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Abstract

Background The current prediction of postoperative growth in synchronous nodules remaining after surgical
resection of dominant lung tumors in patients with multiple subsolid lung nodules is limited. This study aims to assess
the efficacy of preoperative CT-based radiomics in predicting the 5-year growth of these residual nodules (RNs),
versus models constructed using commonly utilized CT morphological and quantitative features.

Methods Data from 1392 patients who underwent resection for lung subsolid nodules confirmed as
adenocarcinoma or precursor glandular lesions between 2014 and 2018 were retrospectively reviewed. Among

the participants, 208 surgical patients with 603 RNs were included, with a follow-up period exceeding five years.

Each RN was classified as either grown or stable based on CT imaging. All enrolled RNs were randomly allocated

to training and testing sets at an approximately 4:1 ratio. Four models (radiomics, morphological, quantitative, and
combined) were built separately by using Random Forest. Model performance was assessed using receiver operating
characteristic (ROC) curves, calibration curves, and decision curve analyses, and compared using DelLong test and net
reclassification improvement (NRI).

Results Patients harbored 1-26 RNs. 17.9% RNs grew in 5 years. Growth proportions varied by size: 4% for <5 mm,
8.4% for 5-8 mm, and 48.5% for >8 mm. Eighteen radiomics features, 5 morphological features, and 2 quantitative
features were selected to build the respective models. The radiomics model showed a good ability to predict growth
with an accuracy of 97.2% and 86.7% in the training and testing sets, respectively. The radiomics model showed

a significantly higher area under the curve (AUC: 0.892) than the morphological model (AUC: 0.834, P<0.05), an
advantage over the quantitative model (AUC: 0.862, P=0.251), and similarity to the combined model (AUC: 0.887) in
the testing set. The radiomics model showed better reclassification than morphological (NRI=7.4%; P=0.017) and
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quantitative (NRI=149%; P=0.005) models in risk stratification. The calibration curves and decision curve analyses

further confirmed the clinical value of radiomics.

Conclusions CT-based radiomics demonstrated superior predictive performance for the 5-year growth of RNs, and
can be used independently as a promising tool for future clinical guidance.

Keywords Lung, Adenocarcinoma, Radiomics, Multiple subsolid nodules, Computed tomography

Introduction

Lung cancer is the primary contributor of cancer-related
mortality [1]. The widespread adoption of low-dose
CT for lung cancer screening in recent years has nota-
bly increased detection of subsolid nodules [2, 3]. As a
result, radiologists and thoracic surgeons are increasingly
encountering patients exhibiting multiple lung subsolid
nodules [4—6], which are more likely to indicate multi-
centric lung cancer rather than metastatic cancer [7].
Subsolid nodules include both pure ground-glass nod-
ules (GGNs) and part-solid nodules (PSNs). GGNs or
PSNs with a predominant ground-glass component are
histopathologically recognized as indicators of lepidic
predominant adenocarcinoma [5, 8], formerly known as
bronchioloalveolar lung carcinoma [9]. Previous studies
[4, 6, 10] have showed that this subtype of lung adeno-
carcinoma exhibited a probability of being multifocal
between 20% and 42%. The presence of synchronous
nodules alongside operable dominant lesions poses chal-
lenges for radiologists and thoracic surgeons due to the
lack of clear management protocols. Decisions regarding
intervention and surgery for a dominant lesion must take
into account the possibility of growth in other existing
nodules [8]. In clinical practice, multiple lung subsolid
nodules often cannot be simultaneously resected, leading
to the persistence of residual nodules (RNs) [5, 6] after
the removal of the dominant tumor.

According to the Lung CT Screening Reporting and
Data System (Lung - RADS) version 2022 created by The
American College of Radiology (ACR), a slow-growing
GGN that meets the criteria of a higher-risk category
may be reclassified accordingly. With regard to PSNs
showing evidence of growth, biopsy or surgical evalu-
ation is typically the optimal management approach, if
feasible [11]. Guidelines usually recommend regular CT
monitoring for subsolid nodules over 5 years [8, 12, 13].
Notably, only a small proportion of subsolid nodules
show growth after 5 years of stability, and this growth
may not always have clinical significance [14—16]. Thus,
for patients with multiple lung subsolid nodules, it is
imperative to preoperatively predict the 5-year growth of
RNs when considering resection of the dominant tumor.
Whenever feasible, synchronous nodules deemed at risk
should be excised concurrently. Alternatively, postopera-
tive surveillance should also be intensified.

The current ability to predict which of these synchro-
nous nodules may grow during postoperative surveillance
is limited. We have previously shown [6] that the growth
of RNs was associated with their morphological features.
Additionally, other studies [5, 17] have demonstrated that
some CT quantitative parameters can predict the growth
of RNs. Currently, radiomics serves as a crucial comple-
mentary tool capable of extracting high-dimensional data
from images, holding increasing significance in cancer
research [18]. Radiomics has been previously utilized to
predict the benign or malignant nature of subsolid nod-
ules [19, 20]. However, only few studies [21] have utilized
radiomics to predict subsolid nodules growth. To our
knowledge, it remains unclear whether radiomics can
improve clarity in the management and care of patients
with multiple lung subsolid nodules. Thus, the aim of this
study was to assess the efficacy of preoperative CT-based
radiomics to predict the 5-year growth of RNs, compared
to models constructed using commonly utilized CT mor-
phological and quantitative features.

Methods

Patients

This retrospective study was approved by our institu-
tional review board, and the requirement for informed
consent was waived. We reviewed imaging records from
1392 patients who underwent resection for lung subsolid
nodules confirmed as adenocarcinoma (TINOMO) or
precursor glandular lesions (PGL) between January 2014
and December 2018. Among them, patients with RNs
manifested as subsolid nodules that remained after resec-
tion of the dominant lung tumor were included. Domi-
nant lung tumors were identified as subsolid nodules on
preoperative CT imaging that surgical removed, either as
the dominant nodule or as the tumor exhibiting the larg-
est solid component or the greatest size among multiple
surgically removed subsolid nodules. Surgical patients
underwent regular follow-ups at 3-6-month intervals for
the first 2 years, and subsequently at 6-12-month inter-
vals thereafter.

The inclusion criteria for patients and RNs were as
follows: (1) patients harboring one or more persistent
RNs with sizes ranging from 3 to 20 mm and a solid
component less than 5 mm on preoperative CT scans;
(2) available preoperative non-contrast enhanced CT
scans (section thickness < 1.5 mm) [8, 16, 22]; (3) a CT
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follow-up period of 5 years or more. The exclusion cri-
teria were as follows: (1) patients with lymph node
metastasis identified during surgery; (2) patients with
poor-quality preoperative CT images; (2) interval times
between the resection of the dominant lung tumor and
the preoperative CT scan of 2 months or more. The pres-
ence or absence of RNs was identified by a radiologist
(reader 1, 2 - year CT diagnosis experience). For uncer-
tain cases, a senior radiologist (reader 2, 10 - year CT
diagnosis experience) was consulted to reach a consen-
sus. The measurement of the size (maximum diameter)
and solid component of RNs was derived by observers
based on preoperative baseline CT scans. A detailed flow-
chart for the included patients and RNs is shown in Fig.
1. Preoperative CT scans were used as baseline observa-
tions for RNs. A total of 603 RNs from 208 patients were
therefore included. The initial CT images taken 5 years
after resection of the dominant lung tumor served as a
reference to assess the 5-year growth of RNs. RNs that
remained stable after surgery for 5 years were classified
into the non-growth group, while those that exhibited
growth either at 5 years or within 5 years of surgery were

Page 3 of 14

categorized into the growth group. The following 3 cri-
teria were employed as indicators of RN growth [14, 16]:
(1) an increase in size > 2 mm, (2) an increase in the solid
component size > 2 mm, and (3) the presence of a new
solid component. Subsequently, preoperative CT scans
were used for subsequent radiomics, morphologic, and
quantitative analysis of RNs. In our study, the decision
of whether to perform additional surgery for the growing
RNs was reached through a multidisciplinary discussion.
This decision - making process comprehensively took
into account various factors, including the location and
growth rate of the nodules, the patient’s psychological
state, age, and cardiopulmonary function.

Clinical data including age, gender, smoking history,
other past malignancies, initial number of nodules, type
of surgery, and resected dominant lung tumor char-
acteristics (location, nodular pattern, lesion size, solid
component size and pathology) were recorded. The ini-
tial number of nodules was categorized into four sub-
groups: 2-3, 4-5, 6-7, and 28. Nodular patterns of the
dominant tumor included PSNs and pure GGNs. Lesion
sizes of the dominant lung tumor were defined as the

(TINOMO) or precursor glandular lesions

1397 patients with resected lung subsolid nodules confrmed adenocarcinoma

Excluded [T

i Patients who had one subsolid nodule on preoperative CT (n = 954)

i . Patients where all subsolid nodules were surgically resected (n = 67) |
i 2. Patients where all residual nodules decreased or disappeared (n = 15) E

3. Patients with lymph node metastasis identified during surgery (n=5)

208 patients with 603 residual nodules

Fig. 1 Study flowchart

1. Poor-quality CT images (n = 27) E
2. Interval time between preoperative CT scan and surgery > 2 months (n = 24) i
3. CT follow-up period <5 years (n=47) E
4. Preoperative CT with section thickness greater than 1.5 mm (n = 58) H
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average maximal diameter and orthogonal length. Solid
component sizes were determined as the largest length
of the solid component. Measurements were performed
on transverse CT sections. The pathology of the lesion
was documented as atypical adenomatous hyperplasia
(AAH), adenocarcinoma in situ (AIS), minimally inva-
sive adenocarcinoma (MIA) or invasive adenocarcinoma

(IAC).

CT examination

Patients were scanned using the following CT scan-
ners: GE (Discovery CT750 HD, LightSpeed VCT 64,
LightSpeed Pro 16), TOSHIBA (Aquilion One 320), or
PHILIPS (Brilliance 16) without the use of intravenous
contrast. CT scans were performed in the supine position
at full inspiration. The parameters used were as follows:
tube voltage, 120 kVp; auto mA settings (tube current,
50-150 mA); 0.562-1.375 pitch; 512x512 matrix size;
reconstruction thicknesses ranging from 0.50 to 1.5 mm
using a standard reconstruction algorithm.

Image acquisition and segmentation

The uAI Research Portal (uRP, United Imaging Intelli-
gence Co., Ltd., China) was employed as a platform for
image analyses including deep learning-assisted nod-
ule segmentation, manual modification and radiomics
analysis [23]. A total of 208 preoperative CT scans were
imported into the platform. Firstly, automatic segmen-
tation of RNs was carried out. Subsequently, reader 1
reviewed and modified regions of interests (ROIs) in
transverse CT sections layer by layer.

Two weeks later, 50 cases were randomly selected, and
the corresponding images were annotated by reader 1
and reader 2 using the same method indicated above for
intraclass and interclass consistency analysis. These two
readers were blinded to the clinical data and pathological
results.

Morphological and quantitative analyses of RNs

RNs were characterized using location, morphological
features, and quantitative parameters. Morphological
and quantitative parameters of RNs were independently
assessed by above two readers. Lung windows on trans-
verse CT images (window width, 1500 HU; window level,
-600 HU) were used in this assessment. Discrepancies in
interpretation between these two readers were resolved
by consensus. To ensure reliability, we performed an
interobserver agreement study on a randomly selected
subset of 80 lung nodules. Each radiologist independently
evaluated these cases for all morphological features.
Interobserver agreement was calculated using Cohen’s
Kappa. For all morphological features, the Kappa values
exceeded 0.80, indicating substantial agreement.
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The morphological features comprised of size, nodular
pattern, lobulated sign, spiculated sign, bubble lucency,
vascular sign, well-defined margin, bronchial distor-
tion, pleural attachment, and pleural retraction of RNs.
Size was categorized into three subgroups (3—5 mm; 5-8
mm and > 8 mm), and lesion size was defined using the
maximal diameter seen on the transverse CT. Nodular
patterns included pGGN and PSN. Vascular sign was
defined as one or multiple vessels adjacent or through
nodules. Pleural attachment was defined as the tumor
margin attached to the pleura [24]. Quantitative param-
eters included three-dimensional (3D) maximum diam-
eter, mean CT value, volume, and mass. Based on the
segmented masks of RNs, uRP was used to calculate the
3D maximum diameter, the mean CT value, and the vol-
ume. The 3D maximum diameter represented the maxi-
mal length of nodules on the 3D image, and the mass
was calculated using the Eqs [24, 25]. : M = V x [(Hean
+ 1000) x 0.001], where M is mass in mg, V is volume in
mm?, and H,,,.,, is CT value in Hounsfield units (HU).
Radiomics model construction
The radiomics analysis workflow comprised of nodule
segmentation, feature extraction and selection, model
construction, and model evaluation (Fig. 2). Radiomics
features were extracted using the uRP, which was embed-
ded into PyRadiomics, a widely used package. A total of
2264 radiomics features were extracted within the lesion
annotation range. Specifically, these features included
attributes such as shape (n=14), textures (n=72 per fil-
ter, including 21 Gy-level co-occurrence matrix based
features, 16 Gy-level run-length matrix based features,
16 Gy-level size zone matrix based features, 14 Gy-level
dependence matrix based features and 5 Neighborhood
gray-tone difference matrix based features), and first-
order statistics (n=18 per filter) from the original and
processed images through 24 filters such as wavelet,
laplacian and, etc.

Under the premise that each patient could only belong
to either the training set or the testing set, all enrolled
RNs were randomly allocated to the two sets in an
approximate ratio of 4:1, while ensuring that both sets
maintained a similar proportion of grown RNs and sta-
ble RNs. Feature selection and model construction were
performed in the training set. Initially, radiomics fea-
tures with an ICC value of <0.80 were excluded. Subse-
quently, Z-score normalization was applied. Radiomics
feature selection was then performed using the least
absolute shrinkage and selection operator regression
(LASSO) where the number of selected features limited
to less than 10% of the sample size to avoid overfitting.
The selected features and calculated Radscore were then
used for model construction with Random Forest (RF)
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Fig. 2 Radiomics analysis and models construction workflow

algorithm. Hyperparameter optimization was conducted
using grid search combined with cross-validation.

Morphological and quantitative model construction
Morphological and quantitative features were selected
by univariate (P<0.1) and multivariate (P<0.05) logistic
regression analyses in the training set, respectively. Sub-
sequently, morphological and quantitative models were
also developed using RF algorithm. Furthermore, a com-
bined model was constructed by integrating all selected
morphological, quantitative, and radiomics features,
followed by a two-stage feature selection process using
LASSO regression. All models were then built for com-
parison to the radiomics model.

Model evaluation and comparison

To evaluate the model, we plotted receiver operating
characteristic (ROC) curves and calculated performance
metrics including the area under the curve (AUC), sen-
sitivity, specificity, and accuracy to quantify the predic-
tive efficacy. The optimal cutoff was derived in training
set by maximizing the Youden index. Subsequently, cali-
bration curves were generated to assess the alignment
between prediction results and actual outcomes. Brier
losses were calculated to measure the difference between
predicted probabilities and actual binary results. Deci-
sion curve analyses were performed to illustrate the
clinical net benefit of the developed models. The DeLong
test was employed to compare the AUC values among
different models. Additionally, the net reclassification
improvement (NRI) was computed to quantify the clini-
cal improvement between the models.

Statistical analysis

Statistical analyses were performed using the Python
(version 3.9) and R (version 4.2.1) software. Continu-
ous data that follows a normal distribution are shown as
means t standard deviations (SD), whereas non-normally
distributed continuous data are shown as medians (inter-
quartile range). Categorical data are shown as numbers
(percentages). For the analysis of continuous variables,
independent samples t-tests or Mann-Whitney U tests
were utilized, while categorical variables were analyzed
using Pearson’s chi-squared tests or Fisher’s exact tests
to discern significant differences between two groups.
Characteristics with a P<0.1 in the univariate logis-
tic regression analysis were used as input variables for
multivariate logistic regression analysis, with the aim of
identifying risk factors. DeLong test was used to compare
AUC values between two different models, and NRI was
calculated to quantify the clinical improvement between
models. A p-value<0.05 was considered statistically
significant.

Results

Patient characteristics

Patients harbored 1 to 26 RNs. Among the 208 enrolled
patients (67 males and 141 females; median age: 60
years, range 36—71 years), 79 (38.0%) exhibited 1 or more
grown RNs, while 129 (62.0%) had stable RNs. Clinical
characteristics of patients and their dominant tumors are
shown in Table 1. Among the 79 patients with growing
RN (Figs. 3 and 4), 20 (25.3%) patients exhibited growth
in multiple RNs, including 14 patients with 2 growing
RNs (Fig. 4), 4 patients with 3 growing RNs, 1 patient
with 4 growing RNs, and 1 patient with 5 growing RNs.
Nineteen patients underwent further surgical resection
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Table 1 Clinical characteristics of patients
Clinical characteristics Total Patients with grown RNs Patients with stable RNs P*
(208) (79) (129)
Age 60.0 (53.0-65.3) 63.0 (57.5-68.0) 58.0 (52.0-65.0) 0.043
Female 141 (67.8%) 47 (59.5%) 94 (72.9%) 0.718
History of smoking 37 (17.8%) 18 (22.8%) 19 (14.7%) 0.212
Other past malignancies 27 (13.0%) 11 (13.9%) 16 (12.4%) 0354
Initial number of nodules 0.002
2-3 99 (47.0%) 31 (39.2%) 68 (52.7%)
4-5 48 (23.1%) 19 (24.1%) 29 (22.5%)
6-7 ( 1.5%) 7 (8.9%) 17 (13.2%)
>8 7 (17.8%) 22 (27.9%) 15 (11.6%)
Type of surgery 0.050
Wedge resection 39 (18.8%) 16 (20.3%) 23 (17.8%)
Segmentectomy 43 (20.7%) 15 (19.0%) 28 (21.7%)
Lobectomy 107 (51.4%) 39 (49.4%) 68 (52.7%)
Combination 19(9.1%) 9(11.4%) 10 (7.8%)
Location of the dominant tumor 0.692
Left upper lobe 64 (30.8%) 25 (31.7%) 39 (30.2%)
Left lower lobe 7 (8.2%) 7 (8.9%) 10 (7.8%)
Right upper lobe 80 (38.5%) 26 (32.9%) 54 (41.9%)
Right middle lobe (7 7%) 7 (8.9%) 9 (7.0%)
Right lower lobe 1 (14.9%) 14 (17.7%) 17 (13.2%)
Features of the dominant tumor
Lesion size (mm) 173 (13.0-22.4) 18.1 (13.8-22.6) 17.1(125-22.2) 0.081
Nodular pattern 0.001
Pure GGN 59 (28.4%) 21 (26.6%) 38 (29.5%)
PSN 149 (71.6%) 58 (73.4%) 91 (70.5%)
Pathology 0014
PGL 38(18.3%) 13 (16.5%) 25 (19.4%)
MIA 50 (24.0%) 18 (22.8%) 32 (24.8%)
IAC 120 (57.7%) 48 (60.8%) 72 (55.8%)

GGN, pure ground-glass nodule; PSN, part-solid nodule; PGL, precursor glandular lesions; MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma

for growing RNs (Fig. 3), excluding two patients who
underwent a second surgical intervention for PSN with
a solid component exceeding 5 mm in the contralateral
lung. Two patients developed lymph node metastasis
during follow-up due to RN progression without under-
going further surgical treatment (Fig. 4).

Nodule growth patterns and clinical outcomes

Out of the total 603 RNs, 108 (17.9%) were categorized
into the growth group, whereas 495 (82.1%) were cat-
egorized into the non-growth group. Of the 108 RNs in
the growth group (Figs. 3 and 4), 103 (95.4%) increased
in size, 37 (34.3%) displayed growth of a solid compo-
nent, and 5 (4.6%) developed a new solid component. At
2.7+0.8 years of follow-up, 23 grown RNs (21.3%) from
18 patients (22.8%) were surgically removed, of which 2
were AIS, 9 were MIA, and 12 were IAC. The propor-
tion of RNs exhibiting 5-year growth across various size
classifications was as follows: 4% for lesions smaller than
5 mm, 8.4% for lesions ranging from 5 to 8 mm, and
48.5% for lesions greater than 8 mm. Additionally, when

considering different nodular patterns, the growth pro-
portion was 14.4% for pure GGNs and 74.3% for PSNs.

Morphological and quantitative features of growth and
non-growth RNs

The morphological feature assessment demonstrated
excellent interobserver reliability, with Cohen’s kappa
coefficients exceeding 0.80 for all categories, ensuring
robust diagnostic consensus. Morphological features
and quantitative parameters of RNs in these two groups
are summarized in Table 2. There were no significant
differences in lesion location, lobulated sign, vascular
sign and well-defined margin between the two groups
(P>0.05). RNs>8 mm dominated the growth group
(74.1% vs. 17.2% in non-growth, P<0.001), whereas
94.2% of non-growth nodules were <8 mm. PSNs were
strongly associated with growth (24.1% vs. 1.8% in non-
growth, P<0.001), while pure GGNs predominated in the
non-growth group. Spiculated sign, bronchial distortion,
bubble lucency, pleural retraction, pleural attachment
were significantly enriched in the growth group. Growth
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Fig.3 Case study showing a 64-year-old male with two subsolid nodules. (A) The dominant lung tumor manifesting PSN was seen in the left upper lobe.
A RN presenting as PSN (arrow) located in the right upper lobe measured 8 mm with a 2 mm solid component. (B) After lobectomy of the dominant lung
tumor, this RN (arrow) exhibited growth, reaching a size of 10 mm after 2 years of follow-up, where the solid component size also exhibited growth. (C)
After a segmentectomy, it was confirmed as an IAC with lepidic and acinar patterns (HE, x100)

RNs demonstrated larger 3D maximum diameter, higher
mean CT values, and substantially greater volume and
mass (P<0.001).

Feature selection for model construction

A total of 414 stable RNs and 84 growing RNs from 165
patients were included in the training set, and a total of
81 stable RNs and 24 growing RNs from 43 patients were
in the testing set. The proportion of growing and stable

RNs in the two sets exhibited no significant differences
(P=0.188).

After removing features with an ICC<0.80, 2186
radiomics features were maintained for feature selec-
tion. A total of 18 radiomics features [see Additional file
1] were selected using LASSO in the training set for con-
struction of the radiomics model. Additionally, 5 mor-
phological features (size classification, nodular pattern,
bronchial distortion, bubble lucency, and pleural attach-
ment) and 2 quantitative parameters (3D maximum
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Fig. 4 Case study showing a 47-year-old female with multiple subsolid nodules. (A) The dominant tumor manifesting PSN (arrow) was located in the
superior segment of the left lower lobe. (B) After segmentectomy, it was confirmed as an IAC with lepidic patterns (HE, x40). (C) One RN in the right upper
lobe was characterized as a pGGN (arrow) and measured 7.1 mm. (D) Postoperative imaging showed that the RN changed to a solid 9.0 mm nodule
(arrow) after 5 years of follow-up. (E) Another RN (arrow) in the right middle lobe measured 6.2 mm. (F) This nodule (arrow) exhibited growth, reaching
15.6 mm, and developing a new solid component during 5 years of postoperative follow-up. Moreover, this patient developed right hilar lymph node
metastasis during follow-up
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Table 2 Characteristics of RNs in the growth and non-growth groups
Chracteristics Total (603) Growth group (108) Non-growth group (495) P
Lesion location 0.104

Left upper lobe 163 (27.0%) 36 (33.3%) 127 (25.7%)

Left lower lobe 84 (14.0%) 11(10.2%) 73 (14.8%)

Right upper lobe 212 (35.2%) 29 (26.9%) 183 (37.0%)

Right middle lobe 42 (7.0%) 9 (8.3%) 33(6.7%)

Right lower lobe 102 (16.9%) 23 (21.3%) 79 (16.0%)
Morphological features

Lesion size 0.000

<5mm 199 (33.0%) 8 (7.4%) 191 (38.6%)

5-8 mm 239 (39.6%) 20 (18.5%) 219 (44.2%)

>8 mm 165 (27.4%) 80 (74.1%) 85 (17.2%)
Nodular pattern <0.001

Pure GGN 568 (94.2%) 82 (75.9%) 486 (98.2%)

PSN 35 (5.8%) 26 (24.1%) 9 (1.8%)
Lobulated sign 20 (3.3%) 5 (4.6%) 15 (3.0%) 0.586
Spiculated sign 10 (1.7%) 7 (6.5%) 3(0.6%) <0.001
Bronchial distortion 13 (2.2%) 9(8.3%) 4 (0.8%) <0.001
Bubble lucency 26 (4.3%) 19 (17.6%) 7 (1.4%) <0.001
Vascular sign 565 (93.7%) 104 (96.3%) 461 (93.1%) 0314
Pleural retraction 10 (1.7%) 5 (4.6%) 5(1.0%) 0.024
Pleural attachment 77 (12.8%) 30 (27.8%) 47 (9.5%) <0.001
Well-defined margin 250 (41.5%) 37 (34.3%) 213 (43.0%) 0117
Quantitative parameters
3D maximum diameter (mm) 6.6 (5.2-7.7) 8.67 (7.5-12.5) 6.34 (5.0-7.1) <0.001
Mean CT value (HU) -673 (-729.0-597.1) -614.1 -681.8 <0.001

(-686.2-531.0) (-739.2-610.6)
Volume (mm3) 87.78 (46.0-160.6) 237.89 (146.0-555.2) 74.1 (42.8-122.1) <0.001
Mass (mg) 226.63 (14.6-55.0) 98.75 (55.0-215.2) 2232(13.4-413) <0.001
Table 3 Performance metrics of the radiomics, morphological, quantitative, and combined models
Models Training set Testing set
AUC Sensitivity Specificity Accuracy AUC Sensitivity Specificity Accuracy

Morphology 0.868 0.774 0.826 0.817 0.834 0.833 0.802 0.810
Quantitative 0.873 0.810 0.829 0.825 0.862 0.792 0.778 0.781
Radiomics 0.996 1.000 0.966 0.972 0.892 0.833 0.877 0.867
Combined 0.967 0.905 0.901 0.902 0.887 0.833 0.815 0.819

size, and mean CT value) were selected in the training
set using univariate and multivariate logistic regres-
sion analyses for the construction of the morphological
and the quantitative model, respectively. Finally, a com-
bined model was constructed through a two-stage fea-
ture selection process, incorporated 18 discriminative
features (15 radiomics and 3 morphological features,
excluding conventional quantitative features) selected via
LASSO regression [Details see Additional file 1].

Model performance and comparison

The predictive ability of radiomics, morphological, quan-
titative, and combined models for 5-year RN growth
was assessed using AUC, sensitivity, specificity, and
accuracy, as detailed in Table 3 for both training and
testing sets. In the training set, the AUC values for the

morphological, quantitative, radiomics, and combined
models were 0.868 (95% CI: 0.83-0.90), 0.873 (95% CL
0.84-0.91), 0.996 (95% CI: 0.99-1.00), and 0.967 (95% CL:
0.95-0.98) with an accuracy of 81.7%, 82.5%, 97.2%, and
90.2%, respectively. In the test set, AUC values for the
morphological, quantitative, radiomics, and combined
models were 0.834 (95% CI: 0.76-0.91), 0.862 (95% CL
0.79-0.93), 0.892 (95% CI: 0.83-0.95), and 0.887 (95% CL:
0.82-0.95) with an accuracy of 81.0%, 78.1%, 86.7%, and
81.9%, respectively.

The radiomics model achieved a significantly higher
AUC value when compared to the morphological model
(P<0.05), and a superior AUC value compared to the
quantitative model (P=0.251). Moreover, the radiomics
model exhibited a comparable AUC value to the com-
bined model (P=0.728). Additionally, the NRI showed
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Table 4 Delong test and NRI of four models in the training and testing set

Model Training set Testing set
P (AUC) NRI P (NRI) P (AUC) NRI P (NRI)
Quantitative vs. Morphology 0.715 0.038 0.096 0.367 -0.066 0.085
Radiomics vs. Morphology <0.001 0.366 <0.001 0.049 0.074 0.017
Combined vs. Morphology <0.001 0.206 <0.001 0.111 0.012 0425
Radiomics vs. Quantitative <0.001 0328 <0.001 0.251 0.140 0.005
Combined vs. Quantitative <0.001 0.168 <0.001 0.368 0.079 0.160
Combined vs. Radiomics <0.001 -0.160 <0.001 0.728 -0.062 0.180
A ROC curves of training set B L . - . .
&S Calibration curves of training set Decision curve analysis of training set
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Fig. 5 ROC (A), calibration (B), and decision curves (C) of RN growth prediction

that the radiomics model was significantly superior to the
morphological (NRI=7.4%, P=0.017) and quantitative
(NRI=14%, P=0.005) models in terms of diagnostic per-
formance (Table 4). Figure 5 illustrates the corresponding
ROC, calibration, and decision curves.The assessment of
four exhibited models utilized AUCs, calibration curves,
and decision curves derived from the testing set. The cal-
ibration curves revealed that the radiomics model dem-
onstrated enhanced predictive performance in the testing
set, with a Brier loss of 0.114. The decision curve analyses
illustrated that the radiomics model provided a higher
net benefit compared to both the morphological and the
quantitative models within a certain probability thresh-
old range.

Discussion

This study established the prognostic superiority of pre-
operative CT radiomics in predicting 5-year growth of
RNs, demonstrating both robust discriminative capac-
ity (training/testing accuracy: 97.2%/86.7%) and optimal
clinical utility. Notably, the radiomics model not only
statistically outperformed traditional morphological and
quantitative models but also achieved comparable perfor-
mance to the combined model, suggesting its standalone
sufficiency for clinical risk stratification. The superior
performance of radiomics stems from its unique capac-
ity to capture high-dimensional imaging heterogeneity,
enabling more accurate identification of high-risk RNs
for optimized surgical planning and postoperative sur-
veillance. To our knowledge, this study pioneers utilizing
radiomics to preoperatively predict the 5-year growth of
RNs in patients who have undergone resection of their



Fu et al. Cancer Imaging (2025) 25:141

dominant tumors, highlighting its promising potential
for clinical guidance.

Morphological features observed on CT images are
commonly utilized in clinical practice for differential
diagnoses. In our study, a morphological model was
developed based on 5 key features: size classification,
nodular pattern, bronchial distortion, bubble lucency,
and subpleural attachment. Our findings revealed that
48.5% of RNs with a lesion size = 8 mm grew, while only
4.0% and 8.4% of RNs with a lesion size < 5 mm and
between 5 and 8 mm grew, respectively. Lee et al. [26]
reported that GGNs >8 mm in size tend to be malignant,
and Cho et al. [14] demonstrated that this size range was
an independent risk factor for subsequent GGNs growth,
which was consistent with our study. The presence of a
solid component in GGNs on CT images strongly cor-
relates with the pathological invasive component. In
our study, PSNs were identified as a key feature in the
morphological model that influenced the growth of RN.
This finding aligns with previous reports [14, 27]. Air
bronchograms have been identified as independent risk
factors for subsequent GGN growth [14]. The bronchus
within GGNs may present as either natural or distorted
[19]. Hence, we investigated signs of bronchial distor-
tions, which were found to impact the 5-year growth of
RNs. Similarly, bubble lucency has also been reported to
be associated with GGN growth in a previous study [27].
However, pleural attachment emerged as a new morpho-
logical contributor to the growth of RNs. While morpho-
logical features have a prominent role in the clinic, their
value may depend on the radiologist’s experience and
ability to identify specific signs. Additionally, most RNs
were relatively small or subcentimeter nodules lacking
morphological information, potentially contributing to
the lower performance of the morphological model com-
pared to the radiomics model in our study.

Quantitative parameters of CT imaging can identify
the pathological invasiveness of GGNs [13, 28], and dif-
ferent quantitative parameters have been evaluated in
various studies to predict GGN growth [25, 29-31]. Size
was the most analyzed parameter and was mentioned in
most morphological analyses [5, 14, 21]. For instance,
Shi et al. [31] reported that a maximum diameter >10.2
mm was an independent predictor of pure GGN growth.
Moreover, Qi et al. [29]showed that the initial volume
was a determinant for GGN growth. Other studies [25,
30, 31] investigated quantitative parameters for GGN
analysis using a more extensive set of features, such as
CT attenuation values, standard deviations, CT num-
ber histograms, skewness, and linear mass densities. In
our study, a quantitative model was constructed using
the 3D maximum size and the mean CT value param-
eters. These parameters, although partially overlapping
with radiomics features, represent distinct dimensions of
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imaging information and are widely used in clinical prac-
tice due to their interpretability. The results showed that
the quantitative model (AUC: 0.862) performed well but
was inferior to the radiomics model (AUC: 0.892), indi-
cating that radiomics features provide additional valuable
information.

Recently, radiomics has emerged as a robust method
capable of converting medical images into quantitative
descriptors of cancerous tissue. In our study, the selected
radiomics features in the radiomics model reflect vari-
ous tumor characteristics, encompassing 2 shape-related
features, 14 texture-based features, and 2 first-order fea-
tures, all of which hold potential clinical significance.
The top-ranked feature, the original shape MajorAx-
isLength, is related to the size and shape of RNs, where
a longer major Length may imply invasive growth, which
is consistent with previous quantitative studies [5, 14, 21]
and our clinical observations, where RNs larger than 8
mm show a significantly higher growth rate of 48.5%. In
our study, features predominantly derived from the gray-
level co-occurrence matrix, along with other texture-
related parameters and first-order features, collectively
delineate texture heterogeneity. Such heterogeneity, typi-
cally correlated with histopathological complexity, may
signal malignant transformation, where clonal expan-
sion, stromal remodeling, and vascular invasion gener-
ate spatially discordant patterns [32]. Previous studies
[19, 22, 33] have proven the advantage of radiomics in
the diagnosis of invasive GGNs compared to conven-
tional radiographic features. Current predictive models
[21, 34] have utilized radiomics to predict the growth
of GGNs, often employing manual delineation for nod-
ule segmentation in their studies. For instance, Sun et al.
[21] developed a predictive nomogram (AUC = 0.843)
combining radiomics and clinical features (size, loca-
tion, and age) for the 5-year growth of GGNs, achiev-
ing similar AUC values to the radiomics model (AUC =
0.836). Gao et al. [34] developed a combined model to
predict growth trends of GGNs with follow-up periods
of at 2 years, reporting comparable discriminative per-
formance between the combined model (AUC = 0.801)
and radiomics-only approach (AUC = 0.803). Our model
(radomics model, AUC = 0.892) outperforms previously
reported results, indirectly demonstrating the superior-
ity of employing a semi-automatic annotation strategy. In
addition, our study further explores the construction of a
5-year growth prediction model for all RNs based on pre-
operative CT in patients undergoing resection of domi-
nant tumors. This provides crucial guidance for clinical
decision-making.

Feature selection for the combined model revealed
important insights: LASSO regularization excluded
all quantitative features due to multicollinearity with
radiomic features, while preserving three clinically
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significant morphological characteristics (vacuole sign,
nodular pattern, pleural adhesion). Notably, the top-
ranked radiomic biomarker, original_shape_Majo-
rAxisLength, maintained its primary position in the
combined model’s feature set. This outcome suggests
that while traditional quantitative features demonstrated
multicollinearity with radiomic features and were conse-
quently eliminated, certain clinician-assessed morpho-
logical characteristics retained independent predictive
value. Particularly, features like pleural adhesion, which
are challenging to capture through radiomic analy-
sis alone, appear to provide complementary diagnos-
tic information. Notably, the comparable performance
between combined and radiomics models suggests that
current feature integration approaches may not provide
additional predictive value beyond radiomics analysis
alone. This finding reinforces the superior capability of
radiomics features in capturing essential tumor char-
acteristics for growth prediction. Future studies may
explore advanced deep learning architectures that may
better synthesize these complementary data modalities.

In our study, the radiomics model not only outper-
formed the traditional models statistically, but also clini-
cally, as evidenced by the decision curve analysis. While
the morphological and quantitative models showed mini-
mal or negative net benefits, especially at thresholds of
around 0.2-0.3. These traditional models, while inter-
pretable and easy to use, may lack the discriminatory
power and consistency required for predicting growth.
To enhance clinical relevance, our decision curve analy-
sis employed a “All growth/Non-growth” framework
(rather than the conventional “Treat all/none”). Here,
the “growth” strategy involves making a choice between
two mutually exclusive actions: synchronous surgical
resection and intensified surveillance. “None growth”
corresponds to standard guideline - based CT surveil-
lance without immediate intervention. For the radiomics
model, the sustained positive net benefit across a wide
threshold probability range (0.1-0.6) indicates that it
offers significant clinical benefits in identifying patients’
definite progression risks and facilitating discussions on
corresponding management strategies. That being said,
when it comes to the selection of management strategies,
it might be advisable to consider Threshold - Adaptive
Strategies. For low thresholds, short - interval surveil-
lance should be prioritized to relieve patient anxiety and
prevent the failure to detect nodules that are growing at
an early stage. In contrast, when making the decision to
perform synchronous surgery, it is advisable to compre-
hensively consider multiple factors, including the loca-
tion and traditional characteristics of RNs as well as the
patient’s psychological state.

This study has some limitations. First, the retrospec-
tive design introduces potential selection bias, though
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we mitigated this through multi-stage sampling and
blinded radiomic feature extraction across consecu-
tive surgical cases. Second, although our dual - reader
approach enhanced the accuracy of RN identification,
the study is still vulnerable to selection bias, particularly
for small nodules or those obscured by anatomical struc-
tures. Third, our study was limited to a 5-year follow-up
period. Its validity for ultra-long-term behavior requires
verification through extended follow-up studies or serial
radiomic assessments to evaluate temporal feature sta-
bility. Fourth, while our radiomic model demonstrated
strong predictive value, their biological interpretabil-
ity requires validation through multi-omics correlation
studies. Prospective research combining deep radiomic
phenotyping with genomic sequencing of RNs could elu-
cidate how imaging features map to molecular progres-
sion mechanisms. However, the low resection rate of RNs
may pose challenges for rapid acquisition of paired tissue
samples, suggesting the need for innovative study designs
such as liquid biopsy approaches or multicenter collabo-
rations to overcome this limitation.

Conclusion

The radiomics model demonstrated superior perfor-
mance in predicting 5-year growth of RNs, achieving
high accuracy and robust discriminative ability compared
to morphological and quantitative models. With excel-
lent calibration and clinical utility, radiomics provides
a reliable standalone tool for risk stratification, poten-
tially optimizing postoperative surveillance strategies for
patients with multiple lung subsolid nodules.
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