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Abstract

Factorial survey experiments are widely used in the social sciences to study decision-making and
attitudes through controlled, experimentally manipulated scenarios — typically presented as text.
While textual vignettes offer flexibility and ease of use, they often lack realism and may limit
participant engagement. This article explores how generative artificial intelligence (Al) can be used
to create customisable images for visual vignettes. It demonstrates techniques for producing and
selectively editing images, highlighting their potential to address the demands of experimental
social science research, while it also acknowledges key challenges, including ethical considerations,
biases inherent in Al tools, and technical limitations. The article showcases potential applications
of Al-generated images in social science research and draws on a pretest with human participants
to present evidence on how Al-generated images are perceived and interpreted. By critically
evaluating both opportunities and challenges, this article provides researchers with practical
guidance on integrating Al-generated visuals into factorial survey experiments, enhancing
methodological approaches in the social sciences.

Keywords
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Introduction

Humans are inherently visual creatures: Research suggests that images are processed faster,
remembered better, and recalled more easily than verbal or textual information (Bower, 1970;
Potter et al., 2014; Shepard, 1967; for a critical discussion on processing speed, see Tuscher,
2022). They provide quicker, more direct access to meaning (Schlochtermeier et al., 2013) and
engage evolutionarily older brain regions than those processing verbal input (Harper, 2002).
Despite the importance of visual information in everyday perception, social science data remains
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largely textual. Especially in surveys — one cornerstone of quantitative social science research
(Sturgis & Luff, 2021) — text-based, written questions dominate the data collection process. This
also applies to multifactorial survey experiments, where participants evaluate carefully designed,
experimentally varied scenarios. In this article, I introduce Al-generated visuals to expand the
range of how to present these scenarios, demonstrating how to best use Al-generated and Al-
manipulated images in experimental social science research.

Factorial survey experiments (also known as vignette experiments) are the most widely used
multifactorial survey method in the social sciences (Treischl & Wolbring, 2022). Within these,
survey participants are presented with short descriptions of scenarios and respond accordingly. For
example, in the study of Baron et al. (2001), participants rated conflict situations which were
described in vignettes as the following one: ‘Suppose you are passing by a local convenience store
on an afternoon walk. The street is practically empty. Suddenly, a person steps out and pushes at
[sic] you. This person is a wealthy looking 18 year old man’. Baron et al. (2001) varied the
offender’s age, gender, and social class, the victim’s identity, conflict intensity, and bystander
presence to assess their impact on participants’ aggressiveness and disputatiousness.

One key advantage of vignette experiments is their ability to present information in a way that
facilitates imagination and mirrors real-life situations (Eifler & Petzold, 2022; Finch, 1987). Most
factorial survey experiments use textual vignettes (Treischl & Wolbring, 2022) which are easy to
implement, flexible, and allow for precise variation by simply modifying a few words. For
example, by replacing just a few words, a ‘wealthy looking 18 year old man’ can become a ‘lower
class looking elderly woman’ and thus change age, gender, and perceived social status.

However, textual vignettes may lack external validity and realism, as they exclude visual
information, which plays a critical role in how people perceive the real life (Bansak et al., 2021;
Harper, 2002). It is often unclear what mental images respondents form when reading descriptions,
and cues like names used to signal gender or ethnicity may introduce unintended associations with
age or class (Gaddis, 2017; Sidler et al., 2024).

A key challenge in using visual stimuli is the difficulty of varying specific, visible attributes
while keeping all others constant. For instance, creating images of a wealthy looking 18-year-old
man and a lower class looking elderly woman requires recruiting models and taking photos where
they make the same facial expression, exhibit the same posture and wear suitable clothes which are
similar except in signalling a specific social status. Alternatively or additionally, graphic designers
may be needed to edit images. If images are supposed to include larger contexts or more
background, these can further be affected by external, uncontrollable aspects (for example, a busy
street scene may unintentionally include different passing cars). While stimulus sampling can
partly address this problem, it requires many different vignettes which can be difficult to create
with limited resources (Fong & Grimmer, 2023; Monin & Oppenheimer, 2014).

The creation of experimental visual stimuli can thus be costly and time-consuming, especially
at scale. There are also inherent limitations to what can realistically be staged: Some scenarios, like
a tense police encounter in a specific urban setting or a refugee family crossing a border, may be
ethically sensitive or difficult to recreate convincingly. Additionally, staging rare or impossible
events (e.g. alien encounters, historical scenes, or future technologies) and scenes involving a large
number of actors are often out of reach both practically and imaginatively. These challenges limit
the scope of what visual experiments can explore using traditional image creation methods. Recent
advances in generative Al, especially transformer-based models, offer promising solutions (see
also Davidson, 2024).

In this article, I pursue two goals. First, I provide a practical guide for researchers on how to
create and refine Al-generated and Al-manipulated visual vignettes for use in factorial survey
experiments. Second, I empirically assess how participants perceive such Al-generated images in
terms of realism and authenticity, based on a pretest study. The empirical case focuses on the
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critical step of validating images as credible experimental stimuli. To achieve these goals, the
remainder of the paper is structured as follows: The next section reviews factorial survey ex-
periments, their methodological foundations, and the use of visual vignettes. After that, I outline
practical steps for creating visual stimuli — model selection, image generation, and editing — and
highlight potential applications. Next, I present an empirical case, and then discuss limitations of
Al-generated visuals as well as offer practical guidance. The paper concludes with key insights
and directions for future research.

Factorial Survey Experiments and Visual Vignettes

Factorial survey experiments have gained tremendous popularity over the last two decades and
have been extensively used across different research topics in the social sciences (see Treischl &
Wolbring, 2022; Wallander, 2009). Factorial survey experiments integrate survey and experi-
mental design. The strength of vignette experiments lies in their ability to simulate realistic yet
controlled environments that allow researchers to isolate and examine specific variables while
surveying large samples.

The basic idea is to present respondents with a series of hypothetical descriptions of persons,
objects, or situations (so-called vignettes). These vignettes consist of and experimentally vary
along predefined characteristics or attributes (dimensions/factors). One or more vignettes — most
often selected randomly — are then shown to participants for evaluation (Auspurg & Hinz, 2015).
Vignettes are commonly presented as text or tables, with photos or videos used less frequently
(Treischl & Wolbring, 2022) and primarily within certain fields (Hu et al., 2022) — particularly
consumer and user behaviour studies (e.g. Baptista et al., 2023; Loosschilder et al., 1995), urban
planning and landscaping (e.g. Shr et al., 2019), health-related research (e.g. Jiwa et al., 2014) —
and particularly within choice experiments (Shr et al., 2019)."

Survey experiments like vignette experiments offer a time and cost-effective way to generate
data, especially with text vignettes; however, they come with challenges and work best under
certain methodological conditions (Auspurg et al., 2009; Barabas & Jerit, 2010). For one, vignette
descriptions can be relatively artificial: The controlled nature of factorial designs may reduce
external validity, as participants may perceive the scenarios as unrealistic or detached from real-
world experiences — a challenge which may be particularly pronounced for textual representations,
since respondents must imagine entire situations from brief descriptions (Barabas & Jerit, 2010;
van Zelderen et al., 2024; Wallander, 2009). Additionally, textual vignettes require participants to
mentally construct the described scenarios, which cannot only vary widely in accuracy or detail
based on personal experience, cultural context, or cognitive styles, but also be biased in non-
random ways (see on names e.g. Gaddis, 2017; Jiirges & Winter, 2013). Complex or long vignettes
can further overburden participants with a high cognitive load (Shamon et al., 2022; Teti et al.,
2016). Textual vignettes may also fail to fully engage participants or to evoke strong emotional or
behavioural responses (Schlochtermeier et al., 2013), and research suggests that participants of
vignettes studies prefer more immersive vignette formats (van Zelderen et al., 2024).

Visual vignettes can overcome many of these limitations of text and they can also open up new
theoretical and methodological possibilities. Studying visual vignettes allows researchers to
capture how meaning is constructed in more naturalistic and culturally relevant ways, given that
humans routinely encounter and interpret images in everyday life, from news photographs and
campaign posters to memes and social media feeds. They also allow researchers to study
spontaneous judgements, as images are processed very quickly (Potter et al., 2014). Moreover,
images convey multiple layers of information simultaneously, such as expressions, gestures,
environments, and social signals, allowing the analysis of interactions between subtle cues that are
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more difficult to represent in text. Images can thus tap into implicit biases and trigger heuristics in
ways that written descriptions cannot.

Against this background, researchers have increasingly turned to visual stimuli across diverse
applications. For instance, Krysan et al. (2009) used videos of neighbourhoods varying in social
class and racial composition to examine racial attitudes. Similarly, Havekes et al. (2013) combined
text and photos in vignettes to explore mechanisms behind interethnic attitudes. Golden et al.
(2001) used photo vignettes depicting ambiguous sexual harassment scenarios, manipulating the
attractiveness of the individuals involved to study its influence on perceptions. Wouters and
Walgrave (2017) presented edited news segments on protests, altering cues such as demonstrators’
unity and commitment to assess their effect on audience perception. In the study by Thébaud et al.
(2021), respondents evaluated photos of rooms labelled as male- or female-occupied to investigate
gendered norms around housework. Krakowski et al. (2024) exposed participants to images — Al-
generated or database-sourced — of fictitious individuals to test how native respondents sanction
perceived norm violations by immigrants. Lopez Ortega and Radojevic (2024) used a visual
conjoint design to examine voter preferences, showing that Al-generated portraits had a stronger
influence than textual labels, moderated by the visibility of social categories. Relatedly, Vecchiato
and Munger (2024) developed a visual conjoint using fictional Twitter profiles of political
candidates, demonstrating how visual cues can enhance realism in experimental designs. Political
science research has also leveraged manipulated photos to study the effects of skin tone on
perceptions of political representatives (Caruso et al., 2009; Mugglin et al., 2025). These ex-
amples, though selective, highlight the expanding role of visual elements in enriching experi-
mental methods.

Visual vignettes, like their textual counterparts, feature different dimensions and levels. Ideally,
they feature a higher degree of realism as the visual representation mirrors real-world appearances,
environments, or interactions more closely (Caro et al., 2012; Manghani, 2012). Unlike written
vignettes, which present information sequentially, images convey all information simultaneously.
They can enhance participant engagement, evoke stronger cognitive responses, and create a sense
of experiencing the scenario, requiring less extensive information processing (Burt et al., 2010;
Eifler & Petzold, 2022). Thus, visual vignettes can function as a complementary method that
aligns more closely with how people actually process information in real-world contexts.

However, creating visual vignettes is difficult due to the costs and logistics involved in
producing high-quality visuals. This paper argues that recent advances in generative Al can help
overcome many of the barriers, building upon a small but growing number of studies which have
used Al-manipulated visuals (e.g. Eberl et al., 2022; Evsyukova et al., 2025; Haut et al., 2021;
Kiithn & Wolbring, 2024). It outlines a practical, scalable approach to make visual stimuli more
accessible in social science research.

Generating and Manipulating Images for Factorial Survey
Experiments: An Example Process

The first step in implementing Al-generated image vignettes is determining whether image vi-
gnettes are an appropriate tool for the research question at hand. Several studies have system-
atically compared the presentation format differences in vignette experiments (Eifler & Petzold,
2022; Facciani et al., 2022; Hu et al., 2022; Slattery Rashotte, 2003) as well as in choice ex-
periments (DeLong et al., 2021; Kabaya et al., 2024; Shr et al., 2019). Overall, the body of
research yields mixed results, suggesting no clear advantage of one format over another. Ap-
plications that involve relevant visual information are argued to be better operationalised with
visual vignettes, as written vignettes may fail to adequately process information mean to trigger
the sense of vision (Eifler & Petzold, 2022). For image vignettes to be useful and offer an
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advantage, visible characteristics should be of theoretical and substantial interest. Not all concepts
or situations can be effectively conveyed in still images and the potential level of detail is limited.
The appropriateness of image vignettes also depends on the cognitive processes and interpretive
frameworks of participants. Researchers must consider whether an image-based stimulus is likely
to evoke the intended associations and reactions, and could draw on psychological theories of
recognition, information processing, and memory (e.g. Paivio, 2013), as well as explicitly pretest
their expectations. Visual stimuli offer advantages when visual information is theoretically rel-
evant (Eifler & Petzold, 2022) and scope conditions are met (Vecchiato & Munger, 2024).

If the research context lends itself to visual vignettes, the images can be created and im-
plemented in the following steps:

Al model selection

Generation of baseline image
Generation of image alternatives
Validation of images

bl S

Note that visual vignettes can take many forms such as photos, cartoons, animations, avatars, or
other forms of drawings and graphic designs. In the following, I will focus on photorealistic
images, which in the past typically required staging real situations. Other types of visuals, such as
avatars or cartoons, could be equally generated using the same Al-based procedures.

Al Model Selection

The first step in generating or manipulating images is selecting an appropriate Al model. While the
field evolves rapidly and no single recommendation can be given, the following guidelines should
help contextualise the choice based on practical considerations. A key distinction in Al image
generation lies between open-source and closed-source models. Closed-source models (like the
popular Midjourney and OpenAI’s DALL-E and Sora, which cannot be self-hosted) have, in the
recent past, provided polished results that open-source models lagged behind due to the significant
resources invested by the companies in fine-tuning their models. Proprietary models further tend to
be designed with user-friendly interfaces and a powerful backend infrastructure. However,
transparency is restricted, the image generating model cannot be directly modified, and as users,
we rely on an external platform which can raise concerns about data security, cost sustainability,
and ethical oversight.

In contrast, open-source models (like StabilityAl’s StableDiffusion) allow users to self-host the
model on their own computational infrastructure, giving them control over data, outputs, and
computational environment. This flexibility allows for more control over privacy and repro-
ducibility, as well as the ability to adapt the model for specific use cases like specifying human
poses or copying compositions (e.g. using ControlNet®). However, open-source models require
more technical expertise to set up, maintain, and optimise.

In this article,  used Midjourney which has (as of December 2024) generally been the preferred
choice among photographers and designers because of its quality, consistency, and custom-
isability, providing superior out-of-the-box performance. It was also one of the first (and is still one
of the few) models to provide selective image editing options.” However, it is a subscription-based
closed-source model. A more detailed discussion of closed-source and open-source software will
be given in section “Dependency on corporations: Closed-source and open-source software”.

Midjourney can be accessed via a web interface and Discord, an instant messaging social
platform. Subscriptions are required for image generation, with the ‘pro’ plan (60$/month as of
April 2025) offering private and unlimited image generation. The following sections will outline
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image generation with Midjourney (version 6.1/January 2025), noting that some features may
change as the software evolves.

Generation of Baseline Image (Using Midjourney)

The efficient creation of vignettes with Midjourney relies on generating a strong baseline image
and subsequent selective editing of this baseline image (alternatively, existing images can be
uploaded by the user and then selectively edited which allows to manipulate real scenes and
existing imagery more generally).

Images are generated (and manipulated) by using prompts, text phrases provided by the user to
guide the Al in generating an image. Prompts can include specific details such as objects, settings,
styles, colours, or artistic influences, which the Al interprets to produce an image output. The
Midjourney bot breaks down the prompt into smaller pieces (fokens) which are compared to its
training data to then generate an image. The Midjourney bot generally works best with simple,
short phrases that describe what should be shown in the image (Midjourney, 2025b). Words in the
beginning of the prompt are suggested to have a greater effect on the resulting image. Users can
refer to the Midjourney ‘explore’ page” for inspiration based on recent examples by other users.

When writing a prompt for a social science research application, it is generally important to be
clear about the context of an image and details such as the subject of the image (person, location),
the medium (e.g. a photo), the environment, and the composition (headshot, close-up, birds-eye
view, etc.). ‘Prompt engineering’, the crafting of efficient commands, is an iterative process of trial
and error, guided by best practices and complicated by the fact that generative Al models are
sensitive to changes in phrasing and word choice and that these models are not necessarily
deterministic, so that the same prompts can lead to different outputs and can also vary between
versions (Jahani et al., 2025; Xie et al., 2023). Midjourney prompts can contain a seed parameter
which allows to somewhat reproduce the initial image generation starting from a prompt. Ex-
perimenting with phrasing can help and is necessary to achieve the best results (see also Don-
Yehiya et al., 2023).

After submitting a prompt, Midjourney returns four images, which can then be further edited.
Figure 1 shows the output images for a study which might focus on family norms. Four images of a
German-looking family were created after one request.

When crafting prompts, it is important to recognise that Midjourney has learnt what images
look like from existing imagery and its labels. Machine learning algorithms tend to reproduce
existing biases (Arseniev-Koehler & Foster, 2022; Bolukbasi et al., 2016) and this also holds for
generative image Al. When generating scenes with people, less stereotypical prompts may result
in images that do not adhere to the prompt in the intended way. For example, when trying to depict
a person breaking into a house, a black man was more likely to appear as an intruder, while a white
man was shown simply on the porch. This suggests that the Al associates certain racial profiles
with specific actions (see Figure 2, panels A and B). Similarly, when aiming to create a scene
where a young man is shown to break into a car, more prompt-adhering results were obtained when
describing the man as ‘Romanian’ than, for example, ‘Italian’, making use of existing car thief
stereotypes of Eastern Europe which the generative Al seems to have incorporated (see Figure 2,
panels C and D).

More advanced prompts can also include image URLs and parameters to refine the generated
image. Image URLs serve as an inspiration, influencing composition, style, and colour of the
resulting image. Key parameters for a social scientific use case include the aspect ratio (the
connection between the width and height of an image), image weight (adjusting the prominence or
dominance of an image prompt), and the ‘no’ parameter, which refers to negative prompting.
Negative prompting allows researchers to explicitly exclude certain elements from the generated
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Figure |. Four Images Returned by Midjourney Showing a Family. Prompt: ‘german family standing at the
train station, waiting. father, mother and one child. they have blond hair’.

image (e.g. by adding ‘--no text’ to prevent letters or writing from appearing). The aspect ratio can
play a surprisingly important role; it impacts the shape and the composition of a generated image
(e.g. landscape, square, and portrait) and the same text prompts with different aspect ratios can lead
to very different results. Again, this might be the case due to the fact that Midjourney has learned
from existing images and different image sources are associated with specific ratios (e.g. Instagram
photos are a source of square images). This also must be considered when researchers want to
create different versions for desktop and mobile surveys.

Generated images can be further modified, either subtly or strongly — altering composition,
colours, or fine details. Midjourney also supports regional editing, allowing users to select and
regenerate specific areas based on a new prompt. The outcome depends on the original content, the
selected region, and prompt; only the chosen area is altered. This functionality is particularly
useful for refining image accuracy, removing distractions, or addressing small inconsistencies or
Al artifacts such as poorly rendered hands. Panel A in Figure 3 shows an initial image of a person
giving a speech, which was iteratively refined (Panel B) to produce a more polished baseline image
which might then be edited further. This feature grants researchers significant control, enabling
unlimited adjustments — unlike in collaborations with graphic designers, where extensive iteration
is rarely feasible. Please note that these subsequent editing steps generally do not have a ‘seed” and
are less reproducible than the initial generation step. While the generated images are thus not
completely reproducible, this also applies to photos created with other means, such as hired actors.

Generating an appealing and suitable baseline image is a challenging process which often
requires many iterations of trial and error.
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Figure 2. Images Showing People Conducting lllegal Activities, Created by Midjourney (Selection of One
Representative Image Out of Four Returned by Midjourney). Prompts: [A + B] ‘you see a house in the
distance. there is a middle-aged [white/black] man who carefully climbs over the railing onto a porch from an
upper-class house. The porch is wide and pretty. The camera view is wide-angle and shows the man from the
side, gripping the upper edge of the railing with both hands. The setting is in a suburban, green area’ [C + D]
‘Wide angle Photo of a young [ltalian/Romanian] man who is standing close to car and is preparing a break in.
He peeks into the car. In the background is an empty street with parked cars’.

Generation of Image Alternatives

Once a satisfying baseline image has been created, the next step involves varying specific di-
mensions by editing selected areas to introduce different vignette attributes. Alternatively, users
can also upload their own image materials, be it real photos taken by the researcher or photo
material from other sources. Real images can thus also serve as a baseline which allows re-
searchers to start with a realistic ground truth. In this next phase of generating image alternatives,
researchers can manipulate certain features of the image to reflect the varying dimensions/
attributes of the experimental stimuli.

Regional variation tools allow researchers to highlight and edit specific image areas. For
instance, in the hypothetical family norms study (Figure 1), altering the faces of the depicted
parents enables straight-forward adjustments to represent a mixed-race, Arab, or same-sex
couple — simultaneously varying gender, race/ethnicity, and sexual orientation (see Figure 4).
Subsequently, smaller refinements can be made to enhance facial consistency, such as adjusting
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A) First version B) Baseline image

Figure 3. Images of a Speaker, Created by Midjourney. (A) Prompt: ‘person giving a speech to an audience. it
is set in the public in a park. focus is on the speaker who is a german man in casual clothes’. (B) Selectively
Edited Image. Shirt and Pants Were Highlighted and Edited With the Prompt: ‘man in casual clothes. wearing
jeans’. Lower Stomach of Man Was Highlighted and Edited With the Prompt: ‘Shirt tucked in, belt visible’. Hands
Were Highlighted and Edited With the Prompt: ‘normal hand with normal amount of fingers --no weird hands’.

facial expressions or features like facial hair. Finally, researchers can use editing software like
Photoshop or even basic tools like Paint alongside Al-generated content to manually combine or
modify image elements, enabling more precise control over multiple factors. Manual editing was
done in one instance in this paper (Figure 5(G)): After selectively editing the face and body of the
speaker using Al prompts, [ manually combined the output with a consistent face generated in
another image (using Paint).

The prompt to vary a specific region can also include image URLs. For example, by selecting
the clothes of a person and passing an image of inspiration clothes, the style of a person can be
changed in a specific way. Taking the baseline image from Figure 3 (panel B), we can generate
further images to study the perception of public speakers (see Figure 5). While varying clothes and
gender simultaneously makes the image generation a bit more complex (as simply changing faces
does not produce believable female bodies) and requires the combined use of a generative Al
model and a (simple) image editing tool (like Paint), it is still easily possible without advanced
image editing skills. The more features overlap within an image, the more difficult the editing
becomes; however, this might change with technological advancements.

While the previous examples focused on altering the appearance of individuals, researchers can
also manipulate environments and contexts. Figure 6 presents two examples of contextual
variation. Panels A and B show different levels of disorder in a person’s neighbourhood, which
could be used in studies examining the spread of disorder (Keizer et al., 2008). In these images, the
more disorderly environment served as the baseline, as it is generally easier to remove objects in
Midjourney than to add them (i.e. removing trash and graffiti from a ‘poor neighbourhood”’ tends
to work better than inserting trash and graffiti into a ‘rich neighbourhood’; adding items like trash
often results in unrealistic, oversized pieces of very specific debris). Panel C and D depict
variations of village environments.

With well-crafted prompts and targeted edits, Midjourney enables the creation of realistic,
context-specific images of people and settings. These can be further refined in external programs
and are generally free to use for research under the Creative Commons Noncommercial
4.0 Attribution International License. As of November 2024, Midjourney also introduced an
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A) Baseline image B) Mixed-race couple

Figure 4. Images of a Family, Created by Midjourney. (A) Baseline Image, see Figure I. (B) Selectively Edited
Image. Face of the Person on the Right in Panel [A] was Highlighted and Edited With the Prompt: ‘arab
looking man’. (C) Selectively Edited Image. Face of the Person on the Left in Panel [B] was Highlighted and
Edited With the Prompt: ‘arab looking woman wearing a headscarf. (D) Selectively Edited Image. Face of the
Person on the Left in Panel [A] was Highlighted and Edited With the Prompt: ‘gay german man’. (E)
Selectively Edited Image. Face of the Person on the Right in Panel [A] was Highlighted and Edited With the
Prompt: ‘german woman. She is a lesbian’.
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A) Baseline image (casual attire) B) Business attire

Figure 5. Images of a Speaker, Created by Midjourney. (A) Baseline Image, see Figure 3. (B) Selectively
Edited Image. Clothes of the Speaker in Panel [A] Were Highlighted and Edited With the Prompt: ‘person

in black suit and tie’. (C) Selectively Edited Image. Clothes of the Speaker in Panel [A] Were Highlighted and
Edited With the Prompt: ‘homeless person with dirty and ripped clothes https://s.mj.run/ShhIXo6swOw’. (D)
Selectively Edited Image. Clothes of the Speaker in Panel [A] Were Highlighted and Edited With the
Prompt: ‘person in german military uniform. With Germany flag on sleeve --iw 3 https://s.mj.run/
o)djylJ0oPM’. (E) Selectively Edited Image. Clothes of the Speaker in Panel [F] Were Highlighted and Edited
With the Prompt: ‘business casual attire. woman wearing jeans, blouse tucked into the jeans with a belt’.
Baseline Image [A] was Also Passed to the Prompt. (F) Selectively Edited Image. Clothes of the Speaker in
Panel [H] Were Highlighted and Edited With the Prompt: ‘woman in formal business attire’. (G) Selectively
Edited Image. Face of the Speaker in Panel [C] was Highlighted and Edited With the Prompt: ‘woman with
glasses’. Parts of Body Were Then Highlighted and Edited Using the Prompt ‘female’ to Change Bodily
Features. The Then Created Image Was Manually Combined With the Face From Image [E] to Make it
Consistent (Using Paint). (H) Selectively Edited Image. Face of the Speaker in Panel [D] was Highlighted and
Edited With the Prompt: ‘woman with black glasses’.
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Figure 6. Images of Environments, Created by Midjourney. (A) Prompt: ‘poor neighbourhood in a german
suburb. there is graffiti on walls’. Selectively Edited Image by Highlighting Part of the Images and Using the
Prompt: ‘german teenager throwing a bottle on the ground’. (B) Selectively Edited Image. Walkway and
Buildings in Panel [A] Were Highlighted and Edited With the Prompt: ‘pretty walkway no graffiti’. (C) Prompt:
‘photo of residential street in germany. features a church in the background'. (D) Selectively Edited Image.
Church in Panel [C] was Highlighted and Edited With the Prompt: ‘mosque’.

image editor (Midjourney, 2025a), allowing researchers to modify existing photos — such as
original images of actors or local scenes — offering greater control over visual stimuli.

Validation of Images

As with any experimental stimulus, Al-generated visual vignettes must be validated to ensure they
align with research objectives and are perceived by the participants as intended by the researcher.

First, images should meet basic quality standards — appearing natural, free of artifacts (e.g.
distorted hands, unnatural facial expressions), and clearly depicting relevant visual elements and
scenarios. This applies to Al-generated images as well as those edited manually or by designers.
Given these basic qualities are met, images should be pretested with a sample from the target
population to assess perception. Validation should focus on dimensions relevant to the research
question, such as the recognisability of demographic traits or clarity of the shown context.
Comparative ratings across images can help detect intended or unintended differences in a set.
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Based on the findings from this pretest, images may need further refinement through prompt
adjustments, regeneration, or targeted edits. Once validated, the final images can be administered
in a factorial survey experiment following established procedures (Auspurg & Hinz, 2015).

What Do Respondents Think? Empirical Pretest Application of
Al-Generated Images

The previous section has outlined how realistic visual vignettes can be created using Midjourney.
However, it remains an open question how respondents perceive Al-generated content. As part of
a broader study on decision-making and stereotypes, I created 18 ambiguous scenarios involving
male individuals who may (or may not) be engaging in criminal activities (i.e. shoplifting, car
theft, and burglary). The images varied by age (young, old) and race/ethnicity (White, Black,
Arab) of the offender. Figure 6 shows three young men potentially shoplifting.

To select the most appropriate 18 images (from an initial pool of 45 meeting quality standards),
I conducted a pretest with 300 German-speaking participants recruited via Prolific (three waves;
wave 1: n =240; wave 2: n = 40; wave 3: n = 20), where each participant rated up to three images
(one from each scenario) in terms of perceived ethnicity, age, attractiveness, and social status of
the individual depicted, as well as the perceived realism of the image. Respondents were debriefed
at the end and informed that the images were Al-generated. The sample was gender-balanced, with
amean age of 33 years (SD = 10.6, range 18—72). Most participants (73%) were born in Germany
and 83% identified as White, broadly matching the target population. The three survey waves
enabled iterative refinement, ensuring the final set was unambiguous in ethnicity and comparable
in age. As expected, perceived attractiveness and social status followed known ethnic hierarchies
and stereotypes (see e.g. Bjornsdottir & Beacon, 2024).

To assess perceived realism, which was a relevant dimension in this application, participants
answered a seven-point scale question (‘Some participants in this survey were shown Al-
generated images. How real or how artificial did the image you just saw appear’?) supple-
mented by an open-text response. Across 880 ratings (2—3 per person), the average realism score
was 3.8 (SD = 2.0), with no significant gender differences and a weak negative correlation with
age (B = —0.01, p <0.1), indicating slightly higher realism ratings among older respondents. A
significant order effect emerged: The first image viewed was rated as more realistic than sub-
sequent ones (mean: 3.41 vs. 4.07; = —0.66, p <.001). A mixed-effects model revealed that 18%
of variance was between participants, while 82% reflected within-participant variation.

Many participants provided detailed open-text comments on what made images seem artificial
or realistic. A total of 822 responses were manually coded, with multiple aspects noted per image
(see Table 1; all quotes were originally in German and are my own translation). Common in-
dicators of Al generation included unnatural facial features, inconsistent lighting, overly smooth
skin, sharp edges, unreadable text, and exaggerated colours. Participants also looked for familiar
Al artifacts, such as distorted hands or unusual eye positions — though convincing details could
sway perceptions: ‘In this image, the eyeball looks towards the camera, which makes me believe
that the image was not Al generated’.

Interestingly, features typical of professional photography, such as a blurred backgrounds or
smooth textures, often triggered suspicion, whereas minor imperfections increased perceived
realism. One respondent noted, ‘ The background seems lifelike and not too perfect’, while another
commented, ‘the image seems real because the person shown has flaws’. Others flagged small
visual discrepancies: ‘the image looked very realistic — however, the eyebrows were very thinly
plucked, the hairline appeared unnaturally straight, and the socks seemed overly smooth. But
these are also characteristics one might see in a professional photoshoot’. Overall, findings
suggest that images perceived as ‘too perfect’ often appear artificial, while small flaws enhance



14 Social Science Computer Review 0(0)

Table I. Image Aspects and Their Frequencies in Open-Text Answers. Sorted by Frequencies of Being an
Indication of Artificialness

Indication
Feature of.. Example statements n
Facial features of person Artificialness ‘Weird eyes’, ‘the facial features looked Al-generated’ 9l
Realness ‘The young man had little birth marks on his face, making it 12

real-looking’, ‘the eyeball looks towards the camera, which
makes me believe that the image was not Al generated’
Sharpness, focus, edges  Artificialness ‘Blurriness around the person’, ‘it looks hazy’, ‘the edges are 80

too sharp’
Realness ‘Al-generated images are not this sharp’ 10
Background setting Artificialness ‘The background seemed artificial’ 49
Realness ‘The background looked very realistic’ 22

Pose of person and their Artificialness ‘The head does not fit to the body’, ‘the pose looks a bit 42
proportions unrealistic’

Realness ‘It is unlikely that Al would choose this pose’ 5
Texture and quality Artificialness ‘“Too much scrim diffuser’ 44
Realness ‘Al-generated images often seem washed-out but this one 4
does not’
Believability of situation  Artificialness ‘The person does not fit to the scene’, ‘no one would behave 31
like this’
Realness ‘Real everyday situation’ 27
Colours Artificialness ‘Looks almost real, but the colours look edited’, ‘there seem 26
to be a weird filter on the image’
Realness ‘The colours look real’ 5
Hands Artificialness ‘The hand does not look real’ 22
Realness ‘The hands looked normal’ 3
Light, reflections Artificialness  ‘The lightning conditions do not look real’ 20
Realness ‘The shadows look natural’ 2
Text Artificialness ‘The text on the label is not readable’ 20
Person, general Artificialness ‘He does not look human-like’ 19
Realness ‘The person looks real’ 41
Specific other details Artificialness ‘The license plate on the car is too high’, ‘the wine bottle is 19
too short’
Realness ‘The reflections on the car looked normal’ |
Composition, layout, Artificialness ‘The image composition suggests Al’ 14
perspective Realness ‘With this angle, it does not look like an artificial image’ |
Person does not fit to Artificial ‘Looks like a photomontage’ 10
background
Al artifacts Artificialness ‘Obvious artifacts’ 9
Realness ‘l have not notices anything that looks like AI’ 99
Occurrence of flaws Artificialness ‘The face has too few flaws to belong to a real person’ 7
Realness ‘The background looks life-like and not too perfect how it |1
often is with Al-generated images’
Details, general Artificialness ‘It is low on details which is typical for Al 7

Realness ‘With this level of detail, it does not look artificial’ |
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realism. That said, similar critiques have been made of original, unedited images in other studies
(see e.g. Eberl et al., 2022), highlighting general scepticism.

Overall, while many respondents generally acknowledged that the images appeared realistic
(37% of the answers mentioned this explicitly, n = 302/822), they showed notable scepticism when
directly prompted about authenticity. Many echoed sentiments as follows: ‘It looks like a real
photo, but I cannot be sure, as Al-generated images sometimes look just as real’ or ‘I chose the
middle category because I can no longer distinguish Al-generated images from real photos’. Some
revised their views after being prompted: ‘The photo looked real — now I’'m not so sure anymore’.
This aligns with the finding that later images were rated as less realistic, as several participants said
they had been ‘warned’ and thus approached subsequent images more critically. One noted:
‘before reading this question, it never even occurred to me that the image could be Al-generated’.
These responses highlight how prompting participants to consider authenticity can heighten
scepticism, even toward images they initially perceived as real.

In summary, participants responded positively to the Al-generated images, generally accepting
them as credible stimuli. However, respondents were attuned to common Al-related inaccuracies.
Many of the specific inaccuracies mentioned in this pretest (such as distorted hands, lighting
inconsistencies) have already and are likely to diminish further as generative models improve,
making Al-generated images increasingly realistic and visually credible. However, certain
challenges are likely to persist: Al outputs remain shaped by their training data, which can
overrepresent majority groups or common scenarios and underrepresent less typical contexts. This
might even become amplified when Al learns from Al-generated content.

It is important to note that these perceptions are shaped by the current cultural context and form
a snapshot in time (a snapshot taken in November 2024): Awareness of Al-generated media has
been growing rapidly, and public reactions may change as Al images become more ubiquitous or
politically charged. Social media discussions around ‘Al slop’ (see also Madsen & Puyt, 2025)
suggest that some participants might respond negatively if they feel misled. This might expand to
research contexts, making it more important to highlight that stimuli are hypothetical.

Limitations, Pitfalls and Recommendations

Generative Al provides powerful capabilities for creating visual stimuli for research purposes, but
several limitations must be considered. While some can be managed through careful design and
pretesting (see the next two sections), others — such as reliance on for-profit platforms and broader
ethical concerns — require collective reflection within the research community (see the two
following sections). The subsequent section offers practical recommendations.

Quality of and Biases in Images

While text-to-image models have made substantial progress, perfect high-resolution results cannot
yet be fully expected. Manual human oversight is (at the moment) still needed to manage biases
and ensure quality control. Al-generated outputs may sometimes appear unrealistic or incon-
sistent, and it is therefore necessary to inspect generated images and regenerate distorted areas
until acceptable outputs are achieved. Acceptable does not necessarily mean fully photorealistic:
Depending on research goals, impressionistic or stylised images may suffice as long as they clearly
communicate the intended variation in experimental dimensions and maintain internal consis-
tency. Whiles this manual supervision limits full, unsupervised automation, the relatively small
number of distinct images needed for most experiments keeps the process scalable and practical.

A common concern is whether Al-generated images are recognisable as such. While this may
or may not matter depending on research goals, differences in realism across image dimensions
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could introduce bias. Evidence suggests people struggle to detect Al-generated content
(Evsyukova et al., 2025; Nightingale & Farid, 2022). Results from the pretest of images created
with Midjourney suggest that many respondents are now suspicious of any content when directly
asked about its origin. To put this into context, comparing Al-generated images to real photos can
help calibrate expectations.

Generative Al models are trained on existing content, which can make it difficult to
emulate content that is less represented or absent from the web. The unknown training data
can induce biases into the output, and it can be difficult to evaluate how pretraining shapes
these outputs (Bianchi et al., 2023; Davidson, 2024). For example, Davidson (2024) shows
that Al-generated images of Black Lives Matter protests often depict masked protestors —
likely due to training on pandemic-era imagery. Researchers must be mindful of such learned
biases, either by adjusting prompts or manually editing images (e.g. removing masks). Some
biases may be subtle and harder to detect, underscoring the value of using stimulus sampling
and multiple image variants to reduce dependency on any single image (Fong & Grimmer,
2023; Sambanis & Kyrkopoulou, 2025) — a process which is strongly simplified through the
use of Al due to better scalability.

Consistency across manipulated images also poses challenges. Altering a person’s race or
ethnicity may change skin tone and facial structure in ways that improve plausibility but reduce
researcher control (see Figure 7). Multiple iterations and selective edits — such as adjusting gaze or
facial hair — are often necessary to achieve visual parity. Importantly, since Al learns from real-
world images, it may reproduce common stereotypes. As an alternative, researchers might use Al
images in tandem with morphing tools that offer finer control over facial features (see e.g.
Evsyukova et al., 2025).

Figure 7. Images of Adolescents Shopping, Created by Midjourney. (A) Prompt: ‘photo of a black shoplifter
standing between the aisles. he is wearing a black oversized bomber jacket and it is unzipped. the jacket is
open. his left hand is in his jacket pocket, with the right hand he grabs a bottle of red wine and hides:5 it under
his jacket. he looks at the shelf:| https://s.mj.run/JY_lJehOWKA'’. Selectively Edited Image in Several Rounds by
Highlighting Part of the Images to Change the Look of the Person. (B) Selectively Edited Image. Face and
Hands of Person in Panel [A] Were Highlighted and Edited With the Prompt: ‘arab teenager, age 15. he looks
muslim. he looks suspicious as he is stealing something. his head is slightly tilted looking to the right’. (C)
Selectively Edited Image. Face and Hands of Person in Panel [A] Were Highlighted and Edited With the
Prompt: ‘white teenager, age |7. blond hair and bright skin. a little bit of beard. looking suspiciously’.


https://s.mj.run/JY_IJeh0wKA

Schwitter 17

Use of Visual Stimuli in Experimental Social Science Research

Beyond the specific constraints of Al-generated images, visual stimuli pose broader challenges in
experimental research. A key issue is their context-dependency and interpretative ambiguity. Like
text, the interpretation of visual stimuli can vary based on cultural, contextual, or individual
factors, but they may introduce more unintended variance than precisely worded text. Therefore,
images must be designed with a clear awareness of the target audience and need to be pretested
accordingly.

Another limitation lies in the restricted number of manipulable dimensions. Unlike textual
vignettes, which can convey both visible and abstract traits (e.g. education and personality), visual
stimuli are confined to directly observable features. Representing more abstract attributes visually
often requires reliance on stereotypes, which can introduce bias or misinterpretation.

Further, visual stimuli are often better suited to between-subject designs, where each participant
sees only one version of a scenario. Within-subject designs — where participants view several
versions of the same scene with small variations (e.g. ethnicity, attire, or background) — can appear
unnatural and confuse respondents. In such cases, researchers should design stimuli with greater
variation between images to mask experimental manipulations and avoid detection of the study’s
intent.

Dependency on Corporations: Closed-Source and Open-Source Software

This article used the closed-source software Midjourney to create images. There are important
trade-offs between open-source and closed-source software. Currently, the most powerful and
easy-to-use models with remarkable out-of-the-box quality are developed by for-profit companies.
They are easy to access with minimal setup requirements, allowing researchers to produce high-
quality images quickly without the technical overhead of self-hosting or fine-tuning a model. This
makes them a straight-forward choice for short-term projects with limited timelines, such as many
vignette experiments.

However, this introduces a dependence on corporations which have their own guidelines in
place and can modify models and access options without notice. For instance, when using
Midjourney, there are content guidelines in place which restrict the creation of certain scenes (e.g.
violent scenes or those containing nudity). Some image and text prompts are automatically
blocked. This can hinder researchers aiming to study biases or behaviours related to sensitive
topics.

Open-source models (e.g. StableDiffusion) can rival these proprietary solutions, but their use
requires access to expensive technical infrastructure and more advanced computational training,
especially when using features like the selective variation of areas. While closed-source models
are currently a more viable solution for most social scientists, as argued by Davidson (2024), in the
long run, academic researchers will be best served by generative Al developed and maintained
specifically for research purposes (Bail, 2024; Grossmann et al., 2023). Looking forward, hybrid
approaches might appear and provide a preferable soluation: robust open-source models with
cloud-based, user-friendly interfaces, or consortia-driven platforms tailored to research. Such
developments could allow research teams to generate, validate, and share stimuli more reliably,
while reducing dependency on proprietary systems and enabling longer-term replication and
cumulative research.
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Ethical Concerns

A key ethical question is whether it is morally sound to present research participants with Al-
generated content. Eberl et al. (2022) argue that respondents are inherently deceived if deepfakes
are used without explicit disclosure. In the social sciences, the use of deception is debated (Barrera
& Simpson, 2012), but visual vignettes — like textual ones — are typically framed as hypothetical
scenarios. When no claim is made that an image is real, and the scenario is clearly identified as
fictional, I would argue that no deception occurs. Still, researchers should critically reflect on their
intent when generating Al-based imagery (de Ruiter, 2021).

Beyond deception, broader ethical concerns surround the use of generative Al. Developers have faced
accusations of violating copyright laws, with lawsuits from content creators arguing that Al systems
exploit their work without compensation. From this perspective, using generative Al may be seen as
endorsing unethical practices, benefiting from the unpaid labour and creativity of others (Goetze, 2024).
There are also further labour and environmental concerns. Generative Al tools may displace profes-
sionals such as models, photographers, and designers, reducing opportunities in creative industries.”
Furthermore, Al models require substantial computational resources during training and generation,
resulting in high energy consumption and a significant environmental footprint (Bourzac, 2024).

These issues raise important questions for researchers, as the decision to use such tools is both
an individual and collective ethical choice — one that warrants active discussion within the research
community. As of now, no established best practices guide these decisions.

Recommendations

Based on the insights presented in this paper and the limitations discussed, I propose the following
key recommendations for effectively integrating Al-generated images into vignette experiments:

Ensure Thematic and Methodological Fit. Before incorporating Al-generated images, researchers
should carefully assess whether visual stimuli meaningfully enhance the vignette experiment. Not
all research questions benefit equally from images, and their use should align with both theoretical
and methodological considerations. In addition, not all research questions benefit equally from Al-
generated images. Real images might be preferable when the recognisability of specific people or
places is important. In contrast, Al-generated images are particularly advantageous when re-
searchers need to depict ethically sensitive or logistically difficult scenarios. A hybrid approach —
starting with real images and selectively editing them with Al — can combine the authenticity of
photographs with the flexibility of generative tools.

Consider Ethical and Data Protection Implications. The use of Al-generated human representations,
especially for sensitive topics, can raise ethical concerns. Researchers should adhere to ethical
guidelines, consider the potential impact on participants, and ensure compliance with data
protection regulations.

Select Appropriate Software. A variety of proprietary and open-source software is available for
generating images. Researchers should stay informed about current developments to choose the
most suitable tool based on their needs. However, it is not always necessary or even advisable to
chase the latest model. Researchers might benefit more from selecting a model which offers all the
features, mastering its capabilities, and maintaining consistency across experiments than from
constantly switching to newer versions. Technical developments in generative Al typically
outpace the timelines of social science research projects, and frequent changes can introduce
unnecessary variability, compromise reproducibility, and steepen the learning curve for research
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teams. In many cases, older models already produce images that are sufficiently realistic and
flexible for experimental purposes, especially when paired with careful prompting, selective
editing, and pretesting. Generally, when possible, open-source, self-hosted, or potential research-
focused versions should be prioritised.

Generate Suitable Images, Standardise Image Variation and Control for Bias. Images can be generated
using specific and clear prompts. Experimentation in phrasing, the careful reference towards
stereotypes, and refinements using images and prompts can be used to achieve appropriate
baseline images. The use of seed parameters can further aid reproducibility. These Al-generated
images — or pre-existing baseline images — should then be systematically varied while ensuring
that irrelevant factors do not unintentionally influence responses.

Pretest Images for Validity and Comprehension. To ensure that participants interpret and perceive Al-
generated images as intended, pretesting and validation is essential. Small-scale pilot studies can
help identify ambiguities or unintended associations and ensure comparable image quality across
image variations. Participants should rate the images in terms of the vignette dimensions and
relevant confounders (when varying persons, this might include aspects like age, trustworthiness,
reliability, etc.).

By following these practical recommendations, researchers can maximise the methodological
rigour and validity of Al-assisted vignette experiments while minimising potential pitfalls.

Conclusions

Photos and images are everywhere — appearing in news articles, social media posts, or adver-
tisements. Despite their ubiquity, visual stimuli are rarely used in factorial survey experiments due
to the difficulty of controlling image variations. This article discussed how generative Al offers a
powerful new way to create customised visual stimuli for research, making the process more
accessible and efficient. Unlike traditional methods, Al can produce custom images based on
specific criteria without the need for recruiting models, staging complex scenes, or relying on
expensive graphic design services. Using the image generator Midjourney as an example, I
demonstrated how generative Al can be used to selectively vary specific dimensions of images for
factorial survey experiments.

Al-generated images can find applications as stimuli in other experiments, both within surveys
and in the field. For example, some correspondence audit studies (field experiments in which
researchers send fictious applications to employers to study discrimination) have attached images
or videos to applicants’ CVs — instead of relying on textual information — to study the effect of
attractiveness (e.g. Kiihn & Wolbring, 2024; Rooth, 2009) or to signal ethnicity/race (e.g.
Polavieja et al., 2023) or physical disability (e.g. Stone & Wright, 2013). Additionally, field
experiments which take place on online platforms have also made use of variations in images to
compare different scenarios (e.g. Doleac & Stein, 2013; Evsyukova et al., 2025). While images
cannot do everything — only directly observable characteristics can be included in images — they
offer an engaging new stimulus format for participants which, with the use of generative Al, does
not lack controllability anymore and can also be implemented at scale. Further survey meth-
odological research is still needed to systematically compare and contrast different formats of
vignettes (Sauer et al., 2020; Shamon et al., 2022).

Generative Al can expand social scientists’ methodological horizons, but they need to be ap-
proached with some caution. Text-to-image generators are, as of now, able to produce high-quality
images, but they are not perfect — however, as the technology is going forward, these models will
only improve, making them even better suited for experimental social science research.
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Notes

1. A somewhat related development is the presentation of textual information embedded into visuals to
provide a more realistic presentation of the vignette, for example, by showing hypothetical newspaper
articles or social media posts (Smetana et al., 2024).

2. https://stable-diffusion-art.com/controlnet/.

3. Since the writing and revising of this manuscript, the available software has further evolved. As of October
2025, OpenAT’s Sora has gained traction (especially due to its praised prompt adherence, meaning that it tends
to understand prompts better) and Google’s Gemini by now also features powerful image editing options.

4. https://www.midjourney.com/explore.

5. In the case of creating visual vignettes, these models, photographers, and graphic designers are often
(student) volunteers or members of the research team themselves, making this point less applicable.
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