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(QA) FNiE/EF5 4 (Kaplan et al., 2020; Wei
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RELAY I K, X 2o/ B RE % PR AR AR 3 AT B A
HHMES, AT E 0 &uHiB) (Singhal
et al., 2022, 2023; Temsah et al., 2023; Tangadul-
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8 Is methotrexate used for the treatment of
vy Rheumatoid Arthritis (RA)?
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Statements with citations
@ : Methotrexate is a disease-modifying :

antirheumatic drug

LLM :(DMARD) commonly used to treat
] : theumatoid arthritis (RA) [1]. It is the :
imost common DMARD used in the

| : treatment of RA [2]. The current

s1citel  gpcitel s3€U€l : therapeutic approach to RA is to use

i methotrexate as the first-line treatment :
:and it's often used in combination

i with other DMARDs [3].
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i : :Explanation: Methotrexate is a :
@ i :disease-modifying antitheumatic drug :
i :(DMARD) that is commonly used to :
¢ :treat rheumatoid arthritis (RA) :
. * i[1][4][5]. It is the most common
(® Citation Seeking; DMARD used in the treatment of RA :
:[2][6] .The current therapeutic :
1 :approach to RA is to use methotrexate :

: as the first-line treatment, and it is

: often used in combination with other :
:DMARD: [3]. :
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REGERAAE, AT ERZ 0] 55k
P£ (Liu et al.,, 2023) , XX ME IR b2 %
WA AT AR R IR B SCRE . X ] BB S B R
R, HAUREE R YT AL, ATRES
AETRTER A F G R . fln, 4idfE Fig. 1 RrR,
MR G — AR S W A AR AT 25 1
TCVEARUETIE BUR YT @B M, X iE
A, AT SBORICEL 2 Fr R .

— A I 2 H R (Bohnet et al.,
2022; Huang and Chang, 2024) & 2% fi# n] 561F 1
A, RIRFRRIA S5 S0ORER, X ARG T
W2 WG R TAT R, R PRt T
— PR AR R R PR AN IG IR AR EOR TR I 7 ¥
SR, RS HIAE — L% 3 A — e 4k
B 0] AT 5 i R BNE F B AR 45 | ST
AE 77 (Liu et al., 2023; Gao et al., 2023¢; Djeddal
etal.,2024) , (HEFTPANER, MEZ5HA
FIUHEA PRI HAESE B R 12 R A .

TG, AR B R 2 k8
P Aff P SR A T S5 M DU AT DA L i (Xiong
et al., 2024a; Yang et al., 2024; Yu et al., 2024) ,
% VAT VAL A 45 7 e 00 1 TR A T 3
MIRES . SR, HHT5 1 SCAE R A R
s, FCHPR SR . B, N E s
LGB B TR FRES, AR L
HEE BRGNS B, — il Aa
AR, R TTRERRIE SR . AETTA
SIS AR, X T BN % &, (H
A 1 = 2 0] B AE R 9 R A T | 2% e £
&

H, 5IHA SR — D E RS20,
Hop R4 (Asai et al., 2024; Izacard et al.,
2022) . £+ LLMs (MetaAl, 2024; Zhang et al.,
2024; OpenAl, 2023) A 5] 4 & (Gao
etal., 2023¢c) Z A2 H R RE AR, HIL, H
AR TR R R E A PR AR, XA
- 1l A 2 1R PR YT 2R 48 T R 1 SR & %
B,

5=, R TTER R I (Gao
et al.,, 2023c; Xiong et al., 2024a; Yang et al,,
2024; Yu et al,, 2024) , HFER T, F AW
A7 B2 24 AT 55 19 5 | SCAE W5 1 T A B T T
MEZEH A2 o IR TS SOPALHESL 2 thid H
V) RAL ), o B2 A S5 A AR A VA 2 Y
PEEEANIRZ— AR AR BT, Ak, REGR BT
R EE T ZIRBRANATE, XFE— R
TN A S AR R HWT S | SRR IH B T HABRIE .

TEASCH, FAVE TSPk i, A2 4e
PEE R B2 R G0 AT I by TS . e ]
Mo, FRATH TTERAT

o XFEBE AR S5 R B S A A (LLM)

ENCEINE P RN P 3 Sa RS
RAWEIE, W TSR R
KR ITAE 5 AR RRTE . FATHY
WFFERLH T AR R AR 1200 LLM 1Y
HEES

« FAER T MedCite , X2 H AT ARER
REFRAL (LLMs) S BRJ7 & R4
JRT B Uk SCAR I AT B Bl A Y S 2 3
ARG RN, JAIGIAT—FHEN 2R
KRG 7Yk, PR T A 2R B 5 AR A AR
BYSEIVER

* X[ AN LLMs (¥ MedCite #4725 & AR,
45 L 1g 78 MedCite 78 SCASAE BUFNE| SCA:
BT B T 43 B EE B A T R T e
ik 47.39 % [ 5 B2 31.61 % HIREHIR .,
FRATTAE 5 Lk B 2 B AR B R U [ 45 SR AT
NIV 550, AT B ShiTA R
T 58U L A0 FIWT S AR G, IERA T2
2FH R H B 35 | SO A e .

*oMom R M W OFE https://
supercomputing-system-ai-lab.github.
io/projects/medcite/ 3REX

2 HBRIfE

YRS AV ESNEEEAH B A
T E A HEEOR [ B R B A Py B2 . U
ARG ETHN (Lee et al., 2006; Cao et al.,
2011) , MKH T 45 Ak AR, (HEkZmT 9 R
M, JG3%, 1% BioBERT (Lee et al., 2020) I
ClinicalBERT (Huang et al., 2019) 5543 & 40 fif
1= 67 #F BERT (Devlin et al., 2019) [ 5Lt
TR, AR Py e ) L I ok
TPEREFETE (Yang et al., 2024) o fift, A2
B4 GPT-3.5/4 (Brown et al., 2020; OpenAl,
2023) 1 Med-Gemini (Saab et al., 2024) {§i{5 75
T PSRBT RI AT R4 7 RIE R B R A . R
M, XA GE & = AR L), {20 R A
FIRAE R (RAG) DURH e 7 T4 2 2|
M SCRY (Lozano et al., 2023; Xiong et al., 2024a;
Yang et al., 2024; Yu et al., 2024; Zakka et al.,
2024; Xiong et al., 2024b) . FATH TAFE S E
U A ST A ) s ) R ) AT Bk
ARBEF A S ARG I HE &
BR — AT BRI AF 90 0. A R ALE F A
(411 ChatGPT (Brown et al., 2020; Thoppi-
lan et al., 2022; Anil et al., 2023; OpenAl, 2023,
2024) ) WIPAREHRANAE RS, (HaXSes | A
HEAUER e 29 hi&E Y (Zuccon et al., 2023) .
HAERRAEKSNA A (Sun et al., 2023; Agrawal
et al., 2023; Weller et al., 2024) iF KA E SR
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AIPAE E5IH, Bz nlEEd:. BTRRNT
AT DAMGE LR PE: MR IEAE K (PRG) 724
FCHTRG ZRAH 9 Y (Guu et al., 2020; Borgeaud
et al., 2022; Reddy et al., 2023) , T4 B )55]
M (PGC) FEB LA BUGHKZRIUEE (Huo et al,
2023) . EARTCNEAfE, HIXPAOERM T
S (Gao etal., 2023b) , I HIEFFENEHIH
PR A ) B2 AT 55 TR AT BRI AR o FRATTHYTR
FRGHEEET | TR T RAG 5AEEEIE
DA IR BE R . 55— ) X R A
AT DASE R BCA s | 250 A BE el %) fo
ARSI TR (Ye et al, 2024) . )5, 5l
HIHERR VAL PSOEXE T & (Rashkin et al.,
2023; Gao et al., 2023c; Li et al., 2024) , R4EH
AR EERETEHORNE. HEZT,
TATIEAZ R En, HH B TRERMG|
JH AR B ST BN SRS

Wu et al. (2024) $&H T —4 T URL &R
151 SCPEAG R, FF R RIAZ THge ) LLM
1 GPT-4 (RAG) % ToyA# At o8 4 A R4
IEZRE . BRI TAERIMA TR TAEA B
g eI SR, (BT & T AFEZ URL
1) APT BTSRRI R T FAT 148 — B ek
HIG1SCRGE, PAMGEAY) BEar R R UHES
5 TR, ATER T 2350513
FEAEGTR LLM, FNfAE R URL Fl
it = TSI A . FRAT VAR KR A
A {E B2 SCHk an PubMed 1940 2K, 454G
Z WG AR T N RIA R, FE 2544
FRAEE R bRIC . SAH 2 TAER S 4TS WA
& A,

3 mEE

TEATTH, AT Sex B B i S0k
USG5 ATk, RIGARERAE T — ity
BRive s SOpR

3.1 [ Hbs

HireHk—1R8, %AGREW bl K
BUIE LT AR 7 SCAS MR s U8 I AH o HLTE
5. HAokUL, R AT P2
q ~ LLM @ FIAL 5 B8 SO ANERER % D .
R B R A U SOAR BT, B
—BRIAFNFR S = {s0,51, ..., 50}, H © AL
WTRAWRIA s, HEsE—H NS C;
={dc ...}, Hrp el eD,

17 Tt

3.2 Bwdk

A& Z BIHTSE (Bolton et al., 2024; Yasunaga
et al., 2022; Xiong et al., 2024a) , FA1{#H
BioASQ-Y/N % J% 4 (Nentidis et al., 2024) ,

X2 A A S TSN 4R T VR4 AR g s
B RG. ZAARAE B TR A )
L N R B 52 DA B A ] 225 i) R iy 7
HE YR E R4, BioASQ-Y/N HH4EAH
AR AR IRAVE A e T 1) 5H
T B2 QA By HABEIEEAF (Jin et al., 2020;
Hendrycks et al., 2021; Pal et al., 2022) , X4t
BafEF 22 2% QA {55, 1 BioASQ-Y/N
AR PEETESE (/) , BREX TR
MR (E B —H S % . 2) BioASQ-Y/N
AR R T SRR SO R B S AR . [
B, B AR Z) 0GR FE A PR A B 5K
SCRY GO T A R, X AR T —Fh s sk
WEE2EAEE. 3) BIHACNIE, B ARgIa
WS TR . BT RS 4355
Hrir) BioASQ Z 4h, FRATETESS 6 1tk T
PubMedQA (Jin et al., 2019) . FRAIZEF % B
LS T EBAR A S EONEAE R S
TR PR, AT 3 255 PubMed %54
2 (Canese and Weis, 2013) , H.Ar 15 2460 1
L N A A ) e S0k . XA
P Rt PERR AL T — A 3 5 R 0 N Ak
o SCER SRR, it LLM A2 A Se A AT IA A

3.3 PEAhfehR

XETBESAE, PPAGSCASHIS | AR Y o2
BREEN), PABIPRARHUE SR A
UETT HAHK , B RERHERR Y | s . I,

M BAT LA T -
BERIEMYE. SZHEFHNEAR, H

SEP) BR 2E R G0 R A K R B R
%, Wik, FAIEH ROUGE-L (Lin, 2004) F1
MAUVE (Pillutla et al., 2021) i HfE & RET
B RE R M. AR LR
A MK B RN R A SN 2AEE, A
ERATAT A S B RS | & T O

SRR, RAVEERZm P55 &,
T3K A i) A8 2 T 1) SRS A 2R B AR T A4 E0) R
Ao X AT DASE gl B A A 1 ) 2 A
T ERaE

BATVH AN IHFE H e Attr = XY —
{0,0.5,1} , fnfiE4) X B PASE A T iEA]
Y, WY@ X Wk, Wid 1; i x nr
PAFRAMHE T Y, i 0.5; A% 0.
TUERAGI AR LR A3, RATS% T
SERFSEI & PR, 40 Wiihrl et al. (2024) , 5T
FTE ST LTS H, 62.4 % HHIE 2
T4 IR SR o X B TR A R Y
BV, ORISR By ek X 2 —
Fhis ILELSR
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FEEIT ARG HE, — R
AN BRI FRIA, I H— A FRIA T RE A
ZAG| R HE. A IHE PP B, AT
P bn ol s | i 5 A A 5 |
FIRGHREE . SX PR ARAR ™ HE 5 B2 7 0] 25
FIHME, PR A R s A U T SR A5 3
TARGF AR SCRE, T RORE A R U SR B 4E E
SIHBEAR SRR, AT AR SRR EA: B4
P ESE. RN, FI1EE— ik s
, WA NG H e e, en, HPEAEIH
BB,

FATREA B8 SR — A BRIRGN AR, B
s e R TP R A S R R AR T | U3 3
o XITFHRE =1, A, higg—NAR (FF5%)
HRAFAET T A 5 | SCRR b AR Y

TEFRATTAY S gsr H, FRATI 5 R SCRS iy ER B
RFORGIHMEE, FHHIBZ U215 ] LA
R IRE | 785 S A bk L) R )
Wr, 4 HAY Recall(s,c1,- - ,¢,) = 1}, &
ITF Attr(s, U, ci) =1 . RIS FTE T
FHSRCPIIE, PASRISE R A A 1R,

F e 2 BB AFSE (Liu et al., 2023) , FRATRE
K EEAabR e SO —Fh g | GO B &, HTIF
flidE A~ B 5 | FR A B T SRRz Mg .
S| 3 A A B R T A D A A B o B
SEABER SCRRZMRAE, WIS 1. Hf
B Attr(s,c;) > 0, s 1 ¢; BIFGREEA BTA
A Lo BEZAWRAR, FATES PG
5 SRS BEAS AR S S | FORS EE

SUNF. . FAEHGISCF L (Liuetal, 2023)

s _ citation precision X citation recall -
ﬁf—‘t Fl =2x cttation precision+-citation recall ;E

MR R A | SCERR A A ] 2R
4 SDUREFoBr

ATV H AR L e T i 51 BE
L55 PR TR EEN . TR AR AT A
AL, FATHFFEX LE A g — 5 42
TR SE N, [R]INPR AL LR PR R BT R . B
FEAAVE, SLE AT Llama-3-8B-1,

41 BHSIMS5IESESIH

AT RBNE SR (LLM) 1] DA i A H
SHACNZ, BIMINGEIENEE R, E4
RSP EG . BT, — 10
E SR FRATRES MO LLM Sy A= 5y
AFEEEIA? AT AR S IESEG
AT, BRAiR s dE S 5UE B E (IR)
W ERS A, BN, PubMed. 5512 XT
ZHAEIH, BOTAER— MR, 3
], PASAE LLM A4 8 LRI FERA Bk %
Ak B E AT N s iR g T EX

PRI 0, RS2 5 4 A0 JH 1 )1 2 5 i 2 g
SIH. XTAESEGIH, FATiE LLM H#:4:
AR . RERANEHEER RS
MedCPT (Jin et al., 2023) M D F k2K —134H
KICHY (4N, /i3 4) FUFR, KX LRy
YERATHEIH . T B3R AFERSE C
.

Citation Model Accuracy

cC Text Quality
Method (EM)

Citation Quality

MAUVE ROUGE-L Rec. Prec.

Llama-3-8B-1.  74.76 61.94 17.72 / /
Parametric (LLM) UltraMedical 69.09 67.70 13.96 / /
GPT-40 88.51 74.82 20.03 / /

Llama-3-8B-1.  73.95 65.31 19.05  60.89 53.90
Non-parametric (IR) UltraMedical 68.12 51.18 12.69 52.48 62.32
GPT-40 87.70 70.15 20.20  79.72 80.95

Table 1: R[A] LLM H119 S50 (LLM) 53E34
F¥: (IR) 5IHBEME.

Ftg 1 I T ARE LLM _ES8UbfdES
BALT ISR . AT, B8 LLM FER A
BE NI S T e, BERS
IRBE A G | B i S AT fm R . He e,
Llama-3-8B-I. il UltraMedical I 3% R /g X
ey s I, BRI HEANER . ik
A NME, R —/ NS, (B
XS F T REAN 2 e g m g (Flan, —2efk)
SESCEAEAT RS G ) . I, FERAXTHES
BT R A R 5 | BRSSO N 2R3 T APT
VIR, ARE A SR . XA 2
AT, PRk AR BT IR BT — AN A T
AT, T LLM 7528 A1 25911 5L
ZIWERAEWTS G B . B2, GPT-40 AL
TE BioASQ {155 8L T fe i AR, 1fi Hid
B IR 2 an—Hb B 18 2 A8 miAs =X R AP 5 1
SR, GPT-4o AL S5 SCHRIH (4FRTE 2018
EZH), MR HETT. AT
s D g T ARG HBIL R Bl XA
2R E T AE S| AR B 2 B0tk s
) —> SRR, R T B il 2 4t
LLM [PfEOL R o ST IX2epi ], ATKHFERT
eI A P (R SR AE (40 PubMed) 11
BT

4.2 RAG 5|H®E 5%

BRESEASI HRSE T HEE, BER
BRI 1 A= AT SR A T TN R 5 A 5
I, R REE T i BN 58 B B 2 K
RUEEGT Z 5T AL E], B AG Z 3G5m A i
(RAG) HHITH#I-KALESHA (LLM) Hif
MR A Y R AT 55, BHr=Ai b dE RAG ik
HEERPE (Xiong et al., 2024a; Yang et al.,
2024: Yu et al., 2024) , {H3:F RAG Hifi] 5%
SCARIG | M TR LR ER D . AT
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(1) Parametric citation generation

dy, .., dg seite

(2) Non-parametric citation generation

Figure 3: Z24fk (LLM) FIHEZH0L (IR) 51 A AR A EL -

BILFIAS [ AT RAG 125 | A L
PR o T RTA s, BT A A IR i
TH% MedCPT Ut R%, Kl k (B4, wi
3) ANHH SO AR E |

ik RAG (CoT): FRATHAT5E = 4E (CoT) #:
7~ (Wei et al., 2022b) , PAFI I KiEFHE A
(LLMs) F#ERRRE TR R IEES S (fFlan, ARtk
RELRE) MCAARE S A& g . X
5 (Xiong et al., 2024a) H ¥ ERML, HAM
AN e AR 2R SRR TR S

RAG: FATHEEM D KR E— & kA
SCRESCRY {da,s .., di } WAL FR DA AR ¢
o WRIE, FATRERES B i SO s ¢ ik
A LLM i, FH4878 LLM A= i S SCA R
S,

RAG w. Oracle: 5 _FiRELE 2, (HAEEANH]
AU BioASQ H it i ELSE Y SRRy (RIER
—NSEEKREE) -

Retrieval Accuracy Citation Quality

Method (EM)

Text Quality
MAUVE ROUGE-L Recall Precision

Non-RAG 71.36 53.24 18.07  59.05 52.93

RAG 82.85 5222 1479 49.01 42.77

RAG w. Oracle 94.34 63.45 20.63 57.46 43.20

Table 2: RAG J5¥AHIHE RAG J53R7E5 | SCAE B
FO#E .

FA% 2 8 1 HAE RAG Al RAG J7 iAAEE %
G . AR, FRATIEEEIBCA RAG
W, AN R ISR (71.36). &
1, 51 B ] R AR R A B . AT
G RAG 2 RECERIEMMERER S, F
T A AR A6 T e X2 51
B AR R AGITAL LLMs A= 15 ) 2 5 i T
B UERRIF SR, A& BT MBI
EHatE. PR, RIBEIRSBIH 895 | A0S SR —
AREFITEA], PRIE AT P AN AR
FE T BER . X — R PRI, BT AT
LLM FESCA MG A BT i fe . Bk
Ve, WATFERMILAE (B0, HEFTERSC
i) ORGSR e &, 9 B
JAG P REA A5 5 25 58 A By o i

K2R, M6 S0k (oracle),
1) RAG ] DASR AT Y e (A E 1 SR 40 R i ok

94.34 %, It H5|H A =] ZF0RS 5 7T DAY
WISEE] 57.46 % F1 43.20 %, % FHIAG 23]
KW FT AR R SR . RUEINIE, XL
gEILFEH RAG X 42 iR SCH Y e &
KT, BRSE RS RS R, FIL,
BATER T LR RAG.

4.3 DI TR R

FIHECIE, FMELHE 751 HERRE R
e, BT BRSO EN AT 7
Megs— . SR, AMTRTRES AR RNIES
R ITIRREEAT 5 R . 8 T
Xk, FATHTELAT 5 :

A eI 51 2% + LLM BRI . X84
AR, ARG LLM R AR A
R PG 2R B SORHE E N SR SO — o X
P OL N AT BRI R .

U R RGP R . X TR B
®, FOTERERRGEAN D iR 5%
PRI AR SR AT K R SCRS , HRk 2o SO Ao B
ABREREG B INEES .

HOBRE R + NLUEHEF . 38448 B
i, FOVERERRGEAN D iR 5%
Wb AR SR RT K RSCRs, R R R B
NLI FEALRF 0 SEAG 28 21 1 SCR i 5 51 o
HFTR + LLM By . 5 EARBCER D,
FRRFATIR/R LLM KE 2 1 ) SO 8 E 5|
A

Accuracy Text Quality

cc Citation Quality
(EM)

Attribution Strategy

MAUVE ROUGE-L Recall Precision

Pre-Gen. shortlist + LLM rerank ~ 83.33 59.22 16.78  54.66 41.40

Retriever-only re-retrieval 83.33 59.22 16.78  65.69 47.69
Re-retrieval + NLI rerank 83.33 59.22 16.78  65.38 55.12
Re-retrieval + LLM reranl k 83.33 59.22 16.78  65.78 60.95

Table 3: 5] IR TVERI LR . FRATTE &6 U =5
HHRMIEATE , R ek A EHR5] R

Ho

PR 3 BN TR G| SO R SR Y H A 4
Ho FAMKI, PR + LLM SEHEP IR R
Bl Yol SXBAE T (1) PR A AT 5 |
SOREREEMIA 1R, DA (2) 51 SCEHARF 2T
o R 5 | S A RO AR AL » (ERHERERY
e, FEFHGER + NLUEHEF S8 7 U5
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SCAH ) RS DS B B2 IR T 5.8 %, NLI
FAURCEA | EE LLM B fb. (L, AR
AR EERBIN R, aTAH IR LT BEs
U NLL2p 288 0E 75 SRR

5 MedCite: —ANHT-KAiE BN S)
M BE2A M 5 DI AR 2R 5

FEHT—37H, BATIAE T B2 AL 55 5] 1A
LSRR . e, RATC AL
2, WHENREEEEN, FREHAE S —TF
JRHEZE MedCite (Fig. 2) 2 fit. FATHZHI5]
MAERONEREG T = 0dM: 2550
(§4.1). RAG(84.2), PALAZE +LLM HHE
PRI AR ITE (§4.3). JeAL, FATLHE T
AR TAE B ARAG ) 75 S B R R (1)
WRFA T S 2 WAL PEITIEES & S BN AES
HEIMSER: LA (2) BRGNS
EHA I o

Zi 53Rk, EULE, P RTPAR A LLM
NS HOIERR IS B A5,
KA BUR WS 07 TR AR Bk A 58 38 X 48
SUH, MR R NA . o T Sk AIY
i, JATHE—MprZ 2k KT §4.2
s, AT RAG A%, 5%
AR, FATHE s LLM ARER R 2 SO
[ 5 [ R TR s R R e | . R)m, AT
SR B PRIB IR K AN S0 AT B
P B AT ARSI, A SRR
A5

FA% 4 B T GE T A S ES G S0
AR GERFEW], NGB ITIRAES | SCHIRSHA
A BRI AT AES ROk, FIRORE
TH ES B R . AT 2 A A R
KR ARG, BGE 7RI 1AL Ty
TRIETA R R -

Accuracy

(EM)

Text Quality Citation Quality

Configuration

MAUVE ROUGE-L Rec. Prec.

Non-parametric
RAG + Citation 82.85 5222
Seeker

1479 49.01 42.77

Hybrid

Double-pass 83.33 39.22

16.78  65.69 47.69

Table 4: 240745 MedCite [ XUEE I IATET | 3L
A R OB

A R R R I B R . B
A MedRAG (Xiong et al., 2024a) fii ffj —

FET HESHRG (RRF) KRG E, #

BM25 (Robertson and Zaragoza, 2009) #1 Med-

CPT (Jin et al., 2023) fy&5 R &5 ek, PAE
TEAE B2 B I BAR B SR e, SR, R

A DAFR B {2 WA 28 SO 3 o LLM A= il %
Z BT, 515U RUAE N XEFES5E, A
WARRSERNER S . FEEMFRd, &
IR T —FIZ AL W B BeHE 2%, 1% HE
FF#s il BM25 (Robertson and Zaragoza,
2009) AR & B D EC ke 2R SCF, AR ET
MedCPT (Jin et al., 2023) 115 XGRS, TR
e s T R Re R — 28R T, ik
TRIREREFX T3 O E M

6 PFAl

6.1 JZEIR

FATRF MedCite 5 =R EL AT &
SR Y] RAG J7 AR EGE TAER B8 H 2
WEI A, SRFEEARE T LLM ARG
A AN AR A S T i

(1) MedRAG: ¥ (Xiong et al., 2024a) HfiiR
B

(2) ®&REHEM (PRG) : il (Gaoetal,
2023¢) v, FATT R BUE F A (LLMS)
FefE— AR — IR R BN W SRS 2, FF4R
7~ LLMs 75 HA i & £ &5 3.

(3) A5 H (PGC) : 7E RARR (Gao
etal., 2023a) 2 )5, FA1HE 76E0E4E (CoT)
PEon (Wei et al., 2022b) , il LLM A i & £,
R IEE A R + LLM S A
B BEE T -

TAVPALE T =418 : Llama-3-8B-1. (Llama-
3-8B-Instruct) (MetaAl, 2024) . UltraMedi-
cal (Zhang et al., 2024) 175\ LLM GPT-40
(gpt-40-0806) (OpenAl, 2024) ,

WAESR S PR T FEEER, LR FER
LT .

H Rl i e B B 2 R 40 00 MedRAG,
EMIERT AT . AR TR
B ERYE RIS, 7] DAYE R4 R 5 S
2. e, MedCite Fil PRG fEfi%7E Llama-
3-8B-1 fll GPT-40 |53l 5 MedRAG W] Hv
HiPE. MAUVE F1 ROUGE 434k, [R]Bf44ta ]
FH VAR A A % . 55—, UltraMedical
1E MedRAG b 3k45 T w9 ERPE, REH
s N HERR P (74.92 %) EAKT Llama-3-8B-I.
(82.85 %) F1 GPT-4o (92.39 %) . ji it i
UltraMedical 2E B7 i, FRATT A& BLIAS &k
UL A AL P AR B R ETR AL, S BN IEMW
% . X W] RER A UltraMedical £ 1| 250 i
HBZE 2048 0y B R SCKE, FiE AN EY
O, SEME DAL Ty TR v ok 2 R
e

MedCite 1t 51 i & 18 T PRG il PGC.
B SR PRG F1 PGC ¥ A 7E [ 22 S ik 475 |
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Model | Method Acc. (EM) | Text Gen. Quality | Citation Quality
| | MAUVE | ROUGE-L | Recall Precision F1-Score
| BioASQ PubMedQA | BioASQ PubMedQA | BioASQ PubMedQA | BioASQ PubMedQA BioASQ PubMedQA | BioASQ ~PubMedQA
| MedRAG ~ 82.85 7080 | 53.74 4239 | 1478 422 | / / / |/ /
Llama-3-8B-1. | PRG 84.95 69.40 | 7253 4179 | 1797 2099 | 3544 30.08 38.71 3500 | 3250 36.73
| PGC* 7210 5580 | 61.90 4453 | 18.06 19.11 | 6475 62.18 69.32 7175 | 66.96 66.62
| MedCite  84.95 6940 | 7253 4179 | 1797 2099 | 7486 69.50 69.47 6773 | 7174 68.60
| MedRAG 7492 6500 | 57.24 5882 | 1733 2054 |/ / / / | 7/ /
UltraMedical | PRG 6343 5360 | 63.87 4802 | 1327 1489 | 27.54 28.51 30.80 3117 | 2801 30.94
| PGC 68.12 4480 | 5071 4104 | 1269 1333 | 4991 54.28 62.18 7282 | 5537 6221
| MedCite ~ 63.43 5360 | 63.87 4802 | 1327 1489 | 7493 60.12 4542 64.19 | 66.71 53.14
| MedRAG ~ 92.39 7380 | 51.29 3800 | 1577 2411 |/ / / / |/ /
GPT40 | PRG 92.56 7560 | 60.74 5232 | 1997 2718 | 53.86 51.33 57.27 5527 | 5245 56.26
| PGC 87.70 5060 | 67.01 6172 | 20.80 2137 | 79.59 75.94 81.01 8240 | 80.29 79.04
| MedCite  92.56 7560 | 60.74 5232 | 1997 27.18 | 8486 84.54 83.85 89.43 | 8436 86.48

Table 5: MedCite -5 HAh )5 757 BioASQ FI PubMedQA %dfifl_EiY HLA LR . * PGC 1A sl BLfli i) CoT,
X2k RAG Jrik. ik, PGC HyMER# (EM) #4535 CoT (3 RAG) Tkl .

A, {H MedCite FEE { F X P b5 (140,
71.74 % vs. 66.96 % F1 32.50 % FF BioASQ H1).,
MedCite {f;T* PRG, >k MedCite 155 — X
51K A G AES B R R 5
X A5 LLMs e 5| 4)5. MedCite [t
PGC FRAF IR R, B e A B mi A
FAN LLM 1) N RS EHH R IREI 46 15 | A
£, XXTFHRESRERRATHES B,
X Lk LR MedCite 75 45 & 4 B R G AT
RAG B T5 A B T A 350 -

FATEE| A MedCite (3% T
LLM 15| 3CH B F 1 4350, PA GPT-4o0 1E
JE T LLM S80T fm s soms (Fan,
7£ PubMedQA [ GPT-4o [ F 1 3% 86.48,
AHEF Llama-3-1. [ 68.60) , iX F #5355 &
W R A AN FE S ERBERE T, I, B RS
1€ UltraMedical FiFfTITAb RS, 51 S0RERAK
(%40, 7£ BioASQ HIfE43/2 66.71), ixLbgk
IR T 5 A MedCite 5% T LLM ZE 5 v] %
HESCAR R BE

— M EHWEROIMFRIIAE SR F rf, St T H
RIET-, SRR R AT T4

6.2 HRINES

BATIPAL T[] 1 SCRR 51 S 2= 4 ] 52
MedCite [ . FralHh, FRATHE T10E X
B (Jin et al., 2023) . {¥iA]¥:RY) (Robertson and
Zaragoza, 2009) . i RRF-2 #t474 K Eh &
# (Xiongetal., 2024a) , PAKJZH PP Bk R
. AFETIEHr K BET RRF-2 iR &k
R K AETERRZE AR, AT LBAGHRE (4
BM25) f&a ok THE S HIE. S5H
T RAG kR AN Z, HHZ N LLM
A R SRR SORY, SOk | R R T R AR
B2 AREFF WIE R B 5 . Bilhn, 763K
T sEsm, 4@ LLM R 2 2 IR T

FigE, WFERE MR RMIAR, " R
Rt BRI T — e R L8 RRHE R SO
BRI REMATERARHTR, X ORI
ARER B SR I, EANREME %
HIRA RG] RPN, BT REHA DLy
T R AR TR SCIRG . Az
T AUE SR TR 220 & 1A 22 A STk |
MR AR . s, JZRMPrBRER
i HE AT IRITA R R PASRI— K |3 5 | SOk,
IR e L i SR B AR AR I A 5 5 | SOk 2
(A AR (A 3 RO K B e T HE R . P, i
FEAT G ARG Z A1 SC B R, &
St T FATI O B P e AR A AT AR

Retriever Type Method Accuracy Citation Quality

(EM) Rec. Prec.
Lexical-only BM25 94.34 7753  79.89
Semantic-only MedCPT 94.34 65.93 66.78
Combination RRF-2 94.34 75.74 76.46
Hierarchical BM25 then MedCPT 94.34 77.84  80.02

Table 6: A [A)#& #5 %] MedCite fii &5 Llama-3-8B-
I AR . FEFAE AR R B B ] Oracle #H 3¢ 3¢
RN SR SRy, 8 LLM &3R4 AR
HFTRRHER BT 3 SRy

B AR DAV W B 90 30 3 i B AR B
(NLI) #EBUfEIH R4 B 5 AR HM A R
A & M (Gao et al., 2023c; Bohnet et al.,
2022) , {HIkLEHF5Y 32 AL A — MR A 7]
Ao PEIRATHREN, i O TSR (R A PR 2
555 VAP T o A R AT AL . FRATIERG
TEFHFEBR, RS B K A kit
FrHeie. Msk E$2t ThRdew.

SNV, Fkg 7R, BUA L4
P2 1) NLIBLRL 5 £l e 24 s AR A B i AH ¢
PEAR 2 (B4n, TEXGHRHIE, < 22.3 % 43450).
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Cohen’s Kappa Score

Model Source  Domain Rec. Prec.
Judge Judge
SciFive-MedNLI Open Medical  0.2593 0.1945
JSL-MedPhi2-2.7B Open Medical  0.1845 0.2218
UltraMedical Open Medical  0.4518 0.2162
Llama-3.1-8B-Instruct Open General  0.5862 0.5422
mistral-7B-Instruct Open General  0.6211 0.4241
GPT-3.5-Turbo Close General  0.3834 0.4075
GPT-40 Close General  0.4146 0.4075
GPT-40-mini Close General  0.3834 0.3894

Table 7: A [ L2 F9 U1 [R5 N TARTE RO AR 5K
P

[FIFEA BRI /2, GPT-40/GPT-3.5 7EiX MR
HARUGAENBR., M, 1% Llama-3.1
F1 Mistral 33X FE 1) 24 LRI 5 £ 54 Wi i AH 5%
Py, Sonth HEET AL E I,
FAMB 3% T BE 2 R A 24 3k LLMs 7 g2 7E
L5 5 2 e SOk B 4 BN ZRiry, ERAR
MEGHIE , PR R T U1 X SeAsE 2 g 5 S g
A AT [FEE, FATERS, HEFEESIHE
VA& FI WA 55 e E A% AR R, anpftsk C B
iR, PR BRI RUARE B 65 4 S T AL R
BRERZRINECR. i, SR
i S | A=t ER R P A N A €13 s oy (911
“COVID-19 fa F5 il FHCo e 38 L7 X FERY)
P, TR AR TR e E A
K-S ORI R . F, RIEL
LLMs ] figf53 4 T-7E Be2e 848 L) iz i syl
G, IXIGOR T HERLANREE S B RE ST . R
1M, BT HERME T LLMs 5% AW
i AH M, FRATIAA R LLMs FHAVEIE &8 I WrE
PR U E A R, R AR TR —
MLz,

TEG XA R AR B AR, & GRET
RE A FTANA o 7 SciFact Z¥fiderh, yEREHEZ
(8] #—& 4 (Cohen’s kappa) K #y42 0.75 (Phan
etal., 2021) . ZEFRATAIRFTEH, FRATIER T
KR —EhE: X T HRA A R 2 — 2k r
0.83, X T5| LG RE 22—y 0.66,
TS E I, (X R T —Fh 5 58w TAER 24
HFR e M

7 &R

FAI1BI AT MedCite , X 2 55—t 5| 5 AE
2, BTEEIERFIE AR & BT R G W] Bk
FIMERE, IHEMAESIC AT ET LLM 1
BEST ARG R E BB HERREA TIRAMGY, B
KAV T MedCite , 33X & —FhAE i i
BEI7 R G5 | ST

Iz s LLM $PAE R, AT e
SCAR B THT B A 7 YR A — B e

8 RHLB)ERR R

X TAER 322 H br a5 | K P4l A
#HET LLM BRI R G al kbt Br 73R
BEAMBENGELIN, WARBERME T
F AR oK, EEE M2 IEE R (FDA)
ELIE X AE S FAT kAl A LLM 9 7 b4 T
% (Baumann, 2024) . SR, ANIE#HE]HTE
Sy ] RE AR M E AR, BN BT RER
W R RIS A YR T ok . (R, FEETTERES
B AT LLM [ R G TR E ARSI % 5
[ [R] Bsf EA TR T, AN JR e I 2 b A\ 2k
PR ARERE, NRRETIR IR
51 XA

AWFFRE ) — R FRATR A #7218
ESEORE (Fln, MREENEE), e
OGS 2SS AN LR AR . AR
PR EAEBN, HiE—P R e 4
PERE .

FEFATIX IR, FRATIE A T — L84 R
PR A T | PR SR ER AR R I Bk K . 151
wn, e EME T TR R — A B 5t
HARE e, XERURRUBE . thah, RIfE
TEESL RN, SO RS SRR — B a]
REATAEAN R ff e, Ml mT BB S X6 SORYHE 2 KA
BE B SRR — R A —E. I,
TR E A 2 ) R e sL Bl N & X T,
Ji— P2, Fr BioASQ Fil PubMedQA 4f,
A5 TS 2 B S0 2 AN SRS ORI s 2 B 4R
AR e 2AER AR Pl DB I LS S 2 S0k
ZRMMER, BT B B R ) T Bk
AL o AR AR N S T i S ) R
SURBIERSE, KRBT RN RG]
EREMARNE, HEEEY LA RREEZ
fio [AFE, EARFRATEMR P ARMEEIFZ I
FAFOL, ABFRARLET | FH HEFE Wi S2 68 I
(D DR R A 1 o 3K 0 5 ) 2 B A
B R B A vl e HERI ST AT B mFoE , et an
AT A5 A B S B A )

H R MedCite %[ Ry B2 StuE fil, (ERFIH:
) 2 HAD SR AT AE B PR O B R
A, W2 | AR BRI T4 O 3R Rl ) BB
i, PIBETCYETEAN AT E R A 0L B
W 3 4T . iGN, 15 PubMed X FEIA
S SRR ) TR I ) AT P A I e A A Y
10 F AT A 2 SR R, TR
BRSO A 2R, [FRE, R
AR, WIARF A9 MedCPT, W RERS
BLIE B DASF & A R ST R AR 2= H bR . A
R L L SR WS 1) A 50T T g o AR i TR 1Y
L FEME R € e R T B AR . BeAh, 51
FH VA 56 W 0] BB 7 38 I B8 S0 1 A ) K
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FEPREEATUR,, R 22 BrE R T i U Al
RIR R RS 7 285 |, i i 45kl BT M
BT R RS O Z LR . FEX AR
DU IPALS L PTBE A TR RE , DATE B A] 32k
5 SEAN E SRR S RnifE . A H 3
TR E , (AR T TR AR AL e
JR AT, PR R 5 5| 22 114 ] BB iRy K
Ao XLERREIFEN, R MedCite (1% LAESE
AL T AN L, BRI R T
VELARR ORI AL PR RERS ) 2 18 ] T BR 2k

9

)

FATT AL s T 4 B AR N BT Z S8t o AT
T EZ AR 2 (NSF) 7E¥ 15 2441601
T iz LA T “Advanced Cyberinfrastruc-
ture Coordination Ecosystem: Services and Sup-
port (ACCESS)” 1%, MEZKMEIITLH H
L (NCSA) 1y DeltaAl ZGEH ] T4 A
Ty CIS240055, % 11X E Pl R &2 itk
PR #2138259, #2138286. #2138307. #
2137603 DA J # 2138296, Delta /=2 155 9 i
s PRV B 2 -3 A5 70 BRI NCSA 22
A A R, B NSF (422 OAC 2005572)
A FEGIN SR 2 TAEE A T A
fFHRE [ 42 Il NCSA NFI Hydro 457, 461y
HI ARV B R 22 B T A0 A A AT B M i
REFRG S o XIS MTE] T E R B
FA30E (NLM) [ 5 T AR AR5 B 9 TR B 2 74
(DIR) 37 F.
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for research purposes only, so please have a definite answer.
C f Here are the relevant documents:
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Here is the question:
{{question}}

Prompts template for CoT-generation
/" You are a helpful medical expert, and your task is to answer a \ Here are the potential choices:

multi-choice medical question. {{options}}

general_cot = Template(™ Please think step-by-step and generate your output in json:
Here is the question:

{{question}}

Here are the potential choices:
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Please first think step-by-step and then choose the answer from
the provided options. Orgamze your output in a json formatted as
D1ct{"step_ _step_thinking": Str(explanation),

'answer, chmce" Str{A/B/C/...}}. Your responses will be used Prompts template for MedRAG-cite-generation
Qresearch purposes only, so please have a definite answer. j
You are a helpful medical expert, and your task is to answer a

multi-choice medical question using the relevant documents.
. . heip S — g Please first think step-by-step and then choose the answer from
Figure 4: F -85 HEHEAE R - the provided options. Organize your output in a json formatted
as Dict{"step by step thinking": Str(explanation),

"answer_choice": Str{A/B/C/...}}. Your responses will be used
for research purposes only, so please have a definite answer.
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Prompts template for Citation-seeker
/ You are a helpful medical expert and your task is to try to find \
documents that supports the statement, given relevant documents.

Here are the relevant documents:
{{context}}

Here is the statement:
{{statement} }

Output only the document IDs with which supports the statement.

Qnot output other things. J
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Prompts template for Attribute Judge
You

are a helpful medical expert.
Based on the document, determine whether the statement is
fully supported or not.
Options:
- Fully Supported: The statement is fully supported by the
document.
- Not Fully Supported: The statement is not fully supported by
the document.
Provide only your chosen option.
Document: {{premise}}
Statement: {{hypothesis}}

Precision:

You are a helpful medical expert.

Based on the document, determine whether it supports the
statement.

Options:

- Fully Support: The document fully supports the statement.

- Partial Support: The document supports part of the statement,
but some parts are missing.

- Cannot Support: The document cannot support the statement.

Provide only the chosen option.
Document: {{premise}}
Statement: {{hypothesis}}
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Question: Is obesity related to cognitive decline?

Llama-3-8B-I. answer:

Obesity is a complex condition that is associated with various health risks, including cardiovascular
disease, type 2 diabetes, and certain types of cancer [1]. Research has also suggested that obesity may be
linked to cognitive decline, as it can lead to chronic inflammation, oxidative stress, and changes in brain
structure and function [2]. Studies have shown that obese individuals are at a higher risk of developing
dementia and Alzheimer’s disease, and that weight loss may help to improve cognitive function [3].
Therefore, it is likely that obesity is related to cognitive decline.

References : [1] World Health Organization. (2018). Obesity and overweight. Retrieved from
<https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight>; [2] Yaffe, K., et al. (2013).
The association between obesity and cognitive decline in older adults. Journal of the American Medical
Association, 310(11), 1155-1162; [3] Luchsinger, J. A., et al. (2013). Obesity and cognitive decline in
older adults. Journal of Alzheimer’s Disease, 35(2), 247-255.

UltraMedical answer:

Obesity is a condition characterized by excessive body fat that poses a risk to health. It is associated
with various health issues, including cardiovascular diseases, diabetes, and certain types of cancer. To
determine if obesity is related to cognitive decline, we need to consider the evidence linking obesity to
brain health. 1. Research has shown that obesity can lead to changes in the brain’s structure and function.
For instance, studies have indicated that obesity is associated with reduced brain volume and alterations
in brain activity, which could potentially affect cognitive functions. 2. Additionally, obesity is known
to increase the risk of metabolic syndrome, which includes conditions such as hypertension, high blood
sugar, and high cholesterol. These conditions have been linked to an increased risk of cognitive decline
and dementia. 3. Inflammation is another factor to consider. Obesity is a state of chronic low-grade
inflammation, and inflammation is a known risk factor for cognitive decline. Adipose tissue, particularly
visceral fat, secretes pro-inflammatory cytokines that can affect brain health. 4. Furthermore, obesity
can lead to sleep apnea and other sleep disturbances, which are associated with cognitive deficits. Poor
sleep quality has been linked to a higher risk of cognitive decline and Alzheimer’s disease. 5. Based on
the evidence, it is reasonable to conclude that obesity is related to cognitive decline. The mechanisms
include direct effects on brain structure and function, metabolic disturbances, inflammation, and sleep
disturbances. Therefore, the answer is A. Yes, obesity is related to cognitive decline.

References : [1] Hall, K. D., & Guo, J. (2017). Obesity: portable operating instructions. JAMA, 318(17),
1685-1686; [2] Yaffe, K., et al. (2013). The metabolic syndrome, inflammation, and risk of cognitive
decline and dementia: the Health, Aging, and Body Composition Study. JAMA, 310(3), 197-208; [3]
Spiegel, K., et al. (2009). Sleep, cognition, and health: emerging research directions. Dialogues in
Clinical Neuroscience, 11(4), 667-679.

GPT-40 answer:

Obesity has been linked to cognitive decline through various mechanisms. Excess body fat can lead to
inflammation and insulin resistance, both of which are associated with negative effects on brain health
[1][2]. Additionally, obesity is a risk factor for cardiovascular diseases, which can impair blood flow to
the brain and contribute to cognitive decline [2][3]. Studies have shown that individuals with obesity
may have a higher risk of developing conditions like Alzheimer’s disease and other forms of dementia
[1]1[3]. Therefore, there is substantial evidence supporting the relationship between obesity and cognitive
decline.

References : [1] Smith, E., Hay, P., Campbell, L., & Trollor, J. N. (2011). A review of the association be-
tween obesity and cognitive function across the lifespan: implications for novel approaches to prevention
and treatment. Obesity Reviews, 12(9), 740-755; [2] Kivipelto, M., Ngandu, T., Fratiglioni, L., Viitanen,
M., Kreholt, 1., Winblad, B., & Nissinen, A. (2005). Obesity and vascular risk factors at midlife and the
risk of dementia and Alzheimer disease. Archives of Neurology, 62(10), 1556-1560; [3] Whitmer, R. A.,
Gunderson, E. P., Quesenberry, C. P., Zhou, J., & Yaffe, K. (2007). Obesity in middle age and future risk
of dementia: a 27 year longitudinal population based study. BMJ, 335(7630), 705.
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Question: Is avelumab effective for bladder cancer?

Method

Generated Answer

Statement Evaluation

MedRAG

Avelumab is a PD-L1 inhibitor that has been approved
by the FDA for the treatment of urothelial carcinoma
(UC) in patients who have received platinum-based
chemotherapy. The JAVELIN Bladder 100 trial showed
that avelumab maintenance treatment after first-line
chemotherapy significantly prolonged overall survival...

© Bk 1 BASI—JoikRIE
o FEI 2 RSSO T FELA A

PRG

Avelumab is a PD-L1 inhibitor that has been shown to
be effective in treating advanced urothelial carcinoma.
In the JAVELIN Bladder 100 trial, avelumab was found
to significantly prolong overall survival compared to
best supportive care alone [17]. Additionally, avelumab
has been approved by the FDA for the treatment of pa-
tients with locally advanced or metastatic urothelial car-
cinoma who have disease progression during or follow-
ing platinum-containing chemotherapy [17].

o FEH L RS R R
PRk 20 A

o B3 R3Sk
B2 % FDA i

PGC

Avelumab is a monoclonal antibody that targets PD-
L1, a protein that helps cancer cells evade the immune
system [1][2]. It has been studied in various clinical
trials for the treatment of bladder cancer, particularly
in patients with locally advanced or metastatic urothe-
lial carcinoma [3][4]. The results of these trials have
shown that avelumab can improve overall survival and
response rates [5][6]. Therefore, based on the available
evidence, I conclude that avelumab is effective for blad-
der cancer [7][8].

A RRISIIRRE] S0 3

MedCite

Avelumab is a PD-L1 inhibitor that has been shown to
be effective in treating advanced urothelial carcinoma
[2]1[3]. In the JAVELIN Bladder 100 trial, avelumab
was found to significantly prolong overall survival com-
pared to best supportive care alone [1][4]. Additionally,
avelumab has been approved by the FDA for the treat-
ment of patients with locally advanced or metastatic
urothelial carcinoma who have disease progression
during or following platinum-containing chemotherapy

[11[5][6].
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Question: Is avelumab effective for bladder cancer?

MedRAG Answer:

After reviewing the documents, I found that avelumab is a PD-L1 inhibitor that has been approved by the FDA for the treat-
ment of urothelial carcinoma (UC) in patients who have received platinum-based chemotherapy. The JAVELIN Bladder
100 trial showed that avelumab maintenance treatment after first-line chemotherapy significantly prolonged overall survival
compared to best supportive care alone. I also found that avelumab has been shown to be effective in treating patients with
locally advanced or metastatic UC who have responded or stabilized after first-line platinum-containing chemotherapy. The
National Comprehensive Cancer Network Clinical Practice Guidelines in Oncology recommend avelumab as a category
1 preferred checkpoint inhibitor maintenance option for patients with cisplatin-eligible and cisplatin-ineligible locally ad-
vanced or metastatic UC. Based on the evidence, I conclude that avelumab is effective for bladder cancer.

PRG Answer:

Avelumab is a PD-L1 inhibitor that has been shown to be effective in treating advanced urothelial carcinoma. In the
JAVELIN Bladder 100 trial, avelumab was found to significantly prolong overall survival compared to best supportive care
alone [17]. Additionally, avelumab has been approved by the FDA for the treatment of patients with locally advanced or
metastatic urothelial carcinoma who have disease progression during or following platinum-containing chemotherapy, or
have disease progression within 12 months of neoadjuvant or adjuvant platinum-containing chemotherapy [17].

Cited Documents :

Document [17] (Title: Avelumab Maintenance Therapy for Advanced or Metastatic Urothelial Carcinoma, PMID:
32945632): "Platinum-based chemotherapy is standard-of-care first-line treatment for advanced urothelial carcinoma. How-
ever, progression-free survival and overall survival are limited by chemotherapy resistance. ..."

PGC Answer:

Avelumab is a monoclonal antibody that targets PD-L1, a protein that helps cancer cells evade the immune system [1][2]. It
has been studied in various clinical trials for the treatment of bladder cancer, particularly in patients with locally advanced
or metastatic urothelial carcinoma [3][4]. The results of these trials have shown that avelumab can improve overall survival
and response rates [5][6]. Therefore, based on the available evidence, I conclude that avelumab is effective for bladder
cancer [7][8].

Cited Documents :

Document [1] (Title: Immune checkpoint inhibitors of PD-L1 as cancer therapeutics, PMID: 31488176): "Since the discov-
ery of immune checkpoint proteins, there has been a special interest in developing antibodies that block programmed cell
death 1 receptor (PD-1) and programmed cell death receptor ligand 1 (PD-L1) ..."

Document [2] (Title: Avelumab: combining immune checkpoint inhibition and antibody-dependent cytotoxicity, PMID:
28274143): "Immune checkpoint inhibition holds great promise for selected tumors. ..."

Document [3] (Title: Immunotherapy in bladder cancer-quo vadis? Update on current trials and developments, PMID:
32468092): "Great advances have been made for the treatment of urothelial carcinoma by the introduction of checkpoint
inhibitors (CPI). ..."

Document [4] (Title: The biology and rationale of targeting nectin-4 in urothelial carcinoma, PMID: 33239713): "Bladder
cancer is the tenth most common cancer type worldwide. Urothelial carcinoma is the most common type of bladder cancer
and accounts for 90 % of bladder cancer cases in the USA and Europe. ..."

Document [5] (Title: Avelumab for advanced Merkel cell carcinoma in the Netherlands: a real-world cohort, PMID:
32948651): "Merkel cell carcinoma (MCC) is associated with high recurrence rates and poor survival when metastatic
disease is present. ..."

Document [6] (Title: Clinical Evaluation of Avelumab in the Treatment of Advanced Urothelial Carcinoma: Focus on
Patient Selection and Outcomes, PMID: 35237074): "First-line therapy for treatment of advanced urothelial carcinoma
includes combination platinum-based chemotherapies, ..."

Document [7] (Title: Plain language summary of results from the JAVELIN Bladder 100 study: avelumab maintenance
treatment for advanced urothelial cancer, PMID: 35416053): "This is a plain language summary of an article originally
published in <iThe New England Journal of Medicine</i. ..."

Document [8] (Title: Cost-Effectiveness of Avelumab Maintenance Therapy Plus Best Supportive Care vs. Best Supportive
Care Alone for Advanced or Metastatic Urothelial Carcinoma, PMID: 35570929): "Avelumab (MSB0010718C) is a fully
human anti-programmed cell death ligand 1(PD-L1) antibody against PD-L1 interactions and enhances immune activation
against tumor cells in the meantime. ..."
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MedCite:

Avelumab is a PD-L1 inhibitor that has been shown to be effective in treating advanced urothelial carcinoma [2][3]. In the
JAVELIN Bladder 100 trial, avelumab was found to significantly prolong overall survival compared to best supportive care
alone [1][4]. Additionally, avelumab has been approved by the FDA for the treatment of patients with locally advanced or
metastatic urothelial carcinoma who have disease progression during or following platinum-containing chemotherapy, or
have disease progression within 12 months of neoadjuvant or adjuvant platinum-containing chemotherapy [1][5][6].

Cited Documents :

Document [1] (Title: Avelumab Maintenance Therapy for Advanced or Metastatic Urothelial Carcinoma, PMID: 32945632):
"Platinum-based chemotherapy is standard-of-care first-line treatment for advanced urothelial carcinoma. ..."

Document [2] (Title: Clinical Evaluation of Avelumab in the Treatment of Advanced Urothelial Carcinoma: Focus on
Patient Selection and Outcomes, PMID: 35237074): First-line therapy for treatment of advanced urothelial carcinoma
includes combination platinum-based chemotherapies, though resistance and long-term toxicity concerns to these regimens
cause limitations in progression-free survival and overall survival. ..."

Document [3] (Title: Which place for avelumab in the management of urothelial carcinoma?, PMID: 31286802): "<blIntro-
duction</b: Urothelial carcinoma (UC) has a poor prognosis, with the only standard first-line metastatic treatment being
platinum-based chemotherapy. ..."

Document [4] (Title: Patient-reported Outcomes from JAVELIN Bladder 100: Avelumab First-line Maintenance Plus Best
Supportive Care Versus Best Supportive Care Alone for Advanced Urothelial Carcinoma, PMID: 35654659): In JAVELIN
Bladder 100, avelumab first-line maintenance plus best supportive care (BSC) significantly prolonged overall survival (OS;
primary endpoint) versus BSC alone in patients with advanced urothelial carcinoma (aUC) without disease progression with
first-line platinum-containing chemotherapy. ..."

Document [5] (Title: FDA Approval Summary: Atezolizumab for the Treatment of Patients with Progressive Advanced
Urothelial Carcinoma after Platinum-Containing Chemotherapy, PMID: 28424325): "Until recently in the United States,
no products were approved for second-line treatment of advanced urothelial carcinoma. ..."

Document [6] (Title: Avelumab in metastatic urothelial carcinoma after platinum failure (JAVELIN Solid Tumor): pooled
results from two expansion cohorts of an open-label, phase 1 trial, PMID: 29217288): "The approval of anti-programmed
death ligand 1 (PD-L1) and anti-programmed death 1 agents has expanded treatment options for patients with locally
advanced or metastatic urothelial carcinoma. ..."
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