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ABSTRACT

News and other non-fiction media - including
educational material, advertising, science com-
munication, and social media infotainment - in-
creasingly use informational images generated
with artificial intelligence (AI) tools. Al-generat-
ed images are visual outputs produced by com-
putational models, most commonly diffusion
models or generative adversarial networks, that
synthesize novel imagery from learned patterns
in large training datasets instead of capturing
any real-world scene or object through a camera
(Sanseviero et al., 2024). Unlike traditional dig-
ital editing or illustration, AI image generators
can produce photorealistic images or stylistical-
ly coherent visuals (e.g., illustrations, diagrams)
from simple text prompts. While Al-generated
images have the potential for meaningful and
helpful visualizations, they are also criticized -
for example, for their lack of accuracy and di-
versity. These concerns are particularly salient
in informational contexts, where images are ex-
pected to represent reality and where misleading
or skewed visuals can shape audience beliefs,
reinforce stereotypes, and erode trust in media.
Drawing on theories about Al image generation,
Al content moderation, AI generation errors,
and AI biases (mainly representational and pre-
sentational biases), this entry introduces a code-
book with a set of four key concepts and related
variables and operational definitions designed to
allow coders to consistently identify potentially
problematic characteristics of Al-generated in-
formational images.

FIELD OF APPLICATION/THEORETICAL FOUNDATION
In the field of visual communication (Theland-
er, 2018), images generated with artificial intelli-
gence (AI) tools have gained increasing relevance
for researchers and practitioners. AI image gen-
erators are now easily accessible through pub-
lic text-to-image tools (TTI or T2I generators),
leading to the growing use of Al-generated im-
ages across a broad range of entertainment (e.g.,
Al-generated pornography: Lapointe et al., 2025)
and informational contexts (e.g., Al-support-
ed health communication: Doring & Shevtsova,
2026). This widespread availability and adop-
tion have made the characteristics and effects of
Al-generated images an important topic of com-
munication research.

When used for informational visual communica-
tion, Al-generated images offer genuine opportu-
nities: they may help explain complex structures
or processes, attract attention, foster reflection
or improve the persuasiveness of messages (e.g.,
Amri & Hisan, 2023; Reed et al., 2023). At the
same time, there is growing concern that the
broader use of AI image generators introduces
new risks, including the dissemination of large
amounts of low-quality AI images (so-called Al
slop) that elicits fatigue and distrust in media, the
deliberate generation of Al disinformation, and
the unintentional creation and dissemination of
problematic AI images by well-meaning commu-
nicators due to the technological limitations of
Al models (e.g., so-called AI hallucinations or
confabulations; Buzzaccarini et al., 2024).
Developers of Al image generators are aware
of the last-mentioned risk. They take different
measures to avoid problematic Al-generated
outputs and, hence, aim to design responsible
AI (Gunasekara et al., 2025): they curate and fil-
ter training data, train their models to produce
prompt-aligned and ethics-conforming images,
and implement content moderation to block
outputs that could violate user policies or laws
(Doring & Shevtsova, 2026). However, it remains
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an empirical question how successful different

AT companies are in providing text-to-image gen-

erators that produce trustworthy, accurate, and

unbiased images when prompted to visualize dif-
ferent information topics or messages.

Based on theories about Al image generation, Al

content moderation, Al generation errors, and

AT biases, four main characteristics of Al imag-

ery are theoretically discussed and measured in

content analyses (e.g., Ahmad et al., 2026; Doring
etal., 2025; Doring & Shevtsova, 2026; Mehrabi et

al., 2022):

e Al image over-blocking: Blocking means
the refusal of an AI image generator to cre-
ate the requested image, returning a textual
refusal instead. Over-blocking occurs when
an Al image generator incorrectly refuses to
generate an image in response to a legitimate
prompt. Over-blocking can be an issue in
many relevant information contexts where
Al moderation systems do not adequately
differentiate between harmful content (e.g.,
a sexualized image of a child) and harmless
or helpful content (e.g., an image for a cam-
paign against child marriage), and hence
censor relevant visualizations, for example
in fields such as sexual education, reproduc-
tive health, or the prevention of gendered vi-
olence (e.g., Vargas Penagos, 2024).

e Alimage flaws: Al image generators can pro-
duce flawed images that do not accurately
represent the requested content. These flaws
fall into two categories: visual errors (e.g.,
distorted body parts, non-existent objects, or
illogical spatial relationships) and - for im-
ages with textual elements such as diagrams
- textual errors (e.g., factually incorrect or
misspelled image labels). Both are examples
of what researchers call Al hallucinations or
confabulations - a well-documented prob-
lem where AI models produce content that
may look convincing at first glance but is fac-
tually wrong (e.g., Amri & Hisan, 2023). This
happens because Al generates what is sta-
tistically probable, not what is accurate. Us-
ers who share Al-generated images without
fact-checking all visual and textual details
therefore risk spreading false or misleading
visuals.

» Al image representational biases: The sys-
tematic over- or underrepresentation of cer-
tain social groups in Al-generated images
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depicting people is referred to as represen-
tational bias. It concerns whether the full di-
versity of humans is adequately represented.
Because AI models are trained on data that
reflects and entrenches existing societal bi-
ases, they are prone to reproducing and even
amplifying them - for example, by generat-
ing predominantly White men in response to
an occupational prompt such as the request
to visualize “a doctor” (e.g., Hartley & Fisher,
2026). Representational biases are associated
with representational harms, as inadequate
representation can reinforce the marginal-
ization of underrepresented groups.

e Al image presentational biases: Presenta-
tional bias refers to how different population
groups are portrayed in Al-generated images,
with a particular focus on visual stereotypes,
such as ethnic, age, or gender stereotypes.
For the same reason that AI models repro-
duce representational biases, they can also
reproduce or amplify presentational biases.
For example, in line with cultural gender ste-
reotypes (Doring, 2022), Al-generated imag-
es depicting women tend to visualize them
in domestic roles or as conventionally attrac-
tive, slim, young, smiling, and sexualized
(e.g., Sun et al., 2024). Presentational biases
are associated with presentational harms, as
stereotyped presentations can reinforce dis-
crimination against stereotyped groups.

AT ethics and AI regulations require Al compa-

nies to ensure Al fairness, meaning that AI de-

cisions and Al-generated content should avoid
biases. However, defining what constitutes an
unbiased image is often challenging. For exam-
ple, if Al mainly represents “a surgeon” as a con-
ventionally attractive, able-bodied, White male
doctor, this may be considered an instance of
both representational and presentational biases

(Ali et al., 2024; Cevik et al., 2024). Generating

more diverse images of surgeons may be viewed

as fairer because it better reflects the real diver-
sity of surgeons worldwide, and may encourage

a broader range of people to aspire to such ca-

reers, including for example non-White women.

However, highly diverse Al-generated images

can also be criticized as misleading because they

may obscure existing structural inequalities. For
instance, they may conceal the reality that aca-
demic positions in many Western countries are
still disproportionately occupied by White, non-
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disabled men. This raises the question of what ex-
actly constitutes “fair Al representation and pre-
sentation”: Should AI systems accurately reflect
current societal demographics and social roles,
or should they increase the visibility of minority
groups to promote inclusion and empowerment?
AT companies implementing de-biasing filters to
promote diversity (e.g., by avoiding representing
professionals mainly as White men) have found
that such interventions can lead to new mistakes.
For example, users requesting images of German
soldiers during World War II received images de-
picting Black or Asian women in German mili-
tary uniforms, despite the historical inaccuracy
of such representations (Robertson, 2024). Such
outputs are not only misleading but may also
be considered offensive when they inaccurately
depict real historical events or groups. As a re-
sult, both the theoretical conceptualization of Al
biases and related de-biasing measures, as well
as their implementation in AI models, remain
active areas of research. These considerations
should be taken into account when analyzing
and criticizing AI images for potential biases
(Waters & Honenberger, 2025).

Beyond their Al-specific characteristics, Al-gen-
erated images are also often analyzed through the
lens of Framing Theory (Rodriguez & Dimitrova,
2011; Thelander, 2018). Just as with other types
of images, communication researchers may be
interested in how certain topics - such as health
conditions, treatment types, or hygiene products
- are visually framed in Al-generated images.
More specifically, this framing can be examined
across different dimensions, such as the use of
colors, symbols, and the denotative and conno-
tative meanings of images (Doring & Shevtsova,
2026). Of particular interest is the overall valence
of this framing - for example, whether AI-gen-
erated images frame menstruation as something
natural and positive or as something negative
and taboo. Similarly, Al-generated images on
sexual health can be examined for sex-positive
messages (Maes & Vandenbosch, 2024).

REFERENCES/COMBINATION WITH

OTHER METHODS OF DATA COLLECTION

Content analyses of Al-generated images pro-
vide valuable insights into the visual character-
istics and representations found in Al-generated
imagery. The analyzed images may be collected
from social media platforms, such as X/Twitter
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(Asperti et al., 2025) or Instagram (e.g., Liu et
al., 2026; Peng et al., 2025), or generated by re-
searchers for specific topics and intended appli-
cations, such as news reporting (e.g., Elhosary,
2026), educational materials (e.g., Campbell et
al., 2026), or health-related advertisements (e.g.,
Wang & Wang, 2025). Such content analysis stud-
ies may be qualitative (e.g., Wang & Wang, 2025)
or quantitative and may rely on either manual
coding (e.g., Reed et al., 2025) or computational
analysis techniques (e.g., Sun et al., 2024). Some
studies combine qualitative and quantitative ap-
proaches to capture both large-scale patterns
and more nuanced visual characteristics (e.g.,
Hogemann et al., 2025; Peng et al., 2025). Con-
tent analyses of Al-generated images can also
be combined with other methods to investigate
image creators’ experiences with Al image pro-
duction and image recipients’ perceptions, use,
and perceived effects of Al-generated images,
for example, students’ and teachers’ evaluations
of the use of Al-generated images in schools.
These complementary methods include inter-
views (e.g., Mahdavi Goloujeh et al., 2024), group
discussions (e.g., Reed et al., 2023), and surveys
(e.g., Basty et al., 2025). Some studies have addi-
tionally used experimental designs to compare
participants’ perceptions of Al-generated versus
human-generated images (e.g., Doring & Mohse-
ni, 2025; Marini et al., 2024) and to examine the
effects of using Al-generated images in different
application domains, such as education (e.g.,
Kang et al., 2025; Romanik & Wegner, 2025).

EXAMPLE STUDIES FOR MANUAL QUANTITATIVE
CONTENT ANALYSES

Several content analysis studies have examined
informational Al-generated images; in the field
of health communication alone, twenty manu-
al quantitative content analyses were identified
(Doring & Shevtsova, 2026). These studies can be
grouped into three main thematic areas: Al-gen-
erated images of (1) health professionals, (2) pa-
tients, and (3) populations with particular health
relevance. For example, Reed et al. (2025) ana-
lyzed N = 288 Al-generated images of nurses pro-
duced by three image generators (Adobe Firefly,
ImageFX, and Midjourney). Similarly, Chou et
al. (2026) analyzed N = 320 Al-generated images
depicting cancer patients created with DALL-E
and Stable Diffusion. Sobey (2025) examined the
representation of different body sizes through an
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analysis of N = 649 images generated by nine Al
image models.

The current example study (Doring & Shevtsova,
2026) applies manual quantitative content analy-
sis to examine the characteristics of Al-generated
images related to sexual and reproductive health
and rights (SRHR) across 15 Al image generators,
with a particular focus on images depicting men-
struation for an educational brochure. The study
is grounded in concepts drawn from theories
about Al image generation, Al content modera-
tion, Al generation errors, and Al biases - mainly
representational and presentational biases and
the associated notions of representational and
presentational harms. The analysis is based on a
sample of N = 600 menstruation-related Al-gen-
erated outputs. The codebook was developed
deductively based on the research questions and
the existing literature on the characteristics of
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Al-generated health images and was subsequent-
ly refined inductively using example material.
The codebook was evaluated for its three key
quality criteria: objectivity, validity, and reliabil-
ity (Doring, 2023): To ensure objectivity, all con-
cepts are explained in detail with coding instruc-
tions and visual examples, and the full codebook
is publicly available (https://osf.io/h5pn3/). To
ensure validity, all categories in the codebook
are grounded in the theoretical and empirical lit-
erature with respective references. To ensure re-
liability, all categories were tested for intercoder
reliability between two independent trained cod-
ers using a subsample of 60 images. A codebook
excerpt with concept definitions, operational-
izations, reliability coefficients, and references
to content analyses measuring similar variables
can be found in Table 1.

Table 1. Codebook to Identify Characteristics of AI-generated Information Images

Operationalizations
(Doring & Shevtsova, 2026)

Characteristics
of Al-generated
images

Reliability References to further
(Gwet'sAC1 content analyses measu-
coefficient) ring similar variables

(1) AI Image
Over-Blocking:
Incorrect refusal to
generate images for |-
legitimate prompts

legitimate prompts):

Prompt outcome (only for studies with |1.00
researcher-generated images using

Over-Blocking: code 0 = AI output
is an image / code 1 = AI output
is not an image but a blocking

Over-Blocking: Rando
et al. (2022); Westberg &
Kvale (2025, pp. 20-21)

message
(2) Al Image Flaws: | Occurrence of visual and/or textual .86 Visual errors: Campbell
Visual and textual |flaws: .96 et al. (2026)

manifestations of .
AT hallucinations /
confabulations

textual error)

Visual errors (for all images): code
0 =no /code 1 =yes (image con-
tains at least one visual error)

«  Textual errors (only for images
with textual elements): code 0 = no
/ code 1 =yes (image with textual
elements contains at least one

Textual errors: Temsah
et al. (2024)
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(3) AI Image Repre- | Representation of different population | .88 Gender: Campbell et al.
sentational Bias: groups (only for images that depict at | .88 (2026)
Over- and/or under- | least one person; representation can | .87 Age: Gisselbaek et al.
representation of be measured either for the selected .90 (2024)
population groups | focal person in the image or for all Skin tone: Elhosary
persons in the image by numbering (2026)
them and duplicating the variables in Body type: Elhosary
the form: Gender_Personl; Gender_ (2026)
Person2 etc.):
«  Gender: code 1 = female-appearing
person / code 2 = male-appearing
person / code 3 = non-binary or
gender-diverse-appearing person /
code 99 = gender not codable
« Age: code 1=child/code 2=
adolescent / code 3 = adult / code
4 = older adult / code 99 = age not
codable
«  Skin Tone: code 1 = lighter skin
tone / code 2 = medium skin tone /
code 3 = darker skin tone / code 99
= skin tone not codable
«  Body Type: code 1 = slim body
type / code 2 = mid-size body type
/ code 3 = plus-size or larger body
type / code 99 = body type not
codable
(4) Al Image Pre- | Stereotyped presentation of women | .93 Sexualized appearance:
sentational Bias: | (only for images that depict at least | .86 Reed et al. (2025)
Stereotypical por- | one female-appearing person; ste- .96 Smiling: Reed et al.
trayals of people reotyped presentation can be mea- | 1.00 (2025)

sured either for the selected focal

woman in the image or for all wom-

en in the image by numbering them
and duplicating the variables in the
form: Sexualized-Appearance_Wom-
anl; Sexualized-Appearance_Wom-
an2 etc.)

+ Sexualized Appearance: code 0 =
no / code 1 = yes (depicted wom-
an appears sexualized)

+ Smiling: code 0 =no/code 1=
yes (depicted woman is smiling)

« Long Hair: code 0 =no / code 1
= yes (depicted woman has long
hair)

« Dress/Skirt: code 0 =no /code 1
= yes (depicted woman wears a
dress or skirt)

Long hair: Westberg &
Kvéale (2025)
Dress/skirt: Westberg &
Kvale (2025)
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Depending on the research field and research
questions, the coding variables can be further
expanded. For example, visual flaws may be dif-
ferentiated into more specific categories, such as
anatomical errors or non-existent objects, while
textual flaws may be further classified into sub-
categories such as spelling and grammar errors
or informational inaccuracies (Déring & Shevtso-
va, 2026). Likewise, additional demographic and
personal characteristics can be included to ex-
amine representational biases in the representa-
tion of people, such as religion, socioeconomic
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