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Generations

This study investigates the impact of AI-generated 
images circulating on social media on users’ perce-
ived trust in visual content, with a focus on gene-
rational differences. The rapid development of ge-
nerative artificial intelligence technologies and the 
proliferation of hyper-realistic synthetic visuals have 
intensified debates surrounding reality, credibility, 
and verification in digital media environments. The 
study is theoretically grounded in Baudrillard’s the-
ory of hyperreality, Manovich’s approach to digital 
media, and debates on algorithmic authority. A qu-
antitative method and quasi-experimental design 
were employed. Real photographs and AI-genera-
ted visuals were presented through an asymmetric 
block design (2-2-1-2-2-1) developed to minimize 
learning effects. The final analytic sample consis-
ted of 399 voluntary online participants classified 
into Generations X, Y, and Z, with responses scre-
ened using an attention-check criterion. Data were 
analyzed using paired-samples t-tests, one-way 
ANOVA, and post-hoc analyses. Findings showed 

that participants rated AI-generated visuals as sig-
nificantly more trustworthy than real photographs. 
The highest individual trust score was recorded for 
an AI-generated landscape image, while the stron-
gest pairwise effect was observed in the portrait 
category. Significant generational differences were 
also identified: Generation X showed lower trust in 
AI-generated visuals, whereas Generations Y and Z 
expressed greater confidence in synthetic content. 
No statistically significant differences were found by 
gender or education level. Overall, the findings su-
ggest a reconfiguration of perceived visual trust in 
this experimental context. However, the results are 
specific to the present sample and ten-image stimu-
lus set and should not be interpreted as evidence of 
a society-wide shift in trust.
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1. Introduction 
With the development of digital media techno-
logies, visual production processes have under-
gone a radical transformation; in particular, Gene-
rative Artificial Intelligence (GenAI) systems have 
reopened debates on the concept of visual reality. 
The widespread use of artificial intelligence models 
capable of generating images and videos from text 
has sparked significant discussion about the accura-
cy, reliability, and potential for content manipulati-
on circulating on social media platforms (Aziz et al., 
2024). As AI-supported images become increasingly 
realistic, it becomes more difficult for users to distin-
guish between real photographs and synthetic con-
tent; consequently, the concept of “visual evidence” 
is being transformed within the digital media envi-
ronment (Karakaya & Dayı, 2024). In this context, ge-
nerative artificial intelligence has become not me-
rely a technical innovation but also a sociocultural 
phenomenon that affects social trust, media literacy, 
and information verification processes. Generative 
adversarial networks (GANs), developed by Good-
fellow et al. (2014), constitute a significant turning 
point in the development of generative artificial in-
telligence technologies. Through GAN- and diffusi-
on-based models, people, objects, and events that 
have never existed in the physical world can be pro-
duced in hyper-realistic forms. Today, systems such 
as Midjourney, DALL·E, and Stable Diffusion trans-
form digital visual culture by generating synthetic 
images with high aesthetic quality (Arielli, 2024). This 
transformation affects not only modes of visual pro-
duction but also representational practices in fields 
such as art, media, advertising, and political com-
munication (Manovich, 2001). Baudrillard’s theory of 
simulation offers an important theoretical framework 
for explaining the new regime of reality created by 
AI-generated images. According to Baudrillard, in 
contemporary society, simulation replaces reality, 
producing a new order called “hyperreality” (Baud-
rillard, 2018). Images generated by artificial intelli-
gence also reinforce the order of simulacra by cre-
ating a sense of reality without necessarily referring 
to the physical world. Synthetic content circulating 
especially on social media platforms weakens users’ 
visual verification reflexes and reshapes trust in visu-
al media (Gül Ünlü & Küçükşabanoğlu, 2023).

Experimental studies have shown that users often fail 
to distinguish AI-generated faces with a high level of 
photorealism from photographs of real people. This 
technical perfection turns synthetic images into not 
only an aesthetic form of production but also an ins-
trument for manipulating trust (Nightingale & Farid, 
2022). Similarly, Osińska et al. (2025) state that users 
have difficulty distinguishing certain AI-generated 
images from real photographs and those high-reso-
lution human faces, in particular, generate a sense 
of trust. Göring et al. (2023) further demonstrate that 
the aesthetic appeal of AI-generated images direct-

ly affects users’ perception of reality. This indicates 
that the technical perfection of AI-generated con-
tent facilitates perceptual manipulation in social me-
dia environments. The interaction-oriented structure 
of social media algorithms increases the visibility of 
AI-generated content and deepens the risk of disin-
formation (Doğan,2024). Castells (2008) argues that, 
in the network society, information now circulates 
through digital networks and that new power rela-
tions are established through algorithms. Pasquale 
(2015) states that algorithmic systems have become 
black boxes, and that users consume digital platfor-
ms without knowing how or why certain content is 
prioritized. This situation particularly facilitates the 
use of hyper-realistic synthetic images for manipula-
tive purposes on social media. Fake content produ-
ced through deepfake technologies is increasingly 
an effective tool in propaganda, disinformation, and 
perception management (Zan & Zan, 2025).

Although studies focusing on technical realism, 
aesthetic qualities, and perceptual effects of AI-ge-
nerated images have increased in the literature, em-
pirical research examining how such content trans-
forms user trust in social media across generations 
remains limited. In particular, the generational diffe-
rences in trust perceptions toward synthetic content 
are noteworthy. While Prensky (2001) defines indi-
viduals born in the digital age as “digital natives,” 
Buckingham (2003) emphasizes that familiarity with 
digital technologies alone does not necessarily indi-
cate critical media literacy. Generation Z, which has 
high levels of social media use, encounters AI-gene-
rated content more frequently and consumes it as 
a natural part of their everyday digital experience. 
Gürel’s (2023) study shows that young users are not 
fully certain about the accuracy of online content 
and experience concerns about information security 
in the digital media environment. Similarly, Hobbs 
(2017) notes that digital literacy requires not only te-
chnical skills of use, but also the capacity for content 
verification and critical evaluation. However, the ef-
fect of AI-generated content on user perception is 
not limited to trust alone. Some studies show that 
highly realistic images that do not appear entirely 
natural create an “uncanny valley” effect, genera-
ting feelings of discomfort and distrust in users (Kis-
hnani, 2025). This demonstrates that AI-generated 
images are associated not only with technical quality 
but also with cognitive, psychological, and cultural 
processes of perception. Therefore, synthetic media 
content constitutes a multilayered field of digital ex-
perience that transforms users’ perception of reality.

This study aims to examine the effect of AI-genera-
ted images circulating in social media environments 
on user trust. Within the scope of the research, real 
photographs and AI-generated images are compa-
red through a controlled experimental design, and 
users’ levels of trust are analyzed. In particular, th-
rough an asymmetric block structure in which ima-
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ges are presented in specific sequences, the study 
seeks to measure participants’ tendencies to dis-
tinguish synthetic content and their perceptions of 
trust. In this respect, the study aims to make an em-
pirical contribution to the literature on visual reality, 
digital trust, and media literacy in the age of gene-
rative artificial intelligence.

2. Theoretical Framework
Images generated by artificial intelligence repre-
sent a logical evolution of digital media algorithms. 
According to Manovich (2024), the technical infrast-
ructure of this process is based on the algorithmic 
decomposition of shape, light, and motion in the di-
gital construction of objects, as well as on the com-
puter-based simulation of traditional artistic effects 
through graphic software such as Photoshop in the 
1990s. However, this process is not merely a tech-
nical advancement; it also constitutes a sociotech-
nical rupture in which decision-making mechanisms 
turn into a non-transparent “black box” (Pasquale, 
2015). This structure of digital media, built through 
the interaction between databases and algorithms 
(Manovich, 2001), has today become a fundamental 
force shaping the everyday practices of “born-di-
gital” generations who use technology as if it were 
their native language (Palfrey & Gasser, 2008). To-
day, this process of simulation and data processing 
has reached the stage of “cinematic algorithms,” in 
which traditional concepts of creativity are surpas-
sed. According to Hutson and Smith (2025), in this 
new stage, production has evolved not into a fully 
automated process but into forms of “hybrid cre-
ation,” in which the artist becomes a curator who 
directs and refines machine outputs. Ultimately, this 
technological ecosystem points to a new phase of 
“artificial aesthetics,” in which machines measure 
and rank aesthetic value, while human creativity is 
pushed toward adapting to machine judgments th-
rough “aesthetic alignment” (Arielli, 2024).

2.1. Generative Artificial Intelligence Te-
chnologies and the Proliferation of Visual 
Content Production
Generative artificial intelligence (GenAI) techno-
logies are radically transforming visual production 
practices, particularly through diffusion models that 
enable text-to-image generation (Aziz et al., 2024). 
Generative adversarial networks (GANs), developed 
by Goodfellow et al. (2014), and the zero-shot lear-
ning capability introduced by Ramesh et al. (2021) 
constitute the technical foundation of this transfor-
mation. Advances in infrastructure are no longer 
limited to still images but extend to sophisticated 
architectures capable of generating realistic video 
scenes with high visual coherence from textual 

prompts (Sanchez-Acedo et al., 2026). The capacity 
of these systems has reached such a massive scale 
that more than 15 billion synthetic images genera-
ted by artificial intelligence in 2023 alone have been 
found to surpass the volume of production achie-
ved by traditional photography over 150 years (Aziz 
et al., 2024). These technological possibilities have 
created a field of “democratization” in production 
processes by enabling visual content production 
to spread to broader user groups without requiring 
technical knowledge or specialized expertise (Rapp 
et al., 2025; Yıldız, 2025). However, these automated 
processes sever the physical referential relationship 
between the digital image and the objective world, 
thereby producing an ontological ambiguity (Kara-
kaya & Dayı, 2024).

The dimension of this transformation, described as 
“cultural automation,” presents a new structure that 
standardizes aesthetic judgment and transfers hu-
man creativity onto an algorithmic plane (Manovich 
& Arielli, 2024). This situation undermines the tradi-
tional status of photography as “evidence of reality” 
and reinforces the era of simulation and “hyperre-
ality,” in which computer-based representations 
without a referent are perceived as more real than 
the original (Baudrillard, 2018; Sontag, 2008; İpek & 
İpek, 2025). In this universe of synthetic reality, whe-
re the boundaries between the virtual and physical 
worlds become blurred, the fact that highly realistic 
deepfake content and hyper-realistic synthetic ima-
ges have become almost impossible to distinguish 
with the human eye lays the groundwork for an epis-
temological crisis at the societal level (Osińska et 
al., 2025; Sanchez-Acedo et al., 2026). Indeed, the 
approximately 900% annual increase in deepfake 
videos worldwide clearly reveals the manipulative 
power and mass impact of this technology (Zan & 
Zan, 2025). When this environment of perceptual risk 
is combined with the target-audience segmentation 
and microtargeting algorithms of digital platforms, it 
enables disinformation to spread much faster, more 
personalized, and more persuasively (Gül Ünlü & 
Küçükşabanoğlu, 2023). It has been observed that 
AI-generated depictions of events that never occur-
red, such as fabricated images of political leaders or 
synthetic explosion scenes, can receive millions of 
interactions in a short period and cause fluctuations 
in global markets or public confusion (Karakaya & 
Dayı, 2024). The ability of algorithms to control infor-
mation flows and create echo chambers provides an 
environment in which false information can be repro-
duced without sufficient oversight (Arslan, 2026). As 
a result, visual disinformation and the accompanying 
crisis of trust are legitimized by the flawless technical 
quality of synthetic images and transformed into a 
systemic problem that threatens information secu-
rity, individual privacy, and democratic foundations 
(Gül Ünlü & Küçükşabanoğlu, 2023; Zan & Zan, 2025).
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2.2. Theories of Visual Perception and the 
Uncanny Valley: Ontological Ambiguity
As the level of human likeness in visual perception 
increases, the “uncanny valley” effect emerges when 
the resemblance of an artificial figure to a human 
being reaches an “almost perfect” threshold (Mori, 
2012). This effect is triggered not only in physical ro-
botic systems but also by the viewer’s subconscious 
recognition of subtle artifacts in AI-generated ima-
ges with mid-range realism, such as asymmetrical 
facial features, inconsistent lighting, and unrealistic 
skin textures (Kishnani, 2025). Indeed, uncanniness is 
also defined as a profound sense of “estrangement” 
arising from the presence of an extremely foreign 
and irrational element within a familiar form (Rapp 
et al., 2025). Contemporary systems attempt to over-
come this valley through opaque data architectures 
and algorithms that prioritize fictional aesthetics 
(Hutson & Smith, 2025; Pasquale, 2015).

The increase in photorealism erases the ontological 
distinction between real photographs and synthetic 
images, thereby neutralizing cognitive skepticism 
(Karakaya & Dayı, 2024; Osińska et al., 2025). Indeed, 
empirical reception studies have shown that, beyond 
being indistinguishable from real faces, perfected 
synthetic faces are perceived as more authentic and 
more trustworthy than real human faces (Nightinga-
le & Farid, 2022; Miller et al., 2023). The automation 
of “average aesthetics” by artificial intelligence dul-
ls the human tendency to search for imperfections 
and manipulates perceptual defense mechanisms 
(Arielli, 2024). This is because the smooth images 
synthesized by generative models trained on massi-
ve datasets exploit existing expectations and biases 
in human cognition, thereby completely dissolving 
ontological boundaries (van Hees et al., 2025). Struc-
tural elements in the grammar of visual design, such 
as lighting and texture, construct a reality effect that 
carries the synthetic into the realm of truth (Kress & 
Van Leeuwen, 2020). This resulting hyper-realistic 
structure does not merely create an aesthetic illusi-
on; it also gives rise to a complex crisis environment 
in which visual manipulation becomes legitimized 
on digital platforms, individuals are drawn into epis-
temological blindness, and social trust in the accura-
cy of information is undermined (Gül Ünlü & Küçük-
şabanoğlu, 2023; İpek & İpek, 2025).

2.3. Generational Theories and Digital 
Skepticism: The X, Y, and Z Paradox
Generation Z, referred to as digital natives, posses-
ses a high level of operational self-confidence due 
to its “native language”-like relationship with tech-
nology (Prensky, 2001). However, technical proficien-
cy does not always correspond to the level of critical 
literacy required to decode media messages (Buc-
kingham, 2003). Digital literacy is not merely a tech-
nical competence but a critical evaluation process 

that questions the ontological status of the image 
(Kellner & Share, 2007; Sezgin, 2025).

Generation Y, described in the literature as a bridge 
between Generation X and newer digital generati-
ons, stands out as a group born into an analog world, 
witnessing the digital revolution during adulthood, 
and positioned between these two worlds as “digi-
tal hybrids” (Yıldız, 2012, as cited in Canbolat, 2022). 
Generation Y displays a hybrid attitude by combi-
ning its ability to adapt to the technological speed 
of the succeeding Generation Z (Boztunç, 2014) with 
the traditional security and skepticism reflexes of the 
preceding Generation X (Canbolat, 2022). Although 
this generation integrates advanced digital tools 
into professional and everyday life at a high level, it 
tends to use the knowledge and experience it acqu-
ires in the most efficient way by subjecting them to a 
rational filtering process (Seymen, 2017). 

Therefore, Generation Y’s approach to content in 
the digital ecosystem is characterized by cautious 
acceptance, balancing technological inclination 
and traditional skepticism regarding data privacy 
(Canbolat, 2022). By contrast, Generation X preser-
ves its traditional information-seeking reflexes and 
“analog skepticism” (Prensky, 2001). This generation 
develops a structural skepticism toward digital con-
tent and subjects messages to a more rational filte-
ring process (Hobbs, 2017). In particular, older age 
groups, especially those aged 60 and above, exhibit 
resistance to digital disinformation by verifying the 
information they encounter through strategies such 
as cross-checking multiple sources and consulting 
expert opinions (Arslan, 2026).

2.4. Algorithmic Authority and Trust: Col-
lective Trust in Social Media Content
Algorithmic systems have become fundamental 
mechanisms of authority that structure individuals’ 
perception of reality and aesthetic judgments in the 
network society. This new social morphology rede-
fines power relations and social hierarchies throu-
gh algorithms that control the flow of information 
(Castells, 2008). In this context, algorithms function 
directly as objects of surveillance and domination 
from the perspective of panoptic power (Foucault, 
1992), since what is considered “real,” “true,” or 
“visible” is no longer determined by central aut-
horities, but by non-transparent data architectures 
described as “black boxes” (Pasquale, 2015). Faced 
with the complex and uncontrollable nature of these 
systems, users tend to exhibit a collective form of 
“algorithmic surrender” rather than developing rati-
onal skepticism, falling under the illusion that algo-
rithmic outputs are objective, neutral, and error-free 
(Hashmi et al., 2024).

This process of surrender takes place within the 
ecosystem defined as “surveillance capitalism,” in 
which individual experiences are transformed into 
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behavioral data and commodified (Zuboff, 2019). 
Social media platforms reinforce a constructed and 
idealized perception of reality, referred to as “ci-
nematic algorithms,” by prioritizing highly interac-
tive content, including synthetic images (Hutson & 
Smith, 2025). In AI-generated content, the balance 
between “aesthetic quality” and “text-image align-
ment” disables the user’s cognitive filter (Aziz et al., 
2024), while the visual fidelity created by synthetic 
images manipulates social trust by making the on-
tological distinction between them and real photog-
raphs nearly impossible (Osińska et al., 2025). This 
situation is characterized as a form of domination 
over the perception of reality, in which content-ba-
sed and visual reading take precedence over tech-
nical reading (Karakaya & Dayı, 2024). Moreover, 
algorithms reproduce structural biases, thereby un-
dermining the myth of systemic neutrality (Noble, 
2018). Nevertheless, metrics such as likes, shares, 
and engagement on social networks construct an 
unshakable form of “social proof,” regardless of the 
accuracy of the content (Metzger & Flanagin, 2013). 
As a result, users tend to accept algorithmic filters 
as absolute truth rather than subjecting images to 
analytical scrutiny. Overcoming this epistemological 
crisis depends on establishing algorithmic accoun-
tability and independent auditing mechanisms (Di-
akopoulos, 2016).

3. Methodology
3.1. Research Design: Quantitative Analy-
sis and Cross-Sectional Survey
This research employed a quasi-experimental design 
to examine causal relationships between variables 
using controlled stimuli and standardized measu-
rement instruments. The study is based entirely on 
quantitative data collection and analysis and is stru-
ctured within the cross-sectional survey framework, 
which aims to describe the attitudes, perceptions, 
and behavioral tendencies of large populations th-
rough numerical data (Creswell, 2014; Saunders et 
al., 2019). In accordance with the basic axioms of the 
quantitative research tradition, analyses of variance 
(ANOVA) and post-hoc tests were integrated into 
the research model in order to preserve the struc-
tural integrity of the data and identify meaningful 
intergenerational differences among Generations X, 
Y, and Z (Büyüköztürk et al., 2017; Pandey & Pandey, 
2015).

The main element ensuring the methodological ori-
ginality of the study and the internal validity of the 
data is the architecture of the Asymmetric Block De-
sign, specifically constructed by the researcher for 
the presentation of synthetic (AI-generated) and real 
images (Kluger et al., 2025). To prevent participants’ 
tendency to form a mental template and make pre-
dictions through pattern recognition in visual per-
ception tests and repeated-measures designs, the 

stimuli were asymmetrically blocked in a 2-2-1-2-2-1 
sequence. Creswell (2014) emphasizes that, in such 
experimental interventions, systematic errors such 
as order bias and the learning effect, in which parti-
cipants alter their responses as they become familiar 
with the stimuli, may compromise the purity of the 
data. This asymmetric architecture requires partici-
pants to evaluate each image as an independent 
“ontological reality test,” thereby minimizing cogni-
tive transfer and attention competition among sur-
vey items (Kluger et al., 2025; Saunders et al., 2019).

In addition, the analysis of these complex and unba-
lanced datasets was based on the logic of the Social 
Relations Model (SRM), which enables the decom-
position of variance components arising from the 
interaction between the participant as actor and the 
image as partner. This advanced modeling approa-
ch makes it possible to isolate individual perceptual 
differences from “measurement error” and to reveal 
the pure statistical projection of trust in AI-genera-
ted images (Kluger et al., 2025; Singh, 2007).

3.2. Data Collection Instrument
In this study, a five-point Likert-type scale was used 
as the data-collection instrument to measure parti-
cipants’ perceptions of synthetic and real images in 
digital environments in a psychometrically objective 
manner (Gürel, 2023). Likert scales, which constitute 
the foundation of attitude and perception measu-
rement in the social sciences, convert participants’ 
tendencies toward variables into standardized nu-
merical values, thereby optimizing construct vali-
dity and internal consistency coefficients (Creswell, 
2014; Singh, 2007). The scale design was structured 
to sensitively differentiate the intensity and directi-
on of individuals’ trust in AI-generated images and 
to transfer participants’ attitudes, ranging from “I 
completely trust” to “I do not trust at all,” into nu-
merical data on a linear continuum (Singh, 2007). In 
this context, the scale's sensitivity was based on a 
psychometric balance that translates participants’ 
cognitive thresholds into statistically meaningful va-
riance (Pandey & Pandey, 2015). In this study, “trust” 
is operationalized narrowly as the perceived credi-
bility and reliability assigned to the presented visu-
al stimulus as a source of visual information; it does 
not refer to generalized interpersonal, institutional, 
or societal trust.

To filter out participant inattention, which is frequ-
ently encountered in online quantitative measure-
ment designs and threatens the structural integrity 
of the data, a directed query/attention-check item 
was included in the measurement instrument as a 
methodological necessity. Participants who marked 
responses at random without focusing on all sur-
vey items, or who displayed careless-responding 
tendencies that disrupted the dataset's statistical 
normality, were identified through this structured 
filtering mechanism and excluded from the analysis 
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(Creswell, 2014). Designed within the framework of 
the reliability criteria for data collection instruments 
emphasized by Pandey and Pandey (2015), this pro-
cedure filters out measurement errors in the dataset 
by requiring participants to focus solely on the con-
cept intended to be measured; it thereby directly 
increases the statistical power of the research and 
the external reliability of the findings (Singh, 2007).

The ten images constituting the core component of 
the measurement instrument, five real photographs 
and five AI-generated images, were subjected to 
strict standardization as visual stimuli within the re-
search design. To evaluate the ontological distincti-
on between synthetic images and real photographs 
independently of external variables, the resolution, 
lighting balance, and color saturation of the images 

were brought into perceptual equivalence (Aziz et 
al., 2024). Presenting the stimuli using a standardized 
protocol that controls their technical characteristics, 
such as size and background, eliminates attentional 
competition that may arise during visual perception 
(Qin et al., 2020). This perceptual standardization 
architecture, which prevents external variables from 
turning into confounding effects, preserves the pu-
rity of the experimental manipulation and maximizes 
the methodological internal validity of the research 
(Creswell, 2014; Pandey & Pandey, 2015). In this way, 
the measurement instrument goes beyond merely 
being a technical data-collection form and beco-
mes a scientific instrument that tests the ontological 
boundaries of artificial aesthetics (Singh, 2007).

Figure 1. Real Photographs Used as Stimuli.

 Figure 2. AI-Generated Images Used as Stimuli

3.3. Participants and Sampling Procedure
A non-probability online volunteer sampling appro-
ach was used. The final analytic sample comprised 
399 participants who could be classified into one of 
the three predefined generational groups used in 
the study (Generation X, Generation Y/Millennials, 
or Generation Z) according to the birth-year boun-
daries reported in Table 1. Participation was volun-
tary. Responses were retained for analysis when par-
ticipants completed the visual evaluation task and 
met the attention-check criterion described above; 
responses indicating random or careless responding 
were excluded. Because recruitment was online and 
voluntary rather than probability-based, the sample 
should be interpreted as an experimental sample 
rather than as a population-representative sample.

3.4. Principles of Visual Pairing: Paired 
Design
In this study, the selection and presentation of visual 
stimuli were based on a “paired design” protocol to 
control for external factors and ensure methodologi-
cal rigor. In quantitative designs, maximizing internal 
validity, which refers to the accuracy of causal relati-
onships, requires the structural control of confoun-
ding variables that may manipulate the dependent 
variable (Creswell, 2014). Including synthetic and 
authentic images in the experiment as non-random 
paired sets minimizes confounding effects from par-
ticipants’ individual differences in judgment, there-
by providing a statistical layer of protection for the 
reliability of the research data (Singh, 2007).
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The core of the paired design is the principle of 
“stimulus equivalence.” In accordance with the prin-
ciples of measurement sensitivity emphasized by 
Pandey and Pandey (2015), each AI-generated ima-
ge used in the study was content-wise paired with 
a real photograph from the same category, such as 
a nature landscape paired with a nature landscape. 
Equalizing the structural characteristics of the ima-
ges, including technical elements such as perspe-
ctive depth, object positions, and lighting conditi-
ons, at a perceptual standard prevents the “noise” 
created by external variables and enables only the 
ontological difference, whether synthetic or real, to 
be isolated and measured (Aziz et al., 2024). This 
method eliminates threats to internal validity by en-
suring that the intended effect is measured solely 
by the stimulus itself (Creswell, 2014). To disrupt the 
guessing strategies and cognitive templates that 
participants may develop during repeated-measu-
rement processes, the images were presented in an 
asymmetric sequence specific to the study, following 
a 2-2-1-2-2-1 format. This presentation strategy was 
constructed in accordance with the logic of the Asy-
mmetric Block Design, which enables the modeling 
of asymmetric data structures obtained from the 
dyadic interactions of two different categories, na-
mely artificial and real images (Kluger et al., 2025,). 
Combining the paired design with the asymmetric 
presentation architecture prevents participants from 
forming a pattern in their minds and requires them 
to evaluate each stimulus as an independent “part-
ner” (Kluger et al., 2025). This integrated methodo-
logical structure filters individual perceptual diffe-
rences from measurement error and allows the trust 

threshold created by synthetic media to be identi-
fied in its purest form (Singh, 2007).

4. Findings
In this section, the findings obtained from the data 
collected within the framework of the quasi-expe-
rimental design are presented in line with the pre-
determined theoretical framework, namely Baudril-
lard’s (1994) theory of simulation, Manovich’s (2024) 
model of algorithmic decomposition, and Kluger 
et al.’s (2025) Asymmetric Block Design protocol. 
The order of reporting follows the study's hypot-
hesis hierarchy, beginning with descriptive statistics 
and proceeding to increasingly complex inferential 
analyses. The significance threshold was set at α = 
.05, and effect sizes were reported through Cohen’s 
d and eta-squared (η²), respectively.

4.1. Sample Profile
The study sample consisted of 399 voluntary parti-
cipants recruited online. The sample exhibited mar-
ked heterogeneity in generational distribution: the 
majority of participants were Generation Y (n = 231, 
57.9%), followed by Generation Z (n = 98, 24.6%) and 
Generation X (n = 70, 17.5%). Although the sample 
was unbalanced by gender, this variable was inclu-
ded in the analysis: 68.7% of participants were fema-
le (n = 274), while 31.3% were male (n = 125). In ter-
ms of educational level, the majority of participants 
had an undergraduate education (65.9%, n = 263), 
while a substantial proportion had a postgraduate 
education (28.3%, n = 113). The sample profile is 
presented in detail in Table 1.

Table 1. Sample Profile: Distribution by Generation, Gender and Education Variables and Confidence Score Averages

Note. AI Trust M = Average total confidence score of artificial intelligence images (5 items, 5–25 score range). Actual Trust M = Average 
total confidence score of real images. SS = Standard deviation. The small sample size (n = 23) in the high school and below group 
should be considered in the comments.

Variable / Category n % AI Trust M Real Trust M SD (AI)

Generation

    Generation X (1965–1980) 70 17.5 15.50 12.41 2.93

    Millennials (1981–1996) 231 57.9 16.79 13.35 3.11

    Generation Z (1997–2012) 98 24.6 17.47 13.71 3.54

Gender
    Women 274 68.7 16.64 13.36 3.01

    Male 125 31.3 16.94 13.08 3.72

Education Status

    High school and below 23 5.8 16.09 — 3.91

    Undergraduate 263 65.9 16.87 — 3.34

    Graduate 113 28.3 16.53 — 2.87

Total 399 100.0 16.73 13.27 3.25

The first notable pattern in Table 1 is that the mean 
level of trust in AI-generated images is systemati-
cally higher than that in real images across all su-

bgroups. This structural asymmetry will be examined 
in depth in the following sections.
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4.2. General Trust Comparison: Real And 
AI-Generated Images
4.2.1. Ontological paradox: the hyperrea-
lity effect
The study's primary hypothesis predicted that parti-
cipants' trust scores for AI-generated images would 

differ significantly from those for real images. The 
results of the paired-samples t-test confirmed this 
hypothesis with an extremely strong effect size (see 
Table 2): t(398) = −21.12, p < .001, d = −1.058. The 
absolute value of Cohen’s d clearly exceeds the th-
reshold of 0.80, which indicates a large effect size; 
this ratio suggests that approximately 47% of the va-
riance is explained by group membership.

Table 2. The Difference Between Trust in Real and AI Images: Matched Sample t-Test Results

Note. Likert scale: 1 = I don't trust at all, 5 = I trust completely. Both total scores represent a 5-item composite measurement (range 
5–25). d = Cohen's d effect size. The analysis was conducted on 399 participants with complete data for both variables.

Image Type n M SD t p d

Real Images (5 items total) 399 13.27 3.25 −21.12 <.001 −1.058

Artificial Intelligence Images (5 items total) 399 16.73 3.25

Difference (AI − Reality) — +3.46 —

The total mean trust score for real images was M 
= 13.27 (SD = 3.25), whereas the mean score for 
AI-generated images was M = 16.73 (SD = 3.25). 
The 3.46-point difference between the means cor-
responds to approximately 17.3% of the theoretical 
scale range (5–25), indicating not only a statistical 
but also a substantive divergence.

This finding directly resonates with Baudrillard’s 
(2018) concept of simulacra. Baudrillard argues 
that, in the postmodern visual regime, simulation 
no longer merely represents reality but surpasses 
it, and that hyperreality—that is, the model appe-
aring more real than the reality it represents—has 
become a normative perceptual condition. The pre-
sent findings bring this proposition onto an empi-
rical plane; participants’ attribution of higher trust 
to AI-generated images than to real photographs 
can be interpreted as a measurable manifestation of 
the Baudrillardian hyperreality effect in the context 
of social media. In Manovich’s (2024) terms, “algo-
rithmic image generation automatically produces a 
stronger signal of credibility when human percep-

tion is left without a stable point of reference”; the 
present results are consistent with this mechanism 
among participants in the current sample, without 
establishing population-level generalizability.

4.3. Intergenerational Variance: ANOVA 
and Gender / Education Analyses
4.3.1. One-way ANOVA: generation × 
trust in ai-generated images
A one-way analysis of variance (ANOVA) was con-
ducted to test whether the total trust score for 
AI-generated images (AI_Total, ranging from 5 to 
25) differed by generation. The results indicated 
that the main effect of generation was statistically 
significant: F(2, 396) = 7.869, p < .001, η² = .038. The 
eta-squared value indicates that 3.8% of the varian-
ce is attributable to the generation variable; accor-
ding to Cohen’s (1988) criteria, this corresponds to a 
small-to-medium effect size.

Table 3. Generational Effect on Total Trust in AI Visuals: One-Way ANOVA and Tukey HSD Post-Hoc Test Results

Note. SS = Sum of squares. df = Degrees of freedom. MS = Mean of squares. η² = Eta-square effect size. Since no violation of the 
assumption of the Levene's homogeneity test was detected, standard ANOVA was applied.

Source of Variance SD df MS F p η²

Intergroup (Generation) 146.96 2 73.48 7.869 <.001 .038

Within Groups (Error) 3704.37 396 9.35

Total 3851.33 398
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Table 3b. Tukey HSD Post-Hoc Comparisons

Note. M = Average of the total confidence score of artificial intelligence. MD = Mean difference. q = Studentized interval statistic.   

p < .01.    p < .001. ns = Not statistically significant.

Comparison Mi Mⱼ MD (i − j) q p η²

Generation X vs Millennials 15.50 16.79 −1.288 4.183 .009  .038

Generation X vs Generation Z 15.50 17.47 −1.969 5.577 < .001   

Millennials vs Gen Z 16.79 17.47 −0.682 2.505 .181 ns

The Tukey HSD post-hoc test provides a more deta-
iled explanation of the significant ANOVA finding: 
Generation X exhibited significantly lower AI trust 
scores than both Generation Y (MD = −1.288, q = 
4.183, p = .009) and Generation Z (MD = −1.969, q 
= 5.577, p < .001). The difference between Genera-
tions Y and Z, however, did not reach the statistical 
significance threshold (MD = −0.682, p = .181).

This pattern reflects a mechanism conceptualized as 
analog skepticism. Generation X grew up in a cog-
nitive environment shaped before the widespread 
adoption of digital photography and internalized 
the visual verification practices of the analog media 
era. During this period, manipulating a photograph 
involved both high technical and economic thres-
holds. By contrast, Generation Y, which emerged 
in the middle of the digital age, and Generation Z, 

which encountered generative artificial intelligence 
technologies at earlier ages, approach visual media 
through a different epistemic framework. Paradoxi-
cally, although Generation Z is the generation most 
closely associated with technology, it displayed the 
highest mean level of trust in AI-generated images 
(M = 17.47). This finding indicates that digital com-
petence does not automatically translate into visual 
critical capacity.

4.3.2. The effect of gender and educatio-
nal levels on trust perception
In addition to the generation effect, the possible 
influence of gender and educational level variables 
on trust perception was examined. The findings are 
summarized in Table 3c.

Table 3c. Perception of Trust by Gender and Education Level Variables: Independent Sample t-Test and One-Way ANOVA Results

Note. AI M = Average total trust in AI images. Actual M = Average total confidence in real images. For the training variable, only the 
AI confidence score was subjected to ANOVA. η² (training) = .005. d = Not statistically significant. In terms of gender, the independent-
samples t-test revealed no significant difference in AI confidence score between female (M = 16.64, SD = 3.01) and male (M = 16.94, SD 
= 3.72) participants: t(397) = −0.859, p = .391. Along the same lines, actual visual confidence scores did not differ significantly according 
to gender: t(397) = 0.803, p = .423. The one-way ANOVA conducted for the education level also did not reveal a significant effect: F(2, 
396) = 0.911, p = .403, η² = .005. 

Independent Variable / Group n M (AI) M (Real) t p

Gender: Female 274 16.64 13.36 −0.859 .391 ns

Gender: Male 125 16.94 13.08

Education ANOVA (3 groups) 399 — — F = 0.911 .403 ns

    High school and below 23 16.09 —

    Undergraduate 263 16.87 —

    Graduate 113 16.53 —

These findings indicate that individual differences 
in visual reality perception are not shaped by gen-
der or education level, but primarily by generational 
identity and accompanying media socialization ex-
periences. The pattern in question supports Kluger 
et al.'s (2025) discussion of the "observer compo-
nent" within the framework of the Social Relations 
Model (SRM); they argue that the generation is the 
strongest observer variable representing the indivi-
dual's systematic tendency towards visual stimuli.

4.4. Paired Image Analysis: Set-Level 
Comparison
4.4.1. Set-based findings and the uncanny 
valley effect
The five image sets within the scope of the Paired 
Design protocol are arranged to enable a real-arti-
ficial intelligence comparison. Paired sample t-test 
was applied for each set; mean difference (MD), t 
statistic, and Cohen's d effect size are reported in 
Table 4.
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Table 4. Confidence Score Comparison Based on Paired Image Sets: Set-Level t-Test Results

Note. G = Real photo, Y = AI-generated image. MD = Mean difference (True − AI). d = Cohen's d.    p < .001. ns = Not significant. 
Category assignments are based on researcher classification.

Set/Category n Real M G_SS AI M AI_SD MD t d

Set 1 — Portrait (G1 / Y1) 397 2.18 0.91 3.53 0.93 −1.35 −21.53   −1.080

Set 2 — Landscape (G2 / Y2) 395 2.53 1.07 3.39 0.92 −0.86 −13.37   −0.673

Set 3 — Architecture (G3 / Y3) 394 2.47 1.06 3.32 1.03 −0.85 −13.17   −0.664

Set 4 — Portrait (G4 / Y4) 396 3.05 1.05 2.94 0.99 +0.11 1.625 ns 0.082

Set 5 — Landscape (G5 / Y5) 392 3.13 0.95 3.66 0.84 −0.53 −10.29   −0.520

The most striking pattern in Table 4 is reflected in 
the heterogeneity among the five sets. In four of the 
sets—Set 1 (d = −1.080), Set 2 (d = −0.673), Set 3 (d 
= −0.664), and Set 5 (d = −0.520) AI-generated ima-
ges received significantly higher trust scores than 
real photographs. By contrast, Set 4 (Portrait: G4 / 
Y4) was the only exception to this general tendency: 
t(395) = 1.625, p = .105, d = 0.082; this value did not 
reach statistical significance.

The fact that Set 1 (Portrait) showed the strongest 
effect, with d = −1.080, is a theoretically instructive 
finding, although it does not align with Mori’s (2012) 
Uncanny Valley theory. Mori argues that humanoid 
faces evoke an intense feeling of discomfort and un-
canniness when they approach a certain threshold 
of resemblance. According to this model, AI-gene-
rated portraits would be expected to receive lower 
trust scores than real faces. However, Set 1 displays 
precisely the opposite pattern: the AI-generated 
portrait (Y1, M = 3.53) received a trust score that was 
1.35 points higher than that of the real portrait (G1, 
M = 2.18). This finding may be interpreted either as 
an Inverted Uncanny Valley or as an indication that 
generative artificial intelligence has now completely 
surpassed the threshold of visual perfection. Con-
temporary diffusion models are known to over-refine 
facial asymmetries, pore texture, and lighting gra-
dients in human faces; this process effectively inc-

reases perceived realism while paradoxically rever-
sing the uncanniness threshold described by Mori. 
By contrast, Set 4 (G4 / Y4) reveals the boundary of 
this Uncanny Valley inversion. The non-significant 
difference between G4 (M = 3.05) and Y4 (M = 2.94) 
(p = .105) likely reflects detectable AI artifacts in Y4, 
such as anatomical inconsistencies, lighting errors, 
or background collapse, and suggests that partici-
pants may still retain the capacity for detection when 
a visual falls below a certain level of quality.

4.5. Asymmetric Block Design Analysis 
and the SRM Perspective
4.5.1. Control of the learning effect
Kluger et al.’s (2025) Asymmetric Block Design pro-
poses that visual presentations should be ordered 
according to a specific algorithm to control the pra-
ctice and carryover effects, both of which are frequ-
ently encountered in repeated-measures studies. 
The 2-2-1-2-2-1 sequence applied in this research li-
mits the number of consecutive images of the same 
type within each block, thereby preventing partici-
pants from developing a systematic expectation 
regarding the real/AI distinction. Table 5 presents 
the mean trust scores according to block and pivot 
positions.

Table 5. Confidence Score Distribution by Block and Pivot Positions within the Scope of Asymmetric Block Design (2-2-1-2-2-1)

Note. Intra-block averages represent the combined mean across all items in the relevant block. The pivot positions (Positions 5 and 10) 
contain only one image; the other blocks contain two images each. Mixed blocks (3 and 4) contain both real and artificial intelligence 
images.

Blocks / Positions n Image(s) Type M (trust) SD

Block 1 (Positions 1–2) 795 G1, G2 Fact 2.35 1.01

Block 2 (Positions 3–4) 793 Y1, Y2 AI 3.46 0.93

Pivot 1 (Position 5) 396 G3 Fact 2.47 1.06

Block 3 (Positions 6–7) 793 Y3, G4 Mixed 3.19 1.05

Block 4 (Positions 8–9) 791 G5, Y4 Mixed 3.04 0.97

Pivot 2 (Position 10) 396 Y5 AI 3.66 0.84
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The block design analysis reveals several critical pat-
terns. First, the 1.11-point difference between Block 
1, which consisted only of real images (M = 2.35), 
and Block 2, which consisted only of AI-generated 
images (M = 3.46), replicates the overall real–AI di-
vergence even at the early stages of the experiment. 
This weakens the hypothesis that the difference was 
artificially produced by a learning effect. Second, G3 
in the Pivot 1 position (M = 2.47) and Y5 in the Pivot 
2 position (M = 3.66) indicate that placing a single 
image in the middle of the blocks was effective. The 
isolated AI-generated image (Y5) received the hig-
hest mean trust score among all images, suggesting 
that AI-generated images may be perceived as even 
more convincing in the absence of a block context.

Evaluated through the terminology of Kluger et al.’s 
(2025) Social Relations Model (SRM), two main com-
ponents can be distinguished. The partner effect re-
fers to the systematic response produced by the vi-
sual stimulus across all participants, regardless of its 

type; the fact that Y5 received the highest score ac-
ross all generations provides strong evidence for this 
component. The observer effect, on the other hand, 
reflects the individual participant’s general tendency 
toward all images. The generation-based ANOVA 
findings indicate that Generation X’s systematically 
lower trust attribution represents an observer effect, 
showing that this tendency persists consistently and 
independently of stimulus type. These two effects 
overlap to produce the structural trust asymmetry 
that constitutes the study's central finding.

4.6. Image-Based Descriptive Statistics
Table 6 presents the descriptive statistics of the trust 
scores for each of the 10 visual stimuli used in the 
study, in accordance with the order of set pairing. 
This table describes the image-level variance and 
provides a micro-level reference framework for the 
inferential analyses presented above.

Table 6. Confidence Score Descriptive Statistics for All Visual Stimuli (Question B, N = 394–398)

Note. G = Real photo; Y = Artificial intelligence-generated image. Scale: 1 = I don't trust at all, 5 = I trust completely. Set matching was 
carried out according to the Asymmetric Block Design protocol. The rate of missing data remains at most 1.3% per image.

Image Category (Couple) Type N M SD Min Max

G1 Set 1 — Portrait Fact 397 2.18 0.91 1 5

G2 Set 2 — Landscape Fact 398 2.53 1.07 1 5

Y1 Set 1 — Portrait AI 398 3.53 0.93 1 5

Y2 Set 2 — Landscape AI 395 3.39 0.92 1 5

G3 Set 3 — Architecture Fact 396 2.47 1.06 1 5

Y3 Set 3 — Architecture AI 396 3.32 1.03 1 5

G4 Set 4 — Portrait Fact 397 3.05 1.05 1 5

G5 Set 5 — Landscape Fact 394 3.13 0.95 1 5

Y4 Set 4 — Portrait AI 397 2.94 0.99 1 5

Y5 Set 5 — Landscape AI 396 3.66 0.84 1 5

When the descriptive statistics at the image level 
are examined, a notable pattern emerges among 
the real images: G1 (M = 2.18) and G2 (M = 2.53) on 
the one hand, and G4 (M = 3.05) and G5 (M = 3.13) 
on the other. This difference indicates that the real 
images positioned in the early block received lower 
trust scores and supports the hypothesis that block 
position plays a contextual role in the perception of 
trust. Among the AI-generated images, Y5 (M = 3.66) 
stands out with the highest mean, whereas Y4 (M = 
2.94) has the lowest mean. This divergence suggests 
that participants were partially able to perceive qua-
lity variance among generative AI outputs; however, 
this perception did not translate into a systematic 
ability to differentiate between them.

4.7. General Evaluation: Theoretical Integ-
ration of the Findings
The findings presented in this section can be synt-
hesized within the framework of three complemen-
tary theoretical layers. At the first layer, Baudrillard’s 
(2018) thesis of hyperreality finds a limited empirical 
correspondence: within the tested stimuli, AI-gene-
rated images received higher average trust ratings 
than real photographs. Rather than documenting 
a society-wide displacement of reality, this pattern 
can be interpreted as an experimental instance con-
sistent with the hyperreality thesis. At the second 
layer, Manovich’s (2024) model of algorithmic de-
composition becomes relevant. Manovich argues 
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that machine vision and generative artificial intelli-
gence optimize visual statistics according to human 
intuitive standards; therefore, images produced by 
algorithms generate a visual economy that meets 
or exceeds the expectations of the average pho-
tographic viewer. In the present study, the relatively 
low standard deviations for AI-generated images, 
particularly those in the portrait pair in Set 1 (SD = 
0.84–0.93), indicate a comparatively homogeneous 
distribution of responses and suggest that algorith-
mic image production creates a form of consensus 
among participants' reactions. At the third layer, 
Kluger et al.’s (2025) Asymmetric Block Design and 
SRM framework explain the structural source of in-
dividual differences in the findings. The fact that the 
generation effect (X < Y ≈ Z) was both significant 
and independent of gender and education supports 
Kluger et al.’s proposition regarding the observer 
component and suggests that, among the socio-
demographic variables tested here, generation was 
the clearest predictor of visual trust perception. The 
convergence of these three layers demonstrates 
that the perception of visual reality on social media 
is a multilayered process that requires analysis at the 
macro level through Baudrillard, the meso level th-
rough Manovich, and the micro level through Kluger 
et al.’s SRM framework.

5. Discussion and Conclusion
This study examined the transformative effects of 
generative artificial intelligence (GenAI) techno-
logies on perceptions of visual reality and how these 
effects differ across generations, using a quasi-ex-
perimental design. The growing accessibility of de-
epfake technologies has enabled the rapid produ-
ction and dissemination of hyper-realistic synthetic 
images, increasing their potential to manipulate 
perceptions of reality (Söğütlüler, 2025). Within the 
present experimental context, the findings suggest 
that photographic origin did not function as a gu-
arantee of perceived credibility: for several tested 
stimuli, participants rated AI-generated images as 
more trustworthy than real photographs. Partici-
pants’ total trust score for AI-generated images (M = 
16.73) was significantly higher than their trust score 
for real images (M = 13.27), revealing a clear “trust 
reversal” in the perception of visual reality. This re-
sult is consistent with Baudrillard’s (2018) approach 
to simulation and hyperreality, since AI-generated 
images constitute a new visual regime with no direct 
counterpart in the physical world, yet they produ-
ce a sense of reality. Manovich’s (2001) account of 
digital media, in terms of the interaction between 
databases and algorithms, provides a theoretical 
framework for interpreting how algorithmically op-
timized image surfaces can shape perceived visual 
credibility.

One of the strongest findings of the study is the lar-
ge effect size favoring AI-generated images, as indi-
cated by the paired-samples t-test: t(398) = −21.12, 
p < .001, d = −1.058. This finding points to a signi-
ficant rupture not only statistically but also theoreti-
cally. In parallel with Nightingale and Farid’s (2022) 
study, which showed that AI-generated faces can 
be indistinguishable from real faces and may even 
be perceived as more trustworthy, the present study 
suggests that, within this sample, some synthetic 
images produced a stronger impression of authenti-
city and credibility than matched real photographs. 
Similarly, Miller et al. (2023) show that some AI-gene-
rated faces are perceived as more real than human 
faces, while Osińska et al. (2025) note that the pho-
torealistic quality of AI-generated images challen-
ges users’ visual discrimination abilities. Therefore, 
the findings suggest that, for some stimuli in this ex-
periment, synthetic images can achieve a perceptual 
advantage over matched real photographs.

The analyses conducted through paired visual sets 
showed that this trust reversal does not operate with 
the same intensity across all visual categories. In four 
of the five sets, AI-generated images received signi-
ficantly higher trust scores than real images, whereas 
this difference was not significant in only Set 4. In 
particular, the fact that the AI-generated image in 
the portrait comparison in Set 1 received much hi-
gher trust than the real portrait is a striking result in 
relation to Mori’s (2012) “uncanny valley” approach. 
While the classical theory of the uncanny valley ar-
gues that humanoid artificial representations produ-
ce discomfort at a certain threshold of realism, the 
present study shows that some AI-generated port-
raits surpass this threshold and generate trust. This 
situation is consistent with Kishnani’s (2025) findings 
that uncanniness increases at medium levels of rea-
lism but may decrease at high levels. In other words, 
contemporary generative AI systems not only nar-
row the uncanny valley; in some cases, they reverse 
it by making the artificial appear more trustworthy.

This result can also be explained through Arielli’s 
(2024) concepts of “artificial aesthetics” and “aest-
hetic alignment.” AI models produce perfected 
surfaces by optimizing the average aesthetic pat-
terns they learn from massive visual datasets. This 
perfection weakens the viewer’s reflex to search for 
visual flaws and transforms the synthetic image into 
a trustworthy visual object. The criteria of photorea-
lism, image quality, and text-image alignment emp-
hasized by Aziz et al. (2024) also show that user trust 
is related not only to content accuracy but also to 
the technical and aesthetic coherence of the visu-
al surface. Therefore, the findings of this study de-
monstrate that visual trust is no longer tied solely to 
the “real source” but also to the aesthetically per-
suasive power generated algorithmically. Intergene-
rational analyses showed that trust in AI-generated 
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images differs most clearly by socio-demographic 
generation. The one-way ANOVA revealed a signifi-
cant generation effect, showing that Generation X’s 
trust in AI-generated images was significantly lower 
than that of both Generations Y and Z. By contrast, 
the difference between Generations Y and Z was 
not significant. This finding is important because 
it shows that proximity to digital technology does 
not necessarily overlap with critical visual literacy. 
While Prensky’s (2001) concept of “digital natives” 
suggests that younger generations establish a more 
natural relationship with technological tools, Buc-
kingham (2003) and Hobbs (2017) emphasize that 
technical proficiency does not necessarily mean the 
capacity to critically analyze media messages. The 
findings of this study likewise reveal that Generation 
Z, despite its technical familiarity, may be more likely 
to trust synthetic images.

At this point, Generation X’s lower trust scores can 
be interpreted within the framework of “analog 
skepticism.” Individuals socialized in an analog me-
dia environment may have experienced the docu-
mentary status of photography within a different 
historical context and developed a more cautious 
perception toward digital manipulation. By contrast, 
Generations Y and Z, who are continuously expo-
sed to visual flows on social media platforms, may 
evaluate AI-generated images as an ordinary part of 
the digital experience. Yıldız’s (2025) study on Ge-
neration Z and synthetic media shows that young 
people adopt AI tools for ease of use and practical 
benefits yet also develop epistemic concerns about 
manipulative content. The quantitative findings of 
the present study complement this phenomenologi-
cal observation by demonstrating that young users 
may assign higher visual trust scores even when 
they experience such concerns. It is also notewort-
hy that gender and educational level did not yield 
significant differences in trust toward AI-generated 
images. This result suggests that the perception of 
visual reality is related less to classical demographic 
variables than to media socialization and generati-
onal experience. The fact that educational level did 
not serve as a significant protective variable indica-
tes that digital literacy cannot be explained solely by 
formal education level. In this context, Kellner and 
Share’s (2007) treatment of critical media literacy as 
an essential skill for democratic societies is parti-
cularly important. The present findings show that a 
high level of education alone is insufficient to dis-
tinguish synthetic images or to attribute lower trust 
to them; rather, specific forms of AI literacy, visual 
verification, and algorithmic awareness training are 
required.

The findings on the Asymmetric Block Design stren-
gthen the study's methodological originality. Pre-
senting the images in a 2-2-1-2-2-1 sequence pre-
vented participants from detecting a simple pattern 
and adjusting their responses accordingly; nevert-

heless, the trust difference in favor of AI-genera-
ted images was maintained. The fact that the mean 
score for real images in Block 1 was M = 2.35, while 
the mean score for AI-generated images in Block 2 
was M = 3.46, shows that the trust reversal emerged 
even at the early stage of the experiment. In addi-
tion, the Y5 image in the Pivot 2 position received 
the highest mean trust score (M = 3.66), indicating 
that certain AI-generated images can be highly per-
suasive even when presented without contextual 
support. Evaluated within the framework of Kluger 
et al.’s (2025) Social Relations Model, this finding po-
ints both to the partner effect arising from the visual 
stimulus itself and to the observer effect associated 
with generation. The findings of this study are also 
significant for debates on algorithmic authority and 
disinformation in social media environments. Castel-
ls’s (2008) argument that information flows restructu-
re power relations in the network society becomes 
even more relevant with the circulation of AI-gene-
rated images through platform algorithms. Pasqua-
le’s (2015) “black box” metaphor describes an envi-
ronment in which users consume visual information 
without knowing by which criteria specific content 
is made visible. In this context, AI-generated ima-
ges create not merely an individual perceptual error, 
but a systematic trust problem reinforced by plat-
form architectures. Gül Ünlü and Küçükşabanoğlu’s 
(2023) observation that artificial intelligence plays a 
dual role in both the production of disinformation 
and the struggle against it aligns with this study's 
findings. From the perspective of the literature on 
deepfakes and synthetic media, the study's results 
show that the visual trust crisis should be addressed 
not only at the level of individual misperception but 
also at the levels of social trust and the democratic 
public sphere. While Altuncu et al. (2024) state that 
deepfake technologies are rapidly evolving in their 
definitions, measurement, datasets, and standards, 
Zan and Zan (2025) emphasize that these techno-
logies pose serious pedagogical, ethical, and social 
risks. İpek and İpek (2025) likewise note that deepfa-
ke images transform the perception of reality within 
synthetic reality. The fact that trust in AI-generated 
images exceeded trust in real images in this study 
demonstrates that these risks are not merely theore-
tical but also empirically observable.

In conclusion, this study shows that the perception 
of visual reality is undergoing a serious ontological 
and epistemological transformation in the age of 
generative artificial intelligence. Participants’ per-
ception of AI-generated images as more trustwort-
hy than real photographs reveals that photography’s 
status as “evidence of truth” has weakened and that 
algorithmic image production has created a new re-
gime of trust. The significance of intergenerational 
differences shows that this transformation is not ex-
perienced in the same way across all user groups; 
Generation X appears more cautious, whereas Ge-
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nerations Y and Z are more likely to trust synthetic 
images. By contrast, the fact that gender and edu-
cational level did not yield significant differences 
suggests that the solution lies not merely in raising 
the overall level of education, but in developing ge-
neration-specific strategies for critical digital and vi-
sual literacy. Within this framework, overcoming the 
trust crisis created by AI-generated images requi-
res intervention at three levels. First, critical media 
literacy programs should be expanded to improve 
users’ ability to recognize, verify, and question sy-
nthetic content. Second, mechanisms for labeling 
AI-generated content, ensuring source transparen-
cy, and strengthening algorithmic accountability on 
social media platforms should be reinforced (Diako-
poulos, 2016). Third, by taking into account gene-
ration-specific media use practices, safe verification 
practices should be prioritized for Generation X, 
professional-digital balance skills for Generation Y, 
and synthetic media awareness and AI literacy for 
Generation Z. In this way, while preserving the crea-
tive possibilities offered by generative artificial intel-
ligence, the potential of synthetic images to produ-
ce disinformation, perception management, and the 
erosion of social trust can be limited.

5.1. Limitations and Future Research
Several limitations should be considered when in-
terpreting the findings. First, the study relied on a 
399-participant online volunteer sample that was not 
probability-based and was unevenly distributed ac-
ross generations, gender, and education; therefore, 
the results should not be generalized to all social 
media users or to society at large. Second, the expe-
riment used only ten standardized visual stimuli (five 
real photographs and five AI-generated images). 
Image-specific characteristics may have influenced 
the observed effect sizes, and the stimulus set can-
not represent the full diversity of synthetic media. 
Third, the design did not treat the image-genera-
tion platform, model version, prompting strategy, 
post-processing, or platform-specific presentation 
as experimental factors. Because different systems 
may produce different aesthetic tendencies and le-
vels of photorealism, AI-generated imagery should 
not be interpreted as a homogeneous category on 
the basis of this study.

Fourth, generative image technologies and users’ 
familiarity with them are changing rapidly, which me-
ans that the trust pattern observed here may be ti-
me-sensitive. Finally, the Likert-type measure captu-
res perceived credibility and trustworthiness under 
controlled exposure rather than actual verification, 
sharing, or belief behavior in a naturalistic social me-
dia feed. Future research should therefore use larger 
and more diverse samples, broader and periodical-
ly updated stimulus sets, multi-platform and mul-
ti-model comparisons, longitudinal replications, and 

field-based designs that examine how source cues, 
labels, and platform context affect visual credibility 
over time.

5.2. Conclusion and Recommendations
In conclusion, within the boundaries of this 399-par-
ticipant, ten-image quasi-experimental study, the 
findings suggest that highly realistic AI-generated 
imagery can alter perceived visual credibility. In the 
experimental context, participants rated AI-genera-
ted images as more trustworthy than real photog-
raphs overall; this pattern suggests that photog-
raphy’s conventional role as “evidence of truth” 
can be challenged in some digital-media contexts 
and that algorithmically generated imagery may 
produce a reconfigured pattern of perceived trust. 
These results should not be interpreted as eviden-
ce of a society-wide transformation. The observed 
generational differences further suggest that this 
pattern is not experienced uniformly: Generation X 
participants were more cautious, whereas Generati-
ons Y and Z assigned higher trust scores to synthe-
tic images. The absence of significant gender and 
education effects indicates that general educational 
attainment alone may be insufficient and that more 
targeted forms of critical digital, visual, and AI lite-
racy are needed. Accordingly, a multi-level response 
is recommended. At the individual level, media-lite-
racy programs should strengthen visual verification 
skills, source checking, reverse-search habits, and 
awareness of common synthetic-media cues. At the 
platform level, visible labeling of AI-generated con-
tent, clearer source and provenance information, ac-
cessible verification tools, and stronger algorithmic 
accountability should be reinforced (Diakopoulos, 
2016). At the educational and institutional levels, 
training should be adapted to generation-specific 
media practices while avoiding assumptions that 
technological familiarity automatically produces cri-
tical literacy. For researchers, repeated studies with 
updated stimuli, multiple AI-generation systems, 
and longitudinal or field designs are necessary to 
determine whether the present pattern persists 
as generative technologies and user expectations 
evolve. Such measures can help preserve the creati-
ve benefits of generative AI while reducing the risks 
of disinformation, manipulation, and misplaced trust 
in synthetic visual content.
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