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Purpose: To assess the added value of radiomics models from preoperative chest CT in predicting the presence of spread through
air spaces (STAS) in the early stage of surgically resected lung adenocarcinomas using multiple validation datasets.

Materials and Methods: This retrospective study included 550 early-stage surgically resected lung adenocarcinomas in 521 patients,
classified into training, test, internal validation, and temporal validation sets (n=211, 90, 91, and 158, respectively). Radiomics fea-
tures were extracted from the segmented tumors on preoperative chest CT, and a radiomics score (Rad-score) was calculated to
predict the presence of STAS. Diagnostic performance of the conventional model and the combined model, based on a combina-
tion of conventional and radiomics features, for the diagnosis of the presence of STAS were compared using the area under the curve
(AUC) of the receiver operating characteristic curve.

Results: Rad-score was significantly higher in the STAS-positive group compared to the STAS-negative group in the training, test,
internal, and temporal validation sets. The performance of the combined model was significantly higher than that of the conven-
tional model in the training set {AUC: 0.784 [95% confidence interval (CI): 0.722-0.846] vs. AUC: 0.815 (95% CI: 0.759-0.872),
p=0.042}. In the temporal validation set, the combined model showed a significantly higher AUC than that of the conventional model
(p=0.001). The combined model showed a higher AUC than the conventional model in the test and internal validation sets, albeit with
no statistical significance.

Conclusion: A quantitative CT radiomics model can assist in the non-invasive prediction of the presence of STAS in the early stage
of lung adenocarcinomas.
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wide, with adenocarcinoma being the most common histo-
logic type."? The current well-established prognostic markers
of lung adenocarcinomas are patient age, pathological stage,
and histologic subtype of lung adenocarcinoma.*® Older age,
higher pathological stage, and specific histologic subtypes, such
as solid or micropapillary subtypes, are associated with worse
overall and disease-free survival.
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Spread through air spaces (STAS), defined as tumor cells
within air spaces in the surrounding lung parenchyma beyond
the edges of the main tumor, is a new negative prognostic mark-
er for lung cancer.” STAS was first introduced in the 2015 World
Health Organization classification of lung cancer as a new inva-
sive pattern of adenocarcinoma.” STAS can predict a high risk
of locoregional recurrence in lung adenocarcinomas and is
closely associated with shorter recurrence-free and overall sur-
vival.*!° STAS also provides crucial information for determining
the appropriate extent of surgical resection in the early stage of
lung cancer since its presence indicates the presence of po-
tential residual tumor cells in the surgical margins of patients
who undergo limited resection, resulting in a worse prognosis
than in those who undergo lobectomy.'"*?

Despite the importance of STAS in the treatment of early-
stage lung cancer, its detection is limited to preoperative sam-
pling in small biopsied tissues. Even intraoperative frozen sec-
tions show limited accuracy, with a sensitivity, specificity, and
negative predictive value of 71%, 92%, and 8%, respectively.’*'*
As aresult, several studies have attempted to predict STAS pre-
operatively using non-invasive imaging, such as computed to-
mography (CT) or positron emission tomography.'>'® Howev-
er, most previous studies have focused on qualitative analysis,
which could be affected by subjectivity; therefore, quantitative
information would be more valuable for clinical utility.

“Radiomics,” an emerging tool that provides quantitative im-
aging parameters, has been applied in oncology for tumor as-
sessment and the evaluation of patient responses to treatment.
Radiomics is widely applicable to lung cancer, such as in the
prediction of epidermal growth factor receptor mutations and
response to targeted therapy in non-small cell lung cancers.**
Several previous studies have reported that quantitative ra-
diomics features can be helpful in predicting the presence of
STAS in lung cancer,** which is attributed to the ability of the
radiomics approach to provide objective and quantitative pa-
rameters of the segmented regions. However, these studies
have several limitations with regard to their methodology and
quality of reporting,® such as insufficient investigation of the
added value of radiomics models to conventional parameters
and incomplete validation of radiomics models.

Therefore, the present study aimed to assess the added value
of quantitative radiomics models from preoperative chest CT
in predicting the presence of STAS in the early stages of surgi-
cally resected lung adenocarcinomas using multiple validation
datasets.

MATERIALS AND METHODS

Patients

This study was approved by the Institutional Review Boards of
the participating hospital (Severance Hospital; IRB No 4-2020-
1231), and the requirement for informed consent was waived
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due to the retrospective nature of the study. This study followed
the Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis guidelines, and assess-
ment was conducted using the radiomics quality score.*® To de-
velop a radiomics model, we conducted a retrospective chart
review and identified 450 patients who underwent surgical re-
section for clinical stage IA (tumor size <3 cm) lung adenocarci-
noma according to the 8th edition of the TNM classification* at
our institution between January 2016 and December 2017 (Fig.
1). Among these 450 patients, 87 were excluded for the follow-
ing reasons: 1) unavailability of chest CT images with slice
thickness <3 mm prior to surgery (n=76); 2) indistinguishable
primary lesion in CT scan due to parenchymal collapse (n=4);
and 3) patients with errors in radiomics feature extraction
(n=7). Final pathological stage was not used for the exclusion. A
total of 363 patients were included (168 male, mean age:
64.1£10.1 years, range: 29-85 years), and were classified as fol-
lows: 291 patients who underwent preoperative CT at our in-
stitution for development (training and testing) of the ra-
diomics model and 72 patients who underwent preoperative
CT at an outside hospital for model validation (internal vali-
dation set). Eleven patients had two tumor lesions, and 18 pa-
tients with outside chest CT scans underwent both contrast-
enhanced and non-contrast scans. Therefore, 392 lesions in 363
patients were included in the final analysis. The development
dataset of 301 lesions from 291 patients was randomly split into
training set (211 lesions) and test set (90 lesions) at a ratio of 7:3,
maintaining the proportion of STAS-positive lesions at approx-
imately 30% for each dataset. For further validation of the ra-
diomics model, 158 patients who underwent surgical resection
for early-stage lung adenocarcinoma at our institution between
January and December 2018 were included (temporal valida-
tion set). A total of 319 patients in the training, test, and internal
validation sets comprised the outcome cohort for prediction of
postoperative recurrence.

CT image analysis
For all patients, preoperative chest CT scans were performed
within 2 weeks of lung cancer surgery. Additional details re-
garding CT image acquisition are provided in Supplementary
Table 1 (only online).

Preoperative chest CT images were reviewed and analyzed
by a board-certified thoracic radiologist with 9 years of experi-
ence in thoracic radiology who was blinded to the patients’
clinical and pathological information. The lesion characteris-
tics were assessed and classified into four categories: pure
ground-glass nodule (GGN), ground-glass opacity (GGO)-dom-
inant part-solid nodule (PSN), solid-dominant PSN, and solid
nodules. The GGO portion was defined as increased opacity
that did not obscure the adjacent airway and pulmonary vascu-
lar structures. The proportion of GGO was calculated according
to the ratio of maximum GGO diameter to that of the total tu-
mor across the largest cross-section, and classified as follows:

https://doi.org/10.3349/ym;.2023.0368



Young Joo Suh, et al.

YMJ

Patients underwent surgical resection for clinical

stage | lung adenocarcinoma

v ‘ y

2016. 1-2017.12
(n=450)

Excluded
-n=76

Excluded
-n=40

-n=4
-n=/
-n=0

-n=2
-n=3
-n=7

Included (n=363)

Y Y

Temporal validation

A4

set (n=158)

2018.1-2018.12
(n=210)

Exclusion criteria
- Unavailability of chest CT images with slice thickness
<3 mm prior to surgery
- Indistinguishable primary lesion in CT scan due to

parenchymal collapse

- Errors in radiomics feature extraction

- No record about the presence of STAS on pathologic
report

[ 291 patients (301 lesions) with } [ 72 patients (91 lesions) with CT scans }

CT scans obtained at Hospital A

obtained at different institutions

Random split (7:3)

Training set (n=211) Test set (n=90)

Internal validation

set (n=91)

Survival data collected
»  Outcome cohort
(n=319)

Fig. 1. Patient selection diagram. STAS, spread through air spaces.

pure GGN; GGO 100%, GGO-dominant PSN; 50%<GGO
<100%, solid-dominant PSN; 0%<GG0O<50%, solid nodule; and
GGO 0%.* The longitudinal diameter of the entire tumor was
measured on CT images reconstructed with orthogonal multi-
planes (axial, coronal, and sagittal) in the lung window setting
(window width, 1500 HU; level, -700 HU), and the largest diam-
eter was used as the representative diameter.*** If the lesion
was classified as PSN, the diameter of the inner solid portion
was also measured.

CT radiomics feature extraction
A board-certified thoracic radiologist who was blinded to the
patients’ clinical and pathologic information performed semi-
automated segmentation of the tumor lesion using a commer-
cialized software (AVIEW Research, Coreline Soft Inc., Seoul,
Korea). Lesion segmentation was performed three-dimension-
ally using a lung window setting (width, 1500 HU; level, -700
HU) (Fig. 2), and the volume of interest of the tumor nodule
was delineated, excluding large vessels and bronchioles where
possible. For interobserver agreement of segmentation, another
board-certified thoracic radiologist with 2 years of experience
in thoracic radiology, who was blinded to the other observer’s
segmentation results, independently performed segmentation
for 100 cases in the training set.

The following 93 radiomics features were extracted from the
nodule masks using Pyradiomics (Pyradiomics library, version

https://doi.org/10.3349/ymj.2023.0368

2.2.0; Computational Imaging and Bioinformatics Lab, Har-
vard Medical School, Boston, MA, USA)*: 18 histogram features,
24 gray-level co-occurrence matrix (GLCM) features, 16 gray-
level run-length matrix (GLRLM) features, 16 gray-level size
zone matrix (GLSZM) features, 5 neighboring gray tone differ-
ence matrix (NGTDM) features, and 14 shape features (Sup-
plementary Table 2, only online). The processing parameters
for radiomics feature extraction were based on those reported
by the Image Biomarker Standardization Initiative in a previous
publication (Supplementary Table 3, only online).*

Pathological data

Pathological data were collected from the surgical pathologic
report. Tumor STAS was defined as tumor cells within the air
spaces in the lung parenchyma, beyond the edge of the main
tumor.*® Pathologic subtypes were classified as lepidic, acinar,
papillary, micropapillary, solid, invasive mucinous adenocarci-
noma, or miscellaneous, according to the 2011 International
Association for the Study of Lung Cancer/American Thoracic
Society/European Respiratory Society classification of lung ade-
nocarcinoma.”

Radiomics feature selection

To reduce the high dimensionality of radiomics features to the
number of events, radiomics feature selection was performed
using data from the training set in two sequential steps. First,
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Fig. 2. Representative CT images of lung adenocarcinomas. (A) Axial CT image of an 81-year-old female showing a 22.1-mm part-solid nodule (solid
portion diameter: 12.6 mm) in the right upper lobe. (B and C) Tumor segmentation was performed on the volume of interest of the right upper lobe nod-
ule. Rad-score from the segmented ROI of the lesion: -0.718. On surgical pathology, the lesion was confirmed as a STAS-positive lung adenocarcinoma
with acinar predominant histologic subtype. (D) Axial CT image of a 56-year-old male showing a 22.2-mm part-solid nodule (solid portion diameter: 19.6
mm) in the right lower lobe. Rad-score: -1.153. On surgical pathology, the lesion was confirmed as a STAS-negative lung adenocarcinoma with acinar
predominant histologic subtype. RO, region of interest; STAS, spread through air spaces.

intraclass correlation coefficients (ICC) were calculated to
evaluate interobserver reproducibility, and features with poor
interobserver reproducibility (ICC<0.8) were excluded from the
subsequent analyses. Next, for the remaining features showing
ICC=0.8, least absolute shrinkage and selection operator (LAS-
SO) was performed with 10-fold cross-validation to overcome
the overfitting problem, and features showing nonzero coeffi-
cients using LASSO-logistic regression were selected.® A ra-
diomics score (Rad-score) was calculated for each case using
a linear combination of selected features that were weighted
by their respective coefficients calculated using the LASSO lo-
gistic regression model.* ComBat harmonization was applied
for the training, internal and temporal validation sets, to com-
pensate the effect of the heterogeneity of the datasets, consider-
ing the dataset or contrast administration as a batch effect.***!

Outcome prediction

Patients were divided into high- and low-score groups based
on the optimal Rad-score cutoff in the outcome cohort for pre-
diction of postoperative recurrence. The occurrence and date
of postoperative recurrence were investigated until the clinical
follow-up end date of February 21, 2022. Recurrence was de-
fined as disease appearance at either intrapulmonary or ex-
trapulmonary distant sites after atleast 3 months of the disease-
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free interval between lung cancer surgery and recurrence. The
date of recurrence was defined as the date of the first examina-
tion on which recurrence was suspected.

Statistical analysis

Statistical analyses were performed using R software (version
4.1.2., R Foundation for Statistical Computing, Vienna, Austria).
Categorical variables are presented as numbers and percentag-
es. Continuous variables are presented as the meantstandard
deviation. Demographics, CT lesion type and size, and CT ra-
diomics features were compared between the STAS-positive
and STAS-negative groups using the chi-square test for cate-
gorical variables and the independent t-test for continuous vari-
ables. Interobserver agreement for CT radiomics features was
analyzed using the ICC.

The diagnostic performance of clinical variables, CT lesion
type/size, and Rad-score for the preoperative diagnosis of STAS
were assessed using the area under the curve (AUC) of receiver
operating characteristic (ROC) curves. The optimal cutoff val-
ue of the Rad-score to predict the presence of STAS was calcu-
lated from the ROC curves using the Youden index. We con-
structed the following three models for the diagnosis of STAS:
1) Model 1, conventional model based on clinical and con-
ventional CT variables (CT lesion type and solid portion size);
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2) Model 2, radiomics model based on Rad-score; and 3) Mod-
el 3, combined model based on combinations of conventional
and radiomics features (Rad-score). We compared the AUC of
Model 3 (combined model) to that of Model 1 (conventional
model) to investigate the added value of radiomics features in
the test and validation sets. The AUC of each model for diag-
nosing STAS was compared using the DeLong method.* The
calibration (goodness-of-fit) of the prediction model was as-
sessed using the Spiegelhalter z-test and a calibration plot. The
log-rank test was performed to compare the recurrence-free
survival of low- and high- score group in the outcome cohort.
A p-value<0.05 was considered statistically significant.

RESULTS

Clinical characteristics of patients

The clinical characteristics of patients included in the devel-
opment/test datasets and validation sets (internal and tempo-
ral validation sets) are presented in Table 1. The proportion of
STAS-positive lesions ranged from 23.4% to 41.8%. A higher pro-
portion of male sex in the STAS-positive group was observed in
the training set and internal validation set (p<0.05), while there
was no significant difference in age between the STAS-positive
and STAS-negative groups in any of the datasets (p>0.05). Re-
garding the lesion type, the STAS-positive group tended to show
a higher proportion of solid predominant PSN or solid nodules
and a larger solid portion size on preoperative CT (p<0.05). The
acinar histologic subtype was most frequent in both the STAS-
positive and STAS-negative groups, but the frequency of solid
or micropapillary subtype was higher in the STAS-positive
group in all datasets (p<0.05). The type of lung cancer surgery
(lobectomy vs. limited resection) was not different between
the STAS-positive and STAS-negative groups in any of the da-
tasets (p>0.05).

Selection of CT radiomics features

Most of the radiomics features in the training set showed good-
to-excellent interobserver agreement (ICC >0.8). The details of
the ICC:s for all radiomics features are described in Supplemen-
tary Table 2 (only online). Three features with an ICC<0.8 (fir-
storder_Energy, firstorder_TotalEnergy, and ngtdm_Busyness)
were excluded from the sequential feature selection step. Among
the remaining 90 radiomics features, 45 showed a significant
difference between STAS-positive and STAS-negative groups
in the training dataset (p<0.05) (Supplementary Table 4, only
online).

Calculation and cutoff analysis for Rad-score

LASSO was performed for 90 features showing ICC 20.8. After
radiomics feature selection using LASSO, two radiomics fea-
tures (firstorder _Mean and glcm_Maximum Probability) were
selected (Table 2) and the radiomics signature was computed
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Table 2. Comparison of Rad-Score According to the Presence of STAS

Dataset STAS negative STAS positive  pvalue
Train (n=211) -0.820+0.426 (n=139)  -0.445+0.489 (n=72) <0.001
Test (n=90) -0.746+0.346 (n=63)  -0.330+0.480 (n=27) <0.001
Internal validation  -0.668+0.335 (n=53)  -0.28640.350 (n=38) <0.001
(n=91)

Temporal validation -0.815+0.351 (n=121) -0.237£0.353 (n=37) <0.001
(n=158)

STAS, spread through air spaces.

as a Rad-score using the following formula:

Rad-score=firstorder_Meanx0.00214080251828777+glcm_
MaximumProbabilityx0.30988439802307

Rad-score was significantly higher in the STAS positive group
than in the STAS negative group in the training set (-0.445+
0.489 vs. -0.820+0.426, p<0.001) (Table 2), test set, and internal
and temporal validation sets (p<0.05). Results of cutoff analysis
of Rad-score are presented in Supplementary Table 5 (only on-
line). The Rad-score of lepidic predominant histologic subtype
tumors was significantly lower than that of acinar/papillary or
solid/micropapillary subtype tumors (-0.992+0.286 vs.
-0.562+0.426 vs. -0.406+0.500; p<0.05).

Diagnostic model for the presence of STAS

Model 1 (conventional model) was built based on three clini-
cal or conventional CT parameters (sex, lesion type, and solid
portion size on CT), which showed a significant difference
between the STAS-positive and STAS-negative groups in the
training set. Among the three established diagnostic models for
the presence of STAS, the performance of Model 3 (combined
model) was significantly better than that of Model 1 (conven-
tional model) in the training set {AUC: 0.784 [95% confidence
interval (CI): 0.722-0.846] for Model 1 vs. AUC: 0.815 (95% CI:
0.759-0.872) for Model 3; p<0.05} (Table 3 and Fig. 3). In the test
and internal validation sets, Model 3 (combined model) showed
a higher AUC compared to Model 1, albeit with no statistical sig-
nificance. In the temporal validation sets, Model 3 showed sig-
nificantly higher AUC compared to Model 1 [AUC: 0.834 (95%
CI: 0.755-0.912) for Model 3, p=0.001]. The AUC of the diagnos-
tic models in each dataset remained similar after applying the
combat method (Supplementary Table 6, only online).

Calibration and radiomics quality score

All models showed good calibration except for Models 1 and 2
in the temporal validation set [Supplementary Fig. 1 (only on-
line) and Supplementary Table 7 (only online)]. The radiomics
quality score of this study was 47.2% (17 of 36).

Outcome prediction of Rad-score
The median follow-up duration was 1679 days (interquartile
range: 1452.8-1822 days). Among the 319 patients in the out-
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(p<0.001) (Fig. 4) with 5-year recurrence free survival of 97.3%
for the high Rad-score group and 86.4% for in the low Rad-score

group.

come cohort, 26 (8.2%) experienced postoperative recurrence of
lung cancer [13.2% (22 of 167) in the high Rad-score group and
2.6% (4 of 152) in the low Rad-score group], and the high Rad-
score group was associated with worse recurrence-free survival

Table 3. Diagnostic Performance of Clinical and Radiomics Models for the Presence of STAS

'1';1'::;:‘ Name of Train Test Internal Temporal
selected features (n=211) (n=90) validation (n=91) validation (n=158)
features
Model 1: Conventional model 3 Lesion type on CT, solid 0.784(0.722,0.846) 0.814(0.72,0.907) 0.854(0.776,0.932) 0.742(0.629, 0.855)

(clinical parameter+ portion size on CT, male sex
CT variables)
Model 2: Radiomics model p  EOEhER O 0.731(0.657,0.806) 0.7 (0.651,0.888) 0.792(0.697,0.888) 0.869 (0.804, 0.933)*
MaximumProbability
Model 3: Combined model 5 Lesion type on CT, solid 0.815(0.759, 0.872)* 0.859 (0.779,0.939) 0.878(0.808,0.949) 0.834(0.755,0.912)*

portion size on CT, male sex,
firstorder_Mean, glcm_
MaximumProbability

STAS, spread through air spaces; CT, computed tomography; AUC, area under the curve.

*Statistical significance for comparison with the AUC of Model 1.
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Fig. 3. ROC curves of prediction models (Model 1, conventional model; Model 2, radiomics model; Model 3, combined model) for the presence of STAS
in the (A) training set, (B) test set, (C) internal validation set, and (D) temporal validation set. ROC, receiver operating characteristic; STAS, spread

through air spaces; AUC, area under the curve.
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Fig. 4. Kaplan—Meier curve demonstrating the recurrence-free survival of the high and low Rad-score groups in the outcome cohort.

DISCUSSION

Our study demonstrated that the quantitative CT radiomics
model can assist in the non-invasive preoperative prediction of
the presence of STAS in the early stage of lung adenocarcino-
mas. The prediction model constructed with a combination of
the Rad-score and conventional variables showed higher diag-
nostic performance for the presence of STAS than the conven-
tional model in the multiple validation datasets.

According to previous studies regarding the conventional im-
aging features of STAS-positive non-small cell lung cancers, a
larger tumor size and a high percentage of solid components
on CT scans were associated with STAS-positivity,’*'® which
can be explained by the correlation with the histologic subtype.
In surgically resected lung adenocarcinomas, tumors with STAS
tended to be of more invasive histologic subtypes with a worse
prognosis (e.g., solid or micropapillary predominance), while
there were fewer tumors of the lepidic histologic subtype than
those without STAS. Given that GGO in subsolid nodules is be-
lieved to correlate with the lepidic component of lung adeno-
carcinomas, lung adenocarcinomas with preinvasive or lepid-
ic-predominant subtypes are mostly present as pure GGNs or
PSNs on CT, whereas lung adenocarcinomas of micropapil-
lary or solid-predominant subtypes are present as pure solid
nodules.

In our study, the combined model (constructed with conven-

170

tional variables and radiomics features) showed a higher AUC
compared to the conventional model, indicating the added
value of the radiomics model. Two selected radiomics features
in our study are thought to have contributed to the model per-
formance since STAS-positive lung adenocarcinomas have
poor prognoses and are associated with aggressive tumor be-
havior,® which may implicate intratumoral heterogeneity or a
poor peritumoral microenvironment. Although conventional
CT parameters, such as lesion type and solid portion size, may
also implicate those lesion characteristics, radiomics may pro-
vide the further information about the lesion heterogeneity. In-
deed, the Rad-score for STAS prediction was significantly differ-
ent between histologic subtypes in our study, in that the high-
risk subtypes (solid or micropapillary) showed higher Rad-scores
compared to other subtypes, which supports the association
between the presence of STAS and histologic subtypes. Addi-
tionally, our Rad-score was not directly correlated with other
pathologic or biologic variables, but its association with recur-
rence-free survival highlights the clinical implication of ra-
diomics in the early stage of surgically resected lung adenocar-
cinomas.

Previous studies have investigated the value of radiomics
features for STAS prediction, mostly in patients with early stage
surgically resected lung adenocarcinoma.?*****® Most previ-
ous studies constructed radiomics models using radiomics
features, with the number of selected features ranging from 2 to
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12, and reported the performance of the model using the AUC,
which ranged from 0.63 to 0.99. Although all previous studies
concluded that radiomics features were useful for the preoper-
ative prediction of STAS, the actual added value of radiomics
to the conventional prediction model and the association with
survival were rarely investigated.?®** Moreover, most studies
validated their radiomics models using internal validation da-
tasets (cross-validation, or random split sample); therefore,
external validation using datasets from other institutions were
rarely performed.?*%

The strength of our study over previous studies lies mainly in
the validation of the model using multiple datasets and pursu-
ing the quality of science along with the radiomics quality
score. The radiomics model for the prediction of STAS, which
was developed using the dataset from one institution, showed
added value to the conventional model in test and validation
datasets from the same institution. Validation sets consisted of
the internal validation dataset of heterogenous CT protocols
that were acquired at the outside hospitals and the temporal
validation dataset of different time periods. These results sug-
gest that our radiomics model has internal validity and tempo-
ral generalizability, but does not reach geographic or domain
generalizability.*

The performance of the radiomics model could be affected by
the heterogeneity in CT parameters (e.g. contrast administra-
tion or reconstruction kernels) or variability within the popula-
tion (e.g,, differences in the proportion of STAS-positive tumors
or CT lesion type) among datasets.*® CT scanning parameters
may affect the stability and reproducibility of radiomics fea-
tures. However, we assumed that the effect of CT parameters
was not critical to our results since our internal validation set,
which consisted of heterogenous CT scans acquired with vari-
ous CT scanners and protocols, showed a higher AUC for the
combined model compared to the clinical model (0.878 vs.
0.854) for preoperative STAS prediction. This result is in line
with that of a previous study which reported the performance
of a radiomics model from a dataset showing heterogeneity
with respect to CT manufacturer, machine type, or protocol.**
Additionally, the AUCs of models were not significantly differ-
ent when applying the combat method to compensate the ef-
fect of the contrast administration.

This study has several limitations that warrant discussion.
First, since it was a retrospective study, an inherent selection
bias is to be expected. Second, we performed semi-automatic
segmentation of tumor, which can show variable results ac-
cording to the reader. Especially, excluding the internal vessel
or bronchiole can be difficult in cases of pure GGNs or PSN, and
these can result in interobserver variability of the segmentation
results, despite most of the radiomics features in our study
showing good-to-excellent interobserver agreement. Third,
since we validated the performance of conventional and com-
bined models in the internal datasets that were acquired from
multiple institutions and temporal datasets, the validation in

https://doi.org/10.3349/ym].2023.0368

YMJ

alarge number of external datasets would be needed to ensure
the generalizability of our results. Fourth, the sensitivity of de-
tection of STAS on pathology may vary among institutions as
the identification of STAS is often challenging due to the devel-
opment of ex-vivo artifacts that complicate interpretation.* Fi-
nally, applying the novel technique of image conversion of slice
thickness or reconstruction kernel may be helpful to overcome
the potential effect of CT protocols.®**

In conclusion, quantitative CT radiomics features can help to
predict the presence of STAS preoperatively in the early stage of
lung adenocarcinomas. A combined model composed of con-
ventional clinical and CT variables and CT radiomics features
may have added value for non-invasive assessment of the pres-
ence of STAS in conventional models.
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