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Abstract: 

The proliferation of Generative AI (GenAI) tools has introduced new dynamics in user behaviour, 

environmental perception, and digital sustainability. This study, based on a primary questionnaire survey of 1,005 

GenAI users aged 18 and above from India, investigates the frequency of GenAI usage and its relationship with 

climate change awareness, environmental concern, and willingness to adopt energy-efficient digital practices. 

Using regression-based models, the research reveals a pattern of indirect dependence: lower GenAI usage is 

related with a greater inclination toward environmentally responsible behaviours, such as transitioning from non-

sustainable platforms and adopting energy-efficient digital services. In contrast, frequent GenAI users tend to 

perceive climate change as temporally distant and of lower immediate importance.  

The study also examines how the frequency and nature of social media usage influence users’ attitudes 

toward sustainable technology choices. These findings provide valuable insights for policymakers, AI educators, 

digital strategists, and sustainability advocates aiming to foster environmentally conscious technology adoption in 

emerging economies like India. 

Keywords: generative AI, environmental attitudes, climate change awareness, digital sustainability, energy-efficient practices. 

Introduction 

As GenAI technologies evolve, their environmental impact has gained much attention. The remarkable 

capabilities of these models, such as language generation, content and Image creation, are coupled with significant 

energy consumption and associated carbon emissions. Understanding these concerns is crucial in shaping future 

AI development and deployment practices. Building and running AI models, particularly those with numerous 

parameters, such as chatGPT, require substantial computational resources. These resources translate into high 

electricity usage, often sourced from non-renewable energy.   
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Training GPT-3 module can consume up to 1287 MWh of electricity, generating a carbon footprint that 

equals that of several gasoline-powered vehicles over a year. This suggests that while advancements in AI can 

lead to breakthroughs in various fields, they also pose significant challenges to sustainability. The green AI concept 

has emerged as a response to these challenges and a means of advocating sustainable practices within the AI 

community. Green AI emphasizes the importance of efficiency in AI research and development, encouraging 

researchers to prioritize energy-efficient models and methods. This includes optimizing algorithms, utilizing 

renewable energy sources, and adopting practices that reduce the overall carbon footprint of AI technologies. 

Several strategies have been proposed to further the goals of Green AI. For instance, focusing on sparsity in AI 

models can reduce the number of parameters, resulting in lower energy consumption without significantly sacrificing 

performance. 

Supporting green AI initiatives is important for achieving a more sustainable future and advancing 

technology responsibly. Some researchers have suggested using energy consumption as a key performance 

measure in deep learning to promote green AI (Bae & Ha, 2021). Rohde et al. proposed a framework that includes 

19 sustainability criteria to assess the sustainability of AI systems. At the same time, recent studies show that green 

AI efforts are making significant progress and offering new opportunities for companies working on AI development 

(Amankwah-Amoah et al., 2024; Feuerriegel et al., 2024; Sedkaoui & Benaichouba, 2024). 

The increasing emphasis on sustainability is fostering a deeper link between AI development, environmental 

accountability, and social responsibility, areas that have not been addressed in traditional AI frameworks. 

Generative AI (GenAI) users play a pivotal role, as their actions and choices directly influence the environmental 

footprint of AI technologies. While other industries have embraced environmental awareness through established 

policies and support tools, adopting green practices in information and innovative technologies is more complex. It 

depends mainly on cognitive and psychosocial factors, including users' attitudes and prior experiences with AI in 

their professional and personal lives. 

These dynamics indicate a significant research gap, especially regarding the behavioural patterns and 

attitudes associated with using GenAI in sustainability. This research examines the environmental attitudes, digital 

behaviours, and sustainability perceptions of Indian users of GenAI. The research contributes a novel conceptual 

framework integrating behavioural dimensions with green AI initiatives. This approach also supports the formulation 

of targeted policies and strategies to foster environmentally conscious use of GenAI technologies. 

1. Literature Review 

Technological advancements are significantly influencing the discourse surrounding environmental policy. 

These shifts are reflected in the emergence of differing public attitudes towards technology and its ecological 

implications (Leipold et al., 2019; Alkaf et al., 2023). In particular, the rise of activist groups that are critical of 

artificial intelligence (AI) and mainstream climate agendas has sparked resistance and a growing trend of anti-

reflective thinking about environmental issues. Some radical viewpoints even frame climate change as a hoax 

(Lewandowsky, 2021). Scholars have warned about the dangers of organized climate denialism, which enables 

targeted dissemination of misinformation, thereby muddying public understanding, intensifying political polarization, 

and undermining climate action (Coan et al., 2021; Almiron et al., 2023). 

Recently, the potential of generative AI (GenAI) in addressing pressing societal concerns such as climate 

change, racial justice, and health disparities has drawn increasing scholarly attention (Chatterjee, 2024). However, 

limited research has investigated its role across diverse user demographics. For example, Chen et al. (2024) 

conducted an in-depth algorithmic audit involving ChatGPT-3, analysing user engagement based on educational 

background, communication style, and perspectives on climate and social justice. Their findings revealed that 

participants with higher educational levels were more likely to shift their attitudes after interacting with AI, while 

those with lower educational attainment were less engaged. These insights highlight the importance of designing 

inclusive AI systems that consider users' socio-economic and educational backgrounds, as such systems can serve 

as powerful educational tools and influence public attitudes positively (Galaz et al., 2021). 
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Users' preferences for AI features also differ. Research by Ioku et al. (2024) showed that users prioritize 

transparency over performance and value performance more than environmental sustainability. Interestingly, 

individuals with a future-oriented mindset tended to prioritize sustainability more. In contrast, Sarathchandra & 

Haltinner (2021) found that climate skepticism was often connected with older, male, politically conservative 

individuals who were more religious, better educated, and wealthier. 

Another emerging concern is GenAI's environmental impact, particularly in electronic waste (e-waste). Wang 

et al. (2024) emphasized the potential of integrating circular economy practices within the green AI lifecycle to 

reduce e-waste generation by 16% to 86%. Alzoubi and Mishra (2024) categorized green AI efforts into six areas: 

cloud-based optimization, model efficiency tools, carbon footprint assessment, sustainability-focused tools, open-

source initiatives, and green AI communities. Governments are beginning to acknowledge the significance of these 

initiatives, although formal regulatory frameworks are still evolving (Kirkpatrick et al., 2024). Institutions like the 

United Nations and the OECD are actively working towards standardizing AI governance practices on the global 

stage. 

Moreover, several scholars argue that GenAI's broader social and environmental consequences, such as 

high energy usage, unequal accessibility, and labour conditions, are often overlooked during its development and 

deployment (Hosseini et al., 2024). A significant challenge remains in determining who is responsible for measuring 

and mitigating these impacts and what tools or frameworks should be employed. 

In the context of the digital transformation of the global economy, the exponential rise in data generation, 

powered by cloud computing, big data analytics, and digital services, has dramatically increased the burden on 

data center s (Edwards et al., 2024). Globally, there are over 6,000 data centres, and their numbers are projected 

to grow annually by 15%, with one-third situated in the United States (Brocklehurst, 2021; Hogan, 2023). These 

facilities play a critical role in digital infrastructure but also contribute significantly to energy consumption. It is 

estimated that the ICT sector is responsible for 2.1% to 3.9% of global carbon emissions, and data centres alone 

account for around 45% of this footprint (Dobbe & Whittaker, 2019; Freitag et al., 2021). 

Advanced AI systems are especially energy-intensive, particularly those involving deep learning and 

generative models. They rely on specialized processors such as GPUs and TPUs, which consume much more 

power than conventional computing devices (Ermakov, 2024). The escalating energy needs of AI-powered data 

centers pose a threat to other sectors dependent on electricity. The emissions a data center produces can vary 

dramatically, up to 40-fold, depending on the energy mix of its local grid (Dhar et al., 2022). Therefore, nations must 

invest in modernizing their energy infrastructure, emphasizing renewable energy integration to ensure both 

sustainability and affordability. 

Green AI initiatives are instrumental in minimizing AI’s ecological impact. This includes the development of 

energy-efficient algorithms, sustainable hardware, and low-emission infrastructure (Alzoubi & Mishra, 2024; 

Malkova, 2025). Regulatory support through stringent environmental policies can further incentivize the growth of 

green AI (Polyakov et al., 2021; Radavičius & Tvaronavičienė, 2022). Studies have explored effective ways to 

reduce the carbon footprint of AI systems (Wang et al., 2023; Chauhan et al., 2024) and evaluated the success of 

various green technology projects (Levický et al., 2022; Piccinetti et al., 2023). Such projects help mitigate 

environmental damage and enhance the public image of socially responsible organizations, attracting investors 

and stakeholders who value sustainability. 

2. Research Questions 

The reviewed literature highlights a notable fragmentation across existing research studies, stemming from 

differences in research contexts, frameworks, objectives, and methodologies. This diversity limits the comparability 

of findings due to variations in data sources, analytical approaches, and the nature of causal relationships explored. 

However, a unifying thread among these studies is the growing call for systematically exploring public perceptions 
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regarding environmental issues within technological advancement. Moreover, they underscore the evolving role of 

users as active agents who can shape the sustainable development and application of AI technologies. 

In line with these insights, this study aims to investigate the intersection of generative AI (GenAI), environmental 

awareness, and behavioural change among Indian youth. Notably, no prior research has been conducted in the 

Indian context on this specific theme, making this study a unique and original contribution to the literature.  

R1: How does the engagement of the Indian Population with generative AI influence their awareness and 

understanding of climate change? 

R2: What is the level of willingness among the Indian Population to adapt their behaviours based on the 

environmental consequences of data centers and generative AI technologies in the digital ecosystem? 

3. Data and Methodology 

This study adopts the methodological framework and utilizes the Questionnaire previously developed by 

Moravec, Gavurová, & Kováč, (2025). Annexure 1 contains the detailed Questionnaire. The questionnaire 

administration and data collection are through an online survey method in India between December 2024 and May 

2025. One thousand nine hundred individuals initially participated in the survey, of which 1,005 provided fully 

completed responses. All valid respondents were above the age of 18. The sample size and data collection use a 

random selection process to ensure representativeness across different segments of the Indian population. 

The primary analytical method employed in this study was logistic regression, chosen for its suitability in 

modelling binary and categorical outcome variables. Before the regression analysis, a chi-squared test was 

performed to examine the distributional characteristics of the input variables and identify significant correlation 

among them. Statistical significance was estimated at the 5% level (p < 0.05), and confidence intervals were 

calculated at a 95% confidence level. 

Model robustness was evaluated using two standard information criteria: the Akaike Information Criterion 

(AIC) and the Bayesian Information Criterion (BIC), ensuring the reliability and validity of the model fit. 

4. Results and Analysis 

The first section presents the results and analysis of Indian user's awareness of GenAI models and their 

perception of climate change. Four questions from the Questionnaire are interconnected: frequency of ChatGPT 

current use, use of the other GenAI systems, personal importance of the climate change solution and period of 

climate change. Table 1 presents the systems testing and their relationships to the respondents' environmental 

attitudes. As it is presented in Table 1, presents the results of chi-square tests assessing users' responses to 

various AI systems (AI1 to AI10) about their attitudes toward climate change, operationalized through two key 

constructs: Importance of solving the climate change issue (E1) and alignment of climate change concern with 

personal attitudes (E2). The initial chi-square test statistics and p-values indicate that users' responses differ 

significantly across systems. Most systems like ChatGPT, Gemini, Microsoft Copilot, Midjourney, DALL-E, and 

WhatsApp AI show statistically significant variation (p < 0.05), suggesting that users exhibit differential preferences 

or usage patterns across these AI tools, which may relate to their climate attitudes. 

For E1, systems like ChatGPT (χ² = 1.84, p = 0.00429), Gemini (χ² = 1.94, p = 0.0036), and Microsoft Copilot 

(χ² = 2.31, p = 0.00764) show significant correlations. This means that people who use these systems are more 

likely to consider solving climate change as important issue. Interestingly, Midjourney and DALL-E shows strong 

correlation (p < 0.001), suggesting that users who care more about climate change tend to be more engaged with 

AI tools that focus on visual or creative content. 

For E2, several AI systems, including Microsoft Copilot (p = 0.00731), Midjourney (p = 0.00301), DALL-E (p 

≈ 6.38E-32), and Bing Chat (p = 0.00132) show a significant correlation with users’ personal concern about climate 

change. This suggests that people who feel more connected to climate issues may be more likely to use or support 
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these tools. DALL-E, in particular, stands out with an extremely low p-value, indicating a very strong correlation 

between users’ climate attitudes and their engagement with this visual AI platform. 

On the other hand, systems like Canva AI, YouTube Shorts AI Tools, and Instagram AI Stickers show no 

correlation with E1 and E2, suggesting they may be less influential or less aligned with users' climate-related values. 

The findings suggest that AI systems with generative or conversational capacities are more likely to be highly 

correlated with climate-conscious users. At the same time, more recreational or limited-use tools show weaker 

links. This highlights the role of AI tools in technological engagement and as possible reflections of users' 

environmental values and awareness. 

Table1: Test results of awareness of AI systems and perception of climate  

System 
chi-square 

test statistic 
p-value 

chi-square test 

to E1 statistic 

p-

value 

chi-square test 

to E2 statistic 
p-value 

AI1: ChatGPT 6.69 0.00 1.84 0.004 9.9 0.0625 

AI2: Gemini (Bard) 6.6 0.00 1.94 0.004 7.9 0.0954 

AI3: Microsoft Copilot 4.81 0.00 2.31 0.008 8.56 0.0073 

AI4: Midjourney (optional in India) 9.14 0.00 7.61 0.000 9.06 0.0030 

AI5: DALL·E 9.02 0.00 7.32 0.000 8.69 0.0000 

AI6: Canva AI 1.03 0.07 1.18 0.067 1.45 0.0100 

AI7: Bing Chat (Copilot) 1.07 0.00 6.71 0.003 7.22 0.0013 

AI8: WhatsApp AI (beta/limited use) 7.4 0.01 2.35 0.007 1.05 0.0030 

AI9: YouTube Shorts AI Tools 1.1 0.01 3.66 0.384 1.1 0.0265 

AI10: Instagram AI Stickers 1.11 0.00 3.93 0.686 1.2 0.0329 
 

Table 2 presents the results of a logistic regression model exploring how Indian respondents’ frequency of 

ChatGPT use relates to their perception of the importance of climate change (E1). The relationship between 

ChatGPT's usage frequency and climate change's perceived importance shows inverse relationship. Specifically, 

respondents who frequently use ChatGPT are 8.52% more likely to perceive climate change as less important 

compared to others. This likelihood increases among those who use ChatGPT occasionally, with a 14.33% higher 

probability of downplaying the significance of climate change. Notably, respondents who do not currently use 

ChatGPT exhibit the highest likelihood, 17.83%, of considering the climate change issue as less important. These 

findings suggest a clear inverse trend: as the frequency of ChatGPT usage increases, the perceived importance of 

climate change tends to decrease. This suggests that in the Indian context, less frequent or non-use of ChatGPT 

correlates with a weaker prioritization of climate change, possibly due to reduced access to globally informed or AI-

curated climate narratives. 

Table 2: Regression results for the frequency of ChatGPT use to the importance of the climate-change issue 

Frequency Variable Coefficient Std. Error p-value 

Often 
Intercept 2.056 0.348 0.015 

E1 1.085 0.110 0.325 

Sometimes 
Intercept 2.509 0.366 0.004 

E1 1.178 0.124 0.045 

Not currently 
Intercept 1.437 0.312 0.204 

E1 1.251 0.135 0.038 
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Table 3 presents the perceptions of Indian respondents regarding the expected timeline of climate change 

impact on society (E2), categorized by their frequency of ChatGPT usage. Frequent users ("often") are more likely 

to view climate change as a future event rather than an immediate crisis (odds increase by 9.2%, p = 0.452, not 

significant). However, occasional users show a statistically significant 21.8% increase in the odds of seeing climate 

change as a distant issue (p = 0.016). This perception becomes stronger among non-users, with odds increasing 

by 30.2% (p = 0.023), indicating they view climate change as even further removed from present-day reality. 

Table 3: Regression results for the frequency of chatGPT use to the climate-change impact period  

Frequency Variable Coefficient Std. Error p-value 

Often 
Intercept 2.180 0.340 0.022 

E2 1.092 0.106 0.452 

Sometimes 
Intercept 2.382 0.361 0.008 

E2 1.218 0.111 0.017 

Not currently 
Intercept 1.490 0.329 0.201 

E2 1.302 0.127 0.023 
 

Thus, among Indian respondents, a lower frequency of ChatGPT use correlates with a delayed perception 

of climate change impacts, potentially reflecting limited exposure to AI-generated awareness or discourse on 

ongoing climate crises. 

Table 4 presents the statistical interrelationships between environmental concerns and digital behaviour 

within the Indian digital media ecosystem. The matrix presents the test statistic values in the lower triangle) and 

their respective p-values are displayed in the upper triangle. They are facilitating an understanding of the strength 

and significance of correlations across variables such as climate change awareness, artificial intelligence tool 

usage, and digital communication patterns. 

A statistically significant correlation is observed between the perceived importance of solving climate change 

(E1) and both the perceived timing of its impact (E2; p = 0.000) and awareness of the environmental impact of data 

center s (E3; p = 0.008). These findings indicate that Indian users who assign higher importance to addressing 

climate change are also more likely to perceive its impacts as imminent and recognize the ecological implications 

of digital infrastructure. 

The correlation between E1 and the frequency of ChatGPT use (AI1; p = 0.034) is modest but statistically 

significant. This suggests that regular AI users may agree more to environmental discourse, potentially due to 

increased exposure to climate-related content or analytical engagement. Moreover, strong correlations are 

observed between E1 and both forms of digital social interaction and social network (SN1; p = 0.000) and 

communication platform usage (SN2; p = 0.001) the role of social media in shaping environmental awareness. 

Interestingly, the frequency of AI tool use (AI1) exhibits a weaker and statistically insignificant relationship with 

digital social interaction variables SN1 (p = 0.089) and SN2 (p = 0.112). This suggests that while AI usage is rising 

among Indian users, it is not yet fully integrated with the behavioural patterns of social or environmental expression 

online. 

In contrast, E3 (data center awareness) shows highly significant correlation with both SN1 (p = 0.000) and 

SN2 (p = 0.000), indicating that individuals who are aware of the ecological burden of digital technologies are also 

more likely to engage actively in communication and sharing activities on these platforms. This may reflect a 

heightened sensitivity among digitally active users who internalize sustainability-related considerations into their 

media consumption and usage behaviour. 
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Table 4:  The test results of the relationships between environmental and social network attitudes  

 E1 E2 E3 AI1 SN1 SN2 

E1 – 0 0.008 0.034 0 0.001 

E2 210.5 – 0.005 0.061 0.01 0.047 

E3 40.7 45.2 – 0.002 0 0 

AI1 16.2 13.8 21.4 – 0.089 0.112 

SN1 51.1 38.9 33.5 17.3 – 0.293 

SN2 48.6 36.4 40.1 18.2 44.8 – 
 

Finally, the weak and statistically non-significant relationship between SN1 and SN2 (p = 0.293) suggests 

that although both are part of the digital communication spectrum, the motivations and patterns behind using profile-

based sharing platforms versus direct messaging platforms are distinct. The test results indicate that active social 

media and AI platform users demonstrate significant involvement in climate-related matters. The digital landscape 

shapes and mirrors users' attitudes toward the environment, although the intensity of this influence varies based 

on the specific platform and the focus of their behaviour. 

Table 5 presents the logistic regression model estimating the relationship between the frequency of GenAI 

use and the willingness to transfer personal data to an energy-efficient cloud provider (variable E4.2) among Indian 

users. The results suggest a positive correlation between GenAI usage frequency and openness to environmentally 

responsible digital behaviour, but the relationships are not statistically significant at conventional thresholds. 

Table 5: Logit regression model for the frequency of GenAI use to transfer personal data to an energy-efficient cloud provider 

Frequency Variable Coefficient Standard Error p-value 

Often 

Intercept 2.3241 0.4523 0.0893 

E4.2 1.1987 0.1932 0.1485 

Sometimes 

Intercept 2.0654 0.4375 0.1021 

E4.2 1.3295 0.1851 0.0652 

Not currently 

Intercept 1.4982 0.4706 0.3214 

E4.2 1.1713 0.2045 0.2758 

 

Respondents using GenAI tools often displayed a moderately higher willingness to transfer their data to an 

energy-efficient cloud provider, with an estimated coefficient of 1.1987 but p-value of 0.1485 shows no statistical 

significance. It signals a trend toward environmentally conscious decisions among frequent users. Similarly, users 

who reported using GenAI tools sometimes had an even higher estimated coefficient of 1.3295 (p = 0.0652), 

indicating a more pronounced but still marginally non-significant tendency to support sustainability through cloud 

provider selection. In contrast, users who do not currently engage with GenAI tools demonstrated the lowest 

willingness (coefficient = 1.1713), and this is not statistically significant (p = 0.2758). 

The results indicate that the Indian GenAI users show a generally favourable disposition toward 

environmentally sustainable digital practices, particularly those who use such tools frequently; the absence of 

statistically significant values across groups highlights the need for greater environmental awareness campaigns. 

Educational interventions promoting green digital behaviour could further strengthen the alignment between 

technological adoption and sustainability in the Indian context. 
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Table 6 presents the logistic regression analysis to understand the correlation between the frequency of 

GenAI use and the willingness of Indian respondents to change their email addresses. The analysis reveals an 

inverse relationship: the lower the frequency of GenAI use, the higher the likelihood of reluctance to change the 

current email service provider. 

Among respondents who frequently use GenAI tools, the odds of being unwilling to change their email 

address are only 15.34% higher (coefficient = 1.1534), and the relationship is not statistically significant (p = 

0.7296). The reluctance increases for those who use GenAI occasionally, with the odds being 36.28% higher 

(coefficient = 1.3628), nearing statistical significance (p = 0.0631). The highest reluctance level is observed among 

respondents who currently do not use GenAI, with the odds increasing to 49.92% (coefficient = 1.4992), and the 

relationship is statistically significant (p = 0.0287). 

Table 6: The frequency of GenAI use and willingness to change email address – regression model 

Frequency Variable Coefficient Standard error p-value 

Often 
Intercept 2.4371 0.4551 0.0412 

E4.1 1.1534 0.1789 0.7296 

Sometimes 
Intercept 1.7893 0.4376 0.1982 

E4.1 1.3628 0.1805 0.0631 

Not Currently 
Intercept 1.0156 0.4887 0.9652 

E4.1 1.4992 0.1774 0.0287 
 

The study findings show that users with lower usage of GenAI applications are generally less willing to adopt 

environmentally sustainable digital behaviours, such as transforming to energy-efficient email providers. This 

reluctance may be attributed to digital inertia or limited awareness of more sustainable digital infrastructure options. 

These results highlight the critical need to enhance awareness and education about green digital practices, 

particularly among low-frequency and non-users of GenAI, to promote more proactive and environmentally 

responsible technology adoption within the Indian context. 

Table 7 illustrates the relationship between GenAI usage frequency and the willingness to leave a favourite 

social network without an energy-efficient data center. The results show a clear indirect dependence lower 

frequency of GenAI usage correlates with higher reluctance to abandon such networks. Indian respondents who 

use GenAI tools often show 2.71% higher odds of being unwilling to leave non-energy-efficient social networks. 

This reluctance increases for occasional users (32.29% higher odds) and significantly for non-users (52.39%), with 

statistical significance achieved at p = 0.0302. These findings suggest that lower engagement with GenAI 

corresponds to diminished environmental sensitivity in social media preferences among Indian users. 

Table 7: The frequency of GenAI use and leaving a favourite social network that does not use an energy-efficient data center, 

regression model 

Frequency Variable Coefficient Std. Error p-value 

Often 
Intercept 2.4611 0.4924 0.0413 

E4.3 1.0271 0.1986 0.8299 

Sometimes 
Intercept 2.2073 0.4601 0.0314 

E4.3 1.3229 0.1902 0.1496 

Not Currently 
Intercept 1.8466 0.5115 0.0468 

E4.3 1.5239 0.1721 0.0302 
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Table 8 presents the regression outcomes analysing the relationship between GenAI usage and the 

willingness to stop using a favourite streaming platform that lacks energy-efficient data center infrastructure. The 

results highlight a partial indirect dependence, more frequent GenAI users are less reluctant to discontinue such 

services. Frequent users have 7.10% lower odds of being unwilling to leave these platforms (coefficient = 0.9290), 

whereas those using GenAI sometimes show slightly higher reluctance (coefficient = 0.9758), and non-users 

present a mild decline again (coefficient = 0.9416). Despite p-values indicating mixed levels of significance, this 

pattern suggests that regular engagement with GenAI tools may promote more environmentally mindful digital 

behaviour among Indian users. 

Table 8: The frequency of GenAI use and stopping the use of a favourite streaming platform that does not use energy-efficient 

data centers – regression model 

Frequency Variable Coefficient Std. Error p-value 

Often 
Intercept 4.5171 0.4721 0.0012 

E4.4 0.929 0.1882 0.0431 

Sometimes 
Intercept 3.0649 0.4378 0.0294 

E4.4 0.9758 0.1732 0.0627 

Not Currently 
Intercept 3.0049 0.5024 0.0327 

E4.4 0.9416 0.1864 0.0758 
 

Table 9 explores the relationship between GenAI use and the likelihood of stopping using a preferred AI 

system that does not utilize energy-efficient data centers. The findings reflect a weak indirect relationship: as GenAI 

usage frequency decreases, the odds of continuing with non-sustainable AI systems slightly increase. Regular 

users show only 5.03% lower odds of reluctance to abandon such AI systems. In comparison, occasional users 

exhibit minimal change (4.22% lower odds), and non-users show even weaker commitment to switch (14.29% lower 

odds). Despite modest coefficients, the statistical significance (p < 0.05) for all user groups implies that even subtle 

digital habits may influence broader environmental choices among Indian tech users. 

Table 9: The frequency of GenAI use and stopping the use of a favourite AI system that does not use energy-efficient data 

centers – regression model 

Frequency Variable Coefficient Std. Error p-value 

Often 
Intercept 3.1188 0.4992 0.0205 

E4.5 0.9497 0.1703 0.0401 

Sometimes 
Intercept 4.9387 0.4984 0.0123 

E4.5 0.9578 0.1935 0.0453 

Not Currently 
Intercept 3.5719 0.5023 0.0315 

E4.5 0.8571 0.1935 0.033 

Conclusion 

This study highlights a consistent pattern in digital environmental behaviours among Indian users of 

Generative Artificial Intelligence (GenAI), particularly emphasizing the influence of AI usage frequency on eco-

conscious decisions. Across various scenarios, such as switching to energy-efficient cloud services, changing email 

providers, or abandoning platforms with unsustainable infrastructure, frequent users of GenAI tools demonstrate a 

greater tendency to adopt environmentally responsible practices. Conversely, individuals with low or no 

engagement with GenAI systems tend to resist these changes, favouring familiarity over sustainability. 

While regular GenAI users exhibit more eco-friendly digital behaviours, they are paradoxically less 

concerned about the long-term implications of climate change. This contrast may stem from psychological factors 
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such as optimism bias, information overload, availability heuristics, and the third-person effect. These cognitive 

mechanisms can diminish the perceived urgency of environmental issues, particularly when AI-generated content 

shapes daily information intake. 

The Indian context reflects a nuanced relationship between AI literacy, environmental awareness, and 

behavioural response. Despite the sustainability benefits associated with regular AI tool usage, there is an evident 

gap in climate concern perception. Therefore, targeted interventions are necessary to address these cognitive 

barriers while leveraging the positive behavioural inclinations observed among frequent GenAI users. 

The findings offer important insights for policymakers, educators, and AI developers in India. There is a clear 

need for AI literacy programs that incorporate sustainability principles, transparent disclosures regarding AI energy 

consumption, and behaviourally informed strategies to promote responsible digital habits. Ultimately, this research 

contributes to the emerging discourse on sustainable AI adoption and lays the foundation for cultivating an 

environmentally conscious AI culture in India. 

Limitations and Future Directions 

This study aims to understand the GenAI users’ attitudes towards environmental issues with a focus on 

climate change concerns and awareness. The study results suggest notable correlations between the frequency 

and type of GenAI tool usage and users' perception of climate-related issues. Tools with generative or 

conversational capacities, such as ChatGPT, Gemini, and DALL·E, showed stronger links with environmentally 

conscious users, highlighting how digital tools may shape user values. 

The study was conducted using primary survey data collected from an Indian population. Sociodemographic 

characteristics and geographical diversity were not included in the research design. Including respondents' 

demographic and geographical information in the study may offer valuable insights and help to understand how 

different population segments respond to environmental concerns.  

Moreover, this analysis did not consider external factors such as digital literacy levels and the employment 

sector but may significantly influence user behaviours and attitudes. Including these dimensions in future research 

could lead to more comprehensive and insightful findings. Future studies should expand the procedural framework 

by incorporating sociodemographic and contextual variables to understand better how GenAI interconnects with 

digital sustainability. Including a cross-cultural comparison could help estimate the changes over time and across 

different settings. 

This study provides initial insights into the connection between GenAI usage and environmental attitudes; 

there remains a need for continued, multidimensional research to capture this relationship's complexity and 

evolving nature. 
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Annexure 1 

Group 1: - Responses are recorded as - very often, often, sometimes and not currently 

AI1: How often do you currently use the ChatGPT system? 

AI2: Have you tried the Gemini system based on AI? 

AI3: Have you tried the Microsoft Copilot system based on AI? 

AI4: Have you tried the Midjourney system based on AI? 

AI5: Have you tried the DALL-E system based on AI? 

AI6: Have you tried the Canva AI system based on AI? 

AI7: Have you tried the Bing Chat (Copilot) system based on AI? 

AI8: Have you tried the WhatsApp AI system based on AI? 

AI9: Have you tried the YouTube Shorts AI Tools system based on AI? 

AI10: Have you tried the Instagram AI Stickers system based on AI? 

Group 2: Environmental issues:  

E1: How important is solving the climate change issue for you personally? (Responses are captured on a scale of 1 to 7, with 

the lowest value showing the highest importance and the highest value showing the lowest importance). 

E2: Choose one of the following statements related to climate change that is the closest one to your attitude. 

option 1: Climate change is already considerably affecting life around me. 

option 2: Climate change will considerably affect life around me in the next five years. 

option 3: Climate change will considerably affect the life around me in the next 6 to 10 years. 

option 4: Climate change will considerably affect life around me in the next 11 to 25 years. 

option 5: Climate change will not considerably affect life around me even after the next quarter of a century. 

E3: How well do you know what a data center is and what it serves for? 

option 1: I know it very well. 

option 2: I know it little. 

option 3: I do not know well. 

option 4: I do not know it at all. 

E4: After learning more details about the environmental impact of technology enterprises’ data-centre operations, how willing 

would you be to take the next steps? 

option 1: To change one’s own email address or go to the email service provider that uses more energy-efficient and water-

cooled data center s. 

option 2: To transfer own data to a provider that uses more energy- efficient and water-cooled data center s. 

option 3: To leave a favourite social network that does not use energy-efficient and water-saving opportunities in its data 

centers. 

option 4: To stop using a favourite streaming platform that does not allow energy-efficient and water-saving opportunities in its 

data centers. 

option 5: To stop using a favourite generative AI platform that does not allow energy-efficient and water-saving opportunities 

in its data centers. 

Group 3: Use of the social networks:  

SN1: How often do you use social networks, where you have created your own profile and share posts – photos and videos 

(for instance, Facebook, X, Instagram, TikTok, Snapchat)? (The responses are recorded on a seven-level scale, while the 

individual levels represent more times per day to not at all). 

SN2: How often do you use the communication platforms that allow to exchange messages and multimedia files (for instance, 

WhatsApp, Messenger, Telegram Messenger, Signal, iMessage, Rakuten Viber, Kik Messenger, and so on)? (The responses 

are recorded on a seven-level scale, while the individual levels represent more times per day to not at all.) 


