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Deep learning-assisted fine assessment of pulmonary nodule images
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[Abstract] With the increasing adoption of low—dose computed tomography (LDCT) screening and the widespread use of chest
CT in health examinations, chronic disease management, and multidisciplinary care, the detection rate of pulmonary nodules has risen
substantially. Accordingly, the focus of pulmonary nodule management has shifted from simple lesion detection to refined evaluation,
risk stratification, and longitudinal follow—up. Traditional radiologic assessment mainly relies on nodule diameter, density, margin
characteristics, and interval growth. Although these approaches remain clinically valuable, they are limited by interobserver variability,
suboptimal reproducibility, and difficulty in longitudinal comparison, especially in small nodules, juxta-vascular nodules, pleural—-
based nodules, subsolid nodules, and multiple nodules. Deep learning can automatically extract multi-scale imaging representations
from two—dimensional, three=dimensional, and longitudinal CT data. In recent years, it has been widely applied to pulmonary nodule
detection, precise segmentation, phenotypic characterization, malignancy risk prediction, dynamic follow—up, and progression
forecasting. This review summarizes the clinical basis of refined pulmonary nodule imaging assessment and the current management
framework, and systematically discusses recent advances in deep learning for nodule detection and segmentation, radiologic phenotype
characterization, malignancy risk stratification, longitudinal follow—up, and clinical translation. In addition, based on the Fleischner
Society guidelines, ACR Lung—RADS, BTS guideline, and recent consensus statements on subsolid nodules, this review analyzes the
major barriers to real-world implementation, including insufficient external validation, heterogeneity of reference standards, limited
interpretability, poor probability calibration, and incomplete workflow integration.

[Key Words] pulmonary nodule; deep learning; low—dose computed tomography; ground—glass nodule; refined imaging

[KFEH] 2026-02-26 [#ZH#M] 2026-03-07

[(BE€TB] MWKEHHE KL (20242D0529300). Supported by Noncommunicable Chronic Diseases—National Science and Technology Major
Project (20247D0529300).

(MEBRA] &Y, W, BEEN B2,

“iH {5 E# (Corresponding author). E-mail: bai.chunxue@zs—hospital.sh.cn



JCFHES 2026453 A4 34855 1 Metaverse in Medicine, 2026, Vol. 3, No. 1 73

assessment; risk stratification

il R 300 A6 i 4 3R e 8 B T D AL A7 il 2
T U 2 il g 700 2 B XU TPl AR ke 5 v
W B SRR AR A UD N R Bl ARG i R E CT
(low—dose computed tomography, LDCT) i £ ) F1
P CT AE R A D245 B e 2 2 RIS 7 v il )z B
FH ek DA TG R A8 A 5 22 BB A & B 45 17, T 2
“URARL Xof i 5 A TR A0 VE AR HERR 4 2 AR A
o % E E KM G A % (National Lung
Screening Trial, NLST)iiE 5% , LDCT #i & nJ i fii i 4E
T2 N Bk 20% ; fif 2%~ H A I NELSON B 58 #E— 254
B, TR FR T % 9 A T 4 2 AR v i A it s 5
ToAU2 SR TR IR 55 TAE 20 2021 20K i A i
IR AR I I 22 50 % W A % R 0 A 2 20 (47 5 R
JiRE 27 23 BEJS AL TR B 1A DG RS T i2A
Hh [ A G AR R T U i e A T Y AR IR AE 50
A EBOK IR TR A AR IR P R 408 L HEAA T
AL —f& B P2 (1) WA 45 $>400 S2/4F (820
FL/AE ) 5 (2) PREE R fa ROl B 8 s Clnfa Al B8 il
AR ) 5 (3) 5 I 15 1 BEL M il | /8 A il
LA A B R A5 A% 5 (4) B A IR BCA il
FERWELH U — YRR AR L . 4R R
H#8 LDCT Xof i 88 5 S AN A UEAT 0 A5 o X L0 IR Ik
PEHR 7R, R TR A i R A8 S B AR 100 il 285 9 0 B 5
SEBGTIN il 45 755 52 AT Ak B bR HEAL L F 3h A ARS8
T SR A A B 2 1 5

MG PR 52 B, il 48 55 iR IR 2 Fh 24—
Sk B SE R LDCT §ifi £ , — 3673k A R4 sl i
Bt 301 T P9 AR SR 2 B, 53 A A > B0 S BT 1 L 2
PEM 2T 4E 4k R Gy e ek Bl R BE U5 AR Y
WK AT o S [R)R PR Z5 5 1 AU 3 5
S5 AU L BE DTN PE R AL B B AR AT
et o PN, il A 7 5 BRI A5 A A 0 )R S SRR
FEAK AR T Ay 2K 4t 19 A B O o A A 3 Wi A B 1
s SN AR A R NESS A
BRI, S 37 57 A0 A8 B ) At

Jiti 45 755 48 BRI H A, © el R B AL B 2D B 1
AR AL TR G R Al T 2 A R E
it — A ALK o Fleischner 22 23 2017 45 B
R IG5 AT T RGHES , ACR Lung-RADS
v2022 W) 75 fili 96 i 4 37 S5 rhosR AL T A A 26 1
g SCRT AL E AT 3 [ A B 23 (British
Thoracic Society, BTS) 45 Fa S I A5 W 52 4 455 35 AH o¢
LUk — 2L 5 | il 455 PPAG IE A B AR K ) T

NSNS s e S w1 ST 3 S e
N ER AR RN AR G AR FI B AE /NG
RENIRES S N ) e eI A C o eV A %
WER s G R A 2 R K CERE AR
JE SO 1) B3 PR M S 00

1 55 ) e A5 Sy PR O AR AR B 7E < B A I
HYBEARNW  HRBAECFEREAE BEERAR
HIJG HE ARV ANTE " o X FEB o S 45 1m0 & L b
S R R T e B R e A A N T2
KAEAT T AT TR 3 S ] B A R [
kb 22 ) B RURS: 22 57, AR 1R TR b L A
AN, A T AR 1S W B B sy M 2+
14 = it T BB FE A S 2R A AR
W AT AN TR A A 50 R, X A o R R FG o S
JR 33 A i) AL A TS 45 Y A L R A R T AR
Ak AL AT AR AR S

TRBE 22 I N T3 B EE 240 37, RE S B 4%
N HE | = S 2B S CT R A SR R R
TEARAE | 3 4ok B 26 It 45715 A sh R 7 e 28
WEAT ) AR R AL | OB A, T R T
A B AR RS 2R 555 CAD A
[) , TR 2 > A T 32 AR N TR 2 B SRR AR TR
FIE 02 38 o KM BEECHE VI 2k A 32 2% ) 45715 1 28 [l AL
3 GCHL S R R ) AR AR B, MO TR K A
o R g A N R ) o R S RN 4
TR ML AR 7 45 b LA K s ] 8 A O 1k Y
R, A 45 1 AR S B DAk RS SR E )
JZ B B BUS RA BRAR R P RE

PH U, 22 0 A B 2 27 >0 %l BIOAS A P A48 il 285
AR 5T oF J S G IR % Ak T ), A BB IR R
SCFN B SN B o A SCOKE FELS8 Ml 285 715 52 150KS 40 F- Ak
4 I DA 5 il 454 FRE 0 R B8 2% ST FE 4G S5 A o 4y
E R R AR SRR | ROW A KU PR A L B A
B 5 5 20 TN, LA B W PR A i) O B P K 2R A7 25
W DU A SC W5 5 S R iS5

1 TR EBATEEMEATEEESLR

1.1 MY HRHmrttals RAE g G
G A VTAG O A 25 ] Bl ) i 4579 B AR T AR
SENTRCE AL RN AR AR B I R 2
LIS 90 = AR k- S £ R (RN R e (NS DL N 1
B RRERER, UG R a3 A 2 A 4
JECTO 0 HOR T S R4 Y RS B I A, AR



74 Metaverse in Medicine, 2026,Vol. 3, No. 1 JCFRE2E 2026 4F 3 A5 3 &5 1 1)

22 VP AR AN ) S 1 XU 0 W, 3 G 2R 21 B 15
T A S B TR O kB

MRS 2 A BE T I 485 49 kG 40 3P4l = 0 3
ASZ T o (D) kR A ARERAE | BI 255 /N MR %
JE RS Syt BRI S BSR4 5 (2) ik
55 T B 45 4 1 56 Z L 490 b B R L il A AR AR SR
AT Y R S (3) AR AE R4 TN, A
18 08 R S L AR R R R R E L I IR
I, ELIE P A S AR A AR R —FR bR, TR
XEAE B EE A BN, — A EARA KA
SEMEZE Y, an A A ) P S M A 32 i, XL
B ] BE BH B — SRR KA AR R 1Y 4l
PEEELEAT

BEAI il 265 45 K5 40 PEAk 38 2L A B B 1Y) 24 Rk 28
FRIE o SRR G TR M2 U0 5 A WP RL Se 1Y
I AR 5 Bt 17, B AR S TR 2 T DI B PE S R
BL, B I B B R 5 R SRR T R A
I, B R S NS A PPAG N R A B TR S AR
MR RE IR S TR SR . e F 2 R 400F
A R R B K ML — P s
A AR 3
12 AAFEHE N5 Bk E Fleischner %2 £
2017 F8 R 32 LA FH T % il 445 7y 4 B iR R A A
GETMEIT RN R B 2 e B B A AR TR R o
Bfii)i 7 % . Lung—RADS v2022"7 I iR 45 T i 25 3
s, 5N AR AL 3 28 B IR (B SR T G B A
BTS 48 74 * 5 T A0 (A ARURN A4 FEUAE 348 B i) 7 IS 7857 3
FAGVER o b Ah, B S 5 1 B ARk —
A4 R TR K S0 B AR 2 A KU . X
S g A il 5 T A B AR A T SRR AE SR (A% 4
AR IR S AR A A R ot — BOHET AR A
JRIBE

Fleischner 2% 23 18 p W (B 7E TAO 2 T & 45
A P A A AR, AL AR R A T e S
e T AN SR a g S S NI =1 o S
B AR bn N B0 B E , X F 28 5 g B
A ZR it [ A7 Ry A LR g 25 AR S R
BE AR I W7 . Lung—-RADS W) 57 5 4 7 A5 14 £
S48 At A B T 4R TS () s (] /) ) — 3
PR BT 2 4 i KT, A AR AR 3 28 AT RE XA i)
O A A AE— & T Ak i ] o

BTS $ R 5 5 b i 1 1 R R 2 5 A BRUA 3 it
[i) 1 B M X — i SR ) A s B kR
J7 1) i BE B o SEBR b R R AT B ) b PR Al
T il S et LA A L, JU X TN R 4

HNER > SRS T B T A S S R A
T AR 2D R B XX 2 kAN BB A EE —
SRR T A A I AT O SRR A
W, AT AU A $5 B 2 2 B 1 R ) R, {H G ]
LS 5 2% B 0 B — B Jy xS I S A I L
KL IE R AL JC G TR 5 )l R A A O
g
13 B ersks R Z  Mayo,
Brock . Herder 45 28 BLASE 711722051 3o 4 25 A7 1% | W
G RN AL G SIE S M PET (R B, B T
it 235 40 MG VR RE R B W 0 Al o K SRR TE I PR S
e rh BAT H AN (H H A AR A O AT BR X 25
N RSO S TV R AR R B K 1) AR AR A TR
L L BHESE N 2 R A R SR T AR AR
oo BB TR CT 8 B iR R TR B 2 > Uy
2, B BT RIS R

28 MR R R B BTRK, 2 I PEEN R " He fL
R XA R R A L
it it 45 15 78 B oy B KU 432 B R AN U2 —
JCALFN W o SR, X LB AL A8 1 22 ok [N T 4R B
B RS 10 3, M DL i AR rh B A 3 B S 1Y
TR N S5 G LR EE N TR SRR
Jad B I 32 A% AR, IS BE B TRT PR TR 4 S —
ANBIICBRES AR BT AR

WEAh AL GERE R R 22 2 A0 15 8 N REBURE 5 E 1 5
T ST, TR AT BR o O A CRE A K 4
TR R AL b i s R 9 N i 25 e B, B
— BB AE O B A i AT 37 s R AR AR R R E R B
R ) R TE N SR 5 719 R 22 A 4, 28 AR Y ) 3
BCPETEAE TS o PR IR E 2 2 JF AR Uy TR OR
T i AUC, MR T 9k AME Ge BRI AE 52 % RALE |
I [A] 4 B M 552 8 B R .

2 REFIEMETRHEBESE FRNRAHRR

2.1 ML CADEVREFTAMER L A3
e 2 A A PP AR 1 A 12 58 CAD Z2 48 19 {8 73
F TR RN T TRRAE B, A A 55 45 T U
FEEA5 T Mo BB AR i b iRk £ . IREES I
LR A FHU R 22 I 24 11 4 T, T it 45 = G 0 DA K D)
DK Bl 7 I 1) “ BCHRBR B 7, S 2 AR T Tk 4 T U
FM BH PR HERR RE Ty

{45 CAD WY [ R 2 — A6 T, Jili P9 1E 5 #5125 44
N g = - S | = 8 N B W= 4 N T I S D S R
SN AR S e G A T e Y O N e 1B X )
SENTM AN, JE TR A Oy R B R BT 2



JCFHES 2026453 A4 34855 1 Metaverse in Medicine, 2026, Vol. 3, No. 1 75

FIN 25, HK B0 A% AR M 55 R LS A R e i ir
AR VR B 2E S WIS TR], Bl 2 2 2] KO OE ke
A B O 851 R S B L RE
U4 X 43 BB AL 5 2 4 5

(B R 2, i 5 5 A D O AN R — > Ll
) 8 AR R A5, TR AN 5 AR A TR e o
S AR B A Y U e OC B AT DU RS A Y S
S 43 25 RN B 17 1S 0 A TG N & FEVE D A SR R R
2, s B B W A AR IR REAR R G T A R,
AT A SR AR 22 WIF 5 N T B 40038 SR e e RO T
S TE A BRUR R OK O R B9 25 A Pk R X Fp B At
W 3T LS R 55
22 A XK ELH KE % LIDC-IDRI
LUNA16 J2 filfi 45 55 AT 5% i 8 25 09 2 3L 3L Al .
LIDC-IDRI 2 fit £ % Z 45 1 19 1018 1] g % CT %k
Pt SR A | 43 R 53 AR 9 BEE T bR v AR BT R 3
fill s LUNA16 W & 57 7 45— 4 50 3k P A flE R0
T M BE Bl b il 25 95 A6 I A Y 28 ] 1 DA 2D CNN
2.5D Z ML I fil 4 5] 3D CNN DL B A6 I — 73 1) B 45 45
RV E , 22 ROBERRAE lA R R T ML AR $e 2
AR A T AL

2D CNN A4 34 AE T 92 B AT B0 L Y1l 25 A A %o
WAL AR E XS R R =25 B A AR 55 2
ARG 2w LR gs [ — 2ot . 2.5D J5 vk E i )
it A AL el AR A7 R O R I A — o B b
PANT ZHEAE BN . BEE R T, 3D CNN &
A 1Ay B 85 R I R 43 2 R T ), TR A Y
A R YRS OB % RS A8
TR T B AR B 2 AT B

AR, 2 R RS U h Z . B
Jils &35 15 /N B AR K, BR A JLZ oK /NS A
AT 2R B kL B — RUJEE (1 36 RO A A X LA
MW o T I FVRRAE 4 538 W 2 55 5 ik (it
RIRRAE [F] B O 1 Ry B 4t 9 R4 w75 5e . Sk — 20,
A 48 2T TR T U 2 i i K B A A
OGP 285 4 5 A A SRS R B A
INIERS
23 AME B AR mIEAE P e A Y UE
R ERE S A RN AR N P 151 e M & s
Ak SCH R ORI ) i RS SR . T4k, U-Net,
3D U-Net . nnU-Net J 7 5 7753 ) [0 26 B2 a0 il 45
R I E T N D O i 4 Tl I S
SR TR A 3 AL i AR BRI S T ) O AT R
IR 5 O T S PR T RN R A, T R
BT 5% B2V AR RS 20 43 BT 2w M A, R S S

2 1 TN A AT A S 1 O B LA

TE G R 1, V5 22 55 B4 bn #0237 78 18 2 1) 22
o ARFRR DA AR A R B ) T S A, IR S
i) D0 5 30 XU % DR O 5 S5 B 4 L A9 2 35 4 51
PEZETT 3 J2 W S AR AR 3 SO B P AR 4 2 P AR
P I [R) A AR A RS L AT B A1 e k) i R
I, 430 JB A 0 v A (R PR AR A BEORS BE n) 8, T
LA O R B DR KBS Ak 1A AT 45 B2

XSRS KA B R, KT
TIX Rk B 1 5 T S B A A S A
H &R A 6 (] i 5 B 358 o3 A0 SR A3 .
oy HI Aok, AT RRAIRAL SR 43 L A 5 G R A3 AN
FasE , WA G BE VT L2 Rt &k . TR 242
Sy FEIRERITE X — 7 1) L RS E 45 Bk AR Ok il
S E AT LN I AT B B MR R K
ER
24 HEZFTe LS Rk REE B
FE/NGE T A 55 45 W R ZE Ty SR g
REE Yy I B g
TE GGO FIHR 43 SEPE L,y v, 100 FHASOR 5 5 21 S o
BT RS HE Ry TR A S0 BRI, o ke BF 5
0 R TR STV B A I 2 3 A R L S B R
E, MR R 2 R AR P RE 48 A o

ANGETT B B R AR 5 55 AR D R
B AT R e R A W A 55 A T W B
B B3 )R VE | 3% SR AR A [A] i 225kt U0 5
fiff ) SR BE T o NG S Y R 55 4 Y O i
SRR B W RS AT 9 B 2 LA DG &R Xt 43 E A
BRI EEER, ZRETETUAOZ K
AN LT 0 [R]85 6 B An fal HE P AU | i fef 15
) Sk ] gk S 225 k2 8] Y RRAETR VA

X 6 PR X 7 55 22 i DA FE B R DR A LS I R
LB ) RS A AR AR B X e G . — A
B AL AR s AL B8 4R v i B A 451 R
R, HL T X A2 2 191 P B 2 T B DI R M
EEN SO N A SR 1 VAL 201 PG i S A SR A 71 3 AR
L2 0, LA K DR XE IV Y A gl A S B XK
Pl PG 2 - Y AR A A T

3 REFIWIHMET

”

il

HEREFEZE

3.1 MRS FE S EMGEEAR (LGN IR
ZRETRE PR BRFL, R E % g g it
— A S B ARE B GRSt R
)l S o AR R R i S R AR AT 4R 2 A
SEAR 0 SR RE I 4 B il 25 Y 5 AR 2 N



76 Metaverse in Medicine, 2026,Vol. 3, No. 1 JCFRE2E 2026 4F 3 A5 3 &5 1 1)

CHEIRAE G 1) 2 1] e AU AR T BT 45 T LS
VAT

70 2] ) ) B SCAE T, B AR S DAL H B 0l 32
TR B IR G55 A T E S 2 IR S 1) . f%
GE A v T 2k RO R AT LR B i A B g
JEE 22 i AR R A, BRI IR A N AR A ] 220 22
[i) B A RN 8 4 — 3, TR 2% ) BB A8 AR LA B i
P PR IO S REAE A B T R ARG P R AR 25 Rl R Y
EISEi PN

BH B, F AR KU 5 AN B T R IR AN
5 AL G ARE WA ARG . LAY BT 2 2] B ) = 4
FFAE , A 2 BE—— X B B B R ARAE S (e 1T
R LS Ml S WG T 5B A W R AT o 22 R B AR
KHE . PR, TR 2% Al R AU B sk, 32
G PR A R R
32 REFISHUGMFHEIIELELZ BIGAFHE
o N T TR K E SR S H 8 52 18
FRAE , TR BE 2 2 ol A gh2: ) 5 2 ARt e
e FAE . WEIFAEM B, o HoA B B B Ah
PRSI AR R AR UL E S IR S 2 A R
TS 235 75 2 2 P TN o 0 B 0 )2 A R 2 )
IS TR AR E R .

SEAR UL 2 I P AE T 0T A B A RRAE 2 L
R 0 W 1 I N S N N 1 i =
JEE A8 473 1) Jo e R Ak B v S LM L 55 R R
AR 25 B . WREE I L HEAE T A dh
SHE SR BES R A TR B e R R 2
DU 2 T A R AR X A PR, L XS 5O e R ek — vk
KETE . PIE A, bR R AR RE S T R R 2
[i] TR P-4

NI PR 2 52 B 1 B A, 3 Pl 5 B A8t T 3
SRR X Al PR B AR T RE R RE T v L (H AT B
fift o RN AT P AL S A X AR A5 R 7S (51T
o BERS KL VR B R AE 5 5 (R A A R AE R IE SR
LR gy AAEHY AT R 5 ) O R R R
AR AR ) 2 A ) R SR AE R
33 EMagY S BEgBmEYHEmT g WK
S5 o LR 0B B B 5 Y RN SR A R il
S R AR AP B G . R ] i
= UESRAE 5 AR B 43 S AR TR RN S5 M R
3R R RIT PN S P L DT 2 R X AAH/ALS
MIA K TA B IX 43 RE A3 107102820920 3% e a2 4k &2
WA A BRYIBR TR I EA T L

B B T 48 A HL 2 BT DL R RO HE SR S
o B ) AR AR S i AR T B 0y . AR 2 Al s gl

BEEE K IRE & A S s 0 — H S 35 o
B, HAR ZE PR RS B 8 T . o SR R
W, BN 52 PR A% O B TR I AT e 4 AR VR R
W o D R B — Y s h R R, A
FUR 43 287 S 4 B 2F 47 55 41 kL B 19 4% 28 1
A

WA B 3 B 4 Y R R R 28 AR gE N A
Wr s 5 52 £ R 520, i B R B 2 ) 5K 4 03
F AR, AT LU iR e b Ak HL R 43 A RN 45 4 T
A SR A ST 0 B A AR B o X R T A ) BE R
J7 FRE G AT R VA T R FE E 2
3.4 AP ML BIFMEERGEENEL Bk
I H N, 250 SR M AE S IR R R
Jits 5% 5T 20 B IR R A KU AR R . TR
2RI A 1A 2 T AT+ SR LA T i 2 R
FRAER27300 o Sk il 245 95 K5 40 9 K AN FABR 9
SEAAA 3B, T AT B 52 A ) 5 Jmy 0 A ) 1 B ) 2
BRI

I PR b, i SRR 1 O 7 ST DR 45 15 I, A SR gl AN
2 FUAT B s kb AR 5 | i 2 () o) X0 45 3] Ll 5 2 15 2R
o MR RS A b AR R R BRI, RE
27 ) A AN AR, FE 5 iy /N R AT fg B & 2k
TIXEEE LR XEE . 2 R SRR 5
B A BEAE LEASTHRY BT 4320 LS i A

R TE B AR TTEAL T I8 A B T R R — sl 4
e DL sE A I AE 52 o 9140, Je) 35 il S 5T 4 3 45 4 3
WL E AT S W A 7 IR R HRE AR B AT, i
B AL AT B AT A5G A0 o B2 I M R AR . X R
AR il 285 75 AR VA K B 20 N e ks 7
1]k — B AR 7

4 REFIWHPMET REERNEITESSE

4.1 RZI PR ALK IR IETENA
SERA Y R OB AR TR RE NS SRRV PET-
CT 5 A AT AR D5 A G A R A . IR 22 2T 7
it 45545 RUBG TEA A A 38, 76 T 0T 3 T LR CT SR
LR A R A R A IR S B AR I R AR
PE— 2 e

E 2R AR S 1 0 B SCHE T, B A A I AR L S
LR o 46K 2B 45 IE R 2 7 VAR I
a7 M 5 SR A RAE T E A TR VR AE
AN TR B A AN o DX R v o X I R T 5, i 2 1Y
JE A KU X ) I DG i R L A B O W TR 2 )
FrRE AL O] SR O ME R AL T, AR B A AR S K A
B 5 R 46 T 1 (R S B A T



JCFHES 2026453 A4 34855 1 Metaverse in Medicine, 2026, Vol. 3, No. 1 77

) s, A S 4 iR A B Tl . X TR
T B UG RH Y A KU A, e A A A A
Pl 56 496 b 158 [ SN K BT 25 ) R 5 % F MDT 141 BA
M5, KU B fb 25 5t s F IR i, B, IR
JE 2 2 A8 KU 43 2 B, N AR B 7 R 1 2
T, AR B AE 5 AR 7 R P A IR 2 1
42 RAWFAALEF® ArdilaZE5IET Y[ K
FE £ LDCT R B4l 57 = 2k G 2 ) BORY S B T
A5 ¥R 7K 1 it 98 JRURS: T30 o Venkadesh 25 ) 43 1] Jig
AR T PR S RIS BE A CT Y TR B 2 21 3%k XU Al
TEHEZL | $ o i [ 24 ] 0 35 48 v — 4 XU T
TRE Jy i G T AR ] 2 B 4 0 KU AN S
A ME A T 5 TR Al U0 A OG0 3 A KU
X4

XL AL e PRI 5 19 I8 R AR T 2 (1) = dE R 5k HiE
A E Y R 2 ER LS SR
JE 2 55 T PRl 4548 O 28 0 T S 2L (2) BEAE CT
NN AR A BRI sk T N S A A AR (1 A
PR Sy 235 745 A8 A AR B £ A B PR U A A LT 5L AT I
PRI S (3) TR BE 2 ) AR T Hae T & IR
kb7 RVRE AT DL 1 5 )2 G 0 DU RS FE DB R I AR D
S

B, W B LE Ff X S5 . VR £ 5 1
ATy 3 B b 0 A R R O BHAR Y B
T T g & S 2 ks R
SO BN 2R . e AR M 5 T £ R UE B
“TIATHE S AR R A ] 4 e A R U
43 ZESERSGAY EFR, FREIFHEIR
JE27 2 AR IR 5 G RS B B AR 4 %% \PET/CT &
cfDNA %5 43 T b B W B A, 4 8 2 1525 KURS A
TR E437-307000 33 RS TR R 4 T L S I DR T OR 2 A
A7 B e B S0 A O 0 A N A R AR R A

ALK CT AR, BLAR AT LIFEAR AR I s
S5 RRAE  (HLIE PR U 0K SR AN 45 Z W BB AR LR
SR b e R A s O s D AR Ry R
T 15 B . 22 Al A O (8 3R 7E T8k 26 15 B
9 A ) — KUBGHE 42, o A5 76 0 O S LS i B, R
X RS, Z RS A] R L — S R
HEX 1.

ULk, 2R Rl Gt AT B 42 T L 4 I DK W]
ez, BAHEEGEZ A GAE B R R
VAR R G, AN S 76 4= 2 W6 I IR 4 S5t 1) 4l PR 5
FERLTY L DRI, oA SR 19 5 M (B ASE R AR AT BN 2 5%
BRRR—U17 W RIS T2 E RS,
4.4 LHisdh oy Besmafira TR KU AR

FERCIEFE A PR, BREAR S o 2O B R il MR
B, i B ¥4k 8 5 Fleischner ., Lung-RADS 1 BTS &
J K AR R DC TC 1Y RS+ SRR S5 B fgi]
T, X AR i 25 5 A ISCHE K 52 A (8] B, Xof o i 45 1
W 1 5 A5 5 PET-CT, % 5 /s 25717 2 1 MDT PF-A
ALV Uk

KPR F AT A A A I AT
MRl YE ML . AR Z AT D T RORIPERE AL, 0%
A A1 25 i PR e 5 O 114 ] 8 ——— 3 A~ 235 53 i il 78
TP A EOE BEAR Y 2R GE0 BE 98 KUK T A
FI 3 e 5 ) gk A b, i dn AR il i 6 S A &R
A7 UG — 2 PET-CT ¥A " s U 4555 L 1]
BRI . U 2 AL T RE A I A L
SR AR, A E A RE T B

5 REFIEMETHEETHONE

5.0 AW eyt A AR ST IR E—
UCPE R, e — DKW sh g fE . X FiF2ia st
PEZETT | BRI GE I K AW A2 A W T 2 J5 S B Vs
ARG G % B AR A RN SR B B e R
AT AR e AN B B JI 285 755 AT R e #0048 — 7 1 A 1]
J3 M RE

NI PRAE B AR 3 U, 40 U A A 2 AU DA Y
A A RN . 245 O R R I A
AL JCHOE WS Y, BAE RE 4 R f B ME T
AR SR 22781k . PRI, Bl 45 45 AT {7457 BR 7E X F.
K CT Aoy bl HREMR o iR o I A, HA 4
N TS e S NG o VT i o M 7S i (2] NSRS

WA, G 1] 8 B IE P5 K I U5 DA R it A 3 252
Mo B RGHE A SR EUEIE AR T LB, AU
A BT 5 o MRS B R N st L e e L
I A BEASOR
5.2 AEEA S AR et Gl B s HEY
HI 5 BEAE CT, IR G A Z 0 555218, TR 2% T
Y BE % T ARk M R ) AR Gk A R 25 A AR Ak
Venkadesh %5 " [/ 58 7~ , BEAE CT 15 8 0] g 35 42
e PR KU A 3 5 0 4 5 T AL it 45 775 55 < 1 23
R R B, 5 a] 3 51 2 > T BCR 2 40 1 2 R e
Jrla

XU o5l 22 B A5 R0 B AR BT, 2 TR R N
B e B AR AL . X RS AL AT DR AR
CIRDS R E S 78 i 97, ol 1 U B O 1197 8 B 2
162 H R SE 9 e 1o k0T L XM RE AR OCHE . R
R, T RAS A GEF FE— 2D WO Rk — B ] N
] BEIG S Ly 2 AR AT RENG N K A B



78 Metaverse in Medicine, 2026,Vol. 3, No. 1 JCFRE2E 2026 4F 3 A5 3 &5 1 1)

Tl AR AR T 5 -
53 TRV RGN PSR mE RS
W RS e R AR A AR A R T KU, A
TEIE GRYA 7 AU o VR B 2 ) 45 585 4 4351 5 B )
F 8 434 e, A B A B U T R T g Ak B A e
kb, 5 Bl il B A A Ak 1) 2 A [ g o028 04

ORI Al BB TE IR R AR T 52—
DAL Ay ST S 445 5 1) A BRAR B SR K X+ ) L AT
FE 8 A W62 T A RNt Dy e 48 2%, 4o 1 A 38 00 W] i
Bl IR R T . TR ) A RE T B B AL T
i b PP JRURS: S+ 2Rk 5 1 0T i W A X R AR
)45 B
54 MEEFEBERFE AR L AL A
fe LT A A, RIS  A shke i L A 3l 431
H s R BEAE 24 . A 3h e AR Ak L A 3h AR U
PR FRE 7 g 17— S E T
At i EE T B TTE RK ol K MDT 4 3
iR e

B b B R SCHE T A B B R B R S
SRR . XTI IR TS, ety 2R R AN AN
SR PERE ALY TN — N RR RS AR E IR 55 H TR
MRS, KK e iy b i 4 Bl U7 32 1
Th R AR N 22 2BV o 4 11 8 A b 2 il 2571 45 B
W ELE I ] P AL

6 IEFKRFELRER FUSRELRAE

6.1 IPIRIIER B L BB BRI IRIE
SRR H RS LR B AR, A A
1) = Jy BR AT 2 A5 36 UE AN A2 A A T 45 Ml £y 1
B S R R RLTE N T EE R el R
S RRTIN R o 7T R = S (S 7l o AN 2
DXL A 19 L S A G HIE

B i A AN (U2 W A R 32 Ak 348 FT BE S B
N HE Bl e 8 2 A 1 M BB e R 4 o A AR o
o, Y 2 4R 5 32 ok i A ARE R AL Y H T
18 A 255 I T BB R I T I 5 4 I 2 R L SE MR 455
F U Y SR AT IR B RE AT RER 2 . L,
AN I UEAS FUR PRI — YRR, 1T 2 A o 45E T R
A ELAS I R SRl 10 G5 AP B
6.2 AMAARELAFAEFRERA LT ROEMEAR
BHARRETE WM S, R0 5K
BE i % 5 R ol A BR S B I8 UE |, U A B B s 5
TR G AE PR AR P AR BN e gy 208
X T i A AR 2 I e RN 2 R T i R

TE il 4515 I, IR AR B R —

RS o AN A 45 HR AR AR AT BEIE S, i
WIRREWIFAE TAX RYE. R80T E S
SRR 2 ) Ay e M s (LRI B2 o BN — S 2
AR P JE AL . PRI, oA SR T 2 W s O i (1 AR
KRR AHE 2% I g B BRI B 177 A
P2 BAE B AE .
6.3 TRBEKE B ERE TR IIERARA
B AUC, 27 Bt = o] fifg B PR A R 4 ofi | I PR 5 )
54552 BB o 3 47 R AIF 5 56 18 R Jn 5 2 5 il £k
A3 HT SRR LB R AR A S T AR
FeaR IR B UE N BB B, VR B A 2 Tl A AR M
B TH  maE e s s A

AR JF AN — 2 B UR A A 20 58 4 4 7S 1B
P ER AL (2 /0 7 AR DL AR | X8 o ik o R AE AT
WAL 5 200 B AR R 32 AR A4 1 o B A o
PE R R E 2, DR — > R S5 2 2R Pk O v B8
5, H LR g B RN T B SR . ST A ) )
KRAFNEIT 242 5WESH, JUHAE ATH W S B
I T AN — B B T B
6.4 AR ZHARSLSAELETM KRML
TR 2 3] 0 & SR AT RE B AE T (1) filiB CT 3%
Tl Y 5 SR SR AE 2R, $2 S 5 AT 55 1T e ) 5 (2) &l
B IR 53 F RUSCAR 3 Z RS RLA DS (3)
] )55 2 2] 5 A& e . HiR A HR A R
g —vEnede by 2 SR Ak R
a1 12 MDT B2 TR BE R, Ay M 45 19 487 3 it A%
) —&B 5

S mh A Y 1) R e AT R G R /INRE AR B T B R
4 T A feff 455 180 BB 4% A 22 AT 55 =2 [] =52 55 1T 1Y
RAERE T o BTl A B el KUK T Ak 000 307 2 5
I PR o 3t i A D) AT A 9 b 1) S B, BDAS P4
ALVE A B0 T B T 2 AR A 4 B AR 1 — 3 itk A
H# TAE. AT LATIIL , Ak i A Il 45757 ALAR HoZ
C BRI R R AR — AN Rp S ) KRBk
FFFEE IR S5 G R RS .

7 N &

TR 27 > TE TR HE S i 45 35 52 50 A5 N & Bl
ST 8] RS A R A 2 m R APEMER R S AT
PO A A AT B o TR A ) DRSS R RS
HEST T GGO DAL | RURS: 0 K 15 1] J 1) 53 A 55 5
T A2 7 A e v g o (LB B E 0L AT i 4
58 TR Iy A R 546 S AR5 TR 1 I B 5 4 e R I 0 )
M S B AR S KRR BER 2P0 KSR R
E T REPE SR T S N ] B A o) K



JLT R

2026 4E 3 A4 345 1] Metaverse in Medicine, 2026, Vol. 3, No. 1 79

B AL TR 1 K B, TR JEE = T A B8 R A il 2454 0 oA
B R PR I Z —

Wt — 2, TR 5% > X il 25 A B B 5
AAAE T2 R e — A2 55 B BORF6 4, SEAE T4 8l 3
NEHIH SR, EIETEMIEE T AR F &
o RO AL BT, 2B AP 1) E R L R
e B B . RORA B IS I R A Y (45
Ak (LR 1I2 MMDT Je 5k B R R A, 0
(ELRE AP SR R T Sl B 332 3, T T B A i 4 5 R
HER I 1A 25 114 B B R Al B

CEER Xk
FlEmmsR A A TR R o
EFERE Y RS BUGRE BRT B

&% 0k

[1] National Lung Screening Trial Research Team, Aberle D R,
Adams A M, et al. Reduced lung—cancer mortality with low—
dose computed tomographic screening [J]. N Engl J Med,
2011, 365(5): 395-409.

[2]  de Koning H J, van der Aalst C M, de Jong P A, et al.
Reduced lung—cancer mortality with volume CT screening in a
randomized trial[J]. N Engl J] Med, 2020, 382(6): 503-513.

[3]  US Preventive Services Task Force, Krist A H, Davidson K W,
et al. Screening for lung cancer: US Preventive Services Task
Force recommendation statement[J]. JAMA, 2021, 325(10) :
962-970.

[4]  Wolf AM D, Oeffinger K C, Shih TY, et al. Screening for lung
cancer: 2023 guideline update from the American Cancer
Society[J]. CA Cancer J Clin, 2024, 74(1): 50-81.

[5]  PARBESE VRN o2y, b [ s B VA I B 2 5K A . It
T2 L2024 SRR ) [T]. op AR 45 BRI I
&, 2024, 47(8): 716-729.

[6] MacMahon H, Naidich D P, Goo J M, et al. Guidelines for
management of incidental pulmonary nodules detected on CT
images: from the Fleischner Society 2017 [J].
2017, 284(1): 228-243.

[7]  American College of Radiology. Lung—RADS® v2022[ EB/OL].

Radiology,

[2025-01-02]. https://www. professionalradiology. com/media/
user/resources/Lung—=RADS%?202022. pdf.
[8] Callister M E, Baldwin D R, Akram A R, et al. British

Thoracic  Society  guidelines for the investigation and

management of pulmonary nodules [J]. Thorax, 2015, 70
(Suppl 2) : iil-ii54.

[9] Chen H, Garrana S, Moreira AL, et al. Imaging and
management of subsolid lung nodules [J]. Radiol Clin North
Am, 2025, 63(4): 517-535.

[10] Raad R A, Garrana S, Moreira A L, et al. Imaging and
management of subsolid lung nodules [J]. Radiol Clin North

Am, 2025, 63(4): 517-535.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Gao C, Wu L 'Y, Wu W, et al. Deep learning in pulmonary
nodule detection and segmentation: a systematic review[J]. Eur
Radiol, 2025, 35(1): 255-266.

Cheo H M, Ong CYG, Ting Y. A systematic review of Al
performance in lung cancer detection on ct thorax [Jl.
Healthcare (Basel), 2025, 13(13): 1510.

Venkadesh K V, Setio A A A, Schreuder A, et al. Deep
learning for malignancy risk estimation of pulmonary nodules
detected at low—dose screening CT[J]. Radiology, 2021, 300
(2): 438-447.

Venkadesh K V, Aleef T A, Scholten E T, et al. Prior CT
improves deep learning for malignancy risk estimation of
screening—detected pulmonary nodules [J]. Radiology, 2023,
308(2): e223308.

Ardila D, Kiraly A P, Bharadwaj S, et al. End-to—end lung
cancer screening with three—dimensional deep learning on low—
dose chest computed tomography[ﬂ. Nat Med, 2019, 25(6) :
954-961.

Herber S K, Miiller L, Pinto Dos Santos D, et al. Diagnostic
performance of artificial intelligence models for pulmonary
nodule classification: a multi-model evaluation [J]. Eur
Radiol, 2026, 36(1): 537-547.

Swensen S J, Silverstein M D, Ilstrup D M, et al. The
probability of malignancy in solitary pulmonary nodules.
Application to small radiologically indeterminate nodules [J].
Arch Intern Med, 1997, 157(8): 849-855.

Al-Ameri A, Malhotra P, Thygesen H, et al. Risk of
malignancy in pulmonary nodules: a validation study of four
prediction models[J]. Lung Cancer, 2015, 89(1): 27-30.

Choi H K, Ghobrial M, Mazzone P J. Models to estimate the
probability of malignancy in patients with pulmonary nodules
[J]. Ann Am Thorac Soc, 2018, 15(10): 1117-1126.

Susam S, Cinkooglu A, Ceylan K C, et al. Comparison of

Brock University, Mayo Clinic and Herder models for pretest

probability of cancer in solid pulmonary nodules [J]. Clinical
Respiratory J, 2022, 16(11): 740-749.
Senent-Valero M, Librero J, Pastor—Valero M. Solitary

pulmonary nodule malignancy predictive models applicable to
routine clinical practice: a systematic review [J]. Syst Rev,
2021, 10: 308.

Balekian A A, Silvestri G A, Simkovich S M, et al. Accuracy
of clinicians and models for estimating the probability that a
pulmonary nodule is malignant[J]. Ann Am Thorac Soc, 2013,
10(6) : 629-635.

Setio A A A, Traverso A, de Bel T, et al. Validation,
comparison, and combination of algorithms for automatic
detection of pulmonary nodules
images: the LUNA16 challenge [J]. Med Image Anal, 2017,
42: 1-13.

Armato S G 3rd, McLennan G, Bidaut L, et al. The Lung

in computed tomography

Image Database Consortium (LIDC) and Image Database
Resource Initiative (IDRI) : a completed reference database of

lung nodules on CT scans [J]. Med Phys, 2011, 38 (2) .



80 Metaverse in Medicine, 2026, Vol. 3, No. 1

JUTHES: 2026 4F 3 A5 3 545 14

[32]

[33]

915-931.

Fedorov A, Hancock M, Clunie D, et al. DICOM re—encoding
of volumetrically annotated Lung Imaging Database Consortium
(LIDC) nodules[J]. Med Phys, 2020, 47(11): 5953-5965.
Zhang H, Peng Y J, Guo Y F. Pulmonary nodules detection
based on multi-scale attention networks[J]. Sci Rep, 2022, 12
(1): 1466.

Wang Q, Shen F Y, Shen L Y, et al. Lung nodule detection in
CT images using a raw patch—based convolutional neural network
[J]. J Digit Imaging, 2019, 32(6): 971-979.

Shah H P, Naqvi A S, Rajput P, et al. Artificial intelligence—
based deep learning algorithms for ground-glass opacity nodule
detection: a review[J]. Narra ], 2025, 5(1): e1361.

Mehrnia S S, Safahi Z, Mousavi A, et al. Landscape of 2D
deep learning segmentation networks applied to ct scan from
lung cancer patients: a systematic review [J]. J Imaging Inform
Med. 2025. 38(6): 3711-3740.

Wu W, Gao C, Wu L Y, et al. Diagnostic accuracy of deep
learning for the invasiveness assessment of ground—glass nodules
with fine segmentation: a systematic review and meta—analysis
[J]. Quant Imaging Med Surg, 2025, 15(4): 2722-2738.

Sun Q, Yu L, Song Z Q, et al. Deep learning and radiomics
fusion for predicting the invasiveness of lung adenocarcinoma
within ground glass nodules[J]. Sci Rep, 2025, 15: 29285.
Shao M H, Wang J, Zhu L, et al. Deep learning for Three—
Class Classification of ground—glass nodules on non—enhanced
chest CT: a multicenter comparative study of CNN architectures
[J]. EurJ Radiol Open, 2025, 15: 100690.

Sun Y, Ge X Y, Niu R, et al. PET/CT radiomics and deep
learning in the diagnosis of benign and malignant pulmonary
nodules: progress and challenges[J]. Front Oncol, 2024, 14:

1491762.

5| A
HARA R M8 TR 2 Al BRS ANV AG il 455 1% () ). S0 55 B2 2, 2026, 3(1) : 72-80.
Bai C X,Zhu Y. Deep learning-assisted fine assessment of pulmonary nodule images[ﬂ. Metaverse Med,2026,3(1):72-80.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

Du H, Shen J, Chen F, et al. Integrating CT—based radiomics
and deep learning for invasive prediction of ground-glass
nodules in lung adenocarcinoma: a multicohort study [J].
Insights Imaging, 2025, 16(1): 271.

Warkentin M T, Al-Sawaihey H, Lam S, et al. Radiomics
analysis to predict pulmonary nodule malignancy using machine
learning approaches[J]. Thorax, 2024, 79(4): 307-315.

Ye G, Wu G, Li K, etal. Development and validation of a deep
learning radiomics model to predict high—-risk pathologic
pulmonary nodules using preoperative computed tomography
[J]. Acad Radiol, 2024, 31(4): 1686-1697.

Wang H, Huang H, Li F, et al. Risk-stratified classification of
pulmonary nodule malignancy via a machine learning model
integrating imaging and cell-free DNA: a model development
and validation study (DECIPHER-NODL) [J].

Health West Pac, 2025, 64: 101730.

Lancet Reg

Geppert J, Asgharzadeh A, Brown A, et al. Software using
artificial intelligence for nodule and cancer detection in CT lung
cancer screening: systematic review of test accuracy studies[J].
Thorax, 2024, 79(11): 1040-1049.

Xiao D, Forero Y, Kammer M N, et al. Radiomic ‘Stress
Test’ : exploration of a deep learning radiomic model in a high—
risk prospective lung nodule cohort[J]. BMJ Open Respir Res,
2025, 12(1): 002687.

Huang P, Lin C, Li Y, et al. Prediction of lung cancer risk at
follow—up screening with low—dose CT: a training and validation
study of a deep learning method [J]. Lancet Digital Health,
2019, 1: e353-e362.

Huang W, Ye M, Wang B, et al. Narrative review: the

research advances of artificial intelligence in the prediction of

pulmonary nodule grnwth[.]]. J Thorac Dis, 2026, 18(2): 165.



