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Abstract

Recent advances in large language models
(LLMs) have rapidly increased the public’s in-
terest in natural language processing (NLP).
This attention is reflected by news outlets invit-
ing NLP researchers to share their knowledge
and views with public audiences. Recogniz-
ing the opportunities for the research field and
for individual researchers, this paper shares
recommendations for speaking with news me-
dia about NLP’s capabilities and limitations.
Drawing on the topical structure of research
communication frameworks published by the
US National Academies of Sciences, Engineer-
ing, and Medicine and the European Union’s
QUEST project, recommendations are pro-
vided for three field-appropriate communica-
tion challenges: cognitive terminology, unsus-
tainable expectations, and ethical failures. Pub-
lished NLP research and popular news cover-
age are cited to provide examples. The rec-
ommendations promote effective, transparent
communication with the general public about
NLP, in order to strengthen public understand-
ing and encourage support for research.

Note

Because of the subject matter, this paper cites a
variety of types of sources, including news articles,
unpublished essays, preprints, and whitepapers.
Citations and references marked with an asterisk
(i.e., *) represent sources that are not known to be
peer-reviewed.

1 Introduction

Public communication is a vital task for the nat-
ural language processing (NLP) research com-
munity, which faces a unique confluence of cir-
cumstances. Interest in LLMs has led news
venues to publish non-technical explanations of
how LLMs work (Roose, 2023%*; Clarke et al.,
2023*), predictions about LLMs’ future abili-

ties (Waters, 2025%), explorations of LLMs’ so-
cial biases (Rogers, 2025%*), and concerns about
their impacts on employment (Hayes, 2025%). Jour-
nalists also have interviewed researchers who cri-
tique claims about artificial general intelligence
(AGI) (Heikkild, 2025%*; Piquard, 2024*). Within
scholarly literature, LLMs are sometimes claimed
to be an existential threat to humanity (Tait and
Bensemann, 2024; Grozdanoff, 2023), while some
critique the plausibility or meaning of AGI (Blili-
Hamelin et al., 2025; Mueller, 2024*). Regardless
of stance, these activities reflect an unprecedented
surge of public attention.

The public discussion of NLP extends into cul-
ture and language, as NLP researchers contend with
portrayals of Al in science fiction (Osawa et al.,
2022) and ambiguity over cognitive terms such
as reason and understand (Mitchell and Krakauer,
2023). While research communication is a chal-
lenging task for many scholarly disciplines (Simis
et al., 2016), little support is available for the acute
challenges that NLP researchers currently face.
This gap in support contrasts with the importance
of research communication: it encourages public
support for research funding, influences public pol-
icy, and engages students who may become future
researchers.

This paper serves as a referenceable set of
recommendations for NLP researchers interact-
ing with news media, including interviewing with
journalists and publishing commentary. It de-
rives thematic and structural inspiration from re-
search communication frameworks published by
the US National Academies of Sciences, Engi-
neering, and Medicine (2017%*) and the European
Union’s QUEST project (2020*). Their guidance
is translated into three challenges for communi-
cating NLP research: cognitive terminology (§3),
unsustainable expectations (§4), and ethical fail-
ures (§5). Rather than replacing existing guidance
(as reviewed in §2), this paper fills a notable gap by
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attending to the contemporary challenges specifi-
cally relevant to NLP.

2 Background and Related Work

The US National Academies created a framework
for exploring the task of research communication
(2017%*), but its guidance is intentionally broad (i.e.,
for all disciplines at once). This paper translates
the three core challenges in their framework into
challenges for NLP: the complexities of communi-
cating science (cognitive terminology, §3), commu-
nicating science in a complex, competitive commu-
nication environment (unsustainable expectations,
§4), and the nature of science-related public con-
troversies (ethical failures, §5). Similarly, the Eu-
ropean Union-funded QUEST (QUality and Effec-
tiveness in Science and Technology communica-
tion) project identified 12 quality indicators for sci-
ence communication and clustered them into three
themes (QUEST Project, 2020*). Their themes
are aligned with the same challenges: presentation
(cognitive terminology), connection (unsustainable
expectations), and trustworthiness (ethical failures).
No such mapping or guidance can be comprehen-
sive, which is discussed further in Limitations, but
these prior frameworks lend focus and structure to
the present work.

Prior published literature on research communi-
cation provides little guidance tailored to NLP (i.e.,
in contrast with general guidance for researchers
in any discipline). Notably, Hudson and Franklin
(2023*) observe that using performance figures to
describe explainable Al research alienates public
audiences. A series of AAAI tutorials have focused
on science communication (e.g., Smith (2025)),
but their reach and accessibility differ from a pub-
lished paper. Wyrich and Wagner (2023) designed a
course-based exercise for computer science under-
graduates to practice communicating software engi-
neering research, but they focus on describing the
exercise itself. Beyond computing, Fontaine et al.
(2019) surveyed the literature on public commu-
nication by researchers within the health sciences.
They noted wide use of social media and proposed
a typology of strategies. These include minimizing
the use of jargon, encouraging public discussion,
and making information actionable, among others.
Kuncel and Rigdon (2013*) address science com-
munication for psychology, with a focus on making
statistical methods understandable.

Finally, this paper follows an established prac-

tice of NLP conference papers that reflect on com-
munity challenges. Examples include Rogers and
Augenstein’s recommendations for improving peer
review (2020), Blodgett et al.’s critique of how bias
is discussed (2020), and Mosbach et al.’s discus-
sion of interpretability research (2024).

3 Cognitive Terminology

NLP researchers often describe their work using
terms that public audiences associate with cog-
nition, and the cognitive claims those terms im-
ply might be intended or unintentional. Addition-
ally, the research community lacks an agreed-upon
stance on some cognitive claims, partly because of
a lack of agreement for what they mean (Bender
and Koller, 2020). These conditions are difficult
for non-experts to navigate, limiting their abilities
to interpret or support NLP research. This section
illustrates with terms used in published research.

3.1 It’s Complicated: NLP’s Relationship
With Cognitive Terms'

Terms with cognitive implications (among their
other implications) have a long history in NLP,
and some are widely interpreted by researchers
as non-cognitive. Predict, for example, has been
associated with text classification at least as early
as the 1990s (Riloff and Lehnert, 1992; Liddy et al.,
1994) and possibly earlier. Read also has a long
history (Srihari, 1992; Govindan and Shivaprasad,
1990). Learn (as in machine learning) originates
from a 1959 paper by Arthur Samuel about pro-
grams that play the game of checkers (Samuel,
1959; Foote, 2021*). However, a non-expert may
associate all three of those terms with the ability
to think or understand, broadly without definitions.
Observe that “a human must understand to predict”
is intuitively reasonable, but several papers cited in
§1 show that “a language model must understand
to predict” is not universally agreed upon by the
NLP research community.

LLMs’ capabilities and limitations have ampli-
fied attention to cognitive terms. Hallucinate is
widely used by the research community (Huang
et al., 2025), even if a precise meaning is not agreed
upon (Narayanan Venkit et al., 2024). However, the
relevance of understand, reason, and think are con-
troversial (Bender and Koller, 2020; Shojaee et al.,

"Note this manuscript does not evaluate cognitive claims
about LLMs. Instead, it shows how the NLP research commu-
nity uses cognitive terms differently from the general public,
including examples that predate LLMs.
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2025%). Again, the relationships between these
terms within NLP may not match the relationships
intuited by an outside audience. For example, a
human who is hallucinating is presumably thinking
(albeit aberratively), but a hallucinating LLM is not
agreed upon by the research community to be think-
ing. Additionally, researchers in the health sciences
have criticized using hallucinate to refer to LLM
behavior as inappropriate and misleading (Smith
et al., 2023; @stergaard and Nielbo, 2023).

A further complication occurs when arguments
against LLMs’ cognitive abilities nominally ex-
clude humans from having those same abilities.
For example, Shojaee et al. (2025*) argue that lan-
guage reasoning models (LRMs, closely related to
LLMs) cannot think because of “a complete accu-
racy collapse” for complex tasks. The human brain
also has task complexity limits (Marois and Ivanoff,
2005), but in contrast with LL.Ms, the human brain
is widely recognized as capable of thinking.

3.2 Recommendations

NLP researchers speaking to the public should pro-
vide scope for cognitive terms they use. Given the
above obstacles, it is helpful to tell an audience
what terms such as predict or reason mean in a con-
text. If a non-cognitive term can replace a cognitive
one, that substitution may provide greater clarity.
When benchmarks are relevant, describing them
can demystify how a cognitive or quasi-cognitive
claim is justified. A general goal is to avoid the
possibility of unintended cognitive implications for
LLMs or other human language technologies.
NLP researchers should balance correcting cog-
nitive misconceptions about LLMs with tolerating a
general audience’s verbal shorthand and metaphor.
Humans apply cognitive anthropomorphism to a
variety of objects (Boyer, 1996) such as lamps and
umbrellas (Edwards and Shafer, 2022), and LLMs
display far more sophisticated behavior than those
objects. When cognitive terms surface in discus-
sions about LLMs, a diplomatic strategy is to point
out the verbal shorthand or metaphor, acknowl-
edge its naturalness, and explain the actual limi-
tations of the technology. This strategy validates
a non-expert’s experiences with technology while
illuminating how cognitive terms can mislead.

4 Unsustainable Expectations

Predictions of the impacts of LLMs include radical
improvements in biology, neuroscience, economic

development, and human welfare, and the onset
of global peace (Amodei, 2024*). The possibility
of an “Al bubble (i.e., an unsustainable level of
public interest in Al that exceeds its capabilities)
is widely acknowledged (Horowitch, 2025%*; Press,
2025%). A bubble implies short-term benefits, such
as publicity and abundant resources. However, its
collapse—implied by the metaphor—creates harm
through an unpredictably sharp decline in resources.
This section provides examples from the history of
Al and recommendations for how NLP researchers
can encourage realistic expectations about the field.

4.1 Remembering AI Winters

Multiple Al winters are said to have occurred:
Roger Schank and Marvin Minsky referred to one
in the 1970s (Crevier, 1993%*), and James Hendler
referred to one in the 1980s (Hendler, 2008*). This
section uses Hendler’s more recent perspective to
structure the discussion.

Hendler described a confluence of three condi-
tions that led to the Al winter of the 1980s. The
first was a decrease in government funding for
Al research in the 1970s, specifically in the USA,
which dominated Al research at the time. He ar-
gues the impact was delayed by five to ten years,
as already-approved projects ran their course. For
the rationale of the cuts, Hendler quotes a 1973
report by James Lighthill in the United Kingdom
that concluded “in no part of the field have dis-
coveries made so far produced the major impact
that was then promised.” (Lighthill et al., 1973%*)
The second condition was an erosion of recogni-
tion for AI’s successes. Hendler argues that expert
systems (Buchanan and Smith, 1988), which were
successful in industry, were “disowned” by Al re-
searchers in favor of topics where less progress
had been made. The third condition was the rapid
democratization of hardware needed to run Al
models, in the sense that the hardware became
dramatically cheaper and easier to own, thus dis-
rupting sociotechnical power structures within re-
search (Hendler, 2008*).

These conditions require some subjectivity to
assess, making it difficult to firmly state whether
they exist now or will appear in the near future.
However, there are discernible lessons in them for
how NLP researchers communicate their work.

There exists a lack of agreement on the distinction be-
tween contemporary Al and NLP, with some common ground
and some differences. To avoid misattribution, this paper uses
“AI” for topics where the term prevails in popular discussion.
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4.2 Recommendations

For the NLP research community as a whole, the
downsides of setting realistic expectations are mod-
est when compared to the downsides of a sudden
collapse in public interest. At the individual level,
one researcher’s careful management of expecta-
tions when speaking about their work is unlikely to
change public perception of the field, but strategies
exist that fulfill that goal while creating individual
benefit as well. Such a strategy is described below.

Public engagement is an opportunity to sup-
port recognition of NLP applications that may
have been inadvertently “disowned” (borrowing
Hendler’s description) for their success. NLP
played a formative role in early search en-
gines (Schwartz, 1998) and enabled early spam de-
tection (Cormack, 2008). Optical character recog-
nition made a wealth of pre-digital texts search-
able (Hill and Hengchen, 2019), and authorship
identification solved historical mysteries (Tweedie
et al.,, 1996). Those examples and others show
that NLP can enable calm technologies, support-
ing human work rather than monopolizing human
attention (Weiser and Brown, 1996). They also
may serve as an antidote to hype by illustrating
that research products need time to mature. Dialog
systems are a strong public-facing example of the
long road to practical use: early systems such as
Eliza (Weizenbaum, 1966) are distant ancestors of
modern virtual assistants, such as Amazon Alexa,
Siri, and Google Assistant.

5 Ethical Failures

Ethically dubious practices are known to exist
within the NLP research community, and external
to it, problematic NLP applications also exist. Both
are obstacles to how NLP research is received by
a public audience. This section gives examples of
relevant ethical failures and provides suggestions
for how NLP researchers can speak frankly and
constructively when called upon to discuss them.

5.1 Reckoning With Problematic NLP

Research institutions in many countries have pro-
cedures for reviewing experimental protocols that
involve human subjects. However, sometimes an
experiment complies with requirements while vio-
lating ethical norms, or researchers fail to seek
approval. A recent example is an experiment
in which researchers studied the persuasiveness
of an LLM-powered chatbot by covertly deploy-

ing it on the Reddit forum r/changemyview?, con-

cealing that it was an LLM. When forum mod-
erators were informed about the deception, they
expressed shock, asked for an apology from the
university, and requested that the research not be
published (O’Grady, 2025). The experiment also
reflects a mismatch between researchers’ expec-
tations and a studied population’s expectations
for ethical uses of NLP. Another example of mis-
matched ethical expectations is the use of de-
identified conversation data from Crisis Text Line,
a free nonprofit service for people in crisis in the
US, by a for-profit company. Although users of
Crisis Text Line were provided with a link to terms
of service, informing them how their data could be
shared, public backlash led to the termination of
the data sharing agreement (Eysenbach, 2025).

A comprehensive list of ethical failures or
misuses of NLP is impractical, but examples
are readily available. LLMs have been used to
generate disinformation, potentially manipulating
geopolitics (Mejias and Vokuev, 2017). Chatbots
have demonstrated the capacity to respond harm-
fully in conversations with people suffering from
mental illness (Coghlan et al., 2023), and more
broadly, LLMs’ sociodemographic biases have
been shown to harm individuals from minoritized
groups (Ghosh et al., 2024). The broad-based col-
lection of training data for LLMs raises privacy con-
cerns and intellectual property concerns (Novelli
et al., 2024). NLP and computing security are in-
creasingly intertwined, obligating NLP researchers
to learn more about the nuanced ethics of security
research (Lent et al., 2025). LLM-assisted writing
has been claimed to produce “cognitive debt” and
reduce critical thinking (Kosmyna et al., 2025%).
LLM training and usage consume significant re-
sources, raising questions about environmental sus-
tainability (Kogkalidis and Chatzikyriakidis, 2025).
Finally, NLP research is vulnerable to distortion by
monied interests, potentially influencing individ-
ual researchers and entire institutions (Abdalla and
Abdalla, 2021).

The above harms and others receive public atten-
tion, to the extent that a 2023 Pew Research survey
found 52% of Americans were more concerned
than excited about Al in their daily lives (Fave-
rio and Tyson, 2023*). This level of concern is
demonstrably relevant to NLP researchers.

3https://www.reddit.com/r/changemyview/

27

28

29



30

31

32

33

5.2 Recommendations

Several popular news articles cited in this paper
show that NLP researchers are called upon to dis-
cuss problematic uses of NLP. Open dialog about
these problems is obligatory and familiar as part
of open science, but further steps can help to sus-
tain public support. Researchers speaking with the
general public about problematic NLP should be
prepared to explain what should have been done
differently to achieve the same goals, or why the
goals never should have been undertaken. Public
interaction is also an opportunity to point to re-
search directly aimed at solving ethical issues in
NLP, showing how human-centered research is a
valuable part of the community. Such research is a
marked contrast with a hypothetical public image
of Al research as solely focused on computation.

Within the research community, researchers can
lay the groundwork for strong public support by
recognizing that research that critiques NLP fully
belongs in the community. Such research does not
necessarily create human language technologies,
but it guides their ethical development. This inclu-
sion also encourages grounding NLP research in
human benefit, which demonstrates responsiveness
to the concerns of the general public.

6 Conclusion

Beyond this paper, other strategies are possible for
encouraging NLP researchers to engage produc-
tively with news media. Among them are holding
media training sessions at conferences and develop-
ing curricular modules for students to learn about
research communication. A multi-pronged strategy,
including these activities or others, has the greatest
potential to reach a wide audience of researchers.

Public attention to NLP research comes with ben-
efits, obstacles, and responsibilities. This paper pre-
sented recommendations to help NLP researchers
communicate effectively with the public, focusing
on obstacles that are distinctive to our research
community. It drew upon a variety of sources to
illustrate those obstacles and how to navigate them,
for the prosperity of individual researchers and for
the research community at large.
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Limitations

A comprehensive guide to research communica-
tion, examining all possible scenarios, is infeasi-
ble. Instead, this manuscript augments existing
discipline-nonspecific guides to focus on NLP. In
§1 and §2 readers are reminded of that, and in §2
more sources are cited for the reader to consult.
Additionally, the complexity and subjectivity of
research communication mean that no one guide
(or even the union of all guides) will be comprehen-
sive for the problems researchers face. However,
other fields appear to find research communication
guides helpful, as shown by their acceptance for
publication, the citations to them, and reflections
on them (de Bruin and Bostrom, 2013).

NLP researchers may face public communica-
tion challenges not covered by this paper’s guid-
ance. This paper identifies challenges of particular
concern by interpreting established research com-
munication frameworks, but other challenges may
exist. The subjective nature of the topic space ob-
viates covering it in an exhaustive way, but sharing
guidance grounded in recognized prior frameworks
(as this manuscript does) is deemed more likely to
lead to positive outcomes than the relative lack of
guidance in the status quo.

Ethical Considerations

This paper is reflective in purpose and does not
represent experiments, and its ethical ramifications
are limited to the guidance it provides. Existing re-
search communication frameworks and other cited
literature provide evidence that the topics in this
manuscript are relevant and have received little or
no prior attention for NLP. The reader is encour-
aged to consult additional guidance as necessary.
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