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Abstract

Generative Artificial Intelligence (GAI) is improving rapidly, creating increasing difficulty in
distinguishing human made images from GAI images. This research explores whether inductive
learning can improve GAI detection and whether individual differences in socio-cognitive skills, such
as Theory of Mind (ToM), or visual processing skills, such as visual disembedding, contribute to
detection accuracy. In an online experiment (N = 267) participants had to identify whether an image
of a portrait expressing an emotion (happy, scared or angry) was GAI or human made, with a brief
inductive training in the experimental condition. Participants additionally performed a ToM test
(Reading the Mind in the Eyes) and a visual disembedding test (Leuven Embedded Figures Test).
Results showed that inductive learning strongly improved GAI image detection. ToM showed
marginally significant positive association with detection, while visual disembedding was not
significant. No interaction was found between inductive learning and ToM. These findings indicate
that inductive learning can improve GAI detection accuracy, independent of individual differences in
ToM. After accounting for learning, ToM contributes to GAI detection, suggesting the socio-cognitive
factors to be influential. This interpretation is further supported by the absence of a relationship
between visual disembedding with both ToM and GAI detection accuracy. The results suggest the
potential of inductive learning as a scalable intervention to improve GAI detection, however, future
research is required to determine the longitudinal effects of training in order to improve humans

ability to recognize GAI images from reality.

Keywords: Generative Artificial Intelligence, Inductive Learning, Theory of Mind, Visual

Disembedding.



Learning to Detect Al-Generated Images: Socio-Cognitive or Visual Processing Factors?
In the span of a few years, Generative Artificial Intelligence (GAI) has reached a level of realism that
challenges humans’ ability to distinguish artificial creations from reality. Although the opportunities
of the creation of GAI content through the widely accessible OpenAl platforms seem endless (Cao et
al., 2023; Islam, 2024), the scale of the technological shift introduces new risks. Already in August
2023, an undetected GAI image was accidentally shown during a Dutch news broadcast of the NOS
(Haan, 2023, August 25th). The GAI images have become increasingly more difficult to distinguish,
introducing an increasingly dangerous trend of the inability of society to keep up with the rapid
growth of GAI.
Figure 1
Identification accuracy for Al vs human made images from 2023 to 2025. Reproduced from

Conjointly (Lee, 2025, September 25th)
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The prominent danger of GAI images is the inability to distinguish GAI from reality, which is
becoming increasingly more difficult. Figure 1, reproduced from a longitudinal survey study done by

(Lee, 2025, September 25th), shows a worrying trend of recognition of GAI images around chance
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level. The danger of GAI is this inability to detect the difference between human made and GAI
images, leading to issues of deception and bias (Tredinnick & Laybats, 2023). Deception is one of the
biggest dangers with the inability to distinguish GAI images, as it can convincingly create deceptive
content (Islam, 2024). Deepfake images can be created and used for financial fraud, political
manipulation through non-consensual images and harassment (Romero-Moreno, 2025). In addition,
images created by GAI are biased as they are created based on existing prejudice. As GAI uses the
information that is available online, the societal biases are translated to GAI content and further
spread online (Islam, 2024). Due to the lack of detection, even prominent news channels start sharing
fake images, like the NOS (Haan, 2023, August 25th), leading to misinformation and bias being
publicized to society.

The continuous improvements of GAI become increasingly dangerous as long as humans are
not capable of detecting GAI from human made images, which raises the issue whether humans can
learn to improve detection accuracy. A crucial step is to establish whether detection accuracy can be
improved through learning from experience or whether this is a fundamental limitation exceeding
human perceptual capacities. Additionally, some people seem more vulnerable to this deception than
others, suggesting that individual differences play a role in GAI detection. This introduces the
possibility that people may differ in the extent in which they benefit from learning. However, a clear
indication of who can learn to recognize GAI images remains undetermined. Exploring this is crucial
in developing potential training methods to protect individuals from the dangers of GAI. This research
adopts both a cognitive perspective and a perceptual perspective to examine the effect of learning
from experience to improve the recognition of GAI images, questioning: To what extent does
inductive learning improve GAI images recognition and is this influenced by socio-cognitive and
visual processing skills? In the following section existing research on the detection of GAI will be
discussed, followed by a theoretical framework of the socio-cognitive and visual processing skills.
Detection Accuracy

The core assumption of this research is that inductive learning facilitates detection of GAI
images. Inductive learning is based on providing examples of specific observation, in this case GAI

and human made images, allowing effective learning through abstracting similarities and differences
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(Prince & Felder, 2006). Kornell and Bjork (2008) describe inductive learning as a process constantly
allowing for learning and indicating that more exposure generally leads to better performance. In their
study, they successfully used inductive learning paradigms to see if participants could recognize
different artists that created a painting, indeed showing improved performance after a training session
that facilitated rapid inductive learning. Thus, previous research does indicate that training might
improve detection accuracy, however, no experiments exist testing the potential improvements of
training. On the contrary, the detection of GAI images has been argued to exceed the limits of human
perception, suggesting the need for Al fake-image detection techniques (Chai et al., 2020). Lu et al.
(2023) compared the human capabilities to Al detection techniques, finding that humans misclassify
38.7% of the images, while detection techniques only miss 13% of the time. The human
misclassification was only partly due to the inability to recognize GAI images, but also due to reduced
trust in their own judgements, failing to recognize human-made images. Contrary to these earlier
arguments, however, we argue that just as people can learn to recognize different painters (Kornell &
Bjork, 2008), they can learn to recognize GAI models.

There is support for the notion that differences in experience with GAI appear to be relevant
for detection ability. Lu et al. (2023) reported that experience with the knowledge of GAI or GAI
creating showed a 0.7% increase in identification of non-GAIl images and even a 3.7% increase for
GAI images. Furthermore, people with a professional background of at least 2 years working in the
visual field (e.g. design, photography, filmmaking), show better detection of GAI images (Velasquez-
Salamanca et al., 2025). Contrary, the use of social media relates to more GAI text being undetected
(Chein et al., 2024). An important difference to note is that social media does not necessarily disclose
the source of the content, being exposed rather than potentially trained in recognition. Overall, these
findings suggest improvement through exposure including examples of labelled GAI images.
Therefore, inductive learning, as a general learning process based on labelled experiences, is likely to
have benefits in improving recognition.

Perception of Images
Research on GAI image detection has demonstrated that human faces are better detected,

indicating the influence of perception of emotional cues of images may facilitate GAI detection. A


https://www.zotero.org/google-docs/?fZkQJO
https://www.zotero.org/google-docs/?VC22w3
https://www.zotero.org/google-docs/?DUM9fC
https://www.zotero.org/google-docs/?aNgb5q
https://www.zotero.org/google-docs/?aNgb5q
https://www.zotero.org/google-docs/?Q8yr3m
https://www.zotero.org/google-docs/?Q8yr3m
https://www.zotero.org/google-docs/?r7HumH
https://www.zotero.org/google-docs/?cApufr
https://www.zotero.org/google-docs/?cApufr
https://www.zotero.org/google-docs/?aCNwo2

large-scale survey by Roca et al. (2025) found that the human portraits had the highest overall success
rate of 65%, while the average of GAI detection was 62%. Nature images scored the lowest, with
59%, although they did not explicitly mention whether this difference was significant. Even compared
to Al detection techniques with images of different content, humans show improved performance on
identifying the source of images containing humans (Lu et al., 2023). The importance of emotion
recognition is in line with previous knowledge of evolution, as the priority was to recognize emotions
to ensure (social) survival (Ferretti & Papaleo, 2019; Meletti, 2016). These findings highlight the
relevance of human faces and emotional content in GAI image detection.

The perception and evaluation of GAI images have potential to influence the detection rate.
The perceptions contain subtle differences from reality, which can invoke feelings of uncanniness
which can aid in detection (Rapp et al., 2025). When the image is recognized as GAI content, the
perception shifts based on the underlying evaluation and potential concerns a person has about GAI.
Sun et al. (2022) found a difference in aesthetic appreciation, arguing that GAI art fails to capture a
social significance from the limited semantic prompts. Moreover, there is a negative bias to GAI art
that works bidirectionally (Grassini & Koivisto, 2024). Recognized GAI artworks are more likely to
be evaluated worse, while when a human made artwork is evaluated less positively, it is more often
determined to be a GAI artwork. These findings suggest that the perceptual and evaluative processes
can interfere with accurate detection, beyond objective image characteristic alone.
Individual Differences

Individual differences contribute to the accurate detection of GAI, but this has not yet been
explored with GAI images. Chein et al. (2024) looked into the differences between people in GAI text
recognition. They found that people with higher fluid intelligence, such as abstract thinking and
recognition of patterns, are better at distinguishing GAI from human-written text, while executive
functioning and empathy did not show a significant correlation. These findings indicate that detection
is not uniform across individuals and motivate exploration of underlying processes in detection
abilities of GAI images.

To account for these differences, two explanatory perspectives can be distinguished. The first

iS a socio-cognitive perspective, relating to how humans interpret the world through processing social
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information allowing them to understand others. The second is a perceptual processing perspective,
involving the selection of stimuli and translating these to meaningful information to interpret. The

following sections explore the contribution of socio-cognitive factors and visual processing factors
with regards to the individual differences in GAI detection.

Theory of Mind

Theory of Mind (ToM) is a socio-cognitive theory, describing the understanding of other’s
minds such as emotions, intentions and perceptions of others (Carlson et al., 2013; Zimmer et al.,
2025). In the context of GAI images, ToM may aid in the understanding of improved detection of
human-likeness, emotional expression and the intention of the images. A study by Lee et al. (2014)
found that ToM influences facial emotion recognition. ToM, combined with perception of emotion,
influences deception detection (Stewart et al., 2019). Judgment of authenticity relies on evaluating
whether it is intentional, coherent and socially meaningful. This is often lacking in the GAI images
according to previous findings on perception of GAI as previously discussed (Rapp et al., 2025; Roca
et al., 2025; Ting et al., 2023). Therefore, detecting subtle cues through ToM is a likely contributor to
individual differences in detection accuracy of GAI images.

Beyond contributing to detection, ToM can be a potential benefit for inductive learning as it
can provide better inferences and interpretation of emotional expression. This will help to identify
intentional and mechanical patterns, similar to dual-process theories of how inductive processes are
strongly influenced by reflective processing (Stephens et al., 2020). This creates the potential for a
greater benefit from inductive learning to improve GAI detection in people with a higher score in
ToM-based tests. A common measure for ToM are visual tests, such as the Reading the Mind in the
Eyes Test (RMET), where a participant has to look at pictures of only eyes and ascribe an emotion
most fitting to them (Olderbak et al., 2015). Crucially, this ability of inferring emotional states from
minimal cues in ToM relies on visual information as well, suggesting not only socio-cognitive
reasoning, but also a sensitivity to small visual irregularities.

Visual Disembedding
Visual disembedding is a perceptual processing mechanism referring to how individuals

attend to visual information, specifically the ability to focus on distinctive images and ignore


https://www.zotero.org/google-docs/?prB3xj
https://www.zotero.org/google-docs/?prB3xj
https://www.zotero.org/google-docs/?Vcoi72
https://www.zotero.org/google-docs/?P8Ghbr
https://www.zotero.org/google-docs/?TQkGLa
https://www.zotero.org/google-docs/?TQkGLa
https://www.zotero.org/google-docs/?I7A8qU
https://www.zotero.org/google-docs/?Xg06ur

distracting contextual information (Van der Hallen et al., 2015). Individuals with better visual
disembedding skills are better at detecting relevant details and irregularities. In the context of GAI
recognition, visual irregularities are assumed to be a key element of determining whether the image is
unrealistic. Examples of the visual irregularities can be the amount of details and blurriness of the
pictures (Lu et al., 2023). Individuals with better visual disembedding skills, therefore have potential
to be better at detecting GAI images.

Visual disembedding does not rely on interpreting emotional or social information, making it
a distinct perceptual process. Visual disembedding is commonly measured with the Embedded
Figures Test (EFT), which captures the ability to extract simple forms from complex shapes,
indicating a better ability to disembed information from context (F. Happé, 2013). Conceptually, this
can be contrasted with the RMET, as both infer information from details in visual input, while the
mechanism differs. Research on Autism Spectrum Disorder (ASD) illustrates that ToM and visual
disembedding have opposing performance expectancies, namely reduced performance on ToM tasks
and improved visual disembedding (Brewer et al., 2017; Cribb et al., 2016; Hutchins et al., 2012; Van
der Hallen et al., 2015). Although this study focuses on a non-specific sample, this distinction
highlights that socio-cognitive and perceptual processing skills can vary independently and in
opposing directions. Therefore, the relation between socio-cognitive and perceptual processing
mechanisms will be explored as potential underlying contributors for differences in GAI detection
accuracy.
Hypothesis

This research examines to what extent inductive learning improves GAI image detection
accuracy and whether this is associated with individual differences in socio-cognitive mechanisms or
visual processing mechanisms. Specifically, ToM and visual disembedding are investigated as
potential contributors to the accuracy of GAI detection. Based on this framework, the hypotheses are
as follows:

1. Inductive learning hypothesis: inductive learning will improve participants’ ability to detect
GAI images.

2. ToM hypothesis: participants with higher ToM scores will perform better in detecting GAI.
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3. ToM-Visual-disembedding-link hypothesis: ToM and visual disembedding will show a
significant amount of shared variance in GAl image detection, indicating that part of the ToM
effect in GAI image detection is explained by perceptual mechanisms, rather than purely
socio-cognitive mechanisms. Controlling for visual-processing ability may significantly
reduce the effect of ToM as noted in Hypothesis 2.

4. Interaction hypothesis ToM: the positive effect of inductive learning on GAI detection will be
stronger for individuals with higher ToM scores, suggesting that ToM benefits abstracting

similarities and differences in GAIl images containing emotion.

Answering these questions will give concrete suggestions for the underlying mechanisms that
explain individual differences in GAI detection and whether training can prevent the ethical dangers

of undetected GAI images.

Methods
Participants

A total of N=292 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= 50); these individuals did not receive any compensation
for participating. All participants received an informed consent form, which they read and signed
prior to participation in the study. This consent 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. As the test was timed, longer
duration meant a gap between the training and the test condition, therefore long durations likely
reflect disengagement or interruption rather than deeper processing. Exclusions were made based on
durations outside of the interquartile range (IQR) method. Participants that completed the study
outside 1,5xIQR were excluded from analysis, as this is a robust method to detect extreme values.

Based on these criteria, one participant was excluded for taking too little time and 24 participants



were excluded for taking too long to complete the study. After applying these criteria a total of N=267
participants were left in the final sample. Of these participants, N=148 were left in the control
condition and N=119 participants remained in the training condition. 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 broader design included one between-subjects factor (training vs. control)
and three within-subjects factors, namely facial emotion, attractiveness and image type.
Participants were randomly assigned to either the experimental condition (training) or the control
condition (no training). For this thesis, the variables of interest include the training condition,
facial emotion (happy, angry and scared) and image type being either GAI or human made.
Although attractiveness was part of the design, this is not explored in this research. The
dependent variables measured were detection accuracy, theory of mind and visual disembedding.
Confidence ratings were measured as well, but are not examined in this paper. Participants were
asked to complete the study online, with the option to do it in English or Dutch. The data analyses
were done with JASP (version 0.95.3).
Materials and Procedure

The experimental design was set up to examine whether inductive learning improves
people’s ability to distinguish GAI from human made portraits, and how individual differences in
socio-cognitive and perceptual abilities affect their detection accuracy. All participants completed a
test where they had to determine which picture was GAI or if it is human made. The human made
pictures came from the Chicago database (Ma et al., 2021). This database was chosen as all faces were
labelled 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
and all jewellery was removed. The GAI images were generated through Midjourney version 7

(Midjourney, 2025) and Dall-e version 3 (OpenAl, 2025). These models were chosen because they are
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easily accessible and are widely used so they would generate representable pictures. Example prompts
that were used can be found in appendix A. The decision on which pictures to include was made on a
joint agreement (N=6) based on photorealism, expressed emotion and not overly attractive. The
pictures were matched to comparable images from the Chicago database, to relatively match the
gender, race and attractiveness. Both Al models on occasion added jewellery or a coloured
background. Using prompts to remove or alter the image did not result in similar pictures to the real
images. Therefore the Al images were manually edited to remove the background and remove
jewellery in a similar manner as the real photographs.

The test contained 48 unlabelled pictures, 24 GAIl and 24 human made 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. In the inductive learning condition, there were a total of 96 images shown
with a description of whether this is Al or a real image. In addition to the pictures, participant’s
confidence in their ability to classify images was assessed three times in the experimental condition
and twice in the control condition, but will not be further discussed in this research as this was
investigated by one of the collaborators.

Visual Processing Skills

The Leuven Embedded Figures Test (L-EFT) measures the ability to disembed information
from context (de-Wit et al., 2017). A higher score on this test indicates better visual-processing skills
in the disembedding of visual information. This test originally consists of 64 questions, but this 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 Witkins, which has been validated in short form with 12 and even 6
questions (Jackson, 1956; 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 10 most difficult items were selected, as Schlooz and Hulstijn (2014) found that
increased difficulty showed better increased sensitivity. In the research by de-Wit et al. (2017), 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-perception without major
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influences from broader cognitive abilities (Huygelier et al., 2018). We used the unvalidated, shorter
version of the L-EFT to assess visual processing factors. 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 (Mscore = 7.97; SD = 1.81).
Theory of Mind

The RMET (Baron-Cohen et al., 2001) was used to assess participants’ ToM. The RMET is a
visual test suited for an adult population. The RMET is the only test that does allow for differentiation
between adults, without running into a ceiling effect (Baron-Cohen et al., 2001; Yeung et al., 2024).
According to Chander et al. (2020), the original 36-item RMET can be condensed into a relatively
accurate shorter version. The validity of the RMET has been debated, suggesting results should be
interpreted more broadly than a direct link to ToM (Higgins et al., 2024). On the contrary, Olderbak et
al. (2015) describes the short form as more reliable than the longer version. During the RMET,
participants were presented with eight cropped facial images showing only the eye region. For each
image, participants were asked to indicate the emotion they believed best matched the person's
expression. Each photo included four possible emotion options from which they had to choose the
correct one (Mscore = 5.82; SD = 1.36).
Demographical characteristics

Participants were asked to indicate their gender, age group, and preferred language. The
questionnaire was available in both Dutch and English. Gender was reported using the options male,
female, non-binary, other or prefer not to say. Age was reported in the categories 18-24, 25-34, 35-44,
and so on, up to 65+. Native language could be indicated through the options English, Dutch,
German, other or prefer not to say. For all demographic questions, the opportunity to not disclose this
type of information was included for ethical reasons.

Image Classification

For the classification of GAI or human made images we asked with every shown portrait:

“This image is:” with two response options. “Al-generated” or “A real photo” with an allowed

response time of 15 seconds. In the inductive learning condition, participants completed a training
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session where they viewed a series of faces correctly labelled as GAI or human made. 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
Table 1

Frequency Table of the Demographic within the Sample

Categorical Vanables Level Frequency Percentage
18-24 228 854
25-34 15 5.6
Age 35-44 4 15
45-54 11 4.1
35-64 3 1.1
65+ 6 22
Female 200 4.9
Gender Male 60 225
Non-binary 3 1.9
Prefer not to say 2 0.7
English 110 412
Language Dutch 157 588
Sona 223 835
Sona Other 44 165
Above 512x512 202 75.7

Screen resolution

Below 512x512 65 243




Preliminary results

The analyses examined whether GAI image detection scores were improved in the inductive
learning condition, in comparison to the control condition and whether ToM and visual processing
contributed to detection performance. The number GAI images correctly identified were scored and
converted to a detection accuracy percentage based on the total number of questions answered. This
was done to account for people missing a question, as it cannot be determined whether they ran out of
time or did not know the answer. The RMET and L-EFT scores were calculated by adding up the
scores for each of the tests. The screen resolution of the device used varies between the participants,
which is divided to below 512x512, where at least one side is below 512, and above 512x512, in
which case both sides are higher than 512. The variation of the demographics in the sample can be
seen in the frequency table (Table 1).

Table 2

Correlation Table

Variables 1 2 3 4 5 6
Pearson’s r
1. L-EFT
p-values
Pearson’s r 107
2. RMET
p-values 082
3. Accuracy Pearson’sr 033 119
(percentage) ' jies 596 051
Pearson’sr 046 108 082
4. Accuracy
(score) p-values 459 104 =.001**
5. Accuracy Pearson’sr 074 089 0.824 834
Score Al p-values 225 104 <001** <Q01%*
Pearson’sr 008 083 837 877 466
6. Accuracy
Score Real p-values 895 178 =< 001** < (001%* =001**
7. Age Pearson’st  -037 -034 -0.396 -384 -0.420 -0.250
p-values 552 585 < 001** = (001** =001%*  <(Q01**

Note: ™* correlation is significant ar .01 level (2-railed)



In table 2 the correlations for the L-EFT, RMET, the accuracy of GAIl images and age are
shown. The detection accuracy percentage and detection accuracy score are significantly correlated (r
=.997, p <.001). No significant difference is found between detection accuracy as percentage and as
score, the latter projecting accuracy in combination with time management. Percentage scores are
therefore used in future analysis, as table 2 shows no significant difference between them. Age was
explored as well, finding a significant negative correlation with percentage score (r = -.396, p <.001),
but the unequal group sizes must be noted.
Hypothesis tests
Figure 2

Difference in detection accuracy percentage scores for the control (0) and learning condition (1)

t

90

Percentage Score

1

70 —

Learning
Hypothesis 1: Effect of Learning

The first hypothesis explored whether learning improved GAI detection accuracy. An
independent sample T-test was used to test whether the learning condition (Mscore = 88.09; SD =
13.78) had higher detection accuracy percentage than the control group (Mscore = 74.97; SD = 14.50),
see figure 2. Shapiro-Wilk test indicated a violation of the normality, which was moderately violated
(skewness = -1.28, kurtosis = 1.78), however the sample size was sufficiently large. The visual
inspection of the QQ plot showed no extreme outliers. The Brown-Forsythe test indicated that the

homogeneity of variance was violated. Therefore, Welch's t-test was used, which showed significant



differences in percentage of scores (t (245.6) =-9.172, p <.001) The effect size was large (d = -1.10),
indicating that training increased detection accuracy substantially, supporting hypothesis 1.

Table 3
Effect Table Multiple Linear Regression with Learning and RMET

b SEb t p
Learning 13 63 1.49 9.14 <.001
RMET 1.66 1.66 3.04 003

Hypothesis 2: Effect of Theory of Mind

The second hypothesis tested whether ToM, measured through RMET, predicted detection
accuracy. The Pearson correlation between percentage score and RMET approached significance (r =
.119; p = .051), suggesting a weak positive trend. Because learning conditions had a significant effect
on detection accuracy as seen in hypothesis 1, a hierarchical multiple linear regression was conducted
to examine whether RMET predicted the performance after accounting for learning conditions.
Detection accuracy percentage was entered as the dependent variable, and learning condition and
RMET as independent variables. Table 3 shows RMET as a significant predictor (b = 1.66, t(264) =
3.04, p =.003), suggesting that higher ToM scores were associated with better detection accuracy
after adjusting for the learning condition. Overall, hypothesis 2 is partially supported, as the bivariate
correlation between RMET and detection accuracy approached significance, while the relationship
adjusting for learning condition was significant.
Table 4

Effect Table Multiple Linear Regression with Learning, RMET and L-EFT

b SEb t p
Learning 13.65 1.49 9.14 <001
RMET 1.62 0.549 2.95 003

L-EFT 0.26 0.411 0.62 534




Table 5

Partial and Semi-partial Correlations

Semi-partial Model 2 Semi-partial Model 3
Learning 0.487 0488
EMET 0.162 0.158
L-EFT - 0.033

Note: Model 2 includes Learning and RMET; Model 3 includes Learning, RMET and L-EFT

Hypothesis 3: Theory of Mind controlled for L-EFT

The third hypothesis tested the shared variance between the L-EFT and the RMET in GAI
detection accuracy. The bivariate correlation of L-EFT and detection accuracy percentage is not
significantly correlated (r =.033, p =.596). Contrary to expectations, visual disembedding did not
contribute to GAI detection accuracy. To see whether visual processing played a role in the RMET
scores, the L-EFT was added to the hierarchical multiple linear regression. As seen in table 4, L-EFT
is not a significant predictor (b=.026, t(264) = 0.62, p = .534). The semi-partial correlations, shown in
table 5, indicate that the variance in detection accuracy explained by L-EFT (sr = .033) is negligible.
Adding L-EFT does not significantly decrease RMET semi-partial correlation (sr = .158). RMET
remained a significant predictor for detection accuracy, whereas L-EFT did not explain additional
variance and did not alter the relationship of ToM and GAI detection accuracy. Thus, no support for
hypothesis 3 could be found.
Table 6

Coefficients Table Linear Regression

b SE t p
RMET centred 1535 0.703 2.183 030
Learning 13.556 1.493 9.089 <001

Interaction 0.378 1.116 0.338 S35




Figure 3
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Hypothesis 4: Interaction effect Theory of Mind

The fourth hypothesis tested whether ToM had an effect on the improvement of learning, a
linear regression with the interaction between RMET and learning was done. While the ANOVA was
significant (F (3, 263) = 29.21, p <.001), the interaction itself was not significant (b = 0.378, p =.
735), as can be seen in table 6. As shown in figure 3, the control and learning are parallel lines,
indicating that ToM does not influence learning ability in the identification of GAI images. Thus, the
fourth hypothesis for the interaction of learning and RMET as moderator was not supported.
Table 7

Multivariate Test of RMET on Emotion-Specific Detection Accuracy

Value F df P

Pillai’s Trace 01 0.89 3.263 A47




Exploratory analysis

In addition to the hypotheses stated before, an additional analysis is explored to see whether
ToM influenced the detection accuracy for the three emotions differently. This potential difference is
based on the innate concept of ToM being based on inferring cognitive or emotional states, creating
the possibility that some emotions are better recognized than others. The scores for the three emotions
happy, scared and angry were added up and the percentage was used. The RMET was not
significantly correlated with the emotions separately (Happy r =.083, p =.172; Scared r =.099, p =
.104; Angry r = .079; p = .197). A multivariate linear model was performed in SPSS (version 31.0.0),
using the three dependent variables detection accuracy percentage for happy, scared and angry and the
RMET score as the independent variable. The multivariate effect of RMET was not significant
(Pillai’s Trace = .01, F(3, 263) = 0.89, p = .447). This indicates that ToM was not differently
associated with GAI image detection accuracy across the emotions happy, scared and angry.

Discussion

This research investigated whether humans can be trained to be better at GAI image detection
through inductive learning and whether individual differences in socio-cognitive or visual processing
skills contribute to this. The results show that learning was related to higher accuracy in detecting
GAI images. The socio-cognitive construct ToM explained a smaller, but unique portion of variance
after accounting for inductive learning. Visual disembedding did not play a role in the RMET and did
not contribute to the detection accuracy. Lastly, no interaction was found between inductive learning
and ToM. These findings highlight inductive learning as a main contributor, with ToM as a smaller,
independent contributor. The following sections interpret these findings and consider the implications
to counter the danger of the inability to detect GAI.
Summary of Results and Implications
Inductive Learning

Hypothesis 1 was supported as GAI image detection was improved based on inductive
learning, demonstrating that humans can learn and improve to recognize GAIl images. This is in line
with Kornell and Bjork (2008) stating that inductive learning allows people to make distinctions more

easily, which extends to the distinction between GAI and human-made images. This effect cannot be
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attributed to mere exposure, as the images need to be labelled in order to provide feedback and allow
the participant to make connections (Prince & Felder, 2006). This allows for extraction of features
from the GAI image, rather than memorization of the image. As contemporary GAI has progressed far
beyond the obvious visual flaws, these findings are particularly informative in showing that humans
can still identify subtle differences if exposed to multiple labelled examples. In this sample, this low
intensity training was effective in improving performance, suggesting practical implications for
scalable interventions against the dangers of GAI.

Theory of Mind

Although the bivariate association of RMET and detection accuracy only partially supported
hypothesis 2, support was found after accounting for the strong inductive learning effect. Specifically,
ToM explained a unique part of the variation in detection accuracy, indicating a contribution of the
socio-cognitive factors to GAI detection beyond the effects of training. Importantly, the distribution in
the RMET scores in the sample is reliable with an average of 72.25% correct, which is in line with the
known average for the general population of 72.78% correct (Baron-Cohen et al., 2001). This
indicates that observed results are unlikely to be driven by an atypical sample distribution and reflect
the intended socio-cognitive factors. Overall, these findings suggest that while inductive learning was
the prominent predictor of GAI detection, ToM contributes independently to baseline detection
sensitivity.

One possible explanation for this effect is that people scoring higher on RMET are more
sensitive to a holistic social coherence that is lacking in GAI images. This interpretation aligns with
the socially meaningful cues described by Carlson et al. (2013), where ToM allows people to rely on
the context of a situation, which could translate to whether the image feels socially logical. Because
ToM reflects a relatively stable socio-cognitive factor, this sensitivity becomes more apparent when
accounting for the short-term improvement from inductive learning. This is consistent with the
evidence of relatively stable individual differences in ToM over longer periods of time (Fernandez-
Abascal et al., 2013). Taken together, this account suggests ToM as a contributor to GAI detection
through a sensitivity to social coherence of human faces, although alternative explanations should also

be considered.
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An alternative explanation for ToM being influential for GAI image detection, is that ToM
facilitates social reasoning and understanding complex intentional decisions, such as deception (Frith
& Frith, 2005). From this perspective, individuals with higher ToM scores may consider the
underlying intention and manipulation of the GAI images. The GAI images were carefully selected by
the researchers with the intent to simulate authentic human made images. The communicative purpose
of the images might be recognized as an overarching theme, rather than exclusively considering the
perceptive content of the image. Some participants describe the intention of mimicking facial
imperfection such as skin texture and pimples, suggesting an awareness of the intent of the
researchers. However, in this scenario one would suspect inductive learning as being influential by
presenting more images to confirm the type of manipulation in the images, which was not the case. A
possible direction to explore is epistemological vigilance (Sperber et al., 2010), related to individual
differences in inferring hidden mental states to avoid deception. Future research could explore the
connection between ToM and epistemological vigilance in relation to GAI detection. Currently, this
remains a speculative interpretation, as it likely involves broader metacognitive processes that were
not measured in this study. Therefore, the idea that ToM influences the interpretation of deceptive
cues in GAI images, should only be considered as an addition to the socio-cognitive sensitivity
described before.

These findings suggest that sensitivity to social coherence allows some individuals to be
better at GAI detection. This highlights a potential weakness of GAI systems, which produces realistic
individual features, but fails to present the social coherent facial expression present in human
portraits. Additionally, socio-cognitive factors influence individuals ability to detect GAI images,
which can be translated into risk factors. From a ToM perspective, the vulnerable groups to the
dangers of GAI are young children and people with ASD or other neurodevelopmental disorders who
are known to score lower on ToM tests (Hutchins et al., 2012; Korkmaz, 2011). Thus, ToM
contributing to the recognition of GAI images seems to be based on a socio-cognitive sensitivity,
which should be considered in determining vulnerabilities for the dangers of GAL.

Visual disembedding
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Hypothesis 3 was not supported, as the visual disembedding measured by the L-EFT did not
predict GAI detection accuracy, nor did it share variance with ToM as a predictor of GAI detection.
This suggests that visual disembedding does not play a role in GAI detection. Because the RMET is a
visual test, it was initially expected that visual processing factors would partially account for the
observed association of ToM and GAI detection. The absence of this effect further supports that the
socio-cognitive factors are the crucial contributor to GAI detection, rather than lower level visual
processing skills. Based on these findings, ToM does not rely on visual disembedding, contributing to
the idea that socio-cognitive factors are more relevant in GAI detection than visual processing factors.

Another possible explanation is that the L-EFT did not measure the intended visual
processing relevant for GAI detection. Although the L-EFT should be a precise measure of visual
disembedding, research has shown that it can be influenced by fluid intelligence and cognitive
flexibility (Huygelier et al., 2018). VVan der Hallen et al. (2015) found that the L-EFT depends most on
line continuity and figure complexity, but lacks 3D depth cues and meaningful embedding contexts.
In contrast, the GAI images included in this research are portraits including complexities such as
lights and shadows, anatomical accuracy and a holistic view of the features in the face. As participants
had the option to leave a comment, perceptual cues were often noted as suggestive of GAI content.
The most common mentions were unrealistic light in the eyes, overly saturated skin colours and skin
texture or wrinkles that seemed out of place. These detailed cues classify as perceptually complex,
which is not measured with the L-EFT, suggesting visual disesmbedding in itself should not be
discounted as an effect.

The absence of an effect of visual disembedding has implications for the interpretation of the
RMET, suggesting that it measures something that is not related to simple visual processing. If visual
processes influence the RMET, these are likely related to more complex processing related to a more
holistic perceptual style, allowing to assess social coherence. For future research, a visual test more
focused on the global-local perceptual styles has potential to further investigate the role of visual
processing on both RMET and GAI image detection. Navon’s paradigm, as described by Gerlach and
Poirel (2018), could be used to explore whether perceptual styles focusing on the details or on the

overall picture are beneficial to GAI image detection. However, based on the present findings of
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visual disembedding measured by the L-EFT, there was no effect on GAIl image detection or ToM
measures.
Interaction Effect

Hypothesis 4 was not supported, as no interaction between inductive learning and ToM was
found in predicting GAI detection accuracy. This indicates that the training overall was equally
beneficial across participants, independent of the individual differences in ToM. Contrary to what was
expected, ToM does not improve inductive learning. One possible interpretation is that the socio-
cognitive processes are not primarily engaged in inductive learning. Instead, the training relied on
labelled examples, allowing for detection through similarity-based discrimination (Kornell & Bjork,
2008). In the context of GAI, this likely relied on perceptual irregularities between the GAI and
human made image, which appear to be separate from socio-cognitive processes. Importantly,
individuals scoring higher on ToM still benefited equally from the inductive training, suggesting that
the benefits from inductive learning are additive to the baseline socio-cognitive benefits. From a
practical perspective, this indicates that inductive learning improves GAI detection broadly and does
not require adaptation to individual differences in socio-cognitive factors. Additionally, this suggests
that the vulnerable groups described earlier could benefit from inductive learning to an equal extent.
Overall, absence of the interaction suggests that ToM is an independent contributor to GAI detection,
adding to the larger improvements in GAI detection made by inductive learning.
Exploratory Findings

Lastly, exploratory analysis revealed that there is no significant difference in the association
of ToM and GAI detection with different emotions. A possible reason could be that the socio-
cognitive process aiding in recognition does not depend on the emotions. Not finding a difference is
not surprising, as the GAI images in this study are strong expressions without ambiguity. ToM
focuses more on subtle differences between emotions or socially complex cues (Lee et al., 2014).
Future research could expand on this research by using emotionally ambiguous stimuli or
contextualized scenes to explore this connection. Based on the current results, no emotion-specific

differences in the relationship between ToM and GAI detection was found.
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Strengths, limitations and suggestions for future research

A key strength of this study is the highly standardized design, allowing for exploration of
underlying factors in GAI detection, while necessarily introducing limitations regarding
generalizability. The GAI portraits were selected to have similar backgrounds, clothing and pose. This
increased internal validity, ensuring that the emotional face is the distinguishing factor. However, the
external validity is reduced, as in real life the images will contain more context, which might
influence the GAI detection rate. The high level of standardization may have contributed to the
relatively strong learning effect, aiding in the detection of commonalities between the human made
images, which originated from the same database. Additionally, some potential noise was introduced
due to using two different Al models. The latter was done to ensure the faces, especially in the fear
condition, would vary enough and increase realism. The GAI images were generated and selected by
the researchers, introducing potential bias, but ensuring qualitative images that allowed for a
challenging test. Overall, this design allowed for a precise examination of GAI detection, while also
highlighting the need to interpret the findings within the context of this study.

Given the global relevance of accurately detecting GAI images, an important limitation is the
cultural generalizability. While the images were generated keeping diversity in mind, our sample was
predominantly White university students. Cultural differences in socio-cognitive factors may
influence how facial cues are interpreted, as suggested by the social orientation hypothesis describing
a more holistic view in Asian countries (Varnum et al., 2010). This hypothesis suggests differences in
socio-cognitive factors, making it likely that GAI detection could be influenced by cultural
differences. This highlights that, while relevant to understanding GAI detection, the findings should
be interpreted with caution when extending to culturally diverse populations.

The decision to have the survey be filled out online was another trade-off between internal
and external validity, in which the latter was prioritized. The online environment can potentially
reduce optimization in attention and motivation. However, this allowed for a large sample and more
participants. By letting all participants use the device they are accustomed to, external validity was

increased, which was further collaborated by the fact that the quality of the device was checked in the
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analysis and did not seem to have an effect on detection accuracy. Overall, the online design allowed
for better external validity while maintaining sufficient robustness.

Another trade-off that had to be considered was the length of the individual measures in
relation to the length of the survey. In order to avoid compromising the attention span of the GAI
training and test, short versions of the RMET and L-EFT were used. While both short-versions of the
test were not validated, other research has included shortened versions, such as Chander et al. (2020)
and Mumma (1993). Unfortunately, tests for ToM are limited, as most tests are only designed for
children or adults with a neurodevelopmental disorder (Byom & Mutlu, 2013; Hutchins et al., 2012).
There is a lack of ToM tests without a ceiling effect that do not rely on visual cues. Further research in
a clinical population with ASD could be insightful, due to the expectancy to have relatively high
scores on the L-EFT, with low scores on the RMET or other ToM tests (Brewer et al., 2017; Cribb et
al., 2016; Hutchins et al., 2012; Van der Hallen et al., 2015). Using a verbal test for ToM, such as the
Strange Stories Test by Happé (1994), would give insight into the core workings of how ToM
contributes to GAI image detection. Looking into a clinical population, especially with a non-visual
ToM test, would allow further exploration into whether the differences between socio-cognitive and
visual processing skills influence GAI image detection.

While we found a clear effect that the learning was beneficial, it is unclear how long this
result may last. While it is impossible to make an estimation over the duration of the effect of learning
as this is influenced by multiple factors, previous findings about inductive learning and inductive
reasoning describe longer lasting results (Klauer & Phye, 2008; Tomic & Klauer, 1996). Future
research could look into a longitudinal study to see whether this inductive learning effect remains over
a longer period of time. It would also be interesting to see the development of GAI over this period of
time, potentially incorporating multiple trials from images generated at the start of the study and at the
end of the study. While there are many directions on where to take GAI research, the main focus
should be on seeing whether inductive learning can create a reliable long-term training to help against
the dangers of GAI.

In conclusion, this research showed that inductive learning improves the detection of GAI

images and that socio-cognitive skills used in ToM were associated with higher detection accuracy
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independent of training. The visual disembedding was not linked to improved detection accuracy,
indicating that this form of visual processing skills may be less relevant for GAI detection. While the
dangers of the inability to recognize GAI images persist, these findings offer a promising potential in

training to prepare society to better recognize reality.
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Appendix A
Examples of Used Prompts
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 colours, 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 jewellery 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



wearing a grey shirt with a round neck. She should look scared, but realistically. She should
have her hair up and have no jewellery. 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
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 jewellery or additional facial shininess.

Example GAI Images Used in the Study




Appendix B
Al Use Summary
Introduction

Al system: ChatGPT

Final prompts used: “How to test whether the visual abilities influence ToM measures,
avoiding the ceiling effect” & “Existing tests with 2 modalities that could be used to test
either ToM or visual processes”

e Use case: To brainstorm about topics to include and enhance flow and reduce
overcomplication by introducing too many topics, this led to the inclusion of EFT as a
measure and the removal of the idea of testing 2 modalities.

e Modifications: I did not use any Al text, everything is written by me.



