BRERKFZZR Journal of Chongging Medical University — 1 —

N TR REAE G A0 Wl 53 Fi il v (4 LT 5 i 22

FER T RAR, ) INEIT, E 4
(EHBERI MR L R A T E Fe b iR AMEF, LT 100000)

(# ELBIRRGOMER—FER R G R RSFELEE T 2R ) 3, HORS 27 T 45 40 A i oA . 55807
EALLAMETE S B HLEZ 513 (computed tomography , CT) B AR 5y 57 K 2550 8 14 FR e LU LI R 7R oK o m4Fk, AT
B HE (artificial intelligence , ADF A 3 845 CTRARFRIE AL L8 AR B v T B0 SR 25 2 BB | 76 JC 025 A1 oy 70 vh 52
BT RIS . AR, AL AR 6 R 7 Ak ATY T W 22 o e i« 0O e = 58— i 1) S5 002 AR ) 5 DR 2 S LA (1 - DA e
PEREAR T B (5T RE s 0 B 20 AR 5 15 75 e M 1) 3 RELRS 6 R % 5 B B Rl 5 80 A L5 | R B B BT T e . ok
SIS I AR A AR AL BT A 25 S I B LA 22 S UMENL , LA A4 I R R B Am i A = Can AR5
PP ) o 38 4 Sh B S AR AL A L FT R I AT 0 50 TE S A B - W IR R 83 L ATBR B A 205 0 W 4 M A R S
BT A 1 PRIV P 1) B4 BE £, F5 2 3 0 DR 2 405 00 L I oS o I~ Jp R ol R AR BV 03 SR TS
(XBIRAWIR ARG A N TR BE S50 0 W SRS B AL A A B 2

[FE 2SS ]R69 [XEkirER]A [ ¥e%5 H #7]2025-07-01

Artificial intelligence in predicting urinary stone composition:

applications and prospects
Wang Xiaochen,Yang Boyu,Zhao Youquan,Wang Xiaochuan,Sun Manjiang,Li Jun
(Department of Urology , Beijing Friendship Hospital , Capital Medical University )

[ Abstract] Urinary stones are a global health issue with continuously rising incidence and recurrence rates , and their precision treat-
ment rely on an accurate stone composition analysis. Traditional methods, such as infrared spectroscopy and computed tomography
(CT), struggle to meet clinical demands due to their high costs and limited discrimination capabilities. In recent years, artificial intelli-
gence (Al) technology has achieved significant breakthroughs in non—invasive stone composition prediction by integrating multimodal
data including CT features, biochemical indicators, and electronic health records. However, the clinical translation of Al technology
still faces multiple obstacles: data heterogeneity weakens models’ generalization ability ; the “black box” nature of deep learning mod-
els reduces clinical trust; high computational costs and device compatibility issues hinder technology adoption ; ethical concerns arising
from data privacy and algorithmic bias still need to be addressed. Future research should focus on multimodal data fusion, cross—
institutional secure collaboration mechanisms based on federated learning, and explanatory standardized language that meets clinical
needs (such as decision reports generated with natural language ). Through promoting cooperation in dataset standardization , prospec-
tive clinical trial validation, and the improvement of ethical-regulatory systems, Al-driven stone composition analysis has the potential
to break through the barriers from innovative technology to clinical application, ultimately driving the transformation of urinary stone
management towards precision medicine , reducing invasive procedures, and improving patient outcomes.

[ Key words Jurinary stone ; artificial intelligence ; stone composition analysis ; multimodal data fusion ; precision medicine

PR A9 (Urolithiasis ) J2& 42 3K i [l P9 8 5 & 19 M6 JR R 42 PR Z— , R BAE L T o BN AL TR
[RJ RN AT B W, AR TR G A R A R
o ik 5%~10%", H it T 83 I E A BE T Re 2 5% — & 41
PRI IR I EE S Ky i) LT M = W

SRS 4, Email: ljun@yeahne, B/, = E S MA R R A A R R AR TS B . M IR
BETA LR T A4S RA @ LR R (hF:7232027). BRI AR AR — Al s T JEH £
Tl AREZ R, 8 R = I I R 5 450 AR R E

AHIERT, 3k — B MR T SRS UE 12T AR L GE IR TS .

{EBNLE. L% 2 ,Email : wxedoct@163.com,



— 2 — ERERXFFR

Journal of Chongging Medical University

WADR 2R 4540 (03 22 R SR e R B A DG BE PR A 2 — <
FTRAY WEIRES | PRIR S B M2 A1 AN R B S5 41, T
PIBL 3697 T5 58 B 00 15 it b S A7 e 0 e 22 S ol
PRIRES A 0] 3 2o PRB A X — 697 7 A T R0 i, Tk
ZROR TR ESA5 A0 BOVR YT B0 ) 5 2 T xS AR R DL
i A RSV B, N X AT 1 v B PR B g PR A A T
TIAER, DRI, 5 A o0 B R SRS o T RE 8 45 = B A X
BE AT EARTT BB AME TR RIS 450 2 %
JAURSE, I I R 8% 285 40 153 3 A 7 A 45 AL 27 43
1 LLAMETE (fourier transform infrared spectroscopy , FTIR ) 43
B X G £R A7 8t (X—ray diffraction, XRD) K 318 LW )2 13
(computed tomography, CT) 4, J& X LT vk 4% 12 R H |
FRSBRIEATI AR 20 - A2 50 Wi S ABRE AR ELME L DX TR 0
51 XRD I FTIR @ 2245 40 B AREA i ZAEAT IR ATEF A
M7 CT 141 e RE SR BLS5 A TR 2505 B, (EL0S 45 47 173 1) 2 S e
BVEAT IR OUHOR IR RS I E RS )7 Ah, B HOR
PR T Ml B A AN B TR] I B AT I TR) A 22 5 A A v 4 ik
L PR T AR L BT rh B X SR BRI e R A5
HIRE TN R NG HER TR

P4, N T4 BE (artificial intelligence , Al) £ R 7 5 2
ST R R R A W PR B A A (2 WTRIR T AR A TR T
AEME . AL A TR HE 27 > B0k AT i ORI B2 505 P A lou
FHE , 0 CT AR 34 25 47 SC8E K = ) S ST L DA 52 B JE
BIPEES A RA TN e Ah , AL R R A 22 R R A B
(R PREAR 28 PR R ) SR Aty S FEEI AR Y, AT E— 2D
ALT? IR s ATEOR I 5| AU B2 5 AL 48 7 15 4
JRIBRAE , i mT REHE I PR AR 235 41 8 L I R HEAL R REAL D7 1)
i

1 PR REER ST

1.1 BB B4 oo R B4 &
WAPR R EE AT A U 2 2 B, L 2Rt R B T4

14 P2 143 A0 AR S5 4 o AR B DR AT E B B (Interna-
tional Urolithiasis Society ) 453 25hRifE , 45 A FE 40 R LT 26
L BRRAG 45 A0 (1 HE 70%~80% ) 2 e i WL, HOE i 5
o 55 PRAE 725 5 I PR AE AV R R R AR 2 DDA G, ELAT T Tl
FERLG B 4 e, AT 5 BT A R a2, B
TR 55 45 41 (10%~15% ) % 5 B /N 1 vh B2 T 12 M IR e A 56
5GBSR, PRI A X 21 TE B 2% A Rk B3R
H g, RERES A (5%~10%) 2 UL F IR FK pH 1H (<5.5) FIIE
ARG S BB, P o PRI AL S B AR e, T S e
BRGSO R AR RN B E MR S5 0 (1%~2%) 8L
PR R 5 R T B 4 Ay (32 R0 b W e 6 ) )
57 J A B (AN A8 T AT BT ) B e A 06 L T IR A PR UL R
I R Ia] AT 65 A RO BE AR F R I 2 A 2 57
W, lan, R 2 25 47 B CT {H (Hounsfield unit, HU) il X T
500 HU, T & i@ 55 4% 43 1) CTE8 % = F 1 000 HU, 3% —4F

P I 25 T2 52 WA A4 A1 i it 9% 8 47 R (extracorporeal Sshock
wave lithotripsy , ESWL) Y7 AL, 4547 iU 73 1) 22 5 B2
T BEA X TR T RS AR P CUNZ W35 ik A S b bt B e A1
ST AR T B AT 7 58, DR HORE e B9 45 4 1o 23 1T 2
ALY T TR A% DI
1.2 AHR2E B Mo a7

1G4l 41 L3 3 W J7 vk B R 5 eI DA P .
BSURRR DI FTIR I XRD P REARAT At AL A4 , B0 2540
XN BRI ALK 2 R OT IR TR 5 RS AR
SO, JUIE T TR R R 448 L T B (scanning

electron microscope, SEM) 45 A fE R A M (energy dispersive

spectroscopy , EDS) 1] AL 45 A TOWTT R 40 A, (B A BLA S |
BRI 2R R BRI, FET R Ik, JEHE 38 CT (non—
contrast computed tomography , NCCT) 7] i 3o Jll 4% 47 HU {H
X 43 PR R 5 A DR BR 45 A, (H 0 75 R 46 | B R 45 B bk 41 R
25 0 S5 R A B, TR 45 5 I R 2OBLRE CT (dual—energy
computed tomography , DECT) #E— 441, DECT F) H £ i€
XA R 22 57, AR PRI A A1 SN AR 2 90% , R
o LA KRR R SR e eAh PR A B RT
TGN S | FR | BRI S AR Ak 4 TE] PP A 5 4 U L 1HL
SZRET SR (] B A I Ty VAR R AN

BEAI ARG IR R 4540 L7370 W T W 22 T B A5 i
RSB G o Ho— , BRI A AR (AN A3 X S LAt
SRS AEA I BT, o AR P I2m 45 T A JE 1 24~
48 h, FE LR A5 T M i AL ST AR S A
OIEEATRETI AN 2 25%~35% 4541 N Z AR AR AL 4
AR TR (INPARE CT AR ALZE £ 3 & HU A, X LA AT 25
(] S o 1, B A2 W iR 25105 Sy A IR AR AT R e 5 A BR
il , DECT | S48 CT 25 Se #E 5 48 148 2 PRy PAILAA S B 321, A6
DU A T3 08 CT, BRI Tz i PO, X Se ki 2 1 I
KRR TCA S BT A A O EOR E VIR K

2 AISZERBS SN

2.1 AlMgik

ATEARTE MW IR R EEATLTT B R B AR T =K
L AR HLER % > (machine learning, ML) | ¥ £ 2% 2] (deep
learning, DL) Fl H #& i 75 4b 2 (natural language processing,
NLP)F AR

BLAR 2 IR AN R (927 2] 77 3, 70 o W = ) e
S FBRAL T o W o SR LA AR A ) cdl (i A~
X)) g HEROT ATEAT YN, AT 22 > i A 80 i s g e 55 5
Fo i W ) CANFEALARAR S AL nl LM ES R4k
f1e i RS (A PRI 250 CT SE AR ) v by S T A5
B A HZE A A oy SUER AR KA T . TE MR ) (2R
M) AT LA TC 5 5t v 2 B S ) 235 # s, T LA
FHTF I3 A FRRFHAE A e PR B, 191 AR B AU AR MRS 45 471 f8
HOT N R AR R B AR A TR S 4 T 3



EXRERKXFFR

Journal of Chongging Medical University

_3_

SRR 2] DR Ao 5 PR 9 32 2 2 S DR SR, 2 1173 5 2
Pl AR ST LR BTy, an3E A sh A& 38 B AL He SR, AT
BT AT DUR S R R T 5 5

IRIE S 1l 22 2 0 28 2K B R AR IER Y, Horh AR
28 M 2 (convolutional neural network , CNN) ] DA7E CT 5214
A SR 2 R SO TE IR A S s 8] S B, X R R
5 55 TR R 45 A1 1) 43 R VRS 2R A 122! 3k U o 445 X 4% (recurrent
neural network , RNN ) W4E - 73 87 55 A [m] B[R] 4 54l (4 22
UAARKG AR LS ) , T TI0IN 235 1 A R 35 B 52 R XU

HREF A PR AT OO X 2 —, BRI R AL
fife R BRI T . HAE AR R T SE AL
arE o] P ALE S BB ST I N TR
Bl RG B R BT SOAR ST 4 5, 38 idd BERT 5§
A8 TR 7 4 FE 195 7 (electronic health record, EHR) A7 A9 JF 4%
P SCA (g 5L 3R AL 8% 45 A 1R 5 S0 50 = il
T 22 BEAS FOMAE SR , 7T LS TR A0 Rl 1) R 0™, [ isf
SRR PRT R H A e 15 i PR 201 27 5 AR A 2 i, S IS AL T
FRAEUE AL

T, AT ARG o Z RSB G GER+SOR+4 1)
T T VR ARG IR M R B ST T 450 o343 A i) M
PEMRUE , W BEAAMEATE T B RYY G TUS SR A T
WS Bl AL HC I PR A A AT o A TR 830 22 AP i 22 (i
& NI 225 SERANZ ALRE I AR
22 A5 %5 ma ot
22.1 ALSEZEARNCT MRLXDE)  ATEAR, 512
REES 2] 5 QA 0 RS TE W S 50 A R R 45 A W3 1Y)
TG AT . BT CT SR 00 ATBE AR AL 3 #1745 41 1) Houn-
sfield B2 (HU f8) , 30 3 1o 48 B = 4 23 [A] 0 A S0 B S Jooe
K Je PR SEE Ul A 5 22 R ARRAE , S92 IS A0 8L 1Y e e R X
Gro B, CNN S54SR 4L 2 FRAE (I GLCM &L 2 GLSZM
X AR ) 44 22 (1) Bl A AR 78 (deep learning radiomics, DLR) ,
T X I 45 Jo v 4 '%(medullary sponge kidney, MSK) %545 54k
MSK &5 4710, AUC #5 3% 0.98 , W] {ib it B 1% ¢ CT B {EL 20 BT 15
(AUC 0.85)" gAML I BAIT % 1) Faster R—CNN
R Bt Bl R S S IR BR S A 0 AT 55 - B
{8 (mean average precision, mAP) ik 84.67%, 13 Inl F i
91% , HAERE DL S8R TR R 285 41 i Z BRI 1 5 3 R
PR VR 2 15 SCHTHE . 30 6 JR R MR AR T 1R SR Ak
3 3 T B, S SRR T CANBR R 45 A1 BB ALY 7 125 ) 2
NS SEE N

TE X ST 5 3068 CT 4, ALiE o PRI 5 2 55
O HTIEME T B PESE  As RS . AR OV P 45 (generative
adversarial network , GAN) K A XX 43 HE R X G EMG HE 1T
i 73 R A o A M iR DR TR 45 A0 SE ARG L H B Y 5 g
1 A AL G 05 IS FR A R BRS04 R B T 20% .
1M DECT &5 & A1TS %5, W3 33 XBE 2 3% 9 kL (dual—energy
index, DEI) 54 %k J5 7 7 3% (effective atomic number, Eff-7)
LR AT AL T Lo S A . i an, S CT7E JLEE |

VR ¥ ATRFSE b, R 80 kV/140 kV XLHL R R CT{H 2200 &
DEIA (B 1 22 5 (P<0.05) , SE L T RERRAS (IRIR )2 Lt
WA RIUNE Z R DU 26 Al 45 1 1 DX 43, A R 5 £L AN i AR
ORI, R IRES A1 H 5 B B A R DR R e, L
Sk AT R A A —— BT B X R AUC 8 A
e b2 RG2S SR LB TR L

222 ALHIGREAEIZE 75 NLP SRR A =R R 28 X
WU WP AT E 2T T W AR R R R 4 A A
5303 BT B BRIV S VE DT 1T 0 2025 4E K T Frontiers in
Medicine 1) 1 TURIF5E A 610 iZ WF 58 IF & 1T 1 #4424 DLR Y
A IR, L BTALR 1] ResNet101 2244, M CT JR f#% 3 5%
(computed tomography urography, CTU ) [ 1 $2 B BE 24
FHIE, IR 6 T 15 TSR AR (U S5 47 1925 18] 534 i
JBE DX f) %5 B S B PEA5 ) L U IX 3 T B B 1 4 (medullary
sponge kidney, MSK) %5 1 54E MSK 45 1 . BRI IIE T
[ 1 (area under the curve, AUC) 53] T 0.98, LAk, iZ A=Y
AT T HL T R IC 5% (electronic health record, EHR) Hf
ARG AE A SCAS (9 G 52 RS A G v L [ e o i
55) IR Grad—CAM "] AL H A E AL CT S48 Hh A4 14
225, IR L3 MSKO 1) 9 1212 SRR AR T 37%. 1R
FYF 5T, AR K25 1Y ChatEHR R 4838 ] T RALE 5%
B, S AR A 0T A SR AL Y IZ RS XA
SO 1 RIS AR A S TAR SR s B v 1 X 45 47 A G 5
PR 7 i i A AR

3 DEFEH RS

3. BEHRELHEE A

AT TE WA PR AR 45 A0 1 53 F00I0 e 1) 2 B v B8 4081
B SRR R . AR, A B A TEDT R R
MR, &0, B R R B T 450 sk 24 (i
5 RIR VR ) HAE R IR/ B (AR B B X)) , A
B AR ME LUBE 35 IT A WA, S BORE Rz AR I 2 R il
Ronneberger O S 1 W2 (UG BFIE R, 56 T 20— HLAL £L
PEIIZR AR AE SNER IR UE FP AUC R . 53 AML SR I PRECHE
FRYAS — S CAS [a] 52 30 A 5 325 ) Il 2 B (Al 24 h FRWE
TIMTARTERE ) RARZEASHERG (AN e A5 1 U ) i B i 55
Tt [ R 25 W) 0 2 I R S ORAES, e Ab , 25 4 sy
AR AR TE 7 2 2 58— vfE (40 CT 8245 h HU {6
2258, MK HE— 2L fin el 5 A5 R IT Z5 i PRI 3 5 485 51 1 R —
s
3.2 Hikey T RARM

JSAE R BE 27 S AL (41 CNN | Transformer ) % T-45 40 1l 53
T ELA i v M ) O 55 (E I PRAR T RR AT 2 s R 7 T 1Y
FERPRAR, B2 R 2 X L oA 2R 1 e SR A A (2 Sy ]
BRGS0 R RS AR IR AR ) L X BRI T ATAE M R i)
TRAERE SRANA . D g Al AR, WFFE 3 T 221K 5 vl it
BN T2 fE (explainable artificial intelligence, XAID) $ 7R



— 4 — ERERXFFR

Journal of Chongging Medical University

XATHEAR R — 2S5 A 48 5 N T80 BEASE Y 35 1] J32 R0 mT e
AIHOA (S BEAS BR A 5 AL A AU B AT SR
o ARYEME R A 07 M AR, XATER AT 73 Ry 226 —
S T A A R RV B AL AR By B AT I T 2 A Y A
T 3 P TR A4 AR | R DRt A e 9 37 5 (A Al 3 D AU
VAl o 53— R TR R T 0 SR AR (IR 22 1 4% )
AR DR SR AT S R R, 3K R 5 VA AN SIS R 2544 3 o A
Ty B R o B A e Y N £ B (Shapley Additive
Explanations , SHAP) {5 fb 45 ##4iE (40 HU A\ JR 55 7K °F ) %F
TIN5 SR B R0, Bl PR SR T AL AR A [R] 2R L A 45
JGF o SR SX LT VR AR S AR CUNIR LA 22 R 2% ) v (14 1
FRAT T 3955 2% B2 o 5 A R A A g ]
3.3 AIBEA 69240 EE A 1A

AVEAITE Y G Bt 1 R B 5, (EAE S Bl IR 2R 45 v
i DRVBC A1 22 5 CUNAS [R) i IXC 1 ) A 0 ) S 5 ot il
AR A RIS E P R R 0, BT RS ARV 5 g A 1
AUCAR T B E . iz ALae )y, Fe# 2 i LU 3R
W E ST g — R AL EE A L 2 b AR RS R
[l M XU o B RO, O SR FI S — b i e (A [l B R A
K B 48 )™ 53 A AT AT I B 2 >, ) T AR L (A
ImageNet) 7E/NEAEE b GOR , 9020 3 R REASEAR 1 80308 1)
MR [ ] 3 T 1 IR 527 21, AN 52 I AR 530 4 i
T ESHUR RS YN ZAR L, 2 T ATRE YA ] 8 38 B4 1 1
WLPER,
3.4 R E R P T AT S A A

S ATLEBE EHAT FORWE 1, Mol PRE% AL 1 i 22 22
PUSEPRAR o o 2 gl e JRAR [, ATBERY B4 T % iR S
HeI s S (s e RE TR B AE A S A D), B
[ g 5 2 A1 B B 5 (4 GPU R 55 4% 5 15 DI alk A B2
T3Ab it BEARE B A A, AN ) R B i) s AR 4% (A CT
A B 2 BB ) 22 S T AR S M ALRRE B 1) P RE AR
PEN, SBAT R I R TIEAS JE Y BRI, A DI 5E 22 5T [l i
PR , B = AR I R0 56 UE ATLE S PRi2 T 35T P Y
RO
3.5 AL &AAE

AR [ 2 T v B0 100 P 8 B i 3 B0 B A -5 12 X
B o N, VI 24 ATRRY R R ik £ Bl CAnse 48 i) | 3%
SR T RR AL S BURE B (Anis i s ) i R 2B P v g
SPEBAFAMEFE S, AD , ALSE TR T REAF7E i WL (A0 45 <
TR B 31 ) T Gl 22 ) L SEMRASTT 2 o SR R I L [ R
it TN B HEA T B A4 A5 I, LU AR = 5 A i
R ORAP R BRRAY; () IE A T B o A A5 A, 0 R AT
BT 2 55 0 AT 5 B 2 A8 BEALIE (A s ] 3 Bt i/ Mk
Ji o) e,

WA DR ZR A R — Tl S o R A R B e R A

), RS 127 M T 45 0 o T T . 1L 5 Tk
(k58 (CT RS BAEIR R Z A EZ R TRA
P AR 1R BAESG EAS JE A5 ) LA AP T T
Ko LA, ATE AR B P & R R 4 A R A B T 4
B sy % . i ML DL FINLP Z54 K | ATBEIS M2 14
Bt S50 == MR S R A B T SR Z R AE S BLAG
A1 53 I TE BT 55 AR T A

SR, ALEE A I PR AL AP T I 22 R . &5 A o
B T ek 5 o b ) RIS 1 R 4 A O I R S
Pa R U5 G 55 BbE S B R AL BE ) 22 R, bR AN — B
(e PE 25O dE—H I TR 2E . Bkl iRt R
JECHN PR R ) B AR T 3 A5 AT B, A8 T i B AL
FeAR (AN SHAP ) #2417 — 2 R Jr 2, (0 H 7 & Zu il o
BIRE AR EAL . BEAL  BRNZ AR fE T 28R FHL X | i 45
NS Tl B A2 ) SRRk S R E R . IR
I FH LA DU 37 1 v B AR (B A P e 5 i 2 ) R
WA (A0 CT S 5225 ) , M PR FFAUR: (Anis 1%
B 8 )t 75 38 3 B B 4 Ak Bfn a0 B A A S WA n A

B

R, ALHH B 285 0 153 0 BT 3k UG AR A o K Jie (R A% 0
NEZAE TR — T R - R B P R QTR R o 4%
R 75 BN A B A T W AR AE 5 SE R IBHR
o (AN PRV pH L TS 13 B8 ) S 35 AT 20 5080 (e 2 1 A A
ORHEIR F27 ) VR B w5, 1) P 6] e 2 IO 45t A\ BRI, AT
PEFHAGIY (0 1T fifp e 5 S 2 P A O . [RIE Sl A 2
> SEEES AL B MR 1 e A R B A RS S Ak
BN AS IR (U CT b 22 5 AN CInfR iR IE 25 52
BIVZACRE ST o bS] e X L, 38 75 & 1T [ I PR 1
FrUEAL iR BEHE 42, 451 4n 1) ] NLG $52 A S 454 B2 A= A S0 Y
TR 55

FEARBIETE H FNlG R A BN 8 S 4k 5 22 b DME B AR i
PR T 22 A, A 25 A 1 ) S S M A TR R, bR
G507 55 B E AR S5 R 0 0 R (OB R R SR s R
A5 ) O A A T RRAE (AN R & 5L BT S ) 5 SR 24
h GRAE AL CUn e /55 2 /M R TR LU A ) (BRI 98748 (N SLC34A3
PR ER 18 AR B BR ) | T AR v e SR AR S 2 R G A 45
I ELETHR A L5 47 38 ] LIS AR R Bk
FHN BEI TR IR T DL A — R i R PR I RIS, 36 TE AT7E
ST s s e S KIATUE B, SR, Beg
il 72 #5012 58 3 BT ATASHA AR R, B B L i
JilRILH] S BRRA SR . A A B 2E R ME B Ak
SRR, A ARSI IR R A A B 2 B IR Bl B
AEIRh ™ AY A1 T, IR HE BT B — R

S ALEERAE WA PR R 85 4 13 43 i i o R R B T
E R TT, AR TG0 75 W R PR, 38 ks o =
SPEEE TR0 T H . SR, BESC B ATFE IR PR P 19 T k),
e DB BOR ARBRAF 2 Bk AR . S B RS
VESHRRELRIHT , ALA BN WA R 2 25 A B B0 Bk Bl T



EXRERKXFFR

Journal of Chongging Medical University

_5_

Ay B R T R R R HER 12T T IS
& X X #

[1]  Yang BY,Zhao FZ, Li J, et al. Epitranscriptomic profiling of m6A
RNA methylation in renal epithelial tubular cells stimulated with cal-
cium oxalate crystals through microarray analysis[J]. Urolithiasis, 2023,
51(1):57.

[2] Yang BY,Zhao MS, Lv JC, et al. Porous Se@Si0, nanospheres in-
hibit calcium oxalate kidney stone formation by oxidation resistance[J].
Ceramics International ,2023,49:8856—-8862.

[3] Sorokin I, Mamoulakis C, Miyazawa K, et al. Epidemiology of stone
disease across the world[J]. World J Urol,2017,35(9) :1301-1320.

[4] Daudon M, Bader CA, Jungers P. Urinary calculi: Review of classi-
fication methods and correlations with etiology[J]. Scanning Microsc,
1993,7(3):1081-1104.

[5] Sakhaee K. Recent advances in the pathophysiology of nephroli-
thiasis[J]. Kidney Int,2009,75(6) : 585-595.

[6] Tirk C, Petitk A, Sarica K, et al. EAU Guidelines on Diagnosis
and Conservative Management of Urolithiasis[J]. Eur Urol,2016,69(3) :
468-474.

[7] Hesse A, Tiselius HG, Siener R. Urinary Stones: Diagnosis, Treat-
ment,and Prevention of Recurrence[M]. 3rd ed. Basel: Karger,2009.

[8] Zarse CA, McAteer JA, Tann M, et al. Helical CT accurately re-
ports urinary stone composition using attenuation values[J]. Urology,
2004,63(5):828-833.

[9] Van Appledorn S, Ball AJ, et al. Limitations of Noncontrast CT for
Measuring Ureteral Stones|J]. ] Endourol,2003,17(10) : 851-854.

[10] Litjens G, Kooi T, Bejnordi BE, et al. A survey on deep learning
in medical image analysis[J]. Med Image Anal,2017,42:60-88.

[11] Kocak B,Kus EA,Kilickesmez O. How to read and review papers
on machine learning and artificial intelligence in radiology: A survival
guide to key methodological concepts[J]. Eur Radiol, 2021, 31 (4) :
1819-1830.

[12] Coe FL, Evan AP, Worcester EM. Kidney stone disease[J]. J Clin
Investig,2005,115(10) : 2598-2608.

[13] Daudon M, Jungers P. Clinical value of crystalluria and quantita-
tive morphoconstitutional analysis of urinary calculilJ]. Nephron
Physiol,2004,98(2) :31-36.

[14] Qiao LD, Chen XH, Wu WQ, et al. Interpretation of Chinese Ex-
pert Consensus on Diagnosis and Treatment of Upper Urinary Tract In-
fectious Stones (2024 Edition)[J]. J Clin Urol,2025,40(02) : 101-104.
[15] Moe OW. Kidney stones: Pathophysiology and medical manage-
ment[]]. Lancet,2006,367(9507) : 333-344.

[16] Liu Y, Song H, Luo D, et al.Zhang G and Li J(2025) Integrated
radiomics and deep learning model for identifying medullary sponge kid-
ney stones. Front Med, 12:1623850. doi: 10.3389/fmed.2025.1623850
[17] Kambadakone AR, Eisner BH, Catalano OA , et al. New and evolv-

ing concepts in the imaging and management of urolithiasis[J]. Radio-
graphics,2010,30(3) :603-623.
[18] Jendeberg J, Thunberg P, Popiolek M, et al. Single—energy CT
predicts uric acid stones with accuracy comparable to dual-energy CT—
prospective validation of a quantitative method[J]. Eur Radiol,2021,31:
5980 - 5989.
[19] Pearle MS, Goldfarb DS, Assimos DG, et al. Medical Management
of Kidney Stones: AUA Guideline[J]. J Urol,2014,192(2) :316-324.
[20] Zhan XF. Establishment and validation of a predictive model for
urinary stone composition based on artificial intelligence and CT images
[D]. Baoding: Hebei University,2022.
[21]  Sutton RS, Barto AG. Reinforcement Learning: An Introduction
[M]. 2nd ed. Cambridge: MIT Press,2018.
[22] Ronneberger O, Fischer P, Brox T. U-Net: Convolutional net-
works for biomedical image segmentation[J]. Med Image Anal, 2015:
234-241.
[23] Dayan I, Roth HR,Zhong A, et al. Federated learning for predict-
ing clinical outcomes in patients with COVID-19[J]. Nat Med, 2021, 27
(10):1735-1743.
[24] Zilberman DE, Ferrandino MN, Preminger GM, et al. In vivo de-
termination of urinary stone composition using dual energy CT with ad-
vanced post—acquisition processing[J]. J Urol, 2010, 184 (6) : 2354—
2359.
[25] Lundberg SM, Lee SI. A unified approach to interpreting model
predictions[C]. Advances in Neural Information Processing Systems,
2017,30:4765-4774.
[26] Kazemi Y, Mirroshandel SA. A novel method for predicting kid-
ney stone type using ensemble learning[J]. Artif Intell Med, 2018, 84:
117-126.
[27] Lundberg SM, Nair B, Vavilala MS, et al. Explainable machine—
learning predictions for the prevention of hypoxaemia during surgery[J].
Nat Biomed Eng,2018,2(10) : 749-760.
[28] Topol EJ. High—performance medicine: the convergence of hu-
man and artificial intelligence[J]. Nat Med,2019,25(1) :44-56.
[29] Zhao YQ, Yang BY, Wang XC, et al. Exploring the Interplay be-
tween Calcium Oxalate Crystals and Renal Tubular Epithelial Cell In-
jury: Implications for the Formation and Prevention of Kidney Stones|J].
Integr Med Nephrol Androl,2024,11:e23-00022.
[30] Wang J, Chen D, Huang W, et al. Aptamer—functionalized field—
effect transistor biosensors for disease diagnosis and environmental
monitoring|[J]. Exploration,2023,3:20210027.
[31] You C,Shen Y,Sun S, et al. Artificial intelligence in breast imag-
ing: Current situation and clinical challenges[J]. Exploration, 2023, 3:
20230007.
[32] Tang Q,Wu GW,Sun L, et al. Diagnostic value of a dual-source
CT-based imaging model for upper urinary tract stones in children[J].
Chin J CT MRI,2025(01) : 143-146.

(T4 % A —F)



