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Abstract

This paper offers a call to action. We urge our
colleagues in the research community to play
a greater role in the articulation of our find-
ings to the public. To illustrate the stakes we
present a case study on the initial stages of an
LLM-based machine translation application’s
deployment in a real-world context: a text-2-
911 system advertising capabilities in 55 lan-
guages for use in emergencies in which it may
be difficult to call operators directly. We iden-
tify a number of common misconceptions about
technologies such as these, concluding with a
set of concrete recommendations and best prac-
tices for stakeholders at every stage of the de-
velopment and deployment pipeline. While the
advancement of scientific research often lies
in solving the “hard” problems, we argue it is
often the “easy” ones— problems for which the
latest technology is often unnecessary— that
are most overlooked.

1 Introduction

Despite considerable overlap between academic
and industry-based developers of Large Language
Models (LLMs) and related technologies (Abdalla
et al., 2023), it seems Natural Language Process-
ing (NLP) researchers have a science outreach
problem. As our research findings continue to
drive the development of some of the most quickly
adopted user-facing applications to date (De Brug-
ger, 2023), the findings themselves— and their real-
world implications— are too often lost in the hype.
Artificial Intelligence (AI) is increasingly being
offered as an inevitable solution to some of hu-
manity’s largest problems (Eubanks, 2018; Byrum
and Benjamin, 2022; Benjamin, 2024; Center for
Democracy & Technology, 2025b).

As the outputs of modern NLP research are taken
up and applied in commercial products, an infor-
mation gap has developed between those designing
NLP applications and their end users. For example,

researchers may take it for granted that a model per-
forms worse with lower-resourced languages (Silva
et al., 2024), or that its performance degrades in
response to inputs from outside its training domain
(Wu et al., 2024; Li et al., 2025). However, deci-
sion makers deploying NLP products in essential
services like law enforcement and emergency re-
sponse may not be aware of these limitations. Many
may find themselves under pressure to find ways to
acquire and integrate AI tools, but are left to navi-
gate the AI software market without the knowledge
needed to properly evaluate them, mitigate their
risks, and ensure that they’re as safe, ethical, and
effective as possible.

This failure to effectively communicate our
research findings to the public— including to
those developing and selling consumer-facing
applications— is not unique to NLP. Cryptog-
raphers have developed easy-to-access, publicly
available code for secure public-key communica-
tion, but surveys of these systems in actual use
persistently reveal that end users continue to create
security flaws by misusing the APIs (Choudhari
et al., 2021; Lazar et al., 2014). The NLP research
community now faces a similar problem. Although
basic tools for transparency and evaluation like
model cards (Mitchell et al., 2019) have existed for
years, they still aren’t widely used in commercial
settings.

Most consumers of NLP technologies have little
other than promotional materials to go off of as
they navigate the complex landscape of tools mar-
keted to the public as “AI.” The result, we claim, is
both an information imbalance and an accountabil-
ity gap: NLP products are increasingly being sold
to consumers in both public and private sectors,
including in high stakes contexts such as polic-
ing (United States v. Cruz-Zamora, 2018; Quaglia,
2022), immigration court (Deck, 2023), critical
public health announcements (Moreno, 2021), and
other emergency response (Burns, 2025), without
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adequate information or support to use them safely.
Furthermore, if harm occurs as a result of techno-
logical error or misuse, it is often unclear who, if
anyone, can be held accountable for that harm. We
believe this should be cause for genuine concern
within the research community. When language
technology is deployed to support emergency ser-
vices within our own communities, the stakes are
high and all of us are stakeholders.

This paper presents a case study on one example
of an LLM-based language technology already de-
ployed for use in emergencies at a local 911 center
in the United States. We describe the technology’s
rollout via its marketing and promotional materi-
als, and describe our experience meeting with staff
involved in its deployment at the 911 center.

Our experience sheds light on a number of com-
mon misconceptions about language and language
technology that, in combination with systemic gaps
in accountability, can result in the risky and poten-
tially harmful deployment of NLP systems. This is
of particular concern in situations such as our case
study, in which the product is being used in emer-
gencies and affects some of the most vulnerable
members of our community– refugees and other
immigrants for whom English is not a native lan-
guage. We discuss the role that NLP researchers
can play in addressing these critical gaps, and con-
clude the paper with a set of concrete recommenda-
tions for best practices. Finally, we encourage our
colleagues in the research community to do more
to support science outreach, so that our advice may
be audible to those who need to hear it.

2 Case Study: Text-2-911 Service

2.1 Language Access and Technology in
Emergencies

According to U.S. federal and state statutes, includ-
ing Title IV of the Civil Rights Act of 1964, the
Americans with Disabilities Act, the Affordable
Care Act, and the 14th Amendment, among others,
emergency service providers are legally obligated
to ensure language access for callers with limited
English proficiency. While the ability to communi-
cate with emergency responders may be assumed as
a given if one’s native language is English, lack of
equitable language access can compound hardships
faced by many of our most vulnerable populations,
including immigrant and refugee communities, as
well as individuals with disabilities (National Im-
migrant Women’s Advocacy Project (NiWAP) and

American University Washington College of Law,
2013; Taira et al., 2021; Bhuiyan, 2023; Hofmann
et al., 2024; Parmar, 2025). Community organi-
zations can provide crucial support— sometimes
the only support— for such individuals, helping
them to navigate complex systems and institutions
with which they may be unfamiliar, educating them
about their rights, and connecting them to critical
resources.

The second author of this study is a licensed so-
cial worker at one such community organization,
leading a multilingual team of victim advocates
specialized in serving immigrant and refugee sur-
vivors with limited English proficiency. Through
this work, she and her colleagues have seen first-
hand how a lack of qualified interpreters and mis-
use of language technology can lead to a cascade
of harmful effects on vulnerable populations. So
when the city announced the rollout of a new AI-
powered1 translator for text-2-911 emergency re-
sponse, she and her team were eager to learn more.

The option to send text messages via SMS di-
rectly to 911 emergency call takers in English be-
gan as a solution for Deaf and Hard of Hearing
callers and “those who may be unable to commu-
nicate verbally due to background noise or safety
considerations” (Laird, 2025) and became avail-
able in early 2019. Crucially, the text-2-911 tool
is not intended to be an equivalent alternative to a
voice call (Franklin County Board of Commission-
ers, 2019). In our visits to the 911 center, described
in Section 2.3, the staff made clear that voice calls
are always preferred since they can provide addi-
tional information, such as background noise and
voice distress, to the call operator. Dispatchers
are trained to ask anyone who texts the 911 center
whether they are able to call safely, and encourage
them to do so if possible. The city already pro-
vides human interpreters for voice calls to serve the
estimated 6.4% of area residents over 5 years old
who speak English “less than very well” (Central
Ohio Hospital Council et al., 2025), and interpreter
services were used for about 4,000 of the 670,000
total calls to the local 911 call center in 2024 (Laird,
2025).

1Despite repeated attempts to determine the exact model
architecture powering the service, we are still not 100% certain
of its design.
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2.2 Popular Perceptions of Machine
Translation

More often than not, press coverage of MT ap-
plications portrays systems in an overwhelmingly
positive light, with relatively little scrutiny of the
limitations of the technology or its implications
for human interpretation (Vieira et al., 2021). The
deployment of MT systems, even in high stakes
contexts, is often contrasted with the option of pro-
viding no language access rather than compared to
the statutory baseline, namely in-person or teleinter-
pretation by qualified, human translators (Quaglia,
2022). When the bar is set artificially low, it is
easier for well-intentioned community members
to celebrate the use of MT as “above and beyond”
when it may actually represent a step backward in
access for callers with limited English proficiency.

In our case, one local media report suggests that
fear of language barriers when calling 911 “may
soon be a thing of the past.” The article goes on
to state that “instead of relying on language inter-
preters to help non-English speaking callers [...]
callers can now text 911 in their own language,”
contradicting the stated intent of the service not to
supplant voice-call interpretation but rather add an
additional accessibility option (Keller, 2025).

City residents interviewed about the new technol-
ogy for the promotional video echo the language
from the original press release, assuring residents
that they could now text 911 “in their native lan-
guage.” However, a list of the 55 languages sup-
ported by the model has not been included in any
press coverage, and we were only able to acquire
it by contacting the 911 center directly. Not all of
the county’s most commonly spoken languages are
on the list, and non-Latin scripts can only be sent
through AT&T, a disclaimer that could be easily
missed in much of the press coverage.

It was clear that more information was needed if
the second author’s victim services team wished to
provide accurate information and guidance to their
clients. This is when the second author reached
out to a local university’s linguistics department
for clarity on current MT technology. She also con-
tacted the 911 center staff, who immediately and
graciously invited her team to visit the center for
a tour and in-depth discussion of the new features.
Due to ongoing updates to the software, they were
not able to test out the translation on that day, so a
second meeting was arranged, and the first author
was invited to join. The following section describes

what was learned from these meetings.

2.3 Visiting the 911 Center
The first and second authors visited the 911 cen-
ter at the end of September 2025, along with two
colleagues from the victim services program who
were eager to test out the translation tool in their
respective native languages. Each had prepared a
list of phrases from real-world text messages to
explore how the model handled language-specific
challenges such as dialect variation, text speak, ty-
pos, referential ambiguity, idioms, and code switch-
ing. Three city staff members from the 911 center
and a representative from the software company
providing the MT application generously made
time to host us, even as they orchestrated the day’s
emergency response activities for a city of 900,000
residents.

The 911 center is home to the city’s Public Safety
Answering Point (PSAP), where operators receive
all incoming local calls and texts to 911 before
routing them to the appropriate responders, e.g.,
fire, EMS, or police. Software and maintenance
for the PSAP interface, including the text-2-911
feature, is provided by a third party who advertises
their use of Microsoft Azure to provide language
detection and automatic translation. According to
911 center staff, Microsoft does not provide access
to the underlying model or training data.

The staff managing implementation of the tool
had also not been provided any evaluation data
or quality assurance services by their software
provider. While a policy exists at the state level
outlining deliberate and detailed requirements for
"planning, implementation, procurement, security,
privacy, and governance requirements for the use of
Artificial Intelligence (AI)" (State of Ohio, 2023),
no equivalent policy has been created for City
departments. This appears to leave the 911 cen-
ter without the necessary subject-matter expertise,
training, guidance, or resource allocation to ensure
that proper safeguards are in place.

According to the software company’s represen-
tative, the goal of the translation tool is to decrease
response time for end users with limited English
proficiency. However, there is currently no ongoing
evaluation to establish the product’s success toward
meeting that goal. The MT system also does not
integrate any oversight from human translators, ei-
ther in real-time or after-the-fact for quality assur-
ance. A human dispatcher receives and responds
to the translated text, but the text output by the MT
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model, as with any AI model, is still ultimately
AI-generated.

2.4 Testing the Tool
We were given the opportunity to interact with the
system ourselves in real time. We probed the model
with common linguistic phenomena found in text
messages, such as accidental misspellings and di-
alectal variation. Ultimately, both of our colleagues
from the Victim Services Program encountered
challenges texting 911 in their native languages,
Arabic and Nepali, respectively.

In the case of Arabic, we learned that Modern
Standard Arabic (MSA) was the only variety of
Arabic in which the MT system was supposed to
be able to interact (Al-Laith and Kebdani, 2025;
Mishra et al., 2025). However, in addition to the
limitations posed by Arabic’s non-Latin orthogra-
phy, those familiar with the sociolinguistic contexts
in which Arabic is spoken will know that MSA is
rarely, if ever, the language a speaker will use to
communicate via text message. Dialectal variations
in lexical items and spelling presented clear chal-
lenges for the model’s ability to interact with an
Arabic speaker via text.

Similarly, the MT system is only able to recog-
nize Nepali written in the Devanagari script. How-
ever, at least among the Bhutanese-Nepali commu-
nity making up the majority of Nepali speakers in
the area, text messages are almost exclusively writ-
ten using the Latin script. Our colleague was not
even sure how to use a Devanagari keyboard, and
could not find all of the symbols he would need to
interact with the system using the orthography that
the model was trained on for the language.

The potential negative impact of such incongru-
ence between the data the model was trained on
and that which might be encountered in a realis-
tic setting is further amplified by the tool’s lack
of an informed consent procedure for end users.
When a person tries to contact 911 via text mes-
sage in a language other than English, the interface
displays both source text and translation output to
the dispatcher at the 911 center, who typically is
not proficient in the language being translated. In
contrast, the use of MT is not explicitly disclosed
and neither the translations nor the name of the
language detected by the model are presented to
the person texting 911. On the surface, their ex-
perience is no different than if they were texting
directly to another person. They receive no disclo-
sure of AI-generated translation or user guidance

for optimizing output accuracy.
There is a reasonable concern that wordy dis-

claimers or excessive instruction could slow down
the response time or cause confusion in an emer-
gency situation. These are valid considerations that
warrant empirical investigation. However, lacking
that evidence, and given the vast amount of evi-
dence of the errors and risks associated with LLM
technologies already documented by the research
community (Costa et al., 2015; Berk, 2021; Fre-
itag et al., 2021; Mehandru et al., 2023; Court and
Elsner, 2024; Freitag et al., 2024; Mickus et al.,
2024; Urlana et al., 2025), we wish to emphasize
that requiring informed consent and transparency
for users on both sides of the interaction is not only
more ethical, it is also likely to improve the tool’s
overall performance and make the service more
effective.

During the meeting at the 911 center, we dis-
cussed a number of additional ethical considera-
tions and safety precautions. Although most of our
concerns have been well-documented in the aca-
demic literature for years (see, e.g., Kumar et al.
2023 for an overview), public officials and local
decision makers are often unaware of many of the
ethical best practices NLP researchers might now
take for granted (Karamolegkou et al., 2025). There
is still a general lack of understanding of the po-
tential vulnerabilities and risks inherent to these
technologies, reflecting what we see as an overall
gap in access to information and insufficient in-
volvement or support from experts in our field. Ad-
dressing these issues at all stages of the model’s life
cycle likely requires action by city leadership, in-
cluding legislative policy, resource allocation, and
partnerships with local community organizations
and members of the NLP research community.

2.5 Learning from Experience
We hope our case study will encourage our col-
leagues in the research community to play a greater
role in advocating for the safe and responsible ap-
plication of their own findings. However, it should
be noted that although a sizeable number of ACL
submissions each year are authored or co-authored
by researchers in the private sector (Abdalla et al.,
2023), NLP research culture itself has continued to
shift away from open-source principles and peer-
reviewed science towards greater secrecy and a
“move fast and break things” approach that priori-
tizes profits and tends to benefit only a small subset
of the global population (Benjamin, 2019; Blodgett
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et al., 2020; Junker, 2024).
While the rapid adoption of MT has raised con-

cerns across domains, significantly more attention
and resources have contributed to a greater body of
research and evidence-based approaches to to MT
integration in fields such as emergency medicine
(Dew et al., 2018; Lopez et al., 2025; Anyaeg-
buna et al., 2026). In contrast, many of the groups
buying and selling these technologies in other do-
mains lack the technical expertise, clear guidance,
or necessary resources to audit and evaluate the
deployment at the necessary scale (Vieira et al.,
2021). In the multitude of situations in which a
researcher isn’t present to evaluate an AI product
with a critical eye, the success of an LLM appli-
cation’s deployment depends heavily on the pre-
existing knowledge and abilities of those acquiring
and using it.

The following section describes a number of spe-
cific misconceptions about language and language
technologies that we’ve repeatedly observed in cir-
culation among the general public. Perpetuated by
the broader societal patterns described in Section
4 and without the support of experts in our field to
counteract them, we believe these gaps in knowl-
edge will continue to enable instances of inappro-
priate, ineffective, and sometimes even harmful
deployment of LLM-based language technologies.

3 Common Misconceptions about “AI”

Computer science knowledge or AI literacy among
those buying, selling, using, and regulating NLP
technologies has consistently lagged behind the
speed at which the field has advanced. Journal-
ists who may otherwise provide a source of over-
sight and information are often also un- or under-
informed, which can mask important considera-
tions and mislead the general public (Vieira, 2020).
It is worth asking where the following misconcep-
tions come from, and we encourage the research
community to do more to publicly debunk them.

3.1 Misconception 1: The Term “AI” is
Well-Defined

Since its inception as a field of study, there has
been debate about what actually constitutes artifi-
cial intelligence (Turing, 1950). “AI” has become a
catchall term for a wide variety of large pretrained
models, many of which are rapidly becoming a
part of our everyday landscape. This can generate
an unfortunate— and inaccurate— impression of

homogeneity, obfuscating the difference between
NLP tasks and objectives, such as those involved
in machine translation vs. a dialogue system, or
between model architectures, such as the distinc-
tions between LLM-based pipelines and traditional
NMT. Conflating these systems into the umbrella
term “AI” contributes to the belief that all of this
technology is the same, with the same capabilities,
costs, and problems.

3.2 Misconception 2: AI has Superhuman
Intelligence

It is common for even researchers to anthropomor-
phize language technologies that sometimes dis-
play what can feel like superhuman abilities, like
recalling specific facts about more than an ency-
clopedia’s worth of topics (Deshpande et al., 2023;
Erscoi et al., 2023). Having already passed the Tur-
ing test with flying colors for years, models may
now be marketed to consumers as possessing or
approaching Artificial General Intelligence (AGI)—
a markedly superhuman ability whose actual defini-
tion is just as vague and debatable as any other kind
of intelligence (Mahowald et al., 2024; Mitchell,
2024). Assuming there is no viable alternative, it
is understandable that consumers looking to serve
speakers of languages other than English might
turn to a seemingly superhuman MT system in an
effort to provide something rather than nothing.
Even with the best of intentions, however, confu-
sion between supporting a language and supporting
it well can have dire consequences (Bhuiyan, 2023;
CalMatters, 2025; Center for Democracy & Tech-
nology, 2025a; Quaglia, 2022; Deck, 2023).

3.3 Misconception 3: Language is Easy

Potential users of “AI” are not just unaware of the
fine points of language technology; they often also
hold a variety of misconceptions about language
itself (Wagner et al., 2023). These issues can be mu-
tually reinforcing— some have told us they want
“translation” rather than “interpretation” because
they want to know word-for-word what their inter-
locutor is saying. Linguists and translation theo-
rists know that this isn’t the right approach: the
individual words don’t always communicate the
core meaning, and utterances can be ambiguous
or multivalent even for an experienced interpreter
(Nielsen et al., 2025). But this folk theory of trans-
lation contributes to the misguided belief that ma-
chine translation is more objective and therefore
more accurate than any human interpreter.
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People may also hold misconceptions about lan-
guage diversity, for example assuming that dialectal
variation is merely a matter of accent or that stig-
matized dialects are language errors resulting from
poor education (Hudley et al., 2024). Given such
misunderstandings, it may be easy to believe that
a technology advertising support for over 50 lan-
guages will be able to serve all of them equally and
that dialectal variation will not cause significant
problems, contrary to findings from NLP research
(Aycock et al., 2025; Hofmann et al., 2024).

3.4 Misconception 4: Quantitative Metrics are
Reliable and Sufficient

As a largely empirical discipline, NLP relies heav-
ily on automatic and quantitative metrics. NLP
researchers commonly acknowledge the inadequa-
cies of their own metrics (Flamich et al., 2025) and
may even take part in shared tasks attempting to
improve them (Freitag et al., 2024; Shayegh et al.,
2025). Unfortunately, awareness of a metric’s limi-
tations too often fails to make it beyond academic
circles. In contrast, techniques used to market and
sell LLM technologies leverage benchmarks to ad-
vertise some of the “superhuman” capabilities dis-
cussed in Section 3.2. End users may be unaware
that even the best performing model will degrade
outside its training domain (Saunders, 2022), and
benchmark scores can be gamed (Mansurov et al.,
2025). Moreover, simply interpreting the metric
numbers can be difficult for novices. Long expe-
rience of evaluation gives professionals a general
notion of how to mentally map between MT metric
scores and translation quality (e.g. Scarton et al.,
2019) Without this experience, one might incor-
rectly assume that a high score means that mission-
critical errors have already been eliminated.

3.5 Misconception 5: Technological
Solutionism

The problem of over-estimating the abilities of tech-
nology while underestimating our own is not a new
one. “Solutionism” (Morozov, 2013) is the ten-
dency to assume that social problems are amenable
to engineering solutions— especially quick, cheap
and disruptive ones. The misconception is not that
technology cannot help; it often can! But in order
to do so, it needs to be embedded within a sup-
portive social context (Benjamin, 2024; Sanchez
et al., 2025). Many of the problems AI is being
sold to fix would likely be more efficiently and ef-
fectively resolved with simpler methods (Quaglia,

2022). Instead, vendors of so-called “AI solutions”
often market their products by communicating, di-
rectly or indirectly, that the human element can be
dispensed with entirely.

However, human oversight is essential when de-
ploying technologies as erratic, unpredictable, and
potentially even deceptive as LLMs (Ouyang et al.,
2022; Roose, 2023; Mickus et al., 2024; Center for
Democracy & Technology, 2025b). LLM software
providers should therefore be expected to provide
training and support for human quality assurance
teams, as well as ongoing monitoring in collabo-
ration with professional human interpreters to sys-
tematically collect and review feedback from the
app’s end users. The question “what if something
goes wrong” is central to engineering robust sys-
tems (Kapur et al., 2014, ch. 1.6, ch. 10). Failure
to ask and answer this question can make a system
appear relatively cheap to deploy, but this is only
because its true costs appear primarily in scenar-
ios where it doesn’t work. The reported cost of
responding to a domestic violence homicide, for
example, stands in the millions of dollars (Nessen,
2025).

Such errors are not inevitable, and their related
losses could be minimized by prioritizing the train-
ing and employment of professional human inter-
preters over high-tech solutions, particularly when
it is not possible to guarantee the safety of the tech-
nology in question. The results of doing so would
not only be “better than nothing,” they would be
quantifiably better than a machine translation sys-
tem of variable or unknown quality. Investment
in humans and the things we do best, such as lan-
guage and translation, would thus make for a sound
financial (as well as ethical) decision.

4 Why the Problem Persists

We believe our case study represents broader trends
in the deployment of LLM-based language tech-
nologies around the globe. Why does this happen?

4.1 Information Asymmetries

Without a doubt, one of the biggest contributing fac-
tors to the inappropriate and sometimes unethical
use of LLM-based technologies is that consumers,
even with the best of intentions, lack access to in-
formation. There is an AI literacy crisis at nearly
every level of the adoption chain.

Information asymmetries begin before many pre-
trained models are even released to the public. In
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many cases, it is only possible to infer what the
model was trained on by considering its outputs in
light of the old computer science adage: “garbage
in, garbage out.” The details of a model’s develop-
ment is further obscured once it is packaged into
software and sold by a third party. Those selling
the software do not necessarily understand how
their product works in technical terms, and even
when developers understand the API they are using,
they have not necessarily been trained in the core
technologies behind it.

Analogous to the problem faced by cryptogra-
phers described in Section 1, the mass availability
of APIs for LLMs creates the illusion that no spe-
cialized knowledge is needed to use the product.
Similar to using a database server or hash function,
it’s easy for an engineer to assume that a large com-
pany like Microsoft or Meta has made their product
available because it “works,” without a full under-
standing of what “working AI software” means or
the inherent risks and potential errors that come
with deciding to use it.

The research community is not without our share
of responsibility, either. Although we have made
much progress towards an agreed-upon set of stan-
dards for conducting ethical research, the economic
and cultural environments in which this work takes
place does not tend to value or support science out-
reach and communication to the public. Regulators
and legislators also often lack AI literacy, and their
perception of NLP research is dominated by the
perspectives of a small handful of powerful com-
panies (Kang, 2025). Without the infrastructure
and support to quickly and directly communicate
our findings to the public, academic researchers
effectively surrender our ability to speak on behalf
of our own science.

4.2 The Accountability Gap
For NLP software development to be both safe and
effective, knowledge has to move from the research
community through multiple layers of transmission.
At each of these layers, there is an “accountability
gap” to cross: developers and sales people won’t
learn best practices unless they have a good reason
to (Eubanks, 2018; Hohenstein and Jung, 2020).
Existing regulations offer only partial coverage in
response and tend to be geographically fragmented.
For example, both the EU AI Act (European Par-
liament and Council of the European Union, 2024)
and the Colorado AI Act in the U.S. (Colorado
General Assembly, 2024) distinguish high-risk AI

systems and require additional transparency, over-
sight, evaluation, and other obligations.

Policy and guidance at the federal level in the
U.S. has been fragmented and slow to adapt. For ex-
ample the NIST AI Risk Management Framework
(National Institute of Standards and Technology,
2023) omits specific provisions for language access
and generally leaves enforcement mechanisms up
to voluntary self-regulation. In April 2026, NIST
announced the launch of a new “Profile on Trust-
worthy AI in Critical Infrastructure” (National In-
stitute of Standards and Technology, 2026). While
details remain forthcoming at the time of writing,
we note that this action comes nearly three years
after the original risk management framework was
published.

Some domains, for example medicine and law,
already have well-established systems of individual
and institutional accountability that can be applied
to NLP tools, for example by transparently defining
regulations, formalizing community norms, and
creating community-internal resources for learn-
ing about these technologies (Vasey et al., 2022;
Landers and Behrend, 2023; Lekadir et al., 2025).
In policing and emergency response, the situation
seems far less structured (Taira et al., 2021; Parmar,
2025). Without independent, impartial evaluation
based on the technical details of the model and its
specific use context, even well-intentioned actors
are left without adequate guidance on how to use
the technology safely.

5 Recommendations and Best Practices

We wish to reiterate that the text-2-911 service and
our experience at the 911 center reflect broader pat-
terns in AI software deployment rather than an edge
case. Similar accountability failures have been ob-
served across other high-stakes contexts (Mahase,
2023; International Association of Privacy Profes-
sionals, 2025; Moser et al., 2025). In each example,
we see a common thread: NLP technologies are be-
ing deployed in our communities without adequate
support to properly evaluate their performance and
limitations, and without clear mechanisms in place
to identify and mitigate their potential risks and
harms. In the end, not every problem calls for a
high-tech solution, and not every technology is ac-
tually capable of solving the problems it claims
to address. When AI is positioned as a universal
solution to language access in critical contexts, the
very tool intended to expand language access may
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ultimately reduce it instead.

5.1 Deploying Language Technologies in
High-Stakes Situations

In an alternative scenario, staff at the call center
in our case study would have had a much clearer
idea of what sort of product they were getting.
This should begin at the point of sale: if a com-
pany advertises translation in multiple languages,
they should be transparent about the relative per-
formance of each language pair and forthcoming
about the potential risks and limitations of their
software. For the system we examined, this means
clearly communicating differences in translation
accuracy across language pairs, specifically under
conditions representative of emergency situations,
using both quantitative (automatic) and qualitative
(human) metrics for evaluation.

Just as it is no longer acceptable to buy packaged
food without a nutrition label or drugs without a
pharmacist’s consultation, model cards (Mitchell
et al., 2019) should be required for all software ap-
plications trained using machine learning methods.
Similar to a pharmaceutical, model cards should
distinguish between on-label and off-label uses and
clearly communicate the known, potential, and hy-
pothetical risks of deployment in the particular con-
texts for which they are intended.

An explicit analysis of model failures should also
be an expected part of deciding whether to acquire
a new language technology prior to its deployment.
This would allow organizations to formulate a con-
tingency plan for any errors they observe in the pro-
cess or otherwise believe to be probable. Ideally,
this would also allow for a more informed and effi-
cient use of public resources, including spending
on qualified human interpreters to provide backup
for the most heavily used language pairs and sen-
sitive applications. Organizations can make these
decisions more responsibly by formulating clear
policies and standards before acquiring or using
any specific product. For suggested minimal policy
recommendations to specifically address language
access when using AI technologies, we refer the
reader to the SAFE-AI Task Force Guidance (2024,
2025), which we adapt and present in Table 1.

In general, we recommend consumers pay more
careful attention to matching their deployment con-
text(s) with appropriate levels of technological ma-
turity and reliability. While it might be tempting to
reach for the most powerful models for applications
serving our most critical use cases, we need to be

setting the bar higher, not lower, in such scenarios.
The idea is not that we shouldn’t be using LLMs
in emergencies, but rather that these models need
to be more closely evaluated and monitored before
deployment. Perhaps 911 isn’t the best call service
to pilot automatic translation.

Once a system is deployed, it should be contin-
ually monitored and evaluated on the real data it
faces and its scores should be publicly available.
Community partners can be valuable collaborators
for this kind of evaluation, since they are likely to
be best informed of the actual needs and nuances
specific to the populations being served. Their in-
volvement may also help to distinguish the errors
that really matter from those with less serious con-
sequences, allowing emergency service providers
to better allocate their limited resources.

User interfaces and interactions with these tech-
nologies also need to be more immediately trans-
parent. Both parties should be able to see how the
system translates their messages and confirm that
the correct language has been identified. End users
are more likely to have enough English proficiency
to identify errors than dispatchers with little or no
exposure to the target language, as well as prior
experience with MT performance in their native
language. Increasing transparency allows for more
robust informed consent in real time.

While appropriate AI governance requires fund-
ing beyond the product itself, such expenses are
negligible in comparison to the hidden costs, mon-
etary or otherwise, of bypassing human oversight
and getting it wrong when it really matters.

5.2 How the ACL Community Can Help
As researchers, we should remind ourselves pe-
riodically that the complex problems we may be
trying to solve are not necessarily the biggest issues
that stakeholders still face. Model cards and help
lines may not seem cutting-edge, but many of us
could also use a reality check: NLP practitioners
sometimes over-estimate what’s considered com-
mon knowledge or how much most people actually
understand about language technologies.

We also encourage more active contributions to
local AI literacy initiatives. That is not to say that
every researcher ought to also do science outreach,
but that we can all strive to be better about support-
ing those among us who do. This can take the form
of financial support, but may also just mean ad-
vocating for these colleagues within our networks.
For example, the ACL could recognize researchers
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Suggested Policies for Ethical Use of AI for Interpreting (Minimum Requirements)

✓ Informed Consent to accept or decline the use of an AI product
✓ Opt In/Opt Out of data collection and storage without penalty
✓ Ability to Shift between AI and human interpreting at any point in a timely manner
✓ User-Friendly Grievance Process to report errors or harm
✓ Clear Explanations of policies regarding privacy, confidentiality, and degrees of AI involvement
✓ End-User Autonomy throughout the interpreting process
✓ Evidence of Improvements to end-user wellbeing and safety are made available to the public
✓ Public Transparency of quality metrics and their results over time
✓ Accountability and Oversight to hold providers responsible for any errors or harm

Table 1: Ethical principles for the use of AI for interpreting, adapted from SAFE-AI Task Force (2024).

involved in public outreach and safety, as some
other professional organizations do (e.g., the Lin-
guistics, Language, and the Public Award presented
annually by Linguistic Society of America).

Finally, we ought to consider coming to a public
consensus on key terminology in our field. NLP
researchers know that AI is not one thing, so it’s
important to communicate this to the public. We
can advocate for the use of more specific terminol-
ogy when describing these products– for example
“LLM chatbot” or “machine-generated translation”–
which may help those outside the research commu-
nity better distinguish between the various models
and their intended uses.

6 Conclusion

This paper presents a case study on a situation we
believe to be representative of wider patterns in
language technology deployment with the poten-
tial to inflict serious, but preventable, harm. When
accurate translation can mean life or death, the
technology providing it needs to be deployed as
ethically and safely as possible. Regulatory legisla-
tion and community education are both important,
but without active engagement from the research
community these strategies are unlikely to be suffi-
cient to address the range of issues we’ve described.
There must also be clear mechanisms in place to
hold accountable those developing, selling, and pro-
viding these technologies once NLP research has
moved beyond the theoretical or academic realm.
In our opinion, it is both unethical and imprac-
tical to place the burden of responsibility on the
consumer when deploying LLMs in such critical
situations as the one we’ve described in this study.

Our intention in sharing these experiences is not
simply to criticize developers or users of NLP ap-
plications. Rather, we wish to facilitate open dis-

cussion among members of the NLP research com-
munity, and across the entire web of stakeholders
deploying the technologies our research supports.
We hope this may be able to at least mitigate some
of the harms that can result from our findings mak-
ing their way into society, improving the quality of
these applications and increasing their beneficial
impact in order to make our communities safer for
everyone.

7 Limitations

The scope of the current paper is limited to one
case study, but we believe the conclusions and rec-
ommendations we draw from it apply more broadly.
We base our discussion primarily around the lan-
guage used when advertising the MT tool described,
as well as our meetings with call center staff, with
whom we hope to continue collaborating in order
to improve the quality and safety of the services
being offered. Not only are so-called “AI” systems
themselves relatively new innovations, the software
we evaluate as part of our case study has only re-
cently been deployed live. There have yet to be
enough interactions with the service, nor have we
been invited by the call center or software provider,
to conduct the kinds of statistical analyses typically
used to validate empirical research in NLP. As we
hope to have made clear, describing the technology
as “AI-powered” also limits our ability to know
or describe the exact model(s) being used or how
the system was designed. Finally, ethical consid-
erations, described in the following section, also
place rightful limits on the data and methods we
might use to further evaluate the tool described in
our study.
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8 Ethics Statement

This paper addresses life or death services for a
segment of our community that is currently among
the most vulnerable and the most targeted. In doing
so, it was essential for attention to be brought to
the risks resulting from a lack of AI literacy in the
community, without needing to spotlight individual
experiences. No data contained in this paper was
obtained, directly, or indirectly, through the provi-
sion of services for victims of crime or funded with
dollars intended to support those services.

Care was also taken to avoid ascribing bad faith
to any of the local stakeholders or to assign blame
for the issues described in Section 4, all of which
are far from unique to our case study. Every public
official, first responder, and community member we
spoke to has been open and committed to the goal
of increasing language access. This is precisely
why we feel an equal sense of responsibility to
seek out the role that we, as individuals and as a
field, can contribute to the realization of that goal.
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