive simulations in VR may encourage interactions that are not meaningful, even if 

not intended to, leading to increased extraneous cognitive load and less learning [38,39]. 

The inconsistent findings between VR and computer monitors for conceptual learning 

found in the literature [45,94,95] may be driven by the influence of movements unrelated 

to the learning task in VR. Hence, future studies could experimentally test this hypothesis 

or meta-analyze previous studies, targeting the relationship between the body 

movements elicited by the experiences, the learning task, and learning outcomes. 

Our data also showed that body movement in VR created a paradox: more walking 

during the experience led to less learning and higher self-efficacy. Previous studies have 

shown, through subjective measures, that sense of agency mediated the difference in self-

efficacy in media comparison studies [22]. This study is the first to use actual movement 

data to investigate the relationship between movement in VR and self-efficacy. Our data 

confirmed previous speculations that movement in VR could be the mechanism for 

increasing self-efficacy [22,96]. As the human brain is constantly making predictions about 

the environment, a possible explanation is that as more the participants explored the VR 

environment, the more predictions they made, and more often the predictions were 

confirmed, which contributed to increasing the sense of agency and self-efficacy [55–

57,97].  Moreover, our study indicates that movements in VR have a greater impact on 

learning and self-efficacy than adding pauses to the experience. We replicated Ahn and 

colleagues’ findings [44], showing that adding pauses to reduce the possible cognitive 

load from the narrative did not influence presence or learning. We expanded this 

investigation by finding that content segmentation in VR had no effects on the factors 

motivating climate change behavior, suggesting that this could be a neutral strategy to 

reduce the amount of information at once in interventions heavy on content.    

We also found that linking the VR narrative to “climate change”, a phrase that has 

become politicized [80] negatively affected learning compared to a neutral framing. 

Connecting it to a politicized term could lead people to associate the experience to a 

political experience and reduce trust, which could have reduced learning. Or, perhaps, 

the connection of the concept of climate change to feelings of overwhelm and anxiety [98] 

could elicit defensive psychological processes that could impair learning [76,98,99]. 

Moreover, our learning questions focused on OA, not climate change. That could have 

facilitated recall for participants in the OA conditions. In light of Lakoff and Johnson’s 

work [100] on metaphorical concepts and the human conceptual system, Dickinson and 

colleagues [76] suggest that when communicating about climate change, the message 

should form cognitive bridges to familiar concepts and prior experiences. In this sense, 

the OA framing could also have helped participants create bridges between the 

knowledge needed to understand the OA process. In contrast, the climate change framing 

may have facilitated connections to the broad concept of climate change instead of OA. 



Sustainability 2023, 15,  15 of 23 
 

Our study also contributes to the research on political views and climate change 

[80,101,102], bringing empirical evidence of the relationship between political views and 

factors motivating behavior. Although our data show that political views did not directly 

influence behavior or knowledge, they influenced three factors motivating behavior 

indicated by van Valkengoed and Steg [14] as the most impactful ones: trust, risk 

perceptions, and beliefs. Participants with a liberal view reported higher trust, risk 

perception, and beliefs in climate change than more conservative participants, which is 

aligned with studies showing a positive correlation between liberal views and climate 

change acceptance [102–106]. Still, there was no significant difference between the degree 

to which conservatives and liberals engaged in climate-change behavior, which is counter 

to other studies indicating that Democrats (liberal) are significantly more likely to have 

pro-climate attitudes and behaviors [105]. Although we do not have data to test this, one 

possibility is that the VR experience could have positively influenced conservatives 

concerning climate change behavior, which would result in the observed similarities 

between the two groups in terms of behavior after the experience. Although this study 

did not investigate how political views moderate the effect of VR on climate change 

behaviors, a future study can explore this.  

Finally, our data indicate empirical evidence to van Valkengoed and Steng’s 

theoretical hypotheses that risk perception would mediate the relationship between 

knowledge and behavior and between trust and behavior [14]. Because VR can simulate 

future scenarios and trigger emotions, it can bring the often invisible but significant long-

term climate change effects psychologically close, contributing to a better understanding 

of the risks of not acting on climate change. This way, VR could support climate change 

behavior by enhancing risk perception, and future studies should investigate this 

potential. 

Limitations 

Although this study was carefully crafted in consultation with experts in VR, 

psychology, climate change communication, marine biology, social sciences, and 

statistics, there are some limitations. First, this is a field study with multiple locations. 

Some locations were museums and aquariums with external noise and passersby around 

the VR experience. To reduce the influence of locations’ variation on the results, we 

controlled our models for the random effects of location. Also, we used single-item 

measures to assess subjective measures other than learning. This decision was made after 

piloting the questionnaire on paper and the VR experience with the embedded 

questionnaire. During the pilots, participants often complained about the length of the 

questionnaire and the effort taken to answer them. To avoid having participants in VR for 

extended periods (that could cause discomfort) and increase the chance of participants 

answering all the questions, we followed [107] and Allen and colleagues [108] research on 

single-item assessment. The authors argue that single-item measures save respondents' 

time and can be as valid as multiple items, hence should be used when time is a constraint, 

for example when participants are volunteering in a museum. 

5. Conclusions and Future Directions 

The increase in climate change-related events and losses urges for effective and 

scalable interventions. Virtual reality has shown promising results in communicating 

climate change and enhancing pro-environmental behaviors. This study investigated how 

VR design can influence learning and factors motivating climate change behavior related 

to ocean acidification. We found that body movement and message framing affected 

learning and that risk perception mediated the relationship between learning and 

behavior. Our data showed that moving around during the VR experience increased 

participants’ feelings of self-efficacy but hindered learning, compared to having a seated 

experience. Also, not connecting ocean acidification directly to climate change enhanced 
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learning compared to a framing that explicitly made that connection. Finally, we found 

that learning and trust indirectly influenced climate change behavior via risk perception.  

Given the complexity of learning about ocean acidification and climate change, more 

studies are needed to uncover the relationship between interaction in VR, learning, and 

climate change behavior. Future studies should explore multiple exposures and long-term 

effects of VR experiences on climate change learning and behaviors. They should also 

explore if having several VR experiences would influence unintended movement in VR, 

and how that would influence learning. Moreover, it is important to investigate how 

including segmentations that present an overview of what is being learned during the 

experience (as opposed to our silent segmentations) would influence learning. Finally, 

future studies should compare the effects of answering questions in VR with answering 

them on paper or on a computer on learning and subjective measures. With the fast 

advances in VR design and interactions, and the possibility to customize the experiences, 

future studies should also investigate how building personalized climate-related 

experiences can influence engagement and climate change behaviors.  
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Appendix A 

Table A1. Pre-registered hypotheses, data analyses results, and conclusions. 

Hypotheses Sub hypotheses 

Test statistic; significance 

level (uncorrected); effect 

size, and confidence 

intervals 

Result Conclusion 

H1: Participants in segmented 

conditions will score higher for 

learning than participants in non-

segmented conditions. 

  

F(1, 276) = 0.276 

p = 0.599 

η2 p < 0.001 

[0.00, 0.02] 

Not 

supported 

There was no significant 

difference in learning between 

having pauses or not during 

the experience. 

H2: Participants in non-segmented 

conditions will score higher for 

presence than participants in 

segmented conditions. 

  

F(1, 292) = 0.042 

p = 0.837 

η2 p  < 0.001 

[0.00, 0.01] 

Not 

supported 

Adding pauses to the 

experience did not 

significantly influence 

https://img.mdpi.org/data/contributor-role-instruction.pdf
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participants' feelings of 

presence. 

H3: Participants in standing 

conditions will score higher for 

learning, behavior, concern, risk 

perception, causes, beliefs about 

increased carbon dioxide emissions, 

presence, self-efficacy and trust than 

participants in seated conditions. 

a) learning 

F(1, 289) = 0.210 

p = 0.647 

η2 p < 0.001 

[0.00, 0.01] 

Not 

supported 

Having a standing VR 

experience elicited higher 

feelings of presence and self-

efficacy than having a seated 

VR experience. 

b) behavior 

χ2(1) = 0.857 

p = 0.354 

Std. coef = -0.46 

[-1.44, 0.51] 

Not 

supported 

c) concern 

F(1, 223) = 0.065 

p = 0.798 

η2 p < 0.001 

[0.00, 0.01] 

Not 

supported 

d)risk perception 

F(1, 292) = 0.485 

p = 0.487 

η2 p < 0.01 

[0.00, 0.02] 

Not 

supported 

e) causes 

Estimate = 0.455 

p = 0.347 

Std. coef = 0.46 

[-0.50, 1.41] 

Not 

supported 

f)beliefs about increased 

carbon dioxide emissions 

F(1, 292) = 0.003 

p = 0.986 

η2 p  < 0.001 

[0.00, 0.00] 

Not 

supported 

g) presence 

F(1, 292) = 4.541 

p = 0.034 

η2 p  = 0.02 

[0.00, 0.05] 

Supported 

h) self-efficacy 

F(1, 292) = 12.540 

p < 0.001 

η2 p  = 0.04 

[0.01, 0.08] 

Supported 

i) trust 

F(1, 143) = 1.632 

p <= 0.203 

η2 p  = 0.01 

[0.00, 0.06] 

Not 

supported 

H4: Participants in female-voiced 

conditions will score higher for 

learning than participants in male-

voiced conditions. 

  

F(1, 275) = 0.004 

p = 0.952 

η2 p < 0.001 

[0.00, 0.00] 

Not 

supported 

The sex of the voice-over did 

not influence learning. 

H5: Results for self-efficacy 

comparing female-voiced and male-

voiced conditions will be gender 

dependent, with females scoring 

higher than males in female-voiced 

conditions and vice versa. 

a) women will score higher 

than men for self-efficacy 

in female-voiced narration 

conditions 

F(1, 147) = 10.45 

p = 0.001 

η2 p = 0.07 

[0.02, 0.14] 

Not 

supported  

Men scored higher for self-

efficacy toward science than 

women, regardless of the sex 

of the voice-over. 

 

b) men will score higher 

than women for self-

efficacy in male-voiced 

narration conditions 

F(1, 143) = 9.261 

p = 0.002 

η2 p = 0.06 

[0.01, 0.13] 

Supported  

H6: Participants in male-voiced 

conditions will score higher for trust 

than participants in the female-

voiced conditions. 

  

F(1, 289) = 0.526 

p = 0.469 

η2 p < 0.001 

[0.00, 0.02] 

Not 

supported 

The gender of the voice-over 

had no significant effect on 

how much participants 

trusted the information 

received. 

H7: Participants in Climate Change 

framing conditions who score higher 

in the political spectrum (i.e., 

left/liberal) will score higher for 

learning, behavior, concern, risk 

perception, causes, beliefs about 

a) behavior 

χ2(1) = 0.270 

p = 0.869 

Std. coef = 0.04 

[-0.41, 0.50] 

Not 

supported 

 Participants with a tendency 

for a left/liberal political view 

scored higher for their risk 

perception, concern, and 

beliefs about OA and how 

much they trusted the 
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increased carbon dioxide emissions, 

and trust than participants that score 

lower in the political spectrum (i.e., 

right/conservative). 

information received than 

participants with a 

right/conservative political 

view.   

 b) concern 

F(1, 149) = 5.044 

p = 0.026 

η2 p = 0.03 

[0.00, 0.09] 

Supported  

 c)risk perception 

F(1, 150) = 22.533 

p  < 0.001 

η2 p = 0.13 

[0.06, 0.22] 

Supported  

 d) causes  

Estimate = 0.576 

p = 0.007 

Std. coef = 0.76 

[0.21, 1.32] 

Supported  

 e) beliefs 

F(1, 150) = 4.756 

p = 0.031 

η2 p = 0.03 

[0.00, 0.09] 

Supported  

 f) learning 

F(1, 146) = 0.103 

p = 0.749 

η2 p < 0.001 

[0.00, 0.02] 

Not 

supported 
 

 g) trust 

F(1, 148) = 5.453 

p = 0.021 

η2 p = 0.04 

[0.00, 0.10] 

Supported  

* We ran linear mixed-effects models to predict learning, concern, risk perception, beliefs 

about increased carbon dioxide emissions, presence, self-efficacy and trust. For those 

models, partial eta squared (η2 p) with a 90% confidence interval (CI) was computed using 

Sums-of-Squares. For generalized mixed-effects models (models predicting climate 

change behavior) and ordinal logistic regressions (models predicting causes attributed to 

OA), standard coefficients were reported along with 95% CI.   
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