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Abstract

The precise diagnosis and treatment of multiple myeloma (MM) have long relied on invasive bone
marrow biopsy. However, its insufficient systemic representativeness and repeatability have lim-
ited the reliability of prognostic evaluation. Radiomics, by extracting high-throughput quantitative
features from multimodal imaging (X-ray, CT, PET/CT, MRI), and combining manual features with
deep learning algorithms (such as convolutional neural networks), provides a new pathway for the
non-invasive panoramic assessment of multiple myeloma. Studies have shown that radiomics
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models are significantly superior to traditional imaging techniques in differentiating MM from spi-
nal metastases, detecting minimal residual disease, and predicting bone marrow plasma cell infil-
tration. Nevertheless, its clinical application is restricted by insufficient interpretability, lack of
data standardization, and absence of multicenter validation. In the future, itis necessary to promote
the transformation of radiomics from scientific research to clinical practice through interdiscipli-
nary integration, algorithm optimization, and large-scale prospective studies, and ultimately
achieve individualized stratified treatment for MM.
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1. 518

% M 98 (Multiple Myeloma, MM) @& — o B 2% 20 i S5 5 S 50 AR P s, JURRAE 2 7E 4 B 1 3
ZAERALAFAE MM A1) [2]. MM 228 8 DL MR B2, BARTE 40 & LU N B IR, H
HAEZHEZRE R R IR A BT ETH3]. BEE N LZ AR, MM 995 R AE R N R8T R, MM
J3 151 A\ 1990 £E 1 65,940 filH hnF) 2019 4 155,688 4, Hin T 1.36 1%[4].

MM 2 5 B R R I, B AR RSO A B S B NIRR S ARG, bl
KR B TG, EFEAENIRIT TR HEENEREERL RE MM 2l B e MEE 5],
MNEE JE _ERRAR 51 S B B 5 R P A SRS B 2 H0n 2 41 12 1E (Plasma Cell Infiltration, PCI) [6]-[8] =4 i
AL i [9]-[12) A E B B A AR AR B AN B, DRIMRIAE A T2 B RS 20 2 R R REPEAR [11] [13]
RN BETE AL SR SR AN BE R AT Z W kLA B W A & [5]. aEam e g RREMES
PEAE, B, FRATIE )75 EERe 8 e S 30 AR 2 8] 40 A0 A1 R R AR A B8 7 T By, RARIE[14], XF
T &R ISR, FAG YL A 0] AT R LU AE . BB A AR SR A I HOR, R B
BF MM JAER NS BRI TG PR, A SCEISE 25 2 515 2 R Vi BEIR T AR S e it R AT 2R 0A .
2. RBEESAMEIEPNER
21 B XZERRE

X Z(X-ray, XR)TEEEFHIZHOLIER 2, 5 TIRMHAEE . 15 80%H) 2 K 1t B #E 0 B 17E
4 5 T B A T (Whole-Body X-ray Radiography of the Skeleton, WBXR) 4 &4 5 8% % R IFSE, 8H 5
Ma fE B (66%)~ N (45%)~ P (40%) JH #(40%). “H 75 (30%) FIKH(25%) [15]. 7E X £k b, HBERn %
B RN FHEW AR A, G, FEAEEWIT CFIL” AN B RTE I X LA AT 2,
AL B R B R B FE ARG, R 2 0% 2 1B /DN P A IR IS, 55 A8 A ] REAE IO 5 4B WL[16] .
22.CT

5 XR M, S LB Z 1 (Computed Tomography, CT)Je— 7 5 7 B AG I 5154k 58 1)

B T7 e BN, fEXT 212 44 MM H SMM (35 1 [V PEAG v, 25% (54 44 58 3#) 1 WBXR 21, 11
1E4 B K7& CT (Whole-body low-dose computed tomography, WBLDCT)H S 345 £ 48 (P < 0.001)
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[17]. BT CT 7EALN MM ¥ M A8 U T B A 10 e i Bus v, o (0 [ B 898 1 4 (International
Myeloma Working Group, IMWG)#2 i #5 it i, 7€ CT 5k PET-CT ] CT # RILK— PR EZ NS MM
B9 B VA B PERIOR B A2 (25 mm), ToiB7E X 28 Fr b 75 AT WL, 3330 S e 0 9 75 B A 9 A8 [ 18]
£ CT b, Wi Ve SR B 1 RE RO AR YE . 1 S R IE AL, A TREM, 7“9l M. 4
AL % BRI, RO VA A AR R I PR SR AR L S . 2 R P B th T R B P 5k
PR IRIERAS, SOF A H WL B MR AR [19]. AR, CT 1EIRIT RN VEAL 1 1R AR ST B, 451
&5 PET-CT #1 MRI L.

2.3. PET-CT

IR BT 2 4% - TSI 2 5 4% (Positron Emission Tomography-Computed Tomography, PET-
CT)AEHIEA MM B I, TNAA YT RS PPAL[20]-[22] . PET-CT Kl AR s 2 it Th e PP 51
FE CT #MEMTEASE BAL A, BULSCHVEAGIR L RG YT G B8N M EESN s A A TR 1). Har
IMWG ZWibrdEsR i T PET-CT St T2 WriGsht: MM S Z1E[18]. B4R PET-CT 722 WA i Jy i A
A RO, B 5 T B R PP VA T SO RBf E R BE . —T0AL 10 TEEFE . 690 4% EEE 1
KRELEZEG 3 4518, PET-CT A B T PAlIRT7 RS AIVEAS B (K200 #62[23] . AR )&, PET-CT
IR s B AR A v AT A R DA S sk Z AR HEAL R br e . 5 WBLDCT ML, PET-CT i BAT 5 e (48
5 2 ER AN BE K (1 e B 1)

(A)
3 3 A -

Figure 1. Schematic diagram of lesions in PET-CT
& 1. PET-CT #ktREE

2.4. MRI

R IR 1% (Magnetic Resonance Imaging, MR A K GF X LLIE, W LATE CT & 24 kR
Z AT MM RS 5 IR [16]. 2 R MEE SRR A T MRI (B 2), e 02 Rk A2
BISIRIEMERZ Ry R R TRIE S RITRA Y SRRV O, AR R B RS, JEEA RN
5, DA EREIER[24]-[26]. MRI 24 I S0 & 86 I S USRI A 7. T MRI B A DU #ZH 21
XTELSE, 5 PET-CT #LE, MRI AT B GF O AR AR, RN A AR SBi[27] [28]. #RTMT, MRI Jf
A ST HEASEEAEAKE MRI BT E&ES, MRl 2221, MRI HFFEX
HIE], X TEREE, RS EREERR R E. &5, 5 WBLDCT MEL, MRIAEXT AL 51 .
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Y / i E \ A A , .‘-'
e AR TR ENR BoR: A, IEH; B, 7B, C, FrBU(HK); D, R MRk (Fi k% Rk
AR); B, RIBPEAIYSIEL CERLFNEIR M EBES R

Figure 2. MRI patterns of multiple myeloma (MM) in the thoracolumbar spine

2. MRI _LRafEHER MM BB R

3. MSAYE

IR, WARFHARCGHERE, NI 5 MR R TR 3NL[29]. JBUR 45 T 2012
B, R FPET I EUR AT i, aT DL RRHE 2 S b B SR IR Bl 0 EARAE[30]. JEAESR, T
SHHZAETH RGBS W T va7 5507 T R R IR A3 T E R U HSRE T R
WL SR L VbR B I 8 R PA IR VR [31] . NS R AN T R B P B U S RRAE T DA S B A 1)
fEHI R T REAS B [32] o JEUR 42 IR SR B T R R B KZ BRNIRE A WS B, (Ha] DU A
F B AT Bk, 3 DR A B b P A 7 2R Ao R 2 2 o A R R R Tk T AR
FRFES: 2] o

3.1 FIREEHERIMSES

T THRBURFAE P EUR AR SR i 7 BR rh AN BOGER DO (5 2. 7T RE A2 iR DX skl A 2 1 [33]
IXECRHE 2 ZFEN, (H 5 HARHEAR SC(Blan, IR, Ry7 LR A5 R) . — RN LoE 21
Jr MR A 5 2R IR, DR MEAS R B IR AR AE,  DMEAER AT AT SEsb At vh 45 R T THRMEBUN A
FEEASRAERE R S B BUETUEE . i E RS O R ST TN BE[34]

32. BT REFINHGESF

5T TRHE BB AR B, R B 5 23 R FH 0000 DR 20 1R 77 328 G S A0 197 44 Py ok 44 22 70 AH ELAE FH )
B ZER IR A M R B, 8 B2 A TTINGR AR R A R, ONE, B 2R
NEAR 4o — AR, DM IR B [35] . Bl 5 R 22 (1) J2 ) 63 N 08 () 5 e, S0dbloie
R GONIRBERIER TR . BT, 15 BRI IR FE 2 I RHIE N 28 (1) B 4 IR TG 40 R IO 45 R . IRBES )
Mo R RN TR N AR A R AT 1153 F[36]
3.2.1. WIEREFTRALE

FEF IR 5 ST IR L S 0 7 B K R R A RN R 2 4% . DRI, 75 BRIRER R AT RE 2 IOREAS .
B T EBUR AR HEAL A B R 2 4h, BB 3R T — PR A B A B S, Rl TR B )
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FBIEUR 2T [37] 0 WL A K 1 i T i B R R ATt BEMLEE L. KT ISR

3.2.2. HBRMEMLE

TERBUR R, K2 BT IR IS 5 2] (BB FH A5 R 20 I 28 R 6 F UG RRIEAS H TR0 45 2R . A5 A
G WA —Fh L 1R 2 o) BUG A3 1) 43 A7 T B T (4 22 I 4, TR EL R 12 T 7 THI (¥ T 28T 52 3132 57 [38]
IEANAE RN I 26 BE A% 25 3] o B B M 8 2 R IE — B, ORI Z AR I, BRI M4 GE
PR 5 T0UfS USRI 43 13 4 5 1A IR R AAE (9 4 22 5 %o B B 4T 40 )2 [39] « 24 A3 A I ARARAE JE AT
GRS, BRIP4 A AN e 5 27 2] TR SR TLRS 25 I BT UG R AL . AR 48 X 2 4 FH T 40
SR NEE, KV 2 mAEIE BN, DME G MR SR T 3] [40]

3.2.3. MGETREF IJRER

N T INGRIE T IR B2 ST HORE TR, b 22 R 48 32 T I SR B U SR 10 T ER AR T 37 . AP X 4% 1 4 /T LA )
FEAE ARG B 2E gt R TI [41] 0 B, 3 453 2K B BI0KE 3 Al T 55 T TG P 52 B 45 SR EAT UL, 43 2K R 3
N D 2 A PR e . B R, R A 2R bR B R SRS (R SR BE R I W 4 2 AT R, SRR E
K 00 2 PSR FORE A S BB B4 [42] 0 58 A BB SR SRR N R A Bt 45, R T E DN 2R A0 A s
(0 T B 2 ST i R MR R, B 5 AE — AN B AN T BE S P AT IR [43] . VISR 4R I 45 08 75 2L
TER B AR o 2 (At . MLas s IR R — S0 X, XSS HURE T IR AN R
& [44].

SR, TRIESASTH) “SBH87 Jid, BURTMRRRIE 2 — BRI PR B i 32 BB [ [45] . BhAt, RIS T
BRREHAE A BEE IERIAILIERE, IR H TR B AFIAS L LA ROF F IR 2 5 224 [46]

4. WETEZEE MM IR

U O A TR R AL SRS 2 R M R T AR R DL DS BAT B AT 55
FCAnVEAVR YT SR, B — SE TR AR AT, 28R AR AL X T AN JIHRE e o e A

41 £ REERESEELRBE

R 5 2 R Ve R R S ) A B I R S, RO B AT YR YT R SRR T R 9 78 1A o )
AFMARE. FHERRES 2 RS AA T2 B2 MARFRAE, J0HE 2 R M B8 19 o Mgy
IE, (ERHEMEEETBOELVE R SE . £—TI s, @57 7 T IX 502 Kk i B8 5 7% (0 85U 2%
IR, NG WUREMANTNRES, ek N A58 0.856. 0.853 F10.762 [47]. X5 H K
T —FpEET MRI SR 2H 2 S0 22 1], ] AT 03 42 o R AR 00 2 i e i, B 46 21 R 1P IR .
AL T P ARR N R I ELIG J5 720k X 0 B R A R 22 R M R

4.2. iM% % MEIEEEART R M

W/NER B 9 (Minimal Residual Disease, MRD) & 1Al 22 & Vi #8980 16 9T SO bR #E. Wu 58 NTF K
IOAIE 75 T IEHE MRI U 24358, ORI MM YAYT 5 B9 MRD. AT - 7S AN AE SR ST U
YAARFAE o JEUE WO A RS I MRD CIRZS 7 R I R AP RE (2R P IR : IR
0.980, WMIRXEEH >y 0.903) [48]. ST fk e -1 FF AT 255 G O 20 27 A0E FH S P01 PAC XI5 8] 35 g 7t i 15
KI[49]. e Mg AR M B K TG 32 5% L 28 DL R SR A0 B 20 LERVE AR V89T RS %
WEFCEHE T = ARHE A G A 2L, B R E R RS0 (1SS) 7 I E N SL IR R 32 . TR
G PRABE TR A EL, O 20 22 R AE 1 7 15 P 7t B8 o RS HE AT o e (Rl e 70, A Bl 13300 MM A7 (1
SRR, AT T IR R 5K

mE
@

:U\Hﬂ
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4.3. MAEEBEREFAAKRESER

% RN IR S LT AR B, SR A IR I (PC) AN AN LIS AL 2 W A St 4 1T JRURG: 43 J2 A0 B B VPl #AR
HE, Wennmann 55 A1) B EE S HTEZR R VFSRR AT PCI IARIESHL, %S85 SLhri &
BEEART PCI 2 E AR [5]. ALK B 8 ALy 512 1535 (1 672 4] MRI AT 370 41l A0 N2 1) il
TR FEFTA A RSB T, BTN PCI Y&k 52 bR PCI 235 4H5¢(P < 0.01).

5. ERNREEIRR

REEEJHOREE N =2 1) HIT B BAN 2 ST VR FE N 2% s 2) T i B B2 e =1 IR B
W% 3) HTIREGFIMNREMS, 454 7T . ToIE BRI I 2 Tk 8 IR 2 ST
$5 45 FUpH 22 I 2% (Convolutional Neural Network, CNN). fE# #1454 (Recurrent Neural Network, RNN). H
34 i % (Autoencoders, AE) LK 7K FE B (5 M 4% (Deep Belief Networks, DBN)%. Qiu %5 A[50]42H T —Fh
[X 45 %5 A 4 22 5 2% (region-based convolutional neural network, R-CNN) R FE 2% ST HESS, T A& i A1 4 1)
BERTANM . ZAESE S BTt AR IE I B 6 IR N A 45, R — AR A A HROR AR AL, o i e P P 52
BN, A X SeHE G IR R — ok B — I B, IR BRSNS S5 153 SRR 3 (1 45 Rk 4R T 43 HE:
fik. CNNs Rl 18 KA BRI 53 |2 R, W22 F0 SUHE SRR i 2006 R B 7 0 42 0% 3 22 1) i A SURR
fiEe X A0 o> RRAAESE I AE A BE 2 AR P B O B, Hrh SO EURIR (R T 2 S A0 8 GBI I 15 R
CNN 2244y, 41 U-Net [51], DeepLab [52] 54181 V-Net, LA EE 2 B 43 FI45U ) 58 H B 78 B2 25 . U-Net
SERFIF T Gl 35 A0 A0 A8 2L, RN () IR 4 4 R AN R SRREAE , A0S T8 P & R IR B2 2 U ATE 55

6. FIRERE

FERETE MM 583 3% 8 5 2 B R ST SR A AR AR KR AT A, RIMEAE =2 b, REBRHERA:
I B R AP AE AR R AT AR I, — A, Bk, BRSARR 50 MM B B 000 A 1 e 4k
o AR, NTEBEMBU HAEAFE R RIR, BLEERTT MRS CT A MRI 2 Lt
NEEF AT MM SRAUETI WL . ek, PR BB vT LS B H A /ARG &, B A SR
Yo 5 R T 8 ) TR G T SRS o

F AT MM 332 WA 0 5 D0 MO R Bl 2R, SR 0B 2 4 SRR IR A 2, SN BT MM
UG 7 2 BRI, SEma Fs B HENE , 8 VI FH 200N 1 e EvP A T BL. PHB T N TR REM
TBU A 2 AEAZ AU Ja) BRAPE AN AR AOHLIE . EMEACBRS IR, BN A 3R T AN T RE AU 20 27 7 VA Y
RNEEME, KD MM A R G I D5 SR SEBLIm R N o AR, i N T RE AU 4 A R AR ST
R TT TR A IR, JF HAEBRA X R RGBSR AT I R oL MR S el & . X051, 3
— B AU R L, PSR B RFRHEA KSR 2 HOD BE, B e TR RIRG . B2, )
SN MM IS HES ST 3R 1 S dm bk TR, (B ARIIE A I R PR 5 TS 75 15 2 BRI . SR QIR S K
BRI, RESEIN “—JI0)7 1697 BRI R T 7 AR
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