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Abstract 

Recent advances in text-to-image generation have raised concerns about the potential harmful 

effects of this new technology: scams, manipulation and misinformation. The present study 

aimed to investigate the factors that influence humans’ ability to successfully differentiate 

between AI and real images. The effect of inductive learning on improving human AI (and 

real) image detection, as well as the effects of emotional content and visual attention to detail 

ability were studied using an online image detection task. Based on the literature it was 

expected that inductive learning, high visual attention to detail skills and fearful pictures (as 

opposed to happy and angry images) would have a positive effect on the detection of AI 

generated images. The data of N = 270 participants was analysed. The results showed training 

through inductive learning to be effective, especially when the image contained a happy 

expression. AI Images with fearful facial expressions were detected more accurately than 

those containing happy or angry expressions, only when individuals did not receive any 

training. Visual skills measured by the L-EFT did not show any effect on the detection rate of 

AI images, nor did it show an effect on the detection of real images. No interaction effects of 

training were found between visual attention to detail for training and emotional content. 

These findings suggest that inductive learning can be a promising approach for improving 

human AI detection and may help with minimizing the risks associated with text-to-image 

generation. 

​ Keywords: Inductive learning, Human AI detection, Fear Bias 
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Improving Human AI Image Detection: the Role of Emotional Content, Visual Skills 

and Inductive Learning  

Within only a few years, generative AI has changed how visual information is created, 

shared and perceived. During this development, generative AI has become more accessible 

for the general public. With, in the Netherlands alone, 23% of the population (12 years and 

older) and nearly half (48.7%) of young adults aged 18-25 having used AI in 2024 (Centraal 

Bureau voor de Statistiek, 2024). The use of AI is not only popular in the Netherlands 

however, text-to-image generation is being used by millions of people worldwide in an array 

of different fields, such as: marketing, art creation and education (Oppenlaender, 2024).  

​ While the rapid rise of AI generated content, specifically text-to-image generation, has 

created opportunities for creativity, efficiency and innovation, it also raises concerns 

regarding authenticity, misinformation and the potential misuse of AI generated images 

(Cazzamatta & Sarısakaloğlu, 2025). With these concerns, along with AI generated images 

becoming more indistinguishable from real images (Yang et al., 2024) and the increase in the 

use of AI (Centraal Bureau voor de Statistiek, 2024), understanding how humans perceive and 

recognise AI generated images therefore becomes increasingly important. Research shows 

that humans struggle to accurately detect artificially generated images, often performing no 

better than chance, especially when the images contain human faces (Cooke et al., 2025; 

Greenspan & Bergold, 2025; Sapronov & Gorbunova, 2025; Yang et al., 2024). This inability 

could have serious implications, such as: the increase of realistic deepfakes (Becker & 

Laycock, 2023), financial fraud (Cooke et al., 2025), and the reinforcement of negative 

stereotypes (Chou et al., 2025; Gao et al., 2025).  

While these risks alone form a potential threat, the use of emotion in these AI 

generated images could significantly add to the problem. In 2024, AI generated pictures 

depicting a frightened little girl in the aftermath of hurricane Helene (Colorado, US), 
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circulated the internet (Daniel, 2024), creating emotional responses amongst thousands of 

viewers, with some viewers even using this image to spread political misinformation 

(Jingnan, 2024). Previous research has shown that (negatively) emotionally charged images 

can increase people’s willingness to donate money to a cause, especially when this image is 

shown on social media (Bak et al., 2024). However, when such images are artificially 

generated (i.e. image of a girl during hurricane Helele; Daniel, 2024), this increased 

willingness to donate could potentially be abused by scammers through evoking empathy to 

prompt donations to a nonexistent cause. In addition to that, the increase of fake media could 

lead to fewer donations and volunteering attempts to actual causes, by eliciting skepticism in 

individuals towards all images of disasters, including real ones (Daniel, 2024).  

​ These potentially harmful use cases raise an important question: ‘Is everyone as 

susceptible to getting tricked by these AI generated pictures? And which characteristics of AI 

generated images make them more easily detectable?’ Could, for example, pictures depicting 

certain emotions get detected better than others? Real-world examples already demonstrate 

the potential impact of emotionally charged AI generated images (Daniel, 2024; Jingnan, 

2024), highlighting the importance of further investigation. While some studies indicate that 

individual differences (e.g. age; Cooke et al., 2025) or image characteristics (i.e. emotional 

content; Park et al., 2024) can influence the detection rate of artificially generated pictures, 

the amount of quantitative research on this topic remains poor. Given the increase of realism 

in AI generated images and the potential negative consequences associated with this 

development, especially for emotional pictures, even small insights into how humans can 

better detect AI generated pictures can be of great importance.  

​ The present study tries to address these concerns, by testing whether training through 

inductive learning can improve participants' detection rate of AI generated pictures as 

opposed to non-AI generated images. In addition to that, the relationship between emotional 
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facial expression of the AI generated image, individual differences in visual attention (to 

detail) in relation to the detection rate are also addressed.  

Characteristics of AI Generated Images and the Role of Inductive Learning 

With recent developments, artificially generated pictures seem more lifelike than ever 

before, especially for images containing human faces (Yang et al., 2024). While early AI 

generated images depicting humans often contained flaws, such as too many fingers, blurry 

skin texture or too many teeth (Chen et al., 2023), these inconsistencies have become less 

frequent and less detectable to the human eye. As a result, successfully detecting AI pictures 

now relies on more subtle cues that reveal the picture to be artificially generated, as opposed 

to depending on explicit rules for differentiation.  

Inductive Learning 

In order to train individuals to recognise these subtle differences between AI generated 

and real images, training should focus on seeing multiple examples and naturally forming 

generalisations about the different categories, without specific rule instruction. One promising 

approach based on these principles is inductive learning, in which individuals independently 

learn to recognise patterns across categories (Richter et al., 2022), a process potentially 

beneficial for successful AI image detection. Kornell and Bjork (2008) found that this 

learning effect was especially strong when examples of these categories were interleaved. 

This means that instead of seeing all the examples from one category followed by all the 

examples of another category, it is more effective to interleave examples from different 

categories in a shuffled sequence. The reason behind interleaving being effective can be 

explained by the discriminative-contrast hypothesis, which states that by interleaving 

categories, the contrasting differences between the different categories become more 

noticeable to an individual (Kang & Pashler, 2011; Birnbaum et al., 2012). By highlighting 

fine-grained differences between different categories, this approach could not only improve 
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AI detection accuracy, but also reduce the potential harmful risks of AI image generation 

(e.g., emotional manipulation; Daniel, 2024). Training individuals to recognise these patterns 

on their own through inductive learning could therefore minimize risks associated with AI 

text-to-image generation becoming more accessible and widespread. 

In sum, it can be expected that training individuals to recognise AI generated images 

with inductive learning will have a positive effect on the detection rate of AI generated 

images, real pictures and the AI and real pictures combined (overall detection rate), by 

highlighting subtle differences between AI generated images and real images without external 

rule coaching, potentially minimizing the harmful risks associated with artificially generated 

images (Bak et al., 2024; Cazzamatta & Sarısakaloğlu, 2025; Daniel, 2024; Jingnan, 2024). 

H1: Inductive learning training will improve the overall image detection rate of 

AI-generated and real images.  

Human AI Detection 

Beyond training, various factors could influence the ability for humans to successfully 

detect artificially generated pictures. For example, emotional images may be particularly 

likely to manipulate viewers (Bak et al., 2024), making AI generated images a great target for 

scams and manipulation. However, susceptibility to these images does not depend on content 

alone. Research suggests that individual differences of the viewer can also play a role in 

successful AI image detection (Cooke et al., 2025). Together these findings point to an 

important interaction between the content of an image and the characteristics of the person 

viewing it. Understanding how these factors can interact is therefore crucial for understanding 

successful human AI image detection.  

A few studies have investigated which individual differences or image characteristics 

make AI pictures more easily identifiable. For example, Cooke et al. (2025) found that age 

influenced one's ability to detect AI-generated images, with older participants showing higher 
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error rates. Another study found that artificially generated images depicting positive emotions 

were more easily detectable than images depicting angry or neutral facial expressions (Park et 

al., 2024). However, it should be noted that this study was published in 2024, when AI 

systems were less developed, and had a small sample size (N = 18). Another important 

limitation of this study is that fear was not included as a negative emotional category, despite 

its central role in human emotion processing.  

Fearful faces are known to capture attention rapidly (Stein et al., 2013), which could 

potentially positively influence AI detection. In addition, considering the potential harmful 

consequences of AI pictures depicting fearful faces (Bak et al., 2024c; Daniel, 2024; Jingnan, 

2024), inclusion of fear as an emotional category is especially important. Overall, research on 

which factors influence the detection of AI generated images remains scarce, leaving 

unanswered questions about how specific emotional content, especially fear, and individual 

(perceptual) differences can influence AI image detection performance. 

Emotion Recognition 

Attentional Fear Bias 

Humans detect fearful faces quicker than happy or neutral expressions, commonly 

referred to as an attentional fear bias (Stein et al., 2013). This bias appears to be automatic 

and may serve an adaptive function, contributing to socioemotional development (Eskola et 

al. 2023; Segal & Moulson, 2020; Stein et al., 2022). This view of the bias being an automatic 

mechanism, is also supported by neurological evidence showing that individuals with lesions 

in the primary visual cortex are still able to subconsciously process fearful faces when they 

are shown in their blind visual field (Bertini et al., 2017). This evidence suggests that fear 

recognition depends on highly fundamental processes, which may heighten sensitivity to 

subtle irregularities, as seen in AI images (Chen et al., 2023).  
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Researchers have speculated that this attentional fear bias could be related to the 

fearful faces being perceived as a threat (Stein et al., 2013). However, this bias in attention for 

fear is even prevalent when compared to angry faces, which can also be classified as 

threatening (Engen et al., 2015). This evidence suggests that fearful faces have a unique 

ability to capture human attention that goes beyond a general response to threatening stimuli. 

To gain a clearer understanding of the attentional fear bias and its potential role in AI image 

detection, the underlying visual mechanisms that contribute to it should be explored.  

Emotion Recognition, Processing and AI Generated Images 

​ Quick and accurate emotional recognition depends on the integration of individual 

senses and interaction of different brain regions (Choo et al., 2025). Emotion processing 

occurs through two different pathways: top-down processing and bottom-up processing, 

which both contribute to visual attention to detail skills. Recent evidence highlights the 

importance of top-down processing, showing that factors such as: context, emotional attention 

and earlier experiences can also influence emotion detection (Mohanty et al., 2025). Research 

from Lecker et al. (2025) further supports these findings with the addition that especially 

context seems to play a grand role in fear detection.  

Bottom-up processing for emotion detection relies more on the physical aspects of a 

stimulus, like color or facial expressions (Mohanty et al., 2025). Facial perception through 

bottom-up processing uses two types of visual information: low-spatial frequencies (global 

visual features: e.g. the contours of the face; Menzel et al., 2018) and high-spatial frequencies 

(finer details: e.g. lashes, position of the brows) (Wylie et al., 2022).  

Traditionally, it was believed that mostly low-spatial frequencies were associated with 

rapid fear detection by bypassing the visual cortex and operating mostly unconsciously (Stein 

et al., 2013). Yet, an increasing amount of studies have shed a light on the importance of 

high-spatial frequencies for this attentional fear bias (Stein et al., 2013). These high-spatial 
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details tend to be features in which generative AI models make small errors (Chen et al., 

2023). High spatial frequency information could therefore play an important role in 

identifying AI generated pictures, by revealing small deformities that set apart AI images 

from real ones.  

These fine grained details are not processed the same way by all individuals however. 

Individual differences in visual attention to detail ability can play an important role in 

perceiving high spatial frequencies (Nassar & Troiani, 2020). With attention to detail being 

defined as the ability to focus on fine-grained detail as opposed to the global picture. In 

conclusion, the value of high-spatial frequencies for AI image detection should be 

acknowledged and might even be more significant than the value of low-spatial frequencies. 

In addition to that, individuals with more pronounced visual attention to detail skills, are 

better at perceiving high-spatial frequencies. Therefore it can be hypothesized that individuals 

with more developed attention to detail skills are better at AI image detection than those with 

less developed visual attentional to detail skills. 

H2: Individuals with better visual attention to detail ability will detect AI-generated 

images more accurately. 

The tendency for fearful facial expressions to grasp humans’ attention (attentional fear 

bias; Stein et al., 2013) could have an effect on an individual's ability to detect AI generated 

images depicting this facial expression. Since fearful faces automatically capture humans’ 

attention (Stein et al., 2013), individuals might be more sensitive to inconsistencies in AI 

generated images that depict this emotion. In addition to that, because the detection of fearful 

facial expressions relies heavily on high-spatial frequency information and AI models 

sometimes struggle to generate these features perfectly (Chen et al., 2023), AI generated 

images depicting fearful expressions may be more easily recognisable than those showing 

positive or angry faces. Overall, these factors suggest that artificially generated images 
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depicting fearful faces may be detected more accurately than those showing happy or angry 

faces.  

H3: AI generated faces displaying fear will be detected more accurately than those 

displaying positive emotions and angry emotions. 

​ Individual’s visual attention to detail ability (H2) and detection rate of fearful faces 

(H3) may also interact. If the detection of especially fearful stimuli depends on the perception 

of high frequency information (Stein et al., 2013), individuals that are detail oriented may be 

even better at the detection of fearful faces as opposed to happy or angry faces. Therefore it 

can be hypothesized that individuals with more pronounced attention to detail skills will 

detect fearful AI generated faces more accurately than participants with lower attention to 

detail abilities. Furthermore, receiving inductive learning training is expected to enhance 

participants’ sensitivity to these high spatial frequencies for fearful expressions (Richter et al., 

2022).  

H4: Participants who receive inductive learning training will show a stronger 

relationship between visual attention to detail skills and detection accuracy for fearful AI 

faces as compared to individuals who do not receive this training.  

Method 

Participants  

​ A total of N = 291 participants completed the study. All participants had to be at least 

16 years of age to participate in this study. Some participants were recruited through the 

SONA platform belonging to the University of Groningen (n = 242), consisting mostly of 

first-year psychology students, who received course credits for their participation. Other 

participants were recruited through the personal networks of the researchers (n = 49); these 

individuals did not receive any compensation for participating. All participants received an 

informed consent form, which they read and signed prior study participation. This consent 
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form explained their rights as participants in a research study and how their data would be 

handled.  

​ To ensure data quality, a mandatory completion time was used. The median was used 

to compute this completion time. For the control condition, the median completion time was 

1003.5 seconds. Participants that completed the study within less than half of this duration or 

more than three times the median duration were excluded from analysis. Based on these 

criteria, one participant was excluded for taking too little time and four participants were 

excluded from analysis for taking too long.  

In the training condition the median completion time was 1796 seconds. Applying the 

same exclusion criteria as before, sixteen participants from the training condition were 

excluded for taking too long to complete the study. No participants from the training condition 

were excluded for taking too little time. 

 After applying these criteria a total of N = 270 participants (203 female, 60 male, 5 

non binary, 2 undisclosed) were left in the final sample. Of these participants, n = 148 were 

left in the control condition and n = 122 participants remained in the training condition. Most 

participants (n = 231) were around the age of 18-24. The remaining age categories were 

represented as follows: 25-34 (n = 14), 35-44 (n = 4), 45-54 (n = 11), 55-64 (n = 3) and 65+ (n 

= 7).  

​ The study was deemed low risk by the guidelines set up by the Ethics Committee and 

therefore exempt from full ethical review. Data collection commenced on November 6th of 

2025 and ended on November 16th of 2025 under code PSY-2526-S-0030.  

Design 

​ This study used a mixed experimental design and was conducted online using the 

Qualtrics platform. The design included one between-subjects factor (training vs. control) 

and three within-subjects factors (facial emotion, attractiveness and image type). 
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Participants were randomly assigned to either the experimental condition (i.e., training)  

or the control condition (no training). The independent variables included the training 

condition, facial emotion (happy; angry; fearful), level of attractiveness (high or low), and 

image type (AI-generated or real photo). The dependent variables measured were 

classification accuracy, confidence ratings, theory of mind and attention to detail.  

Materials and Procedure 

 The experimental design was set up to examine whether inductive learning improves 

people’s ability to distinguish AI-generated faces from real ones and how individual 

differences in cognitive and perceptual abilities affect their classification accuracy. All 

participants completed a test where they had to determine if a picture was AI generated or a 

real photograph. These images varied systematically in terms of emotional expressions 

(happy, angry and fearful) and attractiveness, and they were balanced for gender (women and 

men) and race (Black and White). The real pictures came from the Chicago Face Database 

(CFD) (S et al., 2015a; S et al., 2020). This database was chosen as all faces were labeled and 

categorized for the emotions, gender, race and attractiveness, the latter based on a ranking by 

a large sample (N = 100). All pictures in the database were unified, meaning the background 

was removed and all jewelry was removed. The AI images were generated through 

Midjourney version 7 (Midjourney, 2025) and Dall-e version 3 (OpenAI, 2025). These models 

were chosen because they were accessible to the research team and they are widely used 

(Bhattacharya, 2025), therefore creating a representative picture sample. Example prompts 

that were used can be found in appendix A, in addition to that, examples of AI images used in 

the study can be found in appendix B. The decision on which pictures to include was made on 

a joint agreement (n = 6) based on photorealism, expressed emotion and attractiveness. The 

pictures were matched to comparable images from the Chicago face database, to relatively 

match the gender, race and attractiveness. Both AI models on occasion added jewelry or a 

https://www.zotero.org/google-docs/?RkFU9y


​ ​ 14 

coloured background. Using prompts to remove or alter the image did not result in a change in 

jewelry or a colored background. Therefore the AI images were edited to remove the 

background and remove jewelry to match the appearance of the real photographs. 

The test contained 48 unlabeled pictures, 24 AI and 24 real images. These were further 

divided into 12 males and 12 females, each with the 3 types of emotions. For each emotion, 

happy, angry and fear, there were 4 pictures, of which half are considered attractive and the 

other half are considered unattractive. The labeling of the attractiveness was based on 

previous ratings for the real photographs (S et al., 2015; S et al., 2020) and based on prompt 

instructions for the artificially generated images. In the inductive learning condition, there 

were a total of 96 images shown with a description of whether this is AI or a real image.  

Several measures were administered as part of the broader study. Measures relevant to 

the current research (visual attention to detail skills and demographic characteristics) are 

thoroughly reported below, whereas the remaining measures (theory of mind and confidence) 

are reported in short.  

Visual Attention to Detail Skills. The participant's visual attention to detail ability 

was measured using the L-EFT (M = 8.008, SD = 1.806). The L-EFT measures the ability to 

disembed information from context (de-Wit et al., 2017). A higher score on this test indicates 

better visual-attention to detail skills in the disembedding of visual information. This test 

originally consists of 64 questions, however including the whole test would have caused 

concerns for the total length of the questionnaire. The L-EFT is a newer version of the 

original embedded figures test by Witkin (1971), which has been validated in short form with 

twelve and even six questions (Mumma, 1993). While this did not exist for the L-EFT, the 

data set including accuracy results was made publicly available by de-Wit et al. (2017). Based 

on this data of 255 participants, the ten most difficult items were selected, as Schlooz & 

https://www.zotero.org/google-docs/?RkFU9y
https://www.zotero.org/google-docs/?cNg4NW
https://www.zotero.org/google-docs/?mS8SyO
https://www.zotero.org/google-docs/?3FarxV
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Hulstijn (2014) found that increased difficulty showed better increased sensitivity. The items 

had an accuracy range of 0.49-0.70, with an average of 0.59. While the validation of the short 

version of the L-EFT has yet to be determined, the L-EFT is validated to test visual attention 

to detail ability without major influences from broader cognitive abilities (Huygelier et al., 

2018). The questionnaire first showed a figure at the top of the screen. The figure was 

presented together with three response options, among which only one contained the 

embedded figure. Participants were asked to choose the image in which they believed the 

figure appeared. 

Demographic Characteristics. Participants were asked to indicate their gender, age 

group, and preferred language (Dutch/English). The corresponding question for gender was; 

‘‘what is your gender?’’ with the response options male, female, non-binary, other or prefer 

not to say. Age was also asked and categorized into groups; 18-24, 25-34, 35-44, and so on, 

up to 65+. At last ‘‘what is your native language?’’ was asked. Participants could give 

multiple answers from the response options English, Dutch, German, other or prefer not to 

say. For each option, the opportunity to not disclose this type of information was included for 

ethical reasons. 

Theory of Mind. This measure was not included in the analysis of the present study 

and is therefore only briefly described. The “Reading the Mind in the Eyes Test” (RMET; 

Baron-Cohen et al., 2001) was used to assess participants’  Theory of Mind (ToM; Carlson et 

al., 2013). Participants viewed eight images depicting eyes and were asked to select the 

emotion that best matched the expression from four options (M = 5.822, SD = 1.368). 

Confidence. This measure was not included in the analysis of the present study and is 

therefore only briefly described. Participants’ confidence in their ability to classify images 

was assessed using an ad-hoc measure during multiple time points. Responses were given on 

a 6 point Likert-scale (1 = not confident at all, 6 = very confident) to avoid neutral responses 

https://www.zotero.org/google-docs/?3FarxV
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Image Classification. For the classification of faces generated by AI or real faces we 

asked with every shown image: “This image is:” with two response options. “AI-generated” 

or “A real photo” with an allowed response time of 15 seconds. In the inductive learning 

condition, participants completed a training session where they viewed a series of faces 

correctly labelled as AI-generated or real. These were shown in an alternating pattern to help 

the participants notice the visual distinctions between both categories. Participants in the 

control condition did not receive this training and instead went straight to the test.   

​ After the survey participants had the opportunity to write any remark or feedback 

about the experiment if they wished to. Finally, they could see a message thanking their 

participation, which marked the end of the procedure. 

Results 

Preliminary Analysis 

​ All data was analysed using JASP version 0.95.4 (JASP Team, 2025). Performance 

scores were calculated by creating an additional scoring variable for each test question and 

assigning either a 0 (incorrect) or 1 (correct) value based on the answer of the specific test 

question. These additional scoring variables were then added up in different categories to 

determine performance scores: happy AI score, angry AI score, fearful AI score, AI detection 

rate (total of AI pictures correctly identified), real pictures detection rate (total of real pictures 

correctly identified) and overall detection rate (total of all pictures correctly identified).  

The effect of training on the detection rate (H1) was analyzed using an independent 

sample t test.  To analyse the effect of the LEFT scores on the detection rate (H2), a linear 

regression model was used. Finally, to analyse the difference in detection rates for the 

different emotional categories (H3) and the relationship between training and the LEFT scores 

and AI depicted emotional category (H4), a RM (repeated measures) ANOVA with post hoc t 

tests were used.  
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All model assumptions were checked and corrected for if necessary. Any corrections 

done on the model/data are mentioned in the corresponding parts.  

Main Analyses 

​ Regarding Hypothesis 1, stating that inductive learning will improve the detection rate 

of all images (overall detection rate), one-sided t-tests were performed using condition 

(training vs. control) as the independent variable and the different picture detection rates 

(overall detection rate, AI detection rate and real pictures detection rate) as dependent 

variable. Training improved participants’ overall detection rate (t(247.7) = -9.014, p < .001, d 

= -1.077, Mdiff  = 6.273), as well as their AI detection rate (t(219.6) = -9.024, p < .001, d =  

-1.070, Mdiff  = 3.361) and the detection rate of real images (t(263) = 6.243, p < .001, d =  

-0.751, Mdiff  = 2.911).1 Although Cohen’s d is negative, this reflects the coding in the analysis 

and does not indicate the direction of the effect; performance was higher in the training 

condition for all variables. These differences are also illustrated in Figure 1, which shows the 

overall detection rate increasing in the training condition. Therefore, the results support 

Hypothesis 1. 

​ To analyse the second Hypothesis, which states that individuals with high visual 

attention to detail scores will show higher performance in AI picture detection, a linear 

regression model was conducted to predict AI detection rates from visual attention to detail 

(LEFT-scores), while controlling for condition (training vs. control). According to this 

analysis, there did not seem to be any relationship between the L-EFT score of participants 

and the AI detection rate when controlled for condition type (B = .151, SE = .107, p = .158). 

As illustrated in Figure 2, the LEFT scores also showed a ceiling effect with the mean score (

1 There were indications of normality being violated for all three variables: overall detection 
rate (W=.93, p<.001), AI detection rate (W=.93, p<.001), and real pictures detection rate 
(W=.96, p<.001). However, because of the large sample size, violations of normality do not 
necessarily warrant any concern, as the central limit theory ensures that the test statistics 
remain robust (Field, 2017). A Mann-Withney test did not yield different results (all p’s < 
.001) 
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=8.008, sd=1.806) being only two points away from the maximum score of ten, with the 𝑥

most common score being the maximum score (mode = 10). In conclusion, the results do not 

support Hypothesis 2. 

Hypothesis 3, stating that fearful AI generated pictures will be detected more 

accurately than angry or happy AI generated pictures, was examined using an RM ANOVA 

and post hoc t tests with the three different AI emotional categories (happy, fearful and angry) 

as the repeated measures cells and condition (training vs. control) as a between subjects 

factor. Since Mauchly’s test indicated that the assumption of sphericity was violated (W = 

.963, X2 = 10.12, p = .006), the degrees of freedom were corrected using the 

Greenhouse-Geisser correction (ε = .964). There seemed to be an effect of the type of 

emotional AI content on the detection rate of these images, F(1.924; 515.680) = 19.798, p = < 

.001, η²p  = .069, as well as an interaction effect between emotional content and condition type 

(training vs. control), F(1.924; 515.680) = 4.769, p = .01, η²p  = .017. In the control condition, 

AI faces displaying fear were more easily detectable than AI faces displaying happiness 

(t(267) = 6.912, pbonf < .001) or anger (t(267) = 3.653, pbonf = .005). However, in the training 

condition this difference disappeared (fear v.s. happiness: t(267) = 2.173, pbonf=.460, fear v.s. 

anger: t(267) = 1.525, pbonf  = 1). Notably, training led to the largest improvement in the 

detection rate of happy AI generated faces (Mexp-Mcontro l = 1.396, t(249.7) = 7.832, pbonf < .001, 

d = 0.937). This interaction effect between training and emotion shown in the AI pictures is 

visible in Figure 3, in which the increase in the detection rate from control to the training 

condition varies mostly for the AI pictures displaying happiness. Therefore the results 

partially support Hypothesis 3, as the effect of fearful AI pictures being easier to detect, was 

only visible in the control condition.  

​ The final hypothesis (H4) expected a stronger interaction effect between the detection 

rate of fearful AI pictures and experimental condition for individuals with high visual 
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attention to detail. This was analysed using an RM ANOVA, using the three different AI 

emotional categories (happy, fearful and angry) as the repeated measures cells, condition 

(training vs. control) as a between subjects factor and the LEFT score as a covariate. 

According to Mauchly’s test, the assumption of sphericity was violated (W = .963, X2 = 9.782, 

p = .008), which is why the Greenhouse-Geisser correction was used (ε = .964). Moreover, 

there was also no relationship between the LEFT score and the emotional content of the 

pictures with relation to condition (F(1.929; 503,412) = .533, p = .580). In sum, the results do 

not support Hypothesis 4.  

​ In conclusion, some hypotheses were supported. Training through inductive learning 

had a positive effect on the overall detection rate, AI detection rate and real pictures detection 

rate (H1). AI generated pictures depicting fearful faces were more easily detectable than AI 

generated images of happy and angry faces (H3), only in the control condition. And lastly, 

there was no relationship between the LEFT scores and the detection rates (H2) and this 

relationship did not differ over condition types and visual attention to detail scores (H4).  

Explorative Analysis 

​ An additional exploratory analysis focussed on the effects of age on the overall 

detection rate with regards to the conditions. As previous research identified, older 

participants usually had more difficulties detecting AI generated images (Cooke et al., 2025) 

and the effect of training on this detection rate has not yet been explored. This explorative 

research aims to examine potential areas for further research without making any inferential 

claims.  

​ To examine the effect of age in relation to condition type (control vs. training), an 

ANOVA was used with the overall detection rate as the dependent variable and the condition 

type (training vs. control) and their age group (older vs. younger adults) as independent 

variables. After this analysis, post hoc independent t tests were also used to examine the 



​ ​ 20 

results more closely. Because of the limited number of individuals in the older age groups, a 

division was made between younger adults (18-24, 25-34, 35-44) (n = 249) and older adults 

(45-54, 54-64, 65+) (n = 21).  

An individual's age did seem to have an effect on the overall detection rate (F(1; 266) 

= 50.25, p < .001). Interestingly, the analysis also suggested an interaction effect between 

one’s age and the effect of training through inductive learning, F(1; 266) = 18.67, p < .001, η²p  

= .185, with older adults showing greater improvements in their overall detection rate after 

training (Mexp-Mcontrol = 15.806, t(266) = 6.834, pbonf < .001, d = 3.013). For the control 

condition, younger adults performed better than older adults ( 1- 2 = 13.733, t(266) = 8.694, 𝑥 𝑥

pbonf < .001, d = 2.618). However, in the training condition this difference is no longer 

significant 1- 2 = 3.332, t(266) = 1.834, pbonf = .406, d = 0.635). This effect is also visible in (𝑥 𝑥

Figure 4. This result suggests that different age groups might respond differently to inductive 

learning training.  

Discussion  

​ The main aim of this study was to investigate the effects of inductive learning training, 

the type of emotion depicted in AI images and visual attention to detail skills on successful AI 

image detection. By identifying the factors that influence the detection of artificially 

generated pictures, this study aimed to contribute to minimizing the risks associated with the 

widespread distribution of AI pictures (Bak et al., 2024; Cazzamatta & Sarısakaloğlu, 2025; 

Daniel, 2024; Jingnan, 2024). At first, training through inductive learning was associated with 

higher detection rates of both AI-generated and real pictures, only in the control condition 

(H1). In contrast, better visual attention to detail skills measured by the L-EFT were not 

associated with higher detection rates for either image type (H2). Notably, AI pictures 

demonstrating a fearful expression were detected more accurately than those displaying a 

happy or an angry expression in the control condition (H3). Finally, no interaction effect was 
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found between visual-attention to detail skills and the type of emotion depicted in the AI 

images, nor was this relationship moderated by training (H4).  

Interpretation of Results  

​ Hypothesis 1. The finding that inductive learning improved the overall detection rates 

suggest that the participants were able to learn to find small differences between the real 

images and those generated by artificial intelligence. The overall training effect was also large 

(d = -1.077), hinting that training had a substantial impact on detection ability. Through 

repeated exposure and continuous comparison of varied image examples, as opposed to 

explicit instruction, individuals were able to learn to make their own generalisations for 

successful differentiation between AI and real pictures. As a result, inductive learning as a 

process may be particularly effective in distinguishing AI images as it supports perceptual 

sensitivity to small differences that distinguish these closely resembling categories.   

​ Hypothesis 2. No support could be found for the expected relationship between visual 

attention to detail skills and the detection rates. One possible explanation for this null-effect 

could be that the finding of training through inductive learning suggests successful AI image 

detection may rely more strongly on perceptual learning than on individual differences, such 

as visual-attention to detail skills. Another possible reason could be rooted in the measure 

used to determine visual attention ability (L-EFT; De-Wit et al., 2017), however this point is 

discussed further in the limitations section.  

​ Hypothesis 3. In control condition, detection accuracy was lower for happy and angry 

AI-faces, as compared to fearful AI-faces. This emotional advantage of fear disappears 

however, when inductive learning training is applied, implying an interaction effect between 

emotion displayed in the AI picture and training. One possible explanation for this interaction 

could be that baseline detection rates for fearful AI faces were already elevated, limiting the 

improvement from training compared to other emotional categories. A potential reason for 



​ ​ 22 

this heightened baseline (only visible in control condition) detection ability for fearful AI 

faces might come from an inherent fear bias (Stein et al., 2013), which makes humans more 

perceptive to fearful faces, in turn recognising artificially generated fearful faces more 

accurately. The benefit of this main effect then appears to be reduced when inductive learning 

is applied. On the other hand, since AI generated images are based on already existing images 

and the demand of the individuals generating these images (Yadav et al., 2024), the ability for 

humans to detect fearful AI faces more accurately compared to happy and angry artificially 

generated expressions in the control condition, could also be due to the AI systems being less 

able to generate this type of emotion accurately. Text-to-image generation is widely used in 

the field of marketing (Institute for Human-Centered Artificial Intelligence, 2025), which 

usually relies on happy images to sell products (Sengupta et al., 2025). Therefore, it can be 

argued that text-to-image generators are just not trained well enough to produce accurate 

fearful faces. Nevertheless, the increase of the AI detection rate for fearful faces after training 

through inductive learning suggests that this effect can not fully be attributed to general 

limitations of AI systems alone. Previous research found happy AI faces to be easier to detect 

than angry AI faces (Park et al., 2024), stating that positive emotions were therefore easier to 

detect than negative emotions. However, the current study results suggest that emotion-related 

AI detection advantages may be more specific than previously assumed by Park et al. (2024), 

with fearful faces (negative emotion) being the easiest to detect compared to both happy and 

angry faces. This finding highlights the importance of distinguishing different emotion types 

rather than treating emotion as a binary category.  

​ Hypothesis 4. There was no interaction found between visual attention to detail skills 

and detection of fearful AI generated faces. This relationship also did not differ when 

participants had received inductive learning training. These findings suggest that visual 

attention to detail ability, as measured by the L-EFT, did not successfully moderate the 
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detection of fearful AI faces. However, the interpretation of this null-effect should be taken 

with caution as the results could be due to limitations regarding the L-EFT measure, which 

are discussed further in the limitations section and were also addressed in relation to 

Hypothesis 2.  

​ Explorative Analysis. Additional exploratory analysis found a main effect of age on 

the overall detection rate, with older adults (aged 45yo) scoring generally lower than their ≥

younger counterparts (aged 44yo). However, in the training condition, this effect ≤

disappeared, suggesting an interaction effect between age and inductive learning training. 

This means that older adults improved more after training through inductive learning than 

younger adults. One possible explanation for this effect could be that older adults have less 

prior experience with identifying text-to-image generated pictures, because they use it less 

(Centraal Bureau voor de Statistiek, 2024), making their baseline detection rates lower. 

Training then has an even greater effect, by allowing them to get experience with the different 

categories. In contrast, younger adults could already possess more familiarity with AI 

generated images, limiting their learning ability. It is important to note that this interpretation 

remains speculative, since experience with AI images was not measured, the sample size of 

the older adults was small. In addition, these findings should be taken with caution because 

they were exploratory, the study was not made to study age-related effects on detection rates 

and there were no hypotheses formulated to test this beforehand.  

Implications  

​ Theoretical Implications. The support for Hypothesis 1, stating that inductive 

learning will improve participant’s ability to successfully distinguish between AI generated 

and real images, provides theoretical support for the inductive learning theory (Kornell & 

Bjork, 2008) as well as the discriminant-contrast hypothesis (Kang & Pashler, 2011; 

Birnbaum et al., 2012). Due to the fast development of text-to-image generation, successful 



​ ​ 24 

detection of artificially generated pictures depends on noticing fine details rather than obvious 

distortions  (Chen et al., 2023). Interleaving of the examples may have facilitated this noticing 

process by making the contrast between the pictures more apparent (Kornell & Bjork, 2008). 

This contrast in turn enhances participant’s ability to differentiate between the different 

categories, as supported by the discriminative-contrast hypothesis  (Kang & Pashler, 2011; 

Birnbaum et al., 2012). This finding extends the inductive learning theory with new domains 

in which it has proven to be effective. The finding that AI images containing fearful faces get 

detected better than happy or angry faces, indirectly supports the theory of an attentional fear 

bias capturing human’s attention (Stein et al., 2013). The higher detection accuracy of these 

AI images with faces depicting fear indicate that prioritized emotional stimuli processing can 

enhance sensitivity to artificially generated pictures. Even though the study design does not 

allow for any direct conclusions about attentional mechanisms, the results do indirectly 

support the role of fear-related attentional processing in detecting AI pictures.  

​ Practical Implications. The large positive effect of inductive learning training on 

distinguishing artificially generated images from real ones, gives hope towards human’s 

ability to identify AI pictures. This can have implications as an intervention to protect 

individuals from potential harmful consequences of AI image generation, such as scams (Bak 

et al., 2024; Daniel, 2024) and misinformation (Cazzamatta & Sarısakaloğlu, 2025; Jingnan, 

2024). As known from previous research, the elderly are frequently scammed on the internet 

(Burnes et al., 2017). In combination with the results of the explorative analysis suggesting 

that older individuals benefit most from training, interventions based on inductive learning in 

this particular group could be especially effective. However, as previously mentioned, these 

results need to be taken with caution and further research is necessary to make any inferential 

claims.  

Strengths, Limitations and Future Directions 
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​ Strengths. The study had a number of strengths. To start off, the study had a large 

sample size of N = 270 participants, which increases statistical power and reliable parameter 

estimates. Secondly, because of the use of standardized images, the internal validity of the 

study is high, limiting the influence of outside factors on the results. The inclusion of multiple 

emotions was also a strong point of the present study, as previous research had not yet 

examined the effect of fearful emotions on AI image detection and only focussed on happy vs. 

angry emotions (Park et al., 2024). The use of inductive learning as a training method can also 

be considered a strength in this study, as the approach has been well supported by previous 

research on learning patterns and categorization  (Richter et al., 2022), strengthening the 

interpretation of the training effects for AI image detection.  

​ Limitations. As with any experimental study, there were also limitations that need to 

be taken into account when interpreting the study results. The primary limiting factor for this 

study is the fast development of AI systems. With AI models evolving rapidly (Cooke et al., 

2025), the findings of the present study reflect a snapshot in time and may not be 

generalizable to newer text-to-image models. In addition to the previous point, it is unclear 

how long the inductive learning training effect actually stays, especially when taking the rapid 

development of text-to-image models into account. In the present study, participants were 

tested on their detection skills immediately after the training. Therefore, no claims can be 

made about the long term effects of inductive learning training on AI image detection. 

Furthermore, the use of only two text-to-image models to generate the AI pictures, is also a 

limitation. These models were chosen because they are one of the most widely used 

(Bhattacharya, 2025) and were accessible to the research team, however the findings of this 

study are therefore only generalizable to images created by these exact text-to-image models: 

Midjourney (Midjourney, 2025) and Dall-e (OpenAI, 2025). The sample that was used in the 

study was a limiting factor for the generalizability of the results. The sample consisted of first 
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year psychology students from the University of Groningen and participants recruited from 

the personal networks of the research team, making this sample a convenience and WEIRD 

(Western, Educated, Industrialized, Rich, Democratic; Kanazawa, 2020) sample. 

Consequently, the study sample is not representative of all individuals. The final limitation 

addresses the null-effect of the visual attention to detail scores. The L-EFT might not have 

been the most sensitive measure to measure attention to detail in this study. The scores on the 

L-EFT showed a strong ceiling effect ( =8.008, sd=1.806, mode = 10), meaning a large 𝑥

number of participants achieved high scores on the test, therefore the variability on these 

scores was limited. This could have had an impact on the ability to detect a relationship 

between visual attention to detail skills and detection rates. In addition to this, the short 

version of the L-EFT has not yet been validated for testing visual attention ability (De-Wit et 

al., 2017). Therefore the absence of a main effect of visual attention to detail skills on AI 

image detection could be due to study limitations rather than the absence of a correlation.  

​ Future Directions. In retrospect, the L-EFT might not have been the best measure for 

differentiating participant’s visual attention to detail skills in this study. Therefore, future 

research could focus on using other measures with higher sensitivity and differentiability to 

conceptualize visual attention to detail skills in relation to the detection of AI images. More 

sensitive measures may reduce ceiling effects and show more variability between individuals, 

thereby providing a more accurate assessment of how visual attention to detail ability relates 

to AI image detection. For example, a visual search task with increasing difficulty could be 

used for measuring attention to detail skills (Palmer & Davis, 2004), with a specific focus on 

recognising subtle differences. Taken together, future research is necessary to investigate if 

visual attention to detail skills contribute to successful AI image detection. Beyond these 

methodological points, future research could also explore the inductive learning effects across 

age groups, AI models and focus on the long term effects of training.  
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Conclusion 

​ To conclude, the main takeaway from this experiment is that training through 

inductive learning appears to be an effective method for improving individuals’ ability to 

successfully distinguish between artificially generated and real images. In addition, at 

baseline, individuals seem to be better at detecting fearful AI faces as opposed to happy or 

angry AI faces. This emotional advantage diminishes when inductive learning is applied, 

implying that humans can be trained to detect happy and angry AI generated faces as 

accurately as AI images containing fearful expressions. In contrast, no evidence was found for 

a relationship between visual-attentional to detail skills and detection ability. These findings 

may have implications for minimizing the potential harmful risk associated with text-to-image 

generation, such as scams (Bak et al., 2024; Daniel, 2024) and misinformation (Cazzamatta & 

Sarısakaloğlu, 2025; Jingnan, 2024). Future research could focus on the long term effects of 

inductive learning training, the training effect in older adults, the detection rate of artificially 

generated videos and/or using other AI models.  
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Tables 

Table 1 

Descriptives of the Score Variables of the Test 
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Correlations Between the Major Variables
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Table 3  

RM ANOVA of the Interaction Effect Between AI Emotion Type (Happy, Fearful and Angry) 

and Condition (Training vs. Control) 

 

 

Table 4 

Post-Hoc Comparisons t Tests of The Effect of AI Emotion Type (Happy, Fearful and Angry) 

in the Different Conditions (Training vs. Control) 
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Table 5  

RM ANOVA of the non Significant Interaction Between L-EFT Scores and Emotional Content 

and the non Significant Effect of L-EFT Scores on AI Detection Rate 

 

 

Table 6 

Exploratory Analysis: Descriptives of Older and Younger Adults. 

 

Note. Age is coded as 0 = younger than 45 years, 1 = 45 years or older  
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Table 7  

Exploratory Analysis: Post Hoc Comparison t Tests for Differences Between Older and 

Younger Adults with Regards to Condition 

 

Note. Age is coded as 0 = younger than 45 years, 1 = 45 years or older  
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Figures 

Figure 1  

The Effect of Training on Overall Detection Rate 

 

 

Figure 2  

Histogram Illustrating the Distribution of the LEFT Scores 
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Figure 3  

Interaction Between Condition and Depicted AI Emotion Type (Happy, Fearful and Angry) 

 

 

Figure 4  

Exploratory Analysis: Interaction Between Age group and Condition 

 
Note. Age is coded as 0 = younger than 45 years, 1 = 45 years or older  

Appendix A: Examples of Prompts  
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​ The following are examples of prompts used in this study, organised by category (male 

vs. female, attractiveness and emotional type). These prompts (and variations of these 

prompts) were used to create the AI generated images.  

Females 

Angry (Attractive) 

Make a realistic photo of a 40 year old white woman. She has an angry expression, 

wearing a grey t-shirt (round neck) against a pure white background. Natural skin texture, 

minimal makeup, unstyled hair, and realistic lighting. 

Angry (Unattractive) 

Make a frontal photograph of an ugly-looking black woman (45 years old) with an 

irritated expression, wearing a grey t-shirt (round neck) against a white background. Uneven 

skin texture, tired eyes, unstyled long hair, no makeup, realistic lighting and colors, round, 

chubby face. 

Happy (Attractive) 

Make a front-facing photograph of a middle aged attractive black woman with a happy 

expression (closed mouth), wearing a grey t-shirt (round neck) against a white background. 

Minimal make-up, no jewelry and realistic lighting.  

Happy (Unattractive) 

Create a frontal photograph of an ugly-looking young black woman with a happy 

expression (open mouth), wearing a grey t-shirt with a round neck against a completely white 

background. Her face must be round and full, she should not be wearing make up and her 

teeth should be a little crooked.  

Fear (Attractive) 

Create a picture of an attractive middle-aged white woman which could be used for a 

database for emotions. The picture should have a white background and she should be 
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wearing a grey shirt with a round neck. She should look scared, but realistically. She should 

have her hair up and have no jewelry. Her shirt and shoulders should be visible.  

Fear (Unattractive) 

Make a picture of an unattractive adolescent white woman with acne (23 years old) 

who is considered ugly exhibiting the emotion fear, she has to be terrified. Completely white 

background. Gray shirt (round neck). Should not be too close up (shirt and shoulders visible). 

Realistic human with facial asymmetry, and add some blemishes in the skin. Not too pretty 

looking. Not too much light and reduce shininess on the face. 

Males 

Angry (Attractive) 

Make a realistic photo of a 40 year old white man. He has an angry expression, 

wearing a grey t-shirt with a round neck against a pure white background. Natural skin texture 

and realistic lighting. 

Angry (Unattractive) 

Create a frontal photograph of an unattractive adolescent black man with an 

angry/irritated expression, wearing a grey t-shirt with a round neck against a completely white 

background. He is overweight and has skin blemishes. Shirt and shoulders should be visible.   

Happy (Attractive) 

Make a front-facing picture of an attractive white man (25 years old) who is smiling 

(mouth closed) exhibiting the emotion of being happy. Emotion recognition task theory of 

mind database. Grey shirt with a white neck and pure white background. Not too zoomed in, 

his shirt and shoulders should be visible. No additional shine on the face.  

Happy (Unattractive) 

Produce an image of an ugly middle-aged white man who is happy (smiling with 

mouth open). He should have facial asymmetry, eye bags, skin blemishes, a grey shirt with a 
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round neck and a fringe. The background needs to be white. Should be indistinguishable from 

reality.  

Fear (Attractive) 

Image of an attractive black man (30 years old) looking scared against a white 

background. The picture should be usable in a database for emotion recognition. Gray shirt 

with a rounded neck. Shoulders should be visible. Realistic lightning and reduce shininess on 

the face. 

Fear (Unattractive) 

Make a front facing image of a black man (20 years old) who is considered ugly and 

unattractive. He should be looking frightened. Give him facial asymmetry and acne. He 

should be wearing a grey shirt with a round neck and his shoulders should be in the picture. 

Do not add any jewelry or additional facial shininess.  

 

 

 

 

 

 

 

 

 

 

 

Appendix B: Examples of AI Images Used in the Study 

AI Images  
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Angry Attractive Woman 

An example of an AI image of an attractive woman with an angry expression. 

  

Note. This image was generated through Midjourney.  

Angry Unattractive Woman 

An example of an AI image of an unattractive woman with an angry expression. 

  

Note. This image was generated through Dall-E.  

Happy Attractive Woman  

An example of an AI image of an attractive woman with a happy expression. 
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Note. This image was generated through Midjourney.  

Happy Unattractive Woman 

An example of an AI image of an unattractive woman with a happy expression. 

  

Note. This image was generated through Midjourney. 

Fearful Attractive Woman 

An example of an AI image of an attractive woman with a fearful expression. 
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Note. This image was generated through Midjourney. 

Fearful Unattractive Woman 

An example of an AI image of an unattractive woman with a fearful expression. 

  

Note. This image was generated through Dall-E. 

Angry Attractive Man 

An example of an AI image of an attractive man with an angry expression. 
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Note. This image was generated through Midjourney.  

Angry Unattractive Man 

An example of an AI image of an unattractive man with an angry expression. 

  

Note. This image was generated through Midjourney.  

Happy Attractive Man 

AI image of an attractive man with a happy expression. 
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Note. This image was generated through Midjourney.  

Happy Unattractive Man 

An example of an AI image of an unattractive man with a happy expression. 

  

Note. This image was generated through Midjourney.  

Fearful Attractive Man 

An example of an AI image of an attractive man with a fearful expression. 
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Note. This image was generated through Midjourney.  

Fearful Unattractive Man 

An example of an AI image of an unattractive man with a fearful expression. 

  

Note. This image was generated through Dall-E.  

 


