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Effects of Generative AI Bias on Adoption Through Trust: 
Interactions Between Engagement Cues, Information Cues, and 
Social Norms
Jing Guoa, Haijiao Luob, Hao Liub, and Hsuan-Ting Chenb

aDepartment of Journalism and Communication, Hong Kong Shue Yan University, North Point, Hong Kong; 
bSchool of Journalism and Communication, The Chinese University of Hong Kong, Shatin, Hong Kong

ABSTRACT
Employing an online experiment, this study explores how awareness 
of AI bias could affect users’ intention to adopt generative AI. Results 
showed a three-way interaction effect between bias-based engage
ment, bias-awareness information cue priming, and social norms on AI 
trust, which could further affect users’ adoption intention. That is, with 
high social norms of AI use, if users had not been primed that AI was 
biased, their trust in AI decreased after experiencing AI bias on their 
own. However, if they had been primed that AI was biased, their own 
experience with AI bias did not significantly affect trust in AI.

Since their introduction, large language models and generative AI (artificial intelligence), 
such as ChatGPT, have shown promise for influencing personal and professional life. 
Despite the compelling features of generative AI, significant biases, particularly regarding 
gender and race, have become major concerns related to this technology (Ghosh & 
Caliskan, 2023). Google’s CEO, Sundar Pichai, acknowledged that responses from the 
Gemini AI model exhibited bias, particularly in its image generation capabilities. The 
model produced inaccurate representations of historical figures in terms of gender and 
race, which sparked significant backlash (Euronews, 2024).

In this study, we focus on gender bias in visual images generated by AI and explore how 
awareness of such bias could affect users’ intention to adopt generative AI. If potential users 
become aware of some negative aspects of generative AI tools (e.g., gender bias), how could 
their perceptions (i.e., trust in AI) and behavioral intentions (i.e., adoption) be affected? We 
believe this inquiry is not only of practical significance in facilitating the smooth diffusion of 
new technology, but also of theoretical importance to better explain how users understand 
and interact with an emerging technology in its initial stage.

In this study, we propose bias-based engagement cues and bias-awareness information 
cues as the two mechanisms. On the one hand, users could experience and get to know the 
imbalanced gender distribution in AI-generated images as they use it. For example, after 
using AI to facilitate their work or study, they may gradually realize that AI assistants’ voices 
default to female voices, which implies that women are suited for service roles, and language 
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models like GPT and BERT often associate jobs like “nurse” with women and “scientist” 
with men (UN Women [UN], 2025).

On the other hand, increasing media scrutiny of AI gender bias may raise the public’s 
awareness of it even before they engage with the tools. For example, reports from the United 
Nations (UN, 2025), UNESCO (2024), large Internet companies like IBM (2023), and 
academic institutions like Harvard University (Feast, 2019) have all addressed the issue of 
gender bias in generative AI. In this scenario, awareness of AI gender bias could be raised by 
these bias-awareness information cues.

In addition to the effects of bias-based engagement and bias-awareness information 
cues at the individual level, we also endeavor to understand users’ interaction with 
emerging technologies from a macro perspective, that is, the social environment. In 
a given situation, people are likely to adjust their behaviors based on their perceptions 
about normatively appropriate behavior in a specific context (i.e., generative AI adop
tion; Cialdini et al., 1991). Thus, this study explores how the perception of social norms 
interacts with bias-based engagement cues and bias-awareness information cues about 
AI bias in changing users’ perceptions about generative AI and influencing their adop
tion behaviors.

Effects of Bias-Based Cues on Trust in AI

Bias typically refers to systematic and unfair favoritism regarding how individuals 
are treated or the outcomes they receive (DeCamp & Lindvall, 2023). Accordingly, 
AI bias encompasses any systematic and unfair favoritism within algorithms or 
processes that influence individual treatment and experiences. AI bias is evident 
not only at various stages of the machine learning pipeline (Ferrara, 2024) but also 
in real-world examples. For example, Buolamwini and Gebru (2018) found that 
automated facial analysis algorithms performed best for male individuals with lighter 
skin tones, while accuracy was significantly lower for female individuals with darker 
skin tones.

There are typically two main approaches to studying the impact of AI bias. Some 
researchers (e.g., Ferrara, 2024; Obermeyer et al., 2019) have investigated how experiencing 
embedded biases in AI influences perceptions, evaluations, and behaviors toward histori
cally disadvantaged groups. For instance, Ferrara (2024) found that biased AI systems 
perpetuate inequalities and reinforce harmful stereotypes. Other researchers (e.g., Chen & 
Sundar, 2023; Eslami et al., 2017; Savela et al., 2021) have examined how experiencing 
embedded biases in AI affects perceptions, evaluations, and the adoption of the technology 
itself. This study aims to explore the latter question of how experiences of bias influence 
trust in technology. Trust is a crucial perceptual factor in determining adoption, particularly 
when a technology is new and uncertain (McKnight et al., 2011).

Trust is generally defined as an individual’s willingness to rely on another party based on 
that party’s characteristics (Rousseau et al., 1998). In the context of AI, trust specifically 
refers to the belief that the AI system will prioritize users’ welfare, especially in situations of 
uncertainty and vulnerability (Chen & Sundar, 2023). Understanding trust is essential in 
contexts characterized by uncertainty or potential negative outcomes, as it explains indivi
dual behavior (McKnight et al., 2011). Thus, trust in AI emerges as a crucial concept shaped 
by users’ awareness of its risks and potential negative outcomes.
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Bias-Based Engagement Cues and Bias-Awareness Information Cues

A cue refers to an indicator of a specific social meaning (Burgoon, 1991). We identified two 
types of cues related to AI bias: bias-based engagement cues and bias-awareness informa
tion cues. Engagement cues are elements that facilitate interaction between the AI and users. 
These cues encourage users to engage actively with AI, facilitating two-way communication. 
Information cues are elements that provide users with specific content about AI, such as an 
infographic presented in a news article that includes data points and statistics to inform 
users about AI bias.

There are two reasons for identifying these two types of cues. First, the relationship 
between media and audiences has evolved from a traditional linear structure to a more 
interactive model, with audiences playing an active role in meaning-making (e.g., Chen 
et al., 2022, 2024; Wahid & Radia, 2025). Second, due to their varying levels of message 
involvement, active engagement and passive reception of messages can lead to different 
outcomes in social media contexts, such as emotions, message elaboration, and attitude 
polarization (e.g., Chen, 2017; Chen et al., 2022, 2024). Thus, we examine engagement cues 
and bias-awareness information cues as the two mechanisms in exploring how cues 
influence trust in AI.

As AI becomes an everyday tool, individuals can directly engage with the technology 
(e.g., Chen & Sundar, 2023; Huo et al., 2022; Wang et al., 2020), which can significantly 
influence their trust in it. However, experiencing AI bias violates shared expectations 
regarding the fairness of technology, which can lead users to devalue the technology and 
further diminish their trust in it (e.g., Hong et al., 2020). Therefore, when individuals 
encounter bias-based engagement cues (vs. balanced engagement cues), they often experi
ence a decline in trust in the technology. Wang et al. (2020) discovered that participants 
interacting with a biased AI system perceived it as less fair. This perception of reduced 
fairness is critical, as Zhou et al. (2021) demonstrated that it correlates with diminished user 
trust in AI overall.

H1: Respondents who are exposed to gender bias engagement cues will have lower trust in 
generative AI than respondents who are exposed to gender balance engagement cues.

In addition to encountering biased engagement cues, individuals may have already come 
across bias-awareness information cues from news coverage, which may serve as a primary 
guide to help them discover and realize bias embedded in generative AI outputs (Cui & Wu,  
2019). The mass media not only influence public attention but also powerfully shape how 
issues related to science and technology are defined, symbolized, and ultimately resolved 
(Nisbet et al., 2003). For instance, Scheufele and Lewenstein (2005) found that media 
framing of emerging technologies exerts a significant influence on attitudes toward them 
before individuals have direct experience with them. Following this line of reasoning, we 
suggest that after receiving bias-based engagement cues (vs. balanced engagement cues), the 
decline in trust will be more pronounced among those who have received bias-awareness 
information cues (vs. general information cues). We propose the following hypothesis:

H2: Bias-awareness information cues moderate the relationship between bias-based engage
ment cues and trust in generative AI. Specifically, the negative impact of bias-based 
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engagement cues (compared to balanced engagement cues) on trust in generative AI is 
enhanced when users are exposed to bias-awareness information cues (vs. general informa
tion cues).

The Moderating Role of Social Norms

In addition to awareness of AI bias raised by bias-based engagement cues and bias- 
awareness information cues, social norms reflecting the observed experiences of others 
play a significant role in shaping perceptions, evaluations, and behaviors toward technol
ogy, especially when it is relatively new (Sawang et al., 2014).

Social norms refer to the implicit or explicit rules established by a group regarding the 
acceptable behaviors, values, and beliefs of its members (Aronson et al., 2005). These norms 
can be categorized into two types: descriptive and injunctive (Cialdini et al., 1991). 
Descriptive norms relate to beliefs about the popularity of a particular behavior, and 
injunctive norms pertain to beliefs about the approval of that behavior. Our research 
specifically explores injunctive norms in AI as it focuses on beliefs regarding the approval 
of AI use, irrespective of its conscious popularity.

The influence of social norms on technology acceptance is well established (e.g., Fishbein 
& Ajzen, 1975; Venkatesh & Davis, 2000). Individuals tend to adhere to social norms 
because they perceive these norms as embodying collective wisdom, which often benefits 
both individuals and groups (Cialdini et al., 1991). This implicit belief makes social norms 
a convenient heuristic for decision-making (Lapinski & Rimal, 2005). Injunctive social 
norms regarding the use of a specific technology significantly enhance trust in its developers 
and information providers, especially when users lack direct control over certain activities 
(Beldad & Hegner, 2018; Kandoth & Kushe Shekhar, 2022).

Therefore, we propose that injunctive social norms regarding technology use are posi
tively related to trust in that technology. Building on previous research indicating that bias- 
based engagement cues (vs. balanced engagement cues) decrease trust in AI, while injunc
tive social norms of AI use positively influence trust, we propose that the detrimental 
impact of biased engagement cues (vs. balanced engagement cues) on trust will be less 
pronounced when high social norms are present:

H4: Social norms moderate the relationship between bias-based engagement cues and trust 
in generative AI. Specifically, the negative impact of bias-based engagement cues (compared 
to balanced engagement cues) on trust in generative AI is weakened when social norms are 
strong.

Building on previous research, we posit that bias-based engagement cues, bias- 
awareness information cues, and social norms are three key factors that influence 
trust in AI, but these three factors represent different perspectives to understand 
users’ interactions with generative AI: personal experiences with bias-based engage
ment cues, exposure to bias-awareness information cues, and reasoning based on 
others’ experiences, respectively. When there is less approval of AI use in social 
norms and this coincides with bias-awareness information cues about AI, individuals 
may perceive that both social norms and mass media are reinforcing negative 
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attitudes toward AI. Conversely, when there is more approval of AI use in social 
norms together with bias-awareness information cues about AI, individuals may 
prioritize these norms and view them as promoting positive attitudes toward AI. 
Thus, the negative relationship between bias-based engagement cues (vs. balanced 
engagement cues) and trust in AI could lead to two possible outcomes: the negative 
relationship may be weakened by social norms or even reversed into a positive 
relationship due to the strong influence of social norms. We propose the following 
question:

RQ1: To what extent do injunctive social norms condition the influence of bias-based 
engagement cues and bias-awareness information cues on trust in AI?

Trust in AI and Adoption Intention

As discussed above, trust functions as a psychological coping strategy for individuals who 
are in a state of uncertainty and unable to foresee future events (Hou et al., 2024). By 
trusting another actor, individuals are inclined to take meaningful risks while holding 
positive beliefs about favorable outcomes of the action of that actor (Glikson & Woolley,  
2020; Hoff & Bashir, 2015). In the context of interaction with AI, trust reflects users’ beliefs 
that an AI system will perform actions that lead to favorable outcomes, even when its 
behavior cannot be fully predicted.

Trust in new technology could be formed before having first-hand experience with it 
(Bedué & Fritzsche, 2022; Li et al., 2008). In the initial stage, where knowledge about new 
technology remains limited, media representations significantly shape expectations and 
perceptions of that technology (Bedué & Fritzsche, 2022). Thus, individuals may exhibit 
varying levels of trust depending on the information they are exposed to, which in turn will 
influence their further engagement with related technologies. The impact of trust on 
technology adoption has been empirically examined across various contexts, including 
e-government services (Horst et al., 2007), e-commerce systems (Kim, 2012), and news 
recommendation systems (Shin, 2020). Trust has also been found to positively predict the 
adoption of generative AI tools like ChatGPT (Balaskas et al., 2025; Bhaskar et al., 2024). 
Therefore, we propose the following hypothesis:

H4: Trust in generative AI positively predicts AI adoption intention.

Building on the interaction effects between biased engagement cues, bias-awareness infor
mation cues, and social norms on trust in AI, as well as the influence of trust in AI on the 
intention to adopt AI, we explore the moderated mediation effects by answering the 
following research question:

RQ2: To what extent do injunctive social norms condition the indirect effects of bias-based 
engagement cues and bias-awareness information cues on Al adoption intention through 
trust in generative AI?

In sum, we propose a moderate mediation model as shown in Figure 1.
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Methods

Study Design and Procedure

We conducted an online survey experiment with a 2 (engagement cues: bias-based vs. 
balanced) by 2 (information cues: bias-awareness vs. general) between-subjects design. 
Participants were adult citizens in the United States recruited from an online panel main
tained by Dynata, a professional survey vendor. Since the experiment setting is relevant to 
AI gender bias, we ensured the equal distribution of male and female participants in each 
group.

Approval was obtained from the authors’ university’s human subject research committee 
before the commencement of the study. The data collection started on 15 Aug 2024 and was 
completed on 25 Aug 2024. The experiment was pre-registered before the completion of 
data collection.1 We ultimately recruited 437 valid participants, among whom 50.1% were 
females. The sample has an average age of 47.4 years old, the median level of their yearly 
household income in 2023 was between 50,000 and 80,000 US$, and 58% had an associate 
degree or higher.

The participants were provided with informed consent forms and then answered ques
tions about their prior perceptions and individual capability in leveraging AI (e.g., AI self- 
efficacy, prior perception of AI bias, social norms regarding AI). Next, they were randomly 
assigned to one of the four experimental conditions by Dynata’s online platform. They read 
the stimulus and completed the questionnaires to measure the outcome variables.

Stimuli

In the first step, we manipulated bias-awareness information cues. The experimental 
stimulus was an essay introducing generative AI that respondents were asked to read for 
at least 20 seconds. Respondents in the experiment conditions (i.e., bias-awareness informa
tion cues) read an essay that revealed concerns about gender bias in generative AI algo
rithms, while respondents in the control conditions (i.e., general information cues) read an 
essay that discussed the development of generative AI in general. Both essays were pre
sented in text-only format and were similar in length and structure (Appendix A).

In the second step, we manipulated bias-based engagement cues. The experimental 
stimulus was a set of AI-generated images of workers in six different occupations: surgeon, 

Figure 1. Proposed moderated mediation model predicting generative AI adoption intention.

1The anonymized pre-registration link is: https://osf.io/6n548/overview?view_only=93a2db2fc6634ae2adac1ed200dffd5b
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engineer, banker, scientist, lawyer, and congressperson. We used Canva’s free AI image 
generator (https://www.canva.com/ai-image-generator/) to produce the images. Instead of 
using specific commands to ensure the consistency of race, age, and other cues among the 
images, we manually selected the outputs to ensure age (middle-aged) and race (white) were 
consistent (see Appendix B).

In the experiment setting, respondents in each group were asked to choose two occupa
tions out of the six choices. They were then directed to use a mocked AI application to draw 
a picture of the occupation they chose. For each occupation, they were instructed to 
generate four different images with the AI tool. For respondents in the experiment condi
tion (i.e., bias-based engagement cues), all outputs they got for a single occupation were 
males. Respondents in the control condition (i.e., balanced engagement cues) got gender- 
balanced outputs (two males and two females). Occurrences of different images were 
randomized in order. The purpose of choosing two different occupations to draw images 
is to reinforce their impressions of the biased or balanced engagement cues, respectively.

Measurements

Adoption Intention
Following related studies (e.g., Sawang et al., 2014), AI adoption intention was measured by 
asking the participants the extent to which they agreed with six statements on their future 
use of generative AI, such as “I intend to use Generative AI to assist with my learning or 
working” and “I will keep myself updated with the latest Generative AI technologies.” 
Answers ranged from 1 = strongly disagree to 5 = strongly agree. The six items were 
averaged as a new variable, adoption intention (M = 3.16, SD = 1.12, Cronbach’s α = .95).

Trust in AI
Following related studies (e.g., Hou et al., 2024), trust in AI was measured by asking the 
participants how much they agreed with four statements on their perceptions about 
generative AI, such as “I cannot always rely on Generative AI to generate work that 
I need” and “I think interacting with Generative AI is risky.” Answers were ranked from 
1 = strongly disagree to 5 = strongly agree. The four items were reverse-coded and then 
averaged as a new variable, trust in AI (M = 2.08, SD = 0.82, Cronbach’s α = .80).

Social Norm
We measured social norm in the pre-manipulation survey by asking respondents about 
supportive attitudes toward generative AI among their social networks (Geber & Friemel,  
2022). Respondents were asked how much they agreed with two statements: “People around 
me think it is important to use Generative AI” and “My social network is generally positive 
about Generative AI.” Answers ranged from 1 = strongly disagree to 5 = strongly agree. The 
two items were averaged as a new variable, social norms (M = 3.06, SD = 1.05, Spearman- 
Brown Coefficient = .79).

Covariates

We measured two covariates in the pre-manipulation survey that may affect trust in AI and 
adoption intention: prior attitudes toward generative AI (e.g., “Generative AI is free of 
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bias,” 5-point scale, M = 3.10, SD = 1.01, Cronbach’s α = .92; Hou et al., 2024) and AI self- 
efficacy (“I can rely on my skills in difficult situations when using AI,” 5-point scale, M =  
3.23, SD = 1.02, Cronbach’s α = .91; Carolus et al., 2023). Together with demographic 
variables (i.e., gender, age, education level, income, race), the two covariates were added 
into our data analysis as control variables.

Results

Regression Results

In the first step, we ran a series of regression models (Table 1) to test the effects of the IVs on 
the mediator and DV, as well as the interaction effects. In Model 1a, bias-based engagement 
cues, bias-awareness information cues, and social norms were entered into the model to 
predict trust in generative AI. The model was significant, F (10, 423) = 4.94, p < .001, R2 =  
0.11. An observed power analysis using G*Power indicated that the achieved power was  
> .99 (α = .05, f2 = .12, n = 434). Bias-based engagement cues did not significantly predict 
trust in generative AI (B = −.08, SE = .08, p > .05), rejecting H1.

In Model 1b, two-way interactions between bias-based engagement cues, bias-awareness 
information cues, and social norms were further added into the model. The model was 
significant, F (13, 420) = 3.95, p < .001, R2 = 0.11. An observed power analysis using 
G*Power indicated that the achieved power was > .99 (α = .05, f2 = .12, n = 434). Bias- 
based engagement cues and bias-awareness information cues did not have a significant 
interaction effect on trust in generative AI (B = .01, SE = .15, p > .05). Furthermore, bias- 
based engagement cues and social norms did not have a significant interaction effect on 
trust in generative AI (B = −.03, SE = .07, p > .05). Both H2 and H3 were rejected.

Table 1. Regression models in predicting generative AI trust and moderated mediation models.

Predictors
Model 1a 

Gen AI trust
Model 1b 

Gen AI trust
Model 1c 

Gen AI trust
Model 2 

AI adoption intention

Block 1: Two Categorical IVs and continuous moderator (social norms)
Bias-based engagement −.08 (.08) .03 (.25) .52 (.30) −.08 (.07)
Bias-awareness information cue .10 (.08) −.23 (.25) .36 (.33)
Social norms .15 (.05) *** .13 (.07) .20 (.07) ** .33 (.05) ***

Block 2: Two-way interactions
Engagement * Message .01 (.15) −1.21 (.48) **
Engagement * Social norms −.03 (.07) −.20 (.09) *
Message * Social norms .10 (.07) −.09 (.10)

Block 3: Three-way interaction
Engagement * Information * Social norms .40 (.15) **

Control variables
AI efficacy −.01 (.05) −.02 (.05) −.03 (.05) .34 (.05) ***
Prior perception of AI bias .05 (.05) .05 (.05) .07 (.05) .24 (.05) ***
Gender (Male = 1) .02 (.08) .03 (.08) .02 (.08) .12 (.07)
Age −.01 (.00) * −.00 (.00) * −.01 (.00) * .00 (.00)
Education .06 (.02) * .06 (.03) * .06 (.03) * .03 (.03)
Income −.06 (.03) * −.06 (.03) * −.06 (.03) * .03 (.02)
Race (White = 1) .01 (.09) .01 (.09) −.02 (.09) −.11 (.08)
R2 .11 .11 .12 .61

Mediator
Trust in Generative AI .19 (.04) ***
Constant 1.72 (.25) *** 1.81 (.28) *** 1.54 (.30) *** −.21(.23)

Note. Unstandardized regression coefficients are displayed with standard errors in parentheses. *p < .05, **p < .01, ***p  
< .001.
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A three-way interaction among bias-based engagement cues, bias-awareness information 
cues, and social norms was added into the model, as Model 1c shows. The model was 
significant, F (14, 419) = 4.25, p < .001, R2 = 0.12. An observed power analysis using 
G*Power indicated that the achieved power was > .99 (α = .05, f2 = .14, n = 434). The three- 
way interaction effect between bias-based engagement cues, bias-awareness information 
cues, and social norms was significant (B = .40, SE = .15, p < .01), which implies that the 
interaction effects between bias-based engagement cues and bias-awareness information 
cues could be conditioned upon level of social norms. The two-way interactions between 
bias-based engagement cues and bias-awareness information cues (B = −1.22, SE = .48, p  
< .05) as well as between bias-based engagement cues and social norms (B = −.20, SE = .09, 
p < .05) were significant. RQ1 was answered.

In Model 2, we used trust in generative AI to predict the focal DV (i.e., generative AI 
adoption intention). The model was significant, F (10, 423) = 65.44, p < .001, R2 = 0.61: trust 
in generative AI positively predicted adoption intention (B = .19, SE = .04, p < .001). 
Therefore, H4 was supported.

Testing the Moderated Mediation Model

To test the indirect effects, PROCESS macro template 11 was adopted with 10,000 bias- 
corrected bootstrap resamples and 95% confidence intervals (CIs) (Hayes, 2015). Statistical 
significance (p < .05) is achieved when lower bound and upper bound CI do not include 
zero. Respondents’ prior perception of generative AI bias and their self-reported AI efficacy 
were controlled in the analysis.

The results (Table 2 and Figure 2) show conditional interaction effects between bias- 
based engagement cues and bias-awareness information cues at different levels of social 
norms. When respondents were situated in the low social norm of generative AI use 
condition (social norm = 1), bias-awareness information cue priming strengthened the 
negative effects of bias-based engagement cues on trust in generative AI (B = −.82, p  
< .05). However, when respondents were situated in the high social norm of generative AI 
use condition (social norm = 5), bias-awareness information cue priming weakened the 
negative effects of bias-based engagement cues on trust in generative AI (B = .78, p < .05). 
This gives more insight into answering RQ1.

Table 3 shows that bias-based engagement cues could not directly predict generative AI 
adoption intention (B = −.0922. SE = .0726, CI = −.2349 to .0505), but it could marginally 
indirectly decrease adoption intention through attenuating trust in generative AI under 
specific conditions, specifically, when respondents were situated in a high-social norms (=5) 
network and were not primed with bias-awareness information cues about generative AI (B  
= −.1049, SE = .0621, CI = −.2396 to .0053).2 If respondents were situated in a high-social 
norms network and primed with bias-awareness information cues, the indirect effect 
became non-significant (B = .0761, SE = .0764, CI = −.0681 to .2350). RQ2 is thus answered: 
bias-awareness information cues and social norms moderate the indirect effects of bias- 
based engagement cues (three-way) on generative AI adoption intention through trust in 
generative AI. The result was visualized in Figure 3.

2This is marginally significant: if we use 90% CI, the result is B = −.1049, SE = .0621, CI = −.2146 to −.0143. To keep the results 
consistent, we used 95% CI throughout the text and tables.
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The manipulation checks and other analyses are reported in Appendix C.

Discussion

Alan Turing posed the question “Can machines think?” in 1950, but AI only emerged as an 
everyday tool for millions of people in 2023, largely due to generative AI applications like 
ChatGPT (Wilkins, 2023). However, as scholars (DeCamp & Lindvall, 2023; Ferrara, 2024) 
have emphasized, the origins of AI bias include data bias, algorithmic bias, and user bias, 

Table 2. Conditional effects and interaction effects on value of moderators.
Interaction between bias-based engagement and  

bias-awareness information cue
Social norms = 1.00 −.82 *
Social norms = 3.00 −.02
Social norms = 5.00 .78 *

Effect of bias-based engagement on AI trust
Social norms = 1.00 Bias-awareness information cue = No .36
Social norms = 3.00 Bias-awareness information cue = No −.06
Social norms = 5.00 Bias-awareness information cue = No −.45 *
Social norms = 1.00 Bias-awareness information cue = Yes −.49+

Social norms = 3.00 Bias-awareness information cue = Yes −.08
Social norms = 5.00 Bias-awareness information cue = Yes .33

Note. Unstandardized regression coefficients are displayed. 
+p < .10, *p < .05, **p < .01, ***p < .001.

Figure 2. Three-way interaction effects among bias-based engagement, bias-awareness information 
cues, and social norms on generative AI trust.
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with users introducing their own biases into the system. As awareness of bias in AI grows, 
there may be increased regulatory scrutiny. These concerns can hinder the adoption of 
beneficial AI applications and the healthy development of this promising technology.

Theoretically, this study extends expectancy violation theory (EVT), which suggests that 
people’s expectations of AI primarily arise from social norms (Burgoon, 2016). However, 
there is tension between the two pathways through which social norms influence behavior: 
informational influence (people conform because they believe others are correct) and 
normative influence (people conform to gain social approval; Yanovitzky & Rimal, 2006). 

Table 3. Direct and indirect effects of bias-based engagement on generative AI 
adoption intention.

Paths Effect SE LLCI ULCI

IV → DV −.0922 .0726 −.2349 .0505
IV → Trust → DV

Bias-awareness information cue (No)
Social norms = 1.00 .0750 .0550 −.0276 .1914
Social norms = 3.00 −.0149 .02496 −.0662 .0314
Social norms = 5.00 −.1049 .0621 −.2396 .0053

Bias-awareness information cue (Yes)
Social norms = 1.00 −.1133 .0787 −.2785 .0349
Social norms = 3.00 −.0186 .0259 −.0694 .0333
Social norms = 5.00 .0761 .0764 −.0681 .2350

Note. IV: Bias-based engagement; DV: Generative AI adoption intention; Bootstrap resample =  
10,000 with 95% confidence interval. Estimates were calculated using the PROCESS macro 
(Model 11). Control variables are included in the analysis.

Figure 3. Interaction effects between bias-based engagement and bias-awareness information cue on 
generative AI trust under different values of social norms.
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To address this tension, the present study incorporates both forms of influence: (a) the 
normative influence of social norms (e.g., “People around me are generally positive about 
AI”), and (b) the informational influence reflected in cues that signal violations of fairness 
norms. By integrating these two perspectives, the findings of this study shed light on how 
normative and informational influences jointly shape attitudinal and behavioral responses 
to AI.

This study identified trust in AI as a mediator that could decrease after engaging with 
bias-based generative AI (i.e., viewing unbalanced gender outputs in occupations), which 
further decreases future adoption intention. We did not find a significant direct effect of 
bias-based engagement cues on trust in AI, which implies that general users may not be that 
reflective during their interactions with new technologies. In addition, the ceiling level of 
trust may not be easily altered by interacting briefly with a single AI interface.

We also introduced other factors to the model, including bias-awareness information 
cues and injunctive social norms, which may help raise or undermine awareness of these 
imbalanced outputs in terms of gender. However, we found that the two-way interaction 
between bias-awareness information cues and engagement cues was not significant. We also 
did not find the significant interaction between injunctive social norms and bias-based 
engagement cues. While our hypothesis suggests that injunctive social norms weaken the 
negative relationship between bias-based engagement cues and trust in AI, there could be an 
alternative explanation. That is, injunctive norms could potentially strengthen this negative 
relationship, as the inconsistency between injunctive norms (i.e., support for AI among 
social networks) and bias-based engagement cues (i.e., personal experiences of AI bias) may 
lead individuals with strong injunctive norms to evaluate bias-based engagement cues more 
negatively, resulting in increased distrust in AI.

This drives us to explore if there could be some conditional factors under which the 
interplay of the two types of cues could become stronger in impacting AI trust. The three- 
way interaction results uncovered the role of injunctive social norms, that is, supportive 
attitudes toward generative AI among respondents’ social networks. Compared with those 
who did not receive bias-awareness information cues, those who received cues had less- 
pronounced negative effects of bias-based engagement cues on trust in AI when their 
network showed supportive attitudes. In this scenario, positive attitudes toward generative 
AI within one’s social network and the absence of explicit bias‑awareness warnings in media 
messages did not present conflicts, so bias-based engagement cues stood out as the major 
influencer.

By contrast, if respondents received bias-awareness information cues that primed them 
about AI gender bias, the inconsistency between the information they got from media (i.e., 
AI is biased) and their network (i.e., AI is supported) presented a conflict which could trap 
them in a dilemma when engaging with generative AI. In this scenario, the power of social 
networks completed with potential negative effects of both bias-awareness information cues 
and bias-based engagement cues, which rendered the effects of bias-based engagement cues 
on trust nonsignificant.

Trust has been acknowledged in many studies as a critical factor influencing technology 
adoption. The present study contributes to the technology acceptance literature by con
ceptualizing three sources that can influence trust: experience with technology (bias-based 
engagement cues), information (bias-awareness information cues), and social network 
narratives (injunctive social norms). As Lee and See (2004) noted, the formation of trust 
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in technology systems relies on relative information and belief, as well as specific experi
ences with the technology (e.g., observing its performance). We extend the understanding 
of this trust formation process by considering media knowledge, social knowledge, and 
personal experience using AI in the trust formation process and its subsequent influence on 
AI adoption.

Practically, researchers have proposed several strategies to mitigate gender bias in 
generative AI (e.g., Gichoya et al., 2023). Beyond technical solutions, our study highlights 
the importance of communication-based interventions such as transparent messaging that 
explains how bias could be generated, detected, and corrected. We also suggest the impor
tance of bias disclaimers that acknowledge limitations upfront. These strategies can help 
bridge the gap between algorithmic improvements and the public’s trust in AI, boosting the 
ethical use of generative AI in the long term.

Several limitations of this study should be acknowledged. First, the data analyzed in this 
study came from an online experiment, and the manipulated generative AI could not match 
real-world experience. Future researchers may replicate the study in other settings that 
imitate gender or racial bias in AI outputs to further enhance its reliability and validity.

Second, we tested the moderated mediation model predicting adoption intention, but the 
path between trust in AI and adoption intention is only relational as both factors were only 
measured in the post-manipulation survey. We cannot rule out the possibility of a reversed 
path (i.e., adoption could impact AI trust). Moreover, while this study only examined the 
mediating role of AI trust, there could be multiple paths predicting ultimate AI adoption. 
This points to interesting models for future research.

Third, in this study, the sequence of manipulations was set as bias-awareness informa
tion cues being conducted before engagement cues. This is because the main purpose of the 
study was to explore whether learning about AI bias from the media could further 
strengthen people’s sensitivity to the issue when they encounter relevant experiences on 
their own. It would be an interesting direction to explore the results of a reversed sequence 
in future research.

Last, we need to acknowledge that testing respondents’ existing perception of AI bias 
could have some priming effects that would sensitize them about the issue of bias in 
generative AI, given that one’s perception of AI bias would have a potential confounding 
effect on the outcomes in the experiment, we still kept it in the pre-manipulation survey and 
control it in the analyses.

We launched the fieldwork in early 2024, when generative AI was still an emerging 
technology that had been primarily introduced and adopted in developed countries (e.g., 
the U.S.). As more people around the world are now able to access and experiment with 
different versions of generative AI, conducting a comparative study across regions with 
diverse sociocultural backgrounds would offer valuable insights.
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