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Objectives: This study evaluated the feasibility of voice recognition-based electronic medical record (EMR) documentation
for periodontal probing in dentistry, particularly emphasizing Korean-English bilingual speech patterns and real-world clini-
cal conditions. Methods: Experiments were conducted in a dental chair setting during routine clinical hours. Environmen-
tal noise levels were measured, and two microphone types (stationary and pin-type) were evaluated. Periodontal probing
phrases composed of three-digit numbers and positional terms were used for speech recognition. Consistent with common
clinical practice in Korea, numerical values were spoken in Korean, whereas positional terms were spoken in English. Two
speech-to-text application programming interfaces, Google Cloud Speech-to-Text and Naver Clova Speech Recognition,
were assessed. Recognition accuracy was evaluated for both numerical components and complete bilingual phrases. Results:
The mean environmental noise level was 60.65 dB and was minimally influenced by activity at adjacent dental chairs. The
stationary microphone failed to capture speech effectively, whereas the pin-type microphone demonstrated stable recognition
performance. For three-digit number recognition, accuracy was 88.3% with Google and 96.8% with Naver. For full-phrase
recognition, complete matching was achieved in 36.7% of cases for Google and 52.5% for Naver. Partial recognition occurred
more frequently for numerical components than for English positional terms. Conclusions: Voice recognition-based EMR
documentation for periodontal probing demonstrated preliminary feasibility in a dental clinical environment; however, per-
formance was influenced by Korean-English bilingual speech patterns. These findings suggest that bilingual speech charac-
teristics should be considered when implementing voice recognition systems in dental EMR workflows. Further optimization
is required before routine clinical application.
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l. Introduction

Electronic medical records (EMRs) have been widely ad-
opted in both medical and dental practice, enabling longitu-
dinal tracking of patient data and more comprehensive data
management [1,2]. However, real-time EMR documentation
during clinical procedures remains burdensome. In many
settings, handwritten charting followed by later transcription
is still common, leading to inefficiencies and an increased
risk of documentation errors [3-5].

In dentistry, EMR documentation presents additional chal-
lenges because clinicians must maintain direct contact with
the patient’s oral cavity while adhering to strict infection
control protocols. Input devices such as keyboards and mice
are often located in areas exposed to patient-generated aero-
sols, necessitating frequent glove changes or the involvement
of additional personnel for documentation [6]. Accordingly,
hands-free EMR recording methods may improve both clini-
cal workflow efficiency and infection control.

Another characteristic of dental EMRs is the high propor-
tion of numerical data, including tooth position, periodontal
pocket depth, and gingival margin measurements. This reli-
ance on numerical information may increase the likelihood
of documentation errors, particularly during busy clinical
workflows. Voice recognition, or speech-to-text technology,
has therefore been explored as a hands-free alternative for
EMR documentation, with reported benefits including re-
duced transcription time and improved clinician satisfaction
across several medical fields [4,7-12].

Despite these potential advantages, the application of voice
recognition in dentistry involves unique linguistic challeng-
es. In Korea, although Korean is the primary language, Eng-
lish terminology is widely used in medical documentation,
whereas numerical values are typically spoken in Korean.
Given the numerical intensity of dental charting, this mixed
Korean-English speech pattern may adversely affect voice
recognition performance.

Periodontal probing depth recording exemplifies this bilin-
gual complexity. As illustrated in Figure 1, documentation
consists of numerical tooth identifiers, English positional
terms, and numerical depth values, which are typically spo-
ken using a hybrid Korean-English format in clinical prac-
tice. The objective of this study was to evaluate the feasibility
of implementing a voice recognition-based EMR documen-
tation system for periodontal probing in dentistry, with a
focus on clinical environmental conditions and Korean-
English bilingual speech patterns. This study emphasizes
characterization of recognition behavior under bilingual
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Tooth Tooth Measured
number position depth

16 Buccal 333

Numbers read
in Korean

Original phrase :

Numbers read
in Korean

I

Sib-yuk Buccal Sam-Sam-Sam
gimpyuk’ 'bakal sham-sham-sham

Words read
in English

English :
IPA :

Figure 1. Example of bilingual pronunciation for periodontal
probing records in Korean clinical practice. Numerical
values are pronounced in Korean, whereas positional
terms (e.g., buccal) are expressed in English. The figure
illustrates the mixed Korean-English structure of clini-
cal speech, along with the corresponding representa-
tions in standard English orthography and the Interna-
tional Phonetic Alphabet (IPA).

clinical speech rather than formal comparison of system per-
formance.

Il. Methods

1. Environmental Testing
Environmental noise measurements were conducted at Yon-
sei University Dental Hospital in Korea. A digital sound level
meter (DT-95; CEM Instruments, West Bengal, India), ca-
pable of detecting sound levels from 35 to 130 dB, was used.
Measurements were obtained during routine clinical hours
under two surrounding conditions: (1) adjacent dental chairs
were vacant and (2) teeth-scaling procedures were being
performed at nearby chairs. Of 311 total measurements, 28
values identified as high or low outliers were excluded from
the analysis. Outliers were defined using the interquartile
range (IQR) method; values below Q1 — 1.5xIQR or above
Q3 + 1.5xIQR were classified as outliers and excluded.

Following the noise assessment, two voice-acquisition mi-
crophones were evaluated under identical clinical conditions
to assess their feasibility for use in the dental environment.
The devices included a stationary microphone (TITAN STU-
DIO PRO; XENICS Creative, Seoul, Korea) and a pin-type
lapel microphone (MP15; ABKO, Seoul, Korea). The station-
ary microphone was positioned approximately 1 m above the
ground and 1 m from the presumed noise source to mini-
mize interference with patient and practitioner movement.
The pin-type microphone was attached to the practitioner’s
lapel near the sound source. Technical specifications for the
microphones are provided in Supplementary Table S1. Each
microphone was tested five times using Korean sentences
relevant to dental charting.

The experimental setting was designed to closely reflect
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routine clinical practice. Practitioners wore masks, and
speech was produced naturally without deliberate adjust-
ment for microphone placement. Each test sentence was
spoken once. Speech recognition was evaluated using the
Google Cloud Speech-to-Text application programming
interface (API) with randomly selected English and Korean
texts.

2. Evaluation of Numbers by APl Models

Periodontal probing depth documentation consists of a
three-digit numerical component followed by a positional
term (mesial, middle, or distal). In accordance with common
clinical practice in Korea, numerical values were pronounced
in Korean, whereas positional terms were pronounced in
English (Figure 1).

Two speech recognition APIs were evaluated: Google
Cloud Speech-to-Text and Naver Clova Speech Recognition.
The purpose of this evaluation was not to perform formal
benchmarking of the two models, but to examine differences
in recognition characteristics under Korean-English bilin-
gual speech conditions.

Both speech-to-text APIs were used with their default set-
tings, without additional model training or customization.
For Google Cloud Speech-to-Text, automatic language de-
tection was enabled to accommodate mixed Korean-English
input, whereas Naver Clova Speech Recognition was used in
its standard Korean recognition mode.

No text normalization or post-processing (e.g., correction
of spacing, punctuation, or number formatting) was applied,
and raw recognition outputs were used for analysis. Numeri-
cal inputs were evaluated as three-digit sequences without
digit-level correction or transformation.

Speech data were recorded using a lapel-mounted micro-
phone positioned near the speaker under real clinical con-
ditions, including mask wearing and ambient background
noise. All utterances were captured in real time and pro-
cessed directly by each API without intermediate filtering or
preprocessing.

Number-only recognition tests and full-phrase recognition
tests were conducted sequentially. In the number recognition
tests, a result was classified as a match only when all three
digits were correctly recognized. For full-phrase recognition,
test phrases were randomly selected from actual periodon-
tal probing records. Each phrase consisted of Korean-pro-
nounced numerical values followed by an English positional
term (e.g., “16 mesial,” pronounced as “sip-yook mesial”). A
total of 729 phrases containing numbers were evaluated for
number recognition, and 120 full phrases were evaluated for
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bilingual phrase recognition.

Speech samples were obtained from two male participants
involved in clinical dental practice. All participants per-
formed the speech tasks under identical conditions, includ-
ing wearing surgical masks and using a pin-type microphone
in a real clinical environment. Each participant produced
the same set of predefined utterances, and the distribution of
utterances was kept consistent across speakers. No speaker-
level stratified analysis was performed.

I1l. Results

1. Environmental Test Results

The results of environmental noise measurements under the
two clinical conditions are summarized in Figure 2. After ex-
clusion of outliers, the mean noise level was 60.65 dB. When
stratified by the number of adjacent noise sources, the mean
noise level was 59.5 dB with no active neighboring chairs,
61.0 dB with one active chair, and 61.2 dB with two active
chairs. Noise variability was slightly greater in the absence
of neighboring noise sources (range, 54.3-64.2 dB), whereas
activity at adjacent chairs did not substantially alter overall
noise levels.

In microphone feasibility testing, the stationary micro-
phone failed to recognize speech in all five attempts, whereas
the pin-type microphone achieved consistent recognition.
Given the close proximity of dental chairs, a distance of
approximately 1 m created greater separation between the
practitioner and the stationary microphone than between
the microphone and surrounding noise sources. Conse-
quently, subsequent experiments were conducted using the
pin-type microphone.

704
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Number of noise sources nearby

Noise (dB)

Figure 2. Results of noise measurements under different numbers
of nearby noise sources.
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Figure 3. Results of the three-digit number recognition test.

2. Evaluation of Number Recognition

Three-digit number recognition accuracy for each API mod-
el is presented in Figure 3. Accuracy was 88.3% for Google
Cloud Speech-to-Text and 96.8% for Naver Clova. Among
mismatched cases (85 for Google Cloud Speech-to-Text and
23 for Naver Clova), nine cases were incorrectly recognized
by both models. Detailed accuracy by digit position and nu-
merical value is provided in Supplementary Table S2.

3. Evaluation of Korean-English Bilingual Recognition
The results of bilingual phrase recognition are summarized
in Figure 4. Recognition outcomes were categorized into
four groups: complete match, number-only match, word-
only match, and complete mismatch. Complete phrase rec-
ognition was observed in 52.5% of cases for Naver Clova and
36.7% for Google Cloud Speech-to-text. Among partially
matched cases, numerical components were recognized
more frequently than English positional terms (Google
49.2% vs. 12.5%; Naver Clova 30.0% vs. 15.8%). Detailed
results for each phrase are presented in Supplementary Table
S3.

IV. Discussion

The objective of this study was to evaluate the feasibility of
applying voice recognition technology to dental EMR docu-
mentation under Korean-English bilingual conditions in a
real clinical environment. Two speech recognition APIs, Google
Cloud Speech-to-Text and Naver Clova Speech Recognition,
were evaluated to characterize recognition performance under
bilingual speech input. The results demonstrated differences
in recognition performance between numerical components
and positional terms, and these patterns varied between the
two systems under the tested bilingual conditions.

A key finding of this study was the influence of bilingual
speech patterns on voice recognition performance. Al-
though partial recognition was observed, the relatively
low complete-match rates for full phrases indicate that the
current system may not yet be sufficient for direct clinical
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Figure 4. Results of voice recognition for periodontal chart phras-
es consisting of numerical values and positional terms,
shown as percentages for two APl models. Outcomes
were categorized into four groups according to whether
the numerical component or the word component was
matched: both matched, only numbers matched, only
words matched, and neither matched.

Number None

documentation without additional correction mechanisms.
Accordingly, these findings should be interpreted as an early
signal of feasibility rather than evidence of immediate clini-
cal applicability. Although both APIs have been reported
to achieve recognition accuracies exceeding 90% in single-
language settings, overall performance in the present evalua-
tion was lower, with an average complete phrase recognition
rate of approximately 45% [13]. Recognition errors involving
English positional terms frequently reflected misclassifica-
tion as phonetically similar Korean words. These findings
suggest that bilingual pronunciation patterns may affect
speech recognition output. Under such conditions, recogni-
tion behavior differed from previously reported default per-
formance, for which inconsistent results have been reported
regarding the relative performance of the two systems [13].

Clinical environmental factors were also relevant to fea-
sibility. Ambient noise levels in the dental clinic averaged
approximately 60 dB and were not substantially influenced
by activity at adjacent dental chairs. However, some vari-
ability in noise levels was observed, and only scaling proce-
dures were evaluated in this study. Other dental procedures
involving rotary instruments may produce greater acoustic
variability, underscoring the importance of microphone se-
lection and placement when implementing voice recognition
systems in dental settings. Inclusion of all measurements
without outlier exclusion did not materially alter the overall
noise level, suggesting that the reported values are represen-
tative of typical clinical conditions.

Voice recognition has been increasingly investigated as a
tool for EMR documentation across medical fields. Previous
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studies have reported potential benefits, including reduced
documentation burden and clinician burnout [14], as well
as improved documentation efficiency in acute care set-
tings [15]. However, many previous investigations have been
conducted under controlled or nonclinical conditions, with
limited consideration of real-world clinical environments.

Speech-to-text technology presents inherent challenges
because it requires the integration of acoustic signal pro-
cessing and natural language understanding [16]. Although
commercial platforms support a wide range of languages,
recognition performance may be affected by dialectal varia-
tion and bilingual speech input. Recent studies have focused
on adapting speech recognition systems to specific linguistic
contexts, including dialectal variation in English [17], Ko-
rean [18], Chinese [19], and Indian languages [20].

In the Korean medical context, scientific and medical ter-
minology is commonly expressed in English, whereas nu-
merical values are often spoken in Korean [21]. As a result,
clinical speech frequently involves mixed-language input
rather than a single standardized language. Separating lan-
guages within a single spoken phrase presents a substantial
challenge for speech recognition systems, particularly when
English terms are pronounced with Korean phonetic influ-
ence. This issue is not unique to dentistry and may also be
relevant in other non-English-speaking healthcare environ-
ments.

Previous research on bilingual speech recognition has in-
dicated that training requirements are substantially greater
than those for single-language systems [22,23]. Although
the development of fully generalized bilingual models for all
linguistic combinations may be impractical, feasibility may
be improved through localized, task-specific approaches.
In dental charting, the vocabulary and structural patterns
are relatively constrained. For example, periodontal probing
records predictably consist of numerical values and a limited
set of positional terms. Leveraging these structured input
formats, incorporating correction intervals, or applying con-
strained vocabularies may improve recognition performance.
Recent advances in model-training strategies, including gen-
erative modeling and hybrid approaches, have demonstrated
improved performance with limited datasets [24,25].

An additional feasibility consideration is the need to distin-
guish speech intended for chart documentation from routine
verbal communication with patients. Implementing trigger
words or defined recording intervals may help prevent unin-
tended transcription during clinical interactions.

The current evaluation framework provides a coarse cat-
egorization of recognition outcomes and does not fully dis-
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tinguish clinically meaningful error types, such as incorrect
tooth number, probing depth, or positional term. In ad-
dition, numerical recognition was assessed on the basis of
complete matching of three-digit sequences, which does not
capture digit-level error patterns. Although detailed digit-
wise results are partially presented in Supplementary Table
S2, a more comprehensive component-level error analysis
would be necessary to better assess clinical risk and practical
applicability.

This study has several limitations. The evaluated speech
inputs were limited to periodontal probing depth phrases
and did not encompass the full range of periodontal charting
elements. In addition, speech samples were obtained from a
limited number of male speakers within a single clinical en-
vironment, which may limit the generalizability of the find-
ings. Speaker-dependent variability in speech recognition
performance was not formally analyzed, and only one model
was evaluated for each microphone type. Further feasibility
studies incorporating more diverse speakers, speaker-level
analyses, varied clinical environments, and additional speech
recognition APIs are warranted.

This study evaluated the feasibility of voice recognition-
based EMR documentation for periodontal probing under
Korean-English bilingual conditions in a dental clinical en-
vironment. Recognition performance differed between nu-
merical and linguistic components, indicating that bilingual
speech patterns may influence voice recognition outcomes.
These findings suggest that linguistic and environmental
characteristics specific to dental practice should be consid-
ered when selecting and implementing voice recognition
systems for dental EMR documentation.
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