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ABSTRACT

Objective: Platinum-based chemotherapy for advanced Ilung cancer is frequently
challenged by platinum resistance, and effective early identification methods remain
lacking. Although previous studies have demonstrated the importance of imaging features
and clinical laboratory data in identifying platinum resistance in lung cancer, differences in
platinum resistance among distinct CT imaging subtypes and their predictive value have
not been fully elucidated. This study aims to establish a CT radiomics-based lung cancer
subtype classification model, to explore differences in platinum resistance, baseline
characteristics, and clinical laboratory data across radiomic subtypes, and to further
evaluate the predictive value of clinical laboratory data, radiomic features, and subtype
information for platinum resistance.

Methods: This retrospective cohort study included 684 patients with histopathologically
confirmed lung cancer who were treated at Xiangya Hospital of Central South University
between January 2011 and June 2025. Patients were aged 21-80 years (56+9 years). All
patients received standard platinum-based chemotherapy. Baseline information (gender,
age, smoking history, pathological subtype, and platinum resistance status) and clinical
laboratory data (comprehensive biochemical panel, coagulation function, tumor markers,
and routine blood parameters) were collected. Pretreatment CT images were obtained, and
3-dimensional region of interest (ROI) were manually delineated layer by layer along
tumor boundaries. A total of 1228 high-throughput radiomic features were extracted. The
optimal number of clusters was determined using the silhouette coefficient, and radiomic
phenotypes were identified via hierarchical clustering. Variables showing significant
differences between subtypes were screened, and binary logistic regression was applied to
quantify the contribution of each variable to platinum resistance. 4 clinical laboratory
models were constructed: univariate analysis, multivariate analysis, least absolute
shrinkage and selection operator (LASSO) regression, and an all-variable model.
Diagnostic performance was assessed using the area under the receiver operating

characteristic (ROC) curve (AUC), and clinical net benefit was evaluated using decision
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curve analysis (DCA). Additional predictive models incorporating radiomic features,
clinical laboratory data, radiomic features plus clinical laboratory data, radiomic features
plus subtype category, clinical laboratory data plus subtype category, and a combined
model integrating clinical laboratory data, radiomic features, and subtype category were
further developed and compared for their ability to predict platinum resistance.

Results: Radiomics-based clustering divided lung cancer patients into an “imaging-
physiological homeostasis subtype” and an “imaging-physiological disequilibrium
subtype.” Statistically significant differences were observed between the 2 subtypes in
platinum resistance status, selected biochemical indicators (carbon dioxide, serum
creatinine, creatine kinase, myoglobin), and tumor markers (carcinoembryonic antigen) (all
P<0.05). Within specific threshold probability ranges, all 4 clinical laboratory models
based on baseline characteristics and laboratory data demonstrated clinical benefit and
outperformed the traditional dichotomous classification of “platinum-sensitive” versus
“platinum-resistant.” Among these models, the all-variable model showed the best
predictive performance. Clinical laboratory models exhibited superior performance to
radiomics-only models in predicting platinum resistance, and combined models integrating
clinical laboratory data with radiomic features showed marked improvement in predictive
accuracy. Incorporation of radiomic subtype information further enhanced the predictive
ability of multiple models, including clinical laboratory models, radiomic models, and
combined clinical laboratory-radiomics models.

Conclusion: CT radiomics can effectively characterize lung cancer heterogeneity.
Integrating clinical laboratory data, radiomic features, and radiomic subtype information

provides optimal predictive performance for platinum resistance.

lung cancer subtyping; radiomics; clustering analysis; platinum resistance; net benefit
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Figure 1 Schematic diagram of 3-dimensional ROI delineation for lung cancer lesion

A —C: Manual segmentation of the ROI on axial (A), sagittal (B), and coronal (C) CT images, performed along the solid tumor

border while excluding areas of hemorrhage, necrosis, and cystic degeneration. D: Fused ROI yield a 3-dimensional reconstruction.

Imaging is from a 58-year-old male with pathologically confirmed lung cancer. ROI: Region of interest.
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Figure 2 Schematic diagram of radiomics feature clustering
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A: Optimal cluster number determined by the silhouette method; B: Hierarchical clustering dendrogram; C: Visualization of PCA

results, demonstrating the distribution of 2 clusters in the space of the first 2 principal components. PC: Principal component; PCA:

Principal component analysis.

F1 ETF CTHRAFHFERNERETRIERLE (1=684)

Table 1 Comparison of indicators for CT-based radiomics clustering subtypes in lung cancer (n=684)

miH WG - PR WA (n=316) SR L PRI A (n=368) x/ P

HHBH1(%)] 251(79.4) 281(76.4) 0.759  0.384
LEA /% 56.4+8.9 55.6+9.3 1.105  0.268
WA/ [511(%6)] 211(66.8) 228(62.0) 1512 0.219
FHZETH 25/[15(%)] 131(41.5) 189(51.4) 6.305  0.012
CO,/(mmol-L™) 25.242.9 24.6+3.1 2420  0.015
SCr/(umol-L™) 79.1417.8 82.2+17.6 -2.264  0.024
CK/(U-L™) 62.0+36.5 68.1+41.3 -2.043  0.040
Myo/(ng-L™) 26.5+13.0 29.8+21.3 -2.365  0.015
CEA/(ng-L™) 24.9+56.5 39.6+112.0 -2.114  0.027

THECFERHATEC B oy te 3R, AR FUBER F 2K 265848 Kolmogorov-Smirnov K 45:(K-S R4 iT-Al , T PERMF &
IERDAR, DSBbrfE 22308, 4l eBCR ML FEAS eA5 3 . CO,: & (fkfk; SCr: IMWLAF; CK: WUERFLHEF; Myo:

WL HEH; CEA: P,

2.3 AR BAZTE AIlEREIEEE T H M 258
i E

TERAR- A RS WA, R R SRR,
2T 25 5 pType. CO,. AG. B2-MG, CysC,
TBA. BG. Myo } AT i 3 AH 3¢ (3 P<0.05); i

— M ZHR IR Bn, H2KM245 BG, AG
M7 AR S (H P<0.05, $2). 1ERAA5R -5 T 4K i 7 R
H, BRI MEZ N Z R WoR, F2Em 2
5 Ca. B2-MG K AFP ¥ M (H P<0.05, #%3).
FERAR - BRI AR, R H LASSO [l XS 31|
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SMP IR, [FRERE T LASSO [BH BEA TR AE i e (P
3B. 3D), MEIRHIEEFM 6 MFHIE: Ca. B2-MG.
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iH 2 ROC AUC X 4 FlAS [m] 1fs A A oA 784 7y 12 W
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DCA WA A [A] Logistic [FIHBLAI I RiF 3K 25, 455
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PRAS 30 5 A Al 2 () B PR R A Wi A L 22 R A A A
A LASSO RIS AT RS e B A7 P 1S AU 35 BAT i
R4, BOLTAGER) “FA2REUs” F “HI2Emizy”
SPRTTIE(ES). AL, SR A AR X A2 Tt 24
P AR 25 25 5. AERS R -AE BRI A v
Bt R (AR R A R, e DR 3R 4 IR 2R Hh BT
(EISA. 5B); IMiTERAAG-A B WA rp, Bl B (E
BRS8N, I RV 38 25 3% 7 B4 AR T o 300 17 L (&
5C. 5D).

R2 HR-EEISWE AR 5 EL FRR IR REIEHIRR =TT Logistic @135 45 R

Table 2 Results of binary Logistic regression analysis of platinum resistance with baseline characteristics and clinical

laboratory data in imaging-physiological homeostasis subtype

- LSy ZINZ I
OR(95% CI) P OR(95% CI) P

pType 1.65(1.12~2.45) 0.012 1.50(0.98~2.28) 0.059
CO, 1.12(1.04~1.22) 0.005 1.01(0.91~1.13) 0.800
AG 0.88(0.81~0.95) 0.002 0.87(0.78~0.97) 0.014
B2-MG 1.62(1.27~2.09) <0.001 1.38(1.00~1.92) 0.055
CysC 2.58(1.28~5.31) 0.009 1.07(0.41~2.80) 0.900
TBA 1.05(1.01~1.11) 0.030 1.03(0.99~1.08) 0.300
BG 1.20(1.04~1.41) 0.017 1.32(1.12~1.59) 0.002
Myo 1.03(1.01~1.05) 0.009 1.02(1.00~1.04) 0.150
ATIII 0.99(0.99~1.00) 0.010 1.00(0.99~1.00) 0.075

OR: [WfELL; CI: EfFIX[E; pType: FWEEIEM; AG: B FRIPL; B2-MG: B2-fEREH; CysC: Be#i# C; TBA:
BAEHR; BG: #j4bE; Myo. WIZIEH; ATHI. HUitifiEFII,

R3 RR-ERKETE R IAKMZ S EL TR R IR AT RN T Logistic B3 545 R

Table 3 Results of binary Logistic regression analysis of platinum resistance with baseline characteristics and clinical

laboratory data in imaging-physiological disequilibrium subtype

. I ZIF T

VAN
: OR(95% CI) P OR(95% CI) P
Ca 0.13(0.03~0.52) 0.006 0.12(0.03~0.49) 0.005
B2-MG 1.38(1.13~1.71) 0.002 1.47(1.19~1.84) <0.001
AFP 1.12(1.04~1.22) 0.005 1.12(1.04~1.22) 0.005

Ca: 45; AFP. HAEN.

24 ERKEHFENZEAFTREREHALWS
T B 1 AR

TE 2 RAR L A R B R il JR A e, 2y
IR AR 2B |l PRAS I AR R RS AR 2 2+l
RAGIGHR S HRL(E 6. 7). ARSI 1E5
BRI, ARG AR | I PRSI 5R

FIRE AR AL 2F -+ 11 PR A 56 56 A5 455 20 1) AUC {853 531
0.582. 0.782 F10.821([% 6B); 7 F-15 -k F 2 fiiy Y. Y
ISR ) AUCE 4391 0 0.615 ., 0.784 F10.822
(L 6D); TEHEA il i BAAI X BEARL ) AUC
EI43 514 0.578 . 0.805 F10.811(/ 7B).
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Figure 3 Feature selection process based on LASSO regression

A: For the imaging-physiological homeostasis subtype, the curve of MSE versus regularization parameter (A), with the optimal A
value of 0.059 6 (vertical dashed line, A_min); B: For the imaging-physiological disequilibrium subtype, the MSE curve versus
regularization parameter A, with optimal A value of 0.049 4; C: In the imaging-physiological homeostasis subtype, coefficient
trajectories of baseline characteristics and clinical laboratory variables across A values, ultimately selecting 7 features with non-zero
coefficients at optimal A; D: In the imaging-physiological disequilibrium subtype, coefficient trajectories of baseline characteristics
and clinical laboratory variables across A values, ultimately identifying 6 non-zero-coefficient features at optimal A. LASSO: Least

absolute shrinkage and selection operator; MSE: Mean squared error.
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Figure 4 ROC results of different clinical predictive models for platinum resistance prediction in the 2 radiomics subtypes

A: ROC curve of the training set in the imaging-physiological homeostasis subtype; B: ROC curve of the testing set in the imaging-
physiological homeostasis subtype; C: ROC curve of the training set in the imaging-physiological disequilibrium subtype; D: ROC
curve of the testing set in the imaging-physiological disequilibrium subtype. ROC: Receiver operating characteristic; AUC: Area

under the curve.
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Figure 5 DCA results of different clinical predictive models for platinum resistance prediction in the 2 radiomics subtypes
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A: DCA curve of the training set in the imaging-physiological homeostasis subtype. The net benefit gradually declines with

increasing threshold probability, eventually approaching zero. This suggests the predictive model maintains clinical utility across

intermediate probability ranges; B: DCA curve of the testing set in the imaging-physiological homeostasis subtype; C: DCA curve of

the training set in the imaging-physiological disequilibrium subtype. The net benefit decreases with rising threshold probabilities,

eventually yielding negative net benefit. This indicates limited clinical applicability at higher decision thresholds; D: DCA curve of

the testing set in the imaging-physiological disequilibrium subtype. DCA: Decision curve analysis.
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Figure 6 ROC results of single- and multi-omics models for platinum resistance prediction in the 2 radiomics subtypes
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A: ROC curve of the training set in the imaging-physiological homeostasis subtype; B: ROC curve of the testing set in the imaging-
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curve of the testing set in the imaging-physiological disequilibrium subtype.
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Figure 7 ROC results of single- and multi-omics models for platinum resistance prediction in lung cancer patients

A: ROC curve of the training set in the lung cancer patient population; B: ROC curve of the testing set in the lung cancer patient

population.
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