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1. Introduction

Generative artificial intelligence (GenAI) has become one of the fastest-spreading technologies in recent history. 
According to nationally representative survey data from the United States, by late 2024 45% of adults aged 18–64 
were already using GenAI tools, and 27% of employed respondents had used them for work at least once in the 
previous week [1]. Over the following year, the adoption rate rose to 54.6%, indicating that GenAI is diffusing faster 
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Abstract

Generative AI (GenAI) tools are rapidly becoming part of everyday life, yet their environmental costs remain largely overlooked 
by users. This study investigates the psychological and behavioral predictors of intentions to limit unnecessary GenAI use among
500 Polish users. Hierarchical linear regression revealed that climate worry, AI environmental knowledge, self-assessed AI 
competence, and GenAI use frequency were all significant predictors, collectively explaining 23.8% of variance in limitation 
intentions. Contrary to expectations, more frequent GenAI use was associated with stronger — not weaker — intentions to limit 
use. The hypothesized moderating role of AI environmental knowledge in the relationship between climate worry and limitation 
intentions was not supported. Findings suggest that both environmental awareness and AI competence are relevant to responsible 
GenAI use, with implications for digital literacy. 
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than personal computers or the internet did at a comparable stage of development [2]. Tools such as ChatGPT, Gemini, 
and Copilot are now widely used for writing, translation, data analysis, and problem-solving across both professional 
and personal contexts.

This rapid growth, however, is accompanied by growing concern about the environmental costs of GenAI. The 
carbon footprint of AI systems is estimated to reach between 32.6 and 79.7 million tons of CO₂ emissions in 2025, 
while the water consumption of the data centers supporting them may reach 312.5–764.6 billion liters [3]. According 
to projections by the International Energy Agency, global electricity demand from data centers could more than double 
by 2030, reaching approximately 945 terawatt-hours [4]. Despite growing scientific and media attention to this issue, 
public awareness of the environmental costs of GenAI remains low — research points to a clear gap between the 
availability of information and users' actual knowledge levels [5].

Climate worry alone, however, may not be sufficient to motivate users to limit their unnecessary GenAI use. 
Research in environmental psychology suggests that translating environmental concern into concrete behavioral 
intentions requires additional cognitive and behavioral factors [6]. Knowledge of the ecological costs of technology 
may strengthen the willingness to limit its use [7], [8], yet knowledge does not always translate into action. User 
competence in AI may moderate the capacity for conscious self-regulation of technology use [9], while GenAI usage 
habits may both impede and — paradoxically — facilitate reflection on limiting use [10]. 

Despite growing interest in the environmental dimensions of AI, empirical research identifying the psychological 
and behavioral predictors of willingness to limit unnecessary GenAI use remains scarce. Existing work focuses 
primarily on the environmental costs of the technology itself [3] or on users' broad pro-environmental attitudes [11], 
[12], without directly addressing the question of who is willing to use AI more responsibly and what drives that 
willingness.

In light of the environmental costs associated with GenAI, the aim of this study is to identify the psychological and 
behavioral predictors of intentions to limit unnecessary generative AI use. For the purposes of this study, unnecessary 
GenAI use is operationally defined as use driven by convenience or habit rather than genuine task need. Drawing on 
a review of the literature, five hypotheses were formulated: higher climate worry (H1) and higher environmental 
knowledge about AI (H2) are associated with stronger limitation intentions; more frequent GenAI use is associated 
with weaker limitation intentions (H3); self-assessed AI competence is related to limitation intentions, with the 
direction of this relationship treated as exploratory (H4); and environmental knowledge about AI moderates the 
relationship between climate worry and limitation intentions (H5). 

The article is organized as follows. The Theoretical Framework section reviews the psychological and behavioral 
foundations of the hypotheses. The Methods section describes the study procedure and measures. The Results section 
presents the statistical findings. The Discussion interprets the results in relation to the literature, and the article closes 
with a Conclusions section summarizing the main findings, study limitations, and directions for future research.

2. Theoretical Framework

2.1. Climate worry

Climate worry refers to an emotional response to the threats associated with climate change, encompassing feelings 
of anxiety, concern, and a sense of urgency [13]. In the psychological literature, climate worry is treated as an 
important motivator of pro-environmental behavior — individuals who are more concerned about climate change 
show greater willingness to take actions that reduce CO₂ emissions, such as limiting energy consumption or changing 
consumption habits. The same body of research indicates that the strength of this relationship may be moderated by 
cognitive factors, such as expectations regarding the effectiveness of one's own actions [6]. 

In the context of digital technologies, climate worry takes on new relevance alongside growing awareness of the 
environmental costs of AI systems  [14]. Generative AI involves substantial electricity and water consumption, making 
it a potential target of pro-environmental behavioral self-regulation [12]. Khalufi [15] argues that environmental 
concern acts as a psychological catalyst that transforms ecological awareness into concrete behavioral intentions. 
Research also shows that more frequent GenAI users tend to perceive climate change as more temporally distant and 
less urgent, indirectly suggesting that climate worry may serve as a natural regulator of the intensity of GenAI use 
[11]. On this basis, the following hypothesis was formulated:
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H1. Higher climate worry is associated with stronger intentions to limit unnecessary GenAI use.

2.2. Environmental knowledge about AI

Environmental knowledge is defined as an individual's stock of information about the natural environment, its 
threats, and the consequences of human actions for ecosystems [12]. It is also regarded as one of the key cognitive 
predictors of pro-environmental behavior — individuals with greater knowledge of the consequences of their actions 
are assumed to be more likely to modify them [7], [8]. In relation to digital technologies, environmental knowledge 
about AI encompasses awareness of phenomena such as the energy intensity of language models, water consumption 
in data centers, and CO₂ emissions associated with training and operating GenAI systems.

Research nonetheless points to a gap between knowledge and action — awareness of the ecological costs of AI 
does not always translate into behavioral change [5]. Scholars emphasize that ecological awareness and experience 
are key determinants of GenAI adoption for sustainable development purposes [16], while others show that the 
cognitive components of ecological awareness are key determinants of pro-environmental behavioral intentions in the 
context of AI use [8]. On this basis, the following hypothesis was formulated:

H2. Higher environmental knowledge about AI is associated with stronger intentions to limit unnecessary GenAI 
use.

2.3. Frequency of GenAI use

The frequency of digital technology use is treated in the literature as an ambiguous predictor of intentions to limit 
that use. On the one hand, research indicates that more intensive GenAI use promotes habit formation and behavioral 
dependency, which undermines the capacity for conscious self-regulation [17]. More frequent ChatGPT use has also 
been linked to higher levels of AI dependency, which may result in reduced self-control and weaker intentions to limit 
use [18]. Other researchers confirm that perceived dependency on GenAI varies significantly by average daily usage 
time [19]. On the other hand, there are suggestions that when GenAI use becomes automatic and routine, it may lead 
to digital fatigue and reduced critical engagement with the technology [10]. Based on the dominant strand of the 
literature, the following hypothesis was formulated:

H3. More frequent GenAI use is associated with weaker intentions to limit unnecessary use.

2.4. Self-assessed AI competence

Self-assessed AI competence refers to a subjective evaluation of one's own skills in using AI systems, 
understanding their functioning, and critically evaluating their outputs. In the literature, digital competence is treated 
as a factor that facilitates conscious and reflective technology use — individuals with higher competence more 
frequently engage in active regulation of their own technological behavior [9]. Researchers also identify perceived 
competence as a key element of self-efficacy in the domain of AI, which in a staged model leads from repeated use to 
competence gains and potential dependency on the technology [20].

The relationship between competence and intentions to limit use is not, however, straightforward. Kherismawati 
and Suandana [21] document the phenomenon of the illusion of competence — intensive GenAI use may generate 
high self-assessments without real skill development. Al-Obaydi and Pikhart [9] by contrast, find that high self-
efficacy is associated with lower susceptibility to AI dependency and greater capacity for self-regulation. Given this 
theoretical ambiguity, an exploratory hypothesis was formulated:

H4. Self-assessed AI competence will be related to intentions to limit unnecessary GenAI use, although the 
direction of this relationship is not predicted in advance.

2.5. The moderating role of environmental knowledge

The moderating role of knowledge in the relationship between environmental concern and pro-environmental 
behavior is relatively underexplored, particularly in the context of digital technologies. Ellahi [22] suggests that 
ecological sensitivity and environmental motivation are likely moderating variables for the outcomes of GenAI-based 
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educational interventions. ICT proficiency has been shown to moderate the relationship between climate anxiety and 
expectations about extreme weather events, suggesting that digital skills may serve as a bridge between emotional 
concern and cognitive representations of climate risk [23]. Van Laarhoven [5] emphasizes that practical knowledge 
of how to act pro-environmentally is a factor that enables the translation of general awareness and intention into 
concrete action. On this basis, the following hypothesis was formulated:

H5. Environmental knowledge about AI will moderate the relationship between climate worry and intentions to 
limit unnecessary GenAI use, such that the positive association will be stronger among respondents with higher 
knowledge. 

3. Methods

The study was conducted between February 26 and March 23, 2026, using the Polish online research panel SW 
Research and the CAWI method. Of the 737 adult respondents who initially completed the survey, 216 were excluded 
for reporting no prior use of generative AI tools, and a further eight cases were removed due to very small gender 
categories that precluded reliable subgroup analyses. Incomplete responses were also excluded. The final sample 
consisted of 500 generative AI users from Poland, comprising 302 women (60.4%) and 198 men (39.6%). The largest 
age group was 30–45 years (42.4%), followed by 18–29 years (26.8%). In terms of education, the most common 
qualifications were a master's degree or equivalent (27.2%) and technical secondary or post-secondary education 
(25.4%). Participants most often lived in medium-sized cities (26.6%) and were employed full-time (49.4%). The 
survey was anonymous and voluntary, and respondents could withdraw at any point.

Intentions to limit unnecessary GenAI use were measured with three items assessing willingness to reduce 
convenience-based use, minimize excessive prompting, and avoid unnecessarily long AI-generated outputs. 
Responses were averaged into a composite score, with higher values indicating stronger intentions to limit unnecessary 
use (Cronbach's α = .83). Both the limitation intentions scale and the AI competence scale were developed specifically 
for this study on the basis of a review of the responsible AI use literature and validated in a pilot study conducted prior 
to the main data collection. Climate worry was assessed using the 10-item Climate Change Worry Scale [24]
(Cronbach's α = .949 in the present sample), with higher mean scores indicating greater concern about climate change. 
AI environmental knowledge was measured with a seven-item factual test covering energy use, water consumption, 
and the environmental impact of training AI models, with correct responses summed into an overall knowledge score 
(range: 0–7). As a factual knowledge test rather than a reflective self-report scale, internal consistency is not a standard 
psychometric requirement for this measure. Self-assessed AI competence was measured with a multi-item scale 
assessing confidence, critical evaluation skills, and perceived ability to use generative AI effectively, with higher 
values reflecting greater perceived competence (Cronbach's α =.741). Additional variables included self-rated 
computer skills, frequency of GenAI use during the previous 30 days, age, gender, and education level.

Data were analyzed using IBM SPSS Statistics 29. Descriptive statistics and Spearman correlations were calculated 
for all variables. To test H1–H4, a hierarchical linear regression was conducted with intentions to limit unnecessary 
GenAI use as the dependent variable, with demographic variables entered in Block 1 and main predictors in Block 2. 
To test H5, a moderation analysis was conducted using the PROCESS macro [25], with climate worry as the predictor, 
AI environmental knowledge as the moderator, and demographic and behavioral variables as covariates. Variables 
entering the interaction term were mean-centered prior to analysis.

4. Results

This section presents the results of the statistical analyses conducted to test the hypotheses, including descriptive 
statistics, correlation analysis, and hierarchical linear regression.

Descriptive statistics and correlations are presented in Table 1. Respondents reported moderate levels of GenAI 
use (M = 3.10, SD = 1.75) and above-midpoint self-assessed AI competence (M = 4.63, SD = 1.07). Climate worry 
was moderate (M = 2.70, SD = 1.11), while scores on the AI environmental knowledge test were relatively low (M = 
2.41 out of 7, SD = 1.84), indicating limited awareness of the ecological costs of AI systems. Mean intentions to limit 
unnecessary GenAI use were moderately high (M = 4.54, SD = 1.40).
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Rho-Spearman correlation analyses revealed several statistically significant associations that provide preliminary 
support for a number of the hypotheses. Intentions to limit unnecessary GenAI use were positively correlated with 
climate worry (r = .26, p < .01), consistent with H1, suggesting that individuals more concerned about climate change 
expressed stronger intentions to limit AI use. A significant positive association was also found between self-assessed 
AI competence and limitation intentions (r = .32, p < .01) — individuals who perceived themselves as more competent 
AI users expressed greater willingness to limit unnecessary use, which is relevant to the exploratory H4. 

Table 1. Descriptive statistics and correlations among study variables (Spearman's rho, n = 500)

Variable 1 2 3 4 5 6 7 8 M SD

1. Gender — — —

2. Age .015 — — —

3. Education -.151** .278** — — —

4. Computer skills .064 -.079 .164** — 5.26 1.21

5. GenAI use frequency -.039 .028 -.051 -.153** — 3.10 1.75

6. Climate worry -.013 .096* -.009 −.002 -.057 — 2.70 1.11

7. AI competence -.014 -.039 .141** .341** -.331** .082 — 4.63 1.07

8. AI use limitation intentions -.129** .061 .130** .094* .058 .261** .320** — 4.54 1.40

9. AI environmental knowledge .054 -.123** .047 .115* -.175** .216** .190** .195** 2.41 1.84

Note. Gender was coded dichotomously (1 = male, 2 = female). All variables were measured on a 1–7 scale, except Climate worry 
(1–5) and AI environmental knowledge (0–7 correct answers). Correlations significant p < .05*, *p < .01.

Higher education level was weakly but significantly associated with stronger limitation intentions (r = .13, p < .01), 
as were self-rated computer skills (r = .09, p < .05). AI environmental knowledge also showed a significant positive 
association with limitation intentions (r = .20, p < .01), providing preliminary support for H2 and suggesting that 
individuals more familiar with the ecological costs of AI systems expressed stronger intentions to limit their use. 
Gender was negatively associated with limitation intentions (r = −.13, p < .01), with women reporting lower intentions. 
Frequency of GenAI use did not show a significant association with limitation intentions (r = .06, p = .198), offering 
no preliminary support for H3.

To test H1–H4, a hierarchical linear regression was conducted with intentions to limit unnecessary GenAI use as 
the dependent variable. Demographic variables (gender, age, education) were entered in Block 1, and main predictors 
(self-assessed AI competence, climate worry, AI environmental knowledge, GenAI use frequency) in Block 2. Prior 
to analysis, regression assumptions and the presence of outliers were examined — a small number of cases (n = 11) 
with low values on the dependent variable were identified but retained in the analyses given the mild nature of the 
deviations and the large sample size (N = 500). No violations of normality of residuals, homoscedasticity, or 
multicollinearity were found (all VIF < 1.17). Results are presented in Table 2.

The control variables entered in Block 1 explained 3.9% of the variance in limitation intentions (R² = .039, F(3, 
496) = 6.70, p < .001), with a significant effect emerging only for gender (β = −.130, p = .004) — women reported 
lower limitation intentions.

The introduction of the main predictors in Block 2 significantly increased the explained variance (ΔR² = .200, p < 
.001), and the final model explained 23.8% of the variance in the dependent variable (R² = .238). Among the main 
predictors, the strongest effect was found for self-assessed AI competence (β = .344, p < .001) — individuals who 
perceived themselves as more competent AI users expressed stronger intentions to limit unnecessary use, providing 
support for the exploratory H4. Climate worry was also a significant predictor of limitation intentions (β = .205, p < 
.001), confirming H1. AI environmental knowledge emerged as a significant predictor (β = .126, p = .003), supporting 
H2. A surprising finding was the effect of GenAI use frequency (β = .222, p < .001) — contrary to H3, more frequent 
GenAI use was associated with stronger, not weaker, limitation intentions.



7004 Karina Rutecka-Cicha  et al. / Procedia Computer Science 292 (2026) 6999–7007

Table 2. Hierarchical linear regression predicting intentions to limit unnecessary GenAI use (N = 500)

Predictor Block 1 Block 2

B SE β B SE β

Control variables

Gender −.372 .128 −.130** −.354 .115 −.123**

Age .076 .069 .051 .083 .063 .055

Education .099 .042 .110* .056 .038 .062

Main predictors

AI competence — — — .448 .056 .344***

Climate worry — — — .259 .052 .205***

AI environmental knowledge — — — .096 .032 .126**

GenAI use frequency — — — .178 .034 .222***

Moderation (H5)

Climate worry × AI knowledge — — — .014 .029 —

R² .039 .239

Adjusted R² .033 .226

ΔR² .039*** .200***

F 6.700*** 19.235***

Note. Gender coded dichotomously (1 = male, 2 = female). AI environmental knowledge scored 0–7. Block 3 tests the moderation 
hypothesis (H5): the interaction term Climate worry × AI knowledge was not statistically significant. Variables entering the 
interaction term were mean-centered prior to analysis. VIF values ranged from 1.028 to 1.165. Durbin-Watson = 2.00.
* p < .05. ** p < .01. *** p < .001.

To test H5, a moderation analysis was conducted using the PROCESS macro [25], with climate worry as the 
predictor (X), AI environmental knowledge as the moderator (W), and intentions to limit GenAI use as the dependent 
variable (Y). Gender, age, education, self-assessed AI competence, and GenAI use frequency were included as 
covariates. Variables entering the interaction term were mean-centered prior to analysis. The interaction effect was 
not statistically significant (b = .014, SE = .029, t = .482, p = .630, ΔR² = .0004), thus H5 was not supported . AI 
environmental knowledge does not moderate the relationship between climate worry and intentions to limit AI use.

5. Discussion

The aim of this study was to examine the predictors of intentions to limit unnecessary use of GenAI tools. The 
findings partially support the hypotheses and offer new insights into the psychological and behavioral determinants 
of responsible AI use.

In line with H1, climate worry emerged as a significant predictor of intentions to limit GenAI use (β = .206, p < 
.001). This finding is consistent with research showing that environmental concern fosters pro-environmental 
behavioral intentions [6], [13], and that concerns about the climate-related consequences of AI are associated with 
lower GenAI adoption [26]. Individuals more worried about climate change may perceive limiting AI use as one 
available means of reducing their carbon footprint, particularly given growing awareness of the energy intensity of 
GenAI systems [12], [14].

H2 was also supported — AI environmental knowledge significantly predicted limitation intentions (β = .126, p = 
.003). This finding is consistent with earlier research showing that awareness of the ecological costs of digital 
technologies translates into pro-environmental behavioral intentions [7], [8]. It is worth noting, however, that the 
effect of knowledge was relatively weak, which is consistent with the documented knowledge-action gap — some 
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research shows that awareness of the environmental consequences of GenAI does not always lead to actual behavioral 
change [5]. 

Contrary to H3, GenAI use frequency was associated with stronger, not weaker, limitation intentions (β = .223, p 
< .001). This finding is paradoxical in light of research suggesting that more frequent GenAI use promotes behavioral 
dependency and undermines control over one's technology use [17], [18]. It can, however, be interpreted in two ways. 
First, individuals who regularly use GenAI may be more aware of the scale of their own use, which may prompt 
reflection on limiting it — an effect consistent with the observation by Sabani et al. [10] that habitual use can lead to 
digital fatigue. Second, it is possible that the declared intentions do not translate into actual behavior, which is 
consistent with the well-documented intention-behavior gap [27]. Both interpretations remain speculative, and the 
directionality of this relationship cannot be established from cross-sectional data. Longitudinal or experimental 
designs would be needed to determine whether higher use frequency promotes reflective self-regulation or whether 
the observed association is primarily an artifact of inflated self-reported intentions.

Self-assessed AI competence emerged as the strongest predictor of limitation intentions (β = .344, p < .001), 
providing support for the exploratory H4. Al-Obaydi and Pikhart [9] found that higher self-efficacy is associated with 
lower AI dependency and greater capacity for self-regulation, which is consistent with the present finding. At the same 
time, Kherismawati and Suandana [21] suggest that high self-assessment may be an artifact of intensive use rather 
than genuine skill. An alternative interpretation is therefore possible: individuals with higher self-assessed AI 
competence may express stronger limitation intentions not because they better understand the technology, but because 
they feel sufficiently competent to consciously decide when to use it and when not to.

H5 was not empirically supported (b = .014, SE = .029, p = .630, ΔR² = .0004). AI environmental knowledge does 
not moderate the relationship between climate worry and limitation intentions. The absence of a moderation effect 
may reflect the generally low level of AI environmental knowledge in the sample (M = 2.41/7), which may have 
limited the variance of the moderator and the statistical power to detect an interaction. It is also possible that climate 
worry and environmental knowledge operate as independent, additive predictors of intentions rather than mutually 
reinforcing factors — a conclusion supported by the significant main effects of both variables in the regression model.

6. Conclusions

This study aimed to identify the predictors of intentions to limit unnecessary generative AI use. The analyses 
revealed that climate worry (H1), AI environmental knowledge (H2), and self-assessed AI competence (H4) are 
significant predictors of stronger limitation intentions. Contrary to H3, however, GenAI use frequency was associated 
with stronger rather than weaker intentions. No moderation of the climate worry–limitation intentions relationship by 
AI environmental knowledge was observed (H5). Collectively, the predictors included in the model explained 23.8% 
of the variance in the dependent variable, a result comparable to other cross-sectional studies of self-report-based 
technology behaviors.

The findings carry several practical implications. They suggest that educational campaigns increasing awareness 
of the ecological costs of AI systems may promote more responsible GenAI use. The fact that self-assessed AI 
competence is the strongest predictor of limitation intentions further suggests that programs developing conscious and 
critical AI use [28], [29] may be more effective for promoting responsible use than environmental appeals alone.
Relevant examples include competency-based AI literacy curricula aligned with frameworks such as those proposed 
by UNESCO [30], as well as targeted interventions that embed environmental cost feedback directly into GenAI 
interfaces — such as displaying estimated energy or carbon cost alongside generated outputs.

The study has, however, several limitations. The cross-sectional design precludes causal inference, and the self-
report measurement of intentions introduces at least two additional limitations. First, declared intentions may be 
inflated due to social desirability bias, particularly given the normative connotations of responsible AI use. Second, , 
intentions are an imperfect proxy for behavior: the intention–behavior gap is well documented in the environmental 
domain [27], and it remains unclear whether respondents who expressed stronger intentions to limit GenAI use would 
follow through in practice. Although large (N = 500), the sample was drawn from a single country and may not be 
representative of GenAI users more broadly. Additionally, occupational profile was not systematically assessed —
only employment status was recorded (e.g., full-time employed, student, unemployed). Factors such as field of work 
or degree of exposure to AI-related tasks were therefore not controlled for, and may represent potential confounders 
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— particularly in relation to self-assessed AI competence. The low mean level of AI environmental knowledge (M = 
2.41/7) may also have limited the statistical power to detect the moderation effect in H5.

Future research should employ a longitudinal design to assess whether intentions translate into actual behavioral 
change over time. It would also be valuable to examine whether educational interventions increasing AI environmental 
knowledge can strengthen the effect of climate worry on limitation intentions — which would constitute an 
experimental test of the unsupported H5. Including a broader range of potential moderators, such as subjective norms 
and perceived self-efficacy, as well as replication in samples from other countries, would contribute to a fuller 
understanding of the determinants of responsible GenAI use.
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