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Highlights
What are the main findings?

e  Using real clinical speech segments, Google Translate in speech/voice mode had sig-
nificantly higher linguistic and clinical error rates than qualified medical interpreters
across six languages (33.3% vs. 4.8%).

e  Error rates were worse for less commonly spoken languages, amplifying equity con-
cerns.

What are the implications of the main findings?

¢ Qualified in-person medical interpreters provide more accurate verbal translations
than Google Translate in speech/voice mode using real world clinic speech segments
that include discourse markers, fillers, hesitation markers, and descriptive language.

e Al apps like Google Translate in speech/voice mode that are frequently used in low-
resourced clinical settings may not provide accurate interpretation that reflects how
people really speak and require further study.

Abstract

Background/Objectives: Al voice interpretation applications like Google Translate in
speech/voice mode are increasingly used in clinical settings to address verbal language
access challenges, yet evidence comparing their performance to qualified in-person med-
ical interpreters in authentic clinical encounters remains limited. This study compares the
linguistic and clinical accuracy of Al-based Google Translate in speech/voice mode and
qualified in-person medical interpretation using spoken real-world speech segments from
clinical encounters. Methods: Outpatient clinical encounters involving patients with lim-
ited English proficiency were audio-recorded. Fourteen physician speech segments (mean
length 78.5 words) representing common diagnostic, treatment, and counseling content
were extracted, spoken in English into Google Translate speech/voice mode, and trans-
lated into six languages. Audio recordings of the same sentence segments were provided
to qualified in-person medical interpreters. All non-English translations were back-trans-
lated into English by professional interpreters. Researchers and a clinician evaluated the
back-translated English speech segments for linguistic accuracy, completeness, and clini-
cal significance. Qualitative analyses examined error patterns and contextual loss; quan-
titative comparisons assessed error rate differences across languages and interpretation
conditions. Results: Google Translate in speech/voice mode exhibited significantly higher
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linguistic errors (x2[1] = 19.78, p < 0.001) and clinical accuracy errors (x2[1] = 45.07, p <
0.001) than qualified medical interpreter translations. Clinically significant error rates
were 33.3% for Google Translate in speech/voice mode versus 4.8% for interpreter-gener-
ated translations. Error rates were also higher for less commonly spoken languages com-
pared to commonly spoken languages when using Google Translate in speech/voice mode
(42.9% vs. 14.3%). Conclusions: Qualified in-person interpreters provided translated
speech segments that had fewer errors that were either linguistically or clinically signifi-
cant, and remain essential for safe, accurate clinical communication.

Keywords: Qualified medical interpreter; Al-voice assisted app; interpretation; limited
English proficiency; language barriers

1. Introduction

Language barriers remain a persistent and well-documented challenge in healthcare
systems worldwide for patients with limited English proficiency (LEP). Inadequate com-
munication between clinicians and patients with LEP is consistently associated with lower
comprehension of diagnoses and treatment plans, reduced adherence to medical recom-
mendations, increased risk of medical error, and poorer overall health outcomes [1-3].
Communication difficulties can compromise shared decision-making, limit patients” abil-
ity to express symptoms accurately, and undermine trust in healthcare providers. As
healthcare delivery becomes increasingly complex and technologically mediated, the con-
sequences of ineffective communication for LEP populations have become more pro-
nounced, reinforcing language access as a core component of healthcare quality and eq-
uity. Recent studies further indicate that language discordance contributes to disparities
in hospitalization rates, emergency department utilization, and patient-reported experi-
ences of care [4-7]. These patterns highlight the central role of language access in advanc-
ing health outcomes and health equity.

Professional medical interpreters have been shown to substantially improve commu-
nication quality, patient safety, and patient satisfaction in clinical encounters involving
patients with LEP [4]. Interpreters facilitate accurate information exchange, promote pa-
tient engagement, and reduce misunderstandings that can lead to confusion about treat-
ment or delayed care. Empirical studies indicate that interpreter-mediated visits are asso-
ciated with higher rates of preventive service use, better chronic disease management, and
improved adherence to prescribed therapies [1]. Despite this evidence, access to qualified
interpreters remains uneven across healthcare settings. Rural hospitals, community clin-
ics, and safety-net systems frequently report limited interpreter availability, particularly
for languages spoken by smaller immigrant or refugee populations. Structural con-
straints —including financial limitations, workforce shortages, scheduling challenges, and
inadequate reimbursement mechanisms—continue to hinder consistent provision of in-
terpreter services [1]. Workforce pipeline challenges and limited certification infrastruc-
ture further constrain interpreter availability in underserved regions [8-9]. These systemic
barriers create persistent gaps that perpetuate reliance on ad hoc or informal interpreta-
tion practices that compromise quality and safety.

In response to these persistent gaps in language access, digital and artificial intelli-
gence (Al)-based language technologies have increasingly been introduced into clinical
environments. Al voice interpretation systems, mobile translation applications, and ma-
chine translation platforms offer rapid, on-demand access to multilingual communication
support and are often promoted as scalable and cost-efficient alternatives to traditional
interpreter services [10]. These technologies have been adopted in outpatient clinics,
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emergency departments, inpatient units, and telehealth settings, particularly in resource- 89
constrained environments. Google Translate is considered the most widely used voice- 90
assisted app for cross-cultural communication because it is a free and ubiquitously used 91
platform and allows for voice translation in over 200 widely spoken languages, represent- 92
ing over 614 million users. For free/volunteer healthcare settings with limited budgets, the 93
cost and accessibility of Google Translate make it the dominant Al tool for voice and text 94
translation throughout the world despite documented challenges with translation accu- 95
racy [11,12]. 96
Existing research on technology-assisted interpretation has produced mixed find- 97
ings. Studies evaluating machine translation and mobile translation applications suggest 98
that these tools can achieve acceptable performance for simple or standardized contentin 99
highly used languages, such as Spanish and Vietnamese [13-17]. For routine instructions, 100
appointment scheduling, or basic symptom descriptions, automated systems may provide 101
reasonably accurate translations. However, accuracy declines substantially for complex 102
medical terminology, nuanced counseling, emotionally sensitive discussions, and cultur- 103
ally embedded communication [10]. Subtle shifts in tone, modality, or contextual meaning 104
may be lost, potentially altering clinical intent. These limitations may restrict the appro- 105
priateness of automated tools in high-stakes or ethically sensitive encounters. Im- 106
portantly, the majority of studies in this literature have evaluated machine translation of 107
written text rather than spoken clinical communication — most commonly written dis- 108
charge instructions assessed for accuracy by bilingual reviewers [13,18]. The more limited 109
body of research examining voice-to-voice machine translation in live clinical encounters 110
has focused primarily on user satisfaction and goal achievement rather than independent 111
verification of translation accuracy, leaving the linguistic and clinical error rates of AI 112
voice interpretation in spoken medical discourse largely unexamined [19]. 113
Performance disparities are particularly pronounced for less commonly spoken lan- 114
guages, reflecting limited training data and algorithmic bias within Al systems [20]. Lan- 115
guages with fewer digital resources such as Amharic, Arabic, Burmese, and Swahili are 116
often underrepresented in training datasets, leading to higher error rates and inconsistent 117
output quality. These limitations raise serious concerns about the potential for clinically 118
meaningful mistranslations, omissions, and distortions when Al tools are used without 119
oversight [13]. Even minor translation errors can have significant consequences in contexts 120
involving medication dosing, informed consent, or discharge planning. Studies have 121
shown that error rates increase substantially for indigenous, refugee, and regional lan- 122
guages [21]. Such disparities risk reinforcing existing structural inequities in healthcare 123
delivery [22,23]. 124
Despite growing reliance on Al-based interpretation, direct comparisons between 125
these tools and qualified in-person interpreters in real-world clinical encounters remain 126
limited [10,24]. Much of the existing literature relies on simulated interactions, written = 127
translation tasks, or narrowly defined clinical scenarios [1]. Such designs may not ade- 128
quately capture the complexity of authentic patient—provider communication. As a result, 129
current evidence may overestimate real-world performance [1,25]. This study explores 130
translation accuracy, including both linguistic accuracy and clinical significance of trans- 131
lation errors of Google Translate Al-based voice interpretation and qualified in-person 132
medical interpretation using 14 recorded sentence segments from real-world clinical en- 133
counters in six languages (Amharic, Arabic, Burmese, Spanish, Swahili, Vietnamese) 134
which we grouped as common (Spanish and Vietnamese) and less common (Amharic, 135
Arabic, Burmese, Swahili). Specifically, we sought to describe not only translation accu- 136
racy between qualified translators and Google Translate Al-assisted voice interpretation 137
but to determine whether the errors displayed clinical significance that could impact pa- 138
tient care and health outcomes. 139
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Clinical communication is not simply the transmission of propositional content — it 140
is a richly layered pragmatic event shaped by context, speaker intent, and social relation- 141
ship. Real spoken language involves discourse features that extend well beyond lexical 142
meaning, including prosody, hedging, politeness strategies, implicature, and the sequen- 143
tial organization of conversational turns. Clinicians routinely use indirect speech acts, sof- 144
tening language, and culturally embedded expressions when delivering diagnoses or 145
counseling patients about treatment — communicative choices that carry significant prag- 146
matic force and that research has shown are central to effective, patient-centered care [26]. 147
These features are not incidental to clinical talk; they shape how patients understand their 148
condition, assess risk, and build trust with their provider. Al voice interpretation applica- 149
tions like Google Translate are built on neural machine translation (NMT) architectures 150
that operate primarily at the sentence level, optimizing for surface-level linguistic form 151
rather than discourse-level meaning [27]. As a result, NMT systems have well-docu- 152
mented difficulty with discourse phenomena such as pronoun resolution, politeness reg- 153
isters, and conversational implicature — features that require broader contextual and in- 154
teractional knowledge to render accurately [27,28]. When these subtle but consequential 155
pragmatic dimensions of clinical speech are lost or distorted in translation, the output may 156
be technically intelligible but communicatively misleading, with potential consequences 157
for patient understanding, safety, and trust [29]. 158

To address these aims, this study examined translation accuracy across both modal- 159
ity and language grouping. First, it compared Google Translate in speech/voice mode 160
(APP) and qualified medical interpreter (QMI) translations in terms of overall error rates. 161
We chose Google Translate because it is dominantly used by healthcare providers in 162
free/volunteer clinics that serve refugees and immigrants [1]. We used real-world physi- 163
cian speech segments which include pause fillers including “ah” and “um” because that 164
is how people speak in the real-world and it is how their speech segments would need to 165
be translated by any voice-assisted Al app. Although not prescriptively correct English, 166
real-world speech is functional and communicative, and it is what needs to be translated 167
for patients. Second, it examined whether error patterns differ between common and less 168
common languages within each translation condition. Finally, it assessed the likelihood 169
of clinically accurate translations across language groups for both APP and QMI condi- 170
tions. The research questions for this study are: 171

1.  Is there a significant difference in linguistic or clinical error rates between APP and 172
QMI translations when translating real-world physician speech? 173

2. Within each condition, is there a significant difference in linguistic or clinical error 174
rates between common and less common languages? 175

3. What are the odds of APP translations being clinically accurate in common versus 176

less common languages? 177
4. What are the odds of QMI translations being clinically accurate in common versus 178
less common languages? 179
2. Materials and Methods 180
2.1. Sample 181

Fourteen English-speaking physician speech segments were sampled from an exist- 182
ing corpus of audio-recorded outpatient clinical encounters [30]. Selected segments rep- 183
resented common diagnostic, treatment, and counseling content and contained medically 184
relevant terminology. Sentences were chosen to reflect realistic patient-facing medical 185
comments and instructions in outpatient settings. The mean length was 78.5 words per 186
segment (range: 33-140 words), representing a range of common clinical communication 187
contexts including diagnostic explanation, treatment planning, and patient counseling. 188
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See Table 1 for a sample of selected speech segments. All source audio recordings were 189
de-identified. No patient-identifying information was included in translated materials. 190
The study protocol adhered to ethical standards for secondary data analysis of clinical 191
communication. 192

Table 1. Sample of Physician Speech Segments. 193

Physician Speech Segments

Okay so what I'm going to do now is I'm going to listen to your heart and lungs okay be-
cause you're a new patient and then I really just want to do an exam on your ah muscles
okay. The musculoskeletal exam and I want to look at your left leg a little bit closely
okay.

it could be ah a cyst which I'll see if you have any cysts sometimes it's called a baker's
cyst in the back of your knee which could cause pain ah like I said you got that study,
the DVT so that's good you don't have any clots and then ah it could be other things like
ah of course we want to rule out any signs of infection which I don't think it is since it's
been happening for 6 months and then just other signs of Edema cause this burning pain
usually if you have a burning pain it can be due to swelling and you're saying it feels
swollen so that could explain that and then we could talk about if we need to do any
blood work or anything like that and possible treatments as well.

But yeah if your doing fine at home then probably we don't need to adjust your medica-
tions too much. But, uh, again, if at home your blood pressure is running like 160, 170s,
we do need to increase the dose of the lisinopril. As long as we can control your blood
pressure, and can control your (.) and control your lipid, that can help to prevent other
the more severe =events down the road.

So you know how to recognize the signs of hypoglycemia. Like low blood sugars, say
you are sweating a lot, you are having a period of dizziness , those are the signs of low
blood sugar and you may need to take a look at your meter and see what is the blood
sugar level. If it's lower than 80, you may want to get something to combat your blood
sugar a lit bit. Otherwise, it’s also dangerous. Just like DKA is dangerous, and low blood
sugar is also dangerous. Does that make sense?

Okay. Yeah, according to the guideline, because you have type 1 diabetes for more than
5 years is recommended to uh check the microalbumin to see how’s your kidney func-
tion annually. If its, say if it's damaged we can add medication to you to help you to pre-
vent further damage of your kidneys because we know that high blood pressure and di-
abetes those are two most common causes of the kidney damages in the United States.
Have you ever heard about that?

2.2. Study Design 194

This study employed a comparative accuracy design to evaluate translation accuracy 195
and clinical accuracy of speech segments translated by Google Translate speech/voice 196
mode (APP) and by qualified medical interpreters (QMlIs). Google Translate speech/voice 197
mode was selected because it includes all our study languages and is a commonly used 198
tool in clinical settings [31]. Speech segments were provided in audio format. Google 199
Translate is primarily based on Neural Machine Translation (NMT), specifically using 200
Transformer-based deep learning models, enhanced by Large Language Models (LLMs) 201
and Generative Al components for context and naturalness in speaking [32]. The sen- 202
tences were translated in early 2026, using the most updated commercially available ver- 203
sion of Google Translate. QMIs were qualified by being verified as bilingually fluent and 204
completing one of two 4-week courses (Breaking Boundaries in Healthcare or Bridging 205
the Gap). Upon certification, they also worked as QMIs in our local community. Both 206
training programs are widely recognized as high quality medical interpreter programs 207
including foundational training in ethics, terminology, and interpreting techniques. QMIs 208
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completed their interpreter certification training between 2024 and 2025. None of the 209
QMIs utilized in the study are certified by the National Board of Certified Medical Inter- 210
preters. 211

A within-item paired design was used so that each back-translated English sentence 212
served as its own control across translation conditions. Each sentence was verbally trans- 213
lated into six target languages (Amharic, Arabic, Burmese, Spanish, Swahili, and Vietnam- 214
ese) and then back translated into English. These languages were selected based on prev- 215
alence within local clinical populations and availability of local QMIs. 216

2.3. Measures 217

In the first step, each of the 14 audio sentences was translated under two primary 218
conditions: 219

e  Condition 1: Google Translate speech/voice mode (App Condition) 220

A study investigator read the English sentences into an iPhone using the Google 221
Translate app. Each sentence was read one time by the same investigator for each lan- 222
guage, that is fourteen sentences were read six times. The translated output in the target 223
language was recorded verbatim as an in-language audio file. Each language had 14 sen- 224
tences translated. 225
e  Condition 2: Qualified Medical Interpreters (QMI Condition) 226

A study investigator provided the originally recorded English sentences to in-person 227
qualified medical interpreters (QMI) fluent in the respective target language; each QMI 228
translated the same 14 sentences and provided in-language audio files. Each language had = 229
14 sentences translated. Interpreters were credentialed by Breaking Boundaries in 230
Healthcare or Bridging the Gap and experienced in clinical medical interpretation. 231

In the second step, for both conditions, to assess translation accuracy while minimiz- 232
ing rater bias from direct source comparison, each translated sentence (App and QMI con- 233
ditions) underwent blind back-translation into English by professional translators who 234
had not participated in the original translation. Back-translators were blinded to the orig- 235
inal English sentence. These back translations were recorded as verbal audio files. The 236
audio files were then transcribed verbatim for each language. The total sample size was 237
14 sentence segments in each of 6 languages in 2 conditions (APP and QMI). The back 238
translated English versions were the unit of measure. 239

In the third step, back-translated English speech segments for each language and in 240
both conditions (APP and QMI) were systematically compared with the original English 241
source sentences for linguistic accuracy, that is, were the words translated exactly as spo- 242
ken. Two researchers independently reviewed each back-translated segment alongside its 243
original English counterpart. Using a predefined coding guide with operational defini- 244
tions and examples, each segment was coded as: 245

1.  Correct (translated exactly as spoken) 246
2. Partially wrong (minor inaccuracies, omissions, or distortions that did not funda- 247
mentally alter clinical meaning such as saying “how are you” instead of “how are 248
you feeling”) 249
3. Totally wrong (substantive inaccuracies, omissions, or distortions such as “cyst” in- 250
stead of “sciatica”) 251

Two researchers independently coded 20 randomly selected sentence segments to 252
ascertain fidelity to coding and interrater reliability. This represented 12% of the full sam- 253
ple. The study PI reviewed the 20 sentence segments and resolved four discrepancies. A 254
Cohen’s kappa calculation indicated strong agreement between the raters (k = 0.85, p < 255
0.001). Each researcher then independently reviewed either QMI or APP condition for 256
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each back-translated segment in comparison to the original source English sentence seg-
ment.

Finally, in the fourth step, a clinician with 25 years of clinical practice experience re-
viewed the partially or totally wrong sentence segments to assess potential impact on clin-
ical interpretation, patient understanding, or patient safety, comparing original English to
back-translated English sentence segments for both APP and QMI conditions. The clini-
cian was blinded to condition and language. The clinician evaluated whether discrepan-
cies identified as partially wrong or totally wrong met the threshold for clinical signifi-
cance. Specifically, segments were coded as:

1 = clinically wrong (presence of medically meaningful inaccuracy, distortion, omis-
sion, or unsafe instruction such as “cyst” instead of “sciatica”)

0 = not clinically wrong such as “laceration” and “fissure” which are both types of
skin tears and did not clinically change the meaning of the sentence.

Some coding examples are in Table 2.

Table 2. Coding examples.

Linguistic Accuracy and Is Error Clinically Significant and

Original English Translated Speech Reason Reason
Not clinically significant. A cyst re-
It migh ELLI 1 lling in that i icall
it could be ah a cyst tnrug?7 t be a SW NG, sembles swe ing in that it typically
which I'll see if vou have of which I will check to see appears as a raised, palpable lump
Y if you have any SWELL- beneath the skin, leading to a local-

any CYSTS sometimes
it's called a baker's CYST
in the back of your knee
which could cause pain.

ING. Sometimes it is called

Partially W - swelli
artaty TWrong = SWeg ) ed increase in volume. Both cysts

i t th t.
a 'baker' SWELLING, be- 15 NOLHNE SAME as Y5 and general swelling may be associ-
hind your knee. Which can ated with tenderness, pressure, red-
cause pain. ness, and warmth —especially when

a cyst becomes inflamed or infected.

Every morning even if
you don’t have a head-
ache.

If you don't have a head-  don't have a headache is

. Clinically Significant — the 2 sen-
Totally Wrong: even if you yl8 .
tences are direct opposite of each

other and can cause confusion in
implementing medication instruc-

tions

ache every morning.  the direct opposite of if you
don't have a headache.

check to see = If you have
any um autoimmune dis-

ease. So, when like the

body attacks itself, =So to”

see if there's like rheu-
matoid arthritis,

Totally wrong. When the

Therefore, to see should do body attacks itself is differ- Clinically Significant — self preven-
ome laboratory tests. To do ent than self-prevention. tion is proactive and different than

any self-prevention. No mention of autoim- self-attack which is destructive.
mune disease.

3. Results

All tabulated error rates are presented in Table 3 and separated by translation condi-
tion (APP and QMI), language (individual and by common and less common groups),
and linguistic and clinical error rates. Below we describe the analyses that could be com-
puted based on the error rates, please note that low error rates, particularly in the clinically
wrong for the QMI conditions, precluded us running some of the analyses or may have
led to more unstable estimates even with corrections for low counts. These descriptives in
Table 3 are crucial for illustrating differences in error rates between the two translation
conditions. The unit of measure is the English back-translated sentence. There were 14
sentences for each language and in each condition (APP and QMI). Observations across
language groups were analyzed under an assumption of independence. We note,
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however, that the reuse of the same source sentences across conditions introduces a po- 283

tential dependency structure that is not explicitly modeled here. 284

Table 3. Linguistic and Clinical accuracy of APP and QMI Translations by language (n = 14 sen- 285

tences per language per condition.) 286

LANGUAGE APP QMI
Linguistically Wrong  Clinically Wrong  Linguistically Wrong Clinically Wrong
n % n % n % n %
Commonly Spoken
Spanish 3 21.4% 2 14.3% 0 0.0% 0 0.0%
Vietnamese 3 21.4% 2 14.3% 2 14.3% 1 7.1%
Sub-Total 6 21.4% 4 14.3% 2 7.1% 1 3.6%
Less Commonly Spo-
ken

Ambharic 6 42.9% 4 28.6% 9 64.3% 3 21.4%
Arabic 7 50.0% 5 35.7% 0 0.0% 0 0.0%
Burmese 4 28.6% 8 57.1% 3 21.4% 0 0.0%
Swahili 5 35.7% 7 50.0% 3 21.4% 0 0.0%
Sub-Total 22 39.3% 24 42.9% 15 26.8% 3 5.4%
TOTAL 28 33.3% 28 33.3% 17 20.2% 4 4.8%

287

All comparisons (2x2 contingency tables) were done from the Table 3 error rate cal- 288
culations. We used paired tests (McNemar's chi-square test) between conditions (APP vs =~ 289
QMI) because it was identical sentences in the same language for both clinically wrong 290
and linguistically wrong. We used a chi-square test between languages because although 291
we used the same sentence, it was translated across languages which are independent. 292
Fisher’s exact tests were used when error rates are small (<5) for independent language 293
groups (for example, QMI linguistically wrong more common = 3.6%). 294

To assess linguistic error rates, we used a McNemar’s chi-square test to compare er- 295
ror rates on the same 14 sentences between the APP and QMI conditions. The analysis 296
revealed a significant difference (¥?[1] = 19.78, p <.001, OR = 3.29, 95% CI: 1.91-5.67), sug- 297
gesting an overall higher linguistic error rate, increased odds of 3.29 for APP translations 298
(see Table 3 for error rates by translation condition). 299

We used a chi-square test to compare proportions of linguistic errors among inde- 300
pendent language groups (commonly spoken [Spanish, Vietnamese] vs. less commonly 301
spoken [Ambharic, Arabic, Burmese, Swahili] within the APP translation. This analysis re- 302
vealed a non-significant difference in proportions of errors among language groups using 303
APP (x?[1] = 2.68, p = .101, OR = 2.37, 95% CI: 0.83-6.78; see Table 3 for all error rates by 304
language group). Linguistic error rates between common and less commonly spoken lan- 305
guages were similar when using the APP. We did not run a statistical significance test 306
comparing language groups within the QMI condition because the error rates were very 307
low for the commonly spoken languages (7.1%). 308

We used a McNemar’s chi-square test to compare linguistic error rates on the same 309
14 sentences between APP and human interpreters by language group. For less common 310
languages, the analysis revealed a significant difference (x*[1] =7.37, p =.009, OR =2.27, 311
95% CI:1.23-4.16), suggesting an overall higher linguistic error rate, increased odds of 2.27 312
for APP translations (see Table 3 for all error rates). The odds of APP generating linguistic = 313
error rates are 2.27 times more than a QMI for less commonly spoken languages. For com- 314
mon languages, the analysis revealed a significant difference (¥?[1] = 16.67, p <.001, OR= 315
11.00, 95% CI: 2.59-46.78), suggesting an overall higher linguistic error rate, increased odds 316
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of 11.00 for APP translations; however, caution is warranted given the low error rate 317
(7.1%) for commonly spoken languages in the QMI condition. 318

To assess clinical error rates, we used a McNemar’s chi-square test to compare error 319
rates on the same 14 sentences between the APP and QMI conditions for clinical correct- 320
ness. The analysis revealed a significant difference (y?[1] =45.07, p <.001, OR = 14.00, 95% 321
CI: 5.08-38.61), suggesting an overall higher clinical error rate, increased odds of 14.00 for 322
APP translations. Although significant, caution is warranted given the wide CI, which can 323
suggest uncertainty in the estimated effect and is likely due to the lower number of error 324
rates in the QMI condition. Specifically, human interpreter generated 4.8% clinically 325
wrong phrases; the APP generated 33.3% clinically wrong phrases over the same sentence 326
segment sample (Table 3). 327

We used a Fisher’s Exact Test to compare proportions of clinical errors among inde- 328
pendent language groups (commonly spoken [Spanish, Vietnamese] vs. less commonly 329
spoken [Amharic, Arabic, Burmese, Swahili]) because of the small (<5) error rates in the 330
some of the groups. For APP, there was a significant difference in error rates (p =.013, OR 331
=4.10, 95% CI: 1.32-12.75), suggesting 4.10 increased odds of errors for the less common 332
language group using APP translation. Although significant, caution is warranted given 333
the wide CI, which can suggest uncertainty in the estimated effect and may also be due to 334
the sample size imbalance among language groups (commonly spoken 7 = 28 sentences; 335
less commonly spoken 1 = 56 sentences; see Table 3 for all error rates by language group). 336

Overall, QMIs performance was superior in translation accuracy. Caution should be 337
taken, however, when interpreting findings as these are specific to the QMIs who inter- 338
preted for this study and should not be generalized to all interpreters of that language. 339
For example, our Amharic interpreter showed the greatest number of errors in translation 340
which could reflect interpreter variability, local workforce constraints, reviewer subjectiv- 341
ity, back-translation limitations, or another factor unknown to us. This could be true of all ~ 342
QMIs in any situation. 343

We did not run statistical analysis tests within QMI condition or comparing language 344
groups between translation conditions because of the very small error rates in the QMI 345
condition (less common = 4.8%; more common = 3.6%). Caution is warranted when inter- 346
preting the error rates in Table 3 due to the small sample size and the use of the same 14 347
sentence segments across conditions (APP vs QMI) and languages, which introduces non- 348
independence among observations and limits statistical power. To address some of the 349
dependency, we used paired tests (McNemar’s chi-square) when comparing conditions 350
within the same sentence segments (APP vs QMI). For comparisons involving small cell = 351
counts (expected frequencies < 5), we used Fisher’s exact test or did not run inferential 352
tests. We acknowledge that these analyses are exploratory and stability and generalizabil- 353
ity of findings may be limited. Future studies should consider larger and more diverse 354
samples that allow inferential tests to consider nested structures. 355

4. Discussion 356

Language access remains a foundational determinant of healthcare quality, safety, 357
and equity for patients with limited English proficiency. While the sample is small, the 358
findings of this exploratory study provide data from real-world oral clinic communica- 359
tions that reinforce longstanding evidence that communication barriers may contribute to 360
compromised treatment adherence and diminished patient engagement [1,6]. These find- 361
ings are evaluative, assessing the effectiveness of using Google Translate speech/voice 362
mode in clinical settings by analyzing real-world clinic communication with all linguistic 363
challenges intact. The high prevalence of linguistically incorrect and clinically significant 364
errors observed in Google Translate speech/voice mode translations underscore persistent 365
risks associated with substituting this Al-assisted voice technology for human expertise 366
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without human intervention and oversight. These exploratory and evaluative findings 367
align with prior research cautioning against uncritical adoption of digital language tech- 368
nologies in high-stakes medical environments [9]. Al voice apps are still considered im- 369
mature, especially in healthcare, and should be used with caution as standalone solutions 370
to interpretation needs [25]. Further, existing studies of voice-to-voice machine translation 371
in clinical settings have largely relied on self-reported measures of satisfaction and goal 372
achievement or text-based translations, without independently verifying the accuracy of 373
the translations themselves [12,13,18,19]. The present study addresses this methodological 374
gap by evaluating translation accuracy against a corpus of real clinical speech, offeringa 375
more objective basis for assessing the risks of Al voice interpretation. 376

The comparative results highlight meaningful differences in accuracy between qual- 377
ified in-person interpreters and the Google Translate speech/voice mode. While inter- 378
preter-mediated encounters were not error-free, they demonstrated substantially lower 379
rates of linguistically and clinically significant errors than Google Translate. This pattern 380
is consistent with existing literature documenting the capacity of trained interpreters to 381
preserve clinical intent, manage ambiguity, and facilitate culturally responsive communi- 382
cation [1]. In contrast, the disproportionately higher error rates associated with Google 383
Translate speech/voice mode—particularly across less commonly spoken languages— 384
may reflect ongoing limitations in algorithmic training, contextual understanding, and 385
linguistic representation [24]. Consistent with these limitations, our study found that 386
Google Translate speech/voice mode translations frequently involved omissions, mis- 387
translations of medical terminology and medication names, altered sentence meanings, 388
and, at times, distortions that conveyed unintended or opposite meanings. These findings 389
add to the literature that raise concerns about the potential for automated systems to ex- 390
acerbate existing language-based inequities in healthcare delivery, particularly when 391
translating real world communication. 392

Our study evaluates translation accuracy and clinical significance through expert re- 393
view, but does not directly measure patient outcomes, patient or clinician satisfaction, ad- 394
verse events, trust, or healthcare utilization. In our study, nearly half of all incorrect trans- 395
lations were judged to have meaningful implications for patient care, with the majority = 39
originating from Google Translate speech/voice mode. Errors affecting medication in- 397
structions, symptom descriptions, or treatment planning may result in adverse events, 398
delayed care, or compromised informed consent [33]. Patients with LEP are uniquely vul- 399
nerable to these risks, as they often lack alternative mechanisms to verify the accuracy of 400
clinical information. These concerns are not merely theoretical. While studies of written 401
machine translation have documented clinically significant errors in discharge instruc- 402
tions — including potentially life-threatening mistranslations of medication directives 403
[13,18] — the present study demonstrates that similar and potentially greater risks arise 404
in spoken clinical communication, where patients have even less opportunity to detect or ~ 405
correct translation errors than they would with written materials they can review. Fur- 406
thermore, research on voice-to-voice machine translation in live encounters suggests that 407
clinicians may overestimate communication success, with health professionals reporting 408
goal achievement in over 80% of consultations while expressing satisfaction with the qual- 409
ity of communication in only 54% — a discrepancy that underscores the difficulty of de- 410
tecting translation failures in real time [19]. 411

Translation errors in clinical encounters involving patients with limited English pro- 412
ficiency (LEP) are not merely linguistic inaccuracies; they may carry substantial clinical 413
significance with measurable implications for patient safety, quality of care, and health 414
outcomes. Empirical studies have demonstrated that human interpretation errors—par- 415
ticularly omissions, additions, substitutions, and distortions—can alter diagnostic infor- 416
mation, medication instructions, informed consent discussions, and treatment planning 417
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in ways that directly affect clinical decision-making [2, 4]. Errors of clinical consequence 418
have been shown to occur more frequently when ad hoc interpreters, including untrained 419
staff or family members, are used compared with professional medical interpreters [2]. 420
Such errors have been associated with increased risk of adverse events, misunderstanding 421
of discharge instructions, reduced adherence to treatment, and decreased patient satisfac- 422
tion [1]. Moreover, even seemingly minor inaccuracies —such as incorrect medication dos- 423
ing, failure to convey symptom duration, or omission of qualifiers (e.g., “intermittent” vs. = 424
“constant”)—can lead to misdiagnosis, inappropriate testing, or unsafe prescribing. Sys- 425
tematic reviews indicate that professional interpreter services are associated with im- 426
proved comprehension, safer care processes, and, in some cases, reduced health dispari- 427
ties among LEP populations [1,4]. As healthcare systems increasingly integrate digitaland 428
Al-based tools in both written and oral communication, concerns remain regarding accu- 429
racy in translation, underscoring the continued importance of clinically trained human 430
interpreters in high-stakes interactions 431

While Al voice-assisted technologies hold promise for expanding access to language 432
services, their widespread implementation has outpaced the development of rigorous ev- 433
idence regarding their safety, accuracy, and impact on communication quality [1,13]. Data 434
suggest that many healthcare organizations have adopted commercial translation plat- 435
forms without systematic evaluation of their clinical appropriateness or limitations [14- 436
16]. Linguistic and clinical translation errors such as those found in our study raise con- 437
cerns about the extent to which technological solutions are being substituted for, rather 438
than complementing, professionally trained interpreters. 439

Qualified medical interpreters are trained to convey not only linguistic meaning but 440
also contextual, cultural, and relational aspects of communication. Qualified interpreters 441
receive instruction in medical terminology, ethical principles, and standardized interpre- 442
tation techniques designed to preserve clinical intent and minimize distortion [34,35]. 443
They are skilled in managing ambiguity, clarifying misunderstandings, and facilitating 444
bidirectional dialogue between patients and providers. Such relational skills remain diffi- 445
cult to replicate through automated systems. Prior research demonstrates that interpreter- 446
mediated encounters are associated with improved patient comprehension, reduced dis- 447
parities in care, and lower rates of adverse events [1]. Nevertheless, qualified medical in- 448
terpreters are also not 100% accurate, and clinicians should be encouraged to confirm un- 449
derstanding with their patients through communication methods like teach-back [36]. 450

5. Conclusion 451

In summary, this exploratory study demonstrates that while the Google Translate 452
speech/voice mode may offer a promising avenue for expanding language access in clini- 453
cal settings, it also may fall short of the accuracy and reliability achieved by qualified in- 454
person medical interpreters. In our study, the significantly higher rates of linguistic and 455
clinical errors using Google Translate —particularly in less commonly spoken lan- 456
guages—highlight potential risks to patient safety and quality of care. These findings un- 457
derscore the continued need for professional human interpreters to ensure clinically 458
sound communication. 459

Future research should build on the findings of this study by conducting larger, 460
multi-site investigations that incorporate diverse clinical settings, languages, and patient 461
populations. Longitudinal designs and mixed-method approaches may provide deeper 462
insight into how communication errors affect health outcomes, patient experiences, and 463
healthcare utilization over time [10,37]. Comparative effectiveness studies examining hy- 464
brid models that combine AI tools with professional interpreter oversight are also war- 465
ranted. The ability of Al tools to incorporate pragmatic discourse should also be studied. 466
Ultimately, while technological innovations may enhance access in limited circumstances, 467
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they cannot replace the relational, ethical, and contextual competencies of trained human 468
interpreters. A balanced, evidence-based approach that integrates technology as a sup- 469
portive—not substitutive—resource offers a promising path toward equitable and safe 470
communication for patients with limited English proficiency. 471

Limitations 472

This exploratory study has several limitations that should be considered when inter- 473
preting its findings. First, the sample size was relatively small, consisting of 14 recorded 474
clinical encounters across six languages. While the use of authentic, real-world interac- 475
tions strengthens ecological validity, the limited number of cases restricts the generaliza- 476
bility of the results. The findings may not fully represent the wide range of clinical con- 477
texts, provider communication styles, patient characteristics, and linguistic variations pre- 478
sent in broader healthcare settings. Larger, multi-site studies are needed to confirm the 479
observed patterns across diverse populations and institutional environments. 480

Second, the study focused on a selected set of languages, including Amharic, Arabic, 481
Burmese, Spanish, Swahili, and Vietnamese. Although these languages reflect important 482
immigrant and refugee populations in our catchment area, they do not capture the full 483
spectrum of linguistic diversity encountered in healthcare systems. Performance may dif- 484
fer for other commonly spoken or regionally specific languages, dialects, and lesser spo- 485
ken languages. Additionally, variations in accent, speech rate, and colloquial expression 486
were not systematically analyzed, which may have influenced translation accuracy for 487
both human and automated interpreters. 488

Third, translation accuracy and clinical significance were assessed through expertre- 489
view, which necessarily involves a degree of bias. Although standardized criteria were 490
used to evaluate partial and clinically significant errors, translations of clinical impact may 491
vary among reviewers. Differences in professional background and clinical specialty 492
could influence assessments. Further, inter-rater reliability was evaluated on only 12% of 493
the total dataset, which may not represent the reliability across all data points. This should 494
be considered to avoid overinterpretation of the data. 495

Fourth, this study evaluated only one Al-assisted voice translation application 496
(Google Translate) and did not examine variability across different platforms, software 497
versions, or system updates. Performance may differ substantially among commercial 498
products and may change over time as algorithms are refined. Consequently, the results 499
should not be interpreted as representative of all Al-based interpretation technologies. 500
Similarly, interpreter performance may vary based on certification level, experience, fa- 501
tigue, and familiarity with specific clinical domains, factors that were not systematically 502
controlled in this analysis. 503
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