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Pixels of Prejudice: Decoding Embedded Biases in AI-Generated News Imagery and their
Implications for Visual Journalism—Toward an Algorithmic-Mediated Visual Framing
Introduction

In recent years, visual generative Al has revolutionized the visual communication
landscape, facilitating the creation of high-quality, photorealistic visuals in a fraction of a second
and at a minimal cost (Cools & Diakopoulos, 2024; Paik et al., 2023). Many news organizations
have adopted text-to-image models in their newsrooms to boost productivity and streamline
visual content creation (Pargamin & Hanssen, 2023). Text-to-image models have indeed
facilitated visual journalism, especially in situations where traditional photography is
impractical. However, algorithmic biases embedded within their systems have raised significant
concerns about their potential to skew visual representations (Thomson et al., 2024).

Text-to-image models are trained on extensive image datasets, often scraped from the
web and labeled by human coders (Crawford, 2021; Von Eschenbach, 2021). As a result, they are
laden with harmful biases and stereotypes that become ingrained in their visual output,
reinforcing pre-existing societal prejudices (Sun et al., 2024; Thomson & Thomas, 2023). This
issue is particularly alarming within visual journalism because news imagery can frame issues,
persuade audiences, shape perceptions, and elicit emotional responses (e.g., Coleman & Wu,
2015; Kortendiek & Oertel, 2023). A recent study by Ghosh et al. (2024) revealed that
Al-generated images of India, marked by exoticism and cultural misappropriation, negatively
impacted Indians’ perceptions of themselves and their cultural identity.

Thus, understanding how Al-generated news imagery depicts the world becomes
increasingly crucial. Most importantly, using text-to-image models in newsrooms sparks

questions on whether we are entering a new era of visual framing, during which algorithmic
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biases will mediate visual representations and the framing of news images (Laba, 2024). This
exploratory study addresses this research agenda by proposing Algorithmic-Mediated Visual
Framing as a conceptual framework to account for the structure and functional transformations
brought about by visual generative Al. The framework builds on the scholarship of visual
framing (e.g., Bock, 2020; Entman, 1991; Geise, 2017; Rodriguez & Dimitrova, 2011),
algorithmic biases (e.g., Crawford & Paglen, 2019; Crawford, 2021; Makhortykh et al., 2023),
and technological mediation theory (Verbeek, 2006; Verbeek, 2016). It proposes visual framing
as a co-agency between active agents, i.e., journalists, and passive mediators, i.e., text-to-image
models.

To solidify this conceptual framework, the work here makes three key contributions: (1)
it identifies the biases and frames inherent in text-to-image models, particularly DALL-E 3, (2) it
explores the extent to which human intervention—through counter prompts—can mitigate these
biases and shift the visual framing, and (3) it discusses the broader implications of this dynamic
for visual journalism. To achieve these objectives, a mixed-method approach was adopted,
combining quantitative and qualitative content and thematic analysis of 1200 images generated
by DALL-E 3 from 300 prompts across seven news topics.

This study is pivotal as it is one of the earliest to examine visual generative Al biases
from a journalistic perspective. It contributes to visual communication scholarship by offering a
cohesive reconceptualization of visual framing in the visual generative Al era. Additionally, it
identifies (1) definitive categories of bias to facilitate future analyses of Al-generated images,
and (2) effective bias mitigation/countering strategies to uphold the ethical standards of visual
journalism. Theoretical and practical implications are further discussed, advancing the

knowledge in academic and applied contexts.
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Visual Generative Al and Visual Journalism

Visual generative Al has sustained rapid acceptance in advertising and marketing, where imagery
content is often considered a tool for creativity, personalized branding, and immersive
storytelling (Davenport et al., 2020). However, journalism operates under a different set of
ethical expectations; the demand for authenticity and transparency is significantly higher as
visuals go beyond mere representations; they frame issues, evoke emotions, persuade, and shape
public perceptions and discourses (Coleman & Wu, 2015; Kortendiek & Oertel, 2023).
Historically, visual journalism was primarily associated with camera-based reporting,
particularly through photojournalism. By the late 20th century, it had expanded to incorporate a
broader range of visual formats, including images, illustrations, cartoons, and graphics
(Abraham, 2002). For decades, journalists have relied on stock image websites, such as
Shutterstock and Adobe Stock, to source visuals for their articles. These image banks have been
instrumental to news production, offering curated collections from which journalists can select
the most appropriate visuals to complement their stories (Paik et al., 2023).

Most recently, visual generative Al has begun to revolutionize visual journalism by
allowing journalists to create unique, high-quality images that mimic authentic professional
photographs in a fraction of a second and at a minimal cost (Bontcheva, 2024). Visual generative
Al has offered a compelling alternative for image banks; journalists can generate custom visuals
from textual prompts instead of purchasing costly licensed images, which can burden small and
medium-sized news organizations (Paik et al., 2023). This is particularly beneficial for soft news
stories like lifestyle features and documentaries, as well as for visualizing abstract concepts

related to economics, technology, or climate change (Gasnier, 2024).
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Further, Al-generated imagery has facilitated visual reporting in situations where
traditional photography is impractical, or when the on-the-ground visual documentation is
logistically or ethically constrained, such as during armed conflicts, natural disasters, and public
health crises (Hausken, 2024). Moreover, in ethically sensitive cases where photographing real
humans is problematic, such as survivors of abuse or protestors, journalists can use Al-generated
imagery to preserve anonymity while capturing the essence of the narrative ( Kamelski & Olivos,
2024). Therefore, several news organizations have already adopted visual generative Al in their
newsrooms, such as Le Monde, L'Equipe, and Le Parisien (Pargamin & Hanssen, 2023).

Despite its potential enhancement to productivity, visual generative Al poses a significant
challenge to the ethical standards of visual journalism, which prioritize accuracy, authenticity,
and transparency in representations (Newton, 2021). News images are expected to be
communicated “without manipulation or bias” (Griffin, 2018, p. 1165). This ideal has always
been challenged by journalists’ conscious and unconscious perceptions, interpretations, and
documentation. This is grounded in the framing theory, which posits that journalists shape how
issues are presented and contextualized, consequently impacting public perceptions (Entman,
1991). The advent of visual generative Al has exacerbated the latter by covertly incorporating
biases derived from algorithms and training data into the generated visuals (Thomson & Thomas,
2023). This has sparked questions on whether we are entering a new era of visual framing,
during which algorithmic biases will impact visual representations of people and the framing of
news images. This is particularly concerning for the depictions of individuals more than

landscapes and settings, as people-centered imagery tends to foreground stereotyping.
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Algorithmic Bias within Al-generated Imagery

Generative Al models rely on algorithms that are neither neutral nor objective. Instead,
they reflect the biases embedded in their training data and the values of their developers
(Makhortykh et al., 2023). They can reinforce existing power structures, promote predominant
ideas, and perpetuate prejudices (Danks & London, 2017). This phenomenon, widely recognized
as algorithmic bias, is defined as a “systematic deviation in algorithm output, performance, or
impact” (Fazelpour & Danks, 2021, p. 2). Text-to-image models generate images by matching
textual prompts to corresponding objects stored in their memory and then combining them into
new images (Makhortykh et al., 2023). Though this process takes only a few seconds, it is far
more complex and involves multiple steps.

Initially, the model is trained on millions of visuals, often collected from the web, and
includes private images (Crawford, 2021). These datasets are then labeled by crowdworkers on
platforms like Amazon Mechanical Turk, whose cultural assumptions and interpretative biases
might shape their coding process (Crawford & Paglen, 2019). The model then undergoes a deep
learning process in which it learns to associate recurring visual patterns, like shapes or textures,
with specific labels. For instance, it may link white dresses and floral arrangements with the
label “wedding”. These learned associations are encoded within a latent space: a
high-dimensional mathematical space where visually similar elements are grouped (Crawford,
2021; Christian, 2021).

This space does not reflect objective meanings but rather statistical correlations across the
dataset based on the initial outputs, i.e., training data and its associated labels. As such, the
meanings produced are indirectly shaped by both the training data and the labeling choices

(Laba, 2024). While the model generates new images based on this space, its internal workings
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towards the generation remain opaque. The specific outputs cannot be fully traced back to
individual data points or labels, as these outputs emerge from complex, distributed mathematical
computations (Christian, 2021; Crawford, 2021). This phenomenon, often referred to as
algorithmic opacity, makes it difficult to audit or explain the model’s behavior in detail (Von
Eschenbach, 2021).

This uncertainty carries into the generation process, which begins when a user interacts
with the model through a textual prompt (Crawford, 2021). Such interaction represents the sole
point of contact between the user and the model, with all preceding steps remaining entirely
opaque, amplifying the concerns over algorithmic bias (McQuillan, 2018; Von Eschenbach,
2021). For instance, Thomson et al. (2024) explored photo editors’ perceptions of integrating
Al-generated imagery in newsrooms, revealing widespread concerns that Al models produce
highly stereotypical and framed images. Many scholars have expressed similar concerns (e.g.,
Sun et al., 2024; Ye et al., 2024). Thomas and Thomson (2023) investigated Midjourney’s
depictions of journalistic roles, revealing a significant gender bias. They observed that men were
predominantly associated with specialized positions such as fact-checking, while women were
more often depicted in less technology-focused roles, such as reporting.

In a different context, Laba (2024) analyzed Midjourney’s portrayals of the Russian
invasion of Ukraine and found that the model framed the war through themes of fighting,
detachment, and destruction. In addition, the generated images focused on males and portrayed
them from a distance to decrease potential emotional engagement with them. Although these
studies provide initial insights into the potential biases and frames produced by text-to-image
models, a more thorough analysis is needed to fully grasp these biases and frames and their

implications for visual journalism and visual framing.
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Toward an Algorithmic-Mediated Visual Framing
Conceptual Framework and Research Questions

The rise of generative Al and its potential use in visual journalism calls for a
reconceptualization of the traditional notion of visual framing, especially in light of the concerns
over algorithmic biases and their potential to skew visual representations. The work here
proposes Algorithmic-Mediated Visual Framing as a conceptual framework to account for the
structural and functional transformations brought about by visual generative Al. The framework
builds on the scholarship of visual framing (e.g., Bock, 2020; Entman, 1991; Geise, 2017,
Rodriguez & Dimitrova, 2011), algorithmic biases (e.g., Crawford & Paglen, 2019; Crawford,
2021; Makhortykh et al., 2023), and technological mediation theory (Verbeek, 2006; Verbeek,
2016).

Traditionally, visual framing has been conceptualized as the process of emphasizing
certain aspects of reality through a series of editorial decisions, from selecting the events to be
covered to choosing the photographs to be captured, the subjects to be depicted, and the overall
composition—camera angles, colors, and lighting (Bock, 2020; Geise, 2017). For decades, the
visual framing process has been entirely human-driven, with journalists and news editors being
the primary agents constructing visual frames and shaping public perceptions (Coleman & Wu,
2015; Entman, 1991). Accordingly, visual frames have long reflected journalists’ ideologies and
perspectives (Rodriguez & Dimitrova, 2011).

The advent of visual generative Al has positioned algorithms as mediators in the visual
framing process. Journalists using text-to-image models are no longer the sole agents
constructing visual frames, as algorithms mediate their framing decisions, often without their

conscious awareness (Laba, 2024). Text-to-image models add new layers of complexity to visual
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framing by infusing harmful biases embedded in their training data (Makhortykh et al., 2023). It
is crucial to emphasize that these models do not generate biases autonomously; their role is
limited to processing and amplifying collective biases that already exist (Crawford, 2021;
McQuillan, 2018; Von Eschenbach, 2021). In this sense, they function as passive mediators.

The concept of the passive mediator is integral to Algorithmic-Mediated Visual Framing.
Unlike active agents, e.g., journalists, who infuse their ideologies into news visuals,
text-to-image models do not have intent or agency; they reproduce pre-existing biases (e.g.,
Fazelpour & Danks, 2021). Thus, if the model’s training data is loaded with gender stereotypes,
its visual output will automatically reflect similar prejudices. In this context, Sun et al. (2024)
noted that “generative Al systems may be a game changer as they directly participate in content
production and thus risk pumping bias-infused content back into the media ecology” (p. 2).

However, journalists remain active agents in this visual framing process, as they still
choose the events to be covered and can refine their textual prompts until reaching a desired
visual output (Chen et al., 2024). That said, preliminary research findings suggest that bias
mitigation is challenging; algorithmic biases often persist despite prompt refinements (Shin et al.,
2024). Thus, visual frames constructed by text-to-image models might continue to reflect a
combination of human and algorithmic perspectives, with journalists providing the initial input,
1.e., the textual prompt, and the model mediating the output by processing biased training data.

This co-agency is grounded in the technological mediation theory, which posits that
technology mediates human experiences, perceptions, and actions (Verbeek, 2006; Verbeek,
2016). Verbeek (2006) identified four types of human-technology interactions: (1) embodiment,
where humans experience the world through technology, such as eyeglasses; (2) immersion,

where humans interact with technology itself, such as in video games; (3) augmentation, where
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technology influences human perceptions without direct interaction, such as with heating
systems; and (4) hermeneutic, where technology shapes how humans perceive the world by
providing interpretations and representations of reality.

Human interactions with text-to-image models fit within the hermeneutic category;
journalists provide the models with textual inputs, which the model interprets and crafts visual
representations of reality shaped more by algorithmic biases than the journalists’ intended
meaning. In this context, Laba (2024) observed that “human users are often unaware of the
associations the algorithm forms or whether the generated visual output accurately reflects the
real-world event it was meant to depict” (p. 27). Guided by the aforementioned scholarship, the
present study proposes Algorithmic-Mediated Visual Framing as a conceptual framework for
visual framing within the visual generative Al era.

[Insert Figure 1 about Here]

The proposed framework consists of the following components: (a) active agents, i.c.,
journalists, who choose the news event and feed the model with a textual prompt that could be
neutral, e.g., “generate an image of an immigrant”, or intentionally framed, e.g., “generate an
image of an immigrant crossing borders illegally”; (b) passive mediators, i.c., text to image
models that process the prompt using biased training data and deep learning techniques; (c)
co-constructed frames, i.c., the generated image, which reflects both the prompt provided by
the journalist and the biases inherent in the models; (d) prompt refinement, i.c., the iterative
process where journalists refine the textual prompt until they achieve the best possible visual
outcome from their perspective.

The interplay between human agency and algorithmic mediation raises critical inquiries

that should be tackled first to fully comprehend the conceptual framework and the nature of
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visual frames this co-agency might yield, specifically inquiries into (1) the nature of biases and

frames perpetuated by text-to-image models, (2) the extent to which human

intervention—through counter prompts—can mitigate these biases and shift the visual framing,

and (3) the broader implications this interplay entails for visual journalism. This exploratory

study seeks to address these inquiries by tackling the following research questions, aiming to

reach a cohesive reconceptualization for visual framing in the generative Al era:

RQ1. What types of (a) biases and (b) visual frames do text-to-image models perpetuate when

generating news imagery?

RQ2. What prompt refinement strategies can effectively mitigate biases in the images generated

by text-to-image models?

RQ3. What are the implications of Algorithmic-Mediated Visual Framing for visual journalism?
Method

This exploratory study depends on a mixed-method approach of quantitative and qualitative

content and thematic analysis of 1200 images generated by DALL-E 3 using 300 prompts across

seven news topics. DALL-E 3 was chosen as it is a widely accessible model (Bianchi et al.,

2023), making it particularly relevant to journalists.

Research Procedures

1. News Topics Selection. A carefully curated set of news topics was selected, representing

events for which journalists are most likely to generate images. The selection was based on the

news values defined by modern journalistic practices (e.g., Harcup & O’Neill 2001; Herbert

2000), which build on foundational news values defined by Galtung and Ruge (1956). These

news values include timeliness, impact, prominence, human interest, relevance, and conflict. The

selection was also based on recent reports on the most trending news topics/global issues in 2024
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(Ipsos, 2024; RISJ, 2024). Following these criteria, seven news topics were chosen: (1) poverty,
which reflects social relevance and human interest; (2) migration and refugee crisis, which aligns
with the values of timeliness, impact, and human interest; (3) social movements, which reflect
conflict, relevance, and human interest; (4) global health, which is associated with relevance, and
impact; (5) economic instability, which reflects impact and timeliness; (6) terrorism and (7) the
Gaza war, both of which reflect timeliness, conflict, and impact.
2. Prompts Construction. A series of prompts (n=10) was constructed for each news topic,
beginning with 5 neutral prompts without specifications to demographics or scene details, and
progressing to 5 framed ones. Framed prompts were used to induce certain biases in a process
similar to how journalists may apply traditional framing. This approach aimed to asses whether
the model would adhere to the specified frame or will induce additional, unspecified biases. All
prompts followed the same format of “generate an image of a/an <description>". See Appendix
A for the list of neutral and framed prompts.

In addition to these predefined prompts, counter prompts were developed inductively
during the image generation process in response to observed biases or stereotypical patterns. A
counter prompt is operationally defined as a follow-up prompt developed in response to observed
biases or stereotypes in the initial images generated, i.e., those generated from neutral and
framed prompts. These prompts were used to explore whether and how problematic
representations could be countered, and/or to investigate alternative representations of the neutral
prompts. The development of these prompts was shaped iteratively by the visual outputs of the
model.

For example, in the poverty topic, the researcher began with the neutral prompt ‘poor

person.” Upon observing that the four generated images depicted black distressed men, the



Pixels of Prejudice-Page 12

prompt was adjusted to ‘poor Western person.” Noticing that four generated images still
portrayed distressed individuals, the next prompt used was ‘poor resilient Western person.’
Observing that all these prompts resulted in the generation of images of men, the researcher then
prompted ‘poor woman,” which led to a shift in the representation to distressed black women. To
counter this skew, the prompt “poor Western happy woman” was used; however, this led to
images with exaggerated positive emotions, resulting in a new distortion. A further refinement to
“poor Western resilient woman” finally produced images with more balanced and less
stereotyped depictions. Once a balanced image set was achieved, the researcher tested for
consistency by substituting “Western” with other cultural terms such as “Arab” or “Asian,” to
examine whether similar representational patterns emerged. In some instances, the goal extended
beyond reducing bias to probing regional variations in the model’s output, using prompts such as
“poverty in the West,” “poverty in the Middle East,” and “poverty in Asia”. A similar process
was followed across all topics and all neutral and framed prompts.

3. Generating the images. A premium DALL-E 3 account was created in August 2024
specifically for this project. The generation process lasted nearly a week, during which the model
was asked to generate four images for each prompt. To align with the study’s objectives, the
model was explicitly instructed to generate images of individuals rather than abstract scenes or
settings. The generated images were downloaded with metadata, i.e., prompt, date of generation,
notes on initially identified biases, and any counter prompts used.

4. Content Analysis. A detailed coding scheme was developed to identify potential biases and
visual frames. The data were analyzed through quantitative and qualitative methods; a structured
coding sheet was used for quantitative analysis, while qualitative analysis explored broader

themes, patterns, and connections.
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Coding Scheme: The unit of analysis was each Al-generated image. The coding process
consisted of two stages: (1) Qualitative and Thematic Analysis, during which NVivo was used to
identify and categorize potential patterns of biases/frames into cohesive themes, and (2)
Quantitative Analysis, during which the following variables were coded dichotomously:

Prompt Alignment. The coding began by assessing whether the images aligned with the given
prompt, categorized as: (1) Yes, when all specified details are matched; (2) No, when the image
deviates from the prompt; and (3) Partially, when the image captures some aspects but missed
key details or introduced unrequested elements. For partial alignment, only deviations were
coded, as traits explicitly specified in the prompts were not regarded as biases.

Demographics. (1) gender: male or female (2) age: youth/adult, elderly, or child (3)
ethnicity/race: Western, Asian, Black/African, or Arab.

Physical Appearance. (1) skin color: light, medium, or dark (2) body type: slim, average, or
overweight (4) hair type: straight, wavy, or curly.

Cultural Context. (1) Setting: urban, suburban, or rural (2) Representation: Western,
non-Western, or multicultural (3) Cultural Symbols, absent or present, taking notes of them.
Framing. (1) Positive frames, e.g., depicting people as strong, hopeful, or resilient, (2) negative
frames, e.g., depicting people as victims, helpless, or vulnerable, or (3) neutral frames, e.g.,
showing people in everyday settings without any strong emotional state, either positive or
negative.

Interactions/Power Dynamics. (1) Active, i.e., depicting people exerting actions, or (2) Passive,
i.e., depicting people being acted upon.

Dominant visual frame (Qualitative). The dominant visual frames across each of the seven

news topics were specified.
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Intercoder Reliability. The coders re-coded 10% of the sample (n= 120). Scott’s pi values were
acceptable and ranged from .89 to 1.00 (See Scott, 1955).
Data Analysis. Quantitative data were analyzed using IBM SPSS, through which descriptive
statistics were calculated, while qualitative data were analyzed using NVivo, through which
patterns and connections were identified until cohesive themes were constructed.

Results and Discussion
Quantitative Insights

The dataset consisted of 1200 images generated by DALL-E 3 in response to 300
prompts—35 neutral, 35 framed, and 230 counter-prompts—across seven news topics: Social
Movements (n=60, 20%), Migration and the Refugee Crisis (n=49, 16.3%), Poverty (n=46,
15.3%), Economic Instability (n=40, 13.3%), Terrorism (n=36, 12%), the Gaza War (n=35,
11.7%), and Global Health (n=34, 11.3%). Although the model was instructed to generate four
images per prompt, the outputs were visually homogeneous within each set, depicting the same
demographic and compositional elements with minimal to no variations. This suggests that
DALL-E 3 not only encodes representational biases but also unknowingly reinforces them
through consistent repetitions, reflecting the deep-rooted biases within the model’s training data.

[Insert Table 1 about Here]

More than half of the images (n=632, 52.7%) partially aligned with the prompts,
reflecting a mix of algorithmic biases and prompt-specific details. About one-third (n=392,
32.6%) fully matched the prompts, while a smaller subset (n=176, 14.6%) deviated completely.
Images that partially or entirely failed to match the prompts reflected ingrained biases related to
gender, age, race, ethnicity, and culture. A chi-square goodness of fit showed a statistically

significant gender imbalance ¥*(1) = 203.04, p <.001; when gender was unspecified, male figures
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dominated the images (n=624, 74.6%), while females were underrepresented (n=212, 25.4%)).
When age was not indicated, youth/adults were overwhelmingly depicted (n=724, 82.6%), with
older individuals (n=56, 6.4%) appearing far less frequently, indicating a clear demographic
skewing y¥*(1) = 568.165, p < .001. Children, on the other hand, were completely absent from
unless explicitly prompted.

Ethnic representation displayed similar biases; in images without explicit racial prompts,
Westerns were the most represented (n=292, 59.8%), followed by Middle Easterns/Arabs
(n=128, 26.2%), African/Black individuals (n=48, 9.8%), and Asians (n=20, 4%), who were the
least represented; ¥*(3) = 367.344, p < .001.

For physical appearance, prompts that did not specify ethnicity or facial features
exhibited a set of biases. Lighter skin tones appeared most frequently (n=364, 53.5%), followed
by medium tones (n=268, 39.4%), with dark tones being the least represented (n=48, 7.1%). Slim
bodies were the most commonly depicted (n=568, 56.1%). Average bodies followed (n=440,
43.5%), while overweight bodies were almost absent. Straight hair appeared in more than
three-quarters of the images (n=464, 75.8%), while wavy (n=88, 14.3%) and curly hair (n=60,
9.8%) were less frequently represented. Interestingly, 348 images depicted individuals with head
coverings, including hijabs and traditional headscarves.

Cultural contexts revealed further biases. When prompts did not specify settings, the
default representation skewed heavily toward urban areas (n=576, 57.8%), followed by rural
environments (n=236, 23.7%), with suburban areas being the least depicted (n=184, 18.3%).
Further, most images focused on Western representations (n=376, 62.3%), while fewer centered

on non-Western contexts (n=192, 31.8%), and only a small fraction (n=36, 6%) depicted
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multicultural narratives; %*(3) = 287.735, p < .001. Notably, cultural symbols were prevalent,
appearing in 51% of the images (n=420).

In terms of visual framing, over half of the images (n=596, 55%) reflected negative
frames, e.g., victimization and othering, part of this negativity might be attributed to the
distressing nature of the selected news topics. Fewer images (n=272, 25%) emphasized positive
frames, e.g., resilience, while a small subset (n=216, 19.9%) featured neutral frames. Most
depicted individuals were shown in passive roles (n=572, 55.4%), i.e., in despair, rather than in
active roles (n=460, 44.6%), i.e., exerting actions.

Qualitative Insights and Themes of Biases:
The thematic analysis revealed five definitive categories of biases embedded in DALL-E 3:
Western Gaze, Cultural Myopia, Masculine Primacy/Female Subordination, Youth Default, and
Aesthetic Hierarchy, which all appeared repeatedly across all news topics.
Western Gaze. One of the most prominent biases observed is the Western Gaze, where
generated images consistently reflected Western perspectives and marginalized non-Western
experiences. Neutral prompts related to health, economy, and social movements overwhelmingly
depicted Western-looking individuals in urban settings. The model defaulted to Western contexts
and individuals unless explicitly instructed otherwise. Positive traits such as success, bravery,
and determination were often associated with Western-looking individuals, emphasizing that
these qualities are inherently Western.

[Insert Figure 2 about Here]

Conversely, societal issues such as poverty, immigration, and terrorism were frequently
depicted as non-Western experiences. Poverty was linked to racial minorities, particularly Black

individuals, while unemployment was associated with Western individuals, see Figure 2, images



Pixels of Prejudice-Page 17

1&2. This distinction reflects a broader dichotomy rooted in capitalist ideologies, through which
economic hardship in the Global South is seen as a chronic condition resulting from systemic
underdevelopment, while regarded as a temporary disruption in the West (Alber, 2017). The
Western Gaze extended to terrorism visuals, which almost always portrayed Arabs and Middle
Easterns with aggressive expressions in Western settings under attack. When Western terrorists
were prompted, the model successfully shifted toward Western-looking individuals. However,
they appeared less threatening, with Arab symbols, e.g., the black-and-white keftiyeh, persisting
in some frames, see Figure 2, images 3, 4 &5, which suggests that terrorism is inherently linked
to the Middle East, even when committed by Westerners. This narrative aligns with media
stereotypes that have long associated terrorism with Arab and Muslim identities, perpetuating a
racialized view and exacerbating Islamophobia (e.g., Norris et al., 2004).

Refugees and Immigrants were similarly depicted as Arabs and Middle Easterns. Women
refugees were frequently depicted wearing hijabs, which strengthened stereotypes that associate
refugeehood with Islamic identities, contributing to a distorted narrative (Hamada, 2001).
Regional specifications, e.g., Syrian versus Ukrainian refugees, further reinforced the
Western-centric perspective; although the same prompt “Syrian/Ukrainian refugee crisis” was
used, the former showed a shaggy man holding his child in a dusty environment, while the latter
depicted a mother in a clean organized scene with minimal signs of suffering, See Figure 2,
images 6 &7. This dichotomy aligns with the harmful media framing and stereotyping, which
reinforces an “us” vs. “them” narrative, amplifying sympathy for Western refugees and fostering
xenophobia toward other groups (e.g., Ajana et al., 2024).

The Western Gaze indicates an over-reliance on Western-centric training data, which was

similarly observed by many scholars (e.g., Boussidan et al., 2024; Gosh et al., 2024). This
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finding is perhaps unsurprising given that DALL-E 3 is a U.S.-developed model, trained
primarily on Western-centric datasets. However, as a globally accessible tool used by over 400
million users weekly (Hooda, 2025), including journalists producing news images for
non-Western contexts, this Western Gaze has far-reaching implications. It contributes to a
distorted worldview that elevates Western ideals and distorts non-Western realities. News images
reflecting a Western Gaze marginalize other cultures, which impacts how people from these
regions are seen and how they see themselves. In this regard, Gosh et al. (2024) found that
images of India, characterized by exoticism and cultural misappropriation, negatively impacted
Indians’ perceptions of themselves and their cultural identity.
Cultural Myopia. Another observed bias is Cultural Myopia, which refers to the
oversimplification of non-Western cultures through the use of stereotypical, outdated symbols.
This bias can be considered a subset or an outcome of the previously discussed Western Gaze. It
was evident in the extensive use of cultural cues in clothing, customs, and settings, failing to
reflect modern diversity. For instance, Arabs were frequently dressed in red-and-white keffiyehs,
and Middle Eastern women were consistently veiled, overlooking personal choices and cultural
practices in the region. In reality, a Pew Research Center survey conducted between 2011 and
2012 with over 15,000 Arab women found that nearly half did not wear a veil (PEW, 2013),
which highlights the diversity the model failed to capture.
[Insert Figure 3 about Here]

Similarly, Africans were predominantly portrayed in traditional colorful attire,
reinforcing a narrow, stereotypical view of their identity. This result aligns with Gosh et al.
(2024), who found that GenAl tools frequently depict Indian women in sarees, reinforcing

stereotypical portrayals of Indian identity. Interestingly, cultural symbols persisted even after
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multiple prompt refinements, which indicates a strong association between symbols and identity
in the training data. The reliance on these symbols even extended into professional settings. For
example, in depictions of medical surgeries in Africa, some health workers were shown in
traditional attire instead of appropriate protective gear, which reflects a default inclination toward
cultural symbols, even when they are contextually inappropriate, see Figure 3, image 1.

Cultural myopia was also evident in the model’s tendency to associate Asia and Africa
with rural settings, overlooking the urban realities that are equally prevalent in these regions. For
example, the neutral prompt “shopper” typically produced images of Western men in shopping
malls. When the word “African” was added, the generated images shifted to traditional rural
shopping streets, see Figure 3, images 2 &3. This pattern persisted in various scenarios; Western
poverty was depicted in urban environments, while non-Western poverty defaulted to rural,
slum-like settings. Ukrainian refugees were portrayed in more dignified settings compared to the
Syrians. Arab, Asian, and African armed groups were depicted in rural areas with outdated
weapons, whereas Western groups appeared well-equipped in high-tech environments.

The model struggled to envision non-Western lifestyles beyond stereotypical rural
environments and traditional cultural symbols. This myopic perspective subtly associates
non-Western cultures with backwardness, perpetuating an exoticized or othering narrative that
might impact public perceptions toward them (Kortendiek & Oertel, 2023). In other words,
Cultural Myopia not only obscures modernity within non-Western regions but also frames
non-Western societies as traditional in contrast to the perceived modernity of the West.
Masculine Primacy/Female Subordination. Another frequently observed bias is Masculine
Primacy and Female Subordination. Men dominated the depictions across most neutral prompts

and were more often portrayed in positions of authority. Women were rarely depicted unless
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explicitly prompted and were usually assigned passive roles. Prompts involving leadership roles
and those involving actions overwhelmingly depicted men, while women were often portrayed in
secondary roles, such as nurses and assistants. This trend was evident across most news topics. In
poverty visuals, women were seldom depicted unless specifically prompted, and their portrayals
were often romanticized in ways that softened the harshness of their circumstances.

Migration visuals mostly depicted young men in active roles and portrayed women in
passive, vulnerable positions, contributing to a narrative where men are savers and women are
emotionally and physically weak (Neumayer & Pliimper, 2007). Similarly, global health and
economy-related visuals showed men in authoritative roles and depicted women in caregiving
positions, unless counter-prompts specifically called for female representation, see Figure 4,
images 1 & 2. The model fell short even for prompts explicitly demanding women in action. For
instance, when prompted to generate images of “refugee women fleeing in a small boat,” women
were successfully depicted. However, they were sitting passively, with men rowing the boats.
This contrasts with images generated from prompts demanding men, which featured them
actively navigating, emphasizing their agency, see Figure 4, images 3 & 4.

[Insert Figure 4 about Here]

In the Gaza war and terrorism visuals, men were depicted as soldiers, aggressors, and
protectors, while women were portrayed as victims, either refugees, hostages, or distressed
civilians. Attempts to challenge these stereotypes fell back on tropes of women being
emotionally weak. In group images, women were placed more in the background or shown as
listeners, subtly conveying a hierarchy that diminishes their roles. For instance, in activism
images, men were typically leading the protests, while women were relegated to the background,

holding signs and undertaking supportive, rather than directive roles, see Figure 4, image 5.
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This dynamic aligns with gendered representations in media and advertisement messages,

where women are frequently depicted as passive, emotional, and dependent, while men are
shown as active and strong (e.g., Dasgupta, 2018). This pattern suggests that gendered
stereotypes are deeply embedded in the model’s training data, consistent with previous scholarly
findings (e.g., Sun et al., 2024; Thomas & Thomson, 2023), highlighting a need to challenge
traditional gender norms. The latter is crucial to avoid entrenching the status quo, where
masculine primacy is seen as the natural order and female subordination is perpetuated.
Youth Default. Another prominent observed bias is the Youth Default, which entails a tendency
to prioritize younger individuals across all social roles and contexts. The model sidelined older
individuals, whose presence was restricted to a few, mostly negative, contexts, such as poverty
and refugeehood. Younger individuals dominated all other scenarios unless the prompts
instructed otherwise. Additionally, positive traits were mostly associated with young adults. Even
when different cultures/settings were explored, the emphasis remained on youth experiences,
marginalizing the contributions of older generations.

The Youth Default persisted in group images; young individuals were always shown in
the foreground, leading the visual narrative, while older ones were disproportionately cast in the
background or entirely excluded. This narrative emphasizes a stereotypical perspective that
younger individuals are the primary agents of social change, reinforcing a misconception that
older individuals are less capable of influencing societal shifts (Sawchuk, 2009; Teruelle, 2012).
Surprisingly, even prompts involving patients resulted in young, healthy-looking individuals,
disregarding that the elderly are often the most affected in such contexts. Although counter
prompts fairly represented elderly patients, the initial narrative reflects a clear youth default,

where older people are never prioritized unless specified.
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Similarly, business-related prompts were skewed towards youth-centric depictions, which

contrasts with business realities. For instance, recent data shows that the average age of franchise
owners in the U.S. is between 41 and 45 (Zippia, 2023). Additionally, a longitudinal study by the
Kauffman Foundation (2022) found that the most common age range for entrepreneurs over the
past decade was between 45 and 54. The model has largely ignored these realities, implicitly
suggesting that older adults are less suited for high-level positions, which distorts their societal
contributions.
Aesthetic Hierarchy. Another identified bias is the Aesthetic Hierarchy, which entails a
preference for specific physical characteristics and a tendency to associate positive attributes
with physical attractiveness. The model exhibited a clear bias toward slim bodies, lighter skin
tones, and straight hair, reinforcing the “white ideal,” and marginalizing those who did not fit
these norms (Kardiner & Ovesey, 1951). Additionally, instead of representing diversity, physical
features served as cultural symbols; the model exoticized those with darker skin tones and Afro
hair, reinforcing stereotypical portrayals of them as less aesthetically pleasing. This pattern
reflects deeply ingrained Eurocentric beauty standards, which, as discussed by Robinson-Moore
(2008), can contribute to lowered self-esteem and social exclusion among marginalized groups.

A crucial aspect of Aesthetic Hierarchy is the persistent association of positive attributes,
such as resilience, success, hopefulness, and leadership, with physical attractiveness. Individuals
described as resilient or successful were often depicted as younger, well-groomed, and
possessing symmetrical features, even in challenging contexts like poverty or displacement. For
instance, when prompted to depict poor people while emphasizing their resilience, the model

depicted conventionally attractive individuals. In contrast, those portrayed in dire circumstances
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were shown in a messy manner, which echoes societal stereotypes that associate beauty with
positive qualities and marginalize those who do not conform to standards of attractiveness.
[Insert Figure 7 about Here]

One striking example of this bias occurred when the model was prompted to generate an
image of a poor family standing in a food line. Initially, it depicted dark-skinned individuals with
Afrocentric features, dressed in tattered clothing in a dull setting. However, when the word
“hopeful” was added, the images shifted to well-groomed, lighter-skinned individuals with blue
eyes, see Figure 7, images 1&2. This transformation implies that individuals who conform to
Eurocentric beauty ideals are perceived as more deserving of compassion, which emphasizes the
notion that physical attractiveness equates to personal value.

Visual Framing

The thematic analysis revealed two dominant visual frames—Victimization and
Othering—recurrent across all news topics, as well as a unique set of context-specific frames.
Victimization. This frame portrays individuals or groups as passive victims of external forces,
highlighting their vulnerability and passivity (Greussing & Boomgaarden, 2017). Victimization
emerged consistently across most news images, particularly in depictions of poverty, refugees,
conflict, and terrorism, emphasizing an embedded vulnerability lens toward certain groups and
situations. Neutral prompts overwhelmingly depicted individuals in dire circumstances, dressed
in ragged clothing and adopting slumped postures. The images showed little indication of the
individuals’ ability to control their situations, and there was a notable absence of dynamic
activity or agency, such as working toward solutions. This pattern overlooks the complexity and

resilience that often accompany real-life experiences (Neumayer & Pliimper, 2007).
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Victimization was even more apparent in contexts of conflict and terrorism, particularly

in depictions of civilians as helpless victims caught in the crossfire and hostages in fear and lack
of agency. Although the victimization frame can evoke strong emotional responses and
solidarity, it contributes to a problematic narrative that oversimplifies complex global issues into
one-dimensional portrayals of suffering (e.g., Anderson & Hunter, 2012). Victimization also
distorts public perceptions of the vulnerable and negatively influences potential support toward
them. For instance, Kortendiek and Oertel (2023) found that UNHCR’s visuals that depicted
refugees through the victimization lens impacted Germans’ perceptions of them as dependent,
leading to decreased support for hosting them in the country.
Othering. This frame portrays certain groups, particularly non-Western ones, as fundamentally
different. It emphasizes an “us versus them” narrative, which stereotypically exoticizes foreign
groups (Aswad, 2019). It commonly frames non-Western individuals/settings as excessively
deprived and chaotic, emphasizing a sense of unfamiliarity or inferiority toward them. For
instance, there was a notable dichotomy in the depictions of Ukrainian and Syrian refugees.
Also, non-Western activism was shown as more chaotic than its Western counterpart. Western
terrorists were further shown in a more neutral light compared to racialized terrorists. These
distinctions suggest that non-Western struggles are viewed as distant, while Western ones are met
with more sympathy.

The othering frame is problematic as it reinforces global divisions by consistently
portraying non-Western regions as fundamentally different and less modern (Abid et al., 2017). It
contributes to a narrative where non-Western experiences are inherently flawed, while Western
experiences are the standard for progress and order. This frame may reinforce global power

imbalance and regional misconceptions, where non-Western societies are perceived as being in
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perpetual crisis or disorder, while Western contexts are seen as stable. Additionally, othering
restricts the representation of diverse global experiences, which might further entrench existing
global inequalities.
Context-Specific Visual Frames

Poverty was visually framed as a static, overwhelming condition, characterized by
emotional despair and racialized hardship, with clear distinctions between non-Western and
Western poverty, both in terms of those depicted and the environments in which they were
situated. Migration and refugee crises were framed from a victimization perspective, depicting
suffering and helplessness. Dehumanization was also common, and there was a clear discrepancy
between Syrian and Ukrainian refugees, with the latter being framed more sympathetically.
Economic instability was framed from a personal suffering perspective. A dramatic emotional
tone was adopted through visual cues such as downcast eyes and tense body language.
Non-Western contexts were framed as more chaotic and less affluent during economic crises.

Social movements were framed from a resistance perspective for all groups, with
non-Western protests depicted in slightly more tense settings, reinforcing a sense of political
instability in the Global South. Terrorism was framed as predominantly originating from the
Middle East, with Middle Easterns consistently depicted as aggressors, and Westerners often
shown as victims under attack. The Gaza War was visually framed from a conflict perspective,
emphasizing power dynamics and the human cost of war. Israeli forces were depicted with
advanced weaponry, highlighting their military superiority, while Hamas figures were shown less
assertively, often masked and dehumanized. Civilians were portrayed from a victimization
perspective, stressing their suffering and lack of agency, while Israeli hostages were framed

through a lens of vulnerability, underscoring their emotional and psychological fragility.



Pixels of Prejudice-Page 26

While the thematic analysis identified biases in representation and framing, it is equally
important to contextualize what a “non-biased” output would look like. In visual journalism,
unbiased imagery should not only be free from overt stereotypes but should also reflect diversity
and contextual relevance. When prompts are neutral, i.e., not specifying age, race, gender, or
location, one would reasonably expect outputs that offer a range of representations across gender,
age, ethnicity, and culture. However, the model frequently generated a similar set of images for
each prompt, suggesting a lack of diversity likely rooted in the training data. Equally problematic
is the model’s over-reliance on traditional cultural symbols, which flattens cultural identities.
Ideally, the model should represent non-Western cultures with the same modernity and realism it
affords the Western contexts. Furthermore, visual framing should be balanced between positive
and negative narratives rather than defaulting to depictions of despair or passivity. In short,
unbiased images should be demographically balanced and free from exoticizing lenses.

Prompt Refinement Strategies

As discussed extensively in previous sections, neutral prompts often defaulted to
stereotypical depictions, especially when representing marginalized groups. Mitigating these
biases proved to be complex; in some cases, four to five counter-prompts were needed to
eradicate a specific bias. In other instances, eliminating biases was hardly possible. Images
exhibiting cultural myopia, i.e., images depicting non-Western cultures through traditional
symbols, specifically demonstrated a marked resistance to counter-prompting. Even when
prompts explicitly instructed the model to exclude such symbols, it frequently failed. Generating
images without cultural symbols frequently required multiple trials and adjustments to the
prompt language. For example, multiple attempts were needed to remove the red-and-white

keffiyeh from Arab protestors’ images, see Figure 5. Similarly, images related to the Gaza War
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posed significant challenges to reframing efforts. In one case, repeated attempts were necessary
to generate hostage photos without guns present; ultimately, the only achievable modification
was to depict the gun pointed downward, see Figure 6.

[Insert Figures 5 & 6 about Here]

Notably, even counter prompts that managed to mitigate certain biases often introduced
new, subtler ones. This aligns with Shin et al. (2024), who observed that algorithmic biases
persist despite prompt modifications. That said, several prompt refinement strategies and
techniques showed promising potential in mitigating identified biases. While the challenge of
completely eradicating those biases remains, these strategies can temporarily help journalists
achieve fairer representations until more strict measures, such as enhancing training data, can be
implemented.

[Insert Figure 8 about Here]
Strategy 1. Using Specific and Detailed Prompts. The analysis revealed that the level of detail
and specificity in prompts is crucial in mitigating inherent biases. Short or vague prompts default
to stereotypical, Western-centric depictions. In contrast, detailed prompts specifying precise
context and characteristics showed a significant enhancement. For instance, the neutral prompt
“businessman” defaulted to a young Western man in corporate settings. However, detailed
counter-prompts, such as “African middle-aged businessman,” mitigated the initial biases, see
Figure 8, images 1&2. By including explicit demographic details, journalists can guide the model
away from default biases toward balanced representations. As such, adding context-specific
details, e.g., settings or actions, can lead to more accurate portrayals. For instance, the prompt

“Frustrated Middle Eastern shoppers in casual attire looking at empty shelves in a supermarket”
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yielded the most accurate result of the prompt “shopper”. Instructions such as “in casual attire”
helped in omitting cultural symbols and mitigating cultural myopia.

Strategy 2. Explicitly Prompting for Diversity, Equity, and Inclusion. Another effective
strategy 1s appending instructions such as “ensure diversity and inclusion” or “ensure gender
equality” to the prompts. These instructions resulted in more balanced representations. For
instance, the prompt “poor family standing in a food line” initially depicted an African family,
but when refined to include “ensuring diversity and inclusion,” it portrayed a more diverse group
with varying racial backgrounds and physical traits see Figure 8, image 3. However, this strategy
has some limitations. In certain cases, the diversity seemed superficial. For example, the
counter-prompt “evacuees after a terror bombing in a rural area, ensuring diversity and
inclusion” depicted only two Western-looking individuals, while the rest were Africans, see
Figure 8, image 4. Additionally, although this strategy facilitates the inclusion of individuals
from diverse backgrounds, cultural nuances were often missed, leading to what Stevens (2022)
described as branded diversity through tokenism; the diversity was represented through
stereotypical cultural symbols, such as the traditional African attire. Thus, journalists should use
this strategy with caution to avoid surface-level diversity.

Strategy 3. Shifting the Narrative through Positive Qualifiers. Another effective refinement
strategy is to incorporate positive qualifiers, such as “successful,” “resilient,” and “determinant,”
into prompts. This approach showed a potential to counteract the victimization perpetuated when
the model visualizes poverty, refugeehood, conflicts, or terrorism. By using empowering
language, the visual narrative shifted toward depicting responsible rather than passive
individuals. For instance, the prompt “resilient African refugee fleeing in a small boat” showed

determined refugees, contrasting with the neutral prompt, which depicted them in dire
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circumstances, see Figure 8, images 5&6. However, this strategy is not without challenges; some
positive qualifiers resulted in over-idealized portrayals, obscuring the complexities of real-life
struggles. For instance, qualifiers such as “happy” produced overly optimistic, glossing
depictions, which seemed superficial. Therefore, it is essential for journalists to use this strategy
with caution and incorporate balanced qualifiers, such as determinant, independent, and resilient,
rather than exaggerated ones such as happy or joyful.
Summary of Findings

The first research question aimed to investigate the types of (a) biases and (b) visual frames do
text-to-image models perpetuate when generating news imagery. The findings showed that the
Al-generated news images reflected a clear (1) Western Gaze, defaulting to Western contexts and
linking positive traits with Western-looking individuals, while associating poverty, terrorism, and
displacement with non-Western groups. Efforts to bypass this Western Gaze by instructing the
model to portray non-Western individuals resulted in (2) Cultural Myopia, which envisions
cultures through outdated and stereotypical symbols, such as traditional attire, overlooking the
modern diversity within these communities. Additionally, the generated images reinforced a
perspective of (3) Masculine Primacy and Female Subordination, portraying men as leaders and
women as followers. A (4) Youth Default bias also emerged, prioritizing younger individuals
while marginalizing the elderly. Lastly, an explicit (5) Aesthetic Hierarchy was noticed,
associating Eurocentric features with positivity, while devaluing non-conforming traits.

Regarding the visual frames, the generated news images were mostly framed from one of
two perspectives: (1) victimization, which portrayed marginalized groups, e.g., refugees and war
civilians, as passive and helpless, undermining perceptions of resilience, and (2) othering, which

emphasized a gap between Western and non-Western groups, framing the latter as chaotic or
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inferior. The results also showed that context-specific frames will always arise based on the topic
of the images being generated. For instance, within the news topics under analysis, poverty was
framed as a racialized despair, terrorism was framed as Middle-Eastern-centric, and non-Western
activism was framed as chaotic. These findings become even more urgent when contextualized
with Geise and Xu’s (2024) comprehensive review of visual framing effects, which include
cognitive, affective, sensory, and behavioral dimensions. This review highlighted that visual
frames not only shape how audiences process and retain visual information but also guide
attention and trigger emotional responses. In light of this, the biases embedded in Al-generated
news imagery demand closer investigation of how they may profoundly influence audience
perceptions and reactions.

The second research question sought to explore the prompt refinement strategies that
could effectively mitigate biases in the images generated by text-to-image models. Three prompt
refinement strategies emerged as effective, though imperfect, for countering the biases within the
Al-generated news imagery. First, Specificity and Detailing showed promising results in
contracting stereotypical defaults. Vague or generic prompts tend to trigger biased outputs. To
address or avoid this, prompts should include explicit demographic, ethnic, and contextual
information. This helps steer the model away from its default assumptions toward more nuanced
outputs. Second, prompting for Diversity and Inclusion directly impacts the racial composition of
the generated imagery. Including instructions such as ‘ensure diversity’ or ‘ensure equal gender
representation’ can shift the representation from homogeneity to diversity. Third, Shifting the
Narrative through Positive Qualifiers can reframe negative narratives. By incorporating terms
like ‘resilient’ or ‘determined’, journalists can disrupt the model’s tendency to produce imagery

centered on suffering or passivity.
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The third research question sought to delve deeper into the implications of
Algorithmic-Mediated Visual Framing for visual journalism. For the theoretical implications, the
results expand the theoretical boundaries of visual framing within the era of visual generative Al.
It introduces Algorithmic-Mediated Visual Framing as a framework to explain how text-to-image
models shape visual journalism. Unlike traditional framing, which is predominantly governed by
human agents, i.e., journalists, the framework reconfigures visual framing as a co-agency, where
journalists and algorithms collaboratively shape news images. Empirical findings demonstrated
that journalists may initiate visual framing through textual prompts. However, text-to-image
models often mediate their decisions through algorithmic biases embedded within their systems.
News images constructed with these models reflect both the explicit framing choices in the
prompts and the latent biases inherent within the model’s training data, i.e., Western Gaze,
Cultural Myopia, Male Primacy, Youth Default, and Aesthetic Hierarchy. The results
demonstrated that these biases are not accidental but structurally embedded within the model, as
they sometimes persist even after prompt refinements.

At the core of the framework lies the conceptualization of text-to-image models as
passive mediators, which was supported by the fact that observed biases align with media
narratives and societal prejudices, underscoring that the model reproduces preexisting biases
rather than introducing new ones. The framework further highlights journalists’ agency through
their ability to exert prompt refinement processes. The study identified several prompt
refinement strategies that were quite effective in mitigating algorithmic biases. However, some
deep-seated biases challenged the extent to which visual outputs could be fully balanced, even

with prompt refinement techniques. Although this suggests that text-to-image models may
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always produce co-constructed frames, prompt refinement strategies remain essential as they
were found to moderately mitigate algorithmic biases.

The co-agency between journalists and text-to-image models carries significant
implications for visual journalism. Journalists remain the primary actors in shaping visual
framing. However, their agency is increasingly shared with, and sometimes limited by,
algorithmic biases. Consequently, journalists who use these models without caution or fail to
recognize potential biases in the generated images risk perpetuating harmful stereotypes. This
risk is heightened by the time constraints journalists often face, which may hinder their ability to
thoroughly evaluate Al-generated images for biased or problematic representations.

For the practical implications, the results offer valuable practical insights for visual
journalists who rely on text-to-image models in their newsrooms. While these models provide a
cost-effective means of producing news images, they also raise significant ethical concerns. The
work here highlights that text-to-image models are far from neutral; they reflect the biases in
their training data, which can perpetuate harmful stereotypes. Accordingly, journalists should
adopt a proactive approach to refining and adjusting Al-generated news images to ensure
fairness and accuracy. Visual journalists should recognize that news images are influential in
shaping public perception. Therefore, they should approach Al-generated images with a critical
mindset and carefully evaluate each generated news image to ensure it promotes balanced and
fair representations.

The study highlights the importance of crafting detailed, precise textual prompts to guide
the models toward producing inclusive and accurate images. Thus, it offers a set of prompt
refinement strategies that showed promising potential to mitigate algorithmic biases. The latter

might help journalists generate images that align with the ethical standards of visual journalism.
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Looking ahead, visual journalists should push for improvements in the training data to ensure
that future versions of these models align with journalistic ethics. Until these advancements are
made, journalists are advised to remain cautious when using text-to-image models.

Limitations and Future Research

The analysis in the present study focused exclusively on DALL-E 3, a U.S.-developed
model trained on predominantly Western-centric datasets, which limits the generalizability of the
results. Future research should compare outputs from a broader range of text-to-image models,
including those developed in non-Western contexts, to assess whether cultural origin influences
representational bias. Also, since news values evolve over time, future research should consider
incorporating more contemporary frameworks when selecting news topics (e.g., Harcup &
O’neill, 2017). Additionally, while the study identified consistent demographic biases, it did not
systematically benchmark the identified patterns against real-world demographic baselines.
Some of the observed biases could potentially be contextualized using national or global census
data. Future studies are encouraged to incorporate demographic benchmarks to evaluate the
visual fairness of text-to-image models more precisely.

In addition, the coding framework in this study focused on analyzing traits resulting from
neutral prompts and identifying deviations from what was explicitly instructed in the counter
prompts. The main focus was to inductively identify and explore effective bias mitigation
strategies through prompt refinement. This design limited the ability to systematically compare
outputs from counter prompts with those from neutral ones. Future scholars are encouraged to
adopt a comparative coding approach to statistically assess the effectiveness of the proposed

prompt refinement strategies in mitigating the initial biases.
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Moreover, the coding scheme focused on broader regional grouping, e.g., Western, Arab,
Asian, and African, which may have led to the conflation or omission of certain identities, such
as Latin Americans. Future research is encouraged to adopt more detailed coding frameworks
that capture specific regional and ethnic nuances more accurately. Also, this research was
conducted using English-language prompts, which may have influenced the model’s outputs.
Cross-linguistic prompt comparisons would be valuable in uncovering how languages could
shape the biases resulting from these models. Furthermore, future research should investigate
how audiences cognitively, emotionally, behaviorally, and attentively respond to Al-generated
news imagery, in alignment with the multidimensional framework outlined by Geise and Xu
(2024).

Finally, this study relied on a hypothetical image generation process. To validate the
applicability of the proposed framework, ethnographic research should examine how journalists
use text-to-image models in real newsroom settings. Equally important is understanding how
audiences perceive and respond to Al-generated news imagery. Investigating whether such
imagery influences public understanding, self-perception, or trust in news would offer valuable
insights into the broader implications of algorithmic-mediated visual framing.
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Table 1. Frequencies of Study Variables in the Al-generated News Imagery.

Variables Social Refugee  Poverty Economic Terrorism  Gaza Global
Movements Crisis Instability War Health

Gender
Male 148 92 96 56 84 108 40
Female 40 36 8 44 16 52 16
Age
Youth/Adults 220 104 80 72 88 60 96
Children - - - - - - -
Elderly - 20 36 - — — —
Ethnicity
Western 69 24 24 47 16 64 48
Asian 4 — 16 - — - -
Black/African - 8 36 - - - 4
Arab/Middle - 56 - - 16 56 -
Eastern
Skin Tone
Light 96 24 44 48 16 64 72
Medium 11 109 40 - 28 76 4

Dark — 8 36 — — — 4
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Body Type

Slim 69 84 128 75 36 64 112
Average 43 100 56 81 60 76 24
Overweight — — — — — — —
Hair Type

Straight 73 72 44 73 54 64 84
Wavy 3 24 32 — 8 21 —
Curly 8 12 32 — — — 8
Setting

Urban 118 64 84 142 40 4 124
Suburban 40 20 25 1 8 90 -
Rural 9 80 67 12 68 — —
Representation

Western 65 36 28 69 37 60 81
Non-Western — 69 72 — 8 43 —
Multicultural 16 4 16 — — — —
Cultural Symbols

Absent 68 76 111 52 56 8 33
Present 100 72 8 51 44 117 28
Framing

Positive 191 — — 5 — — 76
Negative 29 103 113 131 117 89 14
Neutral 4 72 51 16 12 15 46
Power Dynamics

Active 224 5 11 33 64 12 111
Passive 16 149 136 116 36 94 25

Note.**p <.001.

Figure 1. Algorithmic-Mediated Visual Framing
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Figure 2. Examples of Generated News Images that Reflect a Western Gaza

Note: *=Counter Prompt

1
Prompt: Poor Person
3
Prompt: Black police officer apprehending
aWestern terrorist in Africa*
6
Prompt: Syrian Refugee Crisis* Ukrainian refugee crisis*

Figure 3. Examples of Generated Images that Reflect Cultural Myopia

Note: *=Counter Prompt

Prompt: Patient in a medical surgery in

i e
Africa* Shopper African Shopper

Figure 4. Examples of Generated Images that Reflect Male Primacy/Female Subordination

Note: *=Counter Prompt

Protestor

Prompt:




Pixels of Prejudice-Page 44

Figure 5. Examples of Images Generated Through Counter-Prompting to Remove Cultural

Symbols

Note: *=Counter Prompt

Arab protestor in casual Arab protestor in casual attire,  Arab manin casual attire (without
An Arab man holding a protest attire holding a protest without a headscarf, holdinga  any cultural symbols) holding a sign
sign* sign* protest sign* in a protest*

Figure 6. Examples of Images Generated Through Counter-Prompting to Remove a Gun.

Note: *=Counter Prompt

Israeli hostages being held by Israeli hostages Pe|ng Israeli hogtages being hgld.by Israeli ho_stages being held by
. held by Hamas without Hamas, with the gun pointing Hamas, with no guns present in
Hamas .
gun* down* images*

Figure 7. Examples of Generated Images that Reflected Aesthetic Hierarchy

Note: *=Counter Prompt

Prompt: Poor family standing in a food Hopeful poor family standing
line* inafood line *



Figure 8. Examples of Generated Images from Prompt Refinements

Note: *=Counter Prompt
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Generate an image of a/an ...
Poverty
Neutral prompts  Framed prompts

Prompt:

Prompt:
ensuring diversity and inclusion*

African Refugees fleeing in
asmall boat*

Prompt:

Poor family standing in a food line,

Evacuees after terror bombing in a rural
area, ensuring diversity and inclusion*
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fleeing in a small boat*
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Poor person

Woman begging on the street

Homele

SS pe€rson

Man wearing torn clothes

Poverty

Poor family standing in a food line

Unemployed person Group of people looking for a job

Slum Child in a poor neighborhood
Migration and Refigee Crisis

Neutral prompts  Framed prompts

Refugee Women and children in a refugee camp
Immigrant Group of migrants in a line

Displaced person  Refugees fleeing in a small boat

Border-crossing

A Refugee family crossing borders

Refugee crisis

Social Movements

Refugee child wearing a life jacket
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Neutral prompts  Framed prompts

Protestor A man holding a protest sign

Activist Female activist leading a movement

Social movement  Group of protestors chanting in rally

Revolution Protestor confronting armed police

Strike A labor strike in a factory

Global Health

Neutral prompts  Framed prompts

Doctor Doctor treating a patient

Nurse Nurse providing care in a clinic

Health worker Health workers administering vaccines

Patient Patient in a medical surgery

Medical staff Medical staff in protective gear during a pandemic

Economic Instability

Neutral prompts  Framed prompts

Businessman Stressed businessmen and businesswomen discussing economic
instability in a business meeting

Shopper Shoppers frustrated in a supermarket and empty shelves

Laid off workers

A diverse group of laid-off workers gathering outside a closed
factory

Bank line People waiting in a long bank line during an economic downturn
Someone in debt  Family struggling with debt and overwhelmed with bill notices
Terrorism

Neutral prompts  Framed prompts

Terrorist Police officer apprehending a terrorist

Armed group Armed groups planning an attack

Hostages A group of hostages being held at gunpoint

Terror bombing Bomb explosion in a city street

Terror attack
The Gaza War
Neutral prompts

People evacuating after a terror attack

Framed prompts

Gaza war

Gaza war civilians

Gazan refugees

Family sheltering from bombs in Gaza

Israeli hostage

Israeli hostages being held by Hamas militants

Hamas Militant

Hamas militant clashing with an Israeli soldier

Israeli solider

Israeli soldiers carrying out an airstrike in Gaza
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