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ABSTRACT 
 

Artificial intelligence (AI) has unprecedented technical abilities to create vast amounts of 

sophisticated media quickly and has been used in the United States to create fake images and 

stories. When viewing images online, Americans must now remain vigilant and discern fake 

images from real ones. Previous literature has discovered that participants are less discerning and 

more trusting when fake news headlines align with their pre-existing political beliefs, an effect of 

confirmation bias, but evidence remains inconclusive for studies utilizing AI-generated videos. 

This study examines the potential effects of confirmation bias on participants’ abilities to discern 

between AI-generated and real images and hypothesized that participants would more likely 

believe an image was real if it aligned with their political views, and political affiliation would 

significantly affect participants’ accuracy with images showing support for different ideologies. 

126 participants were shown various (real and AI-generated) images that displayed left-leaning 

and right-leaning politicians in positive and negative contexts and asked to conclude if the image 

was real or AI-generated. Though participants were more likely to believe an image was real if it 

aligned politically, overall image classification accuracy remained unaffected. Older age was 

found to be a significant predictor of better classification accuracy, leading to new discussions 

about future AI education and training.  
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Introduction 

Artificial intelligence (AI) has emerged as the dominant new technology in the United 

States (US), and its introduction and continued improvement have had a drastic impact on the 

lives of Americans. Generative AI models can automate and rapidly spread intentional and 

tailored misinformation campaigns (Goldstein et al., 2023). AI-generated images proliferate 

social media, especially political conversations, stirring fake news stories and providing 

fabricated “proof” for nonexistent events (Yang et al., 2023). Coupled with the immense reach of 

social media algorithms, AI-generated images and media can contribute to large-scale 

misinformation (Hicks, 2026). Confirmation bias, the tendency for people to seek information 

that aligns with their beliefs, expectations, and experiences, also contributes to the spread of 

misinformation, especially in online communities (Klayman, 1995; Knobloch-Westerwick et al., 

2014; Del Vicario et al., 2017). Literature has outlined the impact of confirmation bias in 

believing fake news, with participants more likely to trust headlines that align with their views 

(Calvillo et al., 2021, Del Vicario et al., 2017). Despite extensive literature on misinformation, 

misinformation in digital media remains understudied, with no research conducted on the impact 

of confirmation bias on fake images (Yang et al., 2023). With image creation and alteration 

becoming drastically advanced in recent years, examining the impact of confirmation bias in 

detecting AI-generated images will provide new, tech-focused perspectives to the study of 

misinformation. 
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Misinformation in Digital and Social Media 

 With AI advancing exponentially, image generation abilities have evolved to produce 

ever more realistic images based on user prompts. Individuals living in the US, especially social 

media users, are likely to encounter AI-generated images due to the sheer volume of production. 

34 million AI-generated images are created daily, and 71% of images shared on social media are 

AI-generated (Marr, 2025). AI-generated images can emulate real images, causing viewers to 

believe false events, stories, and realities.  

Digital media has remained the most popular source of news for several years, with 43% 

of adults accessing news through social media and the web (with the next most popular source 

being television at 32%). Social media trails news websites and apps by 7% as the second most 

popular source of political news, with Americans ages 18-29 being most likely (48%) to use 

social media as their primary news source (Mitchell et al., 2020).  

AI-generated images are not the first “fake” images to permeate social media. Over 20% 

of Facebook image posts about United States politics contain misinformation, which includes 

images containing misleading text, falsely labeled images, and edited photos depicting 

something false (Yang et al., 2023). The overwhelming volume of fake images online has 

signaled alarms for many Americans, with 70% of adults finding “it hard to trust information 

online” as they cannot differentiate “content [that] is real or AI generated” (AI Misinformation 

Control 2025 | Statista, 2025). Individuals often struggle to analyze digital media for authenticity 

due to the complex processing of visual information.  
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Visual Information Processing and Misinformation 

Innate processing of digital information, like images, contributes to belief in the content 

viewed. People process images much faster and more efficiently than written or verbal messages, 

producing stronger emotional responses that grab the viewer’s attention and aid in memory recall 

(Barry, 1997; Graber, 1990; Newhagen, 1998). Images also compel audiences more effectively 

due to their similarity to reality, vividness, and immediacy of memory (Wittenberg et al., 2021; 

Yadav et al., 2011). In the context of news coverage, images also produce stronger framing 

effects than text or audio messages (Powell, 2015). Images of candidates can heavily influence 

voters’ perceptions and affect their votes, exemplifying the impact visuals can have on opinion 

and behavioral intentions. (Ahler et al., 2016; Rosenberg et al., 1986). Exploring participants’ 

ability to identify fake images provides important insight for preventing the spread of 

misinformation.  

While little research surrounding the identification of AI-generated images exists, 

previous studies have concluded that participants generally cannot discern edited images from 

originals. Even when participants believe an image has been edited, they seldom identify what 

has changed (Nightengale, 2017). Participants’ ability to detect doctored images correlates 

positively with greater disruption of the underlying pixel structure of the photos, indicating that a 

higher volume of edits suggests image manipulation (Nightengale, 2017). However, AI-

generated media produces entirely new images, without any pixel disruption present. Individuals 

cannot rely on traditional strategies of identifying image falsehoods and must rely on logic and 

beliefs.  
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Cognitive Evaluation and Confirmation Bias 

 The process of determining the veracity of an image involves cognitive evaluation 

processes, and the dual process model from Stanovich (1999) and Kahneman (2011) has been 

widely examined and accepted throughout literature, especially when evaluating belief in 

misinformation (Moravec et al., 2019). The dual process model outlines two separate cognitive 

processes, System 1 and System 2, that comprise all cognitive evaluation. System 1 represents 

automatic cognition that happens instinctively and runs continuously to deliver automatic, 

involuntary conclusions. System 2 requires conscious choice and effort, but can be easily 

overwhelmed (Kahneman, 2011). Most people attempt to minimize cognitive effort and accept 

the conclusions of System 1 over attempting to invoke System 2, typically evaluating events in 

alignment with their existing beliefs (Taylor & Fiske, 1978). The reliance on System 1 of the 

dual process model explains the existence and prevalence of confirmation bias in cognition.  

Confirmation bias denotes the systematic inclination to preferentially seek out, interpret, 

and remember information in ways that reinforce an individual’s preexisting beliefs and 

expectations (Klayman, 1995; Knobloch-Westerwick et al., 2014; Del Vicario et al., 2017). 

Individuals tend to avoid information that causes discomfort; when people read headlines 

inconsistent with their beliefs, Moravec et al. (2018) found evidence of suppression in the alpha 

band (8-12 Hz), which previous literature associated with an increase in cognitive load. Increases 

in cognitive load explain why bias infiltrates the selection of information, compelling individuals 

to look at familiar, comfortable information in decision-making (Rajsic et al., 2016). 

Confirmation bias acts naturally and influences everyday information processing and judgment; 

increased polarization of opinion and spreading of information can be attributed to the cognitive 

phenomenon (Del Vicario et al., 2017).  
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Researchers have observed the effects of confirmation bias in political misinformation, 

finding that participants show less discernment for fake news that originates from or supports 

their political affiliation (Beauvais, 2022; Ludwig & Sommer, 2024). After the 2020 election, 

people with more conservative ideologies and approval of Donald Trump showed greater belief 

in fake headlines claiming election fraud (Calvillo et al., 2021). Ludwig & Sommer (2024) found 

that Democrats and Republicans are more likely to accept news congruent with their beliefs and 

are less adept at detecting favorable fake news. Michael & Breaux (2021) similarly concluded 

that political affiliation influenced participants’ belief in the integrity of news sources, with 

participants more likely to believe a source had “fake news” if it was incongruent with their 

beliefs.  

While extensive literature on misinformation and confirmation bias with textual stimuli 

exists, the effects in digital media remain understudied. In a literature review conducted by Yang 

et al. (2023) for articles on “disinformation, propaganda, fact-checking and misinformation” 

published between 2017 and 2021, only nine out of 135 articles focused on images. Though 

Ebner et al. (2025) sought to expand research on political confirmation bias in visual media, their 

primary visual focus was on deepfake videos and found no significant conclusions in support of 

confirmation bias effects.  

This present study seeks to extend the study of confirmation bias to images, an under-

examined branch of misinformation literature. Due to recent advancement of AI image 

generation powers, identifying AI-generated images has not been studied in the context of 

confirmation bias. This study examines whether political confirmation bias influences 

participants’ ability to distinguish between real and AI-generated images. 
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Hypotheses 

Prior research has shown that confirmation bias has had an impact on participants’ ability 

to distinguish between real and fake political news headlines (Ludwig & Sommer, 2024; Michael 

& Breaux, 2021). This study will extend the study of confirmation bias beyond text and look to 

determine if political affiliation influences accuracy when evaluating politically congruent versus 

politically incongruent images. Congruency will occur when participants are evaluating images 

that align with their political views. 

  

Table 1 - Overview of Participant-Image Congruency 

Participant Image Type Congruency 

Democrat Pro-Liberal Congruent 

Democrat Pro-Conservative Incongruent 

Republican Pro-Conservative Congruent 

Republican Pro-Liberal Incongruent 

 

This paper will explore two hypotheses evaluating response bias and performance bias. Both 

hypotheses together will determine the effects of confirmation bias on participant image 

evaluation. Additionally, this paper will explore a hypothesis predicting that other participant 

variables (besides political affiliation) will not have a significant impact on image evaluation.  

Hypothesis 1: Main Effect of Congruency 

 I hypothesize that participants will be more likely to classify politically congruent images 

as real. I hypothesize that image congruency will significantly affect participants’ probability of 
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classifying an image as real, producing a main effect of congruency. Confirmation bias suggests 

that participants are more likely to believe things they agree with, leading participants to believe 

politically congruent images are real.  

Hypothesis 2: Interaction Between Political Affiliation and Image Congruency 

 I hypothesize that different political groups will respond differently to the same types of 

images, producing a crossover interaction. Participants will be more accurate when evaluating 

images that align with their beliefs and less accurate when evaluating images that are not aligned 

with their beliefs. Confirmation bias suggests that if the two political participant groups evaluate 

the same image with preconceptions influencing the decision, the images will be judged 

differently.  

Hypothesis 3: Impact of Other Variables 

 I hypothesize that all other variables (age, gender, AI usage, and social media usage) will 

not have a significant impact on image evaluation by participants. Though variations are 

expected with expected exposure to AI (ex. Participants with AI experience will evaluate more 

accurately, participants who are younger will perform more accurately), I do not predict the 

variations to be statistically significant.  
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Methods 

Participants 

 126 study participants were recruited on Prolific and were paid $2 for completion of the 

survey. Of the 126 participants, 41% were male (n=52), 53% were female (n=67), 4% were non-

binary (n=5), and 2% (n=2) identified as another option (represented as “other”). All study 

participants were American by nationality and resided in the United States. 21% of participants 

were ages 18 to 29 (n=26), 30% of participants were ages 30 to 39 (n=38), 22% of participants 

were ages 40 to 49 (n=28), 14% of participants were ages 50 to 59 (n=18), 7% of participants 

were ages 60 to 69 (n=9), and 6% of participants were 70 years of age or older (n=7).  

Materials 

This study used 30 images total, both real and AI-generated. All images have been 

sourced legally from the web, news sources, or social media (for AI-generated images). 20 of the 

images featured a political figure from the United States, someone who ran for presidential or 

vice-presidential office from 2012 to 2026. The political images featured right-leaning politicians 

(J. D. Vance and Donald Trump) and left-leaning politicians (Kamala Harris, Joe Biden, and 

Barack Obama) in both a positive and negative context. The context of the image influenced its 

classification as pro-liberal (more left-leaning) or pro-conservative (more right-leaning). Right-

leaning politicians in negative contexts (ex. pictured with criminals) were classified as pro-

liberal, and left-leaning politicians in negative contexts (ex. getting arrested) were classified as 

pro-conservative. Including positive and negative images, 10 total images representing pro-
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liberal ideology (congruent with left-leaning participants’ beliefs) and 10 total images featuring 

pro-conservative ideology (congruent with right-leaning participants’ beliefs) are included. 

Participants viewed images and answered corresponding questions through a Qualtrics 

survey posted on Prolific in March 2026.  

Procedure 

I conducted a within-subjects experiment, where all participants were given a set of 30 

real and AI-generated images. For each image, participants were asked to determine if they 

believed the image was real or AI-generated, and their confidence in the decision. To assess the 

impact of confirmation bias in detecting AI-generated images, I established one independent 

variable of image congruence based on three sub-independent variables: image truth (AI-

generated and real images), image type (pro-left and pro-right), and participant political 

affiliation (very liberal, liberal, moderate, conservative, and very conservative). This study 

measured AI image detection performance and assessed the potential impact of confirmation bias 

on detection performance, measured by congruence effects and the interaction between 

participant political affiliation and image political valence on detection accuracy.   

Participants were given 30 images to evaluate, with 10 pro-conservative images (five 

real, five AI-generated), 10 pro-liberal images (five real, five fake), and 10 control images of 

portraits and setting images of both AI-generated people (5) and real people (5). For each of the 

images, each participant was asked whether they believed the image is real or AI-generated, their 

confidence in the decision (evaluated on a 5-point Likert scale ranging from “not confident at 

all” to “extremely confident”), and if they had seen the image before (yes or no). All images 
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were presented in a randomized order for each participant to prevent pattern detection that would 

impact image authenticity decision-making.  

After viewing each image and answering the related questions, each participant was 

asked to answer six questions to evaluate their political affiliation. Questions include self-reports 

of political affiliation, party affiliation, and favorability of specific conservative and liberal 

political figures, evaluated on a 5-point Likert scale ranging from “strongly disagree” to 

“strongly agree”. The determination of political affiliation through questions on topics was 

emulated from Ebner et al. (2025). Questions determining alignment with right-leaning ideals 

were scored from -20 to +20 based on responses from the Likert scale, with a difference of 10 

between each choice. Questions determining alignment with left-leaning ideals were scored from 

+20 to -20 based on the responses from the Likert scale, in order to ensure that left leaning 

ideology was captured by a negative number and right-leaning ideology was captured by a 

positive number. All responses to political questions were summed to determine the participant’s 

overall political affiliation.  

Finally, participants were asked to fill out a survey of demographic information, 

including age, gender, cultural background, disposition to trust, familiarity with AI, and social 

media usage. 
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Results 

 128 participants responded to the survey, with two responses removed from the dataset 

due to the participants’ failure to pass attention checks asking them to select “disagree” for 

question 89 and “extremely confident” for question 120. A participant size of N=126 was 

analyzed for this study, with very liberal (n=44, 35%), liberal (n=25, 20%), moderate (n=28, 

22%), conservative (n=15, 12%), and very conservative (n=14, 11%) participants represented. 

  

Table 2 - Participant Demographics 

Characteristic  Category N Percentage 

Race  White 98 77.8% 

  Black/African American 15 11.9% 

  Asian 7 5.6% 

  Other 6 4.8% 

Gender  Female 67 53.2% 

  Male 52 41.3% 

  Non-binary 5 4.0% 

  Other 2 1.6% 

Age Group  18-29 26 20.6% 

  30-39 38 30.2% 

  40-49 28 22.2% 

  50-59 18 14.3% 
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  60-69 9 7.1% 

  70+ 7 5.6% 

Political Standing  Very Liberal 44 34.9% 

  Liberal 25 19.8% 

  Moderate 28 22.2% 

  Conservative 15 11.9% 

  Very Conservative 14 11.1% 

 

As shown in Table 3, on average, participants evaluated 20.42 of 30 images correctly, with the 

most accurate participant correctly evaluating 29/30 images and the least accurate participant 

evaluating just under half of the images correctly (14/30).  

 

Table 3 - Summary of Image Accuracy 

N Mean Std Dev Min Max Variance 

126 20.42063492 2.915759042 14 29 8.501650794 

 

 Table 4 displays the average accuracy percentage of image evaluation for each of the 

political affiliations, with an accuracy breakdown for each image truth, image type, and overall 

accuracy. Both left-leaning (very liberal and liberal) and right-leaning (very conservative and 

conservative) participants had similar overall accuracy scores for political and control images 

combined, as well as just political images. However, a chi-squared test highlighted a significant 

difference in accuracy (p=0.011) by political affiliation for the real left-leaning (pro-liberal) 

images (Appendix A). All political affiliations were tested against each other using various two-
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proportion Z-tests, and very liberal participants performed significantly better than conservative 

participants (p < 0.01) and very conservative participants (p < 0.05), liberal participants 

performed significantly better than conservative participants (p < 0.05), and moderate 

participants performed significantly better than conservative participants (p < 0.05). Overall, the 

chi-squared and Z-tests showed that conservative participants were significantly less accurate 

when evaluating real pro-liberal images compared to other participant groups.  

 

Table 4 - Average Accuracy Percentages by Image Condition and Political Affiliation 

Political 
Affiliation 

Pro-
Liberal 

Real 

Pro-
Conservative 

Real 

Pro-
Liberal 

Fake 

Pro-
Conservative 

Fake 

Political 
Image 

Accuracy 

Apolitical 
Real 

Apolitical 
Fake 

Overall 
Accuracy 

Very Liberal 82.8 56.8 72.4 76.8 72.2 61.0 63.8 68.94 

Liberal 81.6 64.8 72.0 74.4 73.2 61.6 56.8 68.53 

Moderate 82.8 58.6 68.6 67.2 69.3 57.2 62.8 66.19 

Conservative 70.6 58.6 66.6 72.0 66.95 62.6 60.0 68.22 

Very 

Conservative 
77.2 67.2 70.0 72.8 71.8 60.0 61.4 68.10 

Note. All numbers are percentages. “Fake” means the image was AI-generated. Apolitical refers 

to the control images featuring unknown people. Bolded number is statistically significant.  

 

 To examine the role of political bias in participants’ evaluations of images, two mixed-

effects logistic regression analyses were conducted to analyze responses based on congruence 

and test the two hypotheses. Mixed-effects logistic regression was utilized to account for the 

repeated-measures structure of the data, and random intercepts were included for participants. 
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Perceived realness (whether participants decided an image was real) was analyzed to assess 

response bias (Hypothesis 1), and classification accuracy (whether participants were correct in 

their image classification) was analyzed to assess if biases had an impact on overall performance. 

The analyses were expected to produce significant results to reflect the presence of bias.  

 

Hypothesis 1: Main Effect of Congruency 

 As shown in Table 5, mixed-effects logistic regression revealed a marginal effect of 

congruency on participants’ perceived image realness, β = -0.224, SE = 0.116, z = -1.93, p = 

.054. Participants were marginally less likely to classify politically incongruent images as real 

than politically congruent images.  

Table 5 - Mixed-Effects Logistics Regression of Perceived Image Realness 

Predictor β (Estimate) SE z p 

Intercept -0.089 0.108 -0.828 .408 

Congruency (Incongruent) -0.224 0.116 -1.929 .054 

Note. DV = Perceived Realness (1 = classified as real). Negative coefficients indicate a lower 
likelihood of labeling images as real. Congruent images serve as the reference category. 
 

Hypothesis 2: Interaction Between Political Affiliation and Image Congruency 

 A mixed-effects logistic regression model was conducted, predicting accuracy from 

image ideology (pro-liberal vs. pro-conservative), political affiliation, image truth (real vs. AI-

generated), and their interactions.  

 As shown in Table 6, the analysis did not reveal a significant interaction between image 

ideology and political affiliation, indicating that the effect of image ideology on accuracy did not 

differ reliably across political groups. However, a significant main effect of image truth was 
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observed, β = -1.79, SE = 0.44, z = -4.04, p < .001, suggesting that participants were less 

accurate when evaluating real images. Pro-conservative real images were judged less accurately 

overall by participants (Table 4).  

 

Table 6 - Mixed Effects Logistic Regression Predicting Accuracy 

Predictor β SE z p 

Intercept 2.148 0.383 5.615 < .001 

Image Ideology (Pro-Liberal) -0.563 0.486 -1.159 .247 

Political Standing (Liberal) 0.034 0.486 0.070 .944 

Political Standing (Moderate) -0.076 0.470 -0.162 .872 

Political Standing (Very Conservative) -0.741 0.491 -1.507 .132 

Political Standing (Very Liberal) 0.428 0.466 0.919 .358 

Image Truth (Real) -1.792 0.444 -4.038 < .001 

Image Ideology × Image Truth 1.101 0.597 1.845 .065 

Political Standing × Image Truth (Very Conservative) 1.111 0.594 1.872 .061 

Note. DV = Accuracy (1 = correct). Reference categories: Pro-conservative images, 

Conservative political standing, and AI-generated images. Only key interaction terms are shown. 

Bolded p-values are statistically significant. 

 

Hypothesis 3: Impact of Other Variables 

 To determine if age, gender, AI exposure (previous AI image exposure, AI usage, 

frequency of AI viewing), and social media usage had any effect on participant judgements of 
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image accuracy, ANOVAs were conducted for each variable. Contrary to the original hypothesis, 

age group stood out as a statistically significant predictor (p < 0.05) of image evaluation 

accuracy.  

 

Table 7 - Demographic ANOVA Results 

Variable F-Statistic df η² p < 0.05 

Age Group  4.74 5,120 0.165 0.0007 

Gender 1.22 3,122 0.029 0.305 

Seen AI Images  0.48 1,124 0.004 0.49 

AI Tools Usage  1.71 4,121 0.054 0.152 

AI Content Frequency  0.45 3,122 0.011 0.716  

Social Media Frequency  1.18 3,122 0.028 0.321 

Note: Critical F-value at α = 0.05 varies by degrees of freedom. Bolded variable statistically 

significant. 

 Additionally, a linear accuracy trend emerged by age group, with older participants 

demonstrating slightly higher image detection accuracy. Table 8 displays detection accuracy by 

age group, with each older age group performing marginally better than the previous.  

 

Table 8 - Image Evaluation Accuracy by Age Group 

Age Group N Mean SD Min Max 

18-29  26 19.35 2.67 14 25 

30-39  38 19.76 2.54 15 25 

40-49  28 20.68 2.89 16 26 
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50-59  18 21.28 3.12 14 27 

60-69  9 22.33 2.96 18 28 

70+  7 23.14 3.44 19 29 
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Discussion 

 Previous studies examining political confirmation bias with text concluded that 

confirmation bias affects how participants evaluate news and which headlines they are more 

likely to believe. However, previous studies exposing participants to visual media did not find 

any significant evidence of confirmation bias when participants were evaluating political videos.   

The present study examined whether confirmation bias influences individuals’ ability to 

distinguish between real and AI-generated images, focusing on both response tendencies (belief 

bias) and objective accuracy (performance bias). The results provide minimal support for 

confirmation bias, revealing slightly biased judgments in perceived realness of images, but the 

effect was not strong enough to affect classification accuracy. Though the presence of 

confirmation bias is not fully supported, additional findings create interesting avenues for further 

exploration.  

Lack of Political Affiliation Effect 

The significant effect found for real left-leaning images suggests that conservatives were 

less accurate than very liberal, liberal, and moderate participants when evaluating real images 

that favored a liberal position. This pattern is consistent with the idea that motivated reasoning or 

prior beliefs may selectively impair performance when the content conflicts with one’s political 

orientation, though the effect size is small (Cramér’s V	=0.16). Additionally, no significant 

group differences were found for real right-leaning images, fake images of either orientation, or 

overall political image accuracy. The logistic regression results reinforce the conclusion that 
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political affiliation matters only in interaction with specific image types and does not affect 

overall performance, and image type and truth remain the strongest determinants of accuracy.  

Effects of Image Congruency on Evaluation Accuracy 

Consistent with the first hypothesis, participants demonstrated political bias in their 

image evaluations, as data revealed they were more likely to believe an image was real when it 

was politically congruent. Though the main effect was marginally significant, the direction of 

effect still aligned with the predictions derived from confirmation bias. This finding suggests that 

personal beliefs can impact judgments (especially of authenticity), even in cases of visual 

stimuli. When evaluating visual stimuli like images, participants may still rely on heuristic 

processing and accept belief-congruent information as more truthful and bestow less skepticism. 

The greater participant belief in politically congruent images aligns with previous confirmation 

bias research, where participants were presented with text, and suggests that similar cognitive 

shortcuts are still used when presented with images. When viewing political content (through 

text or visually), one must remain wary of falsified material, especially when it aligns with our 

own political beliefs, as we tend to become less skeptical when information aligns with our 

preconceptions.  

Though a main effect was observed, the effect was marginal, indicating that the influence 

of confirmation bias remained minimal. Participants’ knowledge of the study design and their 

desire to answer correctly may have encouraged more cautious or analytical responses, 

dampening potentially stronger effects. Despite any caution applied by participants throughout 
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the study, marginal main effects of congruence were still observed, suggesting that participants 

were slightly more likely to believe an image was real if it aligned with their pre-existing beliefs.  

Participants across political groups were less accurate when judging real pro-conservative 

images, especially when pro-conservative image accuracy is compared to other political images 

(Table 4). Uncertainty about the validity of real pro-conservative images could be due to the high 

volume of AI-generated images posted by one of the most well-known conservative politicians, 

current President Donald Trump. Since 2022, Trump has posted 62 AI-generated images or 

videos on his Truth Social account, both promoting him and his campaign and disparaging 

opponents; even in office, Trump has posted 36 AI-generated images and videos to Truth Social 

(Thompson, 2025; Tuquero, 2025). The frequency of AI-generated visual content from Trump 

may have caused participants to associate right-leaning images with AI, causing them to 

incorrectly believe the real images are AI-generated.  

Potential Biases Uninfluential on Objective Classification Performance  

Contrary to the second hypothesis, the data produced no significant interaction between 

political affiliation and image ideology on image classification accuracy. Participants’ abilities to 

correctly distinguish between real and AI-generated images were not systematically influenced 

by whether the content aligned with their political beliefs. Although participants exhibited a 

tendency to perceive politically congruent images as real (confirmed by the results of Hypothesis 

1), this bias did not translate into reduced accuracy. The lack of alignment between belief and 

accuracy indicates participants may hold biased perceptions at a subjective level without those 

biases necessarily impairing their ability to make correct classifications. While a participant’s 
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initial judgments are potentially influenced by prior beliefs, they may engage in more 

deliberative processing when making final decisions, allowing them to correct for potential 

biases (demonstrated by the lack of difference in overall performance). The study structure, 

where participants were informed that their evaluations could be incorrect and were required to 

make explicit decisions, likely led participants to make a more analytical response utilizing 

higher-order cognition.  

The dissociation between response bias and accuracy indicates that confirmation bias 

may operate at an initial evaluative stage without necessarily impairing ultimate task 

performance, suggesting that increased cognitive load can help individuals move past initial bias 

and provide better aid in evaluative situations. When faced with political content, knowledge that 

information can be false and employing higher-order cognition can potentially prevent 

individuals from believing falsified content.  

Decreased Accuracy of Real Image Evaluations  

Participants were less accurate when evaluating real images compared to AI-generated 

images, demonstrating a significant main effect of image truth. This pattern suggests a general 

bias toward identifying images as AI-generated, which may reflect increased skepticism or 

uncertainty due to unfamiliarity with rapidly advancing AI technology. Such a tendency could 

have reduced the likelihood that confirmation bias would manifest in accuracy, as participants 

may have defaulted to a more cautious response strategy across conditions to compensate for a 

lack of knowledge. AI-generated images come in many levels of realism, leaving participants to 

question whether the real images were extremely realistic AI and to choose accordingly.  
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Increased Accuracy with Age 

Despite all other external variables having no significant impact, age played a significant 

role, with older participants evaluating images more accurately than younger participants. While 

all participants 60+ had seen AI-generated visual content before, and most had frequently 

interacted with AI output or tools, the successful identification of the older participants could be 

due to longer lifetime exposure to real faces and less familiarity with digitally modified faces. 

Younger individuals, who use social media more, would likely be exposed to more edited and 

filtered faces, potentially impacting their schema of “normal” faces and inadvertently adjusting 

their authenticity threshold to include digitally modified faces. However, further exploration of 

this finding with a larger sample size is required to draw conclusions.  

Limitations and Future Directions 

One of the major limitations of this study was the small sample size, limited by study 

funding. Though this study found age to be a statistically significant predictor of image 

evaluation accuracy, the sample size for older participants was extremely small (ages 70+ N=7, 

ages 60-69 N=9, and ages 50-59 N=18). The present study should be run with a larger age 50+ 

participant pool to determine if age remains a significant predictor of classification accuracy. The 

current age findings contradict general beliefs that younger individuals are better than older 

individuals at understanding AI; further research exploring if older individuals are better at 

detecting AI in other forms (ex. written text) could potentially contradict long-held beliefs about 

human interaction with technology. Investigating the cognitive processes that underlie age 

accuracy differences could also shape AI education approaches.  
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Investigating potential patterns with image analysis accuracy and time taken on the study 

could determine whether more deliberative processing helped participants in assessing image 

type. While participant response time was collected, it was not analyzed for this study; the 

negligible impact of confirmation bias suggests that a future replication can examine response 

time effects further.  

Additionally, further replications of this study with more images and a larger, more 

diverse participant pool could examine whether the same effects and patterns are found in a more 

diverse sample size. While the AI materials for the present study were sourced online, 

replications with AI-generated images from the most advanced platforms would reflect 

participants’ detection abilities with images they are more likely to encounter naturally, as AI 

technology has advanced since the images were created and sourced.  

The second limitation of the study was that political affiliation questions were mainly 

self-reported, and asking participants their alignment with liberalism/conservatism or the 

Democratic/Republican parties may not have captured their true political stance. Additionally, 

image-political affiliation congruency would only be greatly aligned if participants had a 

favorable opinion of the politicians of their party. Future replication studies with AI-images 

generated specifically for the study will strengthen the current findings.
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Conclusion 

The effects of confirmation bias on individuals’ abilities to discern between real and AI-

generated political and apolitical images remain negligible. Despite a tendency to perceive 

politically congruent images as real, participants did not show reduced accuracy in overall image 

classification. The marginal response bias having no significant impact on participants’ overall 

image classification opens avenues for further research. The confirmation bias could have 

operated at an initial stage that was later controlled by cognition and did not affect performance 

accuracy. As participants knew some images were real and some were AI-generated, they likely 

were more aware of potential biases and took more time to evaluate images. Though participants 

of all political affiliations had similar image accuracy scores, all participants performed worse on 

real pro-conservative images. The performance deficit at just the one image condition could be 

explained by right-leaning politicians posting more AI, leading participants to become more 

doubtful of pro-conservative images; however, this phenomenon requires further research.  

Importantly, an effect of age emerged in participant image evaluation data. As age 

increased, participants became more accurate with their image classifications, contrary to general 

assumptions about AI knowledge and detection ability.  

As AI-generated content becomes more sophisticated and ubiquitous, understanding the 

individual differences in detection ability will provide crucial insight into AI education and 

training. This study demonstrated that overall, people do not let political biases impact their 

judgment of images, knowing that there is the potential that an image is AI-generated. 

Awareness of the possibility that an image is AI-generated can help prevent individuals from 
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believing false images, demonstrating support for AI-generated post labels on social media and 

news platforms. Understanding how individuals cognitively mitigate biases in judgment and 

decision-making can foster greater collaboration, communication, and understanding, especially 

in an era where all media has the potential to be fabricated. 
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Appendix A 

General Result Data Analysis 

Table 9 - Overall Performance Accuracy by Political Affiliation 

Political 

Affiliation 

Liberal 

Real 

Conservative 

Real 

Liberal 

Fake 

Conservative 

Fake 

Apolitical 

Real 

Apolitical 

Fake 

Number 

Correct 

Accuracy 

(%) 

Very Liberal 4.14 2.84 3.62 3.84 3.05 3.19 20.68 68.94 

Liberal 4.08 3.24 3.60 3.72 3.08 2.84 20.56 68.53 

Moderate 4.14 2.93 3.43 3.36 2.86 3.14 19.86 66.19 

Conservative 3.53 2.93 3.33 3.60 3.13 3.00 20.47 68.22 

Very 

Conservative 
3.86 3.36 3.50 3.64 3.00 3.07 20.43 68.10 

Note. Fake means the image was AI-generated. Apolitical refers to the control images.  

 

Table 10 – Chi-Squared Test Results 

Column χ² p-value 

Pro-Liberal Real Images 12.9 0.011 

Pro-Conservative Real Images 6.4 0.17 

Pro-Liberal AI-generated Images 4.8 0.31 

Pro-Conservative AI-generated Images 3.9 0.41 
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Political Image Accuracy  1.8 0.77 
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Appendix B 

Image Stimuli Presented to Participants 

Pro-Liberal Real Images: 

1. Image 1:  

 

2. Image 2: 
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3. Image 3: 

 

4. Image 4: 
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5. Image 5: 
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Pro-Conservative Real Images: 

1. Image 1: 
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2. Image 2: 
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3. Image 3: 
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4. Image 4: 
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5. Image 5: 

 

 

Pro-Liberal AI-generated Images: 
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1. Image 1: 
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2. Image 2: 
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3. Image 3: 
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4. Image 4: 
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5. Image 5: 

 

 

Pro-Conservative AI-generated Images: 
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1. Image 1: 
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2. Image 2: 

 

3. Image 3: 
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4. Image 4: 
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5. Image 5: 

 

 

Control Real Images: 
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1. Image 1: 
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2. Image 2: 
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3. Image 3: 
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4. Image 4: 
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5. Image 5: 

 

 

Control AI-generated Images: 
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1. Image 1: 
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2. Image 2: 
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3. Image 3: 
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4. Image 4: 
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5. Image 5: 
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Appendix C 
Political Evaluation and Demographic Questions 

Political Questions: 

1. Generally speaking, I identify as a liberal 

a. Strongly disagree 

b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

2. Generally speaking, I identify as a conservative 

a. Strongly disagree 

b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

3. Generally speaking, my views align with the current Democratic party 

a. Strongly disagree 

b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

4. Generally speaking, my views align with the current Republican party 

a. Strongly disagree 
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b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

5. I have a favorable opinion of Donald Trump 

a. Strongly disagree 

b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

6. I have a favorable opinion of Kamala Harris 

a. Strongly disagree 

b. Disagree 

c. Neither agree nor disagree 

d. Agree 

e. Strongly agree 

 

Demographic and AI Familiarity Questions: 

1. Select your age 

a. 18 – 29 

b. 30 – 39 

c. 40 – 49 

d. 50 – 59 
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e. 60 – 69 

f. 70+ 

2. Select your gender identity 

a. Male 

b. Female 

c. Non-binary 

d. Other 

3. How frequently do you come across AI content on the Internet? 

a. Never 

b. Rarely 

c. Sometimes 

d. Often 

e. Always 

4. How frequently do you use AI tools? 

a. Never 

b. Rarely 

c. Sometimes 

d. Often 

e. Always 

5. Have you come across AI-generated images or videos before? 

a. Yes 

b. No 

6. How frequently do you use social media? 



60 
 

a. Never 

b. Rarely 

c. Sometimes 

d. Often 

e. Always 
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