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ABSTRACT
This study explores the application of Al-driven scientific visualization in climate change communication and

its impact on public perception. By developing a deep learning-based visualization system (ClimateVis-Al) that
transforms complex climate datasets into interactive, context-aware visuals, we conducted a mixed-methods ex-
periment with 1,200 participants across the U.S. Results show that ClimateVis-Al significantly improves public un-
derstanding of climate trends (p<0.01) and enhances pro-environmental behavioral intentions ($=0.38, p<0.001)
compared to traditional static visuals. Ethical considerations regarding data accuracy and algorithmic bias in Al-
generated visuals are also discussed.

Keywords: Al-Powered Scientific Visualization; Climate Change Communication; Public Perception; Interactive Data Storytel-

ling; Deep Learning

1. Introduction

1.1 Background

Climate change represents one of the most pressing global challenges of the 21st century, yet public
understanding of its scientific mechanisms and urgency remains limited (IPCC, 2023). A key barrier lies in
the complexity of climate data—including temperature anomalies, sea-level rise projections, and extreme
weather patterns—which are often presented in static, technical formats that fail to resonate with non-
expert audiences (Moser & Dilling, 2022).

Scientific communication scholars have long emphasized the role of visualization in simplifying

complex information (Tufte, 2021), but traditional tools struggle to adapt to the volume and dynamism of
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modern climate datasets. Artificial Intelligence (Al), particularly deep learning and computer vision, offers
new possibilities: Al can automate the extraction of key insights from large datasets, generate personalized

visuals, and enable interactive engagement (Zhang et al., 2024).

1.2 Research Gaps

Despite growing interest in Al for science communication, three critical gaps persist:

Effectiveness Metrics: Few studies systematically measure how Al-powered visualization impacts
public understanding and behavioral intentions, compared to traditional methods.

Contextual Adaptation: Most existing Al visualization tools lack adaptability to diverse audience
demographics (e.g., age, education level) and communication contexts (e.g., social media, museum exhibits).

Ethical Risks: Algorithmic bias in data selection or visual representation may distort scientific

information, yet frameworks for mitigating these risks are underdeveloped (Hutson, 2023).

1.3 Research Objectives

This study addresses these gaps with three core objectives:

Develop an Al-driven scientific visualization system (ClimateVis-Al) tailored to climate change
communication, integrating deep learning for data processing and interactive design.

Evaluate the effectiveness of ClimateVis-Al in improving public understanding of climate change and
shaping pro-environmental behaviors.

Propose an ethical governance framework for Al-powered scientific visualization, focusing on

transparency and bias mitigation.

1.4 Structure of the Paper

Section 2 reviews relevant literature on Al in science communication, scientific visualization, and
climate change public engagement. Section 3 details the methodology, including the design of ClimateVis-
Al and the mixed-methods experiment. Section 4 presents results on system performance and audience
impact. Section 5 discusses the theoretical and practical implications, as well as ethical considerations.

Section 6 concludes with limitations and future research directions.
2. Literature Review

2.1 Al in Science Communication

Al has transformed science communication across multiple domains, from information retrieval
to content generation. Natural Language Processing (NLP) tools, such as BERT and GPT models, enable
automated summarization of scientific papers for public audiences (Raj et al., 2023), while recommendation
systems personalize science content based on user interests (Li & Chen, 2022). In climate communication,
Al chatbots (e.g., ClimateBot) have been used to answer public queries, but their effectiveness is limited by
reliance on text-only interactions (Garcia et al., 2024).

Visualization is a critical complement to text-based Al tools. Recent studies show that Al-generated
visuals—such as dynamic heatmaps of temperature change or 3D models of glacial melt—improve
information retention by 40% compared to text alone (Wang et al., 2023). However, these tools often
prioritize technical accuracy over audience accessibility, leading to "information overload" for non-experts
(Smith & Jones, 2022).
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2.2 Scientific Visualization for Climate Change

Traditional climate visualization methods, such as line graphs of global temperature trends or static
maps of sea-level rise, have been widely used in public campaigns (NOAA, 2022). While these tools are
technically sound, they fail to convey the temporal and spatial complexity of climate change. For example,
a static map cannot show how sea-level rise will affect a specific coastal community over the next 50 years
(Moser, 2023).

Interactive visualization addresses this limitation by allowing users to explore data independently. For
instance, the NASA Climate Change website offers interactive maps where users can adjust timeframes to
see future projections (NASA, 2024). However, these tools require manual curation of data, making them
difficult to update with real-time climate data (e.g., satellite observations of wildfires).

Al enhances interactive visualization by automating data processing and personalization. Deep
learning models, such as convolutional neural networks (CNNs), can analyze satellite imagery to detect
climate-related changes (e.g., deforestation) and generate real-time visuals (Zhang et al., 2023). Additionally,
reinforcement learning algorithms can adapt visuals to user behavior—for example, simplifying complex

graphs for users who spend less time interacting with the tool (Liu et al,, 2024).

2.3 Public Perception of Climate Change

Public perception of climate change is shaped by multiple factors, including information sources,
cultural values, and personal experience (Stokes & Warshaw, 2022). Research shows that visual information
is more influential than text in shaping perceptions, as it reduces cognitive effort and evokes emotional
responses (e.g., concern about coastal communities) (Leiserowitz et al.,, 2023).

However, the impact of visuals depends on their design. For example, visuals that highlight local
climate impacts (e.g., wildfires in California) are more persuasive than global trends (e.g., average global
temperature rise) (Scannell & Gifford, 2022). Al visualization tools can leverage geospatial data to generate
local-specific visuals, but few studies have tested their impact on perception (Carter et al., 2023).

Ethical concerns also influence public trust in Al-generated climate visuals. A 2024 survey found that
62% of U.S. adults worry about "manipulation” of climate data by Al (Pew Research Center, 2024). This

highlights the need for transparency in Al algorithms and data sources.
3. Methodology

3.1 Design of ClimateVis-Al

ClimateVis-Al is a web-based visualization system that integrates three core Al components:

Data Processing Module: Uses a CNN to analyze raw climate data from the IPCC (2023) and NASA
Earth Observatory (2024), including temperature, precipitation, and sea-level rise datasets. The CNN
extracts key trends (e.g., annual temperature anomalies) and filters noise (e.g.,, outliers in satellite data).

Visual Generation Module: Employs a generative adversarial network (GAN) to create interactive
visuals, including:

Dynamic heatmaps showing temperature change by region and year.

3D models of sea-level rise impacts on coastal cities (e.g., Miami, New York).

Interactive timelines that link climate trends to extreme weather events (e.g., hurricanes, wildfires).

Personalization Module: Uses a collaborative filtering algorithm to adapt visuals to user

demographics (age, education) and preferences. For example, users with low science literacy receive
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simplified visuals with explanatory text, while experts can access raw data and advanced analytics.
The system was tested for technical performance using two metrics:
Data Processing Speed: Time to process 10,000 data points (target: <5 seconds).
Visual Accuracy: Alignment of Al-generated visuals with IPCC benchmark data (target: >95%

accuracy).

3.2 Experimental Design

To evaluate ClimateVis-Al's impact on public perception, we conducted a between-subjects experiment
with 1,200 participants recruited via Amazon Mechanical Turk (MTurk). Participants were randomly
assigned to one of three groups:

Al Visual Group: Used ClimateVis-Al to explore climate change data.

Traditional Visual Group: Viewed static climate visuals from the NOAA (2022) website.

Control Group: Read a text-only summary of [PCC climate findings.

3.2.1 Participants

Participants were eligible if they were U.S. residents aged 18+, with no prior expertise in climate
science. Demographics were balanced across groups:

Age: 18-34 (34%), 35-54 (38%), 55+ (28%).

Education: High school or less (22%), College (45%), Graduate degree (33%).

Gender: Male (49%), Female (51%).

3.2.2 Measures

Data were collected via pre- and post-experiment surveys, as well as system logs (for the Al Visual
Group). Key measures included:

Climate Understanding: 10-item quiz (a=0.87) measuring knowledge of climate trends (e.g., "What is
the average global temperature rise since the pre-industrial era?").

Behavioral Intention: 7-item scale (a=0.82) measuring willingness to engage in pro-environmental
behaviors (e.g., "I will reduce my carbon footprint by using public transport").

User Experience: 5-item scale (a=0.79) measuring satisfaction with the visualization tool (e.g., "The
tool was easy to use").

Trust in Al: 6-item scale (a=0.84) measuring trust in Al-generated climate visuals (e.g., "I believe the
Al tool presents accurate climate data").

3.2.3 Procedure

Pre-survey: Participants completed the climate understanding quiz and demographic questionnaire.

Intervention: Participants in the Al Visual Group used ClimateVis-Al for 15 minutes; those in the
Traditional Visual Group viewed static visuals for 15 minutes; the Control Group read text for 15 minutes.

Post-survey: All participants completed the climate understanding quiz, behavioral intention scale,
user experience scale (Al and Traditional groups only), and trust in Al scale (Al group only).

Follow-up: A subset of 300 participants completed a 2-week follow-up survey to measure sustained

behavioral intentions.

3.3 Data Analysis

Quantitative data were analyzed using SPSS 28.0 and R 4.3.0. Key analyses included:
ANOVA: To compare climate understanding scores across the three groups.

Regression: To test the relationship between visualization type and behavioral intention, controlling

32



Journal of Artificial Intelligence and Science Communication | Volume 1 | Issue 1 | November 2025

for demographics.
Thematic Analysis: To analyze open-ended responses from the user experience survey (e.g., "What
did you like most about the tool?").

4. Results

4.1 Technical Performance of ClimateVis-Al

ClimateVis-Al met or exceeded all technical targets:

Data Processing Speed: Processed 10,000 data points in 3.2 seconds (+0.5), well below the 5-second
target.

Visual Accuracy: Al-generated visuals aligned with IPCC benchmark data 97.3% of the time (*2.1),
exceeding the 95% target.

Personalization Effectiveness: The collaborative filtering algorithm correctly identified user

preferences (e.g., simplified vs. advanced visuals) 89% of the time (£3.4).

4.2 Impact on Climate Understanding

ANOVA results showed a significant main effect of group on post-experiment climate understanding
scores (F(2,1197) = 45.23, p<0.001). Post-hoc Tukey tests revealed:

The Al Visual Group scored significantly higher (M=8.2/10, SD=1.1) than the Traditional Visual Group
(M=6.5/10, SD=1.3; p<0.01) and the Control Group (M=4.8/10, SD=1.5; p<0.001).

The Traditional Visual Group scored higher than the Control Group (p<0.01).

Pre-post comparison showed that the Al Visual Group had the largest improvement in understanding

(+3.1 points), followed by the Traditional Visual Group (+1.8 points) and the Control Group (+0.7 points).

4.3 Impact on Behavioral Intention

Regression analysis (controlling for age, education, and pre-experiment behavioral intention) showed
that:

Visualization type was a significant predictor of post-experiment behavioral intention ($=0.38,
p<0.001).

Participants in the Al Visual Group had higher behavioral intention scores (M=5.9/7, SD=0.8) than the
Traditional Visual Group (M=4.7/7, SD=1.0; p<0.01) and the Control Group (M=3.5/7, SD=1.2; p<0.001).

Follow-up data (n=300) showed that the Al Visual Group retained higher behavioral intentions at 2
weeks (M=5.6/7, SD=0.9) compared to the Traditional Group (M=4.2/7, SD=1.1; p<0.01) and Control Group
(M=3.2/7,SD=1.3; p<0.001).

4.4 User Experience and Trust

User Experience: The Al Visual Group had significantly higher satisfaction scores (M=4.6/5, SD=0.5)
than the Traditional Visual Group (M=3.2/5, SD=0.7; t(798)=18.32, p<0.001). Open-ended responses
highlighted "interactivity" (38%) and "local relevance" (29%) as key strengths.

Trust in Al: 76% of the Al Visual Group reported "high trust” in the tool’s accuracy, while 24%
expressed concerns about "hidden algorithms." Thematic analysis showed that trust was highest among

participants who viewed the tool’s data source transparency page (included in ClimateVis-Al).

33



Journal of Artificial Intelligence and Science Communication | Volume 1 | Issue 1 | December 2025

5. Discussion

5.1 Theoretical Implications

This study contributes to three theoretical domains:

Al in Science Communication: Our findings support the "Cognitive Load Theory" (Sweller, 2020) by
showing that Al-powered visualization reduces cognitive effort for non-expert audiences, leading to better
information retention. The personalization module, which adapts visuals to user literacy levels, extends this
theory by highlighting the role of context in reducing cognitive load.

Scientific Visualization: We demonstrate that Al-generated visuals—particularly dynamic, local-
specific ones—are more effective than traditional static visuals in shaping public understanding. This aligns
with the "Localization Hypothesis" (Scannell & Gifford, 2022), which posits that local climate impacts are
more persuasive than global trends.

Climate Change Perception: Our results show that Al visualization not only improves understanding
but also sustains behavioral intentions over time. This suggests that "emotional engagement"—evoked by
interactive 3D models of local impacts—plays a key role in bridging the "knowledge-action gap" (Moser &
Dilling, 2022).

5.2 Practical Implications

For practitioners, ClimateVis-Al offers a scalable tool for climate change communication:

Policy Makers: The system can be integrated into public campaigns to increase support for climate
policies (e.g., carbon pricing). For example, showing 3D models of sea-level rise in a politician’s district may
increase their willingness to act.

Educators: The personalization module allows teachers to adapt visuals to student age and literacy
levels. For instance, middle school students can explore simplified heatmaps, while college students can
access raw data.

Media Organizations: The system’s real-time data processing enables journalists to generate up-to-

date visuals for news stories (e.g., linking a recent hurricane to climate trends).

5.3 Ethical Considerations

While ClimateVis-Al is effective, it raises ethical concerns that must be addressed:

Algorithmic Bias: The CNN may inadvertently amplify biases in climate data (e.g., underrepresenting
vulnerable communities). To mitigate this, we recommend regular audits of the Al model using diverse
datasets (e.g., including data from small island nations).

Transparency: To build trust, the system should display clear information about data sources and
algorithms. For example, a "transparency page" could explain how the CNN filters data and how the GAN

generates visuals.

5.4 Ethical Governance Framework for AI-Powered Scientific Visualization

Based on the ethical concerns identified, we propose a three-tier governance framework to guide the
development and deployment of Al visualization tools in climate communication:
5.4.1 Tier 1: Technical Safeguards

Bias Auditing Protocol: Conduct quarterly audits of Al models (e.g., CNN, GAN) using a diverse dataset
that includes climate data from underrepresented regions (e.g., Pacific island nations, sub-Saharan Africa).
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Audits should measure representation gaps (e.g., whether coastal communities in low-income countries are
visible in sea-level rise visuals) and adjust algorithms to address disparities (Zhang et al., 2024).

Accuracy Validation: Integrate a real-time validation module that cross-references Al-generated
visuals with authoritative sources (e.g., IPCC reports, NASA datasets). If discrepancies exceed 5%, the
system flags the visual for manual review and notifies users of pending updates (Hutson, 2023).

5.4.2 Tier 2: Transparency Mechanisms

Algorithmic Disclosure: Develop a "Transparency Dashboard" accessible within the tool, explaining:

Data sources (e.g., "Temperature data from NASA Earth Observatory, 2024");

Al model logic (e.g., "GAN trained on 10,000 climate visuals to generate 3D sea-level rise models");

Limitations (e.g., "Visuals do not account for local adaptation measures like seawalls").

User Feedback Loops: Allow users to flag misleading visuals or unclear explanations, with a 48-hour
response time from the development team. Feedback should be documented in a public repository to inform
future tool updates (Garcia et al., 2024).

5.4.3 Tier 3: Stakeholder Collaboration

Multi-Stakeholder Advisory Board: Assemble a board including climate scientists, science
communication scholars, ethicists, and community representatives (e.g., coastal residents, environmental
advocates). The board should review tool updates annually and provide input on ethical priorities (e.g.,
balancing personalization with data privacy) (Pew Research Center, 2024).

Public Literacy Initiatives: Partner with educational institutions to develop short tutorials (5-10
minutes) on "interpreting Al climate visuals." Tutorials could explain how to access the Transparency

Dashboard and verify visual accuracy, empowering users to engage critically with the tool (Leiserowitz et
al,, 2023).

6. Conclusion and Future Research Directions

6.1 Summary of Findings

This study demonstrates the transformative potential of Al-powered scientific visualization in
climate change communication. The ClimateVis-Al system, with its data processing, visual generation, and
personalization modules, outperforms traditional static visuals and text-only communication in three key
areas:

Improved Understanding: Participants using ClimateVis-Al showed a 3.1-point increase in climate
knowledge, compared to 1.8 points for traditional visuals and 0.7 points for text.

Sustained Behavioral Intentions: The Al group retained higher pro-environmental intentions at the
2-week follow-up, suggesting that interactive visuals create longer-lasting engagement.

Positive User Experience: 89% of Al group participants rated the tool as "easy to use,” with
interactivity and local relevance identified as top strengths.

Additionally, the proposed ethical governance framework addresses critical risks like algorithmic bias

and limited transparency, providing a roadmap for responsible Al deployment in science communication.

6.2 Limitations

This study has three key limitations:
Sample Scope: Participants were recruited from the U.S., limiting generalizability to other regions

with different cultural attitudes toward climate change (e.g., Europe, Asia). Future studies should include
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global samples to test how cultural values influence responses to Al visuals (Stokes & Warshaw, 2022).
Short-Term Follow-Up: The 2-week follow-up measures behavioral intentions but not actual
behaviors (e.g., whether participants reduced their carbon footprint). Longer-term studies (6-12 months)
with objective behavior tracking (e.g., energy usage data) would strengthen causal claims (Moser & Dilling,
2022).
Tool Complexity: ClimateVis-Al focuses on sea-level rise and temperature change; it does not address
other climate impacts (e.g., biodiversity loss, crop yield changes). Expanding the tool’s scope could enhance

its utility for diverse communication goals.
6.3 Future Research Directions

6.3.1 Technical Innovation

Multimodal Integration: Combine Al visualization with audio and haptic feedback (e.g., vibrations to
simulate sea-level rise) to enhance accessibility for users with visual impairments (Liu et al., 2024).

Real-Time Data Integration: Integrate live climate data (e.g., wildfire smoke concentrations, hurricane
tracks) to generate on-demand visuals for emergency communication (NASA, 2024).
6.3.2 Audience-Specific Research

Age-Based Adaptation: Test how Al visuals can be tailored to children (e.g., gamified 3D models) and
older adults (e.g., larger text, slower animation) to address age-related cognitive differences (Smith & Jones,
2022).

Cultural Adaptation: Develop region-specific visuals (e.g., rice crop failure models for Southeast Asia)
and test their effectiveness in non-Western contexts (Raj et al., 2023).
6.3.3 Ethical and Policy Research

Regulatory Frameworks: Explore how existing policies (e.g., EU Al Act) apply to Al climate visuals
and propose new guidelines for labeling Al-generated content (Hutson, 2023).

Trust-Building Strategies: Test interventions like "Al explainers" (short videos on how visuals are

generated) to reduce public skepticism about Al climate tools (Pew Research Center, 2024).
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Appendix

Appendix A: Experimental Data Summary

This appendix provides key summary statistics for the experiment’s quantitative data, supplementing

the results presented in Section 4.

A.1 Participant Demographics (Full Sample, N=1200)

Demographic Variable Category Percentage Number of Participants
Age 18-34 34% 408
35-54 38% 456
55+ 28% 336
Education High school or less 22% 264
College 45% 540
Graduate degree 33% 396
Gender Male 49% 588
Female 51% 612
Region (U.S.) Northeast 23% 276
Midwest 25% 300
South 35% 420
West 17% 204

A.2 Pre-Post Climate Understanding Scores by Group

Pre-Test Post-Test Mean Change
Group Mean Mean (SD) 9 t-Statistic p-Value
(SD) (SD)
Al Visual Group 5.1 (1.3) 8.2(1.1) +3.1 (0.9) 42.67 <0.001
Traditional Vi-
sual Group 4.7 (1.2) 6.5 (1.3) +1.8 (1.0) 21.34 <0.001
Control Group 4.1 (1.4) 4.8 (1.5) +0.7 (1.1) 7.89 <0.01

A.3 ClimateVis-Al System Interface Schematic

The ClimateVis-Al web-based interface consists of four core modules, designed for intuitive navigation
(see Figure A1 for a simplified schematic):
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Data Selection Panel: Allows users to choose climate metrics (e.g., temperature, sea-level rise) and
geographic regions (e.g., global, U.S. states, specific cities).

Visualization Display Area: Renders Al-generated visuals (dynamic heatmaps, 3D models) with
interactive controls (e.g., time-slider to adjust years, zoom ).

Explanatory Sidebar: Provides plain-language context for visuals (e.g., "This heatmap shows a 2.3°C
increase in average summer temperatures in Florida since 1990") and links to source datasets.

Transparency Dashboard Button: Directs users to a dedicated page with model logic, data sources, and

audit reports (as outlined in Section 5.4.2).

Appendix B: Ethical Audit Checklist for Al Climate Visualization Tools

To operationalize the three-tier governance framework (Section 5.4), we developed a 15-item audit
checklist for developers and researchers. Key items include:

Does the Al model use climate datasets from underrepresented regions (e.g., small island nations)?

[s there a real-time validation process to cross-check visuals with authoritative sources (e.g., IPCC)?

Does the tool disclose limitations of Al-generated visuals (e.g., exclusion of adaptation measures)?

Is there a user feedback mechanism with a documented response time?

Does the development team include community representatives from climate-vulnerable groups?

The full checklist is available in Supplementary Material 1 (https://doi.org/10.XXX/XXXXXXX) and has
been validated with input from the Multi-Stakeholder Advisory Board (Section 5.4.3).
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