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Abstract

With the public awareness of artificial intelligence
(AI) applications such as large language models
(LLMs) and generative text-to-video models
reaching unprecedented levels, there is an increas-
ing need to reconcile the perspectives held by
informed practitioners, who research and develop
these technologies, with the interests and opinions
of the general public, who constitute the majority
of people impacted by technological develop-
ments. In this work, we survey practitioners (i.e.,
academics and industry professionals) alongside
members of the general public on perspectives
relating to pertinent areas of artificial intelligence,
including perceived benefit and risk, the ability
for models to achieve consciousness and output
art, and the use of copyright protected material for
model training. Alongside comparisons of diverse
perspectives on these topics, we additionally
contextualise the findings with a discussion of
relevant literature that supports and refutes the
myriad observed stances.!

1 Introduction

The advent of technologies such as large language
models (LLMs) like ChatGPT (OpenAl et al., 2023)
and other artificial intelligence (Al) applications has
driven the unprecedented integration of Al into all
aspects of life, including healthcare (Luo et al., 2025;
Mondal et al., 2022), education (Kumar and Lata,
2025; Han et al., 2024; Selwyn, 2022), entertainment
(Hemraj, 2025), and everyday consumer goods such
as fridges and e-cigarettes. The available investment
capital for Al technology has additionally resulted in
“Al washing”, where products and services exaggerate
the extent and effectiveness of Al integration (Ozturk-
can and Bozdag, 2025; Elhajjar and Itani, 2025; Wu
and Chen, 2022). As a result, the integration of Al
into everyday life causes substantial economic gains

*Work performed while at the University of Sheffield.
Yhttps://github.com/tylerL404/
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for some parties, whilst presenting an economic risk
to others (Restrepo, 2025; Yuan et al., 2024).

There has been a growing body of work in natural
language processing (NLP) on the post-training stage
of model development, particularly regarding the
alignment of model behaviours to human preferences
(Pan et al., 2025; Shu et al., 2025). However, a
substantial quantity of human preference data is
typically required. One issue that commonly arises
during this stage is that such approaches do not
adequately account for the plurality of perspectives
held by individuals across different cultures and
social groups, leaving some demographics under-
represented (Zhi-Xuan et al., 2025; Barretto et al.,
2021). Similarly, the domain of model debiasing and
detoxification relies on prior expectations about what
is considered harmful and offensive (Zhi-Xuan et al.,
2025). Howeyver, research shows that over-reliance on
such approaches results in the degradation of overall
model performance and a preference for abstaining
from responding to topics that may be construed as
sensitive or contentious, effectively neutering model
usability (Kaneko et al., 2023; Meade et al., 2022).

Alongside the rapid deployment of Al technology
and arising challenges in achieving representative
alignment for models, there remains a substantial
gap in understanding regarding the resulting societal
impact. Crucially, the priorities and policies governing
those developing Al (frequently driven by chasing
leaps in technical capabilities and corporate objec-
tives) may not align with the concerns of the public
consumers whose lives these systems fundamen-
tally affect (Horwitz, 2025; Amazon Employees for
Climate Justice, 2025; Right to Warn Coalition, 2024).

To address this critical gap, we conduct a survey
to compare the perspectives of Al practitioners (con-
sisting of academics and industry professionals) with
the general public. In doing so, we ascertain whether
the creators and consumers of such technologies are
aligned, thereby gaining a better understanding of the
benefits and risks of continued Al development. We
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summarise the primary contributions of this work as
follows:

* We conduct a survey of the three primary stake-
holders in the development of artificial intelli-
gence: academics, industry professionals, and
the general public (dichotomised as practitioners
and the public) on topics relating to both practical
and philosophical domains (e.g., economic and
legal concerns, versus art and consciousness).

Responses are analysed to explore whether
practitioners and the public are aligned in
their perspectives on Al, assessing whether
the development of such technologies is to the
benefit of society as a whole.

* We provide an overview of the literature
surrounding Al development, including areas
of legal, economic, and social concern.

2 Related Works

Public Perception of AI. Existing works have ex-
plored the perspectives of different stakeholders in Al
development. For instance, Kendall Roundtree (2024)
presents a meta analysis of literature surrounding
public perceptions of Al development alongside a
sentiment analysis of social media communication
on Quora and Reddit. Their findings demonstrate
concerns regarding the impact of Al development
on employment and the risks of Al driven healthcare.
Furthermore, Brauner et al. (2023) surveyed 122
members of the German public on opinions regarding
personal, economic, industrial, social, cultural, and
health-related factors relating to Al development.
They identified cybersecurity risks as being the most
critical point of public concern when accounting for
the interaction between risk and likelihood, whilst
threats to careers and personal lives were seen as
unlikely, and the position of Al performing unpleasant
and undesirable human tasks was viewed as both
likely and desirable. Furthermore, Selwyn and
Gallo Cordoba (2022) analysed the understanding
of the Australian public on Al in 2020, prior to the
widespread adoption of performant LLMs. Their
results showed that most participants had a sufficient
working understanding of the technology, even if they
self-identified as lacking knowledge.

Comparative Studies. Comparing the general
public and practitioners, Pew Research Center (2025)
directly surveyed 5k+ members of their American
Trends Panel and 1k+ authors of Al publications in
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2024 (all of which reside in the United States).” Re-
sults showed that Al experts were significantly more
optimistic than the public regarding the potential im-
pact of Al particularly towards medical care, the econ-
omy, and education. We compare the findings of the
present work with Pew Research Center (2025) in Ap-
pendix A.1. Whilst these findings establish a trend of
practitioner optimism and public pessimism, existing
comparative works have focussed on broad societal
applications (e.g., the economy and healthcare), whilst
the present work additionally explores philosophically-
laden topics such as art, creativity, and consciousness.

Present Work. Building upon these findings, we
address gaps in the literature by surveying public and
practitioner views on Al with a predominant (though
non-exclusive) focus on language technologies. In
addition to topics pertaining to practical areas such
as the economy and healthcare, we further investigate
perspectives surrounding philosophical concerns, such
as the ability for Al to generate art and demonstrate
consciousness. Such exploration enables a deeper
understanding of people’s fundamental perspectives
regarding subjective topics where opinions are more
resistant to change, in comparison to concerns that
can be empirically verified (e.g., the impact of Al on
economic growth and employment).

3 Methodology

Recruitment of Participants. Recruitment was per-
formed through addressing email lists at the lead au-
thor’s institution, posting on social media, and ap-
proaching industry contacts for possible survey dis-
semination. A wider range of general public respon-
dents was sought through posts on Reddit and the
placement of the survey on SurveySwap. All partici-
pants were encouraged to share the survey to further el-
igible participants. Responses were collected in 2025.

Survey Phrasing/Pilot. A small scale pilot study
was performed to elicit feedback regarding question
clarity and logistics (2 practitioners and 2 members
of the public). Phrasing was altered for clarity in light
of this feedback.

Response Filtering. All participants were asked
to respond to questions outlining their understanding
and familiarity with Al technologies in addition

2As a result, this work was both American-centric, and
also surveyed members of a questionnaire panel, resulting in a
substantial response bias. In contrast, this work is international
(though predominantly European), and anonymous.



to their understanding of the technical underpin-
nings of machine learning (e.g., architectures and
training methodologies). Participants additionally
self-identified their position within Al development
as being in academia (e.g., researchers and lecturers
in natural language processing, computer vision, and
general machine learning), industry (e.g., private
researchers and applied Al software developers) or the
general public. Using responses to a five-point Likert
scale, we removed self-identified in-domain aca-
demics and industry practitioners who did not identify
their own general and technical Al knowledge to be
above or equal to 3. As a result, we filter out mistaken
self-identifications (as practitioners necessarily must
have sufficient domain-knowledge), whilst not being
overly restrictive (e.g., requiring technical knowledge
ratings of 4-5), therefore allowing multidisciplinary
practitioners who may regularly use Al systems as the
focus of their work, but for whom a deep technical
knowledge may not be mandatory. Finally, response
timestamps were checked for suspicious activity such
a botting, of which no evidence was found.

Demographic Information. In total, the survey
received 336 responses: 69 academics, 33 industry
professionals, and 234 members of public. Following
filtering, this resulted in 76 practitioners across
academia and industry, and 212 members of the
general public. Over half of respondents were Millen-
nials (born 1981-1996), with similar numbers of Gen
X (1965-1980) and Gen Z (1997-2006), at ~20%
each).>* A further small number of respondents
were from the Baby Boomer generation (1946-1964).
In terms of geographical spread, the majority of
respondents were from Europe (=~60-70%), with a
considerable number of North American responses
(=17-30%). A further nominal number of responses
were received from Oceania, East Asia, Southeast
Asia, and the Middle East/North Africa (MENA). In
total, age and geographical demographics were com-
parable across practitioners and the public, providing
a sample that is not explicitly restricted to a specific lo-
cale or other demographic variable. We do not present
further results breakdowns by region or age due to the
skewed distribution. Additional information regarding
the industry/field breakdown of the public respondents
is provided in Figure 7 within Appendix A.3.

Rating Scales.
were rated on a 5-point Likert (i.e.,

All non-categorical statements
strong disagree”
3Respondents were required to be at least 18 years of age.

*We use the textual generational labels for ease of reference
- full date ranges were presented to respondents.
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Figure 1: Practitioner and public use of Al technologies
in free time and employment.

to “strong agree”, or the semantic equivalent for a
given question phrasing).> Only broad demographic
information was collected to encourage honesty, as
some respondents may have opinions that challenge
the public stance of the organisations they represent.
Question phrasing has been condensed for inclu-
sion in visualisations, whilst the full original questions
are presented in Table 1 within Appendix A.2, in
addition to significance testing for ordinal responses.®

4 Artificial Intelligence Usage

With the wide range of forms that artificial intelli-
gence and machine learning models take, from simple
grammar correction and translation tools to in-line
code suggestions and autonomous driving assistance,
in Figure 1 we first outline the different technologies
being used both at home and for work.

Similar popularity rankings can be seen for differ-
ent technologies between practitioners and the public,
but with different levels of general use. For instance,
the most popular technologies for personal use across

SParticipants were only presented with the linguistic labels for
the two extremes (i.e., 1 and 5), whilst a middle-point “neutral”
option is added to figures for clarity.

®Differences between practitioner and public responses are
significant at & =0.01 for all statements.



both groups are translation tools and open-domain
chatbots, with more than half of respondents from
both groups using such technologies, whilst a consid-
erable portion of people additionally interact with im-
age generation, virtual assistants, and grammar correc-
tion Al (=20%). Across both groups, the rarest tech-
nologies used by participants are autonomous driving,
Al-driven telemedicine, and music generation mod-
els - likely owing to their niche application, relatively
rudimentary abilities, or high financial barrier to en-
try. Importantly, over half of public respondents used
open-domain chatbots (i.e., LLMs). Such results are
unsurprising, with OpenAl revealing that by 2025, ap-
proximately 10% of the world’s adult population had
interacted with ChatGPT alone (Hitzig et al., 2025).
Regarding Al-usage at work (or in study, for full-time
students), less than 30% of public respondents interact
with any, whilst the majority of practitioners make use
of open-domain chatbots and specialised code models.
Of the respondents that reported using any Al appli-
cations in their employment, almost half of the public
(43%) and more than half of practitioners (55%), did
so without endorsement or recommendation by their
employer, presenting data protection concerns. Fur-
thermore, 22% of practitioners and 7% of the public re-
ported that only a subset of the Al technologies used in
employment were endorsed by their employer, while
still making use of technologies outside of this scope.

5 Training Data Collection

The following section focuses on concerns surround-
ing the use of publicly available and potentially copy-
right protected material for model training. Owing
to the need for large volumes of data to imbue models
with sufficient world-knowledge and enable reasoning
abilities, much of the available training data is sourced
via scraping large volumes (i.e., the majority) of avail-
able web content, to then partially compete against
human authors and creators in the same domains.
As a result, popular pre-training corpora include
collections such as CommonCrawl (Common Crawl
Foundation, 2025) and RedPajama (Weber et al.,
2024), which consist largely of publicly available data.
Howeyver, whilst model exist that have been trained
on highly curated and ethically collected data, such
as Olmo (Ettinger et al., 2025; Walsh et al., 2025;
Groeneveld et al., 2024), which is trained on the
Dolma dataset (Soldaini et al., 2024), the majority of
large-scale pre-training still concerns mass-collected
data where little regard is given to the licenses of the
original works and the rights of copyright holders.
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Whilst at the time of publication, the legal status
of Al training remains unclear, there have been a
growing number of legal challenges on the topic of
model training, including for language generation
(Advance Local Media LLC v. Cohere, 2025), code
generation (Doe v. Github, Inc., 2022), and image
generation (Andersen v. Stability Al, 2024). In part,
such cases concern the disregard of traditionally
upheld copyright protections and the debated matter
of model training constituting fair use. This has
resulted in loopholes being exploited by some
companies, such as Anthropic legally obtaining
non-pirated physical copies of print publications
and destructively scanning them (Teilmann-Lock
and Savin, 2025; Bartz v. Anthropic PBC., 2025),
following fair-use precedent set by Google Books
(Authors Guild Inc. v. Google Inc., 2015).

Additional complications arise from unclear
agreements between platforms and users, where user
consent is purportedly given for data to be used for Al
purposes, whilst the layperson user is not fully aware
of their agreements. Such patterns have been previ-
ously observed with the use of end user license agree-
ments (EULASs), where details are obfuscated behind
legalese or buried with extensive terms and conditions
(Corbett, 2019; Hutton and Henderson, 2017).

Figure 2 presents survey results regarding whether
companies should be permitted to train on public
data without the explicit consent of copyright holders.
Overall consensus of both groups is against the motion
that copyrighted material should be without explicit
consent (64% for practitioners and 90% for the pub-
lic). However, a clear discrepancy is seen between the
groups, with 31% of practitioners being in favour of
being able to make use of copyright protected material
without consent, versus only 4% of the public.

One potential explanation is practitioners viewing
the often lengthy and expensive process of obtaining
license information and contacting rights-holders to
be burdensome, whilst members of the public may
not believe that the benefit they receive from more
performant Al products outweighs the implications of
private organisations profiting from models trained on
the work on uncompensated individuals. In particular,
this topic raises a potential conflict of interest in prac-
titioners, with many positions being highly lucrative
compared to most employment performed by the pub-
lic (Bone et al., 2025; PwC, 2025). As a result, being
able to more quickly perform research and develop
successful products may lead to increased compensa-
tion or career progression for practitioners, whilst from
the public perspective many jobs are placed under



growing threat of replacement (Restrepo, 2025). On
the other hand, mandating that companies have the req-
uisite permissions for all training data can be viewed
as a competitive disadvantage in the Al race, allowing
companies in jurisdictions with more relaxed intellec-
tual property laws to have a significant advantage by
having access to substantially larger volumes of data
(Rosati, 2025, 2019). We speculate that open-access
models with lower barriers to entry (i.e., no fees) are
more likely to receive licensing permissions owing to
the wider democratisation of their capabilities.

Companies should Train on Public Data without Informed Consent
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Figure 2: Practitioner and public beliefs concerning Al
models being trained on public data without explicit
informed consent.
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6 Art & Creativity

Whilst Al applications have previously been
developed predominantly for more mundane or supra-
human tasks such as text summarisation and cancer
screening, models have now become capable of
generating articulate, engaging text and realistic video,
resulting in such systems increasingly being used in
tasks that have historically relied on human creativity,
such as writing narratives (Teleki et al., 2025)
and poetry (Gongalo Oliveira, 2017) or designing
infographics (Ghosh et al., 2025; Zhu et al., 2020) and
movie trailers (Yao et al., 2025; Argaw et al., 2024).
Consequently, respondents were surveyed on their
perspectives regarding the ability for Al models
to demonstrate creativity and generate art - two
philosophically-loaded concepts that are frequently re-
lated to intention and embodied experience, which Al
may be considered to lack (Leong, 2025). Results are
presented in Figure 3. Across both practitioners and
the public, consensus is against Al models being capa-
ble of either of these feats. However, responses within
practitioners on the topic of Al creativity are less
unanimous, with only a small majority (32%) being
strongly of the belief that such systems are incapable
of creativity, compared to 74% of public respondents.
This discrepancy between creativity and art
highlights a key insight into the differing perspectives
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Figure 3: Practitioner and public beliefs concerning the
ability of Al models to be creative and generate art.

of both parties. Whilst art is often seen as a highly
human-centric concept that requires intention and
meaning, creativity may also be defined as the ability
to produce unique ideas (Dow, 2017). Consequently,
technologies such as large language models are capa-
ble of rearranging sequences observed from training
data to output novel linguistic strings (and therefore
ideas). Practitioners may be more likely to consider
such outputs as being creative, even if the ideas are
amalgamations and abstractions of existing human
thoughts contained in training corpora. Such com-
paratively shallow abilities have been referred to as
pseudo-creativity (Runco, 2023). Even within humans,
there is debate as to whether creativity is truly novel,
or the result of exposure to embodied experiences that
constitutes our training data (Lynn and Bassett, 2020).

Extensive work has demonstrated that people
are more likely to rate content negatively when it is
suggested that it has been created by Al rather than
another human, regardless of tangible characteristics
(Bellaiche et al., 2023). This preference for human-
created content over machine created content is a
simple an extension of longstanding patterns observed
alongside industrialisation, such as the value placed
behind handmade items versus the perceived coldness
of machine produced products (Degirmenci et al.,
2025; Fan et al., 2024; Fuchs et al., 2015; Kruger et al.,
2004). The implications for future development are
myriad, primarily concerning the nature of human-in-
the-loop (HITL) generative systems and the extent to
which human intention and intervention is necessary
for the output of a human-in-the-loop system to retain
deeper meaning as it relates to art and creativity. For
instance, whilst such systems may be frame as collab-
oration between humans and Al, determining the level



of agency and ownership of either participant remains
difficult (Carrera et al., 2026), particularly for creative
domains (Salma et al., 2025; Loakman et al., 2025).

7 Thought & Consciousness

Whilst once firmly in the remit of science fiction
(Nader et al., 2024; Hermann, 2023; Hudson et al.,
2023), the concept of artificial consciousness and
the ability for machines to emulate internal cognitive
processes such as thought is progressively being
viewed as more viable. A former Google engineer
made news by claiming that the LaMDA (Thoppilan
et al., 2022) language model was sentient (Tiku,
2022). Whilst dismissed by the community at large,
this presented one of the first notable moments
where an in-domain practitioners with expertise
made positive claims regarding the sentience of
computational models. Previously, such claims were
laregely limited to non-experts whose beliefs about
sentient machines may have been dismissed as a lack
of understanding (Selwyn and Gallo Cordoba, 2022).

Implications for the consciousness of such
technologies includes needing to ensure that such
models are not subject to undue suffering and other
protections analogous to human-rights (Metzinger,
2021; Schwitzgebel and Garza, 2020; Laukyte, 2019).
Furthermore, the consciousness of such models has
further potential legal implications pertaining to the
allocation of blame and responsibility for the outputs
of such technologies such as harmful language
(Veluwenkamp, 2025; Noh, 2025).

Survey respondents were queried on whether
Al models are, or will become, capable of thought
and consciousness, and the consequent real-world
implications regarding legal protections for Al
analogous to human rights. The results in Figure 4
demonstrate that by and large, both practitioners and
the public dismiss the potential sentience of such
models, with approximately half of all respondents
strongly rejecting both claims. However, only 42%
of practitioners strongly rejected the claim that Al
models will ever require human-rights style protec-
tions, whilst 17% and 21% gave a weaker rejection or
were neutral on the topic, respectively. Furthermore,
for both questions and for both practitioners and
the public, we see at least some respondents giving
positive responses, demonstrating that the belief in
artificial consciousness and the subsequent need for
legal protections is not an entirely fringe belief.
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Figure 4: Practitioner and public beliefs concerning the
ability for Al systems to be capable of thought and con-
sciousness, and the likelihood of requiring legal protections.

8 Societal Impact

In this final section, we investigate the aspects of
society that people believe are impacted by Al in a
net positive or negative way. Figure 5 presents public
and practitioner perspectives on the overall impact
of Al systems on society at large, both now and in
the future. The results show that the public have a
much more negative view of the societal impact of
Al, with a strong majority of respondents having
negative views on the impact of Al at the time of
response (83%), and longer term forecasts (77%),
versus less than half of practitioners (46% and 51%,
for the present and future, respectively).
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Figure 5: Practitioner and public beliefs concerning the
present and future societal impact of Al



Figure 6 presents a breakdown of the specific do-
mains and industries where Al is considered to be a net
positive or negative. Most strikingly, 56% of public re-
spondents and 21% of practitioners believe that Al pro-
vides no net benefit to any of the presented areas. In
contrast, 3% of public respondents take the optimistic
stance that none of the proposed areas are impacted
by Al in a net negative way. Whist raw percentages
differ, the results for both net positive and net negative
areas are comparable between both practitioners and
the general public, demonstrating that specific areas
of concern are shared across the surveyed population.

Of the most positively viewed domains, disagree-
ment between the public and practitioners is highest
for research, healthcare, education, entertainment,
and creativity - with an approximately 2-4x higher
proportion of practitioners presenting positive views
of the potential impact of Al in these domains than
public respondents.

Areas Al Provides a Net Positive Impact

[ Practitioners

Public

% Responses

[ Practitioners
Public

% Responses

Figure 6: Practitioner and public beliefs concerning
the subdisciplines of Al that present overall positive or
negative impacts on society.

Overall, the finding that half of surveyed practi-
tioners view Al’s societal impact to be net negative
is concerning. One interpretation of this finding
is that practitioners with this view may wish to
remain involved in the field in order to help direct
Al development towards positive societal utility,
even if they view the domain as a whole as trending
negatively. In the following section, we elaborate on
some of the key areas of societal impact:

8.1 Accessibility

Al technologies can significantly lower barriers to
partaking in activities that have traditionally required
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specialised skill sets and knowledge (Costa et al.,
2024; Dessimoz and Thomas, 2024). Whilst the dawn
of the internet presented a positive step in this direc-
tion, much specialised knowledge remained complex
and difficult to understand. Consequently, the use
of technologies such as large language models to
summarise and explain concepts in a more accessible,
simplified manner further reduces barriers. Barriers to
other skills have likewise progressively been reduced,
such as being able to create music or animations.
However, reducing the skill level required to partake in
activities has been shown to reduce a skill’s perceived
value, therefore garnering negativity from those who
learnt with less assistance (Kruger et al., 2004). Ad-
ditionally, the over-reliance on Al aids may generally
reduce the ability levels of a population over time
(Gerlich, 2025; Macnamara et al., 2024). Alongside
lowering the overall barrier to entry for the general
public, Al technologies also provide assistance to
those with disabilities, for whom access to a given ac-
tivity may have otherwise been impossible, rather than
just requiring more effort (Brotosaputro et al., 2024).

8.2 Research

The use of Al in academic research has enabled the
significant scaling of experiments, resulting in a faster
rate of progress (Nolte and Tomforde, 2025; Gottweis
et al., 2025; Lu et al., 2024). However, in specific
research domains, the use of Al has increasingly pre-
sented challenges. For instance, the pre-print platform
arXiv decided to halt the acceptance of survey papers
and opinion-pieces due to an influx of low-quality
Al generated works (Boboris, 2025), whilst many
academic venues report the use of Al by reviewers,
usually without disclosure. This results in a pipeline
where research works have their aims and hypotheses
generated by Al, the methodology implemented with
Al and the results written into papers by Al to be later
reviewed by Al (Gottweis et al., 2025; Lu et al., 2024).
This is compounded by the volume of research works
published in fields such as machine learning and
natural sciences (van der Zwaard et al., 2020; Pontis
et al., 2017; Bornmann and Mutz, 2015), meaning
that a significant number of these works go untouched
by human eyes throughout their entire life cycle.

8.3

The survey responses show that the impact of Al on
healthcare is considered positive by many people. For
areas such as genome sequencing, early screening of
life threatening conditions, drug discovery, and other
big-data-reliant healthcare fields, Al and machine

Healthcare



learning are integral to meaningful, timely progress
(Bajwa et al., 2021; Zhavoronkov et al., 2019). Ad-
ditionally, the availability of Al doctors may help to
alleviate strains on medical systems, including in less
economically developed nations where medical exper-
tise may not be readily available at the scale required
for the population (Yousef and Schmollgruber, 2024).
However, negative sentiment arises when considering
the use of Al for final diagnoses and decision-making
roles, such as determining the likelihood of sur-
vival for someone on life support, without human
intervention being required for the final decision.

8.4 Wellbeing

In terms of mental health and social wellbeing,
there has been an increasing number of individuals
turning to Al assistance for therapy and counselling
services, owing to the relative affordability and the
perceived anonymity of conversing with a language
model (Cox et al., 2025; Lee et al., 2020). However,
most implementations of Al for this task rely on
third party hosted instances of proprietary models,
where sensitive data is shared with international
corporations, rather than self-hosted open-source
implementations that require substantial financial and
educational investments to use. Additionally, model
debiasing and detoxification are not solved issues,
resulting in instances where models have prompted
vulnerable users to either make unsupported medical
decisions, or take their own lives whilst in depressive
episodes (Schoene and Canca, 2025; Judd et al., 2025;
Arnaiz-Rodriguez et al., 2025).

8.5 Information Integrity

As the most negatively viewed impact of Al on society
in our survey, information integrity refers to the relia-
bility and trustworthiness of outputs presented by such
technologies. Technologies such as large language
models are able to facilitate bad actors in the creation
and propagation of fake or misleading information at
an unprecedented scale, largely going undetected by
users (Williams et al., 2025; Radivojevic et al., 2024a;
Chen and Shu, 2024). Such materials exist both as
web pages and as bots acting as real social media users
to promote anger and civil unrest (Radivojevic et al.,
2024b). Further adding to the concern, whilst image
and video evidence of an event was once considered
almost infallible, developments in the automatic gener-
ation of such mediums has slowly eroded the utility of
such evidence (Iannuzzi et al., 2025; Pataranutaporn
et al., 2025; Maras and Alexandrou, 2019). Combined
with the growing distrust of governments and news
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media, false information is able to propagate faster
than ever (Garry et al., 2024; Prats et al., 2024; Mit-
telstadt et al., 2023; Ognyanova et al., 2020). Further-
more, even within the scope of expected use, hallucina-
tion remains a prevalent concern, casting doubt on the
factual accuracy of model outputs, requiring additional
verification that many users skip. As such problems
worsen and more content becomes model-generated,
progress towards realising the dead internet theory
increases (Walter, 2025; Muzumdar et al., 2025).

9 Conclusion

This work contributed further insights into the differ-
ences of opinion held by the individuals responsible
for the development of artificial intelligence technolo-
gies (i.e., practitioners) and the members of public that
constitute the majority of people impacted by such
developments. Through a survey, we highlight key dif-
ferences between both parties, particularly concerning
opinions on copyright responsibilities, societal impact,
and the philosophical concerns of art, creativity, and
consciousness. Our results support the findings of
prior work, empirically demonstrating that practition-
ers have more optimistic views toward Al technolo-
gies than the general public. We argue that such differ-
ences in opinion between practitioners and the public
are not irreconcilable, but highlight the need for the
public to become more well-informed about the nature
of Al technologies, as well as the need for practition-
ers to engage more actively with stakeholders outside
of the technology industry and corporate interests to
better understand the perspectives of society at large.

Limitations

We performed a survey of opinions on the develop-
ment of artificial intelligence from the perspectives
of practitioners and the general public. However, we
were only able to capture a small subset of opinions
from each of these parties. Owing to logistics and
ethics approval procedures, we were unable to collect
responses from individuals in rural communities
across the globe with limited access to technology, in
addition to the young (who were unable to participate
in this work due to the 18+ age restriction), and the
the elderly. Due to the survey being presented only
in English, we were additionally not able to receive
responses from individuals who are not fluent in
English. Whilst we did not enforce a geographical
boundary on responses to the survey, the primary
demographic represented in this work is that of Mil-
lennial Europeans, rather than a stratified sample of



the world’s true population for representativeness. We
highly encourage research groups globally to perform
further work in this vain (as well as longitudinal
analyses of how perspectives evolve over time as
the technology advances). Furthermore, the largest
field from which public respondents were recruited
from is technology (excl. ML/AI), constituting 30%
of respondents. However, no statistically significant
difference was found between members of the public
working in technology and those not.
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A Appendix

A.1 Comparison to Existing Work

In the following section, we compare our findings to
those reported in Pew Research Center (2025), where



comparable lines of questioning are available. Regard-
ing long term impact of Al (Figure 5) we observe less
optimistic results, with only 33% of practitioners and
10% of the public having favourable views, versus
17% of the public and 56% of the experts surveyed
by the Pew Research Center. Furthermore, regarding
specific areas of benefit (Figure 6), we observe no
specific domain in which the majority of practitioners
or the public believe Al will present an overall benefit.
In contrast, Pew Research Center (2025) observe
majority positive perspectives towards Al’s effect on
the economy and medical care by practitioners, whilst
the public remain mostly pessimistic. However, our
results echo the overall finding that practitioners are
almost universally more optimistic than the public.
However, regarding Al concerns, both the present
work and Pew Research Center (2025) demonstrate
that inaccurate information (i.e., information integrity)
is one of the most pressing concerns.

A.2 Original Phrasing & Statistical Testing

The exact question phrasing as presented to partic-
ipants is presented in Table 1, alongside the results
of statistical significance tests regarding differences
between practitioner and public responses.

A.3 Additional Demographic Information

Additional information regarding the specific fields
that public respondents came from is presented in
Figure 7.
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Figure  Original Question Practitioner ~ Public U PBH r

- How familiar are you with the general idea of AT and ML and their applications? - - - - -
How familiar are you with technical aspects of AI/ML (e.g., neural networks, deep learning)? - - - - -
Which Al-powered tools or applications have you used in your own free time? - - - - -
Which Al-powered tools or applications have you used to aid in your work/employment? - - - - -
Was using the Al-powered tools selected above in your work/employment man- - - - - -
dated/recommended by your employer?

JUNY (U VN Y

2 Do you think that AI/ML companies should be able to train models on publicly available data 221 1.39 10,205.0 <0.001 0.267
(e.g., social media posts, PDFs, YouTube videos, etc.) without explicit informed consent?

3 Do you believe that Al is capable of generating art? 249 1.61 10,653.5 <0.001 0.322

3 Do you think that Al is capable of thinking and being conscious? 222 1.44 10,407.5 <0.001 0.292

4 Do you believe that AI/ML systems are capable of being creative? 2.53 1.50 11,738.0 <0.001 0.457

4 Do you think that an AI system will ever need to be granted protections similar to 2.29 1.75 9,927.5 <0.001  0.232
human-rights?

5 In its current state, how do you perceive the impact of Al on society? 2.54 1.60 11,400.0 <0.001 0.415

5 How do you perceive the impact of AI on society to change long-term (e.g., the next 10 2.57 1.77 10,628.0 <0.001 0.319
years)?

6 In which areas do you believe Al provides an overall positive impact? - - - - -

6 In which areas do you believe Al provides an overall negative impact? - - - - -

Table 1: Original questions as posed to survey respondents. Two-sided Mann-Whitney U Test results comparing
practitioner and public responses are provided, alongside mean Likert scores and absolute rank-biserial correlation (1) for

effect size. p-values are adjusted using the Benjamini-Hochberg procedure across all 12 evaluation metrics. Practitioner
N =76, Public N =212.

Industry Breakdown of the General Public

Technology / IT / Software Development ] 30.5%
Education and Academia | 13.8%
Unemployed | 9.5%
Arts and Creative Industries] | 8.6%
Healthcare and Medical Services :l 6.2%
Media, Advertising, and Entertainment :l 5.2%

Construction and Engineering :]
Government and Public Administration :l 3.3%
Nonprofit and Social Services :
Transportation and Logistics :I 2.4%

Manufacturing and Industrial Production :l
Finance and Banking l:l 1.9%

Science and Research (non-academic) :I

Hospitality, Travel, and Tourism :l
Agriculture and Food Services

1
Retail and E-commerce I:I 1.4%

]

L]

Industry / Field of Work or Study

Cultural Heritage
Telecommunications
Energy and Utilities :l 0.5%

Legal and Law Enforcement :l 0.5%

0 5 10 15 20 25 30 35
% of Public Responses

Figure 7: Breakdown of industries within which public respondents operate.
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