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Abstract 

With the emergence of Artificial Intelligence (AI), the journalistic and informational media system is undergoing a 

profound transformation that significantly challenges the production and distribution of information. AI, particularly 

Generative AI (GenAI), poses risks and potential harms to society, reinforcing stereotypes based on gender, race, origin, 

and age. This article explores how ageism manifests in GenAI as an example of how AI reinforces stereotypes and its 

implications for media professionals. We focus on the visual analysis of images generated with Midjourney, one of the 

most popular AI image-generative tools. We defined 91 prompts describing everyday activities and combined them with 

two profiles (“person” and “older person”) to produce 1,456 images, along with their automatically generated descriptions. 

These images were then quantitatively analysed to examine demographic characteristics and representations of age. Our 

results show that most images representing an age-neutral person depict a young individual, while older adults are scarce 

and relegated to secondary roles and negative depictions. Older individuals are portrayed with signals of vulnerability, 

fragility, and dependence, while gender and ethnic stereotypes become more extreme when associated with age. GenAI 

ageist depictions represent a step back in the more diverse and inclusive vision that the legacy media has adopted over 

recent decades regarding age. GenAI offers media professionals opportunities to enhance productivity, but addressing its 

biases is essential in news production; being critical of the images generated and disseminated to ensure fairness, 

inclusivity, and diversity has become an ethical imperative in journalism today, more than ever. 
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1. Introduction 

The journalistic and informational media system is undergoing a profound transformation. Artificial 

Intelligence (AI)—and particularly Generative AI (GenAI)—is becoming part of daily newsroom routines and 

reshaping news productivity (Lewis et al., 2025). While these tools speed up news production, they might 

represent an operational adjustment rather than a fundamental rethinking of media priorities (Simon, 2024). 

As the Reuters Institute reports, 74% of 135 senior news industry leaders from 40 countries expect that “AI 

will help newsrooms increase productivity and improve workflows, without changing the essence of 

journalism” (Cherubini & Sharma, 2023). Despite GenAI tools being a news co-producer (Owsley & 

Greenwood, 2024), core journalistic ethics remain central.  
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In this research, we focus on the potential impact of visual GenAI on news production. In particular, we 

examine ageism (Butler, 1969); one of the most common forms of discrimination that nevertheless often 

goes unnoticed. Far from being eradicated, the World Health Organization currently estimates that half of 

the world’s population is ageist (World Health Organization, n.d.), and in the United States, 90 per cent of 

older people report having experienced age discrimination at some point in their lives (Barber et al., 2024). 

This form of discrimination is intersectional (Nash et al., 2020), as it cannot be separated from sexism 

(Krekula et al., 2018), ableism (Gendron et al., 2024), racism (Steward et al., 2023), and other forms of 

social injustice. Age stereotypes and ageism shape interpersonal relations and are structurally embedded in 

institutions, digital systems (Rosales et al., 2023), and media (Loos & Ivan, 2018). Media discourses about 

older adults often imply dependency and otherness, shaping how society treats older adults (Fealy et al., 

2012). Before the advent of generative AI, there was a tendency towards more inclusive and positive 

depictions of older adults in the media (Loos & Ivan, 2018). However, portrayals of later life in the media 

used to remain fairly limited. Moreover, depictions that seem “positive” at first glance often seem more 

complex and ambiguous in their ageing representations (Ylänne, 2026), for example, showing a progressive 

interest in considering older adults as potential audiences and consumers. As a result, older adults were 

portrayed in media images either as healthy, active, and prosperous, with images that tend to be bright and 

positive, or as depressed and dependent (Loos & Thijssen, 2022); extreme situations that do not account 

for the diversity of real-life experiences. Thus, while dealing with GenAI, media professionals have an 

opportunity to challenge age stereotypes and reduce ageism. 

Our main objective is to understand how the “age” category is visually represented in GenAI systems. We 

focus on images generated by Midjourney, one of the most used GenAI tools globally (AIPRM, 2024). 

Midjourney is more than a text-to-image generator: it also functions as a social platform where users share, 

browse, discuss, and iterate on images and prompting strategies. While it competes with other leading tools, 

it can also serve as a constantly updated, community-curated “living” repository of hyperrealistic visual 

references, which may inform visual and creative direction in journalistic practice. It is important to note 

that we use minimal prompts to capture Midjourney’s default biases. Results may differ when users write 

more detailed prompts in real-world contexts.  

We focus on images for their news value and role in shaping collective imaginaries (Niederer & Colombo, 

2024). We adopt an intersectional perspective (focusing on age in relation to gender and race) as an example 

of how stereotypes are embedded in GenAI systems. Furthermore, we also reflect on the implications of 

these text-to-image biases for journalistic ethics in the algorithmic era (Paik, 2025), particularly concerning 

issues of diversity, inclusion, and representation—core concerns of journalism ethics (Cools & Diakopoulos, 

2024, p. 5). To address this objective, the study is guided by the following research questions: 

• RQ1. How is age visually represented in generative AI images when age is unspecified compared 

to when it is explicitly indicated? 

• RQ2. How do age representations in generative AI intersect with gender and race in the generated 

images? 

• RQ3. What are the ethical implications of age-related visual biases in generative AI for news 

production? 
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2. Generative visual AI in News Organizations 

Generative images are increasingly entering newsrooms, particularly through photo editors and visual teams. 

Interview-based evidence from major media organisations in Australia and the U.S. documented as early as 

2023 the use of text-to-image tools for creative brainstorming and for illustrating stories—especially pieces 

about generative AI itself (Thomson et al., 2024). In parallel, an AP industry report based on 292 journalism 

professionals found that multimedia production is among the main uses after text, with 20.4% reporting 

use for producing illustrations/video/audio or editing images (Diakopoulos et al., 2024). Focusing specifically 

on image generation, a representative UK survey of more than 1,000 journalists estimates that around 6% 

use these tools regularly (the report mentions the use of Midjourney, Stable Diffusion, or Wochit), and shows 

higher overall adoption among men, under-50s, those with management responsibilities, and multi-format 

producers (Thurman et al., 2025). 

Although the use of AI-generated images is not the dominant application of GenAI in newsrooms—

unsurprisingly, given that news is primarily a text-based product—these developments are already reshaping 

routines and expectations. Visual GenAI is incorporated as a support resource (ideation, illustration, format 

adaptation), while simultaneously increasing the need for editorial standards, verification practices, and 

human oversight. Visual professionals often describe these tools as both useful and “ethically challenging, 

concerning and risky” (Thomson et al., 2024, p. 1701), which fuels internal debate, selective adoption, and 

the consolidation of roles focused on AI expertise and governance in news organisations (Diakopoulos et 

al., 2024). 

Against this backdrop, studying bias in AI-generated images matters for journalists’ work because it shows 

how these tools make some social categories more visible than others, which can influence editorial choices 

early in the production process. Even when such images are not published directly, they can shape illustrative 

decisions and visual framing, with implications for credibility and ethical coherence. Examining 

representational patterns in Midjourney can therefore help anticipate risks and inform newsroom policies, 

supporting more responsible visual practices as GenAI becomes part of everyday content production 

(Diakopoulos et al., 2024; Thomson et al., 2024; Thurman et al., 2025). 

The constantly evolving nature of these technologies and their fast adoption are prompting media 

organisations to establish AI guidelines to ensure responsible, ethical, and unbiased use of GenAI. Common 

principles in AI guidelines include transparency, accountability, fairness, privacy, and consideration of 

journalistic values. Thus, best practices include “human oversight, explainability of AI systems, disclosure of 

automated content, and protection of user data” (de-Lima-Santos et al., 2025, p. 2585). Although AI 

guidelines have proliferated, studies highlight the lack of a regulatory framework as safeguards are weak, 

and guidelines often fail to clarify how to apply those concepts, for example, how to interface with third-

party applications and providers. This lack has implications for journalist ethics—what journalists and news 

organisations “should do”—which is especially relevant in the context where journalists confront “new forms 

of media” (Ward, 2019, p. 295). 
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3. GenAI and bias 

GenAI refers to a class of online AI tools that enable the creation of content based on patterns derived from 

existing data and large language models. Its popularity surged with the release of ChatGPT in late 2022, 

recognised as the fastest-growing consumer application in history, reaching 1 million users in just five days 

(Gordon, 2023). Today, GenAI tools are diverse and used by millions worldwide to generate a plethora of 

content (such as text, code, audio, images, and more). Illustrating this surge, an estimated 15 billion 

generative images were produced with GenAI tools in just one year—equivalent to the total photographic 

output of the preceding 150 years (Valyaeva, 2023). GenAI images are rapidly consolidating as a subject of 

inquiry in their own right (Leong et al., 2025) and producing an ever-expanding debate on their 

transformative social impacts (Dwivedi et al., 2023). 

At an individual level, GenAI offers a faster, cheaper alternative to capturing or producing images. At a 

collective level, however, the mass production of images confronts professionals with the problem of visual 

AI bias: a systematic tendency to generate representations that misalign with social values such as inclusion, 

equity, and diversity (Bruiger, 2025). Both academics and professionals are increasingly concerned. Scholars 

in critical AI studies identify bias as one of the field’s central challenges, framing it as a technical distortion 

and a social issue of fairness (Choudhry et al., 2024; Ferrara, 2024; Tang & Zhu, 2024). Media photo editors 

worry that image generators could mirror real-world inequalities and reinforce stereotypes—especially about 

race, sexual orientation, and disability (Thomson et al., 2024). 

Empirical research shows that AI-generated images from Midjourney, DALL·E, Copilot, and Stable Diffusion 

perpetuate stereotypes about gender (Sandoval-Martin & Martínez-Sanzo, 2024), race (Nicoletti & Bass, 

2024), and origin (Turk, 2023). Yet much less attention has been given to age bias in GenAI (Bird et al., 

2023). This neglect is unsurprising, as age discrimination—though pervasive—remains unnoticed in 

research, industry, and society at large (Officer & de la Fuente-Núñez, 2018), and thus takes more subtle 

forms. 

The first references to age bias in GenAI emerged from empirical studies documenting stereotypes of older 

adults in chatbot responses (Aranda Rubio et al., 2024; Kamruzzaman et al., 2024). It was also considered 

in theoretical reflections (Vázquez & Garrido-Merchán, 2024), visual discourse about dementia in generative 

images (Putland et al., 2023), and studies on depictions of older adults in GenAI outputs (Kamelski & Klinge, 

2024). Recently, a study demonstrated that DALL·E 2-generated images continue to exhibit ageist features 

over time (Martens et al., 2025). Another study highlights an over-representation of older adults in humorous 

contexts, reinforcing stereotypes and discrimination—not only against older adults but also against other 

marginalised groups such as people with visual impairments or higher body weight (Saumure et al., 2025). 

 

4. Methodology 

This study explores the visual depictions of age and ageing in images generated with basic prompts on 

Midjourney. The images were generated using Midjourney (ver.: 6.1) (Caleb, 2024), during the period 

spanning December 9, 2024 to January 8, 2025, in order to maintain aesthetic coherence across multiple 

images and reduce undesirable variability in the results; we created and applied a Midjourney filter that was 

based on the selection of photorealistic images. First, we generated 91 everyday activities by combining the 
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list of the Harmonised European Time Use Surveys (Eurostat, n.d.) and diverse leisure activities (Janke et 

al., 2006) to ensure a varied set of everyday activities. Every activity was combined with two user targets 

to create the prompt. On one side, a “person” was used to evoke age-neutral depictions; on the other, an 

“older person” was used to evoke older-specific depictions, with no specific references to biological age, to 

be able to analyse what Midjourney identifies as an older person. We used “older person,” as it resulted in 

the most general and least stereotypical option for generating images of single older individuals. This 

decision was made after presenting the results in different cultural and academic contexts. We avoided 

alternatives such as “elderly” (often associated with frailty or “very old age”) and “old people” (which is 

plural and can sound blunter or more impersonal). No further details were provided to understand how age 

is depicted by default in Midjourney.  

Furthermore, to strengthen methodological robustness, we incorporated human validation and qualitative 

review throughout the image-generation process. In January 2025, three researchers manually reviewed all 

prompts and resulting images as a quality-control step prior to automated analysis. We flagged outputs that 

did not clearly depict identifiable people (e.g., faces not sufficiently visible), deviated from the intended 

hyperrealistic style, or failed to represent the action described in the prompt according to our criteria. In 

such cases, prompts were reformulated and re-run under the same settings. During this screening, we also 

recorded qualitative cues to contextualise the subsequent analyses (e.g., framing, apparent 

age/gender/racial diversity, gendered or racialised roles, facial affect, and clothing/personal style). 

Disagreements were discussed until consensus was reached, with reflexive attention to the influence of our 

background in age studies.  

Secondly, we asked Midjourney to generate 8 images for each activity, for each age group (with and without 

specifying age). As a result, a total of 728 images of “a person” and 728 images of “an old person” were 

produced, for a total of 1,456 images generated. We also generated a description for each image using 

Midjourney’s Describe tool (see an example in Figure 1). This allowed us to obtain a detailed description of 

what they represented in the image, beyond external interpretations; it functions as an auxiliary mechanism 

to enrich the examination of how AI depicts older adults. All images were batch-downloaded and 

consolidated into a single table for subsequent analysis, including the prompt, the target age group, and a 

unique image identifier for each image.  

For image analysis, we focused on quantitative analysis of the demographics of individuals represented in 

the images and on other qualitative characteristics of the images and their textual descriptions. We used a 

visual language model for visual captioning, particularly LLaVA-1.6 (Liu et al., 2023). It allowed us to predict 

demographic characteristics—age (coded into seven age groups: 18–24, 25–34, 35–44, 45–54, 55–64, 65–

79, and 80+), gender (values: “woman”, “man”), and race (values: “white”, “black”, “asian”, “other”)—and 

contextual attributes—emotions (values: “positive”, “negative”, “neutral”), image brightness (measured on 

a 0–100 scale, where 100 indicates the brightest value), and garments and style (reported as the 10 most 

frequent terms)—associated with individuals depicted in the images. These results should be interpreted as 

model-based attributions. Thus, the results do not intend to represent reality, but a commonly used Large 

Language Model (LLM) prediction. 

For the textual analysis of the image descriptions generated by Midjourney, we used the LLM Llama (ver.: 

llama3-70b-8192), particularly a 70b parameter open-weight model from the Llama family run through Groq. 

It allowed us to extract different types of words, for example, gender, age, and nationality-related words, 
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adjectives, etc., in the images obtained. The generated descriptions were reviewed in full and manually 

validated through several rounds of iteration. We systematically removed non-informative elements and 

generic image-related terms that offered no clear evidence for the study’s purposes (e.g., “photo”, “image”, 

“portrait”, “shot”, “camera”), along with punctuation and other low-value tokens. We also checked whether 

the remaining terms were clearly visible in the images and analytically useful for our study; if not, we 

removed them one by one until we consolidated a convincing final sample for analysis. These corrections 

were embedded in an ongoing, continuous monitoring of the results, thereby strengthening the contribution 

of human verification throughout the entire process. The analysis was guided by frequency lists (top 10 

terms) and by grouping words into predefined analytical categories (e.g., age, gender, place/nationality, 

setting, emotions, and grammatical classes), while also tracking references to digital or assistive devices, 

environmental cues, colours, and clothing/personal style. 

Figure 1: Midjourney images and descriptions of a Person / Older person generated with the prompt 

“taking a break” 

 
Source: Midjourney (ver.: 6.1) 

Note: Descriptions were generated using Midjourney’s Describe tool 

5. Results 

In this section, we present the results from the computer vision analysis of the images and the textual 

analysis of the image descriptions generated with Midjourney. We report results for the demographic and 

contextual attributes previously mentioned in the methods. For ease of reference, prompts that include the 

string “a person” will hereafter be referred to as “age-neutral prompts”, and those that include “an older 

person” as “older-specific prompts”, and consequently, “age-neutral depictions” and “older depictions” 

respectively for images generated. 
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5.1.  Demographic depictions: age 

One of the main findings of this research is that the images generated with Midjourney reveal a distinct 

pattern regarding age (Table 1; Figure 2). When age-neutral prompts were used, most depictions 

represented young people. Specifically, 69% of the images from age-neutral prompts depicted people 

between 25 and 34 years old. In contrast, only 5% of individuals generated with age-neutral prompts fell 

within the 65 to 79 age group. On the other hand, older-specific prompts overwhelmingly produced 

individuals aged between 65 and 79, accounting for 73% of cases. Similarly, the Midjourney Describes 

obtained were words associated with young people (e.g. “young”, “early twenties”, “mid 20s”, “early 

thirties”) on 203 occasions (28%), and the words associated with older people (e.g. “older”, “elderly”, “late 

sixties”) appeared 30 times (4.1%). 

 

Table 1: Age distribution of Midjourney-generated images 

 18-24 25-34 35-44 45-54 55-64 65-79 80+ 

Age-neutral prompt 0.16 0.69 0.09 0.02 0.00 0.05 0.00 

Older-specific prompt 0.00 0.00 0.00 0.00 0.00 0.73 0.26 

Source: Author’s own elaboration based on the LLaVA computer vision model.  

Note: N 1,456 images. Age categories were derived via automatic classification; image generation was iterative and 

human-supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) were 

re-generated until they did (see Methodology). 

 

When we compared Midjourney age-neutral depictions to real-world demographic indicators (United Nations, 

n.d.), statistically significant differences were observed (Table 2). According to real-world indicators, the 

age category was significantly more distributed (p<.001). Individuals aged 25 to 34 account for 

approximately 20% of the global population, far below the 69% represented in Midjourney-generated 

images. Additionally, people aged 45 to 54 represent 15% of the global population, whereas this group is 

nearly absent in Midjourney’s outputs, appearing in only 2% of cases. A similar pattern was observed among 

individuals aged 55 to 64, who were absent from the AI-generated images, despite representing 13% of the 

actual population. Perhaps the most striking finding was the absence of the population aged 80 and over 

from the images generated by Midjourney. Yet, they account for around 3% in real-world demographics. It 

may seem insignificant, but it represents over 175 million older people worldwide.  

These comparisons are used to describe patterns in automatic classification of AI-generated images, not to 

claim real-world representativeness; the same applies to all demographic comparisons throughout the study. 

Overall, these results suggest that youth operates as Midjourney’s default in age-neutral prompts, whereas 

older age becomes visible mainly when explicitly requested. 

 

Table 2: Computer vision’s age distribution in Midjourney-generated images vs real-world data 

 18-24 25-34 35-44 45-54 55-64 65-79 80+ 

Midjourney  

(age-neutral prompts) 0.16 0.69 0.09 0.02 0.00 0.05 0.00 

Real-world indicators 0.21 0.20 0.18 0.15 0.13 0.11 0.03 

Source: Author’s own elaboration based on the LLaVA computer visual model and real-world indicators drawn from 

United Nations statistics (as noted above).  

Note: N 1,456 images. Midjourney age categories were derived via automated classification; image generation was 

iterative and human-supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable 

people) were re-generated until they did (see Methodology). 

https://paperpile.com/c/B7DKs7/qGDF
https://paperpile.com/c/B7DKs7/qGDF
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Figure 2: A person (above) / Older person (below) handling home tasks 

    

    

Source: Midjourney  

Note: Age-neutral depictions were shown as young and usually with a long shot of a slim figure, very often from behind, 

and with a straight back, wearing informal clothing, and actively performing the activity; older depictions were portrayed 

in a front face close-up, which ensures that wrinkles are visible, they are slightly hunched, and have more passive 

attitudes or more precarious conditions 

 

5.2. Demographic depictions: gender 

Regarding gender, the results showed minor differences (Table 3a/b; Figure 3). In the computer vision 

analysis of age-neutral depictions, the gender split was fairly even: around 52% women and 48% men. 

Real-world data are similar to these results, where gender is almost equally distributed, although with more 

women than men (United Nations, n.d.). In contrast, the gender distribution of older-specific depictions 

significantly differed from the real-world distribution of people aged 65 or older, with around 56% of women 

aged 65 or older in 2022 (p<.005). Midjourney draws older people as male in 67% of cases, above the 44% 

of men in the total older population worldwide. 

The analysis of Midjourney descriptions showed a similar picture compared to the computer vision analysis. 

Among age-neutral depictions, words associated with men (male, man, boy, father) and women (female, 

woman, girl, her, mother, feminine) were more balanced (275 times (38%) vs 398 times (55%)). And in 

older-specific images, men appeared more often than women (479 (66%) vs 297 (41%)).   

 

Table 3a: Gender distribution in Midjourney-generated images (age-neutral prompt) vs real-world data 

 Women Men 

Age-neutral prompt 0.52 0.48 

Real-world indicator  

(All ages) 0.49 0.51 

Source: Author’s own elaboration based on the LLaVA computer vision model and real-world indicators drawn from 

United Nations statistics (as noted above).  

Note. Midjourney gender categories were derived via automatic classification; real-world indicators refer to the global 

population (≈8.2 billion people), based on United Nations statistics (as noted above); image generation was iterative 

and human-supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) 

were re-generated until they did (see Methods) 

 

https://paperpile.com/c/B7DKs7/qGDF
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Table 3b: Gender distribution in Midjourney-generated images (older-specific prompt) vs real-world data 

 Women Men 

Older-specific prompt 0.33 0.67 

Real-world indicator 

(+65-year-old) 0.56 0.45 

Source: Author’s own elaboration based on the LLaVA computer vision model and real-world indicators drawn from 

United Nations statistics (as noted above).  

Note. Midjourney gender categories were derived via automatic classification; real-world indicators refer to the global 

population (≈8.2 billion people), based on United Nations statistics (as noted above); image generation was iterative 

and human-supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) 

were re-generated until they did (see Methods) 

 
Figure 3: A person (above) / Older person (below) at work 

    

    

Source: Midjourney.  

Note: Age-neutral depictions often represented gendered roles and styles. These gendered roles were even more 

reinforced in the cases of older people’s depictions, particularly regarding home tasks, or work-related activities and very 

often they represent older people in more passive roles. In sum, older-specific depictions more frequently depict men 

than age-neutral depictions, diverging from real-world demographics and reinforcing gendered patterns. 

 

 

5.3. Demographic depictions: race 

Regarding the race category, a similar pattern of differential representation emerged in age and gender 

categories. The computer vision analysis (Table 4; Figure 4) showed a statistically significant difference 

(p<.0001) between the race distribution of images generated from age-neutral prompts and older-specific 

prompts. When age was not specified, White and Asian individuals accounted for roughly 30% of generated 

images, whereas Black individuals appeared in only about 9% of cases. In contrast, with older-specific 

prompts, White individuals dominate (≈50%), followed by Asian individuals (≈18%). Most strikingly, 

Midjourney generated no older Black depictions. 
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Table 4: Race distribution in Midjourney-generated images 

 White Asian Black Other 

Age-neutral prompt 0.30 0.30 0.09 0.32 

Older-specific prompt 0.51 0.18 0.00 0.32 

Source: Author’s own elaboration based on the LLaVA computer vision model (as noted above).  

Note.  Midjourney race categories were derived via automatic classification; image generation was iterative and human-

supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) were re-

generated until they did (see Methods) 

 

In turn, Midjourney Describes provided no specific clue to the origin of White people, but they sometimes 

described the origin of non-White people. They used nationality-related words less often in age-neutral 

depictions, 175 times (24%), than in older adult depictions, 128 times (17%). Overall, older-specific 

depictions show less racial diversity, with whiteness as the dominant default. 

 

Figure 4: Person (above) / Older person (below) engaging in religious activities  

    

    

Source: Midjourney.  

Non-White depictions were often associated with racialised roles, as in spiritual activities for Asians. 

 

 

5.4. Affective depictions: emotions 

Regarding emotions, distribution is also significantly different (p<.001). While most images fell into neutral 

or positive categories (Table 5). In images generated from age-neutral prompts, neutral and positive 

emotions were distributed roughly equally. For images generated from older-specific prompts, positive 

emotions were noticeably lower than neutral ones, in only about 25% of cases.  
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Table 5: Computing vision emotion distribution in Midjourney-generated images 

 Positive Neutral Negative 

Age-neutral prompt 0.46 0.53 0.01 

Older-specific prompt 0.25 0.74 0.01 

Source: Author’s own elaboration based on the LLaVA computer vision model (as noted above)  

Note.  Midjourney emotion categories were derived via automatic classification; image generation was iterative and 

human-supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) were 

re-generated until they did (see Methods) 

 

In this regard, Midjourney Describes used more words associated with emotions to describe older depictions 

than age-neutral depictions. Emotion-related words were used 888 times (1.2 times per image) to describe 

older depictions and 663 times (0.9 times per image) to describe age-neutral depictions. These included 

words like “smiling” (134 times for older depictions, 76 times for age-neutral depictions) and “happy” (81 

times for older depictions, 39 times for age-neutral depictions). In contrast, some words associated negative 

attributes with older people in comparison with age-neutral depictions, including “confidence” (10 times for 

older-depictions, and 6 times for age-neutral depictions) or “attractive” or “beautiful” (0 times for older-

depictions, and 10 times for age-neutral depictions), “solitude” and “loneliness” (5 times for older-depictions, 

and 3 times for age-neutral depictions). 

 

5.5. Visual depictions: brightness 

Regarding brightness, our results showed that older depictions were around 11% dimmer than age-neutral 

depictions (p<.0005) with older people’s depictions more likely to be located in darker environments (Table 

6). Darker images are culturally associated with negative attitudes, environments, and emotions. These 

darker depictions of older people contradict the tendency to exploit active and healthy ageing attributes, in 

which older people are often depicted in bright environments (Loos & Thijssen, 2022).  

 

Table 6: Computing vision brightness distribution in Midjourney-generated images 

 Men Women All 

Age-neutral prompt 0.95 0.95 0.96 

Older-specific prompt 0.88 0.83 0.85 

Source: Author’s own elaboration based on the LLaVA computer vision model (as noted above)  

Note. Image brightness was derived via automatic classification; image generation was iterative and human-supervised: 

outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) were re-generated until 

they did (see Methods) 

 

 

5.6. Cultural depictions: garments and style 

The cultural depictions were analysed using Midjourney’s describes (Table 7). Results revealed the use of 

different garments depending on the age profile. This depiction reinforces the vulnerability, physical decline, 

and personal neglect of older people. Accordingly, age-neutral depictions often showed informal outfits, 

such as t-shirts, jeans, and sunglasses. In contrast, older people’s depictions conveyed a sense of keeping 

warm with more items, such as sweaters, jackets, scarves, and hats. Older people’s physical decline was 

depicted through the use of glasses. Moreover, descriptions of age-neutral individuals showed more concern 

https://paperpile.com/c/B7DKs7/yxd6
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about style, expressed through the focus on hairstyles and, in lesser measure, makeup, including the use 

of dreadlocks, bun, tied back, ponytail, etc.  

Table 7: Garments and style 

 Age-neutral Older-depictions 

T-shirt 222 105 

Jeans 98 38 

Sunglasses 14 6 

Sweater 46 130 

Jacket 22 55 

Scarf 0 16 

Hat 2 18 

Glasses 123 272 

Hairstyles 65 5 

Makeup 3 0 

Source: Author’s own elaboration based on the LLaVA computer vision model (as noted above).  

Note. Image descriptions were obtained using Midjourney’s Describe tool; image generation was iterative and human-

supervised: outputs that did not meet the criteria (e.g., non-coherent images or non-identifiable people) were re-

generated until they did (see Methods) 

 

Below, we present a summary table of results highlighting the main findings (Table 8): 

Table 8: Summary table of results 

Prompt 

starts 

with 

Older adults  

appear 

Women  

appear 

Racial/ethnic 

groups appear 

Emotions  

are 

“a person” Underrepresented 

(e.g., the 65–79 age 

group is only 5%) 

Represented overall 

(e.g., women 52%) 

More diverse overall, 

but some groups 

remain scarce (e.g., 

Black people, ≈9%) 

Mostly neutral/positive 

(e.g., positive 46%) 

“an older 

person” 

With age stereotypes 

(more 

passive/precarious 

portrayals) and darker 

depictions (e.g., 

≈11% dimmer) 

Underrepresented 

(e.g., women 33%). 

Gender roles 

reinforced 

Less diverse: White 

people dominate; no 

depictions of older 

Black people; 

racialised roles appear 

Less positive (e.g., 

positive 25%) 

Source: Author’s own elaboration 

Note. The whole process of analysis was iterative and human-supervised: outputs that did not meet the criteria (e.g., 

non-coherent images or non-identifiable people) were re-generated until they did (see Methods) 
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6. Discussion and conclusion 

Our findings are based on a case study of Midjourney (images generated under the settings and period 

reported) and should be interpreted as specific to this case. In what follows, we distinguish between (a) 

findings supported by the Midjourney data and (b) broader implications for journalistic practice, which are 

interpretive and normative in nature. 

This research contributes to the growing body of knowledge on GenAI (Leong et al., 2025) by demonstrating 

how Midjourney can reproduce and amplify visual age bias in its generated images. This study benefits from 

a substantive analysis of a large set of images and from the integration of quantitative and qualitative 

methods. Even so, such biases may appear minor while still producing substantial, unpredictable 

consequences over time, resembling the “butterfly effect” in AI (Ferrara, 2024). Taken together, our findings 

address the three research questions guiding this study. 

Regarding how age is visually represented (RQ1), the results show that Midjourney establishes youth as the 

visual default: when age is not specified in the prompt, most representations depict young adults, while 

older age becomes visible mainly when explicitly requested—and typically through age-stereotypical cues. 

Images reinforce youth as active and dynamic, while old age is portrayed as passive and fragile, less positive 

in affect, and in darker environments. In line with what we outlined in the Introduction, our results echo 

prior work documenting stereotypical patterns in generative AI outputs (Nicoletti & Bass, 2024; Sandoval-

Martin & Martínez-Sanzo, 2024; Turk, 2023). Our results extend this line of inquiry by demonstrating that 

age operates similarly, with youth shaping representations of the “general population.” In line with Martens 

et al. (2025), who observed the persistence of digital ageism in AI-generated images over time, our larger 

data set suggests that such biases are not incidental but structurally embedded in generative systems. 

In relation to how age intersects with gender and race (RQ2), we found that older depictions also show 

reduced gender and racial diversity and stereotypical patterns, compared with age-neutral depictions. Older 

individuals are more often depicted through gendered roles and passive tasks or gestures, and non-White 

identities are more likely to be reduced to origin stereotypes, restricting role diversity and perpetuating 

cultural clichés. The intersectional patterns observed here resonate with theoretical and empirical 

discussions of ageism, which emphasise that age discrimination rarely operates in isolation (Rocha et al., 

2022). Accordingly, visual ageism should not be examined as a standalone phenomenon: its intersections 

with other forms of discrimination make its dynamics more visible and its effects more clearly articulated. 

Finally, our results raise ethical concerns for journalistic work (RQ3), not only for photo editors but also for 

emerging AI-focused newsroom roles, journalists, editors, and technical staff. Although AI has become a 

productivity tool in newsrooms, bias remains a significant concern, making sustained human oversight 

indispensable and challenging. In this context, journalistic practice cannot remain uncritical. Responsibility 

should rest, in part, with media organisations themselves. However, this also introduces new challenges, as 

newsrooms often outsource key functionalities to large technology providers (e.g., Google or OpenAI), which 

can deepen platform dependence and expand external influence over editorial infrastructures and decisions 

(Simons, 2025). Newsrooms need clear, operational policies grounded in core journalistic values—truth, 

verification, transparency, and fostering an informed and critical public (Kovach & Rosenstiel, 2007). These 

policies should, as a baseline, require clear labelling of AI-generated images, enable traceability (e.g., 

documenting prompts and tool versions), and mandate verification prior to publication. Still, policies alone 

https://paperpile.com/c/B7DKs7/p9XP
https://paperpile.com/c/B7DKs7/bMW6
https://paperpile.com/c/B7DKs7/CpCe+Nade+cCsD
https://paperpile.com/c/B7DKs7/CpCe+Nade+cCsD
https://paperpile.com/c/B7DKs7/AeOY/?noauthor=1
https://paperpile.com/c/B7DKs7/b2pA
https://paperpile.com/c/B7DKs7/b2pA
https://paperpile.com/c/B7DKs7/itsk
https://paperpile.com/c/B7DKs7/qAAf
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are insufficient without professional commitment in a fast-moving ecosystem where newer models do not 

guarantee fewer biases. This challenge connects to the broader alignment problem (Christian, 2021): 

technically plausible outputs may still fail to reflect social values such as diversity, equity, and inclusion. 

News organisations cannot allow industry logics to override the ethics that should guide journalism in every 

outlet, every day, and in every story.  

The broader context is also shifting: where media once exercised editorial control over content, control 

increasingly becomes algorithmic. For example, while earlier media research suggested a gradual shift 

toward more positive or “active ageing” representations in legacy media (Loos & Ivan, 2018) our findings 

indicate that generative AI may not follow the same trajectory. Instead, it appears to reproduce narrower 

and more conventional tropes, reinforcing concerns in intellectual debates about the persistence of 

stereotypical visual framing in AI systems. Particularly, our results show a turn towards a more subtle 

representations of ageism that affects more deeply the imaginaries about older adults; for example, 

depictions of older adults were darker than the rest of the images, and older adults were typically using a 

sweater or jacket instead of the typical t-shirt of age-neutral depictions, which shows a more active life, less 

concerned with care. 

However, one of the main challenges would be the widespread lack of awareness of ageism in society; AI 

ageism (Stypinska, 2023) may affect older adults and their self-image. Stereotypical portrayals of old age 

not only reinforce social perceptions of this life stage but can also shape older people’s self-perception and 

daily experiences. Diversity in representations of age, gender, and race in the media can challenge prejudice 

and foster a sense of belonging among marginalised communities. Likewise, challenging stereotypes about 

older people through images can support personal identities and broader social values. Ageing does not 

equate to decline: people of all ages can live fulfilling lives. Older adults can be stylish, attractive, and active 

while also navigating health challenges associated with ageing. Negative representations may be 

internalised, affecting self-esteem, agency, and belonging. At the same time, they shape how other 

generations imagine ageing, limiting the possibility of a future marked by dignity and diversity. 

This research has several limitations. First, the results reflect how Midjourney generated images and 

descriptions at a specific point in time. We do not know to what extent the system still operates in the same 

way, or whether results obtained at different times would reveal different patterns, more or less ageist 

according to our interpretation. In this sense, the study provides a snapshot that should be interpreted 

accordingly. Therefore, generalisations to other models, platforms, periods, or journalistic contexts should 

be made with caution. Second, we used basic prompts to compare age-neutral and age-specific depictions. 

While journalists and media professionals may use more detailed prompts, a gap always remains between 

the prompt and the output. Large language models fill this gap with the most probable options, which can 

reproduce latent biases. Third, image and description classification was carried out using computer vision 

and large language models. Age and emotion algorithmic classification are widely recognised as limited and 

contestable (Kim et al., 2021), and this raises epistemological constraints. For us as humans, being part of 

an open and diverse culture was not easy to judge IA depictions in terms of binary demographic categories 

or beyond stereotypical judgments. We consider using a LLM for automatic classification, despite all its 

limitations, as these kinds of systems are those used for image classification in common digital platforms 

where this kind of content will be published and shared. We treat the demographic categories produced by 

computer vision as outputs for analysis; their probabilistic nature and socially constructed character must 

https://paperpile.com/c/B7DKs7/ovxQ
https://paperpile.com/c/B7DKs7/Em6C
https://paperpile.com/c/B7DKs7/6jY4
https://paperpile.com/c/B7DKs7/5noh
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be emphasised. Age, gender, and race are not natural facts but context-dependent categories whose 

meanings vary across time and place; they cannot be treated as stable or universal. Moreover, generative 

AI and computer vision systems cannot access individuals’ identities or self-identification. Instead, they 

assign labels based on visual cues (e.g., style, lighting, clothing) and learned correlations. As a result, 

outputs often reflect how the system classifies images rather than who the depicted individuals are.” 

Accordingly, our object of analysis is not real-world populations but AI-produced visual representations. 

Comparisons with real-world demographic distributions should therefore be made cautiously and should not 

be read as normative claims about representativeness. In this sense, one of the main limitations of automatic 

classification concerns visual diversity: labels can be reductive (e.g., binary gender), and race is especially 

difficult to operationalise consistently given its conceptual complexity and social sensitivity. Computer vision 

systems may also reflect or amplify biases in training data, annotation practices, or algorithmic design, 

limiting neutrality and potentially reinforcing inequalities. Finally, our selection of variables emerged from a 

preliminary, researcher-led categorisation and may be shaped by our backgrounds in age studies. For these 

reasons, AI-generated depictions should be interpreted as algorithmic attributions rather than measures of 

intrinsic characteristics of real individuals. We do not claim that the model “detects” demographic properties; 

rather, we analyse how classification systems, such as those used by digital platforms where these images 

will be published and shared, may encode social differences in generative images. 

Further research could build on this study by focusing on the analysis of images and visual biases related to 

age and other social categories—not only race and gender, but also other forms of discrimination such as 

ableism and fatphobia, among others. Here, we analysed images generated in Midjourney that were not 

published in the media, given the limitations, to confirm whether images already published by news outlets 

and produced with generative tools were, or were not, and the lack of regulation on the matter. This study 

could be complemented with interviews with photo editors and staff in emerging AI-focused roles to better 

understand newsroom routines, motivations, and strategies for mitigating visual ageism while upholding 

journalistic ethics, following the line of inquiry on visual ageism proposed by Loos & Ivan (2018). 
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