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Table 1: BRI ZEBRFFE

Year Author Medical Synthetic Medical Tabular Medical  Multi-

Image Generation Synthetic = Data modal Synthetic
Generation Data Generation

2022 Hernandez et al. [b] v

2023 Murtaza et al. [4] v

2023 Eigenschink et al. [(] v

2024 Sherwani & Gopalakrishnan [7] v

2024 Ghosheh et al. [§] v

2024 Budu et al. [9] v

2024 Pezoulas et al. [10]
2024 Kim et al. [11]
2025 Ibrahim et al. [12]
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JEFIPHZ M 2R el B BTos (PEDLPRSE 1A ) .

3.2 RQ3: JIT- VAR B SOA R 5 15 AT R, 7 s e ik vl 538 7

TV UG RO, SO T IO, AR . B . AR v, i B
Ne WA IEA A (R), BTN, St mET M) mEsh (B, A%)
fabr (PEILPH % B ).

Shttps://dailymed.nlm.nih.gov
“https://mtsamples.com
https://www.reddit.com
"https://synthea.mitre.org
2https://openai.com/index/chatgpt

www.xueshuxiangzi.com



Generation

ethods Architecture Variant 1 Variant 2 Variant 3 I\I\/Iediclal Application

Todels

e word2vec (4]

BioWord2vec 1

LSTM e,

2d, 21,83, b6, [75]

Bi-LSTM [18,20,21]

s - GAID

81]

L.STM-Encoder/Decoder g,

=
O
o]
o]
)
i)
=Y0)
o)
(]
s
=
o
=
-
A
<

Clinical BLIP 72

[27,92; 9€, 9¢]

SModBERT 1B

SpaCy [22,23]

GloVe [91, 96]

Text Process

Encoder
N ,
Decoder

BioBART s

GPT GPT-2 (16,51, 43,56, 78, 05,110] m
LoD |- e — D

GPT-4 [2€,33,41, 66, 10€] m
distilGPT [53,07] e Mistral [105, 106

et | AMBADA p7) o Claude (3]

-

Galactica ss) ){(4(/_11()(1710711'011]

BioGPT [53,50,104]

CerebroGPT 3

Neural Network

Manual

[26, 29, 30, 34]

Figure 2: A4 jlidg AR




Evaluation Methods Distance-based Statistical NN-based Human

Semantic Diversity i fod Clustering (3,52
o S

Pattern Match 24,6d,51, 5441, fod) Odd ratio 3
Sentence Length (i1 Word Count (53, )

Authenticity

Contradiction

Aden( Tunng, Test (4,53

(g, d, 51

Structure

PPL (3,54, k.

653,649,739, P4, 3, L1d]

€z B4
(DN PDTP 54

589,03, [100-102, 104, 106]

70,74, 7679, B1-85,87%-00,05,09, 100,106,107, 110]

5

BM?2
2]

Semantic RFRTscm e

Word
Manipulate

Accuracy

Precision / PPV

Recall / NPV

De-identification
[ed, B2, 54, [Los]

Figure 3: P41k




4 Prg
R TS B I — SRR B R RN A R 2 B SCAR A R T T
ZiTiE .

STk IR, AR A BT SCACRERT SR E SR Tk . BN, R4S B sh A s A K B Bh#b
SN I PR B2 A N R I AL e - shIE S I R 2E 10 A AR R As B /Nt . B—J5 T, SESY
SCAA A BHE SRR RIBR IO AT AT ¥ 7, B ] DA S A PR C ) SCAR R 8 N TR H R RS SR I
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AW I VELRR R EE R IFE T SR S A e ez . Hih xR En2 “synthetic”
—IA 2 M, BIEAREE N hm R R A AR R & X, X A] R R B R & 5 AL K m)
WY . A, AT R P AR EI R R, fin “artificial” Fl “pseudo”. Jj—THI,
TERZ AN “generat” © SFEIME, FERCLUBEE PRCRA A RS N, Hik, A1
B TiREAR S Z R Ee4:, I “generate”. “generation”. “generative” fil “generator”. 7EFA]
HERT, TRERA AP IR TR . 55— LR EIE T84 | s b BT e
o AFFFHAEE T “synthetic” BPFESCA BHEfTASSIIFSY , HELRH XM BRYSE L.
PA, FRATITREIEARLEAE F Al 7 rb I G SCAS #E A 7 el 8l 5%

AR LR H LR EIE T T =25 — B IPAFe bR, Tovkid 244 bR A e R 2 [ B PR BE
— SRR AR T IRAL T 00— LB S AE SR 5 R SCAR AR RE . Ah, BT RRFAIRIRE, &k
Z N TERT BT D /R R RS I B AR AN T X — BRI . Ty — BRI s = 0 e 4
LITERULE 3K 5 X 2R 0 25 R U A AR L AN 2 o SRR FRATTAE #h 2E S B AR R
HEKXR, HHR ARG ARG E L0 K.

TEER2ESE Y, ARG A B SCASTE 7B B 19 1 /L IR S N A AR S ansR B4 . 9
Wi, HRERGEWZGY . L ENR. SERSFEFH R K TR E ORI E L, Tk
FLIEE, R 2GR A PR SORTRING ELORBR A, & BUAE B SCARTT R @ — ANl BRI i 7 2
XA FE SO B FA T, 38 RE ik e A G5 M AL B 4 32 BRI AR A A P i) . A SOt 77—
Py KT G R SO AR U AT A0 2R, HP iR e T AR BGE RE P EH  H iY. BORFTEAS . 3K
AR, B O AR AR R R R I AR A 2R . XSRSk ), - T4
FEARIA) SR HABERF R A O it 5 i) B A T 2L

5 il

AT AEd CHIST-ERA % 5 H CHIST-ERA-22-ORD-02, AN /5@ EZ 5 E 4 (FNR,
INTER/CHIST23/17882238 /FAIRClinical) %t g},
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Sigmoid. Softmax 5. FFXF5E PR HARFFII H 517 IR AT R . Ht, NN il ZRais:>)
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FER S o, WRERR BRI B B R SUE BOR AU 4 HiAR2s . B, 28— R SUARIERE
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b HE AN B . 5] LSTM #2053 A BE A ) (B ET ) AlfS 1)) 9 SRRy, 535 Seq2Seq
P N [R] B A b, Transformer W335 1 AT PARAHFATAR AL B P 51 B A 245300 3X
Zf T LSTM Fil RNN il 5 B2 i A1, A Transformer 241 7530 AL #REE ) » Transformer
A, RS ge AR RS , BRI MR i Sl oA, TR
FHRBCH N s (B, AT REEE) . R, AR LRI ERA . XL E S S
TE R IRER) B SRR I — MRic AL B S . Ik, SIS e, 2R — it E
W2, R AN . R A g —NEZM, S AEAN, PN gD (L
KB (k). gnfdas-fRioesidm HdT oML L4, Had R — ok s, DAL
XAEI R . PRt 2 i 4 R R (5 R 2 D 2%, fRAD AN B AE AT 0 — Ay R oML, DARLS
W gmiL a2 R L R, ARG R — AT &M 2, fa, R AL AS Bl Softmax Skt
TR FHHES (BRSO SCARBIE. U BIR SR ) o 52F5 |, transformer
RS ) BTE SRR A A B O = A T, FopA. @R (2RE B 1), X2
WA RRE =S8 XMATHX. w4, XMATHX w5 f1 XMATHX w6 Xt#y A&
XMATHX  x {70 RSN . SR, Aoif ) s A ) g 2 PRI T S BLE 5, #3852 Softmax
YRR —> Softmax, B J5ixX LeRE Rl E a] B A I B A A

KA ERE T CTRL & FPi T transformer fZEM, EAMNE T AIRAS . WA DA ET S5
FRESERIAE R, DARE S A B SCAS [126] S

SIS - RIS 2% transformer ZEMY A TA KK B EY R, Hp A K HTFWENZE, 6
W5 CNN 03 g iD 2e il g 48 VED [127]) , WSEiE S W4 VLP [128] , DA% & A5 1 2%
GTR [129] . HAAS R FScAE S H i, Bl SCRgn i e i 2% LED [130) , Wa A E =15
A E#F BART [131] K HA Y PE2E7R (& BioBART [132] , SCAZ| SCAR AR RS T5 [133] M HPEE
SEARRARE B SORFE gy LT3 [134] , PAREHFUE A PLM [135] . JuH@& VLP, HHFpA
LI, A BEX) s F B I ZE CLIP [136] Al H 2415 5 B I 45 BLIP [137] R H Peafpiad
Clinical BLIP [138] . iX AP ELFgERAT K15 Jn il Al SCA R 2% o

BERT @& —FEZMEH, T transformer (4 #5f0H# . BERT i EZEBo 4 T
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W%ﬁﬁﬁoﬁW%R%ﬁTUmMMMH%W¢%%@%E(EEHWW,#ﬁMTWﬁ%%E
%, CIHHEADAN A T . HEADAE 55 B AE TN TP B R AN, A T S A S — A~
m S HIGEA) T K. XTS5 BIELEAA2E ) 3l H I E SRR . BERT (1985 A2 (oM,
OB T NS R (B, SoARSrE . SURRNGE) . YR, BERT o] - Fumslig 438,
FERXFPE DL N BRI (TR ) REAR TR A 55 BEAT SR AR RE , tn] DA TR IR,
TEXFMEOL T, REFI SR S R A AR 75— A, 4 LSTM B¢ RNN. FEFFESE BT 1
DU, BERUCHTRE R Sk b, BERT C&7E KHSCA Fiif i ik, H T BookCorpus (8
{¢ii]) F Wikipedia (25 {27d]) S8k J6. #h4h, BERT FE[REEHNCE (30,000 Do i) FikfT
TG, FEERAGEE R 768, XA IR AR AR B R AR ], AT ATIRAEZZ A A ing BY
ed K54 BIER Al AR AL (WL B (1) . FEX—J7T, OOV [T ke & vk, Tl
U BRI R R R, S T X SBR A A A, BIHH IE T—Fh AR ZE MRS, DAREX
R U e 457 1S/ AR AL . 2R R IS - BN e A AR A 2 A A R e 1 R
05 VR RARAL . 37 5 1 FE AL Bt 2 Bk A 1S B4R R 2 A RS S, Gk 28 2 Rl T AR
FEZ [HIAETE B R SURE BRI R . XA 728408 BERT [140] .

F—J7 M, BERT g B& 245 o A [A] i Tl e 2015 21 7R3, 45 PubMedBERT [[141] 1
SMedBERT [142] .

A.2.5 HRANLGEBRE (GPT)

GPT J& % —Fh T Transformer fRFSEANHAAH, WHFRA H BIHEAL, GPT f5H T Trans-
former ZEM IS ARZHME (JLIE B (n)) , B T R4 HEdk. 221 T BERT, GPT & &
SRR Ay, BTN R E R THEME 5 @A, e ppa@iid, AP N — g, m
Wi e 1011 I 6 Y| 2225 o R = e sy A A B = S =4 P =35 B = b1 e 1 B W 0N e
WM L4 . GPT #£ BookCorpus (8 1Z1d]) _b#AT TN, HHA 1.1 4S5 X5 T4
#ifE GPT-2, GPT-3 fl GPT-4 58| T4 5 (434 15 12, 1750 12F0 1 TTALSH0) . KT
distilBERT, —ANH/N/EZERRAR) GPT 7F distilGPT [143] ik,

GPT TESCAHMES E AT TR, Hiigh T —FE TE S B AR LAMBADA
[144] . LAMBADA R4y GPT-2 Zeptyz, A 2m) 1 x Fdl A HH45 y. LAMBADA [
HiW 2 ERE AR y MRS T x. —BAERBWEGRATE, BTS2 —ots
Ko EAMESWRR MR ST g, Hh GPT MRk B R i & U A) T IRk
TArREmit i Bs y 4 EmiiR . iE 0, 54Fa JBIbR%E—8m # 0 3 i s iR 1) )
THpk . S—MichZES AL GPT (DP-GPT) ) GPT A2 RAE Gk A Brfifiid, HHAREE
1 f/ IMEA AR PR R AR AR AR AR o 33 ] DA S V5 I B ML sl M R S B, DAk e i e A1
(Hpg8E) mHERZER] (BN, B/ 12W0) RS E S, RO . (8RN EG R Im
Transformer f#ig#s (T-DMCA) J&—Fi S AR 4w 4540 il e B HA R 48 N A7Rg GPT, Al RA
GEFREE KB R . AEEESTA, GPT il A R B FiI 440 BioGPT. Galactica. GPT-Neox.
CerebroGPT E15PAMAIL. LAk, GPT ib#fEd) T4 By AR PRI L, #ild Meta Llama, Google
Bard, Mistral, Claude, Gemma A1 ChatGPT.,

— P IR T AR A BB 2 2 GAN (AR P4 ) o 3k P8 H H A S 222 g
TR AR A g (LB (). AR RUT MY, B A x IS /A4
B x WA RIS [150] o TR RN, B A x DASCHR AR B 28 A B AL x, IS
TR X B BB A R e R IE M B R . FEX T, GAN 28 T — R e 2 AT,
A A R AN T A B B T S U a2 i DA R A AR L R 2 AR T, RS 2 A
B FEXFIER T, A— MR T 50— NGB G, KA RSB wE
FIN AR 2 B SEHIR . 2, KSR AR WS oA s 2 A T B R 2 R B A
M. PR, FEAR IR 0 T D 2 P TR (R R (RPN 251 ~ 50% ). GAN 2 —Ff
MWEE, HAEim (Flan, RNN) B  (Flan, CNN) JZrRAHTF AR scH Bilgs .

GAN YEZZf# RNN I LSTM Hifiid i) 5 5 & 8l Brotek, (BTG —Lemi. po, A5
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B LE AR 0 R A AR T AR S B RIE . YR, BT AR s B A X s A T N Ok B
BEEME S, RN AT EEAR (RIAERSUAR) SGHI IR S, X2 A PRI
Mz [i] P A O T AR N O . XS A T 781 GAN BITER SeqGAN, 7 GAN 42
g A TERi2E>] RL A [151) . RL &—FhlR T B RCIRE 2 SMse=l, Hh— R
PR WA PR ECIRAS (B, e aiE) I miiEEE. R)a, e
XAME B ROTAE A S g 7 [152] o Bk —aE Rl e se, b6 72 AN
T S R BE LA Bl AT AR . WR RS S AR A AL, ARBELRE AT A 5 (L ] E (2)). N,
B2 B T AT I, FE R, RER o il aifE. RL &) 2T
FEIRAF IR, HAENLES NS EA WS, SR, 7E SeqGAN 5=, AN A TAE,
FINERAVERTAEIASE . T GAN HIERSA TR F AP, LT — 2 e, Fropsist
At WA T IR — INERR T RN, JUHDE M At Kl R, BT il el
SeqGAN, HI SegGAN, #5| A [153]

wilE, HT GAN fl VAE T4 BOF W SCA 72 55 Baiie TGPk, 38t T —FhReaX pifp 42
MEE G R E ¥, TR T XHUHEIE ML A 3hgaidgs ARAE [154] o XA S T4 VAE
2, Hrip s A . ditds. bt MREDARAIA I . AL, Seht AR Y ) R P e E RS
AAENAEAN—NHDNERZ , RZIF KX A
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B Kk C: P 4
B.1 HifLtE

— N B ISCSCAR Y ARAE — R R 5 JRUAG SCAR AU, DASEAE AL g 37 S5t h S B
Z IR RERERAC, DASI T RARY T AEATT R, REX SOk APl 22 (0 B T B s A R (D0 P Rl A T 4
T8 -

B.1.1 XUEPESBT (BLEU)

SCR R B WA BLEU. by, BLEU R TARMHLE R BScAR Ny (158) . B, T
VR LR B B, ARV R A A 5 A SO AR M T T A T A O . SRR
BLEU, F52HERgIE, TR T SCA G SR s DGl i i DA & RS A o e 2 2
ECATRA I A A R

#Matching(Ws, W,)
i )

SCRT D T BN PO AR 5 & FE4E 4L, BDFR M Negram. N-gram $00 J 948 b4, (140
unigram (HJBA/NA]) . bigram (BPiE%F). trigram (HJiA=). quadgram (BJiaIPY). WM REFRAs
IEF{E (Positive Predictive Value, PPV). F52 b, Kl BEAREAL T A SO MER I, N
R E I VEAL 232 100 % WHERYE, & BOCR T REL AR L. B, ®3 T — A5
JERBIERR, FROMTYERGHIE, DA BRI ME— B PERETE 00, R 51 250 -
P — ZCE(Candidates) anramEC Countclip(ngram) (2)
" ZC‘G(C’andidates) anfameé Count(ngfam)

R, XFF—ASCARRPS, B4 n-gram RGO FHAARATTEIUAFSAGH L, AR50 R

Precision =

N
Geometric Average Precision (N) = exp (Z wp, log pn> (3)
n=1
\HE, Nyl ki 4, SNV ATRERY n-gram (B unigram. bigram. trigram. quadgram), I w , &
ST /N Mg—iE . 153 BLEU ZHi—2 @A BEA OCAR LG SCAR B RS, DARERfAli 141
k. AT A IR A
1, ifc>r

Brevity Penalty = 1—c . (4)
er, ife<r

, Ho e FAR A ROCRIRE, v I IR SCAR K . BHE, BLEU ] DAE LA F- 35945
Fe LATRIPAEAETIARATI, AR 230

BLEU = BP « N (5)

BLEU £ HiffF57 H T H & B EE 24 S0A 5 SRR SCA 2 [ RO AHUME: [42-46,57,58,62,70,83,95] « #&
i, BLEU fEfEZRhGRIE, B ZmARER =, Hor F SO T e g AL # . (1, medical #
clinical) . X [ HF Rl AREAAETIRIEAS L (B4, clinical # clinicals) [156] .

HF%-BLEU 2% —FfEE R, B R TELG BLEU Tt & BcAR 2 e, W RRYE 5 H /)
TR S PG A B A ) [157) « B F%-BLEU 844N E iA) 71 BLEU, S5
A ORI E . HIR-BLEU (H#G, AU ZREME AR AEPPAL & B 24 SO
BN, ZEECH Guan SFAA [18,20] .
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R4 BLEU (% JEHRE B, 55— 0] OISR R AR I B 7 /2 Recall B Sensitivity, 75 B #xHh
Negative Predictive Value NPV ., H XN FIRIE W o FIEE W o SCAZ [8] VUL Y B ] 450
8 A BG SCAS i B 8 B, R AR s HIE, SR T —FEing BLEU BRAS, #iFRN
GLEU., GLEU {# B HCAE 5l SCAS NG SCAS 2[RIV H RS i BE AL R B/ )ME . GLEU FE i
BHEG ] LIRS BLEU #[H, (HAEA) T LRI F . GLEU &4 Kasthurirathne 28 A7)
G RTEH -

ROUGE 25—/ AT & oA 3555. ROUGE )12 FH T IEAHLE BRI 1 3h A
% [159] . 25l F BLEU, ROUGE {#i [ £~ n-gram B, Ho ROUGE-1 R 3T unigram,
ROUGE-2 3T bigram, PABLZEHE. 14, ROUGE 0] DAY REPEM Y DAL FE A 7] 360 Fl-score
. JEHE NG RGBSR 2 AR, RN R s IR A R E AR R, 25
B i i ROUGE [32,[70,83,90,95] . 7 —FhE#EMH ROUGE i<, Fx& ROUGE-L, i@itfk
AT LCS K REVCEL /AT LCS F8A0 2 BN EEREAS R IR BT, BbR SO 5 & RUCAR 2 [0)
KL VTR ) B3] . ROUGE-L 224 Amin-Nejad %5 A [95] fil Ive 48 N [44] & Wi BE 24 S04
A .

B.1.2 RA7 W AHFR@E G iibs (METEOR)

METEOR & H T3l & AR 75— a5, 5 BLEU I ROUGE 26, METEOR fEPFA4HL
R A Sl SO A SO TSR Tz . B A R DR ORI AR SO AL G SO
ZIBIPRE EEAN A ml R . R0, METEOR RTEFIFIRIA AR, Horb A [ 5R FORS BEAOA R B, 4
PATF AR [L60] « fEA B SIS R T, 2 M E 4 M 7 METEOR [62,70] .

B.1.3 4% %E (TER)

TER j2 MR R, ARG R OCAFEON A SR BT i i D3RR BT AR T
TFAFRH R — > B S il o5 — > B3] BT i i) A A Rl) [161) sl s 9] (R RE
— TR — R TP B A A AR [162) o AEESERIAZONRE LY, TER firiny
2 BRI G ERAL W eaits -5 RAASCAH BRI RCRE W o ZEIRYEER, A0 5 AR

Wedits
Avg(W,) ©

TER #5#ri Ive 45N [44] BIBFGCHEE, AATPPALE T & OB SCA S R IGSUARZ B 2= 5. It
gb, Wu £ A [83] i TER SRIFAL & BSCAA: BUH USRS BRI Pt 28 I aOR , 5 N DA iy A
ST UL

F—J5 M, A SRR bR T TR A B ] ) [ A . FERX AR AL R PRAL v, FEZ
() AP AEMLI P 2 30 7 B ] B B A Ay ) R S o 3K 2 ) R R I AR R USRI L, B
H R IRR AT o SR AT I T W 0 B AR R A XA, Hh Pz
) A BE R AR SR AL T AT Z IR . RPN T & A M B, RX{E R RAEE I 21t
=
Melamud Fi Shivade {1 Fl 4252 7158 BB 2% SUARFI LS SCAR Z R AHUME . [, Jaccard
BH—METHENERE, KERNE A M B ZEAFEE, e 012 8 iR S h 5
FFER PRI LBk S, s A5 RR -

Al Aziz % N Jaccard SRAlivh A S SUAF G SCA 2 [ AR B .

TER =

B.1.4 JETILRMEIG LS (CIDEr)

CIDEr Je i B H P~ WA AN ) 2 [ n-gram RS2 M BERAG EI~H) 7 C 71 R Z[H]
HBMER 75— B AR e [163] o Sy 7R &, CIDEr A AM-8 SCRiR (TF-1DF), H /g
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JRSCAR AR AN 6 R4 IR HAR UG SCAR IR AL 7 ¢ (94 T80 N BRAAT TR0 N XL
Ko, HAMAT 23 [164] Fras: [, CIDEr £75 [&F Rz ARUE I PA TS 22 00R -

B g"(C) x g"(R)
CIDEr(C.R) =3 1@ (] ™)

g " (C) ME—R Pl n-gram PR ALY TE-IDF [, i g " (R) A5 4] n-gram 7ty
JCE TE-IDF [, Jing % A [70] A1 Lee [55] /] CIDEr et & mlBRs 304 R g SR Z
AIRARLPE . 21T TFIDF, #RfEPEAC BM25 B ml S48 13 X B ASAGAR SR A L AL
PEHESS [L65] o A LEWFITIRIT T IRAR T A BUBE 2 SO Z T A Tl PR AR PR R A 1 (U2, 45] o BEJSAG:
BT PTRRRAIE /1 2 R E

B.1.5 Tl U

i iR FE AR ER 2 B TR AR A — ﬁb%aﬁ%ﬁ%T B AU, et BERTscore [166] .
SemScore [167] fil F1cXb [168] , X482 (f fl BERT Ze#4i@id & 111n9 BERT FRic i AR 42 5%HH
E'\%DEEW%FW/I\/@?PFEMEEE‘JTE*T Fi— A bR A E R FHITAY SPICE [169] , B2
HTXg (Blangi) . J@bk (REAE) fiez (B3 in) s ocak it 8w a 12\
VB SAHIE  5— AN B 2R Fahr e PR S AH U (MEDCON) , H H A i ik 1 500 b Age e
MRS AN 722 [l AL (63] .

B.1.6 A T.iFfh

— SRR 2RI T H TR NI, R 24T E rid R R seA . R,
1L Cohen’ s Kappa THHEESIREE —FPE TAA, HATPLE A A THE [170] -

Po_Pe
8
P, (8)

, HoP P bR EE Z BN — B, TP o 2 R EA—EUEAMES . Brekke 4 A
5T [B0] Al Rama &8 NAYRIEFE [29] B AT AJEPPAG K WAl G il PR SCAS-5 IR SCAS A ATMLAE
TEARIFAE T, WG AT PER2E ERE 20 — R TR A AR R AR E R A (18]

ERAIAAPESY ,  BE A A I SCAR SR 17 B 1 G Eh TR 0 sl G W 2 SR A o B R 5 IR
SEOCRIY LA A M TR B AT AT R B H i SO, et Z Rl p 3t 52, X B 2ot F‘ﬁfiﬂ
TERTTe Wl R fRIEATIA R Lee S NRIOFTTliZ:, HpEERA A ) & A 2
F7AE PIL o PHI. SR77, 35X B AURR RAT R AAEAEA 2 P 1R Tt 2 i B ORI =T iR ‘:"J/\}\
4 S o

Kappa =

ﬁﬁ%zﬁﬁé/“}ﬂi/\fuﬂﬁ HFEIGiE R 2 B ePE. Zhou 2 A af# il BLEU (LA
KB ) Rz (WA 7?7 ), Horm MR R AR AR . HAMFFE, W Kasthurirathne 45 A,
i TR R, E%QW%M? TER (WA B ) WEE, BT iHHES a1y —4
AT AR ERAEE, AT
SCHER 22 T A AR B RA VAR i E%meT*/l\ﬁ%‘éiﬂﬁ, PAR MR I B B
AR T B R MT/JWjHT” R

B.1.7 FRUEREAREERSS ( G?)

XARGET AR AT A T e R L @ R )| T A SO & (LT o R T [z_fblfﬁﬂéﬁﬁg/\
ARIEAE IR SO B O PAFEM G B8 . — DR SRR G BARBs, &
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WHEZAER A TR ES. Bit, G2 WE/MERMARBHASEE. & E1f E2 450185
BRSO G SO TR . P — R ¢ A0 B a] DAL DA A 505

a+b
k

FEl =
¢ c+d 9)
a+b
E2 = 1
d*c—i—d (10)

Hora R D 2SR ¢ R BEAR TERLZE ML BE L A Y B T ¢ R a3 S BT TR A
FE BOERNE i R E. B, G2 afpUEE A A5

G2=2+ (aln (%) +bln (Ebz» (11)

FIE RS, A BB VAT A AR A K/
2

c+d

Effect Size = « Inmin(E1, E2) (12)

G2 Tt Al Aziz SR TIBFCE, T P0G G A SR I B FA M o

B.1.8  HuxtE iR (NLL)

FONESR (NLL) R RFAR 7 — M ahr. X APRREINH Yu S8 A5, ORIPAS AT S04
) SeqGAN Jrike HH i i i T B TER) 571 B SRR BOR AT AR AR AR “IR” RERE.
My, #320A9 NLL EBR. Pk, &R AT PP A BB AR A L SR o i ] 51 5
HRIREST, AR5 T REf R :

T

NLLiest = =Bvipq., | Y109 (Golys | Yie-1)) (13)
t=1

, HP G real RESEIREBIF 20, G o 2AMAAL. NLL 9% Guan S8 NFIBFFEHT A -

B.1.9 WX)¥ (PPL)

PPL 25— R RARE, BAENAEITAE SR DL i SR 45— By 51
MELSCRARAE . — DTS A R A X S B ] B, S8y B m AR . X R X LR
TR DU BGERY . RI, FEENNERAIS N, MERSTTR TR, Hit, IR —K
NIERM A FEAR I, T 24U [L72] R b A A e rh i B B 4

N 1
PPL(W) = \/P(thzj ) (14)

Horp N2 A i) s g . AR R RO 2 — N BIAL., PPL 22 Wit ss 1 T34l
AR (44,6, 95 B FAYE

R4 PPL fl NLL U FRTFIREE2:S) 404y, {H DTP 22— Ebrde, FHFH AT (4 izl
Jei R A BB A R BUBE . A — T M, B ATREFIIN E AR Y Al— I
T, &t NET T WP EMICE. HTHRP ¢ R, AULEMEH M ¢ YIZmBRER—
ML ¢ YGMBEDRKGE ¢ ISR . HEERRIME, t ISEEERY, AR
Horp M(T) 2 ¢ YIZRrgReay, m M (T \ {t}) @AEH ¢ ZpBial. mP(y | t) 2R t
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IOSEAY AR BIRAE%E . Melamud F1 Shivade $ T —ANFRCH TS 2 5 22 BIYIZRFALRY S-PDTP,
DA i S A A S O . FEIXTT T, A t BRSNS B B P81, HEnT DA
WIEAT AXIE: 75— RN R BUR R A SO T gefifiid, HOETETTE psilon e, #5778
AWM SR RRFAIIR o 1) 250 SE BRI o 22 e R S BOE AR IRAL IR 2R, X R S Y IR AL R
o B U Sl N TR EIEA TP, FERXAR PR, AR R &
BRI7 SO N B ia- " A7 R ZEE” W2, SR Cohen’s Kappa 7148 TAA. Libbi % A
AIFFEE ] T IR PG T IR & OO R AL, TR R T 2 A8 k. B, B A
WO RE L LS B4y, (HENMZNEERA—E, g iErday (g, AEA86H
M2 T) o X ATRESRME T —F B AR B RLORAPRR IR . ARTAT, & SCAS AT IR A 1 T -5 LS 2 A 1
KFFA. RX S5 TR AR, TR HRAL . B, &S PR 7 21 ks i
S LT B A2 A A

B.2 &k

— SRS AR KPP A R BRSO — 8. Lee [B5] 1 TAFF L, XE—MGEITIE, BT
R UGB BSOS TR AT Bl AR AR

Dyi \ R
Dy \ S

, HH D i HED w252 w IR, T R S Zp R S GRS R R TR A
W AEXMIGILT , AEF R T —2ORE, PR2sGd & 259, HHARGEHARRRIE Qn4r i sl i 7%
ENHESF ARG BSCA 04 o GRS AR A& BSCAGE Z [RA 2 NI AR . Bl
wn, MARIEAR pregnancy FEJFIGSCA R S 2RI T 134 %, S AR LBINE. TE
HROCAY, XM S R T 44 %, MSBHE—EHINE.

RIS T — R TG L AR TE (23,58 -

Fy 7, UL EE % [T T PRl SO O A5 ke, b fiy B IR SonT DA T DL i AR 45
X PR RO B AT B A A TR [B1,88] -

Odd ratio(w) =

(15)

B.2.1 %Pk

AdvSuc g2 M EFE 20N, JEFEIRITERR MK, Hd A s SCASRN 5 1h SUARTE B MR
PR TGS, SR, R IEH A GAN Z20 POk R B B e ok it T, —BAE
BCAS R AL B A BOSCAS B I SCASN R SCASRE— e 3 A28 R E Tt B3 R 2ok
DA BLSE SCAR R BOCCAS . BB R B0 2 AR 5 50 % BIMERS, X EWRE EFEEEMA N
Bl &= A TRVE , MMt & A m i . R GAN BEAE T A il B2 SUA AR U aiEE
e P % E T AdvSuc [18,20,57,58] .

TR R, SCERR A TR IR, Hrh b T T AR S e ARTEE R, A ERE
AT TV . NLI @ —ANE3ME5, TG E RSO 7 G %AES RPN, e
AW 2] T2 7 R . AR iR 2 oy [B6) .

B.2.2 J: TR BLEU (BLEURT)

T VY, SCEC AR T BLEURT [174] o X gt T BERT 284y, SR
A (RIGRCRURLG) VB R ARIEATIEEAE S (BRF—A~20%0) . PAFE R ) 2 B i
LR R R E R (63,107 « (EEHEMNZE, PPL Wi TP & MOUARRgEH), — 278 i H
BORVEAG A BB A S TR PE [69,00] o 5, TAA FI ERE (9 A EiPAh g S 3P0k A= s &
AR 25 o

TERXA VPG, KRG AR ) & R SCAR I o X v] DA R NLP AR5k @R . #Eds
TRINES, FHEREX AT 5% .
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B.2.3 AR

R MRATHIESS, B4R RN HUE IRt . FEEr T, 2] DX
— RS A R4 2¢ COVID HilEry LA,

B.2.4 FRiHR

BALSS BRI E BN (42,52, 57, D1 KA LSRR B H 20 o028

B.2.5 #M45pR
SALSF BAERFHIEF LR O — B TUE CHAER [27,84,89,44,95] -

B.2.6 &
255 B TR SR AT R P O RE T /bR (flan, s, hEEs s E) [65,99,101,108]

B.2.7 i ABcHi
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Table 2: Summary of selected articles

Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[E] 2015 Assistive Writing Knowledge Template-based Publicly Avail- English Human Assessment Structure Text Summarisa- Discharge Sum-
Source, Text able tion maries
Processing
[@] 2018 Assistive Writing Neural Network ARAE Publicly Avail- English PPL Structure, Test Report  Genera- Radiology
able (IU X-RAY) on Utility tion
[@] 2018 Privacy- Neural Network SeqGAN (LSTM as gener- Private Chinese BLEU, NLL, AdvSuc, Hu- Similarity, Struc- Disease Classifi- Discharge  Sum-
preserving ator, CNN and Bi-LSTM EHR/EMR man Assessment (ERE) ture, Test on Util- cation maries
as discriminator), RL ity
[E] 2018 Assistive Writing Neural Network Seq2Seq (CNN Encoder Publicly Avail- English BLEU, ROUGE, CIDEr, Similarity, Test Report  Genera- Radiology
and LSTM Decoder) able (IU X-RAY) METEOR on Utility tion
[E] 2018 Assistive Writing Neural Network Transformers (TDMCA) Publicly Avail- English PPL, ROUGE, Human As- Similarity, Struc- Report  Genera- Discharge Sum-
able (MIMIC-III) sessment ture, Test on Util- tion maries
ity
[@] 2018 Corpus Building Text Process- UML, Template-based Publicly Avail- English BLEU, METEOR Similarity - Discharge Sum-
ing, Knowledge able (MIMIC-III) maries
Source
[Q] 2018 Corpus Building Text Processing Template-based Online source German Human Assessment Structure - Clinical Practice
Guidelines
[E] 2018 Privacy- Neural Network Seq2Seq (LSTM Encoder Private English BLEU, ROUGE, Odd- Similarity, Struc- Diagnose Predic- Discharge Sum-
preserving, Aug- and LSTM Decoder) EHR/EMR ratio, CIDEr, Human As- ture, Privacy, tion maries
mentation sessment (Check Sensitive Test on Utility
Information), Classifica-
tion Accuracy
[E] 2018 Corpus Building, Manual - Private Norwagian Human Assessment (IAA), Structure,  Test Named Entity History of
Annotation EHR/EMR Pattern Match, Classifica- on Utility Recognition, Re- Present Illness
tion Accuracy lation Extraction (HPI)
[@] 2019 Usefulness Neural Network Transformers (CTRL), Publicly Avail- English BLEU, ROUGE Similarity, Test Phenotype Clas- Discharge Sum-
RAKE able (MIMIC-III) on Utility sification, Rela- maries
tion Extraction
[@] 2019 Privacy- Neural Network LSTM Publicly Avail- English PPL, PDTP, Human As- Similarity, Struc- - Discharge  Sum-
preserving able (MIMIC-III) sessment, NLI ture, Privacy maries
[@] 2019 Usefulness, Neural Network SeqGAN Private English BLEU, Hamming Distance Similarity, Pri- Disease Classifi- Patient Labora-
Privacy- EHR/EMR vacy, Test on cation tory Test
preserving Utility
[E] 2019 Augmentation Knowledge Gazetteers Publicly Avail- English Classification Accuracy Test on Utility Adverse Drug Re- Drug and Medica-
Source able action/Event Ex- tion
traction
[@] 2019 Assistive Writing Neural Network Seq2Seq (RNN Encoder Publicly Avail- English BLEU, Human Assessment Similarly, Struc- Report  Genera- Discharge Sum-
and RNN Decoder) able (MIMIC-III) ture tion maries
[E] 2019 Assistive Writing Neural Network GPT-2 Private Chinese Human Assessment Similarity Report  Genera- Discharge Sum-
EHR/EMR tion maries
[E] 2019 Assistive Writing Neural Network GTR, CNN (DenseNet) Publicly Avail- English BLEU, ROUGE, CIDEr, Similarity, Struc- Disease Classifi- Radiology
able (IU X-RAY) Human Assessment, Clas- cation

sification Accuracy

ture, Test on Util-
ity
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Table 2: Summary of selected articles (Continued)

Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[@] 2020 Usefulness Neural Network Transformers (Encoder- Publicly Avail- English Classification Accuracy Test on Utility Phenotype Clas- Discharge Sum-
Decoder), GPT-2 (De- able (MIMIC-III) sification, Read- maries
coder) mission  Predic-
tion
[E] 2020 Corpus Building Knowledge UML, SpaCy Online source German Human Assessment (IAA), Structure - Clinical Practice
Source, Text Pattern Match Guidelines
Processing
[E] 2020 Assistive Writing, Neural Network Seq2Seq (GRU Encoder Publicly Avail- Japanese, BLEU, ROUGE, Human Similarity, Struc- Report Genera- Radiology
Augmentation and GRU Decoder), RL, able (MIMIC- English Assessment ture, Test on Util- tion
BERT CXR) ity
[Q] 2020 Corpus Building Manual - Private Bulgarian  Classification Accuracy Test on Utility Phenotype Clas- Discharge Sum-
EHR/EMR sification maries
[EI] 2020 Augmentation Knowledge WordNet, GloVe, Publicly Avail- English Classification Accuracy Test on Utility Disease Classifi- Discharge Sum-
Source, Neural word2vec, BioWord2Vec able cation maries
Network
[E] 2020 Augmentation Neural Network Transformers, GPT-2 Publicly Avail- English PPL, BLEU, ROUGE Similarity, Test Readmission Discharge Sum-
able (MIMIC-III) on Utility Prediction, Phe- maries
notype Classifica-
tion
[@] 2020 Privacy- Neural Network Transformers (CTRL) Private English BLEU, PPL, TER, Human Similarity, Struc- Phenotype Clas- Discharge Sum-
preserving, Use- EHR/EMR Assessment (IAA), Classi- ture, Privacy, sification maries
fulness fication Accuracy Test on Utility
[@] 2021 Augmentation Text Process- UML, EDA Publicly Avail- English Classification Accuracy Test on Utility Named Entity Population, In-
ing, Knowledge able Recognition tervention, Com-
Source parison, and
Outcome (PICO)
[EI] 2021 Assistive Writing Neural Network Seq2Seq (DenseNet CNN Publicly Avail- English BLEU, ROUGE, CIDEr, Similarity, Test Report  Genera- Radiology
Encoder and LSTM De- able (IU X-RAY, METEOR, Hamming Dis- on Utility tion
coder) MIMIC-CXR) tance
[@] 2021 Privacy- Manual crowdsourcing human-in- Private Japanese Human Assessment Similarity, Struc- - Patient Labora-
preserving, Cor- the-loop EHR/EMR ture, Privacy tory Test
pus Building
[@] 2021 Augmentation, Neural Network GPT-3 Manual Collec- English ROUGE, Negation Cor- Similarity, Struc- Text Summarisa- Medical Conver-
Usefulness tion and Curation rectness, Human Assess- ture, Test on Util- tion sations
ment ity
[E] 2021 Privacy- Neural Network SeqGAN (LSTM as gener- Private Chinese BLEU, AdvSuc, NLL, Hu- Similarity, Struc- Disease Classifi- Discharge Sum-
preserving ator, CNN and Bi-LSTM EHR/EMR man Assessment (ERE) ture, Test on Util- cation maries
as discriminator), RL ity
[@] 2021 Usefulness Neural Network Transformers (CTRL), Publicly Avail- English BLEU Similarity, Struc- Named Entity History of
GPT-2, CharRNN, Seq- able ture, Test on Util- Recognition Present Illness
GAN ity (HPI)
[@] 2021 Augmentation Knowledge GloVe, WordNet, UMLs Publicly Avail- English Classification Accuracy Test on Utility Disease Classifi- Discharge  Sum-
Source able cation maries
[@] 2021 Augmentation Manual - Private Norwegian Classification Accuracy Test on Utility Named Entity History of
EHR/EMR Recognition, Re- Present Illness
lation Extraction (HPI)
[@] 2021 Annotation, Pri- Neural Network LSTM, GPT-2 Private Dutch ROUGE, BM25, Human Similarity, Struc- De-Identification Discharge Sum-
vacy EHR/EMR Assessment (IAA), Pat- ture, Test on Util- maries
tern Match ity
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Table 2: Summary of selected articles (Continued)

Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[@] 2021 Usefulness, Neural Network SeqGAN Private English BLEU, GLEU, Hamming Similarity, Pri- Disease Classifi- Patient Labora-
Privacy- EHR/EMR Distance vacy, Test on cation tory Test
preserving Utility
[E] 2021 Augmentation Neural Network distil-GPT-2, LAMBADA Publicly Avail- English Classification Accuracy Test on Utility Readmission Pre- Discharge Sum-
able (MIMIC-III) diction maries
[@] 2021 Augmentation Text Process- UML, EDA Publicly Avail- English Classification Accuracy Test on Utility Named Entity Biological Con-
ing, Knowledge able Recognition cepts and Rela-
Source tions
[a] 2021 Privacy- Neural Network DP-GPT Publicly Avail- English NLL, BLEU, Jaccard, Ad- Similarity, Struc- Disease Classifi- Discharge  Sum-
preserving able (MIMIC-III) vSuc, DTP ture, Privacy, cation maries
Test on Utility
2021 Augmentation Neural Network Transformers Online source English Pattern Match, Classifica- Structure, Test Diagnose Predic- History of
[@] tion Accuracy on Utility tion, Named En- Present Illness
tity Recognition (HPI)
[E] 2022 Augmentation Knowledge Gazetteers Online source Indonesian Classification Accuracy Test on Utility Text  Classifica- COVID News
Source tion
[@] 2022 Annotation, Cor- Neural Network GPT-neox Prompting German Pattern Match, Classifica- Test on Utility Named Entity Drug and Medica-
pus Building tion Accuracy Recognition tion
2022 Augmentation Neural Network SeqGAN Publicly Avail- English NLL, BLEU, Classification Structure, Simi- Phenotype Clas- Doctor-Patient
[@] able Accuracy larity, Test on sification Conversations
Utility
[EI] 2022 Assistive Writing Neural Network Bi-LSTM Publicly Avail- Chinese Classification Accuracy Similarity Question Answer- Medical Consul-
able ing tation
[E] 2022 Assistive Writing Neural Network Transformers (Encoder- Publicly Avail- Chinese BLEU, Human Assessment Similarity, Struc- Question Answer- Medical Conver-
Decoder), SMedBERT able ture, Test on Util- ing sations
ity
[@] 2022 Augmentation, Neural Network Transformers (T5) Publicly Avail- English ROUGE, BLEU, TER, Hu- Similarity, Struc- Report  Genera- Patient Labora-
Assistive Writing able man Assessment ture, Test on Util- tion tory Test
ity
[E] 2022 Assistive Writing Neural Network VLP (CNN ResNet, Publicly Avail- English BLEU, Classification Ac- Similarity, Test Disease Clas- Radiology
BERT) able (MIMIC- curacy on Utility sification, Re-
CXR) port Generation,
Question Answer-
ing
[@] 2022 Corpus Building Neural Network GPT-2 Publicly Avail- English Human Assessment Structure nan Discharge Sum-
able (MIMIC-III) maries (Cardio-
vascular)
[E] 2022 Corpus Building Knowledge UML, SpaCy Online source German Clustering Structure nan Clinical Practice
Source, Text Guidelines
Processing
[E] 2022 Augmentation Text Processing EDA Manual  Collec- Japanese Classification Accuracy Test on Utility Phenotype Clas- Doctor-Patient
tion and Curation sification Conversations
[Q] 2022 Augmentation Neural Network word2vec, Cosine Similar- Private English Classification Accuracy Test on Utility Adverse Drug Re- Drug and Medica-
ity EHR/EMR action/Event Ex- tion
traction
[E] 2022 Privacy- Knowledge UML, RAKE Publicly Avail- English Clustering, BLEU, Similarity, Struc- nan Discharge Sum-
preserving Source, Text able (MIMIC-III) TFIDF, Human Assess- ture, Privacy maries
Processing ment (Turing Test)
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Table 2: Summary of selected articles (Continued)

Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[@] 2022 Corpus Building Neural Network Transformers (T5 and Manual  Collec- English BLEU, ROUGE-L, CIDEr, Similarity, Struc- - History of
BART) tion and Curation METEOR, PPL, SPICE, ture Present Illness
BERTscore, Human As- (HPI)
sessment
2023 Augmentation Neural Network Transformers (T5, LT3) Publicly Avail- English BLEU, ROUGE, Jaccard, Similarity Named Entity Drug and Medica-
[Lod] able (MIMIC-III) BERTscore Recognition tion
[E] 2023 Corpus Building Knowledge UML, BioBART, LED Manual Collec- English ROUGE, BERTscore, Similarity - Doctor-Patient
Source, Neural tion and Curation BLEURT, MedCon Conversations
Network
2023 Augmentation Neural Network Transformers, CNN- Publicly Avail- English BLEU, Classification Ac- Test on Utility Diagnose Predic- Radiology
[@] ResNet able curacy tion
[E] 2023 Assistive Writing Neural Network, BART, distilBERT, Publicly Avail- English ROUGE Similarity Question Answer- Doctor-Patient
Text Processing Template-based able ing, Text Summa- Conversations
rization
[E] 2023 Assistive Writing Neural Network GPT-2 Publicly Avail- English BLEU, ROUGE Similarity Question Answer- Drug and Medica-
able ing tion
2023 Augmentation Neural Network GPT-2 Publicly Avail- English ROUGE-L, PPL Similarity, Struc- Named Entity Biological Con-
[] able ture Recognition cepts and Rela-
tions
[E] 2023 Assistive Writing Neural Network Seq2Seq (RNN Encoder Online source English ROUGE, ROUGE-L, Co- Similarity Text Summarisa- Drug and Medica-
and RNN Decoder) Point sine, Jaccard, TFIDF tion tion
Generator Network
[Q] 2023 Corpus Building, Neural Network BART Private English ROUGE, BLEURT, Similarity, Struc- Text Summarisa- Doctor-Patient
Augmentation EHR/EMR BERTScore, Human As- ture tion Conversations
sessment
[@] 2023 Augmentation, Neural Network ChatGPT Prompting English Classification Accuracy, Similarity, Struc- Named Entity Biological Con-
Annotation, Use- Human Assessment, Pat- ture, Test on Util- Recognition, Re- cepts and Rela-
fulness tern Match ity lation Extraction tions
2023 Augmentation Neural Net- ChatGPT-3.5-turbo, UML Publicly Avail- English ROUGE, BERTscore, Similarity, Test Text Summarisa- Medical Conver-
(o) work, Knowledge able (MIMIC-ITI) BLEURT on Utility tion sations
Source
[E] 2023 Usefulness Neural Network GPT-2 Publicly Avail- French BLEU, Pattern Match, Similarity, Struc- Named Entity Biological Con-
able Human Assessment ture, Test on Util- Recognition cepts and Rela-
ity tions
[Q] 2023 Usefulness Neural Network GPT-3 Private English Human Assessment (Tur- Structure, Test De-Identification, History of
EHR/EMR ing Test), Classification on Utility Relation Extrac- Present Illness
Accuracy tion, Question (HPI)
Answering
2023 Augmentation Neural Network GPT (ChatGPT, Bard) Publicly Avail- English BERTScore, Classification Similarity, Test Phenotype Clas- Doctor-Patient
[@] able Accuracy on Utility sification Conversations
(Mental Health)
[@] 2023 Augmentation, Neural Network GPT-4 Manual  Collec- English Human Assessment (Pat- Structure, Test Phenotype Clas- History of
Annotation tion and Cu- tern Match), Classification on Utility sification Present Illness
ration, Pub- Accuracy (HPI)
lic Available.
(MIMIC-III)
[@] 2023 Augmentation, Neural Network ChatGPT, PubMedBERT Prompting English Classification Accuracy Test on Utility Relation Extrac- Clinical Tran-
Privacy- tion, Named En- scripts
preserving tity Recognition,

Question Answer-
ing
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Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[a] 2024 Assistive Writing Neural Network ChatGPT Prompting English Human Assessment Structure, Test Question Answer- Medical Consul-
on Utility ing tation
[E] 2024 Assistive Writing Neural Network Clinical BLIP Publicly Avail- English ROUGE, METEOR Simlarity Report  Genera- X-Ray
able (IU X-RAY, tion
MIMIC-CXR)
[@] 2024 Augmentation Neural Network, ChatGPT, BART, T5, Publicly Avail- English ROUGE, CIDEr, ME- Similarity Diagnose Pre- Population, In-
Text Processing EDA able TEOR, BERTscore diction, Disease tervention, Com-
Classification parison, and
Outcome (PICO)
[@] 2024 Usefulness Neural Network ChatGPT Prompting English Human Assessment Structure Com- Report  Genera- Discharge Sum-
parison (Human tion maries
vs. Synthetic
text)
[@] 2023 Assistive Writing Neural Network GPT Online source Chinese PPL Structure, Test Question Answer- Doctor-Patient
on Utility ing Conversations
[E] 2024 Assistive Writing Neural Network VAE, GAN (LSTM Gener- Publicly Avail- English BLEU, PPL, WER, Hu- Structure, Simi- - Clinical Tran-
ator, CNN Discriminator) able (MIMIC-III) man Assessment larity scripts
[E] 2024 Assistive Writing Neural Network BART Publicly Avail- English ROUGE-L, BERTscore Similarity Report  Genera- Patient Labora-
able tion tory Test
2024 Augmentation Neural Network BioGPT Publicly Avail- English BLEU, Classification Ac- Similarity,  Test Relation Extrac- Biological Con-
[@] able curacy on Utility tion cepts and Rela-
tions
[@] 2024 Assistive Writ- Neural Network DP-GPT, BioGPT Private English Human Assessment, Similarity, Struc- Report  Genera- Endoscopy Re-
ing, Privacy- EHR/EMR ROUGE-L, Privacy Bud- ture, Privacy tion ports
preserving get
2024 Augmentation Neural Network Mistral, Llama, Gemma Publicly Avail- English Jaccard, BERTscore, Hu- Similarity, Struc- De-Identification Discharge  Sum-
[@] able man Assessment ture maries
[E] 2024 Assistive Writing Neural Network Transformers Publicly Avail- English ROUGE, BLEU, ME- Similarity, Struc- Report Genera- Radiology
able (MIMIC- TEOR, Human Assess- ture tion
CXR) ment
[@] 2024 Assistive Writing Neural Network Transformers (CLIP) Publicly Avail- English BLEU, ROUGE, ME- Similarity, Test Report Gener- Radiology
able TEOR, BERTScore on Utility ation, Question
Answering
[EI] 2024 Privacy- Neural Net- GPT (Mistral), RL, UML Publicly Avail- English SemScore Similarity, Pri- - Discharge Sum-
preserving work, Knowledge able (MIMIC-III) vacy maries
Source
[@] 2024 Assistive Writing Neural Network Transformers (PLM), GPT Publicly Avail- English BLEU, ROUGE, ROUGE- Similarity Question Answer- Biological = Con-
(Galactica) able L, METEOR ing cepts and Rela-
tions
[@] 2024 Usefulness Neural Network Transformers (T5) Online source English Classification Accuracy, Structure, Test Named Entity Population, In-
Human Assessment on Utility Recognition tervention, Com-
parison, and
Outcome (PICO)
[@] 2024 Assistive Writing Neural Network LDM (VAE, CNN ResNet) Publicly Avail- English BLEU, ROUGE-L Similarity, Test Report  Genera- X-Ray, MRI, CT-
able (IU X-RAY, on Utility tion scan
MIMIC-CXR)
[EI] 2024 Usefulness Neural Network ChatGPT-3.5-turbo Prompting English Human Assessment Structure - History of
Present Illness
(HPI)
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Article Year Purpose Generation Approach / Architecture Data Source Language Evaluation Method Evaluation Utility Clinical Source
Method Paradigm
[E] 2024 Annotation, Cor- Neural Network GPT-4 Private Norwegian Human Assessment, Clas- Similarity, Struc- De-Identification Discharge  Sum-
pus Building EHR/EMR sification Accuracy ture, Test on Util- maries
ity
[@] 2024 Assistive Writing Neural Network Transformers (VED) Publicly Avail- English BLEU, ROUGE-L, FlcXb Similarity, Test Report  Genera- Radiology
able (MIMIC- on Utility tion
CXR)
[@] 2024 Usefulness Neural Network ChatGPT-3.5 Publicly Avail- English Classification Accuracy Test on Utility Disease Classifi- Discharge Sum-
able (MIMIC- cation maries
IIT), Prompting
[E] 2024 Usefulness Neural Network ChatGPT-3.5-Turbo, Private English BLEU, ROUGE, Cosine, Similarity, Struc- Report  Genera- Radiology (Cere-
BioGPT, GPT-2, distil- EHR/EMR TF-IDF, Human Assess- ture, Test on Util- tion brovascular)
GPT2, CerebroGPT ment ity
[@] 2024 Corpus Building Neural Network Claude-3-Opus, GPT-4 Publicly Avail- English, ROUGE-L, BERTScore, Similarity, Struc- - Doctor-Patient
able Arabic Human Assessment ture Conversations
[@] 2024 Corpus Building Neural Network GPT-4 Manual Collec- English ROUGE-L, Human Assess- Similarity, Struc- Named Entity History of
tion and Cura- ment, Classification Accu- ture, Test on Util- Recognition Present Illness
tion, Prompting racy ity (HPI)
[a] 2024 Corpus Building Neural Network GPT (Llama) Publicly Avail- English Human Assessment Structure, Test Question Answer- Discharge Sum-
able on Utility ing maries
[@] 2025 Assistive Writing Neural Network Transformers (BART) Publicly Avail- English ROUGE, BLEU Similarity Question Answer- Doctor-Patient
able ing Conversations
2025 Augmentation Neural Network Llama, Mistral, Gemma Publicly Avail- English BLEU, ROUGE, ROUGE- Similarity, Struc- - Doctor-Patient
[Lo6] able L, WER, BERTScore, Hu- ture Conversations
man Assessment
2024 Augmentation Neural Network GPT-4 Prompting English Classification Accuracy Test on Utility Diagnose Predic- Medical Conver-
[ tion sations
[@] 2025 Augmentation, Neural Network ChatGPT-3.5 Private English Classification Accuracy, Structure, Test Phenotype Clas- History of
Annotation EHR/EMR, Pattern Match on Utility sification Present Illness
Prompting (HPI)
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