
 
 

Delft University of Technology

Document Version
Final published version

Licence
CC BY

Citation (APA)
de Winter, J. C. F., Pfeifer, J., Dodou, D., & Eisma, Y. B. (2025). Detecting Midjourney-Generated Images: An Eye-
Tracking Study. Proceedings of the Human Factors and Ergonomics Society, 69(1), 2000-2005.
https://doi.org/10.1177/10711813251363209

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.
Unless copyright is transferred by contract or statute, it remains with the copyright holder.
Sharing and reuse
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.
Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.

https://doi.org/10.1177/10711813251363209


https://doi.org/10.1177/10711813251363209

Proceedings of the Human Factors and 
Ergonomics Society Annual Meeting
2025, Vol. 69(1) 2000–2005
Copyright © 2025 Human Factors  
and Ergonomics Society

DOI: 10.1177/10711813251363209
journals.sagepub.com/home/pro

Poster Session 2

Introduction

As AI becomes increasingly capable of generating text, 
sound, and images, a fundamental question emerges: How 
can we determine whether what we read, hear, or see is real 
or artificially generated? Originally, this challenge was 
addressed in the Turing Test, which examines whether 
humans can distinguish computer-generated output from that 
of a human.

In texts written by students, academics, and others, there 
is increasing evidence that these texts are often (partially) 
generated by a large language model (LLM; De Winter et al., 
2023; Liang et al., 2024). These suspicions are supported by 
evidence such as the prevalence of certain writing styles or 
words compared to fully human-written text (Soto et  al., 
2024). Similar issues are also emerging with photos, videos, 
products, and interfaces, where there is increasing debate as 
to whether the material is real or fake (e.g., Cooke et  al., 
2025; Lu et al., 2023).

When assessing the authenticity of images, viewers may 
apply a variety of strategies. One strategy is to evaluate fea-
tures such as texture and lighting. Another is to identify 
implausible objects or situations or to detect artifacts (Kamali 
et al., 2024; Mathys et al., 2024). Beyond artifact detection, 
individuals may assess authenticity by comparing images to 
established mental schemas and prototypes of “realness”. 

Consequently, highly novel real-world depictions, such as 
futuristic designs, might appear unconvincing because they 
deviate from familiar prototypes.

The current study aimed to gain insight into how people 
determine what is real or fake. Participants were presented 
with two images at a time, one real and one AI-generated. 
The participants’ task was to determine as quickly as possi-
ble which of the two images was the fake one. We used 
images that may frequently appear in the real world (stan-
dard cars and buildings) as well as images of a “novel” nature 
(futuristic cars and buildings). Our hypothesis was that par-
ticipants would struggle to distinguish real from fake when a 
real futuristic object was paired with a fake standard object. 
We reasoned that the inherent unfamiliarity of the real futur-
istic object might make it appear less convincing compared 
to the AI-generated, but familiar, standard object, potentially 
overriding subtle cues that might otherwise indicate the stan-
dard object was fake. Apart from measuring response 
accuracy and response times, eye-tracking was included to 
explore how participants allocated their visual attention.
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Abstract
This study investigated human performance in identifying AI-generated images. In a speeded forced-choice task, 255 
participants viewed paired images (one real, one AI-generated by Midjourney) of standard or futuristic cars and buildings 
and had to identify the AI-generated one, while eye movements were recorded using an eye-tracker. Results revealed a 
powerful “futurism-as-artificiality” heuristic. Specifically, participants performed poorly (55% correct) when an AI-generated 
standard image was paired with a real futuristic image. Conversely, accuracy was high (91% correct) when the AI-generated 
futuristic image was paired with a real standard image. Participants’ gaze landed first on the AI-generated image more often 
when it depicted a futuristic design than when it depicted a standard one. The demonstrated heuristic presents a double-
edged sword for information veracity: it may lead to the uncritical acceptance of AI-generated misinformation that appears 
conventional, while simultaneously causing real forward-thinking designs to be dismissed as fake.
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Methods

This experiment constituted Task 2 of a three-task battery; 
the design and results of Task 1 (free-viewing task) are 
reported elsewhere (Pfeifer et  al., 2025). Participants were 
MSc engineering students who were enrolled in the TU Delft 
course Human-Robot Interaction. Recruitment procedures, 
testing environment, and ethical clearance (HREC #4742) 
were identical to those described by Pfeifer et al.

A total of 255 MSc students participated. They had a 
mean age of 23.5 years (SD = 1.9); one participant did not 
report a valid age. The participants consisted of 198 males 
(77.6%), 56 females (22.0%), and one individual (0.4%) who 
preferred not to disclose their gender.

A 24-inch BenQ XL2420 monitor (1,920×1,080 px) was 
used for stimulus presentation. Participants were seated 
97 cm from the screen with their heads placed in a support. 
Eye movements were recorded using an EyeLink 1000 Plus. 
Eye-tracking data were available for 241 participants.

Participants completed 40 trials. In each trial, they viewed 
a pair of images, one real, one AI-generated, presented side-
by-side (see Figure 1 for an example). Participants had to 
identify the AI-generated image as quickly as possible by 
pressing the corresponding left or right shift key. 129 partici-
pants viewed 40 image pairs of one image set, while the 
remaining 126 participants viewed 40 different image pairs 
of a second image set. Because two image sets were used, 
each containing 40 pairs, the study comprised 80 unique 
image pairs in total.

Each trial began with a fixation cross, followed by the 
image pair for 5,000 ms. Feedback (“Correct!” in green, 
“Incorrect!” in red, or “No response detected. Go faster next 
time!” in black) was shown for 2,250 ms after each trial. 
Each participant viewed 20 building and 20 car image pairs. 
The pairs were distributed as follows: (1) 10 pairs: real stan-
dard versus AI-generated futuristic, (2) 10 pairs: real futuris-
tic versus AI-generated futuristic, (3) 10 pairs: real standard 
versus AI-generated standard, (4) 10 pairs: real futuristic ver-
sus AI-generated standard. The presentation order of the 40 
image pairs was randomized for each participant. The on-
screen position of the images (left vs. right) was fixed to a 
single predetermined sequence for the first eight participants 
and randomized for all subsequent participants.

The majority of the real photos were retrieved from 
Unsplash or Wikimedia Commons. The AI counterparts were 
generated through Midjourney version 6.1, using the 
“Imagine” function, for example, “Generate a futuristic vari-
ant of this car.”

We calculated the following measures for each of the 80 
image pairs: (1) Response accuracy (%), where non-
responses (2.39% of all trials) were marked as incorrect; (2) 
Response time (ms). Non-responses were assigned a response 
time of 5,000 ms. (3) Gaze entry (% of trials in which the 
image was glanced at first). Using a coordinate system with 
the origin at the top left (0, 0), the left image spanned pixels 
32 to 927 horizontally, while the right image spanned pixels 
992 to 1,887. Gaze entry was defined as the first moment 
after trial onset at which the horizontal gaze coordinate 

Figure 1.  Image pair displayed on the computer screen. In this image pair, the AI-generated standard image is shown on the left, while 
the right image is a real futuristic building. 42.6% of participants correctly pressed the left shift key to indicate that the left image was 
AI-generated.
Source. Right image: Photo by John Salvino on Unsplash).
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reached a threshold value of x ≤ 900 pixel units for the left 
image or x ≥ 1,020 pixel units for the right image.

In a post-experiment questionnaire, participants were 
asked “What information or strategies did you use to  
determine which image was authentic and which was 
AI-generated?” Ten categories were defined based on the 
participants’ responses, using ChatGPT. Subsequently, the 
responses were automatically coded into these predefined 
categories using OpenAI’s o3 (o3-2025-04-16, via the API 
service, with reasoning effort set to high). The participants’ 
responses were presented to o3 in 17 randomly permuted 
batches of 15. This entire process was repeated three times, 
and a majority vote across the three rounds determined the 
final score (0 or 1) for each of the 255 comments and 10 
categories. The prompt used was as follows: “Categorize the 
following 15 comments into the above 10 categories. A com-
ment can be placed in more than one category, but be conser-
vative. Produce a comma-separated 15 × 10 matrix consisting 
of 0s and 1s, nothing else.”

Results

Figure 2 shows the mean response time versus accuracy in 
detecting the AI-generated image. Accuracy was higher 
when the AI-generated image was futuristic and the real 
image standard (green; M = 91.3%, SD = 5.8%, n = 20 image 
pairs) than when the AI-generated image was standard and 
the real image futuristic (red; M = 55.4%, SD = 20.3%, n = 20 
image pairs), t(38) = 7.58, p = 4.06 × 10−9. Similarly, response 
times were faster when the AI-generated image was futuris-
tic and the real image standard (M = 1,935 ms, SD = 234 ms, 

n = 20 image pairs) compared to when the AI-generated 
image was standard and the real image was futuristic 
(M = 2,449 ms, SD = 201 ms, n = 20 image pairs), t(38) = −7.44, 
p = 6.26 ×10−9.

The gaze-first percentages in Figure 3 revealed a strong 
overall left bias (e.g., Ossandón et al., 2014). In 9.9% of all 
trials, the participant was already looking at the left image at 
the start of the trial, while in 1.4% of all trials, the participant 
was already looking at the right image (these were also 
counted as the first gaze). If the AI-generated image was on 
the left, it was glanced at first in 87.7% of trials (SD = 5.3%, 
n = 20) when it was futuristic and paired with a standard real 
image, compared with 78.0% (SD = 9.9%, n = 20) when it 
was standard and paired with a futuristic real image, 
t(38) = 3.86, p = 4.32 × 10−4. If the AI-generated image was 
on the right, it was glanced at first in 25.3% of trials 
(SD = 9.5%, n = 20) when it was futuristic and paired with a 
standard real image, compared with 17.9% (SD = 5.5%, 
n = 20) when it was standard and paired with a futuristic real 
image, t(38) = 3.03, p = 4.40 × 10−3.

The results of the LLM-based analysis of the free-response 
question (Table 1) indicated that a large proportion of partici-
pants referred to the background, environment, or sky 
(n = 94), as well as lighting, reflections, and shadows 
(n = 135). Some participants reported that unrealistic shapes 
or futurism itself was a reason for believing the image was 
AI-generated (n = 79). In a substantial number of cases, par-
ticipants referred to existing knowledge (n = 46) or more spe-
cific aspects such as texts, logos, brand names, or license 
plates (n = 43). For example, participants believed a car was 
fake because of a non-existent car logo, or they identified a 

Figure 2.  Mean response time versus percentage correct for the 
80 image pairs. Open markers represent image pairs, while filled 
markers represent means of 20 image pairs.

Figure 3.  First gaze entry percentage on the AI-generated image 
as a function of its presentation side (right vs. left). Open markers 
represent image pairs, while filled markers represent means of 20 
image pairs.
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building known to exist in reality, meaning the other image 
must have been fake.

The heatmaps for the image pair in Figure 4 show that 
participants’ gazes were often concentrated on the front of 
the car, particularly its logo. This focus may reflect a 

deliberate strategy to find artifacts, which would align with 
self-reports where participants mentioned checking logos 
and brand names (Table 1). However, an alternative expla-
nation is that these central and well-defined features are 
visually salient, and drew attention regardless of the par-
ticipant’s specific strategy.

Discussion

Generative AI for image creation offers various opportuni-
ties, including cost-effective production of advertising 
(Hartmann et  al., 2025), entertainment material (Schatten, 
2024), or product designs (Paliwal et al., 2024). However, it 
also introduces deception risks. This study examined how 
well participants could distinguish between real and 
AI-generated images.

Literature indicates that humans often struggle to distin-
guish AI-generated from real content, with many studies 
reporting performance that is poor or even near chance level 
(e.g., Cooke et al., 2025; Diel et al., 2024; Frank et al., 2024; 
Nightingale & Farid, 2022; Partadiredja et  al., 2020). Our 
two-alternative forced-choice design, which allows for direct 
comparison and may be inherently easier than tasks requir-
ing evaluation of a single image, likely contributed to a rela-
tively high overall accuracy of 73.3%.

However, this aggregate figure conceals a performance 
discrepancy driven by a “futurism-as-artificiality” heuristic. 
Accuracy was high (91.3%) for pairings congruent with this 
mental shortcut (real standard vs. AI-generated futuristic), 
but dropped to just 55.4% for incongruent pairings that chal-
lenged it (real futuristic vs. AI-generated standard), with 
intermediate results for the neutral conditions (75.8% for real 
standard vs. AI-generated standard and 70.6% for real futur-
istic vs. AI-generated futuristic). Our findings point to a heu-
ristic more specific than the often-cited “seeing-is-believing” 
tendency (cf. Köbis et al., 2021; Tahir et al., 2021). That is, 
participants were not inclined to trust AI-generated images in 
general, but rather to associate futuristic esthetics with 
artificiality.

The judgment pattern can be explained using the repre-
sentativeness heuristic (Kahneman & Tversky, 1972). A 
standard image easily matches a mental prototype for “real”, 
whereas a futuristic image fits the “AI-generated” prototype, 
partly because its esthetic conventions, such as perfect sur-
faces and occasional staged/unusual lighting, may resemble 
common AI artifacts. This cognitive association offers one 
perspective on why participants exhibited slower responses 
and lower accuracy when faced with this specific pairing.

When a real standard image was paired with an 
AI-generated futuristic one, participants’ gaze was often 
drawn to the AI-generated image first. It is possible that par-
ticipants could make a quick judgment using their peripheral 
vision, even before looking directly at the image. The 
AI-generated images, particularly the futuristic ones, tended 
to have higher contrast and more detailed textures. These 

Table 1.  Frequency of Self-Reported Cues and Strategies for 
Distinguishing Real and AI-Generated Images (n = 255 Participants; 
Multiple Categories Per Response Allowed).

Category

n (sorted in 
descending 

order)

Lighting, reflections, and shadows 135
Background/environment/sky 94
Too perfect/no imperfections (smoothness, blur) 91
Unrealistic shapes/futuristic design 79
Prior knowledge (recognizing real objects/places) 46
Text, logos, brand names, license plates 43
Color saturation/glow 35
Gut feeling/intuition 31
Human presence or depiction 19
Other/none 3

Figure 4.  Heatmap of all gaze points directed to an AI-
generated standard image (top) and its real standard counterpart 
(bottom). The heatmaps were created by dividing the images into 
16 × 16 squares and summing the number of gaze points within 
these squares from all participants, and then linearly scaling these 
counts to an arbitrary unit.
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visual qualities might have made them “pop out” and capture 
attention.

Some participants implicitly confirmed using novelty as a 
cue, citing “Unrealistic shapes / futuristic design” as a rea-
son for identifying an image as AI-generated (Table 1), 
which indicates how this heuristic can be misleading. A 
future is conceivable in which people incorrectly dismiss 
genuine innovations or designs, unfamiliar real-world 
scenes, or unconventional artistic expressions as artificial, 
simply because they deviate from the norm.

Instead of relying on misleading heuristics such as novelty 
or futurism, a more effective approach may be to train indi-
viduals on indicators of the AI generation process (Chen et al., 
2025; Diel et  al., 2024; Tahir et  al., 2021). The strategies 
reported by our participants, focusing on lighting, back-
grounds, and overly perfect shapes, mirror findings from, for 
example, Bozkir et al. (2025) and Huang et al. (2024), whose 
research also showed that people scrutinize images for com-
mon artifacts and inconsistencies typical of generative 
models.

Our findings may have limited generalizability due to the 
specific sample of young, predominantly male engineering 
students, whose AI detection abilities might differ from those 
of the broader population. This consideration is important 
given the findings of Cooke et  al. (2025) and Lüdemann 
et al. (2025), who showed that older individuals perform sig-
nificantly worse than their younger counterparts in detecting 
AI-generated content. Another limitation of our work is that 
we used standard and futuristic cars and buildings generated 
solely by Midjourney. The “futurism-as-artificiality” heuris-
tic might not apply equally to other image categories or out-
puts from different AI models.

Data Availability

MATLAB scripts reproducing the results, a demonstration video of 
the experiment, and the Experiment Builder files are available at 
https://doi.org/10.4121/96b5eb59-b9a4-4094-8c47-04c14d57af1a.
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