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Abstract001

We present a case study on the initial stages002
of an LLM-based machine translation applica-003
tion’s deployment in a real-world context: a004
text-2-911 system advertising capabilities in 55005
languages for use in emergencies in which it006
may be difficult to call operators directly. We007
identify a number of common misconceptions008
about technologies such at these and describe009
their implications, concluding with a set of con-010
crete recommendations and best practices for011
stakeholders at every stage of the development012
and deployment pipeline. We offer a call to013
action and urge our colleagues in the research014
community to play a greater role in the articu-015
lation of our findings to the public. While the016
advancement of scientific research often lies in017
solving the “hard” problems, we argue that it is018
often the “easy” ones— problems for which the019
latest technology is often unnecessary— that020
are most overlooked.021

1 Introduction022

Despite considerable overlap between academic023

and industry-based developers of Large Language024

Models (LLMs) and related technologies (Abdalla025

et al., 2023), it seems Natural Language Process-026

ing (NLP) researchers have a science outreach027

problem. As our research findings continue to028

drive the development of some of the most quickly029

adopted user-facing applications to date (De Brug-030

ger, 2023), the findings themselves— and their real-031

world implications— are too often lost in the hype.032

Artificial Intelligence (AI) is increasingly being033

offered as an inevitable solution to some of hu-034

manity’s largest problems (Eubanks, 2018; Byrum035

and Benjamin, 2022; Benjamin, 2024; Center for036

Democracy & Technology, 2025b).037

As the outputs of modern NLP research are taken038

up and applied in commercial products, an infor-039

mation gap has developed between those designing040

NLP applications and their end users. For example,041

researchers may take it for granted that a model per- 042

forms worse with lower-resourced languages (Silva 043

et al., 2024), or that its performance degrades in 044

response to inputs from outside its training domain 045

(Wu et al., 2024; Li et al., 2025). However, deci- 046

sion makers deploying NLP products in essential 047

services like law enforcement and emergency re- 048

sponse may not be aware of these limitations. Many 049

may find themselves under pressure to find ways to 050

acquire and integrate AI tools, but are left to navi- 051

gate the AI software market without the knowledge 052

needed to properly evaluate them, mitigate their 053

risks, and ensure that they’re as safe, ethical, and 054

effective as possible. 055

This failure to effectively communicate our 056

research findings to the public— including to 057

those developing and selling consumer-facing 058

applications— is not unique to NLP. Cryptog- 059

raphers have developed easy-to-access, publicly 060

available code for secure public-key communica- 061

tion, but surveys of these systems in actual use 062

persistently reveal that end users continue to create 063

security flaws by misusing the APIs (Choudhari 064

et al., 2021; Lazar et al., 2014). The NLP research 065

community now faces a similar problem. Although 066

basic tools for transparency and evaluation like 067

model cards (Mitchell et al., 2019) have existed for 068

years, they still aren’t widely used in commercial 069

settings. 070

Most consumers of NLP technologies have little 071

other than promotional materials to go off of as 072

they navigate the complex landscape of tools mar- 073

keted to the public as “AI.” The result, we claim, is 074

both an information imbalance and an accountabil- 075

ity gap: NLP products are increasingly being sold 076

to consumers in both public and private sectors, 077

including in high stakes contexts such as polic- 078

ing (United States v. Cruz-Zamora, 2018; Quaglia, 079

2022), immigration court (Deck, 2023), critical 080

public health announcements (Moreno, 2021), and 081

other emergency response (Burns, 2025), without 082
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adequate information or support to use them safely.083

Furthermore, if harm occurs as a result of techno-084

logical error or misuse, it is often unclear who, if085

anyone, can be held accountable for that harm. We086

believe this should be cause for genuine concern087

within the research community. When language088

technology is deployed to support emergency ser-089

vices within our own communities, the stakes are090

high and all of us are stakeholders.091

This paper presents a case study on one exam-092

ple of an LLM-based language technology being093

bought, sold, and deployed for use in emergencies094

at a local 911 center. We describe the technology’s095

rollout via its marketing and promotional materi-096

als, and describe our experience meeting with staff097

involved in its deployment at the 911 center.098

Our experience sheds light on a number of com-099

mon misconceptions about language and language100

technology that, in combination with systemic gaps101

in accountability, can result in the risky and poten-102

tially harmful deployment of NLP systems. This is103

of particular concern in situations such as our case104

study, in which the product is being used in emer-105

gencies and affects some of the most vulnerable106

members of our community– refugees and other107

immigrants for whom English is not a native lan-108

guage. We discuss the role that NLP researchers109

can play in addressing these critical gaps, and con-110

clude the paper with a set of concrete recommenda-111

tions for best practices. Finally, we encourage our112

colleagues in the research community to do more113

to support science outreach, so that our advice may114

be audible to those who need to hear it.115

2 Case Study: Text-2-911 Service116

2.1 Background117

According to U.S. federal and state statutes, includ-118

ing Title IV of the Civil Rights Act of 1964, the119

Americans with Disabilities Act, the Affordable120

Care Act, and the 14th Amendment, among others,121

emergency service providers are legally obligated122

to ensure language access for callers with limited123

English proficiency. While the ability to communi-124

cate with emergency responders may be assumed as125

a given if one’s native language is English, lack of126

equitable language access can compound hardships127

faced by many of our most vulnerable populations,128

including immigrant and refugee communities, as129

well as individuals with disabilities (National Im-130

migrant Women’s Advocacy Project (NiWAP) and131

American University Washington College of Law,132

2013; Taira et al., 2021; Bhuiyan, 2023; Hofmann 133

et al., 2024; Parmar, 2025). Community organi- 134

zations can provide crucial support— sometimes 135

the only support— for such individuals, helping 136

them to navigate complex systems and institutions 137

with which they may be unfamiliar, educating them 138

about their rights, and connecting them to critical 139

resources. 140

The second author of this study is a licensed so- 141

cial worker at one such community organization, 142

leading a multilingual team of victim advocates 143

specialized in serving immigrant and refugee sur- 144

vivors with limited English proficiency. Through 145

this work, she and her colleagues have seen first- 146

hand how a lack of qualified interpreters and mis- 147

use of language technology can lead to a cascade 148

of harmful effects on vulnerable populations. So 149

when the city announced the rollout of a new AI- 150

powered1 translator for text-2-911 emergency re- 151

sponse, she and her team were eager to learn more. 152

The option to text 911 in English began as a 153

solution for Deaf and Hard of Hearing callers and 154

“those who may be unable to communicate verbally 155

due to background noise or safety considerations” 156

(Laird, 2025) and became available in early 2019. 157

Crucially, the text-2-911 tool is not intended to be 158

an equivalent alternative to a voice call (Franklin 159

County Board of Commissioners, 2019). In our 160

visits to the 911 center, described in Section 2.3, 161

the staff made clear that voice calls are always pre- 162

ferred since they can provide additional informa- 163

tion, such as background noise and voice distress, 164

to the call operator. Dispatchers are trained to ask 165

anyone who texts the 911 center whether they are 166

able to call safely, and encourage them to do so if 167

possible. The city already provides human inter- 168

preters for voice calls to serve the estimated 6.4% 169

of area residents over 5 years old who speak En- 170

glish “less than very well” (Central Ohio Hospital 171

Council et al., 2025), and interpreter services were 172

used for about 4,000 of the 670,000 total calls to 173

the local 911 call center in 2024 (Laird, 2025). 174

2.2 Popular Perceptions of Machine 175

Translation 176

More often than not, press coverage of MT ap- 177

plications portrays systems in an overwhelmingly 178

positive light, with relatively little scrutiny of the 179

limitations of the technology or its implications 180

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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for human interpretation (Vieira et al., 2021). The181

deployment of MT systems, even in high stakes182

contexts, is often contrasted with the option of pro-183

viding no language access rather than compared to184

the statutory baseline, namely in-person or teleinter-185

pretation by qualified, human translators (Quaglia,186

2022). When the bar is set artificially low, it is187

easier for well-intentioned community members188

to celebrate the use of MT as “above and beyond”189

when it may actually represent a step backward in190

access for callers with limited English proficiency.191

In our case, one local media report suggests that192

fear of language barriers when calling 911 “may193

soon be a thing of the past.” The article goes on194

to state that “instead of relying on language inter-195

preters to help non-English speaking callers [...]196

callers can now text 911 in their own language,”197

contradicting the stated intent of the service not to198

supplant voice-call interpretation but rather add an199

additional accessibility option (Keller, 2025).200

City residents interviewed about the new technol-201

ogy for the promotional video echo the language202

from the original press release, assuring residents203

that they could now text 911 “in their native lan-204

guage.” However, a list of the 55 languages sup-205

ported by the model has not been included in any206

press coverage, and we were only able to acquire207

it by contacting the 911 center directly. Not all of208

the county’s most commonly spoken languages are209

on the list, and non-Latin scripts can only be sent210

through AT&T, a disclaimer that could be easily211

missed in much of the press coverage.212

It was clear that more information was needed if213

the victim services team wished to provide accurate214

information and guidance to their clients. This215

is when the second author reached out to a local216

university’s linguistics department for clarity on217

current MT technology. She also contacted the218

911 center staff, who immediately and graciously219

invited her team to visit the center for a tour and220

in-depth discussion of the new features. Due to221

ongoing updates to the software, they were not222

able to test out the translation on that day, so a223

second meeting was arranged, and the first author224

was invited to join. The following section describes225

what was learned from these meetings.226

2.3 Visiting the 911 Center227

The first and second authors visited the 911 cen-228

ter at the end of September, 2025, along with two229

colleagues from the Victim Services Program who230

were eager to test out the translation tool in their231

respective native languages. Each had prepared a 232

list of phrases from real-world text messages to 233

explore how the model handled language-specific 234

challenges such as dialect variation, text speak, ty- 235

pos, referential ambiguity, idioms, and code switch- 236

ing. Three city staff members from the 911 center 237

and a representative from the software company 238

providing the MT application generously made 239

time to host us, even as they orchestrated the day’s 240

emergency response activities for a city of 900,000 241

residents. 242

The 911 center is home to the city’s Public Safety 243

Answering Point (PSAP), where operators receive 244

all incoming local calls and texts to 911 before 245

routing them to the appropriate responders, e.g., 246

fire, EMS, or police. Software and maintenance 247

for the PSAP interface, including the text-2-911 248

feature, is provided by a third party who advertises 249

their use of Microsoft Azure to provide language 250

detection and automatic translation. According to 251

911 center staff, Microsoft does not provide access 252

to the underlying model or training data. 253

The staff managing implementation of the tool 254

had also not been provided any evaluation data 255

or quality assurance services by their software 256

provider. While a policy exists at the state level 257

outlining deliberate and detailed requirements for 258

"planning, implementation, procurement, security, 259

privacy, and governance requirements for the use of 260

Artificial Intelligence (AI)" (State of Ohio, 2023), 261

no equivalent policy has been created for City 262

departments. This appears to leave the 911 cen- 263

ter without the necessary subject-matter expertise, 264

training, guidance, or resource allocation to ensure 265

that proper safeguards are in place. 266

According to the software company’s represen- 267

tative, the goal of the translation tool is to decrease 268

response time for end users with limited English 269

proficiency. However, there is currently no ongoing 270

evaluation to establish the product’s success toward 271

meeting that goal. The MT system also does not 272

integrate any oversight from human translators, ei- 273

ther in real-time or after-the-fact for quality assur- 274

ance. A human dispatcher receives and responds 275

to the translated text, but the text output by the MT 276

model, as with any AI model, is still ultimately 277

AI-generated. 278

2.4 Testing the Tool 279

We were given the opportunity to interact with the 280

system ourselves in real time. We probed the model 281

with common linguistic phenomena found in text 282

3



messages, such as accidental misspellings and di-283

alectal variation. Ultimately, both of our colleagues284

from the Victim Services Program encountered285

challenges texting 911 in their native languages,286

Arabic and Nepali, respectively.287

In the case of Arabic, we learned that Modern288

Standard Arabic (MSA) was the only variety of289

Arabic in which the MT system was supposed to290

be able to interact (Al-Laith and Kebdani, 2025;291

Mishra et al., 2025). However, in addition to the292

limitations posed by Arabic’s non-Latin orthogra-293

phy, those familiar with the sociolinguistic contexts294

in which Arabic is spoken will know that MSA is295

rarely, if ever, the language a speaker will use to296

communicate via text message. Dialectal varia-297

tions in lexical items and spelling presented clear298

challenges for the model’s ability to interact with299

an Arabic speaker via text. Similarly, the MT sys-300

tem is only able to recognize Nepali written in the301

Devanagari script. However, at least among the302

Bhutanese-Nepali community making up the ma-303

jority of Nepali speakers in the area, text messages304

are almost exclusively written using the Latin script.305

Our colleague was not even sure how to use a De-306

vanagari keyboard, and could not find all of the307

symbols he would need to interact with the system308

using the orthography that the model was trained309

on for the language.310

The potential negative impact of such incongru-311

ence between the data the model was trained on312

and that which might be encountered in a realistic313

setting is further amplified by the tool’s lack of an314

informed consent procedure for end users. When315

a person tries to contact 911 via text message in316

a language other than English, the interface dis-317

plays both source text and translation output to the318

dispatcher at the 911 center, who typically is not319

proficient in the target language. In contrast, the320

use of MT is not explicitly disclosed and neither the321

translations nor the name of the language detected322

by the model are presented to the person texting323

911. On the surface, their experience is no differ-324

ent than if they were texting directly to another325

person. They receive no disclosure of AI-generated326

translation or user guidance for optimizing output327

accuracy.328

There is a reasonable concern that wordy dis-329

claimers or excessive instruction could slow down330

the response time or cause confusion in an emer-331

gency situation. These are valid considerations that332

warrant empirical investigation. However, lacking333

that evidence, and given the vast amount of evi-334

dence of the errors and risks associated with LLM 335

technologies already documented by the research 336

community (Costa et al., 2015; Berk, 2021; Fre- 337

itag et al., 2021; Mehandru et al., 2023; Court and 338

Elsner, 2024; Freitag et al., 2024; Mickus et al., 339

2024; Urlana et al., 2025), we wish to emphasize 340

that requiring informed consent and transparency 341

for users on both sides of the interaction is not only 342

more ethical, it is also likely to improve the tool’s 343

overall performance and make the service more 344

effective. 345

During the meeting at the 911 center, we dis- 346

cussed a number of additional ethical considera- 347

tions and safety precautions. Although most of our 348

concerns have been well-documented in the aca- 349

demic literature for years (see, e.g., Kumar et al. 350

2023 for an overview), public officials and local 351

decision makers are often unaware of many of the 352

ethical best practices NLP researchers might now 353

take for granted (Karamolegkou et al., 2025). There 354

is still a general lack of understanding of the po- 355

tential vulnerabilities and risks inherent to these 356

technologies, reflecting what we see as an overall 357

gap in access to information and insufficient in- 358

volvement or support from experts in our field. Ad- 359

dressing these issues at all stages of the model’s life 360

cycle likely requires action by city leadership, in- 361

cluding legislative policy, resource allocation, and 362

partnerships with local community organizations 363

and members of the NLP research community. 364

2.5 Learning from Experience 365

We hope our case study will encourage our col- 366

leagues in the research community to play a greater 367

role in advocating for the safe and responsible ap- 368

plication of their own findings. However, it should 369

be noted that although a sizeable number of ACL 370

submissions each year are authored or co-authored 371

by researchers in the private sector (Abdalla et al., 372

2023), NLP research culture itself has continued to 373

shift away from open-source principals and peer- 374

reviewed science towards greater secrecy and a 375

“move fast and break things” approach that priori- 376

tizes profits and tends to benefit only a small subset 377

of the global population (Benjamin, 2019; Blodgett 378

et al., 2020; Junker, 2024). 379

Furthermore, unlike in the medical field where 380

AI adoption has been carefully monitored and regu- 381

lated, many of the groups buying and selling these 382

technologies in other domains lack the technical 383

expertise, clear guidance, or necessary resources to 384

audit and evaluate the deployment at the necessary 385
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scale (Vieira et al., 2021). In the multitude of situa-386

tions in which a researcher isn’t present to evaluate387

an AI product with a critical eye, the success of an388

LLM application’s deployment depends heavily on389

the pre-existing knowledge and abilities of those390

acquiring and using it.391

The following section describes a number of spe-392

cific misconceptions about language and language393

technologies that we’ve repeatedly observed in cir-394

culation among the general public. Perpetuated by395

the broader societal patterns described in Section396

4 and without the support of experts in our field to397

counteract them, we believe these gaps in knowl-398

edge will continue to enable instances of inappro-399

priate, ineffective, and sometimes even harmful400

deployment of LLM-based language technologies.401

3 Common Misconceptions about “AI”402

Computer science knowledge or AI literacy among403

those buying, selling, using, and regulating NLP404

technologies has consistently lagged behind the405

speed at which the field has advanced. Journal-406

ists who may otherwise provide a source of over-407

sight and information are often also un- or under-408

informed, which can mask important considera-409

tions and mislead the general public (Vieira, 2020).410

It is worth asking where the following misconcep-411

tions come from, and we encourage the research412

community to do more to publicly debunk them.413

3.1 Misconception 1: The Term “AI” is414

Well-Defined415

Since its inception as a field of study, there has416

been debate about what actually constitutes artifi-417

cial intelligence (Turing, 1950). “AI” has become a418

catchall term for a wide variety of large pretrained419

models, many of which are rapidly becoming a420

part of our everyday landscape. This can generate421

an unfortunate— and inaccurate— impression of422

homogeneity, obfuscating the difference between423

NLP tasks and objectives, such as those involved424

in machine translation vs. a dialogue system, or425

between model architectures, such as the distinc-426

tions between LLM-based pipelines and traditional427

NMT. Conflating these systems into the umbrella428

term “AI” contributes to the belief that all of this429

technology is the same, with the same capabilities,430

costs, and problems.431

3.2 Misconception 2: AI has Superhuman 432

Intelligence 433

It is common for even researchers to anthropomor- 434

phize language technologies that sometimes dis- 435

play what can feel like superhuman abilities, like 436

recalling specific facts about more than an ency- 437

clopedia’s worth of topics (Deshpande et al., 2023; 438

Erscoi et al., 2023). Having already passed the Tur- 439

ing test with flying colors for years, models may 440

now be marketed to consumers as possessing or 441

approaching Artificial General Intelligence (AGI)— 442

a markedly superhuman ability whose actual defini- 443

tion is just as vague and debatable as any other kind 444

of intelligence (Mahowald et al., 2024; Mitchell, 445

2024). Assuming there is no viable alternative, it 446

is understandable that consumers looking to serve 447

speakers of languages other than English might 448

turn to a seemingly superhuman MT system in an 449

effort to provide something rather than nothing. 450

Even with the best of intentions, however, confu- 451

sion between supporting a language and supporting 452

it well can have dire consequences (Bhuiyan, 2023; 453

CalMatters, 2025; Center for Democracy & Tech- 454

nology, 2025a; Quaglia, 2022; Deck, 2023). 455

3.3 Misconception 3: Language is Easy 456

Potential users of “AI” are not just unaware of the 457

fine points of language technology; they often also 458

hold a variety of misconceptions about language 459

itself (Wagner et al., 2023). These issues can be mu- 460

tually reinforcing— some have told us they want 461

“translation” rather than “interpretation” because 462

they want to know word-for-word what their inter- 463

locutor is saying. Linguists and translation theo- 464

rists know that this isn’t the right approach: the 465

individual words don’t always communicate the 466

core meaning, and utterances can be ambiguous 467

or multivalent even for an experienced interpreter 468

(Nielsen et al., 2025). But this folk theory of trans- 469

lation contributes to the misguided belief that ma- 470

chine translation is more objective and therefore 471

more accurate than any human interpreter. 472

People may also hold misconceptions about lan- 473

guage diversity, for example assuming that dialectal 474

variation is merely a matter of accent or that stig- 475

matized dialects are language errors resulting from 476

poor education (Hudley et al., 2024). Given such 477

misunderstandings, it may be easy to believe that 478

a technology advertising support for over 50 lan- 479

guages will be able to serve all of them equally and 480

that dialectal variation will not cause significant 481
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problems, contrary to findings from NLP research482

(Aycock et al., 2025; Hofmann et al., 2024).483

3.4 Misconception 4: Quantitative Metrics are484

Reliable and Sufficient485

As a largely empirical discipline, NLP relies heav-486

ily on automatic and quantitative metrics. NLP487

researchers commonly acknowledge the inadequa-488

cies of their own metrics (Flamich et al., 2025) and489

may even take part in shared tasks attempting to490

improve them (Freitag et al., 2024; Shayegh et al.,491

2025). Unfortunately, awareness of a metric’s limi-492

tations too often fails to make it beyond academic493

circles. In contrast, techniques used to market and494

sell LLM technologies leverage benchmarks to ad-495

vertise some of the “superhuman” capabilities dis-496

cussed in Section 3.2. End users may be unaware497

that even the best performing model will degrade498

outside its training domain (Saunders, 2022), and499

benchmark scores can be gamed (Mansurov et al.,500

2025). Moreover, simply interpreting the metric501

numbers can be difficult for novices. Long expe-502

rience of evaluation gives professionals a general503

notion of how to mentally map between MT metric504

scores and translation quality (e.g. Scarton et al.,505

2019) Without this experience, one might incor-506

rectly assume that a high score means that mission-507

critical errors have already been eliminated.508

3.5 Misconception 5: Technological509

Solutionism510

The problem of over-estimating the abilities of tech-511

nology while underestimating our own is not a new512

one. “Solutionism” (Morozov, 2013) is the ten-513

dency to assume that social problems are amenable514

to engineering solutions— especially quick, cheap515

and disruptive ones. The misconception is not that516

technology cannot help; it often can! But in order517

to do so, it needs to be embedded within a sup-518

portive social context (Benjamin, 2024; Sanchez519

et al., 2025). Many of the problems AI is being520

sold to fix would likely be more efficiently and ef-521

fectively resolved with simpler methods (Quaglia,522

2022). Instead, vendors of so-called “AI solutions”523

often market their products by communicating, di-524

rectly or indirectly, that the human element can be525

dispensed with entirely.526

However, human oversight is essential when de-527

ploying technologies as erratic, unpredictable, and528

potentially even deceptive as LLMs (Ouyang et al.,529

2022; Roose, 2023; Mickus et al., 2024; Center for530

Democracy & Technology, 2025b). LLM software531

providers should therefore be expected to provide 532

training and support for human quality assurance 533

teams, as well as ongoing monitoring in collabo- 534

ration with professional human interpreters to sys- 535

tematically collect and review feedback from the 536

app’s end users. The question “what if something 537

goes wrong” is central to engineering robust sys- 538

tems (Kapur et al., 2014, ch. 1.6, ch. 10). Failure 539

to ask and answer this question can make a system 540

appear relatively cheap to deploy, but this is only 541

because its true costs appear primarily in scenar- 542

ios where it doesn’t work. The reported cost of 543

responding to a domestic violence homicide, for 544

example, stands in the millions of dollars (Nessen, 545

2025). 546

Such errors are not inevitable, and their related 547

losses could be minimized by prioritizing the train- 548

ing and employment of professional human inter- 549

preters over high-tech solutions, particularly when 550

it is not possible to guarantee the safety of the tech- 551

nology in question. The results of doing so would 552

not only be “better than nothing,” they would be 553

quantifiably better than a machine translation sys- 554

tem of variable or unknown quality. Investment 555

in humans and the things we do best, such as lan- 556

guage and translation, would thus make for a sound 557

financial (as well as ethical) decision. 558

4 Why the Problem Persists 559

We believe our case study represents broader trends 560

in the deployment of LLM-based language tech- 561

nologies around the globe. Why does this happen? 562

4.1 Information Asymmetries 563

Without a doubt, one of the biggest contributing fac- 564

tors to the inappropriate and sometimes unethical 565

use of LLM-based technologies is that consumers, 566

even with the best of intentions, lack access to in- 567

formation. There is an AI literacy crisis at nearly 568

every level of the adoption chain. 569

Information asymmetries begin before many pre- 570

trained models are even released to the public. In 571

many cases, it is only possible to infer what the 572

model was trained on by considering its outputs in 573

light of the old computer science adage: “garbage 574

in, garbage out.” The details of a model’s develop- 575

ment is further obscured once it is packaged into 576

software and sold by a third party. Those selling 577

the software do not necessarily understand how 578

their product works in technical terms, and even 579

when developers understand the API they are using, 580
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they have not necessarily been trained in the core581

technologies behind it.582

Analogous to the problem faced by cryptogra-583

phers described in Section 1, the mass availability584

of APIs for LLMs creates the illusion that no spe-585

cialized knowledge is needed to use the product.586

Similar to using a database server or hash function,587

it’s easy for an engineer to assume that a large com-588

pany like Microsoft or Meta has made their product589

available because it “works,” without a full under-590

standing of what “working AI software” means or591

the inherent risks and potential errors that come592

with deciding to use it.593

The research community is not without our share594

of responsibility, either. Although we have made595

much progress towards an agreed-upon set of stan-596

dards for conducting ethical research, the economic597

and cultural environments in which this work takes598

place does not tend to value or support science out-599

reach and communication to the public. Regulators600

and legislators also often lack AI literacy, and their601

perception of NLP research is dominated by the602

perspectives of a small handful of powerful com-603

panies (Kang, 2025). Without the infrastructure604

and support to quickly and directly communicate605

our findings to the public, academic researchers606

effectively surrender our ability to speak on behalf607

of our own science.608

4.2 The Accountability Gap609

For NLP software development to be both safe and610

effective, knowledge has to move from the research611

community through multiple layers of transmis-612

sion. At each of these layers, there is an “account-613

ability gap” to cross: developers and sales people614

won’t learn best practices unless they have a good615

reason to (Eubanks, 2018; Hohenstein and Jung,616

2020). Some areas (like medicine and law) have617

well-established systems of individual and institu-618

tional accountability that can be applied to NLP619

tools, for example by transparently defining regula-620

tions, formalizing community norms, and creating621

community-internal resources for learning about622

these technologies (Landers and Behrend, 2023).623

In policing and emergency response, the situation624

seems far less structured (Taira et al., 2021; Par-625

mar, 2025). Without impartial evaluation based626

on the technical details of the model and its spe-627

cific use context, even well-intentioned actors are628

left without adequate guidance on how to use the629

technology safely.630

5 Recommendations and Best Practices 631

We wish to reiterate that we believe the text-2-911 632

service and our experience at the 911 center are 633

representative of broader patterns in AI software 634

deployment, rather than an edge case. 635

5.1 Deploying Language Technologies in 636

High-Stakes Situations 637

In an alternative scenario, staff at the call center 638

in our case study would have had a much clearer 639

idea of what sort of product they were getting. 640

This should begin at the point of sale: if a com- 641

pany advertises translation in multiple languages, 642

they should be transparent about the relative per- 643

formance of each language pair and forthcoming 644

about the potential risks and limitations of their 645

software. Just as it is no longer acceptable to buy 646

packaged food without a nutrition label or drugs 647

without a pharmacist’s consultation, model cards 648

(Mitchell et al., 2019) should be required for all 649

software applications trained using machine learn- 650

ing methods. Similar to a pharmaceutical, model 651

cards should distinguish between on-label and off- 652

label uses and clearly communicate the known, 653

potential, and hypothetical risks of deployment in 654

the particular contexts for which they are intendd. 655

An explicit analysis of model failures should also 656

be an expected part of deciding whether to acquire 657

a new language technology prior to its deployment. 658

This would allow organizations to formulate a con- 659

tingency plan for any errors they observe in the pro- 660

cess or otherwise believe to be probable. Ideally, 661

this would also allow for a more informed and effi- 662

cient use of public resources, including spending 663

on qualified human interpreters to provide backup 664

for the most heavily used language pairs and sen- 665

sitive applications. Organizations can make these 666

decisions more responsibly by formulating clear 667

policies and standards before acquiring or using 668

any specific product. For suggested minimal policy 669

recommendations, we refer the reader to the SAFE- 670

AI Task Force Guidance (2024, 2025), which we 671

adapt and present in Appendix A. 672

In general, we recommend consumers pay more 673

careful attention to matching their deployment con- 674

text(s) with appropriate levels of technological ma- 675

turity and reliability. While it might be tempting to 676

reach for the most powerful models for applications 677

serving our most critical use cases, we need to be 678

setting the bar higher, not lower, in such scenarios. 679

The idea is not that we shouldn’t be using LLMs 680
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in emergencies, but rather that these models need681

to be more closely evaluated and monitored before682

deployment. Perhaps 911 isn’t the best call service683

to pilot automatic translation.684

Once a system is deployed, it should be contin-685

ually monitored and evaluated on the real data it686

faces and its scores should be publicly available.687

Community partners can be valuable collaborators688

for this kind of evaluation, since they are likely to689

be best informed of the actual needs and nuances690

specific to the populations being served. Their in-691

volvement may also help to distinguish the errors692

that really matter from those with less serious con-693

sequences, allowing emergency service providers694

to better allocate their limited resources.695

User interfaces and interactions with these tech-696

nologies also need to be more immediately trans-697

parent. Both parties should be able to see how the698

system translates their messages and confirm that699

the correct language has been identified. End users700

are more likely to have enough English proficiency701

to identify errors than dispatchers with little or no702

exposure to the target language, as well as prior703

experience with MT performance in their native704

language. Increasing transparency allows for more705

robust informed consent in real time.706

While appropriate AI governance requires fund-707

ing beyond the product itself, such expenses are708

negligible in comparison to the hidden costs, mon-709

etary or otherwise, of bypassing human oversight710

and getting it wrong when it really matters.711

5.2 How the ACL Community Can Help712

As researchers, we should remind ourselves pe-713

riodically that the complex problems we may be714

trying to solve are not necessarily the biggest issues715

that stakeholders still face. Model cards and help716

lines may not seem cutting-edge, but many of us717

could also use a reality check: NLP practitioners718

sometimes over-estimate what’s considered com-719

mon knowledge or how much most people actually720

understand about language technologies.721

We also encourage more active contributions to722

local AI literacy initiatives. That is not to say that723

every researcher ought to also do science outreach,724

but that we can all strive to be better about support-725

ing those among us who do. This can take the form726

of financial support, but may also just mean ad-727

vocating for these colleagues within our networks.728

For example, the ACL could recognize researchers729

involved in public outreach and safety, as some730

other professional organizations do (e.g., the Lin-731

guistics, Language, and the Public Award presented 732

annually by Linguistic Society of America). 733

Finally, we ought to consider coming to a public 734

consensus on key terminology in our field. NLP 735

researchers know that AI is not one thing, so it’s 736

important to communicate this to the public. We 737

can advocate for the use of more specific terminol- 738

ogy when describing these products– for example 739

“LLM chatbot” or “machine-generated translation”– 740

which may help those outside the research commu- 741

nity better distinguish between the various models 742

and their intended uses. 743

6 Conclusion 744

This paper presents a case study on a situation we 745

believe to be representative of wider patterns in 746

language technology deployment with the poten- 747

tial to inflict serious, but preventable, harm. When 748

accurate translation can mean life or death, the 749

technology providing it needs to be deployed as 750

ethically and safely as possible. Regulatory legisla- 751

tion and community education are both important, 752

but without active engagement from the research 753

community these strategies are unlikely to be suffi- 754

cient to address the range of issues we’ve described. 755

There must also be clear mechanisms in place to 756

hold accountable those developing, selling, and pro- 757

viding these technologies once NLP research has 758

moved beyond the theoretical or academic realm. 759

In our opinion, it is both unethical and imprac- 760

tical to place the burden of responsibility on the 761

consumer when deploying LLMs in such critical 762

situations as the one we’ve described in this study. 763

Our intention in sharing these experiences is not 764

simply to criticize developers or users of NLP ap- 765

plications. Rather, we wish to facilitate open dis- 766

cussion among members of the NLP research com- 767

munity, and across the entire web of stakeholders 768

deploying the technologies our research supports. 769

We hope this may be able to at least mitigate some 770

of the harms that can result from our findings mak- 771

ing their way into society, improving the quality of 772

these applications and increasing their beneficial 773

impact in order to make our communities safer for 774

everyone. 775

7 Limitations 776

The scope of the current paper is limited to one 777

case study, but we believe the conclusions and rec- 778

ommendations we draw from it apply more broadly. 779

We base our discussion primarily around the lan- 780
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guage used when advertising the MT tool described,781

as well as our meetings with call center staff, with782

whom we hope to continue collaborating in order783

to improve the quality and safety of the services784

being offered. Not only are so-called “AI” systems785

themselves relatively new innovations, the software786

we evaluate as part of our case study has only re-787

cently been deployed live. There have yet to be788

enough interactions with the service, nor have we789

been invited by the call center or software provider,790

to conduct the kinds of statistical analyses typically791

used to validate empirical research in NLP. As we792

hope to have made clear, describing the technology793

as “AI-powered” also limits our ability to know794

or describe the exact model(s) being used or how795

the system was designed. Finally, ethical consid-796

erations, described in the following section, also797

place rightful limits on the data and methods we798

might use to further evaluate the tool described in799

our study.800

8 Ethics Statement801

This paper addresses life or death services for a802

segment of our community that is currently among803

the most vulnerable and the most targeted. In doing804

so, it was essential for attention to be brought to805

the risks resulting from a lack of AI literacy in the806

community, without needing to spotlight individual807

experiences. No data contained in this paper was808

obtained, directly, or indirectly, through the provi-809

sion of services for victims of crime or funded with810

dollars intended to support those services.811

Care was also taken to avoid ascribing bad faith812

to any of the local stakeholders or to assign blame813

for the issues described in Section 4, all of which814

are far from unique to our case study. Every public815

official, first responder, and community member we816

spoke to has been open and committed to the goal817

of increasing language access. This is precisely818

why we feel an equal sense of responsibility to819

seek out the role that we, as individuals and as a820

field, can contribute to the realization of that goal.821
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A Suggested Policies for Ethical AI Use1149

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).
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