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CT-based machine learning model integrating
intra- and peri-tumoral radiomics features

for predicting occult lymph node metastasis
in peripheral lung cancer
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Ying Liu"”

Abstract

Background Accurate preoperative assessment of occult lymph node metastasis (OLNM) plays a crucial role in
informing therapeutic decision-making for lung cancer patients. Computed tomography (CT) is the most widely used
imaging modality for preoperative work-up. The aim of this study was to develop and validate a CT-based machine
learning model integrating intra-and peri-tumoral features to predict OLNM in lung cancer patients.

Methods Eligible patients with peripheral lung cancer confirmed by radical surgical excision with systematic
lymphadenectomy were retrospectively recruited from January 2019 to December 2021. 1688 radiomics features
were obtained from each manually segmented VOI which was composed of gross tumor volume (GTV) covering

the boundary of entire tumor and three peritumoral volumes (PTV3, PTV6 and PTV9) that capture the region outside
the tumor. A clinical-radiomics model incorporating radiomics signature, independent clinical factors and CT
semantic features was established via multivariable logistic regression analysis and presented as a nomogram. Model
performance was evaluated by discrimination, calibration, and clinical utility.

Results Overall, 591 patients were recruited in the training cohort and 253 in the validation cohort. The radiomics
signature of PTV9 showed superior diagnostic performance compared to PTV3 and PTV6 models. Integrating GPTV
radiomics signature (incorporating Rad-score of GTV and PTV9) with clinical risk factor of serum CEA levels and CT
imaging features of lobulation sign and tumor—pleura relationship demonstrated favorable accuracy in predicting
OLNM in the training cohort (AUC, 0.819; 95% Cl: 0.780-0.857) and validation cohort (AUC, 0.801; 95% Cl: 0.741-0.860).
The predictive performance of the clinical-radiomics model demonstrated statistically significant superiority over that
of the clinical model in both cohorts (all p<0.05).
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Conclusions The clinical-radiomics model was able to serve as a noninvasive preoperative prediction tool for
personalized risk assessment of OLNM in peripheral lung cancer patients.

Keywords Lung cancer, Radiomics, Occult lymph node metastasis, Tumor, Peritumoral

Introduction

According to GLOBOCAN 2020 estimates of cancer
incidence and mortality produced by the International
Agency for Research on Cancer, lung cancer is the leading
cause of cancer death [1]. Lymph node (LN) metastasis
plays a crucial role in the TNM staging system and is con-
sidered one of the most significant prognostic factors for
patients with lung cancer [2]. Based on the evidence that
segmentectomy or sublobectomy could provide equiva-
lence prognosis compared to lobectomy for patients with
early-stage lung cancer without LN metastasis [3-5],
these limited surgery with the benefits of reducing over-
all complication rate, preserving lung function and better
postoperative immune-nutritional status has emerged as
an alternative modality in selected patients [6, 7]. Mean-
while, in contrast to the conventional notion of “more is
better” regarding LN dissecting, an elevated dissected LN
count is associated with poorer immunotherapy efficacy
in post-resectional recurrent NSCLC [8]. Therefore, pre-
cise assessment of LN metastasis prior to surgery is vital
for clinicians to create individualized treatment plans for
lung cancer patients.

Computed tomography (CT), which is the standard
imaging method for preoperative assessment of lung
cancer, has limited value for precise determination of LN
metastasis [9, 10]. Image-based preoperative evaluation
of LN status mainly depends on size criterion, usually
a short axial diameter larger than 10 mm is considered
as the diagnostic cutoff for LN malignancy. However,
benign and metastatic lymph nodes can overlap in size.
Obstructive pneumonia, atelectasis, infection and inter-
stitial pneumonia can also cause swollen lymph nodes
which lead to false positives, whereas the presence of
micro-metastasis in normal sized nodes could be mis-
diagnosed as normal even in cases with primary lung
cancer smaller than 3 ¢cm [11, 12]. A recent study has
found that even if the short axis of all lymph nodes were
smaller than 10 mm and SUVmax of mediastinal lesions
were lower than 2.5, LN metastasis could still occur in
NSCLC patients, and the incidence rate was 37.3% [13].
Thus, accurate preoperative assessment of LN status,
especially precise evaluation of those LN within normal
size, referred to herein as occult lymph node metastasis
(OLNM), remains a challenge for radiologists.

Radiomics, proposed by Lambin in 2012 [14], is an
emerging medical image analysis method that can cap-
ture mesoscopic features of the tumor concealed within
medical images, which cannot be discerned by naked
eyes [15]. With the help of transforming this information

into analyzable high-throughput data, radiomics has
unfolded a new dimension for evaluating cancer struc-
ture and biology [16]. Previous studies have shown the
feasibility of developing radiomic signatures to predict
LN metastasis in NSCLC [17-26]. Although these results
were encouraging, some of the histopathological param-
eters in the proposed prediction model were only avail-
able after surgery; in addition, there was considerable
variation in the distances of peritumoral expansion docu-
mented in different studies which resulted in inconsistent
conclusions and potential challenges when interpret-
ing the findings. In this study, we hypothesized that the
integration of intra- and peri-tumoral radiomics features
extracted from pretreatment CT images could facilitate
the identification of OLNM in patients with lung cancer.
We further investigated the optimal distances for peri-
tumoral expansion and combined these radiomics data
with semantic features of the primary tumor and clinical
information to optimize individualized surgical strate-
gies, ensuring adequate yet non-excessive lymph node
dissection.

Methods

Study design and patient selection

This study was conducted in accordance with the Decla-
ration of Helsinki. The requirement for patient informed
consent was waived by the institutional review board
due to the retrospective study design. Medical records of
pathologically confirmed lung cancer patients were con-
secutively retrieved from the institutional database from
January 2019 to December 2021. The enrolled patients
met the following inclusion criteria: (1) underwent lobec-
tomy, segmentectomy or pneumonectomy with system-
atic lymph node dissection; (2) preoperative chest CT
images within 2 weeks before surgery and CT-based
LN status was cNO (hilar and mediastinal lymph nodes
with the short-axis diameter smaller than 10 mm on CT
images were diagnosed as cNO); (3) lung lesions classi-
fied as solid or partly solid, and for the latter one ground-
glass opacity (GGO) component did not exceed 50%; (4)
availability of clinical and pathologic data. Patients were
excluded if they had a central location tumor, underwent
any preoperative treatment for lung cancer, had any cur-
rent or previous malignancy other than lung cancer, had
multiple lung cancers, had non-measurable lesions on
CT (e.g., due to atelectasis), or had unsatisfactory image
quality due to respiratory artifact during CT examina-
tion. Finally, 844 patients pathologically confirmed lung
cancer with c¢NO status on preoperative CT images were
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included in the current study, and then randomly divided
into a training cohort (#=591) and a validation cohort
(n=253) at a 7:3 ratio (Fig. 1).

Baseline demographic data (sex, age, smoking history)
and laboratory analysis of routine tumor markers of lung
cancer within 1 week before surgery including neuron
specific enolase (NSE), carcinoma embryonic antigen
(CEA), tissue polypeptide specific antigen (TPSA), squa-
mous cell carcinoma antigen (SCC-Ag), pro-gastrin-
releasing peptide (ProGRP), and cytokeratin 19 fragment
(Cyfra 21-1) were obtained from electrical medical
records. According to the guidelines of the European
Association of Thoracic Surgeons, at least six LNs were
dissected for each patient [27]. Post-operative pathologic
results were used as the gold standard, and patients were
then classified into pathological lymph node positive
(pN+) and lymph node negative (pN-) groups.

CT image acquisition and analysis

All CT scans were performed from the lung apex to the
bilateral adrenal glands, using multi-detector row CT
systems and the detailed parameters of scanning were
described in Supplementary Text 1. Two radiologists who
were blinded to clinical and pathologic information (with
experience of 2 years and 3 years in chest CT imaging)
evaluated the following characteristics independently:
(a) tumor affiliated lobe, (b) maximum axial diameter
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and perpendicular short axial diameter, (c) spiculation,
(d) lobulation, (e) air bronchogram, (f) vacuole sign, (g)
vascular convergence, (h) tumor—pleura relationship.
Tumor-pleura relationship was classified into two types
[28] (Fig. 2). All the other categorical variables includ-
ing spiculation, lobulation, air bronchogram, vacuole
sign and vascular convergence were encoded into binary
variables (absence or presence). Any discordant interpre-
tation was resolved via consultation from a third senior
radiologist (Y.L. with 19 years of experience). The average
for continuous variable was calculated as the final value.

Image preprocessing and volumes of interest (VOI)
segmentation
To obtain a better comparison of heterogeneous imag-
ing data using different CT devices, a linear interpolation
algorithm was applied to resample the imaging data to a
standardized pixel dimension size of 1.0x 1.0x 1.0 mm?,
and then the voxel intensities were discretized using a
fixed group spacing of 25Hu, a parameter commonly
adopted in the literature [29, 30], in order to reduce the
image noise and standardize the grayscale to achieve a
stable strong resolution. Finally, normalization was per-
formed to minimize variations in signal intensity across
different imaging systems.

Tumor segmentation was manually performed by a
trained radiologist (reader A) using open-source software

Patients with pathologically confirmed lung cancer
from January 2019 to December 2021 (n=1038)

Inclusion criteria
* Underwent surgery with systematic
lymph node dissection
* Preoperative CT-based LN status
was cNO
* Lung lesions classified as solid or

/ Exclusion criteria \
* Central location tumor (n=103)
* Received preoperative treatment for lung
cancer (n=35)
Malignancy other than lung cancer (n=12)

partly solid (GGO <50%)
* availability of clinical and pathologic

\ data

Multiple lung cancers (n=12)
* Non-measurable lesions on CT (n=28)
Unsatisfactory image quality (n=4)

P

[ Eligible patients enrolled (n=844) ]

!
[ Training cohort (n=591) ]

|

[ pN+ (n=129) ] [ pN- (n=462) ]

Fig. 1 Flowchart of patient selection in this study

|
[Validation cohort (n:253)]
l l
{ pN+ (n=55) ] { pN- (n=198) ]
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Fig. 2 Example of Type | and Type Il tumor—pleura relationship. Type |, tumor was unrelated to the pleura (a) or manifested linear shadows between
tumor and pleura on lung window images but was not observed on mediastinal window images (b); Type II, tumor had linear or striated pleural tags
between tumor and pleura observed in both lung windows and mediastinal window images (c) or was attached to the pleura with a broad base (d)
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3D Slicer (version 5.0.3). The lesion contours were delin-
eated slice by slice on axial images in the lung window to
ensure accurate boundary definition. Gross tumor vol-
ume (GTV) was contoured along the boundary of the
tumor. Subsequently, GTV was dilated outward by 3 mm,
6 mm, and 9 mm along its boundary in all directions
using an isotropic expansion method to ensure uniform
growth. This process generated three concentric peritu-
moral volumes (PTV), referred to as PTV3, PTV6, and
PTV9 (Fig. 3). Manual repair was performed if the outer
expansion came into contact with the chest wall, dia-
phragm, main trachea, great blood vessels, or heart.

To ensure the stability and reproducibility of radiomics
features, a subset of 40 cases was randomly chosen from
the study cohort. Tumor segmentation was carried out
using the same methodology by another radiologist
(reader B). After a 3-month washout period, reader A
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performed tumor segmentation once again for these 40
patients.

Feature selection and radiomics signature development

A total of 1688 radiomics features from each VOI were
extracted using FeAture Explore (FAE) software (version
0.5.7) which is a PyRadiomics-based (version 3.0) open-
source software [31], including shape-based features,
first-order statistical features, gray-level co-occurrence
matrix (GLCM), gray-level dependence matrix (GLDM),
gray-level run length matrix (GLRLM), gray-level size
zone matrix (GLSZM), and neighboring gray tone differ-
ence matrix (NGTDM). All extracted radiomic features
were standardized in compliance with the Image Bio-
marker Standardization Initiative (IBSI) guidelines [32]
with detailed information presented in Supplementary
Table 1. The Z-Score normalization method was utilized

Fig. 3 Representative images of gross tumor volume (GTV) segmentation (a) and peritumoral volume (PTV) expansion by 3 mm (b), 6 mm (c),and 9 mm

(d) in three dimensions
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to achieve standardized processing of the radiomics fea-
ture data. Due to a substantial difference in sample size
between pN+and pN- groups in this study, the syn-
thetic minority oversampling technique (SMOTE) was
employed to address data imbalance.

The inter-observer and intra-observer agreement of
radiomics features was assessed using the Intraclass Cor-
relation Coefficient (ICC), and features that exhibited
an ICC value of 0.90 or higher were considered eligible
and included in the subsequent analysis. We performed
an independent two-sample t-test on all standardized
features, retaining radiomics features with statistical
significance. And then, to mitigate the adverse effects of
multicollinearity, from each pair of features with Pearson
Correlation Coefficient (PCC) exceeded 0.90, one of the
features was randomly removed to reduce spatial dimen-
sionality. Following that, feature selection was conducted
using the minimum redundancy maximum relevance
(mRMR) algorithm. Subsequently, the least absolute
shrinkage and selection operator (LASSO) was applied
on the training cohort to further reduce dimensionality
and identify the most predictive features. The selected
features were then used to construct logistic regression
(LR) models, followed by 10-fold cross-validation for
model evaluation. Model performance was assessed on
the validation cohort, and the radiomics signature (Rad-
score) achieving the highest AUC was ultimately selected
as the final model. SHapley Addictive exPlanations
(SHAP) analysis was employed to assess feature impor-
tance and enhance model interpretability.

Clinical model and clinical-radiomics nomogram
construction

Univariable analysis was used to compare the demo-
graphic data and radiological features between pN +and
pN- groups. Those factors with p<0.05 in the univari-
able analysis were entered into the multivariable logistic
regression analysis to develop clinical model in the train-
ing cohort. The clinical-radiomics nomogram, which
combined optimal Rad-score and independent clinical-
radiological factors was constructed using multivariable
logistic regression analysis. Calibration curve was used to
analyze the calibration of the clinical-radiomics nomo-
gram. Hosmer-Lemeshow were performed to assess the
goodness of fit of the models. Decision curve analysis
(DCA) was conducted to determine the clinical utility of
the optimal predictive model.

Statistical analysis

The statistical analysis was performed using R (ver-
sion 4.2.1) and SPSS 25.0. Continuous variables were
expressed as mean *standard deviation (SD) or median
(interquartile range) and compared by using Student
t-test or the Mann—Whitney U test. Categorical variables
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were expressed as a number (percentage) and compared
by chi-square test or Fisher exact test. Univariable and
multivariable analyses were performed using binary
logistic regression analysis to explore potential risk fac-
tors for OLNM. Receiver operating characteristics (ROC)
curve for each model was plotted, with the cutoff cho-
sen to maximize the Youden index, and the correspond-
ing accuracy, sensitivity, and specificity were calculated
to evaluate the predictive performance. Delong test was
used to compare the differences in AUC values among
different models. A two-sided p <0.05 considered statisti-
cal significance.

Results

Clinical and CT imaging characteristics

In the whole cohort, 184 of pN + patients were under
staged as ¢cNO according to CT evaluation, with a false
negative rate of 21.8% (184/844). The baseline demo-
graphic data and laboratory analysis of routine tumor
markers are presented in Table 1. There were no signifi-
cant differences regarding demographic data between
training and validation cohorts (all p>0.05). Rate of LN
metastasis was 21.8% (129 of 591) and 21.7% (55 of 253)
in the training and validation cohorts, respectively, with-
out significant difference (p=0.977). Patients with CEA
level higher than upper limits were more likely to have
LN metastasis in both training and validation cohorts
(p<0.001; p=0.020), while there were no statistically sig-
nificant differences with regard to other serum tumor
markers, age, sex, smoking history, or histologic type
between pN +and pN- groups (all p>0.05).

CT characteristics of the primary tumor are shown in
Table 2. Tumors with OLNM tended to have larger tumor
size than those without LN metastasis (all p<0.001).
The presence of lobulation sign and tumor with type
II tumor—pleura relationship were more frequently
observed in pN+group compared with pN- group in
both training and validation cohorts (all p<0.001). The
integrated clinical model identified CEA level (odds ratio
[OR], 2.408; 95% confidence interval [CI]: 1.564-3.706;
p<0.001), lobulation sign (OR, 2.627 95% CI: 1.376—
5.013; p<0.001) and tumor—pleura relationship (OR,
2.476; 95% CI. 1.543-3.972; p<0.001) as independent
predictors for OLNM (Supplementary Table 2). The ROC
analysis yielded AUCs of 0.676 (95% CI: 0.628-0.724)
in the training cohort and 0.706 (95% CI: 0.637-0.775)
in the validation cohort, indicating that the model had
moderate discriminative ability in distinguishing periph-
eral lung cancer patients with and those without OLNM.

Radiomics feature selection and signature construction

Those radiomics features with low reproducibility which
had intra- or inter-observer ICC of <0.90 were excluded,
so the number of GTV, PTV3, PTV6 and PTV9 radiomics
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Table 1 Baseline characteristics of lung cancer patients
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Characteristics Training cohort (n1=591) Validation cohort (n=253) p value®
pN+group pN- group p value pN+group pN- group p value
(n=129) (n=462) (n=55) (n=198)

AgeT (years) 59.0 (52.0,64.0) 60.0 (53.0, 65.0) 0.079 59.0(51.0,63.0) 60.0 (54.0, 64.0) 0.218 0.658

Sex 0.504 0.395 0470
Male 66 (51.2) 221 (47.8) 28 (50.9) 88 (44.4)
Female 63 (48.8) 241 (52.2) 27 (49.1) 110 (55.6)

Smoking history 0.642 0.680 0424
Never 54 (41.9) 204 (44.2) 27 (49.1) 91 (46.0)
Current/former 75 (58.1) 258 (55.8) 28 (50.9) 107 (54.0)

CEA (ug/L) <0.001™ 0.020" 0.653
Normal (<5) 78 (60.5) 369 (79.9) 36 (65.5) 159 (80.3)
Abnormal (>5) 51(39.5) 93 (20.1) 19 (34.5) 39(19.7)

TPSA (U/L) 0.865 0.540 0.649
Normal (< 80) 97 (75.2) 344 (74.5) 42 (76.4) 143 (72.2)
Abnormal (>80) 32(24.8) 118 (25.5) 13(23.6) 55(27.8)

SCC (ug/L) 0.258 0.527 0.258
Normal (< 1.5) 117 (90.7) 402 (87.0) 51(92.7) 178 (89.9)
Abnormal (> 1.5) 12(9.3) 60 (13.0) 4(7.3) 20(10.1)

ProGRP (ng/L) 0.120 0.391 0.816
Normal (<63) 127 (98.4) 441 (95.5) 52 (94.5) 192 (97.0)
Abnormal (>63) 2(1.6) 21 (4.5) 3(5.5) 6(3.0)

NSE (ug/L) 0.307 0.533 0570
Normal (£16.3) 119(92.2) 412 (89.2) 50(90.9) 174 (87.9)
Abnormal (>16.3) 10 (7.8) 50(10.8) 5(0.1) 24.(12.1)

Cyfra21-1 (ug/L) 0.786 0.716 0.995
Normal (<3.3) 90 (69.8) 328(71.0) 40 (72.7) 139 (73.5)
Abnormal (>3.3) 39(30.2) 134 (29.0) 15 (27.3) 59 (26.5)

Histologic type 0.190 0499 0.774
ADC 111 (86.0) 373(80.7) 46 (83.6) 171 (86.4)
SCC 9(7.0) 59(12.8) 5(09.1) 23(11.6)
Others 9(7.0) 30 (6.5) 4(73) 4(20)

CEA, carcinoma embryonic antigen; TPSA, tissue polypeptide specific antigen; SCC, squamous cell carcinoma antigen; ProGRP, pro-gastrin-releasing peptide; NSE,
neuron specific enolase; Cyfra 21 -1, cytokeratin 19 fragment; ADC, adenocarcinoma; SCC, squamous cell carcinoma. Except where indicated, data are numbers of

patients, with percentages in parentheses
* Data are medians, with IQRs in parentheses
# Comparison between training cohort and validation cohort

“p value <0.05, "p value <0.001

features was reduced to 1378, 1034, 806 and 722, respec-
tively. After that, independent t-tests identified 1155, 735,
579, and 494 features exhibiting significant differences
between the pN +and pN- groups for GTV, PTV3, PTV6,
and PTVY, respectively. The PCC and mRMR algorithm
were used to identify features that were highly correlated
with efficacy but minimally related to other features, and
the features of the top 20 were retained. A total of 9, 10,
8, and 9 most predictive radiomic features with nonzero
coefficients in the LASSO algorithm were finally selected
for Rad-GTV, Rad-PTV3, Rad-PTV6 and Rad-PTV9
(Supplementary Fig. 1). The computed ROC-AUC values
for each fold exhibited high consistency (Supplemen-
tary Table 3). The SHAP bar chart (Fig. 4) depicted the
contribution of the selected features to each radiomics

signature. Each Radscore calculation formula was shown
in Supplementary Text 2.

Rad-GTYV, Rad-PTV3, Rad-PTV6 and Rad-PTV9 were
significantly higher in the pN+group compared with
pN- group (all p<0.001) (Supplementary Fig. 2). The
AUC value of PTV radiomics model increased with the
tumor’s peripheral expansion distance went further away
from the tumor (Table 3). The radiomics signature of
PTV9 displayed better performance than the other two
PTV radiomics models, and the AUC reached 0.761 (95%
CI: 0.716-0.806) and 0.733 (95% CI: 0.663-0.804) in the
training and validation cohorts, respectively. Conse-
quently, the PTV9 radiomics signature was selected for
further construction of the GPTV model. Based on the
respective Rad-score of GTV and PTV9, GPTV model
was constructed using binary logistic regression analysis
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Table 2 CT imaging features of the entire cohorts in lung cancer patients
CT imaging features Training cohort (n1=591) Validation cohort (n=253)
pN+group pN- group p value pN+group pN- group p value
(n=129) (n=462) (n=55) (n=198)
MAD' (mm) 33.0(25.8,398) 24.7(17.9,35.0) <0.001” 31.1(256,41.2) 236(16.0,36.1) <0001"
SAD' (mm) 252(186,33.9) 188 (13.5,26.1) <0001™ 25.2(20.0,31.8) 18.1(11.9,269) <0001™
Mean diameter' (mm) 29.5(219,36.4) 21.5(16.0,30.0) <0.001” 284 (22.5,36.2) 20.8(14.3,31.9) <0001"
Tumor affiliated lobe 0411 0.552
Right upper lobe 42 (32.6) 147 (31.8) 22 (40.0) 76 (384)
Right middle lobe 5.9 42 (9.1) 1(1.8) 11(5.6)
Right lower lobe 28 (21.7) 87(18.8) 13 (23.6) 36(18.2)
Left upper lobe 34 (26.3) 116 (25.1) 14 (25.5) 46 (23.2)
Left lower lobe 20 (15.5) 70(15.2) 5(9.1) 29 (14.6)
Spiculation 0.134 0.507
Absence 45 (34.9) 195 (42.2) 25 (45.5) 100 (50.5)
Presence 84 (65.1) 267 (57.8) 30 (54.5) 98 (49.5)
Lobulation <0001™ 0.001"
Absence 12 (8.5) 109 (25.5) 4(10.7) 60 (22.7)
Presence 117 (91.5) 353 (74.5) 51(89.3) 138 (77.3)
Air bronchogram 0.364 0.073
Absence 92 (72.3) 310 (67.4) 46 (76.8) 142 (72.5)
Presence 37(27.7) 152 (32.6) 9(23.2) 56 (27.5)
Vacuole sign 0.168 0.166
Absence 90 (66.9) 292 (64.9) 32(75.0) 135 (65.2)
Presence 39(33.1) 170 (35.1) 23(25.0) 63 (34.8)
Vascular convergence 0.232 0.207
Absence 117 (92.3) 433 (94.2) 54(91.1) 186 (94.2)
Presence 12(7.7) 29 (5.8) 1(8.9) 12 (5.8)
Tumor—pleura relationship <0.001™ <0.001"
Type | 27 (20.9) 197 (42.6) 8(14.5) 86 (43.4)
Type ll 102 (79.1) 265 (57.4) 47 (85.5) 112 (56.6)

MAD, maximum axial diameter; SAD, short axial diameter

Except where indicated, data are numbers of patients, with percentages in parentheses

' Data are medians, with IQRs in parentheses
“p value<0.05, “’p value <0.001

(Supplementary Text 3). The waterfall plot, which ranked
patients’ scores from smallest to largest, showed patients
with a GPTV Rad-score higher than the cutoff value
(0.362) was mostly pN+ (Fig. 5). The AUC of Rad-GPTV
increased to 0.799 (95% CI: 0.760-0.838) in the training
cohort and 0.772 (95% CI: 0.710-0.833) in the valida-
tion cohort, and compared with Rad-GTV, Rad-PTV3,
Rad-PTV6, and Rad-PTV9, the diagnostic efficiency has
improved to some extent (Fig. 6, Supplementary Table 4).

Subgroup analysis based on histological type

We conducted subgroup analysis to compare the diagnos-
tic performance of different PTV and GPTV radiomics
models based on histological type (Supplementary
Table 5). In the adenocarcinoma group, the AUCs of
the radiomics models exhibited a progressive increase
in conjunction with the expansion distance of GTV.
Notably, the Rad-PTV9 exhibited the most favorable
diagnostic performance, with an AUC of 0.784 (95% CI:

0.745-0.823); whereas in the squamous cell carcinoma
group, Rad-PTV6 achieved the highest AUC of 0.693
(95% CI: 0.532-0.853) compared to Rad-PTV3 and Rad-
PTV9. However, the disparities observed between differ-
ent PTV models did not reach statistical significance (all
p>0.05). Additionally, we constructed GPTV radiomics
models by combining GTV with PTV3, PTV6, and PTV9
through binary logistic regression, respectively. The
GPTV9 radiomics model and GPTV6 radiomics model
exhibited relatively higher predictive performance in the
adenocarcinoma group and squamous cell carcinoma
group, with AUC of 0.825 (95% CI: 0.792-0.858) and
0.691 (95% CI: 0.528-0.853), respectively.

Development of the clinical-radiomics nomogram and its
clinical utility evaluation

A clinical-radiomics model that combined the CEA
level, lobulation sign, tumor—pleura relationship, and
Rad-GPTV was constructed (Supplementary Text 4)
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Fig. 4 SHAP bar chart displaying the weights of features in the (a) GTV model, (b) PTV3 model, (c) PTV6 model, (d) PTV9 model

Table 3 The prediction model performance in training and validation cohorts

Model

Group

AUC

Sensitivity (%)

Specificity (%)

Accuracy (%)

Clinical model

Radiomics models
Rad-GTV

Rad-PTV3

Rad-PTV6

Rad-PTV9

Rad-GPTV

Training cohort
Validation cohort

Training cohort
Validation cohort
Training cohort
Validation cohort
Training cohort
Validation cohort
Training cohort
Validation cohort
Training cohort
Validation cohort

0.676 (0.628-0.724)
0.706 (0.637-0.775)

0.770 (0.729-0.811
0.749 (0.684-0.814
0.729 (0.683-0.774
0.702 (0.630-0.774
0.738 (0.692-0.784
0.709 (0.638-0.780

0.733 (0.663-0.804
0.799 (0.760-0.838
0.772(0.710-0.833

814 (73.6-87.7)
81.8(69.1-90.9)

455 (40.8-50.1)
50.0 (42.8-57.2)

53.3(49.2-574)
56.9 (50.6-63.1)

Clinical-radiomics model Training cohort

Validation cohort 0.801

0.819 (0.780-0.857

(
(
(
(
(
(
0.761 (0.716-0.806
(
(
(
(
(0.741-0.860

72.1 (63.5-79.6) 723 (68.0-76.3) 723 (68.5-75.8)

8(47.7-74.6) 72.7 (66.0-78.8) 704 (64.3-75.9)
65.1(56.2-73.3) 71.2(66.8-75.3) 69.9 (66.0-73.6)
54.6 (40.6-68.0) 70.2 (63.3-76.5) 66.8 (60.6-72.6)
83.0(75.3-89.0) 55.2 (50.5-59.8) 61.3(57.2-65.2)
76.4 (63.0-86.8) 546 (47.3-61.6) 59.3(53.0-654)
73.6 (65.2-81.0) 68.0 (63.5-72.2) 69.2 (65.3-72.9)
58.2(44.1-71.3) 71.7 (64.9-77.9) 68.8 (62.7-744)
68.2 (59.4-76.1) 79.0 (75.0-82.6) 76.7 (73.0-80.0)
564 (42.3-69.7) 80.8 (74.6-86.0) 75.5(69.7-80.7)
86.1(78.8-91.5) 63.9 (59.3-68.2) 68.7 (64.8-72.4)

8(69.1-90.9) 69.2 (62.3-75.5) 719 (66.0-71.4)

Values in parentheses represent the 95% confidence interval (Cl)

and presented as a predictive nomogram (Fig. 7). The
clinical-radiomics model displayed better performance
than clinical model (p<0.001; p=0.011) and GPTV
model (p=0.043; p=0.206), with an AUC of 0.819 (95%
CI: 0.780-0.857) in the training cohort and 0.801 (95%
CI: 0.741-0.860) in the validation cohort (Fig. 8). Using
the optimal cutoff value, the sensitivity, specificity, and
accuracy for the training cohort were 86.1%, 63.9%, and

68.7%, whereas those for the validation cohort were
81.8%, 69.2% and 71.9%, respectively (Table 3).

The calibration curves of the clinical-radiomics model
indicated good agreement between predicted and path-
ological LN metastasis in both cohorts, and Hosmer—
Lemeshow goodness-of-fit test revealed no significant
differences between the expected and observed values
(Fig. 9). Compared with scenarios in which no prediction



Lu et al. Cancer Imaging (2025) 25:105

Score

'
-

Fig. 5 Waterfall plot for GPTV Rad-score in the whole cohort

model was used (i.e., treat-all or treat-none scheme), the
clinical-radiomics model provided a better net benefit
for predicting OLNM than the clinical model and GPTV
radiomics model at most risk thresholds (Fig. 10). Two
illustrative cases diagnosed using the clinical-radiomics
nomogram were shown in Fig. 11.

Discussion

Through this study, we developed a machine learning
model for prediction of OLNM in patients with periph-
eral lung cancer by combining clinical data with imag-
ing profiles of sematic features and radiomics features
extracted from primary tumor and peritumoral region.
The clinical-radiomics model demonstrated superior
performance to conventional clinical model and single-
modality radiomics prediction models. Our study pro-
vided an easy-to-use tool that can be incorporated into
routine clinical practice to predict OLNM noninvasively,
which could enable clinicians to design more effective
therapeutic regimens.

N |
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Previous studies have identified clinical biomarkers
to predict LN metastasis in lung cancer patients. In the
present study, patients with elevated CEA level above
the upper limits tended to be more likely to have OLNM,
which was in line with previous findings [22, 23]. Sig-
nificant differences were observed in the expression of
serum CEA, NSE, Cyfra 21-1, SCC-Ag and ProGRP
among lung cancer patients with different pathological
types, and compared with other serum tumor markers,
CEA showed the highest expression in lung adenocar-
cinoma [33]. In our study, 83.06% of the patients were
diagnosed with lung adenocarcinoma (701/844), which
was presumed to account for the variation in CEA levels
among numerous lung tumor markers between pN +and
pN- groups.

Conventional CT interpretation, namely semantic fea-
tures can provide morphological, internal, and peripheral
features of lung tumors. There is currently no consistent
conclusion on whether semantic features of primary lung
tumor are helpful in predicting LN metastasis and which
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Fig. 6 Receiver operating characteristic (ROC) curves of different radiomics signature and heatmaps showing pairwise area under the curve (AUC) com-

parisons using Delong's test in the training (a, ¢) and validation (b, d) cohorts

features are highly risk factors for OLNM. Several studies
have confirmed that visceral pleural invasion was closely
related to LN metastasis [28, 34—37]. Consistent with
these studies, we observed a higher prevalence of type II
tumor-pleura relationship in pN+group. Multivariable
logistic regression analysis showed that CEA level, lobu-
lation sign and tumor—pleura relationship were indepen-
dent predictors for OLNM. However, this clinical model
could not provide satisfactory diagnostic performance,
since the diagnostic specificity and accuracy are relatively
low, only around 50%.

Radiomics features (such as first-order statistics, shape,
and textural features) are associated with tumor biologi-
cal behaviors, including gene expression patterns, lymph
node metastasis, tumor immune microenvironment, and
prognosis [38—40]. Although a few studies have proven
the feasibility of radiomics analysis of primary tumor and
peritumoral region to predict LN metastasis [18, 20, 22,
23, 26, 41-43], there exists inconsistency in the extent of

tumor expansion beyond the primary site, leading to cer-
tain discrepancies in their conclusions. Histopathological
examination of micrometastatic patterns in NSCLC spec-
imens identified significant quantitative morphological
differences between adenocarcinoma and squamous cell
carcinoma. Microscopic extension (ME) measurements
demonstrated significantly greater mean values in adeno-
carcinoma (2.69 mm) compared to squamous cell carci-
noma (1.48 mm), with statistical significance (p=0.01).
To achieve 95% probability of encompassing microscopic
disease extension, the proposed safety margins (defined
as optimal peripheral tissue coverage thresholds) were
calculated as 8 mm for adenocarcinoma and 6 mm for
squamous cell carcinoma [44]. Additionally, Grills et al.
[45] observed that the mean microscopic extension dis-
tance for lung adenocarcinoma exhibited a significant
inverse correlation with histological grade (p<0.01). For
a GTV contoured on the CT lung windows, the margin
required to cover microscopic extension for 90% of the



Lu et al. Cancer Imaging (2025) 25:105

Page 12 of 17

0 10 20 30 40 50 60 70 80 90 100
POIntS L 1 1 1 1 1 1 1 1 1 J
GPTV Model r T T T T T T T T 1
-14 -12 -10 -8 -6 -4 -2 0 2 4
1
CEA —
0
. . 1
Pleural Relationship —
0
1
Lobulation —
0
Total Points
0 10 20 30 40 50 60 70 80 90 100 110
Linear Predictor
-12 -10 -8 -7 6 5 -4 -3 -2 -1 0 1 2
OLNM Possibility . : —
0.001 0.1 030507
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cases would be 9 mm (9, 7, and 4 mm for Grade 1 to 3,
respectively). Furthermore, the peritumoral microenvi-
ronment within a 3 to 9 mm radius of lung adenocarci-
noma has been shown to harbor biological information
that is closely linked to tumor heterogeneity [46]. There-
fore, instead of using an arbitrarily defined peritumoral
region, we established three different peripheral exten-
sion distances of 3 mm, 6 mm, and 9 mm. The results
showed that the radiomics signature of PTV9 showed
equivalent diagnostic performance to GTV model, but
improved predictability compared to PTV3 and PTV6
models. In addition, we performed subgroup analyses
based on histologic type. The results revealed that the
PTV6-based radiomics model achieved the highest diag-
nostic efficacy in patients with squamous cell carcinoma,
while the PTV9-based model performed best in those

with adenocarcinoma. These findings are consistent with
previous pathological studies showing that adenocarci-
noma typically exhibits greater microscopic extension
than squamous cell carcinoma [44]. Notably, in our study
population, adenocarcinoma constituted the majority of
cases, followed by squamous cell carcinoma. Although
the PTV6 model showed relatively higher AUC in the
squamous cell carcinoma group, the differences among
the models did not reach statistical significance. Thus,
PTV9 was chosen as the optimal tumor extension dis-
tance for PTV modeling.

Given that primary tumors accumulating more hetero-
geneous subclones tend to disseminate and aggressive
malignant tumors have the capacity to infiltrate neigh-
boring tissues [47], GPTV model was established by inte-
grating Rad-score of GTV and PTV9, which was different
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Fig. 11 Individual visualization of the mode through SHAP. Case 1: A 57-year-old man with invasive lung adenocarcinoma in the left upper lobe (pN2).
The longest tumor diameter was 32.6 mm. The tumor manifested as an irregular mass with lobulation and spiculation, and had linear shadows between
tumor and pleura on lung window images but was not observed on mediastinal window images (Type I). The SHAP force plot illustrates the contribution
of each feature to the model's predicted probability of occult lymph node metastasis (OLNM). Key factors including lobulation =1, pleural relationship =
“0’, and a high GPTV_Radscore (1.949) strongly pushed the prediction toward a higher risk, whereas CEA ="0"had a minimal pulling effect toward lower
risk. The final SHAP output value was 0.55, indicating a relatively high predicted probability of OLNM. Based on the clinical-radiomics nomogram, this case
demonstrated an 83.90% probability of OLNM. Case 2: A 61-year-old woman with invasive mucinous adenocarcinoma in the left lower lobe (pNO). The
tumor measured 28.2 mm in its longest diameter and appeared as an irregular mass with lobulated margins. The tumor adhered to the pleura character-
ized by a broad base, classified as Type Il. The SHAP force plot shows that although lobulation ="1"and pleural relationship =“1" contributed positively
toward higher risk, a markedly low GPTV_Radscore (-1.909) exerted a dominant negative contribution, pulling the prediction toward lower risk. The final
SHAP value was —2.87, corresponding to a lower predicted probability of OLNM. Based on the clinical-radiomics nomogram, this case showed a 13.55%

probability of OLNM

from the strategy of considering the entire tumor and
peritumoral volume as a whole VOI to construct GPTV
model [26]. This discrepancy may be attributed to the
fact that the tumor size was not restricted to a certain
clinical stage in the current study, if the same outward
expansion distance was delineated, the proportion of
tumor components in the GPTV as a whole VOI would
be significantly different among tumors of different sizes,
which may cause significant changes in certain radiomics
features between GTV and GPTV.

Our analysis demonstrated that the GPTV radiomics
model achieved superior discriminative capacity among
comparative radiomic frameworks, as evidenced by its
higher AUC values compared to both GTV and PTV
models. This observation corroborates prior research
establishing the prognostic value of intratumoral and

peritumoral radiomic signatures for detecting lympho-
vascular invasion (LVI) in NSCLC, with the GPTV9 con-
figuration showing the best prediction performance [48].
The clinical significance of these findings is reinforced
by the evidence that the presence of LVI significantly
increases the risk of nodal recurrence [49]. Mechanistic
insights derived from the GPTV9 architecture suggest
that combining tumor core and peripheral characteristics
may enhance detection sensitivity for metastatic nodal
involvement, particularly in identifying radiologically
OLNM.

By combining the advantages of microscopic radiomic
features and macroscopic clinical features, a nomogram
which was composed of CEA level, lobulation sign,
tumor—pleura relationship and Rad-GPTV demonstrated
excellent performance of predicting OLNM in both
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training cohort (AUC=0.819, 95% CI: 0.780—0.857) and
validation cohort (AUC=0.801, 95% CI: 0.741-0.860)
with robust accuracy, suggesting that this clinical-
radiomics model might be generalizable to real-world
scenarios.

Despite the remarkable results, there are still some
potential drawbacks associated with our study, which
must be taken into account. First, this was a retrospec-
tive and single-center study, thus case selection bias
was inevitable. A large prospective investigation among
multicenter is necessary. Second, the variability of CT
scanners and image acquisition protocols may reflect a
diverse practice, making the constructed model trained
using these data better suited to clinical application in
a real-world setting, but it may have an impact on the
results. Third, it may be more promising to combine
radiomics features of primary lung cancers and LNs;
however, it is rather difficult to match the precise loca-
tions of surgically resected lymph nodes with their coun-
terparts in CT images. Ultimately, manual segmentation
is a time-consuming and labor-intensive task, and some
variability during this procedure may affect the predic-
tion performance.

Conclusion

The machine learning model utilizing CT radiomics fea-
tures extracted from primary lesion and its surround-
ing lung parenchyma can effectively predict OLNM in
peripheral lung cancer patients. The clinical-radiomics
model integrating independent clinical predictor,
CT semantic features of the tumor, GTV and PTV9
radiomics features (Rad-GPTV) demonstrated the best
predictive performance, which can be served as a nonin-
vasive preoperative prediction tool for personalized risk
assessment of OLNM in lung cancer patients.
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NSCLC Non-small cell lung cancer
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OLNM Occult lymph node metastasis
GGO Ground-glass opacity

NSE Neuron specific enolase
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NGTDM Neighboring gray tone difference matrix
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LASSO The least absolute shrinkage and selection operator (LASSO)
LR Logistic Regression

ROC Receiver operating characteristics
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DCA Decision curve analysis
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