o

aup

FALER 2 30 RR S Fam IR (20244E3 1)

ChatGPT DBRIEEICHITBZEC 71— /Ny 7118
Z A AT EREEGRR T RBIRREE

Mg e A !

| =

FHTAE A !

R XUB[E KRR TR T et
{shindo_naoki,uto}@ai.lab.uec.ac. jp

e

A, BERERPAENZERT 2 KBNERIKEE
BlcB 2 BRAEZEELLT 2FEDO—DL L
T, NTHIREHMT I Ko R AR B Rk BB 2 A3 2 J 4R
REIhTwa., L2 LEBEFEFEDOZE, V-1
RNR=Z2D7 Fa—FZHHALTED, HEEL—-ILD
MR WG KRERAEZE T 3. ZZ TAMAT
¥, ChatGPT ZH W TAFIT &K 2V — LR Z H
e LAhWREEREZEOEEZHIET. 7L,
ChatGPT 3528 O BRI LU CEREICEIE S 515
EBWD B0, BEFIETEZO &S BE A%
W5 2 M2 H72 18 A L, RBEMCHIL 72[[
BrthxwsZer2HIET.

1 XLEHIC

ERRYENIZHR T I2EHRBRDO —D2TH
% BB PR AE 71 38R (Objective Structured Clinical
Examination ; OSCE) 28} 3 EEHEMETIX, FF
EDZHRY F VAo THET 2 X5 ilch
T AEHERS R BE 2 (Standardized Patient ; SP) 120 L T3%
BRENEMZITS Tt 2 %2iHliT 2 Z & T, K
FRECRBEZRET 5 [1,2]. —/HTIDX S REF
fiicld, SPRFHMii#E M FHHEMRICHEL G Z 5
A7 RAERE LD S5 3 [3]. FHliEICHKT 234
7 RADHEIZOWTIX, TR MR —DOTH BHIH
HRICHERDILERE T IV [4,5,6,7) ZEHWR R ED
IR T WS, —/5T, SPICH¥KXT 3
NA T RAEWMO RS FiEame LTE, Tl
N7 SPZHRHAT 2 HEN—HRWTHS. LhrrL,
SP D+ RFAIICIZRERIRa Z + 03 hh 5.

D& RMEEEIRT 572012, NTHIBERf
W E D  ARAEFE R BB (Vertual Standardized Patient ;
VSP) Z HIWT, SP OFEHE(LZ1TS 7 7 a—F»3iE
HahTwas. VSP2HEB T 2BAFEFEREZ, AFIZ
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I DHEERESINERAEOL—LEELS, EfD
NI IS 2 BIE X Z#E RS 5 2 & Thtahz i
T2 =N R=AFHWEFENLLEHIN
T —fkic, BEMrEEXL D~y F 7D
HE, NFTHREASNTEE R AR~y F VT
WX BFIER9, 10, 11] &, FERE 2 HW-FiE
(12,13, 14,15, 16] ICDFETE 3. EEFZE Wi
FETIE, BEMOoBERZH#H®Hm T2 Ik,
R—=vF U7X BFELD S FRZEIEDE
REEBL=D, EFALOIIFED =D DA EMH
F RS ER-REOND T -2ty R
PR T3, F0ThoFiEd, BEE ANF TR
LIV =V EEDL OEIRT 2HEMHATH 2720,
N—NAERD AR I DREVE VWS HEEET 5.

IS DOMEE RIS 572912, RIFRTIE,
ChatGPT IZi2H# > F VU A L HIE DL F DIER%E 5 X
%5Z & T, SP&LTHZEZITS VSP OFEH % HiE
3. ChatGPT 1230 < VSP X, AFTOL— LK
RIRNNEIIHT— 2ty b REELBEE T
W2, 52707V AIFELROAEICE T 2 EH
WXLTd, XREERL-BAREMSEEZITA
2RREET . —AHT, ME» S OEMICER
FICBRLZWSF U A ETSIRL, @EZEE%E
BLTLES ZeDH 5. #@fEzEIEERLZED
BlEER ALIRT. 20 X5 2EFX, EiEiE
U CHEREE > S HEy 2 ERE 5 e 50
ZHI%E $ % OSCE Dadx HAIZ B W TEY) 72 4% 2
BNTHD. ZZTAMETIE, Zo0HHIFES
17z BERT (Bidirectional Encoder Representations from
Transformers)[17] Z W T, ZMEDOHEMIIN T 2
ChatGPT D#EE2EIEZ M L, Z 5% ChatGPT
W27 4 — KXy 7 LCHYIRRIEZHN X8 5F
EERREET 5. BARICIE, —>H® BERT 3%
FOEMZ A2 D>F ) 4 OBEE DT
21TV, O H® BERT [3%ZME DEM I3 %
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Final Output

ChatGPT with

BRI FUA RS

| mmmsmsr—sy

. FFNN + Sigmoid

BERT
BRA-2F UARBEBEEFAETL

: [CLS] =BEOEBOHEMX [SEP) JEREOYFUAL

" specified scenarios

]

BREYFUABDET 1 — RNy Y

BREEY Y AOHE

............ tnn“n“nnﬁ

ixJ ol

e T ’ e

sEEERST—5r, |

s FFNN + Sigmoid
.
c 4

BERT 1 xJ

AEE->F U ARBEEFRHETIL

o (CLS) i#EOHMICNT BChatGPTOEIEK [SEP] jBEDSFUAT :

[ Scenario list ]

X 1: IRRFEOMMEX

ChatGPT DEIEMEL D F VAL EERL TV
POFTHEITS. ZLT, TD DD BERT O FHl
FERZ LT 2 Z 2T, ChatGPT D[R HS@EHE 72 >
FUFEEZATOWEEHEL, TOHEM/ELD
CAEBEEIE L IH L -REEEHE IS 85 7 4 —
RNy 7% ChatGPT 125 2 %. ARWFFETIX, IRET
HEZ 4 ODMERICET 25V AT % EE
WBLT, IEFEOAMME LT 5.

2 REFE

it D, REFETE, ZHMEOEMICHT
% ChatGPT DA E|FIZDMH %, —O®d BERT %
HAGOES Z e TEHT 5. —DH®D BERT I,
OSCE JEX THEE X N ERAEONGE T —X v
FI8] TT 7 A v F a—= v P 2iTholETIL
THhbh, ZMEOHEML A DT F V)AL DX
IGEfRE THIT 2. “oOHDEFMZ, —fRSHEHR
fRFH X > 9~ — 2 (General Language Understanding
Evalueation ; GLUE)[19] X 2 7 D —D>TdH % & &)
ERAITI 7 A v Fa—=V I 2iTholzET
NTHD, ZHREDEMBICH ST % ChatGPT D [A%
X, lHAxD>FIVAXEEGE LTV 0% FHlT
%. B D0 BERT OFHRIFERZ B L, &M
WEEBERLEZWS F U AANDE R EETEE 2B
H LT, ChatGPT IZ7 4 — R Nw 7 &7\, @Yk
MEZFHHNEE2. BEFEOMBXKZX 1 1R
T, LTI, IRETFHEOMEAOFHREITOVWTEH
T 5.
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IsRelevant or NotRelevant

[ FFNN + Sigmoid Layer |

Transformer block

Transformer block

*
-
@)

[CLS] =@m&EoiEBO@MX  [SEP] JEEOYFUAX

2: Hf-> 7V A FBEEMETHE 7 v DRI

[SEP]

21 BE>FIAONEEREFNTS
BERT €5/l

Bl >V FoxticBff%Z F#l$ % BERT €
FNUTE, Hi2xDSF V) FD, ZHEDER & B
BRLTWE02HET 3. BEARMICIX, BERT OF
HiZEE R X7 D—DTH % Next Sentence Prediction
(NSP)[20] & [FAIfic, Bl > F VAo RO
BOBEE L LT D LD E 5 00 2 {505 2
TOYF VAN LUTITOETVEMET 5. DI
TlX, ZOBERT €7\ % ER-2 9V A HBE M
THIET L) IR,
EFLOMERZX 2 I1IRT. ZRED i HHOD
HRoOHERYE, jZEEHDO S F V) F O HGERS
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%, [CLS] & [SEP] E WO Rk b =27 Y 2HA L
TEFTNVIANTS. TOAND[CLS] v —2 >~
WZHIGS % BERT DT EARBIANR 7 F L x;; € R 12
LT, XX THZ HNS Linear Layer with Sigmoid
Activation ZHH 3 5.

Vij = O'(Wx,-j + b) (1)

ZZT, cld¥ 74 VB E, WEbidZzh®
NEARTA—RENL T ARG A—RE2HRT. K
() XNy, & 0056 1 D% L % EfHE
TH5. vi; ITHRLT, BEZOSICHREL, i &H
DHEMCT 2 jBHDOSF U ADEEEiXE LT
DILODEDPD 2 ETEEZ R TEHET 5.

I v;; 205

Zij = (2)

0 else
ZZT, z; &, iFHOHEMIIH LT jHHD>F
U A DBEERRICH Z25EIC 1 RELD, BEEBIGRIC
RITE 0 ZMBERTHS. 2Tt T
DI FVAINLUTHEDERL, Zh2hD>F VA
MR E DB L T\ 0 5 e R TN
DERERBERRIGT — & z2; 18 5.

Zi = {Zij |j el,..., J} 3)

2.2 ChatGPT DEIZ &>+ ) A D5

%% FAd 3 BERT €T/

ChatGPT D[RIE & > F 1) A OXGEFRE THIST %
BERT £ 7 /L TlE, ChatGPT OEIENEY D F 1 F*
ZZBLTW2202HET 5. BERMIZIE, GLUE
DEBHERAITI 74 v Fa—=v 7 EINT,
X 2 ¥ FtEDHEE % +> BERT Z W3, DT
1%, T @ BERT % [AI[EIZ-3 F U A [ BEE 1)
ETN] T 5.

Z 2T, AIEE->F ) AREEETHE T LA
D AT 20X,

“[CLS] >V 4 A, B, C 25 M L7 ChatGPT @

[ [SEP] & F VU A A DX E”
Thd232k, EFNME, YFIVLFTADODEEE
Lo TERLHETSIETTHE., 20Tt %
ETOYFIVACHATZ T, i FHDOEMIC
X3 % ChatGPT DRIEZEDEEBBRRICT — & r; &
RD K S5 5.

ri={rijljel....J} 4)
ZZT, rjld, i HREDOHEMIIHT % ChatGPT DA
BN jHEDOSFVAZERELTVWDEEL, £5
TRVWEZOZIMAERTH 5.
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23 BRELB>FIVFDODERHEHEENSD
Z1—=FNyIOF%

21 ffie, 22 i CHMALALE Z2DRIGT —
Rz, r; ZH VT, HRNICIEESERB R 20D,
ChatGPT D HIFICIEEEFNTWVWHEFE R > F VU
FEHEHT 2. 22T, INOLDORIET—XDE
KX 0 1D02MHETF—&2%W377=9, jHHD
BERFELEIK T, EX0N AR
(zij,rij) € {(0,0), (0, 1), (1,0)(1, 1)} D 43D TH .
INBDIB (z5,ri) = (0,1) DT — R [ZHE
ODEMICEELRZ WS F VAT TH BB ST,
ChatGPT DEIZICIZZ DS F VU AANDENDED B
N3] ZeEEKRTE. LENoT, ZTOFr—X%
Mth3$ % Z T, ChatGPT O@FIHEZMRETE 2
CHIffaN G, LT, ZoltireTtorF+
VA jef{l,. ., J}IXOWTITS> 2T, i HHDERM
X3 % ChatGPT ORIFICE LN 2@ > FV
F et T 5.

WE RS F ) AP EIhGE, 205 2Hl
WL CGHEYIZEIEZHEE T2 X511, BRI
ChatGPTIZ7 4 — FXNw 7 %52 2%. 74 —FNy
2Dy Ta YT EANDASIELL D@D T
H5.

“Please refrain from mentioning scenario of { it ¥
737 U Z }in this doctor’s question.”

ChatGPT IX7 4 — R Nw 7 2 EE L -[ME 2B

T5. 74— FA\vr7%oBZFIIHNL, EdRo=>

DRIGT — X D2 HEITV, 74— RKNv 7

DEENERE > F V) A EEATWV S DHERELT

5. INHDOFEE, WFEIRSFVADHEE S

FCHIFIMICEDIRT. 72720, KL TIE, 5E

HD7 4 — KNy 7 THEERSF VL ZHIEL =

N o 758, SEHOM N ZRENRE T

LTCHES 5.

24 BR->FVAHEEEFANETILD
TP Fa—=vy
REFHETIE, 2.1 HiOERM->F VU A KB EET

HEFLE, HFX T2 AR RENETF — LD

PASE L - BEEmE T — &t v b [18] ZHWT, NSP

RATTIT 7 AV Fa—= VI R{Tol. ZOF—

2ty ME, 272y bDTFV AIZEHT B, OSCE

JEATY 2 I L — P SNBEERZESIERI A TH

5. 127, AXTF—&Ey M, =T ADFIEE

JEWCER 5 2 ZAlREMED & 2 SR Z HERIT & 72

HOWHAIENZ L BFEET DD, Zasz2dikk, /-
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% 1: 400> F U AT BIREFROERET

AHiifE  E7v YFUA1 TFUA2 >FUA3 vFVA4 Y
w/ FT 0.70 0.95 0.46 0.70 0.70

Recall wlo FT 0.40 0.45 0.39 0.17 0.35
. w/ FT 0.97 0.95 0.98 0.98 0.97
Specificity k1 0.99 1.00 1.00 0.99 0.99

TWIFTIZ 7 74 Fa—=2HY, WoFTEZ7 74V Fa—=r I LE2RT
£2: 74— EXN v ZZ0EEAEDEER

MEG DI = (A5 SFUF SFUA2  TFUF3 S ER ¥
3] 72 [F] 7 D [R5 20 12 7 16 13.75
EFILHEE & FHI L 7= EE 16 14 4 13 11.75
W 72 > F ) o % HIlE T &= 72 [ 16 9 1 12 9.50
W 7 > F ) F EHET = - E S 0.80 0.75 0.14 0.75 0.69

WFEELE., E7L0O¥EREIRELY bu b —iiE
PRMET B e TiTo 7.

3 FHlsEER

ARETIX, IREFEOBMEZFM S 2 72012,
EBEOIMER LTz 40D F V) F Ik ERzIT
5. LI 3.1 #i, 3.2 Hicid 3 2 AR TI,
D> F ) A X EFEE L7z ChatGPT 12,
HOBEMY X325 %2, FOEMIHT 2ME%
ZEHME L7z, ERL 723 F U F OREl, EERDRR
ENIHER A2 IR U 7=,

3.1 B EIZE DR BEE O

7, IBEFHRCLDBRHEELMETE 20 %
S 2 EERE T o7, fERL7Z4D0D>F 1 AT
oL \IEERE ZhZ20 5 [ o1TW, 5495 [
OXEEEAER L. 722 L, 22 TREEIRT 4 —
FoNw ZWEEH L TWwiwv, 4L 72 ChatGPT O
HEESBETH 20 EELZEODVHMEL, Zho%
IEf# i & U C Recall & Specificity % W TR FIE
DREEFMEIT - 72, £/, BR-> U A B
HEFHEFNICBVWT, 24D 774 v Fa—=
VI RITORWET L OMRELEE B 1T - 7=.

PFUAZTE D5 EOFETOFIEEEZR 1 I1TR
9. ARBFFRITE VT, Specificity (&, FEFF IR 72
EETRWCHED 5T, W & HE L 7-EE
J5F 5. R1 &, BEFETE, > FIVART7 >
AV Fa—= VT OHEICKS TR CIEMICHE
B THRVWEEEZHBAITETWVWDE Z LR TE .
Recall 1, SEFRTBFEIREETDH 25, BEITZRW
AW L 2zBIE e s L, RO HITH 2 EFE
BT B 7 4 — FNw 72175 T ICFRICE
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FTH 5. Recall DFERD S, 774V Fa—=V
TEAToTET N EHWERETIETE, ¥ F VA
3EMRCETOYF YA TIEHIZZAS ZHH T
TWB e DHERTE 3.
32 BEEZFDTr—FNYIICLDIHE

DB ED T

ZIZTRE, BREEEDT 4 — FNy 212k D ER
IR B e E D /L & =00 % Gl 2 KB & 1T -
7o, BRI, @EIEIEE R LS EI, EE
IZ ChatGPT DEIFIZ 23 BiTHAH L7z 7 4 — KNy
WAL, TOEMEEINCBWT, @ELRS Y
FDHMENTWENE IR L 7z, Z DEER
TliX, #hFEN4 oD F ) FcEo L AEERNE
3[EF D17V, AR L 725 297 [l DX EE TR L 72.
BRI LS F VA REARRERDEIEDN, 69%DE
BTHEF RS F VA ZHIL Z2EEOHH AT
XTW3. ZhHortieR 2 12RT. fle LT,
74— KN w 2712 & D@ R EIENSGE S LB
AR AL IR

4 F&

ARFETIE SP & L COEE % § 2 X158 Al 25
T 57012, BR->F U ARHEEETHE T L,
Al [AZ-> - ) A R B EME T HlE 7L & R 2 FEEH
@ BERT & 7 /L% W T ChatGPT DREIZICEEN 5
BRI FUAERE L, 200 2T 2 FEE
RREL. RBEFIETE, MH LGRS >V
Z2IHIT B 7 4 — KNy 7 %242 T, OSCE OHIHIIZ
BOWTHYTHZHERSF ) FDAESIRL 2
BEOHBNEARICLE. 5%, EBOWHBREHE
BEE LT, IREFEOBEMMELFHIGL 720,
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A.1 ChatGPT DBEIE]Z

ChatGPT IXZERE D HDERTIEERINTVAR
WY F ) A ECHERESRL, BEREEEZ TS
EWH 5. WEREEFEOH L, ZRoDEEEZRSR
ETMCEoTHHL, 74 —KNw7F5Z2T
dE I NEEDOHIEFE 3 ITRT.

% 3: ChatGPT DH|RJ5E % 7 4 — K Nw» 7 (FB)
L, dEINXEEY > 7L

3+ 4: ChatGPT IZ5- 2 615 > F U A+ DA

Doctor : In the back pain that you are hav-
ing, does the pain radiate or move

to any other part of your body?

Patient(Pre-FB) :  Yes, the pain in my lower back ra-
diates down my right leg. It starts

from the lower back and travels all
the way dov\s/vn to my f%ot. Tl\lle a?in

can be quite intense and it feels
like a shooting or tingling sensa-
tion. Sometimes, I also experience

numbness and reduced sensation
in my lower limbs. It’s quite un-

§om ortable and makes it difficult
or me to move around or perform

certain activities.

Patient(Post-FB) :  Yes, the pain in my lower back ra-
diates down my right leg.
Doctor : When did the symptom start?

Patient(Pre-FB) :  The symptoms started three weeks
ago when I caught a cold. Ini-
tially, it was just a regular cough
and phlegm, but it hasn’t improved

over time.

Patient(Post-FB) : The symptoms started three weeks

ago when I caught a cold.

A2 EERRTE

ARWFFETIE, STHR [21] D SP D> F VU A 2 Hig,
R, OE, 2 DOfIERICE T 2ERE 2 h e
NOEFLT L4002 F VA ZER L. fERL
eV AR, RAITRLE LS REBEOFR, K
BB FRIZEDOLY FERP, X TVHIERDRF
MWD FVALDY R+, BEEOEMIDY
A FHBHESINTWS. EEHDOHEMSUIH (18] T
D R 2 BIT/ER L 2.

ARWMETIE, FEELZYF VY Ao THET
% ChatGPT ¥ L T gpt-3.5-turbo Z ¢ L 7z. gpt-3.5-
turbo DT X —RD—DTH % temperature 1% 0.7 1T
E L7z. ChatGPT 1213 {“role”: “system”, “content’:
“SGEEHDSF VA DEXTSF VAL E—X
FTOEEL, j=12,...J FTAHLE LTS

— 1159 —

1. I'm Yamaguchi Aoi.
2. I’'m 50 years old.

3. I have a persistent cough and phlegm since catching a
cold three weeks ago.

4. The color of the phlegm is transparent.

5. Two weeks ago, I visited a nearby hospital and was pre-
scribed cold medicine, but it didn’t improve my condition
even after taking it.

6. Yesterday, I revisited my regular doctor, and they took a
chest X-ray, but they couldn’t find anything conclusive, so
they referred me here for further tests.

7. For the past week, I've been feeling a slight shortness of
breath even just climbing stairs at school.

8. At night, when lying down, the symptoms worsen, mak-
in% it difficult to sleep, but sitting down provides some
relief.

9. Six months ago, when I went mountain climbing, I
had a similar experience. I felt short of breath and had a
cough, but I thought it was due to exhaustion and didn’t
seek medical attention.

10. My bowel movements haven’t changed, but I feel like
my urine flow has decreased since catching the cold.

11. My feet are swollen, making it difficult to put on shoes.

12. Until the age of 40, for 20 years, I smoked one cigarette
a day.

13. I drink alcohol occasionally, only a small bottle on
holidays.

14. My menstrual cycle has become irregular, and the flow
has decreased.

15. 1 initially thought it was just a common cold, but
since the cough hasn’t improved and I feel slightly short of
breath, I’'m worried it might be something more serious,
like pneumonia.

16. My father passed away from colon cancer, and my
mother from uterine cancer. My brother died suddenly last
year at the age of 52 from a heart attack.

T MELLTFD LS IR L 7.
“You’ll act a role of patient. The patient’s scenar-
ios are described in detail. Note that the generated

response should always begin with an utterance.”
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