Advances in Clinical Medicine Ifi/REE2£3E /&, 2025, 15(12), 2521-2530 Hans XM
Published Online December 2025 in Hans. https://www.hanspub.org/journal/acm
https://doi.org/10.12677/acm.2025.15123684

ETCTRGEHZENIEZE JIEREARBIER E
BT REMNMAR

AOEY, £ W, MES, O, K R, TR, FERY

UREEASES - MREBE U AL, =F KE
PRERZESM, = KHE

Weks HEA: 20254E11H23H; S HE: 2025412 H18H; &A1 HEH: 2025412 H24H

R

Hi: RAETCTPEBRAENPSREIRBERNERN BHEBLE T RBEFOME. ik A
KA B BHE 24T, 23472020686 A ~20244F 6 5 £ KB K25 — IR R B AT M3 CT P4 9 12 1] BIH GGN
R *%E}‘JCT?WQ £ FIITK-SNAPE /2] ) & X8 X (region of interest, ROI), X PyRadiomics#k
HARBURAE, EidLassolR AR %, K HlogisticH B LR, SRR S5 2R TIEE
{iE B 2% (receiver operating characteristic curve, ROC) 1 2% T [ # (area under the curve, AUC) {4
LW BRE. 45 AUCENSHFHBARER ., mRENNERESSHER S 5450.784 (95%CI:
0.692~0.872)+ 0.770 (95%CI: 0.660~0.856)#10.836 (95%CI: 0.755~0.908); FELFAH +1437150.770
(95%Cl: 0.410~1.000) 0.725 (95%CI: 0.455~0.946)F10.830 (95%Cl: 0.658~0.968). &it: HET-CT
B HFRHERE I R E A CTR BRI R B S A B A TN TGGNE) BB R, T
BHF R B DL IR AR RIFARR X 7 R ERBHEGGNRIZHTRE /7 -

X 5in
MBRAY, PBES, BPFEET

A Study on Machine Learning Models
Based on CT Radiomics for Preoperative
Differentiation of Benign and Malignant
Ground-Glass Nodules

Xue Cheng?*, Shan Gongz, Rongjin Sunz, Qiong Deng?, Biao Hez, Jinhua Wang?,
Zhengliang Lit#

AR
FEEE

XEFIH: RS, B, FvER, B, WY, T4a, FIER. ET CT BARA ML S R TEAR T %70 B 5 35
S5 RSB AT AT ). PR S 243t 2, 2025, 15(12): 2521-2530. DOI: 10.12677/acm.2025.15123684


https://www.hanspub.org/journal/acm
https://doi.org/10.12677/acm.2025.15123684
https://doi.org/10.12677/acm.2025.15123684
https://www.hanspub.org/

!Department of Radiology, The First Affiliated Hospital of Dali University, Dali Yunnan
2Faculty of Medicine, Dali University, Dali Yunnan

Received: November 23, 2025; accepted: December 18, 2025; published: December 24, 2025

Abstract

Objective: To explore the value of a machine learning model based on non-contrast CT radiomics in
the preoperative differentiation of benign and malignant ground-glass nodules (GGNs). Methods: A
retrospective analysis was performed in this study, involving the non-contrast chest CT images of
121 patients with pathologically confirmed benign or malignant ground-glass nodules (GGNSs).
These patients underwent non-contrast chest CT examinations at the First Affiliated Hospital of Dali
University from June 2020 to June 2024. The region of interest (ROI) was segmented using ITK-SNAP
software, and features were extracted with PyRadiomics software, followed by dimensionality re-
duction via the Lasso regression algorithm. A logistic regression algorithm was used for model con-
struction, and the diagnostic performance of the established models was evaluated using the receiver
operating characteristic (ROC) curve and the area under the curve (AUC).Results: In the training group,
the AUC values of the radiomics model, the clinical model, and the combined diagnostic model were
0.784 (95%CI: 0.692~0.872), 0.770 (95%CI: 0.660~0.856), and 0.836 (95%CI: 0.755~0.908) respec-
tively. In the validation group, the corresponding AUC values were 0.770 (95%CI: 0.410~1.000),
0.725 (95%CI: 0.455~0.946), and 0.830 (95%CI: 0.658~0.968). Conclusion: The combined model
constructed by integrating CT radiomic features with clinical and conventional CT imaging features
exhibits the optimal ability to predict the benignancy and malignancy of pulmonary GGNs. The ma-
chine learning model based solely on radiomic features demonstrates good diagnostic performance
in the preoperative differentiation of benign and malignant GGNs.
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1. 53|

Jitides JL Ak — B R R R FET R AR —[1]. BiE CT R AR AR K &I
ZRATIERIZE, s T CT e @R B R I[2]. BEAERF TN, Mgl 1 v R A B 0
FEE B RS 595, 35070995 ek P B ORARR AR R , (L0 o 5 39 g 20 R kR A ST Vs e T O i 2 3] [4]
ARG TS gy, BRI 455 (ground-glass nodules, GGNs)43 4 41 % 3% 55 45 1% (pure ground-glass nodules,
PGGNSs) FHTE & BE B 38 45 35 (mixed ground-glass nodules, nGGNS) [5]. CHERIF[6]K I, FH2HK. F oA
I Al $E e B AR, AR BT R I AS It GGN R, SR IGIT 5 ik £ LK, #EmRe
W) 52 9L

LRI B PR A5 1T I it e IR Eod i I R A SR AR (S5 % P L 2 A B RIAE AN 43 i
TESE) R e BRI 7 VR A R JE AN BRAR [ 7] SCHRIRIE8] [9], SR E AR RE g d I SE U i K &
). PIRR TGV M ER B AL RRAE , A2 UL R R 2 B2, FE S hE 2 7 T B EEEAME . At
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TR T CT SARALAHFAE . W PRANH L CT AR MR, PR TURS AR A 22 A MR B AR £ A 462 ) I
BRSSO R E .

2. 75k
2.1. RMR

%I 2020 4F 6 H & 2024 4 6 H KB R — I RERBAT I CT 1400 121 Wk GGN K&
BT R EE A, BEALZ WAL, LEB AR 8:2, SR NUIZR4I n=96, KiE4ln=25. JIAFR
#E: (1) BACERME CT FHER, HinREEMHRER e %, (2) CT BUE LRIV IR0 5 45
T (DGGNs) FIE 73 S 45755 (MG GNSs) f B B 45115 (3) CT K& | GGN B K EAR <20 mm. HERRARHE:
(1) BRAEGMEMRR L, AR RIGIT: (2) TRRBUREL TR (3) BB EAE, e

e
22. WERZE

KAV TR Force e CT k& B & 347 0 CT 4. R&ET7%: 100/Sn140kV, XUAEE
B, ARETE S R A SR Y, X B AT S AN ZR, AR R AR EM,
G—XKH “k- 27 Biim, JUEASE B 2~3 cm EEA N 2~4 cm, TR B
HEREOY . HSE: ARE: HE 100kV. ZHE G 210 mAs, B BRE: Lk 140kV. 5
FLYE 160 mAs; Z)E 5.0 mm, #EE 32 mm x 0.6 mm, fLE 362 mm, HEZEE 1.0 mm; FF8 H3E HiR
717 (automatic tube current modulation, ATCM) K, E & 5HK H H & RS 5% (adaptive statistical iter-
ative reconstruction, ASIR), %&AR5REF 60%.

23 EfRSE HERBSER

Xf CT BUG AT Pilsb ¥, CT EMG R iE I 0 — A BIRR G [, XTI CT MR EAT R A (1K
FR/N1mmx1mmx1mm). FALESF CT KL LL DICOM # X 3 A ITK-SNAP ¥, FiHi 2 2 A
5 UL TAERIG IR F BRI AL B 23555 30 FIAE A B BRIX (RO BEAT M ALIZ 2 A) ], $RIEAR A ¥
PR AIE S5 3 3 28 A /4 1) A ¢ 2 B (Intralinter-class correlation coefficient, ICC) 540 ] — & it, 43t 401 ICC
(2, 1) = 0.89 (95%Cl: 0.85~0.96); — J& J5 HHEEIT A Xf1% 30 A A P i3EAT ) ) H-HE HURAAR A 224, 1
HHZHN 1CC (3, 2) = 0 .91 (95%CI: 0.90~0.97). 25 SR WA 44 = i 18] A R 2yl — b, BRI A B
SHAEGAEFRE M. BT ER SRR, RIRFEARLE 0B AR AR TAE T A
MAL5ER. 2 EE M EB 2 PyRadiomics B FEIXE] 1130 AR #HFAE, CIETEAFRHER el
PRRHIE: AT MR AARAR . BORRINARGE ; JE & WK FESLAEFERE . IR FE XU/ NAE B L K FE AR AP KR
B K PERHOCHEHE PR S o X IRTF I AR A SRR AR AE I SRS AN G UE 5 20 64T Z-Score brfEfb A0 2R, FfidEd
T K656 A1 % % 0] )7 (least absolute shrinkage and selection operator, LASSO) ik F& 4k, FL 3748 X EGIE J7 %k
£ Alpha, BAARE] 12 M BB A FRHE, AR =AM &K H logistic [F1)H .

ISR R TR 45 0y B4 (n = 58) R4 (n = 38),  ELAS P LHIGIRAFAE, 385 #2384 (a1 i
&hfik i 3 AN ERA LR s, KA logistic AR EIGRIEA . G AAFIE + I ARERIE A9 BE
G,

24. GitFEabIE

Giit 4} BT Python 3.9.2. Shapiro-Wilk By 4}H i REVORHE TEASHE, 32 IE &AM BL 1 £ 5 F05
A S 0 LA e G 5O D 4 B ISR . 3658 2 AT LB B R, 6 TS 0 LBy 22 bR 6,
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SKRHABAIFEA t 5 (Student’s t test); AN 2 IEZAS A0 BUR B 77 22 MR IR, SR H BT R AR A 56
(Mann-Whitney U test). TH0F R LA (%) KR, KK LK (Pearson’s y2 test) AT SR = 0 A b Hhie =
ARSI R AN BGAE A I RCRE, PR FEFR A2 TARRRE 2R . hak Pl REBUE. RrRik. W
R BHMETI RN ER, e AR AUC #E4T 15 B2 56 (Delong test), X = 417 R A I IR
3 77 #r(Decision curve analysis, DCA)HAT If R N HAME AT . P < 0.05 I Z A St Lo

3. &R

3.1. INGREFEIEAIR R E TR FELAFE

R BB BENL D NN MAEAL, ZRE 1) &R, BATKIENGARIESE L, A 4 MRRME
B ZHAE RIEAACEIEAH A2 2 A F(P <0.05), Al AFER . B 70 RS S5 - fili S

Table 1. Comparison of clinical characteristics between benign and malignant groups in the training set and test set
7= 1. NZRAFMIRNLE B E R A R A IR AFELL R

YIZR4L(n = 96)

MR (n = 25)

FHIE
RME(n=58) MEHmn=38) P1H K% (n = 20) EME(n=5) P1H
'8 33 (56.59) 18 (47.37) 10 (50.00) 3 (60.00)
51 0.480 1.000
5 25 (43.10) 20 (52.63) 10 (50.00) 2 (40.00)
H (%) 55.93+1592 63.95+11.01 0.019 60.65+16.10 66.00+20.75 0.652
T 46 (79.31) 27 (71.05) 18 (90.00) 4 (80.00)
DGR 0.495 0.504
H 12 (20.69) 11 (28.95) 2 (10.00) 1 (20.00)
B T/ 5 T 45 (77.59) 29 (76.32) 16 (80.00) 5 (100.00)
TEAS 1.000 0.549
AH 13 (22.41) 9 (23.68) 4 (20.00) 0 (0.00)
¥15) 39 (67.24) 12 (31.58) 14 (70.00) 1 (20.00)
I 0.001 0.120
A5 19 (32.76) 26 (68.42) 6 (30.00) 4 (80.00)
T 56 (96.55) 33 (86.84) 20 (100.00) 5 (10.00)
ZEYAE 0.109 1.000
H 2 (3.45) 5 (13.16) 0 (0.00) 0 (0.00)
T 58 (100.00) 33 (86.84) 19 (95.00) 5 (100.00)
53 HHAIE 0.008 1.000
H 0 (0.00) 5 (13.16) 1 (5.00) 0 (0.00)
T 55 (94.83) 34 (89.47) 20 (10.00) 5 (100.00)
FEHIE 0.429 1.000
H 3(5.17) 4 (10.53) 0 (0.00) 0 (0.00)
T HA 25 (43.10) 7 (18.42) 5 (25.00) 1 (20.00)
g575 - Wt i 23 (39.66) 26 (68.42)  0.017 13 (65.00) 4 (80.00) 0.714
FEH 10 (17.24) 5 (13.16) 2 (10.00) 0 (0.00)
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Hk
Aifili_Er 16 (27.59) 19 (50.00) 7 (35.00) 3 (60.00)
i it 4 (6.90) 3(7.89) 0 (0.00) 0 (0.00)
EZRTIVACE A il R e 9 (15.52) 6(1579)  0.169 2 (10.00) 0 (0.00) 0.541
i bt 13 (22.41) 5 (13.16) 4 (20.00) 0 (0.00)
Tl 16 (27.59) 5 (13.16) 7 (35.00) 2 (40.00)

3.2. RAFHERIESEREN

RO 1)ER, LASSO 43 H7 )5 #E PyRadiomics B/ EHRE R 5245 4 24454 1130 4, B HAE I 2R
FIEGUEH 53 A BEAT Z-Score ARifEALALEE, R S5 AG A 2R AEAE AR R AR B AT 20 b B T L0 AN
LASSO Sk e, Tfiik e s ISR 4 AE 12 DN 2). 48 12 MFIEANNZ R logistic [71)4
PR, FE TR AR (L] 2), H AUC EIIZR4L o 0.784, EGIEZH H 4 0.770.
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Feature Coefficients (Lasso)
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Figure 1. Results of optimal radiomic feature selection via LASSO. (A) LASSO cross-validation plot; (B) Coefficient conver-
gence plot; (C) Weighted coefficient plot
1. LASSO ik R IMEGQEFIFELER. (A) LASSO XX IIFE; (B) BHULEE; (C) mMEKE

Table 2. Radiomic features selected by LASSO regression
= 2. 22 LASSO [El)3fiik H FOFAK A FHFE

FFs B RS B AL TR
1 wavelet-HLL_gldm_SmallDependenceLowGrayLevelEmphasis
2 wavelet-HLH_glszm_GrayLevelNonUniformityNormalized
3 wavelet-HLH_glszm_SizeZoneNonUniformityNormalized

4 original_glrim_HighGrayLevelRunEmphasis

5 original_glrim_LowGrayLevelRunEmphasis
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6 log-sigma-1-mm-3D_glrim_LongRunLowGrayLevelEmphasis
7 wavelet-LHH_glcm_DifferenceEntropy

8 wavelet-LHH_glcm_SumEntropy

9 wavelet-HLH_glem_MCC

10 wavelet-HHL_glcm_DifferenceVariance
11 wavelet-HHH_glcm_DifferenceEntropy

12 wavelet-HHH_glcm_SumEntropy
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Figure 2. (A) ROC curves of each prediction model in the training set; (B) ROC curves of each prediction model in the
validation set; (C) Calibration curves of the three prediction models; (D) Decision curve analysis (DCA) of the three prediction
models. Note: Clinic = clinical model; Rad = radiomics model; Unite = combined model; Treat All = universal intervention;
Treat None = no intervention

2. (A) WA ZTUNRE ROC BhZk; (B) WIELAEFUNAREY ROC #iZk; (C)3 MFUNREBIERLZ; (D) 3 MFUUAE
B DCA. %: clinic AlRKIEER; rad ARGEFHER,; unite ABESIREY; Treat All 3&FFA; Treat None AAFFFi.
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3.3. IGFRFHERESRBZE

ARHEFEILAN 120 B8, RAUEZH 78 4, Hik4H 43 4. LA 8:2 LLIBEHLRISr (1) 96 Bl ZR2H &,
RAEAL 58 7], ML 38 Bl XFUIZRALR L SBIEPLLEE In R VOB EEAT LR R A A2 AR (Rl )9, ik 3
A~ GGN RBMEZ Wi ALl R (L 3), AN E . SRR ML E . 23K logistic [AI AU
X 3 I RRHAE S LI AR AL (LI 2), H AUC FEIIIZRA 2 0.770, FESRIELH M 0.725.

Table 3. Logistic regression results of clinical and conventional CT imaging data
3. ImARMEM CT G ERIEERFER

FEAIE P
e 0.012
5 0.361
WA sk 0.356
iz 0.885
R 0.001
ZSAE 0.095
73 HHAE 0.997
BHIE 0.333
Jiti - 2575 i 0.148
AL E 0.014

3.4. BRARENEN S =FERAELE

W IR IR A AR E S 2L IR FI AL CT SR RHIE S BN N £ [R5 logistic [m] J=A5E 2 v 3 37 ¢
EIEAI (LI 2). BEAERZE(ILIE 2(C)) A DCA #hZ8 (L& 2(D)) 45 R o, BRA AL I R E I o & T 5 —
B, TEARFBIE T RA RIFMIGARM G . & 485 R 0R, = AMEEAH, BCA B2 W RS i (AUC =
0.830), m TG4 BA(AUC = 0.770) X IR (AUC = 0.725) . [RIIk, BEARAILEARRT X 7 R PEAE
Pt GGN FHA AN IZWIRE S, AR FERIEAR AT X 4> R EAUEM: GGN _EHRA B2 Wik

Table 4. Comparison of diagnostic performance among the three models

4. ZTPIEEISHTRELLER

TR 2R AUC 95%Cl SEN SPE ACC PPV NPV

AL HEES  it) 0.784 0.692~0.872 0.632 0.810 0.740 0.686 0.770

Ve I RASE Y 0.770 0.660~0.856 0.763 0.724 0.740 0.644 0.832
B AR 0.836 0.755~0.908 0.868 0.638 0.729 0.611 0.881

AR Y 0.770 0.410~1.000 0.600  1.000 0920  1.000  0.909

LAt e Il RASE Y 0.725 0.455~0.946 1.000 0.400 0.520 0.294 1.000
A AT 0.830 0.658~0.968 1.000 0.750 0.800 0.500 1.000
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4. Wig

FEMES CT o, iR S a5 19 R i kL 56 BE R R v, LI . SOV S 45 A9 Wb vl L,
ANFERE RO ALE L SEPERT S EE L 1 SRR LA IR A= R 55 1K) GGIN L AT AN (7] B U7 SHE s A T I
[7] [10]. BAEAVERER) GGN #7 REAEA BT T L R E, 7T 35 Bl RS A= AR 4 2638 I 17 0 3 B 0 5 Y
BT %, SEEANGIRIYAE E RS . HArH RN GGN il B i 3= 2 it 2 2 8 ie H AL Z
14 (computed tomography, CT)#EAT ik, 1l 7] LAE S/ IA AR RHIES B ISR 4 2475 GGN 12l X
HA[11]. AFFETHAAY . WARREME I CT SRR AL ST R IR X2 W A REEAT L
B RGN PRA IR RN EA A5 LA AR 6 0] B B3 445 15 (GGN) RSB ME I B . S5 R B,
BRE RS W A RE B, HUONRAR A AR, e a WIm IR IS B A SR A S OB AR I R A A
EEE AUC KT 0.7, RIIRENIEIKIZHT GGN g fit—E#Hi B,

AT AT ] B S AT B CT -~ 121 4B Af GGN RS, X CT BT Fildb 2 J5 1#E47 77
#1, ¥ 1] PyRadiomics #{FS2HU R ) 1130 AR LS RHIE 56 )5 BEAT Z-Score ARiEALALFE T f 3841 LASSO
Bl 7%, 152 1 AN KA SR (wavelet-HLL_gldm_SmallDependenceLowGrayLevelEmphasis), 2 4~/
B X K /s BE 2 % (wavelet-HLH_glszm_GrayLevelNonUniformityNormalized .  wavelet-
HLH_glszm_SizeZoneNonUniformityNormalized), 3 7K ¥ Il #2 %6 F% 2 i (original_glrlm_HighGrayLevel-
RunEmphasis . original_glrim_LowGrayLevelRunEmphasis . log-sigma-1-mm-3D_glrim_LongRunLow-
GrayLevelEmphasis) , 6 A~ &K J& 3t 4 55 BE 2 %4 (wavelet-LHH_glcm_DifferenceEntropy . wavelet-
LHH_glcm_SumEntropy . wavelet-HLH_glem_MCC . wavelet-HHL_glcm_DifferenceVariance . wavelet-
HHH_glcm_DifferenceEntropy. wavelet-HHH_glcm_SumEntropy), iX b4 B AEAAR I 1 2K FE A1 A8 1k fe e
TR, RNMEBEEA . B HREER T, A [ SO AE RS I 52 A DO R AR,
CT ZUHE 73 My T 3 Ik Al A 40 A1 R 35 Bl B A Jioed e B P, ) e T 43 s o g R AL IX I, Oy S 4R AL T /S
BIE7] [12] [13]. ¥ LA b 12 DMARH R E TN logistic [FIA AT MR RC R A 2R, 45 I ZRZE A
IFZHIY AUC 43514 0.784 (95%CI: 0.692~0.872). 0.770 (95%CI: 0.410~1.000), FMFAGZH FEHALAA R
IFARFTTN GGN RSB R RE -

GGN 2RI i, BB R FGEL . BRI s R sh S el R 3R, B R&5E
F& GGN %, HH. TBE KA e tefl. B F GG 5S40 R. A IR EMERME(Q
BRIE. AL BEARAE . SOREAE)SE CT SEARRHEL3] [7] [9] [14]. AHIEFE R I BN 22 73 A A2 4
o] U SRR AT Tt 5 B RS RN 5 T AL B 3 AMRFIE /2 GGN R AR IZ W I ST Aa [ TR 25 o AWt 9 2% FERFAIE
RNBSIIAE), B RERISI 455 9 pGGN, B JEANI S 455 &G BB 73 S B 1) B B3 45 719 (MGGN) o S
BRIIE[3], mGGN HHISEMER 52 GGN WIZEKAITE, CRCNIIRIZWHIE AR . AT
K I 3 MR PRAE L CT SR FRHEN AN Z K F logistic BRI IR REA, 288 AUC fEI)IZk
M 0.770 (95%Cl: 0.660~0.856), 746 UEZH A4 0.725 (95%Cl: 0.455~0.946), 2% BH I PRAE AL £E A Fif 70
GGN RCEMER R —M .

Delong £t 7R, =M SR H IS IR AL AUC s, IR AUC B fik, RIS
RURHTT GGN RBMERIS W RRE & T8 — 1, NimRiZ W GGN TR LSt 1 A R I VA AR
W AR AUC fEAIS T IR A BAUE & T IR RS, R A R B REF12Me .

=FEEALE T DCA BT IR IR MME AT, SR B, B rn) = Hsaid, BERA R R
E G R RE, ET AR B IR AL,

AR FRBRE: Rt BT T, FEARECD, EBI AT HERR IR SRAT R B SRR 5
RimAR TR B, ImRAE I CT SARRHE A F M s M AR A . SCUEE: RIS, #72
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I GANE M BLEZ 7 BAR RN, A2 o) ™ A — S RO, BRI AT RE WA R R TN A A M
BEE BRI AR 1B M AL i e ASRBEATOECNS, BUgEZ b, SERREAR . 2 B IR A M
CT HBHFIES KL

5. &

AWFFEET AR A IR RASAL, L T AR AR L IRPRE . B AR 3 MR FOR T
T BE BB LE ROBME 2 ke, P ERERA BAT R R TR e, SR AL AR T IR R AR Y, R4l
SRR AT i PR 2 T A a2 W i

S
X 25 A 7 AR A FE R B 7T A % 151(202101BA070001-128) 72 71~ 2t !
B B
AT FFAFRE K225 — I 8 B B B A H 2 G S bk (4L 5. DFY20241129007).

SE
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