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Figure 1. PCM—A10 recorder (image from Amazon.com)
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Table 1. Classification of medical terms and examples
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Table 2. Pseudocode of Python 3 for calculating word number by word length

# 5= total_list'E 8709 4% %73} (BF 0°o= A7)
total_list = [0 for i in range (8)]

# EZ ‘naver_listE 879 L4% %73} (A% 002 AA)
naver_list = [0 for i in range (8)]

# B2 'google_list'E 8712 247 %273 (RF 002 AA)
google_list = [0 for i in range (8)]

EEZ gws_list'E 879 4% 273} (A5 02 AA)

aws_list = [0 for i in range (8)]

# '1'S 0F-F 'k'7FA HEE (exclusive)
for i in range (0, k):
# A7} 'filename' % 'i'?) 'SpeechToText' 82 A} 744 'a' 44

a = SpeechToText (filename, 1)

# W "total"oll Q14 "length" W "total"S AFEEF] A "a'd] T
WA E "wordCount"e] A= vt

total = a.wordCount ("length", "total")

# WS "naver"oll <14 'length" % "naver"S AFE3to] A "a"el
3% WA= "wordCount"®] A¥E TF

naver = a.wordCount ("length", "naver")

# W "google"o Q4 '"length" 2 "google"S AFE3dFe] A "a'd
3% WA= "wordCount"®] A¥E T

google = a.wordCount ("length", "google")

# W4 "aws"o] Q1 "length" % "aws"S AFR3Ee] A "a'e] &
WA E "wordCount"e] A¥E Ty}

aws = a.wordCount ("length", "aws")

i

# &% 'total' 7} 'total_list'E ¢Fsha WEESE & &Y QA4S FUlsta
A= 'total_list'el] &

total_list =[ (i+j) for i, j in zip (total, total_list) ]

# = naver? 'naver_list's ¢Fsta wHES & dd QAE
F7Fetal A3E 'total_list'el T

naver_list =[ (i+j) for i, j in zip (naver, naver_list) ]

# EI% ‘google’¥} 'google_list's ¢Fsta HEESH & §ld QA4 E
F7Fetn A3E 'total list'e] 9 google_list =[ (i+j) for i, j in
zip (google, google_list) |

# 5= 'aws'Y 'aws_list'E ¢Fsla HHESE &
A= 'total_list'el] &

aws_list =[ (i+j) for i, j in zip(aws, aws_list) ]

g 2as F7hsta

o

17 A =T =



# key”7} "total", "naver", "google" % Taws"o]I Zko] "total_list",
"naver_list", "google_list" % "aws_list"?l A}Z "final_dict"E Z+7F A
final_dict = {"total" : total_list, "naver" : naver_list, "google" : google_list,

n n

aws" © aws_list}

# 'final_dict'ol Al A} pandas d"l°o|E Z# < 'df'E A
df = pd.DataFrame (final_dict)

# "total" column® 3%, "naver" column® ¥, "google" column®] &, "aws"
column®] & AFE3}Y] "sum_list_length" &8 w5t}
sum_list_length = [df["total"].sumQ, df ["naver"].sum(),
df["google"].sum O, df ["aws"].sum ()]

# Zko] 'sum_list_length'Ql <l¥lx —19] 'df'el] A} & F7}
df.loc[—1] = sum_list_length

# "df"fl] ?112]1]‘/—\_% %% ["1", 11211, usu, ll4ll, 11511, ll6ll, u7u, "8", "Sum"] Oﬂ /gxé]
df.il’ldeX — ["1", 11211, usu, ll4ll, 11511, ll6ll, u7u, "8", "Sum"]

# Return df
df

Table 3 £ AFox AME3 & 7|2 WHEE YeRa Qo
RE HFSE A4 gdr AAson csv IR WHEs & R

programming< AF-g-3to] FAIEA S Ayttt
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Table 3. Variables of transcriptions

Variables

Purpose of outpatient clinic visiting

Recording time

Total word count of original script

Total word count recognized by Naver Clova SR

Total word count recognized by Amazon Transcribe

Total word count recognized by Google Speech—to—text
Number of Non—Korean medical terms

Number of medical terms

Length of medical terms

Class of medical terms

Total count of medical terms

Total count of recognized medical terms by Naver Clova SR
Total count of recognized medical terms by Amazon Transcribe
Total count of recognized medical terms by Google Speech—to—text
Total count of missed medical terms by Naver Clova SR

Total count of omitted medical terms by Naver Clova SR

Total count of misspelled medical terms by Naver Clova SR
Total count of wrong words by Naver Clova SR

Total count of missed medical terms by Amazon Transcribe
Total count of omitted medical terms by Amazon Transcribe
Total count of misspelled medical terms by Amazon Transcribe
Total count of wrong words by Amazon Transcribe

Total count of missed medical terms by Google Speech—to—text
Total count of omitted medical terms by Google Speech—to—text
Total count of misspelled medical terms by Google Speech—to—text

Total count of wrong words by Google Speech—to—text

402 :
19 =T} @



22 X84 diste] gk SA404 FgE £4

2.2.1 dl°|g 3

Aed dizte] 2404 A5 B7ksk’] fl&l Aihub.or.kre
T HHew /e HelHAIEE ARSI Aihubis
SR Egdol FEHIT Al FTF ZTIYEFOR ol HEHS
TA= Al V=3 AE-ANA o] Q3 Al QIZE
&t Fod & vk Aihube AAXNEES g JA-SA1E
w74 dHolgA on AFAet &2 wav, text, json IHIE
TAEe loew 33,00070¢] o8 AlFxte] "gAECL 150,00071 2]
gape] "MAER FAHOl glom tFo FahM HE Thsstrt
(https://aithub.or.kr/aidata/27769, accessed on 27 December
2021). Table 4= doJEl AelM Agst= e (json)

o Ale] Tt

20 th



Table 4. Example of json metadata file of the dataset

{"7] 241" {"Language":"KOR","Version":"N/A"," ApplicationCategory":"
N/A","NumberOfSpeaker":"N/A","NumberOfUtterance":"N/A","DataCateg

nen

ory":"mariaDB",

"RecordingDate":"2021—-01—-11
16:11:14","FillingDate":"N/A","RevisionHistory":"N/A","Distributor":"Med
iazen"},

"= B {"SamplingRate":"48000","ByteOrder":"N/A","EncodingLaw":"
SignedIntegerPCM","NumberOfBit":"16","NumberOfChannel":"1","Signal T
oNoiseRatio":"N/A"},

"AARY E " {"Label Text":"g kel Q] Q2"

"g}2Fg 1" {"Gender":"Female","Age":"30~39","Region":"A&/Q1d/7 7]","
Dialect":"73 7"},

"3 A H1": {"RecordingEnviron":"7}F4","NoiseEnviron":"7}8","RecordingD

evice""w-EE"}

" W {"FileCategory":"Audio","FileName":"HA_0001-1-01-02—
F-05-
A.wav","DirectoryPath":"/nia/HA/data/HA_0001","HeaderSize":"44","File
Length":"3.36",
"FileFormat":"PCM","NumberOfRepeat":"1","Timelnterval":"0","Distance"
30"},

"71EF ®1.": {"QualityStatus":"Good"} }

21 A 2-tj] &
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F 500719 Qe AR HAS wolH AN FEehol &4

A9 SR,

AihubO| M & 500 S /79|
o|lgFI HE Oo|E| F&

—
ZE AsMCIE
|

U2 GlolEo YA E T

=

Mo

SHUN HH 5
Naver Clova SR
Kakao APl Speech-to-text

Google Speech-to-text
500 x 3, 5 15002 % Ao

e
s@o| 9 arolof ofst Hets Bt

INE=Kel R ) NET
Bleu, ROUGE, METEOR, CIDEr score

Figure 3. Flowchart of the analysis for medical speech

Figure 3 <& # <79 74 ZFZolth. #& At E
dlolEl Aol A Algsts e 9AE sz A3t Naver Clova
SR (Naver, Korea), Kakao API Speech—to—text (Kakao Corp.,
Jeju, Korea), Google speech—to—text (Alphabet Inc., Mountain

View, CA, USA) ¢ F A7HIA 404 £F4
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AgINE ARG R T EFAS T AN AT

Aolv wiAp EFAL S e7Igeld Avsk= Aol oA

2RAN FYe 7 44 &4 M Aok YUtk Naver

MG

Clova SR ¢} Google Speech—to—text? 4 <212 ZeJ2 ofof A
oln] A3ttt Kakao API Speech—to—Text:= 2% AHI}-A =

e "HEMAS ATEAr] wEel wav. 3ds PC g3 A

2
o

3t & Voice Meeter Ver. 1.0.8.2 (VB—Audio Software,
V.Burelo) ZZ13:& ARE3le] 7Y wlolaE A & AH
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Table 5. Example of each SR case of medical speech

9 4% 54 4 =%
& ArE F71A S R lve & HARE T4 v glde
g &3t 7130 WA eha? 8 7)H o] ME2A I}Q.
w7E ol glo] k%A qlve? w7 o] & glo] 7 I A Q.
A3 WS AT AL A AR AL
g a}ar 87150 W22 F}Q? st 713e] WEA ¢ota
W 7b o] & glo] FFAFA 9ite? w7} ol glo] 7k Aol lute
A2 2 2o We pAYE fSrte HT B A2 WE RAVIE g8t
59 7170 WA he? 71l MEA et
W7 ol glol 7R gube? A eldrlel 7k A Shte

25



2.2.4 5404 A= A3} F7F AR

5992 dgx9 H7FE 98 Bilingual Evaluation Understudy
(Bleu) score, Consensus—based Image Description Evaluation
(CIDEr) score, Metric for Evaluation of Translation with Explicit
Ordering (METEOR) score, Recall-Oriented Understudy for
Gisting Evaluation (ROUGE) score® 4572 As3} H7F A&
}1\:]_ ;g] 6‘]‘95\ ]:]_.36—39

Bleu score ¢} ROUGE scoret Aol Azl #Yel 71 A5
AHEEE B2 deA otk Y METEOR metric & 7] A7} A4 ¢
Hedap QIFbo]l gaksh Fx W Alolo] Y1 wiFolgt= M=
ZIRke 7 sto 7AW s H7EE S8 Jidd E7t

Ao th”® CIDEr scoret= Wl 4] Agshe H7b A=z, Ug, 4,

o

gste W PR AU FYRA L; Qg

e
oL
o
|\
Oft

FARS S ZIHbe R Z1A e WA o] AdAl HuwE HIIEEH
kel %) o)t} " Bleu, METEOR, ROUGE scored A3} k& Ak

OcllA 1AFolol A7} 1ol 7S %2 dos YEldn &
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Whitney U tests® AFE3stglom dHolg+= H £ EFHAL
TG AT E AFEste] ZASksIT WS dHlolHe eAkst
HAER ZASY o™ x? Y Fisher s exact test® AFg&3}o]

ST AR g2 do] FE /FoR Fof 7 34 Y

EF4 1 A4 AFgRE AolE 7zt FAEY. post hoc
adjustment=S 939 Bonferroni #AAS Al8stct. BE 5
242 Python 3 ¢ R version 4.1.2 (R Foundation for Statistical

Computing, Vienna, Austria)& AFE3ste] A3t Be AARS

two—tailedZ F33t9 o, P<0.050S EAZCE Fonst Aow
A sttt
2.4 AT &

ostgo]o] Q12 AL FHAS 3t AS= A

7@l o9l eE (2021-03-123-001) 2] FQl= wgtow, ¥

@1 ddomvE Awel of AMFAE with B AH
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A3 24 A

3.1 9ggo S AIE 4 F3
3.1.1 €& g 718 Fn

Table 6 & & 9ol 7|& AHE Kol

=
32
S
2
-
i
4
0(:)(:,5
o

S@/UE et ARAFel FE A AP WFAD
oelgly] WEel B vd mHol F& A WA A9

797golq o umA gx= AFES JAdoly ARE 9IF

S s
AR

T A Gt 79 (70.5)

A8 Ak 9 A5 33 (29.5)
g2 3 55 AT () 328 + 161
gt & FE59 gshgo] T+ 25.30 £ 7.48
g2 3 F29 F g8 65.40 £ 26.89
i g F=9 oz | g F 1.88 £ 1.71

. -
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3.1.2 gshgole) ¥F ¥ SHUY FHE B
Table 7€ €|8Hgole] BH e 247e $HAH £FHY 14

Aol BX ARE wojF @l Naver Clova SR o] 7M=&

. AHIEE  HAAFHOoY AdHd FX= HwFH >
Ho|JQTH(T75.1%). &J&rgoje HEFof wE 44, Naver Clova

SR o] ggrgojol el TAGlel 7HF =2 QY AL E
BolFgot AW (78.9% vs. 53.5% vs. 64.7%; p <0.001, 0.005,
0.008, respectively) # &7] (84.1% vs. 57.1% vs. 72.9%; p

b golg

Oft

<0.001, 0.003, 0.700, respectively)twel <

2 &THEY Nusdge A BAMCR Folvg

[-‘O
>
i
=2
R
rlj
o

o1t

30 d &-t}] &



Table 7. Accuracy of speech recognition by classes

Mg 4d& Naver Google Amazon

T ool 7,319 5,493 (75.1) " 3,726 (50.9) 4,237 (57.9)

s I
2 w3} 276 145 (52.5) 141 (51.1) 128 (46.4)
2 1,343 1,060 (78.9)“f 718 (53.5) 869 (64.7)
&7 1,935 1,627 (84.1) %" 1,104 (57.1) 1410 (72.9)
A 1,160 799 (68.9) 601 (51.8) 587 (50.6)
A= 1,251 944 (75.5) 522 (41.7) 605 (48.4)
oFF 1,139 840 (73.7) 569 (50.0) 589 (51.7)
AE, AE 215 79 (36.7) " 71 (33.0) 49 (22.8)

Data are presented as number (%).

* p < 0.05 compared to Google; f, p < 0.05 compared to Amazon

7 : a
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Table 8. Top 5 most frequent word according to classes

e

BEEEY

)
a1l
K

276

()
ok

1,343

371,

1,935

A4,

1,160

1
F{H

=871, 57 (20.7)
489, 37 (13.4)
a4, 27 (9.8)

7}, 26 (9.4)

Bl

97} 19 (6.9)

g3k 141 (10.5)

4™, 116 (8.6)
=74, 89 (6.6)

i, 88 (6.6)

AZ, 83 (6.2)

2173, 643 (33.2)
9 114 (5.9)
7445, 106(5.5)
7, 103 (5.3)
27, 80 (4.1)

g9t 375 (32.3)
A%, 154 (13.3)
AZz&vh 101 (8.7)
AL 92 (7.9)
&}, 73 (6.2)

10 n}i

P

T, 852 (68.1)
A, 146 (11.7)
HlE, 50 (4.0)
A<, 40 (3.2)
gk, 24 (1.9)

1>

°F 754 (66.2)
kel 129 (11.3)
IAEFTOF 47 (4.1)

ok, 35 (3.1)




13 skek 29 (2.5)
o~y ¥, 72 (33.5)
HlEb, 11 (5.1)
Ze A 11 (5.1
ok, 10 (4.7)
led, 8 (3.7)

oX
S
)
o
i
o

Data are presented as number (%).

3.1.3 &Jgrgoig) do] & g 9o SAHAA FFE £H
ojstgolo] Aol mE FdEE £4530= W Naver Clova SR

e eAdAd £247 wasdde © 34 vwel woldx ke
4 AREE BAFYon wol o7l AojAw FEEel Hol7}

o] 531tk (Table 9). Naver Clova SR 224} oy 2]gg-9]

rN

A 80% ©]de FAEE HoAFAT gz #2539

2l g% Al Naver Clova SR (58.6%)°] Google Speech—to—

o

text (35.5%), Amazon Transcribe (30.9%)°] Bld] =2 <12

AREE wolFYo} FANOE @S nolFAE Ragirh

v .
33 =T} @



Table 9. Accuracy of speech recognition by word length and non—Korean

W Total Naver Google Amazon

o] o]
1 1,108 894 (80.7) %1 542 (48.9) 658 (59.4)
2 3,695 3,049 (82.5)"" 1,874 (50.7) 2,387 (64.6)
3 1,468 955 (65.1) 749 (51.0) 740 (50.4)
4 659 408 (61.9) 337 (51.1) 305 (46.3)
5 325 171 (52.6) 183 (56.3) 119 (36.6)
6 61 15 (24.6) 39 (36.9) 27 (44.3)
7 1 1 (100.0) 1 (100.0) 1 (100.0)
8 2 1 (50.0) 1 (50.0) 0

]2l of 459 269 (58.6) 163 (35.5) 142 (30.9)

Data are presented as number (%).

" p < 0.05 compared to Google; f, p < 0.05 compared to Amazon

3.1.4 Google Speech—to—text ¢ Amazon Transcribezt Q12 AT

=] v

Google Speech—to—text?} Amazon Transcribe? <124 AL E
Hlastglor,  AwkA<l Q14 AHg %= Amazon Transcribe?}t
FemstAl wko Q14 AIE sl o]x]e] Aol= A Atk
(57.9% vs. 50.9%; P <0.001). Amazon Transcribe= AW O =
e o golo A T HE ¥ w2 AgEE
HAFH oY (64.7% vs. 53.5%; P = 0.008) w9, FEH
& HolFott (22.8% vs. 33.0%; P =
0.010). =%, 3=# #"wke &gkl IAeA = Amazon

Transcribe?7} =& AT E HAFOoU, 42 o]Ao] wol=

3 y _17
3 4 .-':I'\-\._E -‘T" | I| !



AT E HFG O, Google Speech—to—text®t Amazon
Transcribe? HlZAM+= FEAAZROCZ Fon|st Zo]E HO|FX

2akgith (Table 10). ole] Hatel % 1008 o4 F%® o3

L5 Yoz st 54 A4 ASLEE vw #4550 T
13F5F9 wol7F 1003 oA FZx¥9 o1, Naver Clova SRS

970 oo, Google Speech—to—texti:= 17028 wojo A, and
Amazon Transcribes= 4702 wojoA 80% o]7e] <12 A&
Ho]Fth (Table 11). AX&=S35 AlQst B ol Aol

3= ol gl

: N &o)et



Table 10. Recognition accuracy for top 10 most frequent words

AA Naver Google AWS
A whol 3473 81.7 (2837)"1  53.2 (1847) 62.6 (2175)
e 852 76.1 (648) 42.4 (361) 48.0 (409)
of 754 81.7 (616) 54.4 (410) 58.5 (441)
A 643 93.6 (602) 65.9 (424) 84.4 (543)
=R 424 83.5 (354) 46.0 (195) 70.3 (298)
A% 154 44.2 (68) 74.7 (115) 42.2 (65)
A 146 87.7 (128) 58.9 (86) 64.4 (94)
=Ry 141 95.7 (135) 54.6 (77) 87.2 (123)
& qtok 129 66.7 (86) 45.0 (58) 42.6 (55)
g 116 77.6 (90) 57.8 (67) 45.7 (53)
RS 114 96.5 (110) 47.4 (54) 82.5 (94)

Data are presented as % (n).

" p < 0.05 compared to Google; f, p < 0.05 compared to Amazon
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Table 11. Accuracy rate over than 80% among words appeared over than 100

times according to SR platforms

ol A o] > A2} ol HE
Naver &= 114 110 96.5
e 141 135 95.7
PR 643 602 93.6
3] 104 97 93.2
= 106 97 91.5
AR 2o} 101 90 89.1
ad 146 128 87.7
= 424 354 83.5
o} 754 616 81.7
Google A= x2o 5} 101 88 87.1
Amazon y13<qb 141 123 87.2
7V 106 92 86.8
PR 643 043 84.4
=kl 114 94 82.5
3.1.6 404 &FA4 ¥ o8 Y va ¥4
Table 12+ #7414 &54] QE] FEE TR
wAste] Aed  ¥moltk.  Google Speech—to—text, Amazon
Transcribe®} H]wsklS W Naver Clova SR 2 £ wojz

A= vlgo] w3k ort (69.0% vs. 34.2% vs. 30.8%, P <0.001,

respectively),

Naver Clova SR¥ Google Speech—to—text2]

e s SAHCR FoAud alols HoFA FElt (P o=

37

- S-1H
| T =1



0.180). Google Speech—to—text®} Amazon Transcribet Naver
Clova SR} H]a A oghgofe] Agko] g2 HFom WA
(13.5% vs.61.0% vs.55.6%, P<0.001, respectively). =3t 1003]
oy FE¥ Thgol T AY AFETF 50% vl W=
A5 o Naver Clova SROlA = A x253He] 17 @ojvte] 50%

T5 BRoFUY (Table 13).

Table 12. Error rate according to the classification of typos

Naver Google Amazon
S E} 24.9 (1826)"F  49.1 (3593) 42.1 (3082)
2 g Q8 16.3 (£7.5) " 32.1 (£ 13.6) 27.5 (£ 12.2)
2 FFH
=k 13.5 (246) ! 61.0 (2191) 55.6 (1714)
Az o F 18.1 (330) ;4.8 (173) 13.6 (420)
E£9 o 69.0 (1260)F  34.2 (1229) 30.8 (948)

Data are presented as % (n) or mean (* standard deviation).

" p < 0.05 compared to Google; f, p < 0.05 compared to Amazon

38 ] 2 1'.]



Table 13. Accuracy rate less than 50% among words appeared over than 100

times according to SR platforms

ol AR ol 5 A2} ol HE
Naver AT 154 68 44.2
Google =l 114 54 47.4
& 104 48 46.2
ot 494 195 46.0
& okok 129 58 45.0
=2 852 361 42.4
Amazon =2 852 409 48.0
B 116 53 45.7
& okok 129 55 42.6
A E 154 65 42.2
32 I8 U3} 44 A¥E B4 A3
3.2.1 9& 39 7€ AR
Table 14% 9% &4 a9 73 Aue] vete] melFm ek wE
el pulse code modulated audio, 48 kHz/16 bitZ =<SFHAct. H+

o

39

A9 dol= 3.16 (x0.68) 23 om Hut 24 T 4.32 (£1.42) 7§ A



Table 14. Baseline characteristics of original speech files

ERIER PCM

dlt) Apo] = 44

HE golE 16

MZ Po|E 48000

B =S A7+ () 3.16 (+0.68)
B wol = () 4.32 (£1.42)

3.2.2 A YAtel 7 SHAY HHE Hr}

BF Ao weke] ofdk <l Agie] gy dakE Table 159

O

gttt & A4 Ad= Naver Clova SReARE 971o] AT,
Aesty {AEE e oA AEEE v wdS W Naver Clova SRO]
Kakao API Speech—to—text, Google Speech—to—textel] B]sjA & <14
dg=g HolFAtt (94.7% vs. 83.8% vs. 76.7%; p <0.001,
respectively). ©]o] Tjsto] SAcl2lo] Ao rw FIAAHFH H]SE Naver
Clova SR ©] 7F& =t} (89.7% vs. 77.2% vs. 66.0%; p <0.001,
respectively). Kakao API Speech—to—text® Google Speech—to—text<]

o2 A5 v WS Al Kakao API Speech—to—text7} © %2 Q172

N
J¥°‘~

_]

o

T2 BoyFUT} (83.8% vs. 76.7%; p <0.001). Google Speech—to—
text: Naver Clova SR (23.3% vs. 5.3%; p <0.001), Kakao API Speech—
to—text (23.3% vs. 16.2%; p <0.001) 2} vwste] E¢ FF o7 QAls=

Hlgol Al =gkt

40 th



Table 15. Recognition accuracy judged by clinicians

Naver Kakao Google

dere 2 AR 2367 (94.7) T 2095 (83.8) 1916 (76.7)

Rl 2243 (89.7) %t 1930 (77.2) 1649 (66.0)
AL 124 (5.0) =T 165 (6.6) 267 (10.7)
59 133 (5.3) =T 405 (16.2) 584 (23.3)

Values are n(%), p—values are adjusted with bonferroni correction

* p < 0.05 compared to Google; ¥, p < 0.05 compared to Kakao

3.2.3 AF3 S ARE o]&% 54U Y= FHU}
Table 162 %3 =4 A RS o|g&ste] 7+ 2A4A4 &£F M 94

AEEE Brbe Av%E HolFa vk Naver Clova SR e F

S04 &£F A BlwsldS Al 7HE E2 Bleu—1 scored HoFRT

(Naver, 0.654 vs. Kakao, 0.578 vs. Google, 0.535; p <0.001 respectively).

Naver Clova SR®| Bleu—2 (0.557 vs. 0.463 vs. 0.418; p <0.001;
respectively) 2 Bleu—3 score (0.389 vs. 0.306 vs. 0.262; p <0.001;
respectively) &= t& F &FAef v|d =kt Kakao API Speech—to—
text®} Google Speech—to—text® H] WA+ Bleu—1, 2, 3 scores EF
Kakao API Speech—to—text7} 2| v|stA =3t} CIDEr score, METEOR

score, ROGUE score % Z& A#E Naver Clova SR ©] 71 &

<2 N
A4 A

]

Ho] 5t

41 M 21h



Table 16. Recognition accuracy by automated methods

Naver

Kakao

Google

Bleu—1 0.654 (0.199) ™t
Bleu—2 0.557 (0.280) ~f
Bleu—3 0.389 (0.356) ~f
ROUGE 0.661 (0.192) ~f
CIDEr 4.18 (2.52) =

METEOR  0.600 (0.125) ™

0.578 (0.216)
0.463 (0.293)
0.306 (0.328)
0.592 (0.208)
3.39 (2.32)

0.560 (0.089)

0.535 (0.238)
0.418 (0.323)
0.262 (0.323)
0.553 (0.231)
3.02 (2.34)

0.542 (0.115)

Values are mean(standard deviation), p—values are adjusted with

bonferroni correction,

* p < 0.05 compared to Google; ¥, p < 0.05 compared to Kakao
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Abstract

Background: There are limited data on the accuracy of cloud—based
speech recognition (SR) solutions for medical conversations. The
purpose of present research was to evaluate the applicability of
current SR systems to real world doctor—patients conversation for
future research. To achieve the purpose, we aimed to evaluate the
accuracy of cloud—based SR solutions in discerning medical
conversation both medical terminology and clinician’ s question
presented in Korean, a non-Latin—based language, using records and
transcriptions of real doctor-patient conversations and dedicated
dataset for Al training and to find out the applicability to real world
doctor—patients conversation recording.

Methods: We analyzed the SR accuracy of currently available cloud—
based SR solutions using real doctor-patient medical terms
recordings collected from an outpatient clinic at a large tertiary
medical center in Korea. After first analysis, we analyzed the
accuracy of current SR engines about doctor’ s speeches using
dedicated dataset available at aithub.or.kr. For each original and SR
transcription, we analyzed the accuracy rate of each cloud—based SR
solutions by clinicians’ judge and evaluation metrics (Bleu, CIDEr,
ROUGE and METEOR score).

Results: The results of accuracy for medical terms as follows. A total

3 o i
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of 112 doctor-patient conversation recordings were converted with
three cloud—based SR solutions (Naver Clova SR from Naver
Corporation, Seongnam, Korea; Google speech—to—text from
Alphabet Inc., Mountain View, CA, USA; and Amazon Transcribe from
Amazon.com, Seattle, WA, USA), and each transcription was
compared. Naver Clova SR (75.1%) showed the highest accuracy
with the recognition of medical terms compared to the other solutions
(Google speech—to—text, 50.9%, P < 0.001; Amazon Transcribe,
57.9%, P < 0.001), and Amazon Transcribe demonstrated higher
recognition accuracy compared to Google speech—to—text (P <
0.001). In the sub—analysis, Naver Clova SR showed the highest
accuracy in all areas according to word classes, but Google speech—
to—text showed the highest recognition accuracy of words longer
than five syllables, without statistical significance.

In the aspect of SR accuracy for medical speech, we extracted a total
of 500 doctor’ s questions from “dataset for speech of health care
provider and patient for telemedicine” of aihub.or.kr. The extracted
doctor’ s questions were converted with three cloud—based SR
soultions (Naver Clova SR from Naver Corporation, Seongnam, Korea;
Kakao API, Speech—to—Text (demo) from Kakao Corp., Jeju, Korea;
and Google speech—to—text from Alphabet Inc., Mountain View, CA,

USA), and comparisons of accuracy were evaluated via clinicians’
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judge and automated methods. Naver Clova SR showed the highest
accuracy judged by clinicians (Naver, 89.7% vs. Kakao, 77.2% vs.
Google, 66.0%; p< 0.001; respectively). In the aspects of automated
methods, Bleu—1 score of Naver was the highest among three SR engines

(Naver, 0.654 vs. Kakao, 0.578 vs. Google, 0.535; p <0.001 respectively).
Moreover, Bleu—2 (0.557 vs. 0.463 vs. 0.418; p <0.001; respectively) and
Bleu—3 score (0.389 vs. 0.306 vs. 0.262; p <0.001; respectively) of Naver
were the highest compared to Kakao and Google. Kakao showed higher
Bleu—1, 2, and 3 scores compared to Google with statistical significance.
CIDEr, METEOR, and ROGUE scores presented the same results that Naver
Clova SR showed, the highest SR accuracy among three SR engines.

Conclusions: Current cloud—based SR solutions have limitations in the
recognition of medical terminology. The SR solutions manufactured by a
domestic company showed the highest recognition accuracy among the three
solutions assessed in this study. Meanwhile, SR accuracy rate of medical
conversation using dedicated database for Al training showed acceptable
accuracy. There is still room for improvement of this promising technology
and consideration about construction of dataset of low—resource language

1s needed.
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