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Multimodal models in the field of kidney disease

WU Qiqi, CHENG Miaomiao, XIAO Xiaoyan
( Department of Nephrology, Qilu Hospital of Shandong University, Jinan 250012, Shandong, China)

Abstract . Kidneys are vital organs for maintaining human health, and diseases associated with their dysfunction are
caused by a variety of aetiological factors. Based on the progression of the disease, they are usually categorised as acute
kidney injury and chronic kidney disease. It is detected clinically by laboratory tests, imaging and renal tissue biopsy. In
the rapid development of artificial intelligence ( AI) , multimodal model-based Al is an emerging and evolving field of
expertise and an efficient way to analyse and mine data, which providing the possibility of individualised and precise
diagnosis and treatment of kidney disease. In recent years, multimodal model-based Al techniques have been widely
used in a variety of clinical scenarios, including acute kidney injury, chronic kidney disease, hamodialysis, kidney
transplantation, and renal tumour, to support precise management and treatment of diseases. In this paper, we provide
an overview of multimodal modeling methodologies, applications of multimodal models in the field of renal diseases,
current challenges and future perspectives, with the aim of providing references for the further popularization and
application of multimodal models in the field of renal diseases, as well as revealing their great advantages and potentials
in the application of clinical practice.

Key words: Artificial intelligence; Large language model; Multimodal models; Acute kidney injury; Chronic kidney

disease
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(artificial intelligence, AT) ftJ—Nr %40 8%, AT L 7
TRz 0 AN & 225U B, TEAH A o3 B, 76
g R0 4 TR 12 W oA i e R s T I 46y TG
BaRHE RS,

AR R TEAL AR 27 > AN T3 RE 40
H RERS AL IR AL 5ok 2 B [R] 28 78 B0 0 TR A
BWE B WAl H AR (AR F oA BR
B R R AR B SRS ERLE A T
R — R & R B Sk, K 2o IR B 2 ) sl
HLES 27 2T B A A Ak B 2 5T Z2 5 5080 O AE 42
A SOR BURFNE 5 S 2 MRS A3 B T7EA 2
SO RUGFNTE T A5 2035 B AL B EE T 77 1H R R
WA AHE HAYRE S 78 B IR, RS R 5E
AR B LISk, i A B B I R
B 25 R, DU S (0 2 8 RS o
IRIT , Bk A A TN 25 45 A I PR 0 55 1 v s 1
g

Z RIS BIR O 280 Ok 1 22 Hb e N FH T 45 Rl
U975 1 T 3000 0 43 2 AR S U Mk R R R A AR
g BN RS B AR R |V
BT B RS A S5 7 T 22 55 2555 28 Al Jo 0 A R AR 34
AR SO 22 B ASERY 1F) J7 V38 T 22 A A AR R A B
Joi SR A R FH HE AT 2838, 48 78 A I R 5K i b /Y
IVA; i

1 ZEEERTTER

Pyt ST ) BB R B RS TiAR B A
HE LRSI B ] fif B — RPN IR X 840
PR TIF e N2 SRR I 107 P 2810 1 PR 52 B
FEREE,

BRSSO R FIR AR, N T IT R 2
AR 75 2N 2 MRS IR P PR . BUIE AR Y
RINKS I BRI 2 ] 3ol R HER P RNz AL e ) 22 ¢
T, 2R T LA 2, 4 R

s T AR B A DR S B 0 1 A — S )
BOPPR B e A E A TR | 25 BRI A BdlE |
SORMERIAE ™ XTI BB, AT 0 A
7 A BB R R | A e A o A Ak {6l 4
P AT HE S By seE o B A (g —
PGS B ) FIVECHR 3 o (AN PET 45 9 e 4% | 4 T, o7
Fo ) B B dis & 4 oo 455 R ) I 2 AR Rz AL fE
F3 . HE AL A T LS B A [ B R AE D 2
— AR A, BRI S 2 Wk RE

Fa S A 2SS TR 0 B PR AT A AT 31|

RAIE . G E R R AR R B s S R AN o A 75 oK A T
PERE )t A VR B 2 ) R A 2% > W ok o th 2
B E s, X FIRE %> (deep learning, DL) , %
U2 M 4% ( convolutional neural network, CNN) |
U-Net [0 2638 i oA A 3R 8 K dis (Bl CT MRI,
PET J# 75 ) , U-Net M £%  StarDist [ 2% 7£ [ % K145
Ay E| B AE R H {6, ResNeSt , ResNet 1 XCiT R 4%
Bl P VR AR AR 14 5 1 il P R R
X FHL#s %~ >] (machine learning, ML) , % 3 56 i 412
Ft (extreme gradient boosting, XGBoost) 5% & 5 Jif
$& F+ L (light gradient boosting machine, LightG-
BM) | £k V£ #% 32 ¥% In] & ML (linear kernel support
vector machine, SVM-Lin) 7] &b 3 it JR A1 &% ) 20
BRI B 1L 2 4 28 9 2% (message passing
neural networks, MPNN) 70 A kb # £k 5 ) 45 4[]
SR EAL AR B SRR 5 A Ak B R DR I
REE W) 2 A BE i, il 14 Lasso [0] 09 A1 U 45
fIETH % ( recursive feature elimination, RFE) #F47 2
BT T A AR A 2 e 1Ak B A I 2 B
AT e S v I R 2R D e M T A A
Z IR 22 5, ESHOCE (N2 2] 3 RAUETFAL
240 X T RIS T R A e A AR, B
BIYI Gt B rh TR Z R R S S8, MR R R e S
B e AT RIGAIE (N3 IR IE ) | 8 1 BHIE
AL AL A HEATIY | ST fre (AT 28

VPGB BE J2 B CRASE AU W] SE 1k ) OC B0 3R
HEBRIE A I RSB0 | 332 F R R R 2 T 1
B (area under the receiver operating characteristic
curve, AUROC) %548 F5 & ] T PP Ak 43 2 FRF LU
WAL S5 PR PERE |, Dice 43450 MR i 25 17 1
ZEHE 2 R PE B (hausdorff distance ) , A] PEAL 1 AU 7E F
Q5 ET 55 T M RE  ReHE il 2 R o il 22 4%
M7 (decision curve analysis, DCA ) RJ 34k 455 U 1) I]fi
RSP

BERUAT i B A B TR R Yoo i i | X 43
52 AR ARG DA AR AT SE v VDR ATk
¥ AIE f# B¢ 77 15 ( shapley additive explanations,
SHAP) ] D R A5 7 A~ 5 B AR AIE 43 P 2 224, {4
RIP SR BRI B, A, R 3R mT i R PR AR A 12
K7 f# B (local interpretable model-agnostic explana-
tions, LIME ) AT DAAR AR AU 7R 45 5 S50 ] 161 194 Jay 3568
AT MR R ) P SR e R 3 DA e DG T
AEGHE TR AS [ 08 i A B 53 P AR | DTG 42 e 5
RTINS 2 U
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21 AMERG
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P ST e Z2 AR AN | DL ey 2 VB 40 A 1) 7 3
AT BUAIT I ARE J1, Chen %52 P45 T 2 B 5wk
IR B AGONT 5 V4 (e L -8 450 45 R BV AR 1) 5
SrVERE T Lasso [IHBERERHIE , { FH SCHF ] &
HL( support vector machines, SVM) ,Logistic [F]IJH7F0
BEHLARAK (random forest, RF) %5 Z2Hh 73 A ity AR
W 2B IE R R B A3 A A B 80% L) |,
RILBIGIE X T 2 B8 n U5 2 CHE % Liu
SRS T R BB TR AR SRR AR R RN
(] i ) 5 AT 2R AR PR 3 (A A o T o RIS 25)
i PSR B A5 ) X 2R B s e AR AL
MR R TN AT AR PR ER A G 3, I o A P T Gk
80% ., A& ZME B Bt R ERL R 129,
Hofer %" 38 i 4 2k A AS ]I PRACHE IR (3L 56 =
Bl WA T ARG ) BORRIE ) & A T 9
AL E A AR BB AL H rp Al T AR Y A A
XPA 5 2R B 3003 i I A M = R 75%

22 BHYEAER

TEPZ B e B 52 v, 22 AR A o
AR e REE g BRARRAE A5 T 18 v B A
o 21 AEAL B35 A B2 Wik B s .

P B A 1 SRS S | K B e B SO
DIRER A K B e, Weaver %7 40 A
225 1] Ji A Ji PR 18 ¢ 5 ( posterior urethral valve,
PUV) i JLEE , ffi F RF 4 8 5 T BUGARRE A R £
i 00 B A AL I T PP HAE B0 PUV L 12 ME 15
Joa 1 JEE 7 THD PR RE , A9 R FH R S A A 58 S Tk 1Y
D7 R A5 > BB AE W 3z AL M R, e
LR AR F I B v A T MR 1, — B HR B
K5 0.82, BLAL, Ge &5l S A2 Rl RASAE
FHES G 1 2 TCI8 48 0] U5 J5 VA A dERB R | 28 B0 E iR
RURT LAt ey % e 75 ) 0 P W I s A8 5 /N T Jo
LA WERE . [RIRE WA RS REILR
WELIfie 5 B 2 205 B2 S 400 T 2 RIS BAY SR
B ELFAEARRR Y S 5i4b, Qin S5 KSR kR
7 RGN A5 N AR 5 A5 6T A ResNet18

O 24 g g 2o A A ABE AR LA TN 48 1 5 s 8 R 4
41k,

FEASE B s 1Y) 48 B2 I 7 T, B9 N D [
I FH RS BRI A TR R . Lee 55 AR T 4531
LR HUY AT I SRR 5 CNN AHSS G %18 M 5 E
o A P LR TS AL W2 W e M 1 S i, S
T3 PSR B 1 RSO PRI 2 A A T
R 81% 5 55 2 MhEEG A Bl H IR IR B2 A ] A
TIE 1) RS I A2 T 584 2 22 88% 5 25 3 A £
Wil R A5 B A I AE A CNN R AT 08 R AE 1 25 (A
R MERRFRIR B 91% H PR W HT T4 F1 R 43 25 1Y
B UEARASAH R 7 e SO AT B = Al

HEAE I BT B0 ' IR 2T AL | DD RE A AL
AT AR B RTECA 80U IG5, Si
S50 3 ol R A MK AR TR RN S B, v R
FEA T AR IR FEHLAL 23 A, T S B 1 o B 7K BE AL AL
G3HT R ALE N 3T B T AT A R DL
PR MR B B ) RE A0 I VTR 25 T AN, I
LRI T 32 AEAETRYTHE A
2.2.1 IgA B¥R

IgA 54 (immunoglobulin a nephropathy , IgAN)
SEICH UL IR MR B/ Nk . Qin VTR R T —
g AU 2H G Bt 44 U B 2 BOSAAY T T IE A IX
51 IgAN FIHE IgAN , 78 8 35 4252 B T K i — K i
A P R A AR A 2, TF 2545 I DR IR 2 4 A
B Z VAR BA S ) ROC 7 0.884 , i HisR K
XITRETT o WA, A AT TERE I 18] A% 58 fY i PR R0 2
BlEfn G TR T —A 278 5 s BRI L IgA
B B R KU Y R 18 AN
HIEFFCMEY 2 056 {51 TgA P R, J o 34 U et 22 0
%% (recursive neural network , RNN ) 4 ZEA% 5 [ &b 3§
FIFII S 1] 7 0 05 B TgA HE BUG Z ARG
R, GVPAGIZEA — B840 0.93, BA B m Il g
71 PR 2R AR ARG A 1T X
AREF N IgA B B AT RIS B R 8
P, 388 3 3K 2 [RGB B S BRI SRR AR | i T S
TEHEST TgA "B FE AT R B3 P AR TN ABE A K 2K [
WA 25 7 A% T N ARE AR | A DX 3 A TR 9 B 3 G Y
TgA ' S5 IS0 2 [ v 2R S 7 R0y T Je s H
R,
2.2.2 BERRIE

W PRI ' o A AR PR 1 LI 4 0 RRE 2 — , 72
W DR 9o 5 S 0 R I , L T A AL A 2R
W E BRI Z —, Chen 55 #y 2 A5 flk
MR AR AAY LLVE A I ' i 1 D RE 0 3, 4
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PGARFAE RN PRAFAE S AL AR 2% > ik b, e A il
T T2 USSR 1 B D REPPAG A A | 38 2ok 25 &
-8 114 11 487K P-4 AP (blood oxygen level depend-
ent, BOLD) FIFKEINAL AL ( diffusion weighted im-
aging, DWI) {E & T 280 X 24k sl Qi iy | 42
T AR VAR B A ek T T A M RE
223 HHEKRIEZ R

WYL K I £ % B (autosomal dominant
polycystic kidney disease, ADPKD) J&—F & UL[1) 15t
FEVE IS , 3222 B R XU 5 i B 24 RNV
— e, AT B D RE R £ 2 B il . ADPKD
T 5 B R R e SR, BRI AR S EAIG, PRt
He 253 15t 1] FH IS ko 371 3K A5 22 1 2 AU
/> ADPKD 7 MRI b8 B AR & 19728 S0k i
FEBR S I B RS B e I F R T 413 il 2l
(%) T1,T2,SSFP . DWI I CT /75 54, Ul 4 % F
nnU-net [ 3D ZH5 22 200 4 HIAHY | 28 Bk i A
TP e — P A I B E T2 509 5 S Rk
A R UERR PE ST RHE A AR Y
2.2.4 BEHfkAE

B Bh kB (renal artery stenosis, RAS) 4% &
P I A DL L AT DL S 3 R N AR g
B A 22 2R B, B2 W ia 7 X s 20
HE, B, AR TR ERER SGEEIE A
I RAE BRI A F AR T & T 3 FiH T 5 sh ks 28 1
N2 WHR 27 2 BRI 4351 A ResNeSt . ResNet 11
XCiT, b0 B MER R A FL 23 B8 b5 PR Al A
RBP4 3 /> DL AR AU [ 91 0 v i >R 358 i
80%' ",
23 MikER

I 2 AT i P A R e R S R AN
RS S0 AH 56, R, Yun 256020 5@ oo g 2 @b it
[i] 3 4 5 AN A5 i R A 1) 2 B AR A | D) S
U 1LY 375 AT ARG L R R L AR R 5
HIB 5 TE R 1 M 46, 4 AUROC g % -4 [nl
R T T FRGSAIE , 2 B AR SE BT X il e AN
e L H P ST OU R T {3245 A 32 i i 5 1
FHOC Y ZE R A ffpRazs Ay vh LA %) I &, Aot
CGINC G LY
24 BBE

B AR LRI B B A RORIT Tk 2
— AHREEB A —D E A R, B S R AE R
N B S A 23 45 F A R AN A JE R, Shehata
SELSI AT —Fh 4 RT-CAD 3 WL Bhi2
R, BTEARRAVE 0 IPAL T 0 B A% A8 S B E 2 e

R ZRGHRES T WA SR TR A lm RFORE,
Zoad k Prag URAIE X RGN X7 20 B HE s AR
HETF 5 T B A e T SR IR BIMER R 93.3% Bk
£ 90.0% F4E 1% 95.0%, Lok, B8N B RAL R
H AT R (KU B D RE TN, Zhu 45 L £
BRI DL BN AR IS 1 AR B Dhfe, iz al sk &
T 2 B LT 4 I R AE R 6 A RSt 4
SRR, ZE VAR IR ) PO AR 1 A B 82%

2.5 'SHMEE

' A0 LR e — o 9T U A T R A
WL B MEREAESE AL O T B AN R R 12 TR
& IRITRCR VUL B TR VAL | SRR
AR BRI T — P iR AR
2.5.1 ZAESKTE RCC Wb i H]

T G ) v BE T 2 Ry SR AR RIS R AR 1)
TRIT Ak, Siegerist 25 AR 4f B I 75 K 41 214
R M 2 RS UR I 2% 2] T HLAR  IZ R4 & 25 [A] B
FRFE S 7 | () T 250 2 R 22 M2 212 5L
BRI DL e 200 i 2 8 v ey R s s Al A
(] FR A L KT B mRNA S3 35 DL ey B R v A
WIS, BRI NRHE LS TR A RA
O AV BE Sy B 240 s ) 8 A A BT R R A 7 21
UL I Mazin 45 PR T —FhER AT
EAEARTTAIN PR FE 04k, 1207 2l LA o7 > 4
AREEG Z SRR G (L5 T2 AU,
FEXFLEFA T ANAL G W 40 A AR, %o L 3 5 2 ik 2]
T1 INAAR WA A AR LA RO 3 s Ik T1 AL
PR AN AR ) HEAT 43 B, DA T PR3] B A4 98 v )
IR RE L
2.5.2 ZRESKIRTE RCC AT RN

B JUE PR 2 — 2 AT AN [R) 21 st A AR Y
S ITPEIRRAE | T B R B R IR T AT RS
TS TS 2H 2= PR 2500 B~ s LA e B T AL e
2 2] B B IR AL A B MERR M 2RSS BB S
T A0 B30 i B 9 R 0 2 1 B R Ak #
88.04% ', Ji A, 15 5% B V3% W1 AN L ' 958 ( meta-
static clear cell renal cell carcinoma, mccRCC) i3 J7
D3 Wi PR UE SR S5 1R JE 5 G 2 4Gy A i 410 1 55
HRAEVRYT (B2 X b BIp W] A FH A A4 2 B il 16 AR
FAE, H I Duran 557 R T —FhER IR RE
P RG, KRR e SRt T EA 1
(programmed cell death protein 1, PD1) fiJi il 5 #/3[7]
YERBLE , 1% R G0N N 0 25 D 2 R R A T 2% fil
A B2 2 B DR 2 2 R s 2H 80U T L KA
SOARAF B (. ST B ), 248 T R e 5
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PD1 #55 BX A 36 97 7E mecRCC W22 2 i Bip [R] ¢
I IeE S5O 1) 43 R I T R 1R JE AT PDL 41
SRV G fn] 388 2 6 75 224 20 R SIS 7R A 40 A A7 R A i
TR TR, AHN T A 28 19 4 T i G 325 A ff U] —
B R R BRI AN ZREE R 2 RO &R R
FE 7 VA A ARG I TR] 422 X085 e 224400 s 1) 52 A= L
il ) 2R AR A
2.5.3 ZBABAITE RCC B WG PG 9L

Y 15 HH 20 M3 952 ( clear cell renal cell carcinoma,
ccRCC) S5 i UL 1 5 4 A g S 20 S PE R B vy, B
1 AT G BA 8 I ACREBR , 995 IR 1 A A8 . Cheng 45
A THEARA S M sl 5ds, PR T —"1H
F ccRCC i Ji PF Al Al A5 AU | 32 45 AU A5 Fii ) ccRCC
BB R D m e YE . BLAh, Zhu S
Dy FH Z2 1538588 7 B R FI0 ccRCC A8 35 v 4 Jfd 1 2R
F 7(cytokeratin7 , CK7) B33k | i P A A Gl A 1
B AU (0 2285 450 1 30 A5 FIRE 7 1 5 S A
A iR A0 i i A S0 B E T 5 CKT FHPEAR
KBS 2R IR UE T 258 A 5 AT A v i fig
il RS

B FL 3k Rk 4 e ( papillary renal cell carcinoma,
PRCC) /2 ' 4 Mg Hh A WL 28 A | Z RS AR Al
Xt PRCC U #E J ifd [R) A BA — E 7 J7 . Huang
LD AT RABEIE D RNA JLREN 2588 TRIE 2%
2 Y1 BURSERN 23 JE 25 A R B4y 2848, {8
COX [MHRBHMHE T — DX |
TEWERG TN A 5 JR ( 1 -113) PRCC & % , &K uE
20K R GAENN AT Bk 5 vh— B 4
K% 0.831~0.858 , HA & m W MEw 14, IF H ol 5
RT3 R GE— A0 AT, LA o o b Y0000 95 5
T, I R BIG YT SR g $2 4445 B . Mahootiha
FEDH R T —A 2SN TR RERESS, FH T 10
0B R AR AR IZE A A S CT BRI
Il PRECHE , A 3D CNN 2244, 7 700 ' 200 Jifd 9 26
AR AR T T R R KRR

3 SErkAFRRRE

2R AR N FH U A — 5 SRy IR, A Y
P A A 2 A S A A A R AR TR R 5 50 )
Bt ik = K AR R A I e 2 RS
BTG Y Rz ", BRSO R E S
BRI A > I L R T, SR v o Y
PR 2 (s i PRSI 368 DR RS sl i B 5
BEAFESUR A B A B 2 A TP B,

AR B M B2 B0t 1 42 2 v 30 OB o o 7 — 3K
P B B I B B R R R Y T TR SR
(7] Bisf 34 7 25 TR AN ) B3 41 22 ] 1 B3040 ot R Ay
[) L, DAt G Pl 5 S 4 ok R v T S 0 A 1 D 22
TIRE X T u] RO A KN A L, A AR
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BRI S BIR LB R, 7B B 4
PTG, T RE S el o B A e D iy T i

2 G R AE I PR 500 v B R £ (H
SETEIG R SE ek = B0 UF . —J7 T W] RS2 TR 24K
PR R AE S0 25 FF & R 4, 7 I AR R H T
REAFAE— 2 SR BRAE , 1 U7 5t 7 R 2 22855 v H
Yy B A 2 WA A HAb I gt 55— i
A RESE i T 2B B Z i A2 rp B R 3B WA 1 fil
AR A TN R 22 T B4 R SR 56 28 X LA I B, A =
AR TERURS: . 2411 PR 125 A fef FH 22 B AS AR IR A 7 1 PR
PR, an S AR, B T = Bk T AR A
SRS AR XE I TAT Y TR B, 7 TEA O R
JRUBSE Bt , TGk S B e 55 F 00 R 2% A B A 5 S, AT
S5 D FAr PEA 5 A DR A 9 e AR Ly
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H. (il SHAP, LIME % R ) — e AU I T —
ANTT g R HE SR b SHAP {8 1 T4k 54~ 8 1
TETFI A (520 T LIME D)3 5 S 3B 0 25 i 224X
PRI B R 52 H PR AE B0 AT oM A S R
ERTREFTE T 2SR A < R i AR E R A
R T4 2= AT A Rt i T i — R

JRUE AT A5 255 7 B Sk 17 1o T
e — Sk ik, {H A f 1% 107 R % SR ATh 8% 3 W A
RIS B Ak LA A K A v T
T I DA 2 T AR o A R R AT S B
TR TR 47 R ITRIOCR . Ak, 2 RS AR X
KD AR A 5 0 S B (O vE R IR ), B ok E R
RIT IR R 7 A, A AT DL, 2 B A 8 0 o
e hE Sl A ZHARE B ERRHAL B2
O FERE B EA TS, AR AL O v 1 o 2 (0
[Fi) R 7 2 1 T 9 ) O B e i %) il A, DA AR
PR e 25110 5 ) B, b 2 AT L e X
Kifh 5 A B RN K P o 185 Y (large vision model,
LVM ) 25 B SR 1 I Bt dE AT IR 24 4, LU
AAF T BRI, X B AT RRAE $2 X 5 LA
PRBSCHE T 8 ST R Ml A R Ok i O B ke
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