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Abstract: This study aimed to develop and validate a nomogram based on clinical and computed tomography (CT)
features for the preoperative prediction of invasiveness in patients with solitary pulmonary ground-glass nodules
(GGNs). We retrospectively analyzed 846 patients with solitary GGNs who underwent surgical resection at the Lung
Cancer Center of West China Hospital between November 2022 and January 2024. All nodules were pathologically
confirmed as atypical adenomatous hyperplasia (AAH), adenocarcinoma in situ (AIS), minimally invasive adenocar-
cinoma (MIA), or invasive adenocarcinoma (IAC). Patients were classified into a non-invasive group (including AAH,
AlIS, and MIA) and an IAC group based on postoperative pathological results. Clinical data and CT features before
surgery were collected. Patients were randomly assigned to a training cohort (n = 592) and a validation cohort (n
= 254) in a ratio of 7:3. Least absolute shrinkage and selection operator (LASSO) regression was used for feature
selection, followed by multivariate logistic regression to identify independent predictors and construct a nomogram
model. The variance inflation factor (VIF) was used to evaluate multicollinearity among the candidate predictors.
Model performance was assessed using the area under the receiver operating characteristic curve (AUC), calibra-
tion curves, and decision curve analysis (DCA). Multivariate logistic regression analysis revealed that the maximum
tumor diameter (OR = 39.82, 95% CI: 16.29-97.32), consolidation-to-tumor ratio (0.5<CTR<1, OR = 2.51, 95% Cl:
1.36-4.63), vacuole sign (OR = 2.29, 95% CI: 1.29-4.07), pleura traction sign (OR = 3.03, 95% CI: 1.66-5.53), and
the presence of solid component on the mediastinal window (OR = 3.27, 95% Cl: 1.46-7.28) were independent risk
factors for IAC. The nomogram constructed based on these variables demonstrated good discriminative ability, with
AUC values of 0.930 and 0.913 in the training and validation cohorts, respectively. Calibration curves demonstrated
good agreement between the predicted and observed probabilities, and DCA indicated favorable clinical utility. Con-
sequently, this nomogram based on the maximum tumor diameter, CTR, vacuole sign, pleura traction sign, and the
presence of solid component on the mediastinal window, provides an effective and noninvasive tool for preoperative
prediction of the invasiveness of solitary GGNs.
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Introduction

The widespread adoption of low-dose comput-
ed tomography (LDCT) has markedly increased
the detection of pulmonary nodules [1]. Based
on density, pulmonary nodules can be classi-
fied as solid nodules and ground-glass nodules
(GGNSs) [2]. Persistent GGNs are predominantly
associated with lung adenocarcinoma, and ty-
pically follow a stepwise pathological progres-

sion from atypical adenomatous hyperplasia
(AAH), adenocarcinoma in situ (AlS), and mini-
mally invasive adenocarcinoma (MIA) to inva-
sive adenocarcinoma (IAC) [3, 4]. Previous stu-
dies have shown that for patients with AIS and
MIA who undergo radical surgery, regardless of
whether lobectomy or segmentectomy is per-
formed, the 10-year recurrence-free survival
(RFS) rate remains 100% [5, 6]. In contrast,
patients with IAC remain at risk of postopera-
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tive recurrence and metastasis even at stage
IA1 [7]. Chen et al. [8, 9] defined AlS, MIA and
pure GGN as the window of surgical cure for
lung adenocarcinoma, and proposed that for
lesions within this curative window, surgical
intervention can achieve excellent outcomes,
and that limited resection without mediastinal
lymph node dissection may be sufficient. The-
refore, precise preoperative differentiation be-
tween non-invasive lesions and IAC is critical
for determining both the optimal timing of
surgery and the most appropriate surgical
strategy.

Currently, the assessment of tumor invasive-
ness primarily relies on postoperative histo-
pathological examination. Although intraopera-
tive frozen section analysis is frequently used
to guide surgical decision-making, the degree
of invasion may be underestimated because
of sampling limitations [10]. Previous studies
have reported that several CT imaging features,
such as the spiculation sign, CTR, and vascular
convergence sign, are correlated with the inva-
sive nature of lung adenocarcinoma. These pre-
operative CT characteristics may help distin-
guish IAC from AIS or MIA, and assist clinicians
in determining the optimal surgical timing and
extent of resection [11-13].

Several studies have attempted to identify dis-
tinct CT imaging characteristics to develop pre-
dictive models for assessing the risk of IAC.
However, limitations in sample size and the
restricted range of included features limit the
generalizability of the models [13, 14]. More-
over, many previous studies have focused pri-
marily on patients with multiple GGNs [15, 16].
Predictive models specifically designed for soli-
tary GGNs remain scarce, and existing studies
often suffer from insufficient sample sizes and
limited variable selection [17]. To address these
limitations, we integrated CT imaging features,
clinical characteristics, and preoperative tumor
markers to identify risk factors for IAC and
developed a predictive model for preoperative
invasiveness assessment in patients with soli-
tary GGNs.

Patients and methods

This study was reviewed and approved by the
Biomedical Ethics Committee of West China
Hospital (Approval No. 2024-186) and the re-
quirement for informed consent was waived
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because of the retrospective nature of the
study. All patient data were anonymized to
ensure privacy and confidentiality.

Study population

A retrospective analysis was conducted on
patients with surgically treated solitary pul-
monary GGNs at the Lung Cancer Center of
West China Hospital, from November 2022 to
January 2024. The inclusion criteria were: (1)
Availability of preoperative thin-section chest
CT images acquired within two weeks before
surgery, showing a solitary pulmonary GGN; (2)
Age >18 years; (3) Nodules <3 cm on CT; (4)
Postoperative pathological diagnosis of IAC,
MIA, AIS, or AAH; and (5) No history of any an-
titumor therapy (e.g., chemotherapy, radiother-
apy, targeted therapy, or immunotherapy) prior
to surgery. The exclusion criteria were: (1) Poor-
quality CT images that compromised accurate
assessment; (2) Incomplete clinical or patho-
logical data; and (3) Solid nodules without any
ground-glass component.

Based on postoperative pathological findings,
patients were classified into an IAC group and
a NIAC group, which included MIA, AAH, and
AIS. Patients were then randomly assigned to
a training cohort (70%) and an internal valida-
tion cohort (30%) using a computer-generated
random number sequence.

Data collection

Demographic and clinical characteristics: The
following data were retrospectively retrieved
from electronic medical records: demographic
and clinical characteristics (age, sex, smoking
history, personal or family history of malignan-
cy) and preoperative serum tumor markers,
including carcinoembryonic antigen (CEA), ne-
uron-specific enolase (NSE), and cytokeratin
fragment 19 (CYFRA 21-1).

CT image evaluation: Preoperative CT images
were independently evaluated by two experi-
enced thoracic radiologists (with 8 and 25
years of experience in thoracic imaging, res-
pectively), who were blinded to the pathologi-
cal results. The following imaging features were
assessed: maximum tumor diameter, tumor
location, consolidation-to-tumor ratio (CTR),
spiculation sign, vacuole sign, lobulation sign,
pleura traction sign, vascular convergence sign,
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air bronchogram sign, and the presence or
absence of solid component on mediastinal
window. The CTR was defined as the ratio of the
maximum diameter of the solid component to
the maximum diameter of the tumor, both of
which were measured in the lung window. Any
discrepancies between the two readers were
resolved by consensus discussion with a senior
third radiologist.

Statistical analysis

All statistical analyses were performed using R
software (version 4.3.3). Continuous variables
were tested for normality using the Shapiro-
Wilk test. Normally distributed continuous va-
riables were presented as mean * standard
deviation (SD) and were compared using Stu-
dent’s t-test; otherwise, they were expressed
as median with interquartile range (Q1, Q3)
and compared using the Mann-Whitney U test.
Categorical variables were reported as frequen-
cies (percentages) and analyzed via the chi-
square test or Fisher’s exact test. A two-sided
P value <0.05 was considered statistically
significant.

Feature selection and model construction

The dataset was first randomly divided into
training and validation cohorts at a ratio of 7:3.
In the training cohort, the least absolute shrink-
age and selection operator (LASSO) regression
method was applied to identify the most rele-
vant predictive variables. The optimal penalty
parameter (A) in the LASSO regression was
selected via 10-fold cross-validation. Variables
with non-zero coefficients from the LASSO
regression were retained. Prior to construct-
ing the multivariable logistic regression model,
multicollinearity among the candidate predic-
tors selected by LASSO regression was as-
sessed using the variance inflation factor (VIF).
A VIF value greater than 5 was considered
indicative of severe multicollinearity. The re-
sults of the multivariable analysis were used to
construct the final prediction nomogram.

Model performance and validation

The model performance was evaluated in both
the training and validation cohorts. The discri-
mination ability of the model was evaluated
using the area under the receiver operating
characteristic curve (AUC), the calibration was
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evaluated using calibration curves and the
Hosmer-Lemeshow test, and clinical utility was
estimated via decision curve analysis (DCA).

Results
Patient characteristics

A total of 846 patients with lung adenocarcino-
ma were included in this study, including 13
patients with AAH, 9 patients with AIS, 598
patients with MIA and 226 patients with IAC.
The overall cohort had a median age of 52
years (IQR: 41-59). Among them, 629 patients
(74.3%) were female and 217 (25.7%) were
male. All patients were randomly split into a
training cohort (n = 592, 70%) and a validation
cohort (n = 254, 30%) using a 7:3 ratio. The
training cohort included 431 NIAC cases and
161 IAC cases, while the validation cohort
included 189 NIAC cases and 65 IAC cases.
The baseline clinical and imaging characteris-
tics of the training and validation cohorts are
shown in Table 1. No significant differences
were observed between the two cohorts in
baseline characteristics (all P>0.05) (Table S1),
indicating good comparability.

Feature selection

In the training cohort, all candidate variables
were included in the LASSO regression analysis
to identify the most representative IAC predic-
tors. The coefficient path plot shows that, as
the regularization parameter A varies, the coef-
ficients of the independent variables are gradu-
ally compressed to zero (Figure 1A). The cross-
validation curve illustrates the mean squared
error (MSE) across a range of A values (Figure
1B). The dashed line on the left indicates A at
the minimum MSE (0.00786), and the dashed
line on the right represents the A position-
ed one standard error above this minimum
(0.02633, A.1se). To prioritize a parsimonious
and clinically interpretable model, predictors
were selected using the A.1se criterion. At this
threshold (A = 0.02633), nine variables with
non-zero coefficients were identified as poten-
tial predictors: age, tumor location, maximum
tumor diameter, CTR, lobulation sign, vacuole
sign, pleura traction sign, air bronchogram sign,
and solid component on the mediastinal win-
dow (Figure 1C). The complete list of all candi-
date variables along with their corresponding
LASSO coefficients is provided in Table S2.

Am J Cancer Res 2026;16(9):3841-3854



Table 1. Comparison of clinical-radiological features between NIAC and IAC groups

Nomogram for predicting invasiveness of solitary GGNs

Training Cohort (n = 592)

Validation Cohort (n = 254)

Features NIAC IAC p NIAC IAC p
n=431 n=161 n =189 n =65
Age(years), Median (Q1, Q3) 48 (39, 56) 57 (52, 66) <0.001 49 (39, 57) 59 (53, 67) <0.001
Sex, n (%) 0.048 0.126
Female 329 (76.3%) 110 (68.3%) 146 (77.2%) 44 (67.7%)
Male 102 (23.7%) 51 (31.7%) 43 (22.8%) 21 (32.3%)
Smoking history, n (%) 0.220 0.025
No 378 (87.7%) 135 (83.9%) 169 (89.4%) 51 (78.5%)
Yes 53 (12.3%) 26 (16.1%) 20 (10.6%) 14 (21.5%)
Family history of malignancy, n (%) 0.179 0.556
No 346 (80.3%) 137 (85.1%) 160 (84.7%) 53 (81.5%)
Yes 85 (19.7%) 24 (14.9%) 29 (15.3%) 12 (18.5%)
History of malignancy, n (%) 0.680 0.757
No 403 (93.5%) 149 (92.5%) 169 (89.4%) 59 (90.8%)
Yes 28 (6.5%) 12 (7.5%) 20 (10.6%) 6 (9.2%)
Location, n (%) 0.234 0.545
RM 28 (6.5%) 11 (6.8%) 15 (7.9%) 4 (6.2%)
LL 65 (15.1%) 23 (14.3%) 26 (13.8%) 9 (13.8%)
LU 124 (28.8%) 33 (20.5%) 56 (29.6%) 13 (20.0%)
RL 78 (18.1%) 39 (24.2%) 37 (19.6%) 15 (23.1%)
RU 136 (31.6%) 55 (34.2%) 55 (29.1%) 24 (36.9%)
Maximum tumor diameter(cm), Median (Q1, Q3) 0.80(0.70, 1.00) 1.50 (1.20, 2.10) <0.001 0.90(0.70, 1.00) 1.50 (1.10, 2.00) <0.001
CYFRA211, n (%) 0.021 0.700
Abnormal 60 (13.9%) 35 (21.7%) 33 (17.5%) 10 (15.4%)
Normal 371 (86.1%) 126 (78.3%) 156 (82.5%) 55 (84.6%)
CEA, n (%) 0.454 0.271
Abnormal 5 (1.2%) 3 (1.9%) 2 (1.1%) 2 (3.1%)
Normal 426 (98.8%) 158 (98.1%) 187 (98.9%) 63 (96.9%)
NSE, n (%) 0.903 0.203
Abnormal 23 (5.3%) 9 (5.6%) 8 (4.2%) 6 (9.2%)
Normal 408 (94.7%) 152 (94.4%) 181 (95.8%) 59 (90.8%)
CTR, n (%) <0.001 <0.001
<0.5 343 (79.6%) 71 (44.1%) 156 (82.5%) 22 (33.8%)
0.5<CTR<1 88 (20.4%) 90 (55.9%) 33 (17.5%) 43 (66.2%)
3844 Am J Cancer Res 2026;16(9):3841-3854
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Lobulation sign, n (%) <0.001 <0.001
Absent 402 (93.3%) 106 (65.8%) 173 (91.5%) 45 (69.2%)
Present 29 (6.7%) 55 (34.2%) 16 (8.5%) 20 (30.8%)

Spiculation sign, n (%) <0.001 <0.001
Absent 328 (76.1%) 88 (54.7%) 156 (82.5%) 33 (50.8%)
Present 103 (23.9%) 73 (45.3%) 33 (17.5%) 32 (49.2%)

Vacuole Sign, n (%) <0.001 <0.001
Absent 248 (57.5%) 53 (32.9%) 106 (56.1%) 21 (32.3%)
Present 183 (42.5%) 108 (67.1%) 83 (43.9%) 44 (67.7%)

Pleura traction sign, n (%) <0.001 <0.001
Absent 334 (77.5%) 68 (42.2%) 141 (74.6%) 33 (50.8%)
Present 97 (22.5%) 93 (57.8%) 48 (25.4%) 32 (49.2%)

Vascular convergence sign, n (%) 0.177 >0.999
Absent 16 (3.7%) 2 (1.2%) 5 (2.6%) 1 (1.5%)
Present 415 (96.3%) 159 (98.8%) 184 (97.4%) 64 (98.5%)

Air Bronchogram Sign, n (%) <0.001 <0.001
Absent 408 (94.7%) 105 (65.2%) 179 (94.7%) 42 (64.6%)
Present 23 (5.3%) 56 (34.8%) 10 (5.3%) 23 (35.4%)

Solid component on mediastinal window, n (%) <0.001 <0.001
Absent 410 (95.1%) 89 (55.3%) 176 (93.1%) 29 (44.6%)
Present 21 (4.9%) 72 (44.7%) 13 (6.9%) 36 (55.4%)

NIAC, non-invasive adenocarcinoma; IAC, invasive adenocarcinoma; CTR, consolidation-to-tumor ratio; RM, right middle; RU, right upper; RL, right lower; LL, left lower; LU, left upper;
CYFRA211, cytokeratin fragment 19; NSE, neuron-specific enolase; CEA, carcinoembryonic antigen.
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Prior to constructing the multivariable logistic
regression model, multicollinearity was assess-
ed for the candidate predictors selected by
LASSO regression, using the VIF. All VIF values
were below 2 (range: 1.016-1.872), indicating
no severe multicollinearity (Table S3).

These nine variables screened by LASSO re-
gression were subsequently entered into multi-
variate logistic regression analysis. The multi-
variate logistic regression analysis identified
that the maximum tumor diameter (OR = 39.82,
95% Cl: 16.29-97.32, P<0.001), the presence
of solid component on the mediastinal window
(OR=3.27,95% CI: 1.46-7.28, P =0.004), pleu-
ra traction sign (OR = 3.03, 95% Cl: 1.66-5.53,
P<0.001), 0.5<CTR<1 (OR = 2.51, 95% ClI:
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Figure 1. LASSO regression analysis for
variable selection and parameter optimi-
zation. A. Coefficient path plot. B. Cross-
validation curve. The dashed line on the
left indicates A at the minimum MSE
(0.00786), and the dashed line on the
right represents the A positioned one stan-
dard error above this minimum (0.02633,
A1lse). C. Lasso-selected predictors and
corresponding coefficients. Abbreviations:
LASSO, least absolute shrinkage and se-
lection operator; MSE, mean squared er-
ror; A, ., A within one standard error of the
minimum.

1.36-4.63, P = 0.003), and the vacuole sign
(OR =2.29, 95% CI: 1.29-4.07, P = 0.005) were
independent predictors for IAC in solitary GGNs
(Table 2).

Construction of the IAC risk prediction model

Based on the five independent predictors: max-
imum tumor diameter, CTR, vacuole sign, pleu-
ra traction sign, and solid component on the
mediastinal window, a risk prediction model for
IAC was developed, and a nomogram was con-
structed (Figure 2). The nomogram indicated
that maximum tumor diameter contributed the
most to the prediction of IAC, followed by CTR
and the presence of solid component on the
mediastinal window. Each variable was as-
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Table 2. Multivariable logistic regression of clinical-radiological
features and invasiveness of solitary ground glass nodules

Features OR 95% ClI P
Age 1.02 0.99,1.04 0.431
Location

RM - - -

LL 0.91 0.25,3.29 0.888

LU 0.55 0.16,1.88 0.340

RL 1.83 0.53,6.29 0.339

RU 1.29 0.39,4.29 0.674
Maximum tumor diameter 39.82 16.29,97.32 <0.001
0.5<CTR<1 251 1.36,4.63 0.003
Lobulation sign 2.03 0.91,4.53 0.083
Vacuole Sign 2.29 1.29,4.07 0.005
Pleura traction sign 3.03 1.66,5.53 <0.001
Air Bronchogram Sign 1.86 0.75,4.60 0.182
Solid component on mediastinal window  3.27 1.46, 728 0.004

CTR, consolidation-to-tumor ratio; RM, right middle; RU, right upper; RL, right lower;
LL, left lower; LU, left upper; OR, odds ratio; Cl, confidence interval.
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Figure 2. A nomogram predicting the risk of invasive adenocarcinoma in
patients with solitary pulmonary ground-glass nodules.

cohort (Figure 3). To classify
individuals into high- or low-
risk groups, the optimal cutoff
probability was determined by
maximizing the Youden index
(sensitivity + specificity - 1).
The optimal cutoff was identi-
fied as 0.339. At this thresh-
old, the nomogram achieved
a sensitivity of 80.0% and a
specificity of 88.4% in the vali-
dation cohort. Calibration cur-
ves demonstrated that the
predicted probabilities of the
nomogram closely aligned with
the observed outcomes, as
the ‘logistic calibration’ line
approximated the ideal refer-
ence line in the training cohort
(Figure 4A) and the valida-
tion cohort (Figure 4B). The
Hosmer-Lemeshow test indi-
cated good calibration in the
training cohort (x> = 10.207,
P = 0.251) and the validation
cohort (x? = 13.111, P =
0.108), confirming no signifi-
cant deviation between the
predicted and observed pro-
babilities.

The clinical utility of the model
was further quantified using
decision curve analysis (DCA),
as shown in Figure 5. The net
benefit of the model strategy
(red curve) was compared
against two default strategies:
intervening on all patients
(Treat All, grey curve) and inter-

signed a point score on the nomogram scale.
By summing the points corresponding to all the
variables, a total score is obtained. A vertical
line drawn from the total points axis to the risk
probability axis indicates the individual’'s pre-
dicted probability of IAC.

Validation of the IAC risk prediction model

The nomogram demonstrated excellent dis-
criminative ability, with an AUC of 0.930 (95%
Cl: 0.909-0.952) in the training cohort and
0.913 (95% Cl: 0.873-0.954) in the validation
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vening on no patients (Treat

None, black line). In both the
training (Figure 5A) and validation (Figure 5B)
cohorts, the decision curve for our nomogram
remained above the Treat All and Treat None
reference lines at threshold probabilities be-
tween 0.1 and 0.8, demonstrating that apply-
ing the model yields a positive net clinical
benefit.

Discussion

For patients with lung adenocarcinoma mani-
festing as GGNs, accurate preoperative distin-
guishing between IAC and non-invasive lesions
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Figure 3. Receiver operating characteristic (ROC) curves of the nomogram

in training cohort and validation cohort.

(AIS, MIA, and AAH) is critical for determining
optimal surgical timing and strategy. We de-
veloped and validated a clinical-radiographic
predictive model based on five independent
predictors that included CTR, maximum tumor
diameter, vacuole sign, pleura traction sign,
and the presence of solid component on the
mediastinal window to predict invasiveness in
lung adenocarcinoma presenting as solitary
GGNs. The model demonstrated excellent diag-
nostic performance, with AUCs of 0.930 (95%
Cl: 0.909-0.952) in the training cohort and
0.913 (95% Cl: 0.873-0.954) in the validation
cohort. Furthermore, the model exhibited good
calibration and provided a net clinical benefit
across a wide range of threshold probabilities.
This model offers a practical, individualized risk
assessment to aid clinicians in optimizing sur-
gical strategies for patients with lung adeno-
carcinoma presenting as solitary GGNs.

Predictive models provide clinicians with an
objective and quantifiable reference standard,
thereby facilitating more rational and consis-
tent clinical decisions. Models for predicting
malignancy risk of pulmonary nodules, such as
the Brock, Mayo and VA models [18-20], are
already widely used in clinical practice. Never-
theless, there is currently no widely accepted
model for predicting the invasiveness of lung
adenocarcinoma. Several studies have previ-
ously developed predictive models for assess-
ing the invasiveness of lung adenocarcinoma

3848

[15-17, 21, 22]. Liu et al. [15]
reported a nomogram incor-
porating CYFRA 21-1, density
type, maximum diameter, and
air bronchogram to non-inva-
sively differentiate IAC from
pre-invasive/microinvasive so-
litary lung adenocarcinoma le-
sions, achieving AUCs of 0.925
(95% CI: 0.897-0.953) in the
training cohort and 0.895
(95% CI: 0.829-0.961) in the
testing cohort. However, their
study did not exclude solid
nodules, which are known to
have a higher likelihood of
invasiveness compared with
GGNs. Yang et al. [22] con-
structed a nomogram based
on maximum diameter, CTR,
maximum CT value, mean CT
value, spiculation and vascular convergence
sign for predicting invasiveness of GGNSs,
which achieved AUCs of 0.910 (95% CI: 0.885-
0.934) in the training group and 0.902 (95%
Cl: 0.859-0.944) in the validation group. Dong
et al. [17] constructed a clinical-radiomics
nomogram based on 473 GGNs for the preop-
erative differentiation between AIS/MIA and
IAC. The model yielded AUCs of 0.845 (95% Cl:
0.817-0.873) in the training set and 0.823
(95% CI: 0.795-0.851) in the test set. Com-
pared to these models, our model, focused
exclusively on patients with solitary GGNSs,
demonstrated a higher AUC, and was devel-
oped from a larger cohort of 846 patients.
However, owing to the retrospective design of
this study and differences in the predictive fac-
tors included in various models, a fair head-to-
head comparison with previously established
models could not be conducted. Moreover,
most of these models have not undergone
external validation. Future studies should fur-
ther validate different models using external
data and explore predictors that may better
predict IAC.

Deep learning-based artificial intelligence (Al)
demonstrated distinct advantages in extract-
ing radiomic features for the assessment of
pulmonary nodules [23, 24]. Predictive models
developed using Al tools have demonstrated
robust performance in assessing the invasive-
ness of lung adenocarcinoma [16, 25, 26]. Shi
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tropy, which demonstrated ex-
cellent and generalizable per-
formance for predicting inva-
siveness of stage T1 lung ade-
nocarcinoma, achieving AUCs
of 0.941 (95% Cl: 0.927-0.955)
in the training cohort, 0.934
(95% CI: 0.911-0.958) in the
internal validation cohort, and
0.905 (95% ClI: 0.878-0.931)
in the external validation co-
hort. Yao et al. [25] develop-
ed a surgical resection image-
based model (SuRImage), a
deep learning system using
smartphone photographs of
surgical resection specimens
for intraoperative diagnosis of
stage IA lung adenocarcino-

ma, which achieved AUCs of
0.84 for IAC identification. De-
spite these encouraging re-

sults, these Al-based approa-
ches often require specialized
software, computational re-
sources, or additional imaging
techniques, which may limit
their widespread adoption in
routine clinical practice. More-
over, these studies did not
incorporate morphological fea-
tures such as lobulation and
spiculation into their analyses.
Our model incorporated only
routinely available clinical and
CT imaging features, maximum
tumor diameter, CTR, vacuole
sign, pleura traction sign, and
solid component on the me-
diastinal window, that can be
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Figure 4. Calibration curves of the nomogram. Calibration curve of the no-

mogram in training cohort (A) and validation cohort (B).

et al. [16] developed an Al-driven clinical-
radiomics model based on age, median tumor
size, sphericity, gray level co-occurrence ma-
trix features Imcl, gray level size zone matrix
features small area emphasis, and gray level
dependence matrix features dependence en-
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1.0 tice without additional imag-
ing techniques or specialized
software. Nevertheless, future
studies should consider inte-
grating Al tools to further im-
prove predictive performance.
For example, Al-based auto-
mated segmentation and feature extraction
could be combined with our simplified clini-
cal-radiographic model to achieve a more
comprehensive and accurate prediction of
GGN invasiveness, while maintaining clinical
usability.
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We found that the maximum tumor diameter
was the strongest predictor of IAC, which is
consistent with previous studies [22, 27].
Nevertheless, the optimal cutoff value of maxi-
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mum tumor diameter for dis-
tinguishing IAC remains con-
troversial among different stu-
dies [28, 29]. Zhang et al.
[29] reported that the optimal
threshold for identifying IAC
based on the maximum diam-
eter of GGNs was 10 mm. Liu
et al. [30] conducted a retro-
spective analysis of 190 cas-
es of GGNs and reported that
the median diameter of the
IAC was 13 mm, whereas the
median diameter of the NIAC
group was 8 mm. In our study,
the median diameter of the
IAC was 15 mm, whereas the
median diameter of the NIAC
group remained at 8 mm.
Previous studies have identi-
fied age as a risk factor for the
invasiveness of lung adeno-
carcinoma [17]. In the present
study, univariate analysis de-
monstrated that patients with
IAC were significantly older
than those with NIAC in both
the training and validation co-
horts. Nevertheless, age did
not remain an independent
predictor in multivariate re-
gression analysis. To exclude
the possibility of multicolline-
arity between age and maxi-
mum tumor diameter, we per-
formed VIF analysis for all can-
didate variables prior to con-
structing the multivariable lo-
gistic regression model. All VIF
values were below 2.0, indicat-
ing no significant collinearity
between age and maximum
tumor diameter. It is plausible
that older patients may have
undergone longer follow-up
prior to surgery, leading to
delayed intervention and thus
larger tumor diameters at the
time of resection. However,
since our study did not collect

data on the interval between initial detection
and resection, this hypothesis could not be
tested directly. Therefore, future studies sh-
ould incorporate follow-up data, such as the
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interval between initial detection and resection
and tumor volume doubling time, to further elu-
cidate the temporal relationship among age,
tumor growth, and the development of invasive
features.

Consolidation-to-tumor ratio, defined as the
ratio of the solid component diameter on the
lung window to the total tumor diameter, is
widely used in clinical practice to estimate
tumor aggressiveness [31]. In lung adenocarci-
noma manifesting as GGNs, the solid compo-
nent typically corresponds to the invasive
growth pattern [2]. Therefore, a higher CTR
implies a larger invasive component and thus a
higher risk of IAC. Our study further confirmed
that GGNs with a CTR>0.5 were associated
with a higher risk of IAC, which is consistent
with previous findings [32]. The Japan Clinical
Oncology Group (JCOG 0201) study [11] re-
vealed that patients with CTR<0.5 have a favor-
able prognosis, with a 5-year survival rate of
approximately 97%, and this criterion can be
used to identify NIAC. Notably, Lai et al. [33]
found that GGNs with solid component on both
the lung window and the mediastinal window
exhibited a significantly higher proportion of
invasive pathological subtypes and a markedly
worse prognosis compared to those with solid
component visible only on the lung window. The
presence of solid component on the mediasti-
nal window was identified as an independent
risk factor for IAC in our study. This association
can be attributed to the underlying histopatho-
logical changes. In the pre-invasive stage of
lung adenocarcinoma, tumor cells grow in a lep-
idic pattern along the alveolar walls, with most
of the lung tissue structure remaining intact,
which appears as a ground-glass opacity on CT.
In the IAC group, as tumor cells accumulate
extensively and invade deeper layers, alveolar
walls collapse and fibrotic scar tissue prolifer-
ates. These proliferating tumor cells fill and
replace the alveolar air spaces, leading to a
significant increase in tissue density [30].
Concurrently, as the disease progresses, fibro-
blast activation, collagen deposition, and ex-
tracellular matrix remodeling further increase
lesion density. With disease progression, GGNs
may initially exhibit solid components on the
lung window and subsequently become visible
on the mediastinal window as well. Therefore,
the presence of a solid component on the me-
diastinal window indicates a higher risk of IAC.
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However, the specific mechanisms underlying
these changes remain to be further investi-
gated.

In our study, the incidence of the vacuole sign
was notably high in the IAC group, reaching
67.3%, which is consistent with the findings
reported by Liu et al. [30]. The vacuole sign
is manifested as round or oval intranodular
hypodense shadows on CT, measuring <5 mm
in diameter, which may be solitary or multiple
[34]. The pathological mechanisms underlying
its formation may involve unclosed or dilated
small bronchi, alveolar spaces that remain
unsealed by cancer cells growing along the
alveolar walls, or tumor cell invasion into the
alveolar septa and interstitium, which leads to
architectural destruction and coalescence of
adjacent air spaces [35]. In addition, tumor
necrosis or mucin secretion may also contrib-
ute to the formation of vacuole-like structures.
Therefore, the presence of a vacuole sign is
strongly associated with high tumor invasive-
ness. Zhang et al. [29] reported that the pleura
traction sign was an independent risk factor
for IAC, which is consistent with our results.
This sign is generally considered to reflect
fibrotic traction between the tumor and the
pleura, which often occurs during tumor pro-
gression and stromal remodeling. Previous
studies have reported that CT morphological
features such as spiculation and lobulation are
associated with IAC [17, 22]. However, these
features were not found to be risk factors in
our cohort. Further studies are warranted to
elucidate the relationship between CT imaging
characteristics and the invasiveness of lung
adenocarcinoma.

This study has several limitations. First, the ret-
rospective, single-center design may introduce
selection bias. Future multicenter prospective
studies are warranted to further validate and
refine the model. Second, owing to the retro-
spective design of this study and differences
in the predictive factors included across va-
rious models, a direct head-to-head perfor-
mance comparison with previously established
models could not be conducted. Future stu-
dies should consider prospective comparisons
using shared validation datasets to better
establish the relative performance and practi-
cal value of our model. Third, this study pri-
marily evaluated the overall discriminative
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ability of the nomogram. Although the optimal
cutoff probability was determined by maximiz-
ing the Youden index, clinically applicable low-,
intermediate-, and high-risk stratification cri-
teria for GGN invasiveness were not formally
established. This limits the clinical translational
value of the model, and further work is required
to define clinically meaningful risk thresholds.
Fourth, the pathological subtype distribution of
our cohort was imbalanced, with a limited num-
ber of pre-invasive lesions (13 AAH cases and 9
AIS cases) compared to MIA (n = 598) and IAC
(n = 226). This disproportionate representation
may introduce statistical bias and potentially
reduce the robustness and generalizability of
the predictive model. Future studies with a
more balanced distribution of pathological sub-
types are needed to validate our findings. Fifth,
although we provided a pathophysiological
explanation for the vacuole sign and mediasti-
nal window solid component as independent
risk factors, the mechanistic understanding
remains limited. Future research is needed
to explore the underlying mechanisms. Sixth,
although common serum tumor markers were
included, their predictive capability for inva-
siveness in early-stage lung adenocarcinoma
remains limited. Emerging biomarkers or liquid
biopsy techniques may offer additional predic-
tive value in the future.

Conclusion

In summary, we developed and validated an
efficient nomogram integrating five readily ob-
tainable CT features including maximum tumor
diameter, CTR, vacuole sign, pleura traction
sign, and the presence of a solid component
on the mediastinal window for the preopera-
tive prediction of invasiveness in patients with
solitary GGNs. As a simple and noninvasive
tool, this nomogram may help clinicians better
assess the invasive risk of GGNs and support
individualized surgical decision-making.
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Table S1. Clinical and radiological features of all patients with solitary pulmonary ground-glass nodules

Cohort
Features Overall Training Cohort  Validation Cohort P
n =846 n =592 n =254
Age (years), Median (Q1, Q3) 52 (41, 59) 51 (41, 59) 52 (41, 59) 0.539
Sex, n (%) 0.843
Female 629 (74.3%) 439 (74.2%) 190 (74.8%)
Male 217 (25.7%) 153 (25.8%) 64 (25.2%)
Smoking history, n (%) 0.987
No 733 (86.6%) 513 (86.7%) 220 (86.6%)
Yes 113 (13.4%) 79 (13.3%) 34 (13.4%)
Family history of cancer, n (%) 0.428
No 696 (82.3%) 483 (81.6%) 213 (83.9%)
Yes 150 (17.7%) 109 (18.4%) 41 (16.1%)
History of cancer, n (%) 0.084
No 780 (92.2%) 552 (93.2%) 228 (89.8%)
Yes 66 (7.8%) 40 (6.8%) 26 (10.2%)
Location, n (%) 0.974
RM 58 (6.9%) 39 (6.6%) 19 (7.5%)
LL 123 (14.5%) 88 (14.9%) 35 (13.8%)
LU 226 (26.7%) 157 (26.5%) 69 (27.2%)
RL 169 (20.0%) 117 (19.8%) 52 (20.5%)
RU 270 (31.9%) 191 (32.3%) 79 (31.1%)
Maximum tumor diameter(cm), Median (Q1, Q3) 1.00 (0.80, 1.20) 0.90 (0.75, 1.20) 1.00 (0.80, 1.30) 0.637
CYFRA211, n (%) 0.750
Abnormal 138 (16.3%) 95 (16.0%) 43 (16.9%)
Normal 708 (83.7%) 497 (84.0%) 211 (83.1%)
CEA, n (%) 0.759
Abnormal 12 (1.4%) 8 (1.4%) 4 (1.6%)
Normal 834 (98.6%) 584 (98.6%) 250 (98.4%)
NSE, n (%) 0.950
Abnormal 46 (5.4%) 32 (5.4%) 14 (5.5%)
Normal 800 (94.6%) 560 (94.6%) 240 (94.5%)
CTR, n (%) 0.966
<0.5 592 (70.0%) 414 (69.9%) 178 (70.1%)
>0.5 254 (30.0%) 178 (30.1%) 76 (29.9%)
Lobulation sign, n (%) 0.995
Absent 726 (85.8%) 508 (85.8%) 218 (85.8%)
Present 120 (14.2%) 84 (14.2%) 36 (14.2%)
Spiculation sign, n (%) 0.221
Absent 605 (71.5%) 416 (70.3%) 189 (74.4%)
Present 241 (28.5%) 176 (29.7%) 65 (25.6%)
Vacuole Sign, n (%) 0.822
Absent 428 (50.6%) 301 (50.8%) 127 (50.0%)
Present 418 (49.4%) 291 (49.2%) 127 (50.0%)
Pleura traction sign, n (%) 0.864
Absent 576 (68.1%) 402 (67.9%) 174 (68.5%)
Present 270 (31.9%) 190 (32.1%) 80 (31.5%)
Vascular convergence sign, n (%) 0.586
Absent 24 (2.8%) 18 (3.0%) 6 (2.4%)
Present 822 (97.2%) 574 (97.0%) 248 (97.6%)
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Air Bronchogram Sign, n (%) 0.890
Absent 734 (86.8%) 513 (86.7%) 221 (87.0%)
Present 112 (13.2%) 79 (13.3%) 33 (13.0%)

Solid component on mediastinal window, n (%) 0.201
Absent 704 (83.2%) 499 (84.3%) 205 (80.7%)

Present 142 (16.8%) 93 (15.7%) 49 (19.3%)

NIAC, non-invasive adenocarcinoma; IAC, invasive adenocarcinoma; CTR, consolidation-to-tumor ratio; RM, right middle; RU, right upper; RL, right
lower; LL, left lower; LU, left upper; CYFRA211, cytokeratin fragment 19; NSE, neuron-specific enolase; CEA, carcinoembryonic antigen.

Table S2. The coefficients of Lasso regression analysis (A.1se)

Variables Coefficient

(Intercept) -5.319818772
Age 0.007635497
Sex 0.000000000
Smoking history 0.000000000
Family history of cancer 0.000000000
History of cancer 0.000000000
LL 0.000000000
LU -0.116112645
RL 0.000000000
RU 0.000000000
Maximum tumor diameter 2.789374934
CYFRA211 0.000000000
CEA 0.000000000
NSE 0.000000000
0.5<CTR<1 0.676368714
Lobulation sign 0.304247251
Spiculation sign 0.000000000
Vacuole Sign 0.233974832
Pleura traction sign 0.532778007
Vascular convergence sign 0.000000000

Air Bronchogram Sign
Solid component on mediastinal window

0.124118177
0.756640240

CTR, consolidation-to-tumor ratio; RM, right middle; RU, right upper; RL, right lower; LL, left lower; LU, left upper; CYFRA211,
cytokeratin fragment 19; NSE, neuron-specific enolase; CEA, carcinoembryonic antigen.

Table S3. Variance inflation factor (VIF) analysis

Features VIF

Age 1.255
Location 1.016
Maximum tumor diameter 1.872
CTR 1.261
Lobulation sign 1.264
Vacuole Sign 1.049
Pleura traction sign 1.170
Air Bronchogram Sign 1.423
Solid component on mediastinal window 1.627

VIF, variance inflation factor; CTR, consolidation-to-tumor ratio. All VIF values are below 5, indicating no severe multicollinearity.



