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(Abstract]  Purpose/Significance The paper introduces the application status and challenges of generative language model in the
medical field, and proposes a knowledge — enhanced medical language model to improve the specialization, accuracy and credibility of the
model, and provides references for researchers in the fields of medicine, language model and knowledge graph. Method/Process It re-
views the development, current status, and major technologies of large language models, and analyzes the challenges in data security,
professionalism, ethics, and model interpretability. It introduces the common application scenarios and technical points of medical gener-
ative language model, and focuses on the medical language model based on knowledge graph and multi — modal data fusion knowledge en-
hancement, including the advantages, technical principles and specific cases. Result/Conclusion The knowledge — enhanced medical
language model can improve the understanding, cognition and application capability of language model to professional medical knowledge,
enhance the generative capability of natural language, and expand the processing capability of multi — modal data, which has a wide ap-
plication prospect in medical question answering, intelligent assisted diagnosis, personalized medical decision making and so on.

(Keywords)  generative language model; medical question answering; knowledge graph; artificial intelligence (Al); medical treatment

(fEEHHI)  2023-09-19
(EE=N) RO, WEUrd,; @EEE SkoGE, RR; L2, MR R.
(E2mB) EFAK/PEESTH (WH&S. 62176185),

. 12 .



EFERFRE 2023 FH44 £559

JOURNAL OF MEDICAL INFORMATICS 2023, Vol. 44,No.9

L
T

A IS AR B SRS A B R A O
RZ—, BEMSHFHRMBTCARTE SCAS A 3l il 5
IS, g5 . TEAFAER, TR B R IE
(R BRARRE ) M2 AR IR T, AR AS ) g AR AR A H B
Az RS R R SCAS o Bl B0 2B R F S
JEd#EE e (Transformer) (1) % J&, DhAE BT 25
¥ Ht 2% ( generative pretrained transformer — 3.5,
GPT) Z "~ g £ 3 10y 388 ) i 5 A 780 A AR
DS RN R P A UL G o a3 W i N = O
ZIH T . RS . IS5 &5

W& SR B BT F BRI BT R R,
Ui BEST MRS HLAS N R IR R 0] 252 W . &Il i
R By 3 85 0 1 R PR A AU A 45 45 B B
TR AR, BRI AL S O Tk B R
W RSB ARSE, W S B LA
HRETTWE AR ERNZ 15, [, BEJ7 4
X ST g R . IR RE . RURE A
Ko B, BRI IE F R AT N T B A Sk
Rt LR B . e i AR L TR BRI 55
ST AT SR AN BRI AL I PR ) 245 2Ll PR 2 AT
N 57 2, IO 1L R SN B S I ACIDN ]
T3 5 $E T30 O RS BT e Ml RN A L A
MBETr . M A Ll BE AR B RaR
i, BRERTE LY 0] 225 v o0 A 1 R iy vk R 4
T8 F R [ 5 A S G B . BTtk A3
ZRIR T A TR S B A B A U ) & R AR N T
G B L e TR TR SR A AR S BB LT P2 7 43I
RSN L b= D i bSE PN S U
T R RTE BT U b A BIF 5 IR AR R K R T
] HESE A S R BT S h R, T
FIRA R RS

2 ERAANTEGERSY : KIESHEERIEE
2.1 BRAAIBHNER
TR GBI AL A5 SRR S T, HLad

REIR AR —FE R IZINHIRE ) . B B
ZeMRBE, JRSCBLA EEGH . BRAR . o). HERL R
REHA . ARk, AL RETEA W) U 37 5 I
HE KR, B R M
SRR F I A A b AN TR RE R O fE
NZ—, BIRIE T PR AA AL A SRE 5 AL B 55
G A, 1 ChatGPT % [ 12 st AT
2HE (Al - generated content, AIGC) 7E A A il .
WAL 45 EHUS TR FEBUA AR KA
T, KBS HEBIRCN 52 98 T BE R A S AR
FEAE

2.2 @ERXKIESHER

2.2.1 BB EHAIRTE SRS —FhRE g B
il A L SRR SO R TR 2 A R RO
REUZE AR 00 — AN, AT I 2R A L S
X B AR TE E R BAR A  h T SR — H AR,
0 OR35S R A A Y 2 00 T 25 %
o RIS R i e PO R v L
KB F IS Tz ACRE ) o TEBNZRE B, oo
IR TR F R . A AR R AE R LA B I B R
Wo FET UL, ORI a4 SRl Hlas B
PR GE B ARE S A AT 55 h BB AR B 5 F— U
et (state of the art, SOTA) FERIPEREM /YK
o BEAh, FEZRAIE . BT MR A 3
SR, AR S AREI T AR rERE, IR
w R e L IR R R AETEHEPISERE T .
2.2.2 HE%¥3 (in —context learning,
ICL)  2—FhdkT DIt e W iy 2 > 7 vk, RERS
AT R EAT: 55 75 () s 4 A U i, o
SMNGR . EXRITIRAEZ A A IRTE 5 AL BEAEHEN] L
R AR P S 20 & 0 Th OB M, B
LEERDEE Rk W/ NN o1 T s T 510875 S N
T i R4 AT 55 B A PERE
2.2.3 fAEME E—MEREEERZARE RIS
2, MR RE S AR IR AT 55 48 S PATHME 55, el
W /R B AnAs AR R TS B LA A S A 3
SCRRIFHAMEDL, LUGE— 45 Fh A R 1E 5 AL AL 55,
I H AT LIRSS B AR 5 182 AR A R 2R B i, 4
- 13 .



il

EFESRYHRE 2023 FEE44 BEI H

JOURNAL OF MEDICAL INFORMATICS 2023 ,Vol.44,No. 9

T2 B, M SES

2.2.4 B4 E (chain —of —thought,
CoT) il ik 73 fife 41 2 20 DR AL 31 42 AT 55
RS R ) AT M R ik . AR TR
& R HE T R A IR R R A I RE ). B 4EE
HEPER PRI R MG , R 0] 3 i o 224> 1R, JF
WA T R E RN DT RERmA, B
B SEAHE S Ok 1R S AR ] LAE AP R R R T )
RO R LA B N e AR . X ITEAER S T
BRI, 1G5 1 MERLE AR A AT AR e, A
T4 e A2 8 A {5 B AR P A g

3 EFERAEEEEGRFREBERES
3.1 EFEXARLERINEERNMA
PR SCAA 1 A AR 5 A HAE By P ATl HH A

BN HAH BARTE S A MEAR, RIS HIRE
i B B g B ST SERIR, R
BN AR 2 SCA DS B4 Bl e i3 ) A 1) 41
A ST RO E R EZ R IIRE . ARk,
A T S AT B2 2 U U 0 kR A S . )
m, AT R s e 48 4 (generative pretrained
transformer 4, GPT —-4) {EEZ[]Z4F5% ERI %
SEREVEBERIVERA L™ 5 % 11400 R B 2 SR I
GRIKIE F B PubMed GPT'™ £ P ik 3k
FF IR Yo Galactica ™ AL AL HURL 2 1A
AT ZRI) RIE F R, 2t & IR 15 2 4
WARA —EFNARL RS . HWE) Med - PalM
21TV S — T X R T A A A ) T T 4R
KB FHAL, REASET T B [n] i ik R B2 ik
RS, IR A B SR BE 2 rh ik B R kg K
o BRA AR TR SR EORHESE, WA T,

T
A4
TR R 53
B A L BRI e iy
B A A
4 IU\I‘D =
S
FERER T an T
A N o0
R B3 - LA
\ BRI oo g
ks
R OB B
S

1 EFERGUESHEEEARESRE

3.2 BINAGS

3.2.1 EFHEADER FETEEZMGE. AN
ZERANHAL B B, TS R AT L A 3 A A
AR AL Bl i o X LR AT RERE S X Ol
121 TN SN ES s VRN | R S i e Y S NI E
LR AL, A AR R AT DU R AR R A
39 4H

3.2.2 AEAETEVCE KR IEE AT LR
BERL L AEREAFE R, A SR B
MBS T & IR T RSN R T, ROV
RS

.14 -

3.2.3 BEFmPRE LS EE RN DU B
SEOCHR . B AR AT, XA E R o R T
L PR ANPURE (a7, A 3 A O UL 530 )
SR 11 ENA BV ST S S 12 S IR

3.2.4 ERFZLRS 1HE BN LI G A
PEARgIRlE, PEAUMERG I, WA R)T .
JEEEE . ML, @HEE NSRRI, fTIU

BIE TS CRUBTIRY &
3.3 KAER
3.3.1 #HdEdkER  AEHRMARBOR L5t AR

A AR VS o €7 I L VS S E N SN 2 [ SN ]



EFERFRE 2023 FH44 £559

JOURNAL OF MEDICAL INFORMATICS 2023, Vol. 44,No.9

WA AT o b i B T e AR i AR bR
K, AHFIAMILKGELR, SEEFRL, BEFF
SCA S PO ZRTE R

3.3.2 MANL RMILWEBNGI L, £T
Transformer [ 51— ff i 27 204, AL AEAS - ~] A1l
PR R SORGETH L

3.3.3 MAME RANEMIAINE, Wil
PER i R 4 A R, (AR A 7 Al PR R fiE
AR TR A AN SCAR A AT, IR THR B AE AN [T 55
R TERE AR

3.3.4 EHExIG fEMd AT, @ ARARE
U R 2 R AT PP, FFIE TR R— A
F ST A2 A B, 3 3 2l A B 5 Bl I A o
BRI AL S A AR, AR AR S tH AT A A
REIMBEN R AE R, ™ A i 7 PR~ AR B alafy
A I WL BT Y 2 o

3.3.5 (REREEN FEXEEERAGARE
55, PTRLRAMIGRR B3 N5 3%, i JG 200 =8 I 2k

20234E4 H 141
T
FLLaMA

pas S At

AMABGHLAL e iR

FE g | TR ‘
1%

202344 221
ZHRESHU.fiy
PR HL: AL,
R 557 i

K - i 5
W

20234£4 271

PR PMC-LLaMA
B JUEA, 1 ZRE A
B A AfE R

20234E6H 29[

Pt it

By A S
LY

OpenMEDLab
HE

AT RS

20234E8 H 28 [
By AR DISC-
N ABTF- MedLLM
R A ek
TSR

AR R EHS W G AR E, HEE
Transformer JZH15 | AR M A 4, DT 50 45 75U 55 o7
T R2F R RHMESS

4 EFERRIEFERERNE
4.1 BRAEFAIZENENX

B A O 5 AR AT AR e S N T RE
B — TP B R . Moor M2 s ST e i R YT
NI 5 B8 ( generalist medical artificial intelligence,
GMAL) HRL, R REAS A A i R AR e B St
ZAMESF BT N TR BERE A . HC 3 5 7 AR |
ZRALRBRSE BVt T AR E A, RBAE R G
AR B R, O J e Sl A 2 2 i P
JIREG T AR AR . CMAT BT AT & i
RIGEH RS E AN O RHERI B0 5 RB L L
S K STz AL B RE 7 o R 2 2L T 5 Y 1Y
R 2,

0234F3

Cha{Dmlor 1.2L32=|+ i 2?’(%
s vd EES 2
P B e
RFEKAIY

7Y

; 20234F4 20
BioMedCPT | i ey

HER R i oy
R KBLEL 7] A

20234E5H24 H
AEfEGPT YZBEIF %,
i CRE Fﬁﬂ:lijjiﬁ i
S5
Med-PalL.M

2 HAEFEMNIEEREKE

4.2 ChatDoctor

ChatDoctor ! 2 F LLaMA £ 1y [ 2% A IE
AL, RBIE N BT R AR oK. H T 10 T A
TE 26 R IT 0 100 R il 119 L5 A8 — 5 D 0F 355 454
TP, 2% > B AEUR B B R 18 5 A% . 8

TSR A RE R A E A5 B AR IS, 6848 15 [a] Fi F)
PR B 4 77 B B8 s BOHE P 4 & i B2 97 B s T
5B, $-TUEFITE. RESCHRIESE TSR AE
HERR . B BIR A F1(E S5 7 10 R 9 KMk RE . B
FEER K], ChatDoctor B8 HT 47 b P fif /8 5 75
KO H A MR P8 0y i, BA T Z BT

.15 -



EFERSFRE 2023 FH44 E59 8

il

JOURNAL OF MEDICAL INFORMATICS 2023 ,Vol.44,No. 9

V%

Cipsies

4.3 Med -PalLM

Med — PaLM"?’ 25 F 28 T /N ] Pathways 155
#HI ( pathways language model, PalM) &g i) &
FERGUE AL, @i 8 I 2R Flan - PaLM
R #E MedQA . MedMCQA , PubMedQA A HifE
ZAT55 15 5 PR (massive multitask language under-
standing, MMLU) I JRIA] U S IR T fe L4
Fo 2Pt 5 B 2 GO 5F 10 45 2 4 s Il
i, HS7 Med — PalM BRI DL R T 500k | FL i
PE HERERE ) . TRAEAT F S O W5 2 A R B9 N L
MHESE . N LB P4 & BE Med — PalM 458 B 75 [1]
AR A RN T ELAT 5l R BE AR S R RCR . ik
— PP T R A [ 2 [ A [ 25 T ) RE T AR
BRAE, SREEST 7B B 2 ) (o] 2 A v ) 3 K 4l R
MultiMedQA ,

4.4 MIMIC - Diff - VQA

Hu X 2 T — A 2254 5 MU Y
ZRABEMEEBIARY, JEAEE T 5 A B 27 L ) 2
s 5 MIMIC - Diff — VQA 32 £ 82 5 Tl B
Jog R s, A LA O s R AR 2R T A )
XY o RIS T MG I (R A 55, B4
EPRE AR E Fr, B Tk B 22 S5
(IR, 3 JUBIF 5 a0 — 20 # S 55 700 s 30 i R 5% 12K,
DU TFEE IS AR
4.5 #£{g GPT

ZHANG H 2PV JF L it fe GPT B 1EfdiiG 51
T ELAG AR F B U v ST = 2= 12 W R 7 5 TR
fES1o ZAERILE S ChatGPT A By “ 21
ELSCH B s A ] 57 AR ] S0P R A R A
JIERL, DA SR SN AR IR E . &
i B BIPERTEE ITPEAY, R AR M RE .

5 eSSk
5.1 HiERL SR

PR7 R A S B R RS R, EAGE
.16 -

BRI GRANOR  A rp, AR T [ P A A
KIEREM, S (R N RS A R 2% 242 42 %)
(A NRIEFIE B 2 42k)  CrhAe AR SEFE A
MaBAk), KE (@RI ST EILS)
(Health Insurance Portability and Accountability Act,
HIPPA) Je B (i P& PR 37 45491 ( General Data
Protection Regulation, GDPR) 4§, ki {& B & & A
RG24, R NG . Wil B4 LTI £ AR
PULSERORT-Be, B bRy Bodla it s sl o, Ikt
ST AR B0 ) R R NBURE B

5.2 Zilik

A T AR T A i ) 12 2 SOAR I i 25 HL A R
EAibIESE AN AR T v i s N O e M eSS R
AN RO EENTER 11 K SR NVSEs o N TN = D W &R i
A, DAGRUES A MERR IR 5 nT 5 B o TR Jo sl S £
MEARSVERA R YRR Tr 5, IR T 80R
2. W2 EA SR

5.3 =& 51E

PR T TR A A P I 25T RS R
N R, ABESRAUA T | Bk sliid S 12
AR AN EDUL A A 18 o R TRY PR L R A 15 2 48 3L
290, IR IEET KBS PEAL, RO e, A
FE A R A i S AT AR TR R 9

5.4 THfEREE

DI PR B Rl {5 B RE WP, A B P A B
HATIREL R o TR 7 R 355 T e /s HLAfE
PRI . PEIESCRRANSY T 2 A, S A I 4 T W]
REATAER I UL | B8 ol R A S5 T, O H i o 245
RBE R ST EE

6 HMIREERNEFIESREMERBIAIER
6.1 ETHIREEARNEFESERE

A T T A R~ R 2 vh BA ) R
FHATS . ZER0AS L kRO 8 DR A2 i SCAS 19 %l
PE . HERPERIAT (G, BEXS B RO R R A



il

EFEESRE 2023 FH44 B59 1

JOURNAL OF MEDICAL INFORMATICS 2023, Vol. 44,No.9

SRPEFURNE, RO DL . 3 SR R DR A g
AT JRUIRSE , v R TS R R 3 o A s 7 1 i e 2
FrAf o SO UIZRTEE A S 5L T R AL 2 R B PR i
FRRL, RS R S A,
HARE TSR | S AR R M ) P 45 ) LA e R 3 AT )
PR ATl 2 R o R K S U R R T 9 2
FN TR S B A B R, TR e Ll
T AT A5 0 ) B SOAR

6.2 ZIiREIEEENAE

6.2.1 EFsrAEFEATIESEHRK WK

U Y Ry T AR A I

Pa 2 R FARYT . IR L AN A A BRI K
BRAF IR, 3 VI B RO R T7 S LUR PR A R A
PR 7T 22 2 BN FH o 25 R A 1D 1 22 TR R
P L AR R H R R, T U AR AN 2
FANE T, BRI A R R R . AT S T A IR
A o R PG — ok SRR & S LT ST
KEAUMZAL . S5ATE R HRAESE . A4
TOCRERE, AR S 2540 1 R B 2 5 B
TUPRAE AN o FASRBE, FRE S Al L A X
T R AL B )55 S T TR SRR, WK 3.

FAERIRRXR
sy —_ O

///,—ﬁm&mmw

S AT P
wmfﬁ%%—<<::

FEFEXT el R R A

SRS T S A
B 0™

kG A N R DRAC

\\\\‘ SRR R
Wbty —<__

WA T S

TR PR SRR
PRI T AR

T R

B3 MREEEERENEFERNIESREMBIER

6.2.2 HBLWEMA MITARERE B E W
PRAp SR ROHSRIROG A, T RLURIR R T A2 Uil =
RTINS Ly HR A PR RE T o 78 2 1 R AR 5|
SRR R LT L i R AN R AN B IR 2 S

AR EELAT R
6.2.3 BAFHEEE AR F R DI

FOERA AR AR . SR 2 I Y ST DA A Y 3 ]
FER) PSR R IR EE , A BT AR AR P
M7 | SR Y S 2 SOAR

6.2.4 mREHEE EBRRSEY R AR A
T, R AT LA SRR B PR o R, G A i
F L B ER AT o

6.2.5 wAaithd  FIREER L AR
DDA L . SRR S LT e, R AR AL
JETE A T By SCA R AT EdE o

6.2.6 RV ARENME NPT AT DIV R B
A SGEA T T R RIPOR I, R R A
AR

6.3 FMIREENEFESREKRTE

6.3.1 wREMIIFHEFEFTHATINSE N
PRTF B A 5 AR B2 RR A TR AR, 3l
R B2 R A AL A K S B N 2k B B o
FHORTE 7 B 2805 3o %) BRAT R i okt L R R
FrREREET A T iR E N gk, sGl A
APEAT S5 CHIBTRERL AR p Y 12 2 [0 2 2 75 S A v
FAML) LSS (1240 E 1 )8 P e % i L2
%) AR UG, B B SOR AR
FBY AN R ) R A SO AT
AL, FETHIE 5 I IS A AT B A 1 fife A A
HI, TR B il S AR
6.3.2 EFHVHENEERAMENE WA
PREF U L RRIEIESE, AT LD A S A O T 0R
4R, MR R R A ZRad 7 o 2 TR
Vel 35 A B K i oy S B i A AR, PR~ 0 S R T LA
Fs KR4 2t 2 e B
<17 -



EFERSFRE 2023 FH44 E59 8

il

JOURNAL OF MEDICAL INFORMATICS 2023 ,Vol.44,No. 9

AR A BRI, 1 AR AT LR DT P 46 A
Bt de 4, BARAES oKk, MM S8 MO R AT 55 .
TR P 1 A B 5 248 A B AR T A AR THE 5
R [ % P2 25 AT 5546 4 1 i 1 R

6.3.3 EFSEmRERXEERE KHEFHM
PR L I B T A Ay I 25 A 70 4 38 b ) &0 T AR
JE, 2SI TR R G5 iy N B 5 A AR A o
SEATUB IR o e X P P e A S A A
KBEFAINEE YT B h R R, i BE AR
FEHLA P SR A B R R N 2R
6.3.4 HATEXmRISFHRETFFT HTFEF
S A A R R 2 ) Y AT LR T
RUHERRRE ), R R TEE 28 s 2 0 58 1 1
BUF o BUA TAE 2 B 5o 2 0 b 1Y
BIFIT . i AR R R, — AR/ ks W]
e oo ERATRISCR AR KA, Bk, @ B
SR B P UM OC B2 25 B AR TE S AR, B 8l
S AA R T AR AR O R AR B, R
FEAE 1AV B G R i

6.3.5 mAWMEWERFESLEE BM—EST
B S AR XE A ST 58 U A AT 55, A
P AN A R FHAR PR32 10 4L R /IMVBERL . 8
B THAF, XA F ARSI A B R
BREP SR o PRI IR A LR P AT 55 S
P55 A0, B 3 7 A AT 55 00 45 2R 8 AR O
THPEE SR,

7 ARIEEREFIE S EE N ARG
7.1 EFERIEEHRANEZMIAERLGE

7 1.1 #EAEERANANE RS THNE
PR R AL 7 15 BEAE SRR N (B ARy 1647
AR BET; RN ZRE SRk, W EER
REASOR N THRERBEI S . RWETE S
b B2 sz AR RE S 7 A SRR, A e
FERF B Sy A S AR IR A T X — AR
oL, R HARR IS, AR R
AR, TG B PR~ U Ot mT L 1
PINUALSS o KR SCHRAR RE ) AT DL o A
.18 -

BB SCA T SC, WA P00 SE R I il S 1RO 2%
TS BT B2 R R 1 ) e sk B sh Ak it . Bk
KA, T R AT PR s A P AR S A AL s o
SCHRA, MERRABCEAR (g . 25909F) ARSR
RZIEI AR (I AR - ™ 254 - Bl ™
55), JFRREEE IR g, B ORI R 3 ) S
P ATl TR SRR B BE e R RT3 o
Wy, AR, O HKFE AR B T PR R OR
SCRF R BRI SR AL T IR SR AL

7.1.2 TG R A AP SESORN, if
R AT LR I SCAS Hp B R A, O X R
INIETL7/ NI 6 AN S S L S S i N
A RGE S B R SR, i 1 PR RE AL
HECL R A RIDCR ™ o 1 R ph O AT LS
Blan A AP eI SRR . R AR
a6 ACTH % 55 2 DUAE 5. lf LU Beds 3 T
GPT -4 JhA7 i 44 SEAR U | S A 3 11 56 25 4l B
b CAEREEL, 60 X 4t fEAL AT HR IR BE g
PRUTHZ BT A DR, B U I JBR 5 2RI 77
TEIZAE R ORI SRR e L T AR5 (1) A
AT WA R BRI KR
U7 AR AIEERE T R R SR, (2)
W, “AHFILT BPHONEE (Patient 38),
CHERINT r2ENB (Disease 28), “REEEIBT I
FNBEA (Doctor 28), “JLRTHBMIERE” 702 4L
4 (Organization 38),  “BRE K" KA Z5Y)
(Drug 28) . (3) SEfRBEHE. Bepriinlm ks e
A AR BT RHR, BER IR L . (4) K
A U 2T
“EEUE” (< prescribed > ) SFRAR . X LEAEE L
TR AL, Wk L.

( < diagnosed with > ) |

F1 BETIEFHEBENIEIRRN S X RMHEURE]

Sk 1y KERKFR
AN Patient P2 W 56T X4
PRI Disease RS W
BRI Doctor CWIHRI TR X 5
JERtPPRIEERE  Organization FRILHLWARTT AL

et & Drug RITZERR Y




il

EFEESRE 2023 FH44 B59 1

JOURNAL OF MEDICAL INFORMATICS 2023, Vol. 44,No.9

7.1.3  miRiha s RS HAL R R A AR,
AR SRR R AR RE Ay, n] LS B R
kb, B A FREREIC % T RS R A 677
BEPRIG 258, BT HAS RSO @A e A
YT RA A R . ERXMIEOL T, Kl E
TR UG Il A BORBAN X BE G, W3R 2.

®2 ETXRESRENAYARRRMEIR2TE)

gtk A YA B IR A
B W AT, ATRESEURIEE, WA S
B, B4z, HE NN mpE K-

“HOBK 25 AT, ATRERIRIE TR I AL R Gt
NI B kR DEA SRR, B2

7.2 FMIREREMEFEIREE

PRof i R ) A — WU AT 55, BT 06 R
(] 250 5 B2 2 A O 8 e PP TR, 0 ke 0 R R 2L
TRELZ BRIMRE N ST i B —E i SR T
PR ) Lol M 5 2 e, AR S R A A
ARE SR T, IR IR L B LT B

SR TR A [ AT, 5 5 R ) 5 P i o P 2 AR
ESHA TIOR3, BISE SRR, A )
Bl BE 2 SRS R AT LR B U o
Sk . e RAUBHEME EA S, SRS GPT
RETR A AR IO SC A A8 A w2 I, 4 R S Ak
“BTIUCAR” AR YRR, BRI AR R
(9 SCAS AR s BT ] S — el T 1l 655 Ak
J25, BB, BUR. BRI MR %2
PR o SIS RE SEAR BRI UCAR” ARl
FIDC AR WL R RSN , A0 T R AR 4 200 L i
HR e SRR DG ZR A BN R &, ] D S A A
B B AAE B L. U, TR R G
AAE . ERG S A s ik A O s R (LT L4
12 2 0 YA R P R PR AN R, T AR T R
SRR S AR MR A B it . o T BB R 2 1
SR, RS SRR (OpenKG) 7
IR Y — e SR . e R AE M, JF R GPT -4
(9T 5 R AE fiE 0 A= BORR B 1 SC A 4 3 1l 2%, T
%3,

®3 ETHMIRAEBARNEFZEIREERG

A

GPT —4 fij i A

SR BERRSE; JRE: SRR
el BERRS; TR WEPRIAT WELE IF: A E 7

PRI 2 — i LA o UM A R R AU, S el D5 BB AN B T S2 05
RN IR EIEZ Ik, ZIR. 2/, WETRE. 25, 0T, BRRERSE
BEDRGHY I W AATAT O MU PO . L L FERL T . IR | R AsH7 %

7.3 ETHMIAREEENEFERSESRE

/.31 EFAUREFA R HARTE S AL EANTE
PULBEAISS S IR AT 55, B e B Rt AT IR
BEortr, AR AR RE, X—{L57E
PR U HAT F AT AL, (L[] P T s P
i, AIEEREER I 2R SR TE AR, A
LB AR S S E A ENE . HATE A
T AR S R R T B A T AR
14 MedSAM-*" 351 F il FHR BE 2% 2] R M B B2 7 5%
B, N B 2 B 5orh B O A B PMC -
CLIPP 30 F & —ANBRy7 SR, SRl 3

KA T v BT Y B 2 RSB AE, PRl PMC -
OA Hflase, FFAEByr B SR R 0 o
o) % 85 AT 55 RS e LR RO . LAk, BlBOEE T
GPT — 4 R i I T g i AR Ji 20 W 25 6 B T RS PR
MG T U S 0 S R A 2 AR R
AR R D R R, JF 2 BRI A%, R ™
IR R I 345

7.3.2 RIR  _BIRPRAEESRAE R R SR
B2 BT I A7 AR — 5 Ry IR o 9] 4 JC 12 v e R A
1A HAT i A MR e MR B 2 ) L, FEAE
PR~ 5 DL B B A R AR T I B R M . 1Ak
TE TR B2 FIPR S A P M B E PRI, B8 A] fiE

- 19 .



EFERSFRE 2023 FH44 E59 8

JOURNAL OF MEDICAL INFORMATICS 2023 ,Vol.44,No. 9

kPR . FfER R PR AR, T 45 th 2o i
BT 2 W RIS 0 52
7.3.3 ETHRABEEMSESHERSEANE
FEEAMEA MBI AT DA R TR BRI, )
UWNTEAR S —5K XOUR Bn iy “Zelili - M-A — R B
HUERT B, BB SN A 3R UM 45 R |
e A P R K Jrb <5 AT BE RGN, ik RELS A AR
I B DU 4 T T

FIELU N RO — 04 M AR 45 2 o rE
Ho A EWEIRGE (CHF2E 10 48) R TS
MIk2 %% (CHFEES ), HACRA R, &
SRR I BB PR A g I T o 3 00O 1 2% i I
T, BATIAH TAR S RITR G ZZ G AN, I TR
255 Hm H B0 A0 R A B AE IR . % BB 25
HBAE DR DT FTRES | AT Il 4545 % B 1Y
i L AEIETE AT, R AT LR — 25 U 25
PO AP AT AR, RS2 W DU 58 38 AR
FRNATY, MM EEAE . BFFEN B3R R 415 5
HERf L Lol AN AT e 1 PR A R [R5 A 55

] DUASE Y BEAT ik R 22 b N BHE VBT R 24 )
TR SIS Wi TR, Eil o P27 U R
P/ o AR RIROR AL, M TTE 5 R 2 o R 10 12
FERERE S A= A SRR, £5 5 Ab PHPE 2 1]
B TEEMEEN I SCAFSRESEE . hEET
BRPRHARBIE L W 67 RS R, o
T i g T e 55 o i AR

8 4iE

ASCAHREIR AT 1 AR T S R A PR o
T L PR S5 PR o 15 2 SOA A B S 2% 1
Tl PR A 2RI AL B R B R B 5, 5 B S0 25
I RS A Al — e e B L4 L R AR B P ) B
SCAS . Bl GPT -4 SRR A 12~ SUAR A BT 1T 2
SRR R R, HAERE A LA AR T A 3
DRIZU =2 R B 5, AR R A5 58 RS 1 1k
FTRTEEPE, 7 b X BTy R SR A 6 A i e 7= 2 97

SN o R AT T 5 F) i S T SRR T — Al AR
MRS58, T AMICAR A RS SCAS 42 40 Al
.20 -

) FE B A, NIRRT PR 2 SCA R 1
PRARANSLT o BRI, S el i3t SIS B A fms 2 A R
WIS T, LASE G b 2 12~ G0 ) 1 75
K, VR PR A, MR A AT R —
AP R AR B A Ak B 2 RO ) 5 A 55 I O PR RE, 5K
B TR U A AL 5 PR AN R o (EAN Rl A R R
HRREE RIS 5 R, DA S B8 Y i R ae g FdE
Hart, Vi ERA BRI

A R B AE PR 2 U B AT R
1, ABLERRNZAGRE Sy . WERIYE . AREMESE S AT
AT5ETE . AR AT UG By PR AL 2 > 35 18 5 A
T2 AR A BN S~ 408 SR, b T 09 i B o ) 2
e BRI AT S RE

S 3k

1 LUND B D, WANG T. Chatting about ChatGPT: how may
Al and GPT impact academia and libraries [J]. Library hi
tech news, 2023, 40 (3): 26 —-29.

2 JIAO W, WANG W, HUANG J, et al. Is ChatGPT a good
translator? A preliminary study [ EB/OL]. [2023 - 09 -
18]. https: //ar5iv. org/abs/2301. 08745.

3 FUCHS K. Exploring the opportunities and challenges of
NLP models in higher education; is Chat GPT a blessing or a
curse [ J]. Frontiers in education, 2023, 8 (1166682 ) .
1-4.

4 DERGAA 1, CHAMARI K, ZMIJEWSKI P, et al. From hu-
man writing to artificial intelligence generated text: examining
the prospects and potential threats of ChatGPT in academic
writing [J]. Biology of sport, 2023, 40 (2): 615 -622.

5 GUO B, DING Y. How close is ChatGPT to human experts?
Comparison corpus, evaluation, and detection [ EB/OL].
[2023 -09 —18]. https: //ar5Siv. org/abs/2301. 07597.

6 DALE R. Navigating the text generation revolution; tradi-
tional data —to —text NLG companies and the rise of ChatG-
PT [J]. Natural language engineering, 2023, 29 (4):
1188 - 1197.

7 RADFORD A, NARASIMHAN K, SALIMANS T, et al
Improving language understanding by generative pre — train-
ing [EB/OL]. [2023 -09 —18]. https: //s3 — us — west
— 2. amazonaws. com/openai — assets/research — covers/lan-

guage — unsupervised/language_ understanding_ paper. pdf.



EFERFRE

2023 FFEE 44 A5 9 HA

JOURNAL OF MEDICAL INFORMATICS 2023, Vol. 44,No.9

10

11

12

13

14

15

16

17

18

19

20

RADFORD A, WU J, CHILD R, et al. Language models
are unsupervised multitask learners [ J]. OpenAl blog,
2019, 1 (8): 9.

BROWN T, MANN B, RYDER N, et al. Language models
are few — shot learners [J]. Advances in neural information
processing systems, 2020 (33): 1877 — 1901.
THIRUNAVUKARASU A J, TING D S J, ELANGOVAN K,
et al. Large language models in medicine [J]. Nature med-
icine, 2023 (29). 1 —11.

HARRIS E. Large language models answer medical ques-
tions accurately, but can’ t match clinicians’ knowledge
[J]. Journal of the American medical association, 2023,
330 (9): 792 -794.

SILVER D, HUANG A, MADDISON C J, et al. Mastering
the game of Go with deep neural networks and tree search
[J]. Nature, 2016, 529 (7587): 484 —489.

SILVER D, SCHRITTWIESER J, SIMONYAN K, et al
Mastering the game of Go without human knowledge [J].
Nature, 2017, 550 (7676) : 354 —359.

SILVER D, HUBERT T, SCHRITTWIESER J, et al. A
general reinforcement learning algorithm that masters chess,
shogi, and Go through self — play [J]. Science, 2018, 362
(6419) ; 1140 — 1144.

DING M, ZHANG J, LI C, et al. CogView: mastering text —to
—image generation via transformers [J]. Advances in neural
information processing systems, 2021 (34); 19822 - 19835.
RAMESH A, DHARIWAL P, NICHOL A, et al. Hierarchi-
cal text — conditional image generation with CLIP latents
[EB/OL]. [2023 - 09 — 18]. hups: //arSiv. org/abs/
2204. 06125.

XUE Z, SONG G, GUO Q, et al. Raphael. text — to — image
generation via large mixture of diffusion paths [ EB/OL].
[2023 —09 - 18]. https: //ar5iv. org/abs/2305. 18295.
HUANG B, XU Y, HU X, et al. A backbone — centred en-
ergy function of neural networks for protein design [J]. Na-
ture, 2022, 602 (7897) . 523 —528.

CAO L, COVENTRY B, GORESHNIK I, et al. Design of
protein — binding proteins from the target structure alone
[J]. Nature, 2022, 605 (7910) : 551 - 560.

DAS P, SERCU T, WADHAWAN K, et al. Accelerated an-
timicrobial discovery via deep generative models and molecu-
lar dynamics simulations [J]. Nature biomedical engineer-

ing, 2021, 5 (6): 613 -623.

21

22

23

24

25

26

27

28

29

30

31

32

33

TALLORIN L, WANG J, KIM W E, et al. Discovering de
novo peptide substrates for enzymes using machine learning
[J]. Nature communications, 2018, 9 (1) 5253.
JUMPER J, EVANS R, PRITZEL A, et al. Highly accurate
protein structure prediction with AlphaFold [ J]. Nature,
2021, 596 (7873) . 583 —589.
KALE M, RASTOGI A. Text — to — text pre — training for
data — to — text tasks [ EB/OL]. [2023 - 09 — 18 ]. ht-
tps: //arSiv. org/abs/2005. 10433.
NORI H, KING N, MCKINNEY S M, et al. Capabilities of
GPT -4 on medical challenge problems [ EB/OL]. [2023
-09 —18]. https: //ar5iv. org/abs/2303. 13375.
VENIGALLA A, FRANKLE J, CARBIN M. BioMedLM: a
domain — specific large language model for biomedical text
[EB/OL]. [2022 — 12 = 15]. https: //www. mosaicml.
com/blog/introducing — pubmed - gpt.
TAYLOR R, KARDAS M, CUCURULL G, et al. Galacti-
ca: a large language model for science [ EB/OL]. [2023 —
09 - 18]. https: //ar5iv. org/abs/2211. 09085.
SINGHAL K, AZIZL S, TU T, et al. Large language models
encode clinical knowledge [J]. Nature, 2023 (620): 1 -9.
MOOR M, BANERJEE O, SHAKERI Z, et al. Foundation
models for generalist medical artificial intelligence [J]. Na-
ture, 2023, 616 (7956) ; 259 —265.
LIY, LI Z, ZHANG K, et al. ChatDoctor: a medical chat
model fine — tuned on a large language model Meta — Al
(LLaMA) using medical domain knowledge [J]. Cureus,
2023, 15 (6):2-5.
HU X, GU L, AN Q, et al. Expert knowledge — aware im-
age difference graph representation learning for difference —
aware medical visual question answering [ C]. Long Beach:
The 29th ACM SIGKDD Conference on Knowledge Discovery
and Data Mining (KDD’23) , 2023.
ZHANG H, CHEN J, JIANG F, et al. HuatuoGPT, towards
taming language model to be a doctor [ EB/OL]. [2023 -
09 —15]. https: //github. com/SCIR - HI/Huatuo — Llama
— Med — Chinese.
WANG H, LIU C, XI N, et al. HuaTuo: tuning LLaMA
model with Chinese medical knowledge [ EB/OL]. [2023
-09 - 15]. https; //ar5iv. org/abs/2304. 06975.
LUO Y, ZHANG J, FAN S, et al. BioMedGPT: open mul-
timodal generative pre — trained transformer for Biomedicine
[EB/OL].[2023 =09 —15]. https: //github. com/taokz/
.21 -



EFEESRG 2023 FEI4 EE9H JOURNAL OF MEDICAL INFORMATICS 2023 ,Vol. 44 ,No. 9
BiomedGPT. 2205. 10625.
34 BAO Z, CHEN W, XIAO S, et al. DISC - MedLLM: 43 TUSHAR K, TRIVEDI H, FINLAYSON M, et al. Decom-

35

36

37

38

39

40

41

42

bridging general large language models and real — world med-
ical consultation [ EB/OL]. [2023 =09 - 15]. https: //
github. com/FudanDISC/DISC — MedLLM.

OpenMEDLab. Promoting large — scale pre — trained founda-
tion models and adaptation in healthcare [ EB/OL]. [ 2023
-09 —15]. https: //github. com/OpenMEDLab.

WU C, ZHANG X, ZHANG Y, et al. PMC — LLaMA ; fur-
ther finetuning llama on medical papers [ EB/OL]. [ 2023
-09 - 15]. https: //github. com/chaoyi — wu/PMC -
LLaMA.

CHEN Y, WANG Z, XING X, et al. BianQue - 1.0: im-
proving the ‘ Question’ ability of medical chat model through
finetuning with hybrid instructions and multi — turn doctor
QA datasets [ EB/OL]. [2023 - 09 — 15]. https: //
github. com/scutcyr/BianQue.

BT RRRL, [ A B AT R R, BT
NLHREM £ [ EB/OL]. [2023 - 09 - 15]. ht-
tps: //ailme. apusai. com.

RENZE L, ZHANG K, YIN W. Is prompt all you need?
No. A comprehensive and broader view of instruction learn-
ing [EB/OL].[2023 -09 — 18]. https: //arxiv. org/abs/
2303. 10475.

HE H, ZHANG H, ROTH D. Rethinking with retrieval ;
faithful large language model inference [ EB/OL]. [2023 —
09 - 18]. https; //arxiv. org/abs/2301. 00303.

YAO F, PENG H, SABHARWAL A, et al. Complexity —
based prompting for multi — step reasoning [ EB/OL].
[2023 =09 —18]. https; //arxiv. org/abs/2210. 00720.
DENNY Z, SCHARLI N, HOU L, et al. Least — to — most
prompting enables complex reasoning in large language mod-

els [EB/OL].[2023 =09 - 18 ]. https: //arxiv. org/abs/

YR TT IR

e 22 .

44

45

46

47

48

49

50

posed prompting: a modular approach for solving complex
tasks [ EB/OL]. [2023 — 09 — 18 ]. https: //arxiv. org/
abs/2210. 02406.

ZHANG C, GAO S, WANG H, et al. Position — aware joint
entity and relation extraction with attention mechanism
[C].
cial Intelligence (1JCAIL), 2022.

OpenKG. Open Knowledge Graph Platform [ EB/OL ].
[2023 —09 —18]. http; //www. openkg. cn/.

LI Z, WANG H, ZHANG W. Translational relation embed-

Vienna: The International Joint Conference on Artifi-

dings for multi — hop knowledge base question answering
[17. Journal of web semantics, 2022, 74 (1) : 100723.
CHEN H, HU N, QI G, et al. OpenKG Chain: a Block-
chain infrastructure for open knowledge graphs [ J]. Data
intelligence, 2021, 3 (2) : 205 —227.

LIANG Y, WANG H, ZHANG W. A knowledge — guided
method for disease prediction based on attention mechanism
[C].
Systems and Applications, 2022.

ZHANG A, TAO W, LI Z, et al. Type — aware medical vis-

Beijing: International Conference on Web Information

ual question answering [ C]. Singapore: ICASSP 2022 -
2022 TEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP) , 2022.

MA J, HEY, LIF, et al. Segment anything in medical im-
ages [EB/OL]. [2023 — 09 — 18]. hitps: //arxiv. org/
abs/2304. 12306.

51 LIN W, ZHAO Z, ZHANG X, et al. Pmc - clip: contras-
tive language — image pre — training using biomedical docu-
ments [ C]. Vancouver; The International Conference on
Medical Image Computing and Computer Assisted Interven-
tions (MICCAT) , 2023.

<o
YR 3t 5 5



