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Abstract

Generative Al tools are used to create art-like outputs and
sometimes aid in the creative process. These tools have poten-
tial benefits for artists, but they also have the potential to harm
the art workforce and infringe upon artistic and intellectual
property rights. Without explicit consent from artists, Gener-
ative Al creators scrape artists’ digital work to train Gener-
ative Al models and produce art-like outputs at scale. These
outputs are now being used to compete with human artists in
the marketplace as well as being used by some artists in their
generative processes to create art. We surveyed 459 artists to
investigate the tension between artists’ opinions on Genera-
tive Al art’s potential utility and harm. This study surveys
artists” opinions on the utility and threat of Generative Al art
models, fair practices in the disclosure of artistic works in Al
art training models, ownership and rights of Al art derivatives,
and fair compensation. Results show that a majority of artists
believe creators should disclose what art is being used in Al
training, that AI outputs should not belong to model creators,
and express concerns about Al’s impact on the art workforce
and who profits from their art. We hope the results of this
work will further meaningful collaboration and alignment be-
tween the art community and Generative Al researchers and
developers.

Introduction

Art has a rich history in co-evolution with the development
of new technologies (Etro and Galenson 2023). The advent
of Artificial Intelligence (AI) tools used to create or assist in
the creative process carries great potential utility for artists
but also harbors the significant potential for harm to the art
workforce and artistic and intellectual property. To exam-
ine this tension between utility and threat, we surveyed 459
artists about their views on Al-generated art. The survey re-
sults reveal the nuanced perspectives of artists on Generative
Al When the discussion is thorough and directly related to
their art practice, it prevents their views from being reduced
to a simplistic binary sentiment, which fails to represent the
diversity of their field. By capturing artists’ views through a
survey, this method moves beyond anecdotal evidence and
provides a counterbalance to third-party opinions and those
of the Generative Al industry.
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Our study surveys artists’ opinions on fair practices in the
disclosure of artistic works in Al training models, owner-
ship and rights of Al art derivatives, and fair compensation
models. Future work will involve conducting long-form in-
terviews with them to understand artists lived experiences.
Our research questions for this study can be summarized as
follows: RQ1: Do artists see AI models as a threat to art
workers?; RQ2: Do artists see Al art models as a positive
development in the field of art?; RQ3: What types of dis-
closure for the use of artwork to train an Al art model do
artists consider fair?; RQ4: From an artist’s perspective, who
should own the derivative artwork created by Al art models?

We summarize our research results as follows: (Q1)
61.87% of survey participants agreed that AI models are a
threat to art workers. (Q2) 44.88% of survey participants
agreed that Al art models are a positive development in the
field of art (22.03% of survey participants agreed that both
Al was a positive development and a threat). (Q3) Artists
overwhelmingly agreed (80.17%) that model creators should
be required to disclose in detail what art and images they
use to train their Al models. (Q4) Artists were split be-
tween thinking that derivatives from AI art models should
be owned by the original artists whose work is represented
in the AI art (41.39%) and the user who used the model to
create the Al art (39.22%). In our study, 26.80% of the par-
ticipants agreed that the work and its derivatives should be
considered the property of the Al model creators. We also
looked into what types of compensation artists consider to
be fair in exchange for the use of their artwork to train an
Al art model. Half of the respondents (50.97%) stated that
they did not need compensation, but what mattered to them
was who was profiting from the use of their artwork. The
most common fair compensation option selected by the sur-
vey participants was “I don’t need to profit, but I don’t want
for-profit companies to profit from my art” (22.80%). This
suggests that artists are not entirely against their art being
used in Al art model training data but oppose for-profit com-
panies benefiting financially.

Our paper draws on our team’s multidisciplinary back-
ground — in art and art history, social science, complex sys-
tems, computer science, mathematics, and statistics — to ad-
dress these questions and understand the possible impact of
Generative Al on artists. We hope this work will provide a
modest step towards understanding artists’ opinions on Gen-



erative Al technology, its impact on their field, and the role
they would like their work to play in the burgeoning field of
Generative Al.

Background

There is ongoing disagreement regarding whether the output
of Generative Al can be considered art (US Federal Trade
Commission 2023; Jiang et al. 2023); we will not examine
the topic in depth here. For convenience, we’ll refer to Al-
generated output as “art” in this paper without asserting or
refuting its artistic merit.

Jiang et al. define art as a human endeavor linked to cul-
ture and experience (Jiang et al. 2023). They argue that hu-
man creativity, distinguished by unique inspiration and cor-
poreal engagement, differs from Al-generated work. Recent
court decisions in the US have similarly denied copyright
protection to autonomously produced Al creations, under-
scoring the role of human creativity in copyright law (US
District Court for the District of Columbia 2023).

Three compelling arguments against considering Al out-
put as art emerge: art’s human origin devoid of “organic
pressure,” the intimate connection between artist and world,
and art’s unique role in human experience (Jiang et al. 2023;
Huyghe 1970; Pfeifer and Bongard 2006). Regardless of the
artistry debate, Al-generated creations can meet commercial
standards, like book covers, entering diverse artistic spheres
and impacting practitioners.

Artistic use of technology and Al tools (Cetinic and She
2022) is not novel; artists historically adopt tools, including
machines and automation, often innovating beyond standard
applications (Huyghe 1970). Artists engaging with tech-
nology question its role in art and explore its boundaries,
raising queries about intentionality, distraction, and artistic
agency (Karson 2023).

It is important to note that, although how technology
should be incorporated into art may be up for debate, that
technology is part of the artistic process is not new or am-
biguous (Mazzone and Elgammal 2019). Artists have al-
ways used tools (Huyghe 1970), and many art forms involve
machines (such as woodwork, metalwork, and digital art)
and automation (such as digital printers and cameras). Some
artists also choose to use technology in ways other than its
intended purpose or develop new art-making techniques by
breaking technology. Such artists may be both suspicious
and intrigued by the technology they use, questioning the
relationship between humans and machines and expanding
art practices and processes. When presented with new tech-
nology, an artist may ask questions like “How can I keep my
work with the machine intentional? How might this tech-
nology distract me? Is the machine using me, or am I using
it? Is this image-making or art-making? How does this au-
tomation serve my artistic intentions and practice?” (Karson
2023).

In the case of machine learning, a crucial question for
many artists is “What data was used to train this model?”
Such inquiries are part of the artistic tradition of challenging
the status quo and are in stark contrast to how the creators
of Generative Al models have presented their tools for use
to the general public.
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Generative AI Models

Generative Al models can generate outputs across various
media types based on user inputs, such as text prompts or
multimedia (Gozalo-Brizuela and Garrido-Merchan 2023).
The field of Generative Al has sparked significant excite-
ment due to its broad range of applications, including both
anticipated ones valued in the tens of billions of dollars and
substantial academic and industry research efforts (Bubeck
et al. 2023; Abdin et al. 2023; Jiang et al. 2023; Stanford
Institute for Human-Centered Artificial Intelligence 2023).
However, alongside this enthusiasm, there is a pressing need
for a more critical examination of the ethical implications
associated with these tools and methods (Barnett 2023). The
deployment of these tools beyond academia has resulted in
adverse consequences such as personal and financial losses,
widespread information manipulation, and disruptions to
sociotechnical infrastructure (Ferrara 2024; Walker et al.
2023).

We define Generative Al as being a subset of tools or pro-
cesses that combine massive probability distributions with
sense-making algorithms in order to create output that, taken
as a whole, was not included in the training data (Jiang et al.
2023). The probability distribution is based on the training
data. The sense-making algorithm could be based on several
strategies, such as a physical process like diffusion or an ar-
chitectural approach like transformers/neural nets, although
in the end, it should produce something akin to a latent/em-
bedding space; a place to hold meaning (Gozalo-Brizuela
and Garrido-Merchan 2023; Zhao et al. 2023; Grand et al.
2022). These models use advanced architectures in conjunc-
tion with large amounts of data gathered through brute-force
methods across vast swathes of the publicly accessible inter-
net (Xu et al. 2023; Zhao et al. 2023).

In this paper, we are interested in how artists perceive
Generative Al, what its impact on art-related careers might
be, and what moral, ethical, artistic, and financial implica-
tions are coming hand-in-hand with the broader flourishing
of Generative Al (Stanford Institute for Human-Centered
Artificial Intelligence 2023; Gozalo-Brizuela and Garrido-
Merchén 2023; Zhao et al. 2023). Although our paper fo-
cuses more on the pressing potential for harm, it is worth
noting that there is also growing excitement around Gen-
erative AI’s capabilities and how it could be incorporated
into artistic processes (Karson 2023). For example, artist
Cosmo Wenman worked with blind researchers Brandon
Biggs, Lindsay Yazzolino, and Joshua Miele to create im-
ages using the Midjourney tool. Their team noted that pro-
grams like Midjourney can find “weird and thematic inter-
sections” in art that go unnoticed by human eyes. They also
discussed the role of chaos in creating “visual intrigue” and
how technology can be used to “enhance agency.” Wenman
called the new technology “essentially moveable type for vi-
sual rhetoric” (Schrader 2023).

Related Work

A paper by Jiang et al. (Jiang et al. 2023) analyzes Gener-
ative Al art models and their potential impact on the world
through the lens of diverse academic sources (both philo-
sophical and scientific). They describe many opportunities



for harm as a result of such products: violation of the con-
sent and privacy of artists (Ho 2024), a lack of dataset
transparency (shielding violations and biases) (Ho 2024), a
failure to uphold the contextual integrity of content (Nis-
senbaum 2004), harm to the livelihood of the artist, biases
in the training data, automating processes in a way that is
detrimental to the creation of art, reduced accessibility, era-
sure of human works by obscurity, and increasing reluctance
by artists to share their works openly.

The harms Jiang et al. (Jiang et al. 2023) foresee for artists
fall into two categories, financial and emotional, which man-
ifest as the replacement of a human artist on a project,
the impersonation of an artist without consent (Gozalo-
Brizuela and Garrido-Merchdn 2023), or plagiarism. Im-
personation, in this context, could be weaponized for ne-
farious purposes (Ho 2024). Moreover, these two kinds of
harm, enacted against individuals at scale, create societal-
level harm. Specific societal harms Jiang et al. discuss in
their work include data laundering — through academic or
open-source projects where public funds are funneled into
research with private profits — the proliferation of stereo-
types and “hegemonic views,” and erasure by obscurity (i.e.,
that Al-generated outputs can be created much more quickly
than human ones). They also point out that US copyright
and intellectual property jurisprudence needs to be better
equipped to deal with these new tools and that open sourc-
ing, often called on as a solution to software-related prob-
lems, is incomplete in this case (Jiang et al. 2023). As possi-
ble solutions, Jiang et al. bring up regulations regarding opt-
in consent (for training data), independent funding (much
current research is supported by industry), and education
about how power interacts with technology. In particular,
they note there are many incentives to label work as “apolit-
ical” and that the spin capitalism is putting on Generative Al
is the “democratization of art” (and other fields) (Jiang et al.
2023).

Going beyond Jiang et al.’s list of solutions, Shan et al.
(Shan et al. 2023) propose tools allowing artists to “poison”
models that scrape their work without permission. The tool
they created (Nightshade) can “destabilize general features”
in the targeted generative model and “bleed-through” to se-
mantically similar prompts without injecting large amounts
of tailored data (Shan et al. 2023).

Economic Context: Livelihood of the Artist

Al’s integration into the global economy is rapidly expand-
ing, as evidenced by the increasing number of Al-related job
postings across various economic sectors (Stanford Institute
for Human-Centered Artificial Intelligence 2023; Squiccia-
rini and Nachtigall 2021). Employers worldwide are seek-
ing Al-skilled workers, with many companies adopting Al
tools each year. The primary benefit reported by these com-
panies is a reduction in costs, often achieved through lay-
offs and the substitution of human roles with Al-driven so-
lutions (Stanford Institute for Human-Centered Artificial In-
telligence 2023; Gmyrek, Berg, and Bescond 2023; Alek-
seeva et al. 2021). Some of these impacts are already coming
to bear on the economic reality of artists (Chow 2020; Hen-
derson 2010). Entry-level positions in film, TV, and gam-

907

ing seem particularly at risk, and the conceptual period of
a project seems to be a popular phase in which to replace
artists with Al. The output of Generative Al can now fill
traditional niches like illustrating book covers, and major
employers can reduce the number of employees needed (for
example, Netflix Japan’s layoff of animators) (Jiang et al.
2023).

The economic impact on artists is not solely determined
by the output of Al models. Harm, both financial and emo-
tional(Caporusso et al. 2023), can arise from the use of con-
tent without explicit consent. This includes situations where
individuals may not have anticipated their work being repur-
posed by machine learning models or the entities controlling
and utilizing these technologies (Nissenbaum 2004). For in-
stance, consider an artist with a physical gallery presence
whose work is photographed by a visitor and subsequently
used in ways they did not foresee, especially in the intricate
landscape of social media (Ho 2024). Moreover, the issue
of copyright protection becomes paramount when Al mod-
els are trained using human artworks without proper con-
sent, attribution, or adequate compensation for the original
creators. This concern is shared among artists, creative in-
dustries, and government agencies alike (US Federal Trade
Commission 2023; Marcus and Southen 2024).

Problems in the Pipeline of Generative AI Tools

In this section, we outline the process of creating a Genera-
tive Al model and focus on bias (Zhao et al. 2023) to show
how different stages influence the model’s impact. The de-
velopment process involves several key steps. First, training
materials are gathered, often from real-world data, which
are then reviewed to address issues like poor quality, irrel-
evance, or over-representation (Luccioni and Viviano 2021;
Zhao et al. 2023). Next, the model’s architecture is built,
followed by the training phase. For complex Generative Al
models with unpredictable behavior, an additional alignment
step is included to ensure the model’s actions align with the
creators’ intended outcomes (Zhao et al. 2023).

Early in the pipeline, the selection of training material sig-
nificantly shapes the eventual behavior of the model. For
instance, many important datasets used in machine learn-
ing benchmarks predominantly feature lighter-skinned sub-
jects (Buolamwini and Gebru 2018), indirectly introducing
bias into the model. This type of latent bias cannot be de-
tected by locally examining each piece of training data for
harmful content. Furthermore, datasets often contain objec-
tionable and biased content, including racist hate speech and
sexually inappropriate images (Luccioni and Viviano 2021),
even after undergoing cleaning procedures.

Even within the internal workings of a trained model,
fundamental aspects like the meanings of common English
words can encode gender biases (Bolukbasi et al. 2016).
These biases can become more apparent as we move closer
to the model’s output. For example, the Stable Diffusion
model disproportionately generates images of white male
professionals (e.g., executives, doctors) and black or brown
individuals in criminal or service roles (Ghosh and Caliskan
2023). Users have also reported that Generative Al tools of-
ten produce images where they appear younger, more sexu-



alized, or with lighter skin tones, even when these traits were
not part of the input prompt (Ghosh and Caliskan 2023).
Such biases are widespread across Al models and products,
including Generative Al, from the training data to internal
representations and outputs (Luccioni and Viviano 2021;
Ghosh and Caliskan 2023; Cheng, Durmus, and Jurafsky
2023; Zhao et al. 2023).

A key issue in the Al development pipeline is that these
tools are not created in isolation; they are embedded in com-
plex human systems that influence their impact. There are
disparities in who is creating, profiting from, and using these
technologies (Stanford Institute for Human-Centered Artifi-
cial Intelligence 2023), which can lead to unforeseen con-
sequences in their design, use, and societal role (Even-Tov
et al. 2023; Jiang et al. 2023). Additionally, the companies
behind these Al tools often keep details about their train-
ing data, architecture, and implementation secret (Ho 2024),
forcing users to interact with them as black boxes (Jiang
et al. 2023; Marcus and Southen 2024). This lack of trans-
parency benefits the companies by allowing them to sidestep
moral and ethical concerns regarding the model’s impact and
potential harms (Marcus and Southen 2024).

Methods
Survey Methodology

Our anonymous original survey of artists is an observational
study (initial N=516 (includes incomplete answers), final
N=459 (only complete answers)) of artists over the age of 18
years that was collected using a convenience sample in phase
1 and supplemented with a Qualtrics survey panel in phase
2 (demographic breakdown can be seen in Table 1. Qualtrics
is a reputable academic survey panel platform that has been
shown to yield reliable results in comparison to other survey
platforms (Boas, Christenson, and Glick 2018). A compar-
ison of the distributions of the US art workforce) based on
the demographics is presented in Appendix B. Survey par-
ticipants were recruited based on their self-identification as
artists and must be over the age of 18. All survey questions
are original and developed by the authors. Incomplete sur-
veys were dropped from the analysis, leaving a final N of
459. Participants provided consent by agreeing to the survey
information sheet. They were then prompted to respond to
inquiries regarding their artistic identity and financial inter-
actions within the art domain. Participants were presented
with a brief introduction to Al-generated art, including an
illustrative example, and were asked to indicate their famil-
iarity with Al art tools and models. Subsequently, partici-
pants were queried on their perceptions regarding owner-
ship of art produced by Al systems using a 5-point Likert
scale. Further questions focused on artists’ preferred com-
pensation criteria for their work being used in Al-generated
art models. Participants were also asked to evaluate the im-
pact of Al art models on their field, their perception of these
models as potential threats, and whether they believed cre-
ators of such models should disclose their data sources us-
ing a 5-point Likert scale. Finally, demographic information
about the participants’ backgrounds was collected. An ap-
pendix that enumerates all survey questions is available in
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Appendix A, which can be found in our supplementary ma-
terials (Lovato et al. 2024). This survey was approved as
“exempt” by the University of Vermont Institutional Review
Board (IRB).

Sampling limitations: In future work, we would like to
sample a much bigger representative sample that specifically
targets artistic practices and demographics. In addition, we
are interested in how the dynamics of these opinions change
over time with surveys that assess artist opinions at regular
intervals.

Phase 1 Sampling: Survey participants for phase 1 (n =
252) of our observational study were recruited broadly on
social media, using flyers locally at the University of Ver-
mont, emailing artist groups, and direct contacts who are
professional artists. Survey participants who are over the age
of 18 and identify as an artist or work in an arts-related field
were eligible. Phase 1 of the surveys was collected through a
convenience sample from March 25, 2023, through Septem-
ber 8, 2023. Survey responses were collected on Qualtrics,
an online survey platform.

Phase 2 Sampling: Phase 2 (n = 264) was collected via a
targeted survey panel conducted by Qualtrics from Septem-
ber 12-23, 2023 on the Qualtrics online survey platform. The
inclusion criteria for the study in Phase 2 were the same as
in Phase 1.

Data

Our original survey of artists is an observational survey that
took place over two sample phases (total N=459 completed
surveys over both phases). We transformed all survey re-
sponse variables of interest into numerical form to analyze
our survey results (survey questions 8,9,10,13,14,15 as seen
in Appendix A). All Likert survey questions were converted
from ‘Strongly Agree,” ‘Agree,” ‘Neutral, ‘Disagree,” and
‘Strongly Disagree’ to an ordinal scale of 1,2,3,4,5. For our
ordinal logistic regression analysis, we combine ‘Strongly
Agree’ and ‘Agree’ to equal 3, ’Neutral’ to equal 2, and
‘Disagree’ and ‘Strongly Disagree’ to equal 1. In the origi-
nal logistic regression, we reduced the dimensionality of the
Likert scale to investigate the positive, neutral, and negative
sentiment of the response questions in relation to our sec-
ondary variables.

All nominal and categorical variables (survey questions
1,2,3,4,5,11,12,16,17,18,19, as seen in Appendix A) were
transformed into binary variables. Survey questions that in-
cluded an “other” option or write-in answers were also cate-
gorized (e.g., in question 2, we added an additional art prac-
tice, which included digital art from the write-in answers).

Demographic questions (survey questions 16, 17, 18, 19
as seen in Appendix A) included asking survey participants
their gender identity to identify whether they were white or
a person of color, choosing their age range and country of
residence. All demographic questions were transformed into
binary variables.

Analytical Methods

Odds ratio In general, the odds of an event are the proba-
bility of success over the probability of failure. This can be



Type Count (%)
Male 273 (59.48%)
Female 163 (35.51%)
Non-binary 23 (5.01%)
White 361 (78.65%)
Person of Color 98 (21.35%)
Age 30-49 233 (50.76%)
Age 18-29 104 (22.66%)
Age 50-64 79 (17.21%)
Age 65 orolder 43 (9.37%)

Table 1: Descriptive statistics for our survey participants,
N=459. A detailed table of descriptive statistics can be seen
in Appendix B.

written as the following equation:

P

L—p
where p is the probability of success. Unlike probability,
odds can be from 1 to positive infinity (Bruin 2011a). The
odds ratio (OR, or #) is simply the odds of one event di-
vided by the odds of another. The OR can be from 0 to pos-
itive infinity, with an OR equal to 1 indicating equal odds
of success between events. The natural logarithm of the OR
is often used, as the transformation renders the distribution
symmetric about 0 (Agresti 2012).

Ordinal Logistic Regression Ordinal logistic regression
(OLR) is a generalization of regression (either multiple lin-
ear or binomial logistic) used for an ordered categorical re-
sponse variable and any number of categorical or numeric
secondary variables. OLR finds the logit (also known as log-
odds) of the dependent variable (Y) being less than or equal
to a certain level (denoted j) (Bruin 2011b). which can be
written as:

ey

: . PY <j)
logit(P(Y < =log——F"%
ogit(P(Y < j)) e
It is important to note that OLR assumes proportional odds,
meaning the effect of the secondary variable(s) is the same
between all levels of the dependent variable.

(©))

Results

459 participants were anonymously surveyed, yielding a
sample reflective of the demographics (gender, ethnicity,
age) of the broader American adult art workforce (See table
1). We conducted this observational study on the opinions
of artists to explore the dynamic interplay between their per-
spectives on the potential benefits and risks of Generative Al
art. This investigation delves into artists’ viewpoints regard-
ing the utility and risks associated with Generative Al art
models, ethical considerations in disclosing artistic works
used in Al art training models, the ownership and rights per-
taining to Al art derivatives, and equitable compensation.
Our results indicate a strong sentiment among artists in fa-
vor of disclosing what art is being used in Al training (RQ3),
advocating against generative Al companies retaining own-
ership of Al-generated outputs (RQ4), and expressing con-
cerns regarding Al’s impact on the art industry’s workforce
(RQI1-2) and who profits from their art.
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In the analysis of survey data pertaining to our primary
research inquiries (see Table 2), 80.17% of the survey par-
ticipants agree that model creators should be required to dis-
close in detail what art and images they use to train their
Al models. We also find that 61.87% of survey participants
agree that Al models are a threat to art workers. In contrast,
44.88% of survey participants agree that Al art models are a
positive development in the field of art, notably with 27.02%
of artists selecting neutral on the Likert scale for this ques-
tion. Interestingly, we see an overlap between artists who
agree that Al art is a positive development and those who
also agree that it is a threat to art workers; 22.03% of sur-
vey participants agreed that both Al was a positive devel-
opment and a threat, which presents an interesting tension
which highlights that the sentiments of artists are nuanced
and some hold complex opinions towards generative Al

We examine a survey question prompting participants to
consider a scenario where an Al art model was employed
by another individual to create artwork distinctly resem-
bling the participant’s style and reflect on the rightful own-
ership of the resulting work and any derivative creations.
Only 26.80% of the participants agreed that the work and its
derivatives be considered the property of the Al model cre-
ators, while 39.22% of participants agreed that the work and
its derivatives be considered the property of the person who
used the Al model to generate the artwork. Finally, 41.39%
of the participants agreed that the work and its derivatives
be considered the property of the artists whose style is be-
ing represented by the Al model output. This result presents
an interesting tension as well between artists who think the
ownership should belong to the original inspiration of the Al
art while others may also want to retain the ownership of the
resulting work. We see in our results that artists who have
used Al art models are more likely to agree that the result-
ing work should be considered the property of the person
who used the model to create the work.

In the following sections, we will present results that
identify the variables most strongly associated with survey
participants who expressed agreement with the primary re-
search questions.

We also look at what types of compensation artists con-
sider fair in exchange for the use of their artwork to train
an Al art model. The results for this question can be seen in
Table 3. We find that 50.97% of survey respondents stated
that they did not need compensation, but what matters to
them is who is profiting from the use of their artwork. The
fair compensation option selected most by our survey partic-
ipants was “I don’t need to profit, but I don’t want for-profit-
companies to profit from my art” (22.80% selected this op-
tion), which indicates that artists are not wholesale against
art being used in Al art models training data, but they oppose
for-profit-companies reaping the financial benefits. Our re-
sults show that 36.56% of respondents did state they would
find some type of compensation fair, only 1.29% of partici-
pants felt that a tax on companies and individuals who profit
from the AI art outputs would be a fair option, and 11.18%
of participants felt that they would not feel comfortable with
any of the compensation options listed.

Descriptive statistics about our survey responses to demo-



Question Strongly Disagree Disagree Neutral Agree  Strongly Agree
Al threat to art workers 6.32% 14.16% 17.65%  33.777% 28.10%
Al positive development for art 13.07% 15.03% 27.02% 22.88% 22.00%
Required disclosure 2.83% 5.23% 11.98% 32.03% 48.15%
Output owned by model creators  32.46% 24.62% 18.74% 15.25% 11.55%
Output owned by Al user 19.61% 22.22% 21.57% 20.92% 18.30%
Output owned by the artist 9.37% 26.58% 25.05% 22.00% 19.39%

Table 2: Participant answers to our primary research questions by percent (answered on a 5-point Likert scale), N=459.

Type

Counts (%)

I don’t need to profit, but I don’t want for-profit-companies to profit from my art
I would donate the use of my artwork to train Al art models (no compensation)

A flat fee

A portion of any profit made from the model creators

Not comfortable with any listed options

A portion of any profit from people who profit from derivative works made using the model

A portion of any profit made

I don’t need to profit, but I don’t want anyone else to profit from my art

I don’t need to profit
Other
Tax

106 (22.8%)
82 (17.63%)
55 (11.83%)
51(10.97%)
42 (9.03%)
32 (6.88%)
32 (6.88%)
27 (5.81%)
22 (4.73%)
10 (2.15%)
6 (1.29%)

Table 3: Counts percent per compensation type.

graphic questions can be seen in Table 1. A full table of de-
scriptive statistics that outlines participants who have used
Al art models, their familiarity with Generative Al, profes-
sional and artistic status, whether or not they have purchased
art and art practices can be seen in Appendix B.

RQ1: Do artists see Generative AI models as a threat
to art workers? This research question investigates artists’
perceptions of Generative Al models as potential threats to
art workers. Our findings reveal that 61.87% of survey par-
ticipants hold the view that Generative Al models pose a
threat to art workers. Thus, while a majority of artists per-
ceive Al as a threat, it is not an overwhelming majority. This
finding is related to survey question no. 15 (see Appendix A
for survey questions).

An ordinal logistic regression (OLR) analysis was per-
formed to examine the relationship between the Likert scale
responses to RQ1 (dependent variable) and the secondary
variables (all odds ratios can be seen in Appendix C), focus-
ing on the odds ratios derived from the OLR model (as seen
in Figure 1).

The results demonstrate a significant relationship (p-value
< 0.05, all detailed odds ratios can be seen in Appendix C)
between agreeing (represents a combination of both the re-
sponses ‘Agree’ and ‘Strongly Agree’ in the Likert scale)
that Generative Al models are a threat to art workers and a
subset of our secondary variables. Here, we see that artists
ages 18-29 are more likely to agree that there is a threat and
that artists who have used Generative Al art models to create
art are less likely to think that it is a threat to the art work-
force.

RQ2: Do artists see Generative Al art models as a pos-
itive development in the field of art? This research ques-
tion investigates artists’ perceptions of Al models as positive
development to the field of art. We ran the same analysis for
our second research question. We found that 44.88% of the
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survey participants agree that Generative Al art models are
a positive development in the field of art. Notably, 27.02%
of artists selected 'neutral’ on the Likert scale for this ques-
tion. This analysis pertains to survey question number 14
(see Appendix A for survey questions).

We conducted an ordinal logistic regression (OLR) anal-
ysis to investigate the association between Likert scale re-
sponses to RQ2 (dependent variable) and the secondary vari-
ables with a focus on the odds ratios obtained from the OLR
model (as seen in Figure 2). Our analysis indicates a strong
relationship (p-value < 0.05, all OLR detailed results can be
seen in Appendix C) between agreeing that Generative Al
art models are a positive development in the field of art and
a subset of our secondary variables. Here, we see that 30-49
years olds, males, persons of color, participants who have
used Al art models, and participants who said they would
donate their artwork to train models were more likely to
agree that generative Al models are a positive development
for the field of art. Whereas makers (note that makers were a
small n (n=5) with a fairly large range in the confidence in-
terval bars represented in Figure 2), females, and those who
identify as artists were less likely to agree that AI models
are a positive development for the field of art.

RQ3: What types of disclosure for the use of artwork
to train an Al art model do artists consider fair? This
research question investigates artists’ perceptions of what
types of disclosure are fair when using their artwork to train
an Al art model. Our results show a consensus among many
artists that transparency and disclosure regarding the specific
images used in training an Al model are essential prerequi-
sites for them to deem the model fair and acceptable. We
see from our survey results that 80.17% of the survey par-
ticipants agree that creators of Al models should disclose
the art and images used to train their models in detail. The
analysis for RQ3 is related to survey question 13 (all sur-
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Figure 2: The ordinal logistic regression results show the
association between secondary variables and answering
‘Agree’ or ‘Strongly Agree’ to RQ2 (Generative Al art mod-
els as a positive development). The x-axis represents odds
ratios on a log scale, with 95% confidence intervals; red bars
indicate significant results (p < 0.05) where the confidence
interval does not cross the dotted line.
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vey questions can be seen in Appendix A), which we used
to run an ordinal logistic regression (OLR) to explore the
relationship between the Likert scale answers to RQ3 and
our secondary variables. The results of the OLR, displayed
in Figure 3 as the odds ratio, show a strong relationship (p-
value < 0.05, all odds ratios can be seen in Appendix C) be-
tween agreeing with the disclosure requirement and a subset
of our secondary variables.

Here, we see that participants with a general familiarity
with Al art or were between the ages of 18-49 were more
likely to agree that Al model creators should be required to
disclose their training data in detail. Participants who ex-
pressed willingness to accept compensation in the form of a
share of the derivatives or profits generated from Al artwork
inspired by their work, along with a portion of the model
creators’ profits, also agreed that disclosure should be re-
quired. Participants who identified as illustrators (note that
illustrators were a small n (n=9) with a fairly large range in
the confidence interval bars represented in Figure 3) or were
between the ages of 50-64 years old were less likely to agree
that disclosure should be required.

RQ4: From an artist’s perspective, who should own
the derivative artwork created by AI art models? Finally,
we look at the question that asks participants to think about
a scenario where an Al art model was used by someone else
to produce artwork recognizably in their (the survey par-
ticipant’s) style and think about who should own the work
and its derivatives. The analysis for RQ4 is related to survey
questions No. 8, 9, and 10 (survey questions can be seen in
Appendix A).

RQ4A: If an Al art model was used by someone else
to produce artwork recognizably in your style (e.g., in
the style of Van Gogh), Should that work and its deriva-
tives be considered the property of the person who used
the AI model to generate the artwork? Here, we explore
the scenario where the owner of the Generative Al artwork
should be the person who used the AI model to generate the
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‘Strongly Agree’ to RQ3 (Should model creators be required to disclose training data). The x-axis represents odds ratios on a
log scale, with 95% confidence intervals; red bars indicate significant results (p < 0.05) where the confidence interval does not

cross the dotted line.

artwork. We see that 39.22% of participants agreed that the
work and its derivatives should be considered the property
of the person who used the Al model to generate the art-
work. We conducted an ordinal logistic regression (OLR) to
investigate the relationship between our dependent variable
(Likert scale responses to RQ4A) and a subset of our sec-
ondary variables, represented by the odds ratio depicted in
Figure 4.

We see evidence of a strong association (p-value < 0.05)
between agreeing and our secondary variables. Namely,
males, persons of color, and participants who have used
Generative Al to make art were more likely to agree that the
owner of the artwork in this scenario should be the person
who used the Al model to generate the artwork. Whereas fe-
males, participants who had purchased a piece of artwork,
and participants who said that they were not comfortable
with any type of compensation for the use of their artwork to
train a generative Al model were less likely to agree that the
owner of the artwork in this scenario should be the person
who used the Al model to generate the artwork.

RQ4B: If an AI art model was used by someone else
to produce artwork recognizably in your style (e.g., in
the style of Van Gogh and you are Van Gogh), Should
that work and its derivatives be considered yours? Here,
we explore the scenario where the owner of the Generative
Al artwork should be the artist whose style is being recog-
nizable and mimicked by the Generative Al art model. Our
survey shows that 41.39% of the participants agreed that the
work and its derivatives should be considered their property
(the artist whose style is being recognizable and mimicked
by the Generative Al art model).

To investigate the relationship between the Likert scale re-
sponses to RQ4B and the secondary variables, we conducted
an ordinal logistic regression (OLR), presented in Figure 5
displaying the odds ratios derived from the analysis. Our re-
sults show that there is a strong relationship (p-value < 0.05,
all detailed odds ratios can be seen in Appendix C) between
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agreeing that the artist whose style is recognizable in the
output should be the owner of the art and a subset of our
secondary variables. We see that participants who are per-
sons of color are more likely to agree that the owner of the
Generative Al artwork should be the artist whose style is
recognizable and mimicked by the Generative Al art model.
Whereas participants who have used Generative Al to make
art were less likely to agree that the owner of the Generative
Al artwork should be the artist whose style is recognizable
and mimicked by the Generative Al art model.

RQ4C: If an Al art model was used by someone else to
produce artwork recognizably in your style (e.g., in the
style of Van Gogh), Should that work and its derivatives
be considered the property of the AI model creators? Fi-
nally, we look at our final scenario where the owner of the
Generative Al artwork should be the Al model creators. Ac-
cording to our survey results, only 26.80% of the partici-
pants believed that the work and its derivatives should be
considered the property of the creators of AI models. To ex-
amine the relationship between the answers to RQ4C on the
Likert scale and other secondary variables, we conducted an
ordinal logistic regression (OLR), as illustrated in Figure 6.

Our analysis suggests a strong relationship (p-value <
0.05, all odds ratios can be seen in Appendix C) between
agreement on Al companies owning the resulting artwork
and a subset of our secondary variables. Participants who
considered themselves tattooists (note that tattooists were
a small n (n=9) with a fairly large range in the confidence
interval bars represented in Figure 6), males, persons of
color, or those who said they would donate their artwork to
train generative Al models were more likely to agree that
the owner of the Generative Al artwork should be the Al
model creators. Whereas participants with a general famil-
iarity with Generative Al Art, females, and non-binary par-
ticipants were less likely to agree that the owner of the Gen-
erative Al artwork should be the Al model creators.
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Discussion

The impact of Generative Al on artists is a complex global
issue with consequences in many arenas, and it must be in-
vestigated through further multidisciplinary collaboration.
We hope this work contributes to the existing literature on
the ethics of Al-generated art and helps to provide a voice
for artists on this topic.

In this study, we surveyed how artists feel about Genera-
tive Artificial Intelligence (Al) in art. Most participants be-
lieve that Al model creators should be required to disclose
the art and images used to train them — an aspect of Gener-
ative Al tools that is far from transparent. However, only a
minority of participants see Al art models as a positive de-
velopment in art, while the majority see them as a threat to
art workers.

When asked who should own the work and its derivatives
when an Al art model is used to produce artwork in a partic-
ular artist’s style, the minority of participants believed that
the Al model creators should own the work. In contrast, the
majority of survey respondents were split between thinking
it should belong to the person who used the Al model or the
artist whose style is represented in the output.

Regarding compensation for using their artwork to train
Al art models, over half of the participants did not require
any compensation but were concerned about who was prof-
iting from their artwork. One concern is that artists will be
reluctant to share their work with each other and with the
public going forward, and there may be resistance to per-
ceived exploitation of that practice, especially in the service
of profit. We think this interpretation is consistent with the
result that some participants stated that they do not require
profit but do not want for-profit companies to profit from
their art. Others considered some compensation fair, while
a minority felt taxing companies and individuals who profit
from Al art outputs would be a fair option. Finally, some
participants stated they would feel uncomfortable with the
compensation options listed. Understanding how the field of
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Generative Al falls short in respecting the values of the peo-
ple who make the cultural artifacts it relies upon — and how
that could be changed — is an important ethical question that
we hope to expand on in future work.

In our future work, we plan to expand the sample size to
a more representative sample. This will increase our study’s
statistical power and allow us to look at how opinions change
over time. Moreover, we would like to put the current flour-
ishing of Generative Al within the context of art history and
taxonomy. We believe that a longer timeline would help con-
solidate, unify, and clarify the relationship between technol-
ogy and art. While it is essential to understand what artists
think about Generative Al, we need to collaborate with ex-
perts from various fields, including art, history, philosophy,
psychology, cognitive science, and others, to understand the
implications of Generative Al on our understanding of art
and its role in our lives.

Appendices and supplementary materials for this paper
can be found on the arXiv version of this paper (Lovato et al.
2024). Data and code can be found at the following URL:
https://github.com/juniperlovato/AASP
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