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Abstract
Despite being a well-studied problem, bias continues to affect modern Computer Vision (CV) datasets, models and systems, 
including Generative AI models that have been found to replicate and amplify harmful biases and stereotypes. In this work, 
we focus on framing bias: a type of bias that arises from the way images convey meaning. We introduce a semiotic per-
spective that treats image datasets as texts and argues that framing bias is not a statistical accident due to sampling noise or 
imbalance, but an inherent property of image datasets as meaning-making systems. We show that co-occurrence of visual 
elements is the primary mechanism through which image datasets frame concepts, and that not only do individual images 
contribute to dataset framing through co-occurrence, but dataset-level framing also shapes the interpretation of individual 
images. As a consequence, every image dataset embodies a point of view and cannot be fully unbiased. We illustrate these 
claims through a case study of the Visual Genome dataset, revealing a framing of human activities that over-represents leisure, 
systematically excludes everyday labour, and is characterised by a predominantly American/Western viewpoint. Finally, we 
reflect on the epistemological implications of analysing image datasets, highlighting the mediated and interpretive nature 
of knowledge produced through AI systems, and propose revisionism and source criticism as epistemological paradigms to 
address these issues.

Keywords  Bias · Framing bias · Semiotics · Computer vision · Visual data science · Data science · Visual genome · 
Epistemology

1  Introduction

Although bias in image data is a known and well-studied 
problem (Fabbrizzi et al. 2022), recent works show that 
modern Computer Vision (CV) datasets continue to suffer 

from different kinds and degrees of bias (Zeng et al. 2024; 
Liu and He 2025). The presence of bias in image datasets 
is especially relevant in the era of Generative AI (GenAI), 
given that models trained on large collections of data per-
petuate, and possibly amplify, the biases and harmful rep-
resentations of their training sets. For instance, Bianchi 
et al. (2023) found the Stable Diffusion model to associ-
ate Iraqi people with war-torn environments and Africans 
with poverty. Furthermore, Birhane et al. (2021) found that 
the LAION 400M dataset contains, among other racist and 
misogynistic content, extremely sexualised images (e.g., 
they find association of NSFW content and words such as 
Nun, Desi and Latina). More recently, Guo et al. (2025) 
studied differences in American and Chinese national rheto-
ric in AI-generated images.

All these are examples of framing bias with clear societal 
implications (more on this in Sect. 2). Hence, it is of utmost 
importance to understand the mechanism through which 
framing bias arises in image data and is then reproduced 
by AI algorithms. The aim of this work is to advance our 
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comprehension of framing bias from a multi-disciplinary 
viewpoint that puts together visual data science and semiot-
ics, the branch of philosophy that studies signs, how they are 
interpreted, and the way they can be used to communicate.

The application of semiotics to the comprehension of 
framing bias is justified by its very definition: “any associa-
tions or disparities that can be used to convey different mes-
sages and/or that can be traced back to the way in which the 
visual content has been composed” (Fabbrizzi et al. 2022). 
Indeed, this definition combines two very different aspects: 
a communication (or semiotic) one, related to the ways 
images convey meaning; and a technical one, concerning 
how images are composed or captured (i.e., what is in the 
background or the foreground, the colouring, the lighting, 
etc.). The technical aspect is easier to address using modern 
CV methods (Torralba and Efros 2011; Khosla et al. 2012), 
while the communication aspect is much more challenging, 
as it requires reasoning over images and their meaning.

In this paper, we introduce a semiotic perspective that 
treats image datasets as texts. From this perspective, fram-
ing bias is not a statistical accident due to sampling noise 
or imbalance, but an inherent property of image datasets as 
meaning-making systems and is therefore unavoidable. For 
this reason, careful review and documentation of framing 
biases in image datasets is a crucial task for practitioners.

We find that the co-occurrence of visual elements is the 
main vehicle through which framing is manifested. This also 
explains why the two components of the definition of fram-
ing bias in Fabbrizzi et al. (2022) are so closely related. 
Moreover, we argue that not only do single images contrib-
ute to dataset framing through co-occurrence, but the data-
set as a whole also shapes the interpretation of individual 
images by offering their interpretive context.

Our semiotic discussion further sparks a reflection on the 
epistemology of visual data science. The scale and semiotic 
nature of modern datasets make the knowledge acquired 
about their content necessarily mediated, uncertain, and 
hypothetical. Making sense of data therefore requires a wide 
range of techniques from data science as well as epistemo-
logical paradigms borrowed from the human sciences, which 
are specifically designed to deal with mediated knowledge 
and uncertainty.

As a complement to our theoretical contribution, we carry 
out a case study (Sect. 6) on Visual Genome (Krishna et al. 
2017), an image dataset of approximately 100K images 
depicting a variety of scenes, widely used in the field of 
scene graph generation and Visual Question Answering 
(VQA). Although VG aims to describe “our visual world” 
(Krishna et al. 2017), we find that it frames human activities 
primarily in terms of leisure, while systematically excluding 
everyday labour, and reflects a predominantly Western 
viewpoint. Therefore, VG describes only a very definite 
portion of “our visual world”.

Generally, when in bias literature we refer to catego-
ries of people that are excluded from the data, we refer to 
women (Buolamwini and Gebru 2018), people of colour 
(Buolamwini and Gebru 2018; Wilson et al. 2019), people 
with different gender identities (Wu et al. 2020), or non-
Western nationalities (Shankar et al. 2017). By finding that 
VG frames human activities as mostly devoted to leisure, 
we show that workers are excluded from VG expanding 
the range of societal dimensions to which framing bias is 
relevant.

The remainder of the paper is organised as follows. Sec-
tion 2 discusses the societal dimensions of framing bias and 
its relevance for understanding the social impact of AI sys-
tems. Section 3 introduces the core concepts of interpreta-
tive semiotics used in this work. In Sect. 4, we develop our 
central argument that framing bias is an inherent property 
of image datasets as meaning-making systems. Section 5 
addresses the epistemological implications of this perspec-
tive, while Sect. 6 illustrates our claims through a case study 
of the VG dataset. Section 7 discusses broader perspectives. 
Section 8 concludes this work.

2 � Societal dimensions of framing bias 
in image data

Scholars have highlighted the hegemonic capabilities of 
AI systems (Bahrami 2025) and data (Criado-Perez 2019; 
D’Ignazio and Klein 2020). We argue that this hegemonic 
power is closely related to framing bias. Indeed, it is the 
way data and AI represent or exclude specific categories 
of people (or generally convey meanings about them) that 
contributes to the reproduction of power structures.

In this section, we discuss the societal dimensions of 
framing bias in image data. In particular, we offer exam-
ples of biased representations of body size, gender, race, 
and religion, all of which contribute to the establishment of 
cultural norms, the reproduction of power structures, and 
discrimination.

Body size. A prime example of framing bias with a 
noticeable societal impact is found in a work that predates 
the advent of modern AI. Heuer et al. (2011) studied the 
portrayal of overweight and obese people in media sources 
and found that they are often stigmatised. In particular, they 
found that overweight and obese people are often represented 
as “headless stomachs”, i.e., with their head cut off the 
picture. This kind of bias has an effect on the meaning of the 
images. By “isolating certain body parts and emphasizing 
unflattering portrayals of excess weight, news photographs 
degrade and dehumanize obese individuals” (Heuer et al. 
2011). This is an example of what Corradi (2012) called 
“semiotic mutilation”: the instrumental usage of body parts 
to communicate. In Corradi’s work, semiotic mutilation 
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refers to the use of women’s bodies in advertisements to 
communicate desire and sell products to men.

Warren et al. (2025) studied body-size bias in images 
generated by DALLE-3 Text-to-Image (T2I) model. By 
comparing pairs of prompts that contain positive and nega-
tive opposite characteristic, the authors found that the model 
generally erases fatness. The only prompts that would gener-
ate overweight and obese people were those with negative 
words generally associated with fatness (e.g., “lazy”, “glut-
tonous”, “unhealthy”, and “greedy”). The heavy preference 
of the model towards thin bodies certainly returns a norma-
tive framing of body size.

For the sake of completeness, we mention that, instead, 
the authors’ conclusion that the “images further suggest 
that so-called “good” people cannot be fat by completely 
omitting fat bodies from all images generated from morally-
positive prompts” (Warren et al. 2025) would need further 
confirmation. It is true that overweight people do not appear 
in morally-positive prompts, but they also do not appear in 
most of the morally-negative ones.

Gender. Another well-studied dimension of framing bias 
in image data is that of representation of gender and gender 
roles. For instance, Zhao et al. (2017) found evidence of 
biased framing of gender roles in the popular benchmark 
dataset MS-COCO (Lin et al. 2014), which tends to associ-
ate women more often with kitchen tools and men with out-
door activities. Birhane et al. (2021) pointed out the variety 
of misogynistic content that emerged from their search of the 
large-scale LAION 400M dataset in which “the weakest link 
to womanhood or some aspect of what is traditionally con-
ceived as feminine returned pornographic imagery” (Birhane 
et al. 2021). Shihadeh et al. (2025) found evidence that three 
popular T2I models suffer from brilliance bias. In particular, 
all three models tend to associate intelligence with men, thus 
“reinforcing gendered stereotypes about exceptional intel-
lectual ability” (Shihadeh et al. 2025).

Race and religion. Birhane et al. (2021) further found 
that ethnic and racial characteristic were associated with 
pornographic content in LAION 400M. Indeed, queries 
such as “Black woman”, “Asian”, or “Latina” would return 
primarily pornography. Their findings serve as a reminder 
of the intersectional nature of discrimination. Bianchi et al. 

(2023) noticed that T2I models can perpetuate harmful stere-
otypes by associating the word “terrorist” with middle-East-
ern look, African people with poverty, attractiveness with 
White people, and so on. Furthermore, Abrar et al. (2025) 
found that “current AI models exhibit concerning levels of 
bias when generating text and images related to religion, 
disproportionately associating certain religious groups with 
negative attributes” (Abrar et al. 2025). For example, they 
found DALL-E 3 to disproportionately associate the prompt 
“religious terrorist” with Muslims and the prompt “violent 
religious individual” with Christians.

In this work, we add to this corpus of literature by shed-
ding light on an understudied societal dimension of framing 
bias: the representation (or rather the exclusion) of labour 
(see our case study in Sect. 6).

3 � A primer in interpretative semiotics

Semiotics is the branch of philosophy that studies the inter-
pretation of signs. In this section, we revise relevant con-
cepts in interpretative semiotics such as sign, interpretant, 
object, ground, and text.

The sign. A sign is simply “something which stands [...] 
for something in some respect or capacity” (Peirce 1931, 
CP: 2.228),1. This definition is again refined by C. S. Peirce 
by saying that a sign is “anything which on the one hand is 
so determined by an Object and on the other hand so deter-
mines an idea in a person’s mind [...] which I term the Inter-
pretant of the sign” (Peirce 1931, CP: 8.343).

In summary, a sign stands for—and is determined by—an 
object (not necessarily a concrete one, it can be an abstract 
concept as well); the object generates an idea in the reader 
(i.e., the interpretant) by the means of which the sign is 
interpreted. We describe this triadic relationship graphically 
in Figure 1. Note that the interpretant stands for the sign and 

Fig. 1   On the left, the semiotic triangle: object, sign and interpretant. 
Representation from Bonfantini (2021). On the right, an instance 
of the semiotic triangle: smoke is a sign that some fire (the object) 
exists, but it stays to fire only in the respect of it producing gases and 
particles and not in that of being useful for cooking meals or keep-

ing animals away (the ground). The phrase “Fire! Fire!” shouted by 
a concerned passer-by is an interpretant for that sign. The example 
comes from M. Sbisà’s course notes https://​sites.​units.​it/​sbisa​ma/​it/​
didat​tica/​semio​disp1.​pdf, while the representation in the form of a 
semiotic triangle is ours

1  For the citations of the work of Peirce, we adopt the standard nota-
tion CP: x.yyy for the edition of the Collected Papers, which stays for 
Collected Papers volume x, paragraph yyy.

https://sites.units.it/sbisama/it/didattica/semiodisp1.pdf
https://sites.units.it/sbisama/it/didattica/semiodisp1.pdf
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hence is a sign itself. In the next paragraph, we clarify the 
role of the interpretant in the interpretation process.

The interpretant and the ground. By Peirce’s defini-
tion, the sign stands for its object only in some respects: it 
is what he calls the ground of the sign. The interpretant is 
a different sign by the means of which the ground is repre-
sented (see Eco 1979, pg. 44). In other words, the ground is 
revealed as the meaning of the sign through the production 
of one or more interpretants (Eco 1979, pg. 45).

Since the object of a sign is fundamentally unknown, we 
shall remark the hypothetical—i.e., abductive—nature of 
interpretation (Eco 1990): providing an interpretant for a 
sign, hence interpreting it, accounts for making a hypoth-
esis on the ground of the sign. This is also relevant for data 
analysis; the reader will certainly recognise how, in Sect. 6, 
all the considerations we make on VG are based on the inter-
pretation of signs of different sorts (e.g., the images them-
selves, of course, but also the outputs of vision models are 
signs that need to be somehow interpreted).

The text. A text is a coherent series of propositions con-
nected by a common topic (Eco 1990, pg. 305). We borrow 
an example from (Eco 1979; Pisanty 2015):

John entered the room. “You’re back, then!,” exclaimed 
Mary happily.

can be thought of as the following series of propositions:

•	 There exist two individuals named John and Mary.
•	 John and Mary are in the same room.
•	 John has entered the room.
•	 Mary exclaims something.

Note that in semiotics the word text is not restricted to 
written texts. Images can also be thought of as a series of 
propositions and are therefore texts. The painting in Fig. 2, 
for instance, can be described by the set of propositions: 
there exist a woman and a man; they are in front of a house; 
they have a concerned look; etc.

We also remark that a set of signs, such as a text, if con-
sidered in its totality, is a sign itself (Witte 1992) and hence 
has an object, a ground and interpretants. For example, an 
entire novel such as Stendhal’s Le Rouge et le Noir can be 
considered as an interpretant for the sentence “Napoleon 
died on the 5th of May 1821” (Eco 1979).

Semiotics and AI. The interest of semioticians in AI 
is not new. For instance, in 1986, U. Eco proposed an 
instructive Gedankenexperiment in which he imagines 
a dialogue between a cognitive studies scholar and an 
intelligent computer (Eco 1990, pg. 393). However, the 
recent boost in AI research led to several interesting works 
that offer a semiotic viewpoint on a set of AI-related themes. 
Without any claim to completeness, we introduce the reader 
to some research directions around semiotics and AI.

D’Armenio et al. (2024a, 2024b, 2025) and Deliege et al. 
(2025) analyse the enunciative and compositional capabili-
ties of T2I AI models. In particular, they recognise T2I gen-
eration as an act of intersemiotic translation (D’Armenio 
et al. 2025), and study Generative AI models as producers 
of signs. For instance, they are interested in understanding 
how generative models interpret and reproduce plastic cat-
egories (i.e., forms, colours, relative position, etc.); enuncia-
tion (i.e., “the way in which the image constructs a relation-
ship with the viewer, or relates the characters represented” 
(D’Armenio et al. 2024a); style; and so on.

Other AI-related topics that are of interest for semiotics 
are: deepfakes, which can be regarded from the perspective 
of a semiotic theory of falsification (Gramigna 2023); the 
relationship between human and artificial intelligence (Volli 
2023); face data and facial recognition (Reyes-García 2021); 
and black-box algorithms, which “leverage the persuasive 
power of digital signs to create an impression of scientific 
accuracy” (Leone 2024).

Our work differs from those in that we are primarily 
interested in the dataset as an object of study, rather than 
in AI models and their outcomes. We propose a theoretical 
account of the textual nature of image datasets and derive 
that framing bias is a property rather than a statistical 
accident. Another approach to the textual nature of (big) 
data, that is somewhat opposite to ours, can be found in 
Basso Fossali et al. (2022), where big data archives are 
briefly described as “non-texts”. A different account on 
image datasets can be found in D’Armenio et al. (2024b) 
where a dataset is considered as a “meta-archive of 
operations” (D’Armenio et al. 2024b) in that it not only 
archives images, but also allows their use for different 
operations (e.g., object recognition, classification, etc.).

Fig. 2   American Gothic - Grant Wood, 1938. On the right, a series of 
propositions that describe the painting. The image is public domain 
and was downloaded from https://​en.​wikip​edia.​org/​wiki/​Ameri​can_​
Gothic. Last access 20.08.2025

https://en.wikipedia.org/wiki/American_Gothic
https://en.wikipedia.org/wiki/American_Gothic
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4 � Semiotics of data and framing bias

In this section, we present our argument that datasets are 
texts (Sect. 4.1). Furthermore, in Sect. 4.2, we elaborate 
on what it means to interpret a dataset. A summary of our 
argument can be found in Table 1 in the form of a mapping 
between data science and semiotic concepts.

4.1 � Textual nature of datasets

Datasets are collections of instances that serve the purpose 
of describing, generally to a machine, a certain aspect of 
the world, that being human faces (CelebA, Liu et al. 2015; 
Chicago Face Database, Ma et al. 2015), financial records 
(Adult, Becker and Kohavi 1996), product reviews (Amazon 
Product Reviews, McAuley et al. 2015), etc. In the case of 
VG, the declared purpose of the dataset is to teach machines 
to reason about the “visual world” (Krishna et al. 2017), but 
we will see how the visual world described by it is quite 
narrow.

The instances contained in the dataset are effectively 
interpretants of the concept that the dataset intends to 
communicate to the machine. More specifically, they can 
be thought of as translations of the concept (expressed in 
a certain language) into a different system of signs (e.g., 
images) through the means of examples. In a way, datasets 
work similarly to how parents would explain the meaning of 
the word car to their child by pointing to actual vehicles on 
the street (which is an act of intersemiotic translation and, 
ultimately, of interpretation; Eco 2003). Therefore, we can 
consider a dataset as a coherent set of propositions of type 
“this is a x”, where x is the object of the dataset. Hence, 
datasets are texts.

Note that when we say that an image is an interpretant 
for a proposition of the type “this is a x”, we do not neces-
sarily mean that it is accompanied by a caption or any other 
textual description. Admitting interpretants is a property of 

the sign. However, many image datasets feature captions 
for their images. Therefore, it is worth clarifying that these 
captions, as well as other textual surrogates, such as scene 
graphs, only serve as possible interpretants for the images 
and offer a specific interpretation of them. However, it can 
happen that images tell us more than their captions, and 
hence an analysis based solely on captions can be a limiting 
factor.

A less prosaic example of the textual nature of datasets 
than CelebA translating the concept of face is given by the 
attempt of the art historian A. Warburg to build an atlas of 
images in the late 1920s. Warburg’s atlas was composed of 
a series of black panels to which he attached black and white 
photos of paintings, sculptures, and other images: effec-
tively, a pre-computer-era dataset. Impett and Moretti (2017) 
found that the key to reading through this unstructured col-
lection of images is Warburg’s concept of Pathosformel or 
“the formula of Pathos”. Hence, the atlas has to be intended 
as an interpretant for the concept of pathos, and each image 
is in turn an interpretant for the proposition “this is a scene 
of pathos”. Being able to find the topic that connects an 
otherwise disconnected series of data—its “aboutness”—is 
exactly what allows one to tell a text from the mere set of 
its components (Eco 1990, pg. 217). For a visual example, 
refer to Fig. 3.

4.2 � Interpreting a dataset

Once we establish that datasets are texts and hence signs, we 
can easily recognise that what we have been calling framing 
is nothing but the ground of the dataset. Since datasets 
convey meanings by means of repetition of examples, we can 
say that the main textual strategy through which a dataset 
constructs its framing is co-occurrence. For example, the 
framing that a dataset returns of the concept of “woman” 
is given by all those characteristics that co-occur in the 
dataset with images of women. Of course, any type of co-
occurrence contributes to framing: objects, scenes, and other 

Table 1   Mapping between data science and semiotic concepts

Data science concept Semiotic concept Explanation

Topic of the Dataset Object An image dataset communicates to a machine a certain aspect of the world, which in semiotic terms is 
its object

Image Interpretant An image in the dataset is a visual interpretant for the topic of the dataset
Dataset Text A dataset is a coherent ensemble of visual interpretants, and hence a text
Framing Ground Any texts (and more generally, any signs) describe its object only in some respect. This is called the 

ground of the sign. The framing of a dataset is its ground when considered as a sign
Interpret a dataset Interpretation Interpreting a dataset means discovering its “aboutness”: making hypothesis on the object of the 

dataset
Co-occurrence Textual strategy Being a collection of visual interpretants, a dataset communicates through repetition of examples. 

Hence, co-occurrence is the main vehicle (i.e., textual strategy) through which a dataset frames a 
certain concept
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visual elements such as colours, lighting, and so on. For their 
richness and versatility, natural language descriptions of the 
images (or surrogates such as scene graphs) are a valuable 
tool to spot different types of co-occurrences and, hence, 
framing.

Interpreting a dataset means first discovering its 
“aboutness” by checking for repeated occurrences of 
certain visual features. In particular, if we want to study 
the framing of a specific concept (say, “person”), we would 
check for its co-occurrence with other visual elements. 
Practically, given the size of modern datasets, this involves 
using automated means. When additional data—such as 
textual descriptions of the images—are not available, this 
could account for applying object or scene recognition mod-
els and inferring the topic of the images from those. In our 
case study, we use an exploratory approach based on topic 
modelling (more about this in Sect. 6.2). Since repetition is 
key for dataset framing, another fundamental aspect is to 
establish how prominent a certain topic is with respect to 
other quantitatively.

Another interesting aspect is whether we can interpret 
the single images through the lens of the entire dataset. We 
established that co-occurrences of concepts with other visual 
elements in single images contribute to the framing of the 
entire dataset, but can the dataset as a whole contribute 
to the framing of single images?. The semiotic characteri-
sation of datasets as texts implies a positive answer to this 
question. Indeed, in a written text, otherwise ambiguous 
sentences can be interpreted thanks to the context provided 
by the rest of the text. For example, the sentence “I need to 
reach the bank as soon as possible” changes its meaning dra-
matically depending on whether we are talking about finan-
cial organisations or people swimming in a river. For what 
concerns images, some good examples come from memes, 
a type of online visual ironic content, often heavily relying 
on references to other memes and visual content.

For instance, see Fig. 4: the image on the left makes little 
sense on its own. We certainly recognise an Ancient Greek 
soldier, but the meaning of the red dots remains obscure. 
However, the image on the right is a classical example of 

Fig. 3   Five pieces from the C. Monet’s Rouen Cathedral series. Each 
of these paintings represents the same facade of the Rouen cathedral. 
Taken all together, though, they reveal the real topic of the series 

which is a study on illumination and colours. Images are public 
domain and downloaded from https://​en.​wikip​edia.​org/​wiki/​Rouen_​
Cathe​dral_​(Monet_​series). Last access 03.11.2025

Fig. 4   a on its own has very lit-
tle meaning. Nevertheless, when 
seen together with b, which is 
a widely adopted example of 
survivorship bias, the refer-
ence becomes clear: the hoplite 
represents Achilles whose only 
weak point is not covered by red 
dots in the same way in which 
planes that made it back after a 
battle in WWII would not show 
any damage in their weakest 
part, because otherwise they 
would have succumbed

https://en.wikipedia.org/wiki/Rouen_Cathedral_%28Monet_series)
https://en.wikipedia.org/wiki/Rouen_Cathedral_%28Monet_series)
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survivorship bias: WWII US bombers would show damages 
in the area covered by the red spots, which were not the real 
weak points of the aircrafts because those hit on the real 
weak spots (e.g., the engines) would not get back to the base 
and hence those data could never be collected. At this point, 
the reference should be clear: the man in the first picture is 
Achilles, the red dots represent wounds, but crucially, none 
is on his only weak point: the heel. Similarly, an image in 
a dataset can change its meaning depending on the context 
provided by the rest of the data. We see an example of this 
phenomenon in our case study (Sect. 6).

5 � Epistemological consequences of dataset 
semiotics

We conclude our theoretical discussion on the semiotics 
of data by highlighting some of its epistemological conse-
quences. In particular, we would like to draw an epistemo-
logical parallel between visual data science and the humani-
ties, which we hope could spark a fruitful methodological 
discussion. We argue that visual data science suffers from 
a typical dilemma that affects the humanities: the choice 
between a strong scientific stance, but with meagre results; 
and a weaker one, but with results that are much more sig-
nificant (Ginzburg 1979).

There are at least three aspects that weaken the scientific 
position of visual data science: 

1.	 The size of the data prevents direct examination of the 
dataset in its entirety, hence the knowledge acquired 
about the content of the dataset is partial and gener-
ally mediated by AI/Machine Learning (ML) models. 
However, these models work on restrictive assumptions 
that are violated in most cases. Moreover, they are often 
black-boxes, of which it is extremely difficult to assess 
the behaviour.

2.	 Datasets are texts and, ultimately, signs; therefore, they 
are subject to interpretation. Since the object of a sign is 
only known through the mediation of interpretants, the 
process of interpretation is essentially hypothetical (Eco 
1990).

3.	 Furthermore, following Eco, interpretation is always 
based on a set of shared cultural units—i.e., the ency-
clopedia, see Eco (1984) and Desogus (2012). Hence, 
the interpretation of texts lacks the universality that is 
proper, for instance, to mathematics.

Note that a weaker scientific stance does not mean 
unfalsifiable. Both the knowledge acquired through ML 
models and interpretations are falsifiable: the acquisition of 
new evidence about the data can both disprove the figures 
returned by an ML model, and while it is true that a sign can 

admit many different interpretations, it is always possible to 
assess whether an interpretation is admissible or not.

The humanities (history, in particular) offer two episte-
mological paradigms to counter their inherent uncertainty: 
source criticism and revisionism. Knowledge about the past 
is always mediated by written or oral testimonies, archae-
ological sources, and so on. However, no source can be 
trusted blindly and is acquired as evidence only after thor-
ough scrutiny and criticism. On the other hand, precisely 
because knowledge about the past is always mediated and, 
hence, tied to the point of view of the mediator, it is always 
perfectible (Ginzburg 2019, Afterword, pg. 215) and subject 
to revision: the interpretation of the past can change in light 
of “new evidence, new questions asked of the evidence, new 
perspectives gained by the passage of time” (McPherson 
2003). We believe that integrating these paradigms with 
the standard methodology of data science would help to 
deal with the uncertainty, partiality, and “mediatedness” of 
knowledge about large collections of data.

We are not the first to mention source criticism in the 
context of (big) data analysis. Koch and Kinder-Kurlanda 
(2020) find source criticism a necessary approach to the use 
of big data to study social phenomena. While for them data-
sets are the sources to criticise, our perspective is shifted: the 
dataset is the object of our study, and the ML models we use 
to study the dataset are our knowledge sources. Therefore, 
it is the reliability of those models (in terms of accuracy, of 
course, but possibly also in terms of what kind of concepts 
these models learn) that is subject to scrutiny.

Here, established methodologies in data science encoun-
ter source criticism. In our analysis of VG (Sect. 6), we used 
a range of techniques with the purpose of applying source 
criticism. First, after a simple exploration of the data, we 
realised that the labelling was not reliable and that we would 
have to use a people detection model to expand the subset 
of images included in our study. Then, to corroborate the 
findings of another exploration technique (i.e., Latent Dir-
ichlet Allocation) with additional evidence, we applied two 
classifiers to quantify the number of sport and work-related 
images. To ensure that the figures returned by these models 
were reasonably conservative, we controlled for false dis-
coveries and false omissions, and manually inspected False 
Positives (FPs) and False Negatives (FNs) to see whether we 
could recognise any patterns that would change our analysis. 
Furthermore, we applied a few-shot learning technique in 
order to have greater control over the training of the models. 
All of these are simple, yet important, forms of criticism that 
we applied to our analysis.

Of course, models themselves can be the object of data 
scientific inquiry. Therefore, the knowledge acquired about 
their behaviour is also subject to criticism. This opens up 
to an infinite chain of criticism that can only be arrested by 
the creation of a habit (the reasonable, and possibly shared 
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by a community of scientists, conviction that the knowl-
edge acquired through a certain model or method is reliable 
enough). Revisionism is exactly the practice of challenging 
those habits.

6 � Case study: framing bias in visual genome 
(VG)

In Sect. 4, we have argued that datasets are texts and that the 
co-occurrence of different visual features is the main device 
through which a dataset frames concepts. In this section, we 
unveil VG’s framing of the concept “person” by looking for 
its co-occurrences with other contexts or activities.

Even relatively small datasets such as VG (approxi-
mately 100K items) require the use of automated tools to 
be approached effectively. After a data preparation phase, 
we apply a Natural Language Processing (NLP) exploratory 
technique that allows us to formulate some hypotheses on 
the dataset’s framing bias. We continue by corroborating 
such hypotheses by applying two classification models in 
order to obtain a quantification of the biased images. The 
reader finds a concise visual description of the different steps 
and the purpose they serve in Fig. 5.

The remainder of this section is organised as follows: we 
start with a general description of VG (Sect. 6.1), then we 
proceed with data preparation and the actual analysis (Sects. 
6.2–6.4).

We share our GitHub repository2 where the reader can 
find all our code as well as .csv files with our manual data 
annotations. Further details on our implementation are found 
in Appendix A.5.

6.1 � Visual genome dataset

Visual Genome (Krishna et al. 2017) is the third largest 
(2D image) scene graph dataset (Li et al. 2024) after Open 
Images V4 (Kuznetsova et al. 2018) and GQA (Hudson 

and Manning 2019). It contains 108,077 images collected 
from the intersection of MS-COCO (Lin et al. 2014) and 
YFCC100M (Thomee et al. 2016). The scope of the dataset 
is to train CV algorithms to understand complex scenes. This 
is achieved by turning human descriptions of the images into 
a compact form that is digestible by computers (i.e., scene 
graphs).

A scene graph (Johnson et al. 2015) is a labelled graph in 
which the nodes’ labels are called objects, the links’ labels 
are called relationships, and every object is endowed with a 
set of attributes. The attributes provide additional descrip-
tion of the objects (e.g. person is tall, where person is the 
object and tall is the attribute). The reader finds an example 
of a scene graph in Fig. 6 and a formal definition in Appen-
dix A.1.

We select the subset of the data we are interested in, 
namely, the images that feature people. To do so, we include 
all the images whose scene graph featured the entities 
“man”, “woman”, “person”, “people”, “child”, “boy”, “girl”. 
In addition to that, since the labelling of VG is not com-
pletely reliable and some people are labelled as “worker” or 
“player”, we apply an object detection transformer to com-
plement our subset of interest with as many images contain-
ing people as possible (details in Appendix A.2).

6.2 � Exploratory analysis

Once we select the images to include in our case study, 
we model the topics in the dataset by exploiting the scene 
graphs attached to the data by creating a surrogate of a nat-
ural language description of the images. The goal of this 
exploratory analysis is to understand which are the typical 
scenes that co-occur with the concept “person”.

To do so, we compile a string for each image by 
juxtaposing e1 , r, and e2 for each triple (e1, r, e2) in the 
image’s scene graph. Then, we apply Latent Dirichlet 
Allocation (LDA, Blei et al. 2003) to model topics in the 
corpus obtained in this way. More about LDA in Appendix 
A.3.

LDA returns a relatively clear picture of the content of the 
data (Fig. 10): of the 15 topics, 5 are compatible with sport 
activity (namely, snow sports, surf, baseball, and tennis); 

Fig. 5   A concise representation 
of the steps taken in our analysis 
of VG

2  GitHub repository https://​anony​mous.​4open.​scien​ce/r/​sg-​frami​ng-​
8206/​README.​md.

https://anonymous.4open.science/r/sg-framing-8206/README.md
https://anonymous.4open.science/r/sg-framing-8206/README.md
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2 are compatible with outdoor activities on beaches and in 
parks; 1 describes general indoor settings; 1 describe food-
related activities such as dining; 2 describe traffic scenes; 1 
is about activities related to riding (horses, bikes, motorcy-
cles); the remaining are mixed.

We can start making hypothesis on the framing of the 
datasets: it seems that outdoor and sport-related activities 
are over-represented, and hence it may be that VG returns a 
framing of human activities that leans more towards leisure 
and excludes work (and workers) instead.

We already mentioned how the results of LDA need 
further confirmation. Hence, we collect more evidence by 
quantifying the percentage of sport and work-related images 
in the data.

6.3 � Quantification

To quantify sport and work-related images, we apply Lin-
ear Probing (LP) to CLIP (Radford et al. 2021) features 

extracted from the images to classify first sport-related 
images and then work-related ones (Sect. 6.3). LP is an 
effective few-shot learning technique that allows one to 
exploit a pre-trained vision model (CLIP, in our case) to 
train a Logistic Regression on a small set of lower-dimen-
sional features extracted from manually annotated images.

We find few-shot learning preferable to zero-shot learn-
ing for our task because it allows us to generalise our own 
manual annotation to the whole dataset, hence leaving 
more room to define the categories we want to study. On 
the contrary, zero-shot learning implies the use of off-the-
shelf black-box models whose ability to generalise cannot be 
taken for granted. Note that we do not treat these models as 
ground truth detectors, but as interpretive instruments whose 
outputs require scrutiny.

First, we want to quantify the number of sport-related 
images. Hence, we manually label 1000 images according 
to whether they depict sport or non-sport scenes (see 
Fig. 7 for an example of sport scenes). We use half of them 

Fig. 6   Image from Visual 
Genome and a subgraph of its 
scene graph

Fig. 7   Collage of photos from 
VG featuring sports
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to train the logistic regression and keep the rest for testing. 
We obtain a 96.4% accuracy on this set of images. Since 
our hypothesis is that the dataset over-represents sports, it 
is important to control the rate of False Discoveries (FDR) 
ℙ(⊖ | ⊕̂) (3.4%) which is mitigated by the rate of False Neg-
atives ℙ(⊖̂ |⊕) (8.3%). Refer to Table 3a for the confusion 
matrix. The model returns an overall percentage of sport-
related images of 31.2%.

For the sake of completeness, we manually inspect False 
Positives (FPs) and False Negatives (FNs). FPs are mostly 
images that feature means of transportation (e.g., skate-
boards or motorbikes) that in the dataset also appear in 
sport-related contexts, but that are not in the specific case 
(e.g., a man walking a dog on a skateboard or a person driv-
ing a motorcycle on the road). FNs picture sports such as 
frisbee, table tennis, and surfing.

We apply a similar pipeline to another 1000 images for 
the classification of work-related scenes (Fig. 8). In this 
case, once again to be conservative in our estimate, the met-
ric that we are taking into consideration is False Omission 
Rate ℙ(⊕ | ⊖̂) (FOR); see Table 3b in Appendix A.4 for the 
complete confusion matrix. Since standard LP does not give 
satisfactory results in terms of FOR, we first oversample 
work-related images in the training data (which otherwise 
would be too unbalanced) and apply a k-Neighbour classi-
fier instead of a Logistic Regression. We obtained a FOR 
of 2.6%. On the other hand, such a conservative classifier 
on the FNs returns a higher number of FPs (10.6% of False 
Positive Rate ℙ(⊕̂ |⊖) ) for an overall accuracy of 88.0%. 
Hence, we can confidently say that the estimate of 16.9% 
of work-related images is quite conservative, with the obvi-
ous caveat that our model bases its understanding of work-
related images on a small labelled set which comprises a 
limited number of professions (office workers, cooks, airport 
and railway workers, policemen, bus drivers). If the dataset 
contains images depicting other kinds of professional (and 

they are visually very different from those we listed), they 
might remain undetected.

We conclude with a note on the labelling. We excluded 
sport professionals in this analysis for two reasons: (1) it was 
included in the previous analysis of sport-related imagery; 
and (2) professional sport is certainly an elite job, and not 
considering it would not harm our conclusion that the data 
exclude more common blue/white-collar jobs. To simplify 
things further, we also excluded images of musicians, actors, 
and performers of any kind, again with the rationale that 
they work in leisure-related contexts (from the spectator 
viewpoint). Therefore, keep in mind that when we say that 
the dataset excludes work, we mostly mean blue/white col-
lar jobs.

6.4 � Other findings

With the evidence we have gathered so far, we can expand 
our understanding of framing in VG. Not only does the data-
set over-represent leisure over work, but it also has a clear 
American/Western point of view. This is made obvious by 
the sports that are most represented in the data: baseball, 
tennis, surfing, and frisbee, all very popular in the US. Fur-
thermore, the general Western setting (including few images 
of American and European military), together with photos 
taken at the airport (874 images contain the words “plane/s”, 
“airplane/s” or “airport” in their scene graphs), and the over 
representation of exotic animals (1080 images contain the 
words “elephant/s” or “giraffe/s” in their scene graphs, 
Fig. 9), allows to interpret the rarer picture taken in non-
Western countries as holiday/travel photographs. This is an 
instance of what we described at the end of Sect. 4: namely, 
how the whole dataset provides the context to interpret the 
single images.

Fig. 8   Collage of photos from 
VG featuring work
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7 � Broader perspectives

In this section, we describe some broader perspectives on 
the relationship between semiotics and responsible AI. In 
particular, we notice how semiotics has relevant applications 
along the whole AI pipeline and therefore that our work can 
be considered as a piece of a greater investigation.

Data collection is the unavoidable first step of any AI 
pipeline; we demonstrated how datasets are semiotic objects 
(i.e., texts) and how this is relevant to bias discovery in 
image data. We note that the argument presented in Sect. 4 
applies to any type of data and, therefore, semiotics can pro-
vide useful insights outside the realm of visual data science 
as well.

Models themselves are semiotic machines (Picca 2025), 
in the sense that they interpret the data and return their inter-
pretations in the form of other signs (e.g., binary vectors, 
captions, etc.) The analysis of their behaviour, so important 
for responsible AI, is thus another step of the AI pipeline 
with a pronounced semiotic content (see, for example, the 
research around eXplainable AI (xAI), whose goal is to 
exactly make black boxes interpretable).

A fundamental step of any quantitative research is the 
operationalisation of theoretical constructs (Bridgman 1927; 
Moretti 2013), which in the case of data science can be con-
sidered act of intersemiotic translation from a natural lan-
guage to a system of signs that is digestible by a computer 
(e.g., mathematics). Operationalisation is extremely relevant 
for responsible AI for two reasons: (1) dataset and models 
implicitly operationalise relevant societal concepts (Jacobs 
and Wallach 2021); (2) Fairness itself is a notion that needs 
to be operationalised to be applicable.

Moreover, fairness is not a universally accepted concept 
(Selbst et al. 2019; Jacobs and Wallach 2021), but is contex-
tual and situated. Once again, semiotics offers a theoretical 
instrument to address situated knowledge: the encyclopae-
dia, which can be thought of as the ensemble of cultural 
units shared by a community of speakers (Eco 1984; Deso-
gus 2012).

8 � Conclusions

This paper advances the theoretical understanding of bias 
in image datasets by recognising framing bias as a semi-
otic phenomenon. We established that a dataset is a text (in 
the extended semiotic sense of the word), and framing is a 
property of the dataset. Moreover, we found co-occurrence 
of visual elements to be the main device through which 
datasets frame certain concepts. As a consequence, we have 
that framing bias cannot be avoided simply by careful data 
selection, and hence, for every dataset, practitioners need to 
carefully assess and document whether its framing has to be 
considered malignant or not.

For instance, the framing of African people as poor and 
Americans as rich (Bianchi et al. 2023) certainly has a racist 
and colonial connotation, while the framing of human activi-
ties that we found in VG would not necessarily be malig-
nant, as long as that was the explicit purpose of the dataset. 
On the other hand, since VG aims at describing our “visual 

Fig. 9   Collage of photos from 
VG featuring elephants and 
giraffes

Table 2   Number of images 
containing people-related 
objects

The percentages refer to the 
entire VG, before our data 
selection

Object No. images (%)

Person 5043 (4.67%)
People 1713 (1.58%)
Man 13,533 (12.52%)
Woman 5621 (5.2%)
Child 1487 (1.38%)
Boy 454 (0.42%)
Girl 2337 (2.16%)
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Fig. 10   Latent Dirichlet Allocation analysis of the corpus obtained by juxtaposing the images’ scene graph triplets. For each topic, we display 
the 15 most common words. The topic labels have been assigned by us based on the topics’ most common words
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world” in its entirety, excluding work and workers narrows 
the scope of the dataset and can have detrimental effects on 
downstream tasks for which VG is used as training data.

Another implication of the textual nature of a dataset is 
that none of its images can be interpreted in the void. As we 
have seen in our case study, the dataset provides the context 
in which the single images need to be interpreted. An inter-
esting and pragmatic research question that arises naturally 
from this realisation is whether and to what extent AI models 
learn this kind of contextual framing.

In our analysis, we find VG to have a clear framing that 
over-represents leisure over work. This suggests a previously 
under-discussed axis of dataset exclusion: the invisibility of 
everyday labour. Furthermore, we observe that the dataset 
has a clear Western/American viewpoint that, in turn, frames 
the rarer images set in non-Western countries as travel desti-
nations. Hence, the claim that VG depicts the “visual world” 
is not less than an overstatement.

Studying a dataset composed of tens of thousands of 
images in search of biases raises several epistemological 
questions regarding whether or not we can acquire knowl-
edge about the content of the data (and therefore interpret 
it) through the use of AI and ML models. This kind of sci-
entific inquiry shares similar problems with the humanities: 
namely, the mediated character of the scientific inquiry (due 
to the use of ML models), the abductive nature of interpre-
tation, and the need to refer to shared cultural units. We 
conclude that a hybrid method that employs techniques 
and paradigms from both data science and the humanities 
(especially history) addresses these epistemological issues. 
In particular, revisionism and source (i.e., model) criticism 
allow us to avoid the paralysis generated by the uncertainty 
of the figures returned by the models and reach conclusions 
that are grounded in the data (even though they are left open 
to revision).

The application of semiotics to data science is still in its 
infancy, and we believe that there is room for both theo-
retical and applied research. In Sect. 7, we highlighted how 

semiotics offers a fruitful theoretical paradigm at all steps 
in the AI pipeline.

Regarding bias detection in image data more specifi-
cally, future research could be directed towards discovering 
whether AI models internalise dataset-level framing; how 
and to what extent dataset framing propagates to GenAI 
models; and whether (AI/ML-aided) dataset documentation 
practises are able to capture dataset framing.

Appendix A: Technical details of the case 
study

In this appendix, we provide the technical details of our 
analysis of VG.

A.1: Visual Genome Dataset

The images in VG were annotated via a complex crowd-
sourcing pipeline composed of the following steps: 

1.	 an image is sent to a worker who is asked to draw three 
bounding boxes around relevant regions of the image 
and provide a natural language description of them

2.	 this process is repeated with different workers until each 
image has 50 different region descriptions

3.	 workers are asked to draw bounding boxes around the 
objects mentioned in the descriptions

4.	 based on the region descriptions, the workers annotate 
the relationships between the different objects (e.g., man 
is behind woman) and the objects’ attributes (e.g., shirt 
is green)

Then, this information was arranged into scene graphs. 
Formally,

Definition 1  A scene graph is a pair G = (O,T) where 
O = {o1, ..., on} is a set of objects and T ⊆ O × R × O 
where R is the set of relationships between the objects. 
Furthermore, a scene graph can be endowed with a set of 
attributes A that specify the characteristics of the objects 
in O. Note that attributes can also be thought of as triples 
(o, ���_���������, a) ∈ O × R × O ∪ A where o is an 
object, and a an attribute.

Note that, to avoid the complications of dealing with two 
different types of links (the object/relationship/object triplets 
and the object/attribute pairs), we simplify the structure 
by transforming the object/attribute pairs into triplets 
object/has_attribute/attribute.

To counteract noise due to human labelling and reduce 
inconsistencies (e.g., due to the use of synonyms), the data 
in VG are verified and standardised using WordNET (Miller 

Table 3   Confusion matrix of sport and work-related image classifica-
tion in VG

True values

Positive Negative Total

(a) Sport
Predictions Positive 143 5 148

Negative 13 339 352
Total 156 344 500

(b) Work
Predictions Positive 25 49 74

Negative 11 415 426
Total 36 464 500
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1995), a lexical ontology that connects English words by 
synonymity. We adopted the latest version of Visual Genome 
(v1.4) for the objects and relationships. The latest release of 
attributes, instead, was in v1.2.

A.2: Data preparation

To complement the subset of VG containing the words 
“man”, “woman”, “person”, “people”, “child”, “boy”, “girl” 
(Table 2), we applied a pre-trained object detection trans-
former (Carion et al. 2020). To be conservative with the 
images we include in our study, we set a threshold of 0.97 
on the confidence of the model.

In this way, we added 8859 images to our study, for a 
total of 58,391. Of these 8K images, around 4.2% are false 
positives (we compute this figure by manually inspecting 
500 images). We found that most of the false positives are 
images that feature billboards or screens depicting people, 
or person-like figures such as dolls or statues. Note that the 
statistics in Table 2 suggest the presence of gender selection 
or label bias, but since this work focuses on framing bias, we 
left it for future examination.

A.3:Latent Dirichlet Allocation (LDA)

LDA is a generative probabilistic model in which docu-
ments in the corpus “are represented as random mixtures 
over latent topics, where each topic is characterized by a 
distribution over words” (Blei et al. 2003). In Fig. 10, we 
see the 15 most common words for each topic in the corpus 
obtained by the scene graphs of the images.

LDA is known to have several limitations. For example, 
it assumes a Bag of Words (BoW) model for the texts which 
leads to the loss of relational structure of the scene graphs. 
Furthermore, LDA topics are known to be unstable due to 
the stochastic nature of the algorithm (Agrawal et al. 2018), 
and this can lead to misleading results. Given these limita-
tions, we use LDA’s coarse and unstable outputs for purely 
exploratory purposes and gather additional evidence to cor-
roborate them.

A.4: Quantification

In this section, we report on the confusion matrices for the 
LP models we used for our quantification (Table 3).

A.5: Implementation details

In the remainder of this section, we describe the implemen-
tation details of our case study to allow its reproduction.

The scene graphs were prepared as follows: to ensure that 
the labelling was as consistent as possible, when available, 
we used the WordNET synsets (note that of a synset of type 

“clock.n.01” we considered only the related word “clock”). 
In all the other cases, we applied a minimal text cleaning 
procedure to remove punctuation and apply lowercase. Fur-
thermore, object/attribute links were transformed into tri-
plets (object, has_attribute, attribute).

We added to the study all the images featuring the fol-
lowing object labels: “man”, “woman”, “person”, “people”, 
“child”, “boy”, “girl”. In addition, we included any images 
that were found to depict a person with a confidence greater 
or equal than 0.97 by an object detection transformer model 
(Carion et al. 2020).3

We applied LDA4 topic modelling to the corpus of 
documents obtained by juxtaposing all the triplets (object, 
predicate, object) and (object, has_attribute, attribute) in an 
image’s scene graph. We chose a learning_offset of 50.0 
with a max_iter of 5 to learn 15 components.

We extracted lower-dimensional features of the images 
using CLIP5 and applied a logistic regression model6 with 
C = 0.1 and max_iter of 1000 for sport images and a K-near-
est neighbour classifier for work images7 with 5 nearest 
neighbours. The latter was applied after oversampling the 
data to balance work vs. non-work images.8
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