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Background and Objective: Spread through air space (STAS) is a recognized mechanism of lung cancer
invasion and is associated with patient prognosis. However, current diagnostic accuracy of bronchial cytology
and intraoperative frozen section for STAS remains insufficient to meet clinical needs. Therefore, accurate
and non-invasive preoperative prediction of STAS is critical for clinical decision-making. In this paper, we
review and summarize recent studies on the role of computed tomography (CT) in predicting STAS in lung
cancer, and discuss the limitations and future directions of related research in this field.

Methods: Relevant studies were identified through searches on the Web of Science, PubMed, Cochrane
Library, and EMBASE. We included English-language articles published between July 2017 and June 2024,
focusing on research related to STAS and CT.

Key Content and Findings: This review aimed to assess the viability of preoperative CT imaging for
predicting STAS. Current studies suggest that traditional imaging signs enable the assessment of STAS,
and with the development of artificial intelligence, the efficacy of STAS prediction models has been greatly
enhanced by radiomics and deep learning methods. However, risk stratification studies remain limited and
require further refinement through more comprehensive pathological definitions of STAS.

Conclusions: Preoperative CT imaging images demonstrated good predictive efficacy of STAS. However,
further progress requires a more comprehensive definition of STAS and validation through large-sample,

prospective, and multi-center studies to enhance its clinical applicability.
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Introduction aggressiveness significantly impacts outcomes in lung

Lung cancer is the leading cause of cancer-related deaths cancer. Traditionally, lung cancer invasion is classified into

worldwide (1), with a generally poor prognosis (2). Tumor three patterns: (I) a non-lepidic histologic growth pattern,
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(IT) myofibroblastic proliferation with desmoplasia, and (IIT)
vascular or pleural invasion. In 2015, the World Health
Organization recognized “spread through air spaces” (STAS)
as a fourth type of invasion, which is defined by the presence
of micropapillary clusters, solid nests or single tumor cells
spreading into air spaces beyond the primary tumor (3).

While postoperative pathology remains the gold
standard for diagnosing STAS, it is not timely enough to
guide surgical decisions. The sensitivity of frozen section
analysis for detecting STAS is relatively low, with reported
rates ranging from 44% to 71% (4-6). Other diagnostic
methods, such as bronchial cytology (7) and intraoperative
frozen sections (8), also lack sufficient accuracy to meet
clinical needs. Therefore, developing accurate noninvasive
prediction methods using preoperative computed
tomography (CT) imaging is crucial for improving clinical
decision-making.

Local resection has become a major focus on the surgical
management of early-stage lung cancer. Lobectomy has
long been the standard treatment for early non-small cell
lung cancer (NSCLC). In recent years, advances in imaging
technology have led to an increase in the detection rate
of small peripheral tumors. Therefore, sublobar resection
is now performed more frequently not only for low-
risk patients but also for high-risk patients with clinical
stage JA NSCLC (9-12). A multi-center clinical trial,
JCOG0802/WJOG4607L, demonstrated that sublobar
resection provided better overall survival (OS) compared to
lobectomy in early-stage lung cancer (13).

However, sublobar resection requires a thorough
evaluation of the lesion and lymph node status. A study by
Kadota ez al. (14) found that patients with STAS(+) lung
adenocarcinoma who underwent sublobar resection had a
higher five-year cumulative recurrence (CIR) compared to
those who had a lobectomy. This is consistent with other
studies showing that STAS is an independent predictor
of recurrence and is associated with significantly lower
overall and disease-free survival (14-16). Given this
evidence, sublobar resection should generally be avoided in
patients with STAS(+) tumors (17-20). Therefore, accurate
preoperative prediction of STAS is crucial for selecting the
appropriate clinical treatment.

Currently, most reviews of STAS focus on clinical
prognosis and pathologic diagnosis, with limited attention
given to imaging studies. In this paper, we review and
summarize recent studies on using CT imaging to
predict STAS in lung cancer. We organize the existing
literature into three main areas: traditional imaging
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features, radiomics, and deep learning methods, providing
a comprehensive overview of the advancements in CT
imaging for STAS prediction in recent years. We present
this article in accordance with the Narrative Review
reporting checklist (available at https://tlcr.amegroups.com/
article/view/10.21037/tlcr-24-952/rc).

Methods

We conducted a literature search in Web of Science,
PubMed, Cochrane Library, and EMBASE, selecting
English-language articles published between July 2017 and
June 2024 that focused on research related to STAS and
CT. Search terms included “Spread Through Air Spaces”,
“STAS”, and their synonyms, combined with “CT” or
“Computed Tomography”. Where available, Medical
Subject Headings (MeSH) were applied. A total of 133
papers were initially retrieved, and 32 articles were selected
based on study design quality and relevance to a broader
medical audience (Tible 1).

The literature is divided into three sections based on
different approaches: traditional imaging features of STAS,
imaging radiomics models, and deep learning models. In
each part, the literature is concatenated according to the
research objects and findings.

Findings
Traditional imaging features of STAS

STAS is a pathologic concept that cannot be directly
visualized, even with high-resolution CT images. However,
certain CT features of lung cancer have been found to
correlate with the presence of STAS. In this part, the
relationship between quantitative (e.g., tumor size and solid
tumor components on CT) and qualitative (e.g., tumor and
peritumor imaging features) traditional imaging features
and STAS was explored, primarily through the use of
univariate and multivariate regression methods.

Tumor size

Several studies have demonstrated a relationship between
tumor size and STAS (21-23). For instance, Li et 4l. (22)
analyzed 578 patients with pathologically confirmed lung
adenocarcinoma from two centers, using univariate and
multivariate logistic regression. Their findings revealed
that both the maximum diameter and the maximum area of
the tumors (mm”) were significantly associated with STAS.
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Iltems Specification

Date of search May 2024 to June 2024
Databases and other sources searched
Search terms used

Timeframe

Inclusion and exclusion criteria

July 2017 and June 2024

Science, PubMed, Cochrane Library, and EMBASE

Spread through air spaces, STAS, CT, computed tomography

Inclusion criteria: English-language articles; randomized controlled trials, prospective or

retrospective cohort studies, case reports or series, case-control studies and translational

preclinical studies

Exclusion criteria: Non-English language articles; editorial comments, abstracts, conference
materials, guidelines, consensus statements, and study protocols

Selection process

Study selection and full-text articles were assessed by Q.J. and X.W.

CT, computed tomography; STAS, spread through air space.

Similarly, studies by Zhang et al. (21) and Qin et al. (23)
identified the tumor’s maximum diameter as an independent
predictor of STAS.

Additionally, most studies showed that a larger diameter
corresponded to a higher incidence of STAS. Toyokawa
et al. (24) found that STAS positivity was linked
to both larger pathological tumor size and greater
radiological tumor diameter. Some studies have offered
recommendations regarding tumor size. For example,
de Margerie-Mellon et al. (25) analyzed 40 STAS(+) and
40 STAS(-) sub-solid nodules, revealing a significant
difference between these groups at a threshold of 20 mm in
mean diameter. But no recommended threshold is given to
distinguish the two groups. Uruga ez 4/. (26) added to this
deficiency by proposing that tumor diameters of >10 mm
were significantly associated with STAS(+) in 208 cases of
small (<2 cm) stage I lung adenocarcinoma.

In a study by Dai et al. (27), it was concluded that STAS,
when combined with tumor size, could more accurately
predict patient prognosis. Specifically, in patients with
2-3 cm lung adenocarcinoma, STAS effectively stratified
prognosis, with stage IA patients exhibiting STAS having a

poorer outcome.

Solid tumor components on preoperative CT

Numerous studies have shown that both the size and
percentage of the solid component of a tumor are
significantly associated with the presence of STAS in
patients with lung adenocarcinoma. Zeng et al. (28)
conducted a retrospective study of 170 lung adenocarcinoma
patients from December 2017 to November 2018 and
found that only one STAS(+) patient presented with a pure

© AME Publishing Company.

ground-glass nodule. Multivariate logistic regression analysis
revealed a significant correlation between solid nodules and
STAS. This finding is supported by Gu et 4. (29), who also
reported a strong association between solid nodules and
STAS in lung adenocarcinoma patients. Follow-up studies
indicated that not only the nodule type (solid, part-solid,
pure ground-glass) but also the size of the solid component
had a significant correlation with STAS (21,22,25,30). In
addition, Chen ez /. (31), in a study of 434 patients with
pathologically confirmed stage IA lung adenocarcinoma
across two centers, confirmed that the percentage of the
solid component was an independent risk factor for STAS.

Some studies have proposed recommendations regarding
the threshold for the percentage of solid components.
Gong et al. (32) found that 95% (152/160) of patients with
STAS(+) had a consolidation tumor ratio (CTR) greater
than 0.5 in 537 lung cancer patients, a finding consistent
with the study of Ding er a/. (33). Yin et al. (34) observed
that solid nodules were more likely to be associated with
STAS, and a CTR greater than 50% was identified as a
significant independent predictor of STAS in diagnostic
lung adenocarcinomas. Koezuka et al. (35) retrospectively
analyzed 62 patients who underwent lobectomy for small
(£2 c¢m) lung adenocarcinomas and found that patients with
STAS(+) tumors or a CT value of >-140.6 HU had a poor
prognosis. The study concluded that incorporating STAS
with GGO ratios and CT values may improve the accuracy
of lung cancer recurrence prediction. However, the study’s
limited sample size calls for further validation with the
larger dataset.

Most studies mentioned above concluded that the size and
proportion of the solid component are significantly related
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to STAS, and some of them gave suggested thresholds,
but fewer studies have further analysed the efficacy of this
threshold for predicting STAS. Kim et a/. (36) analyzed 276
patients with lung adenocarcinoma and demonstrated that a
cutoff value of 90% for the percentage of solid components
could effectively discriminate STAS, achieving a sensitivity
of 89.2% and a specificity of 60.3%. Qi (37) found in 190
(47+) small-sized lung adenocarcinomas (<2 cm) that a
CTR at the 83% threshold provided a sensitivity of 91.5%
and specificity of 62.9% for distinguishing STAS, and the
performance of the prediction model based on CTR [area
under curve (AUC) =0.760] was superior to that of the
model based on tumor diameter (AUC =0.640). It can be
seen that using the percentage of solid components is able
to predict STAS with good sensitivity, but the specificity

needs to be improved.

Tumor and peritumor imaging features

In CT imaging, STAS is linked to the characteristics of
the nodule. Toyokawa et al. (38) performed univariate
and multivariate logistic regression of 327 cases of lung
adenocarcinoma [191 STAS(+)]. Their results indicated
that the presence of notching was independently associated
with STAS. Chen et a/. (31) identified lobulation as an
independent risk factor for STAS.

STAS is linked not only to CT features related to the
tumor itself but also to features of airways, blood vessels,
pleura, and surrounding lung parenchyma. Zhang et al. (21)
found that STAS was associated with cavitation, lobulation,
air bronchogram, and vascular convergence. A retrospective
study by Qi et al. (39) showed that among the conventional
radiological signs, the satellite sign was significantly
associated with STAS, achieving an AUC of 0.606.
Additionally, Kim et 4l. (36) identified associations between
STAS and radiological features such as central low attenuation,
ill-defined opacity, and air bronchogram. Li ez 4/. (22) included
578 patients with pathologically confirmed adenocarcinoma
of the lung from two centers. They evaluated 21 radiomics
features and found that eleven CT features, including
pleural thickening, pleural retraction, and vascular cluster,
were significantly correlated with STAS.

Qi er al. (37) retrospectively analyzed 190 (47+) cases of
small-sized lung adenocarcinomas (<2 cm) and identified
the ground glass ribbon as a newly discovered indicator with
the potential to predict STAS. They defined the ground
glass ribbon as a CT finding characterized by a band-shaped
ground glass opacity with a blurred edge extending from the
nodule into the adjacent lung, possibly linked to reduced
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distal alveolar airspaces caused by terminal bronchial
obstruction. The ground glass ribbon was confirmed as an
independent risk predictor in a study by Wang ez a/. (30).

In summary, several CT imaging features have been
found to correlate with STAS, with tumor size, solid
component, and lobulation consistently showing significant
associations across multiple studies. Other features, such as
air bronchogram, pleural thickening, and vascular clustering,
have also been linked to STAS in some studies. The most
recently identified indicator, the ground glass ribbon, has
been explored in two studies. However, as this feature was
newly introduced by Lin ez a/., further validation is required
to confirm its reliability as a diagnostic criterion (Zizble 2).

Imaging radiomics models

While recognition of tumor imaging features with the
naked eye can be subjective and limited by image resolution,
radiomics allows for the rapid extraction of internal
quantitative features, transforming them into vast amounts
of analyzable data (40). This capability provides much more
detailed information, contributing to the rapid worldwide
popularization of radiomics in medical imaging, including
in STAS studies of lung cancer.

Tumor

Several studies have demonstrated the efficacy of CT
imaging radiomics in predicting STAS. Chen et al. (41)
analyzed 233 lung adenocarcinoma lesions as regions of
interest (ROIs) for outline segmentation and extracted
radiomic features to build a prediction model, achieving an
AUC of 0.63. This result indicated that a CT-based radiomics
model could predict STAS. Similarly, Jiang et al. (42)
conducted a retrospective study involving 462 patients
who underwent lung adenocarcinoma surgery, extracting
12 radiomics features to develop a random forest model,
which yielded an AUC of 0.754. Gong et 4. (32) obtained
an AUC of 0.802. Bassi ez al. (43) prospectively validated a
radiologic-radiomics model, achieving an AUC of 0.79 in
the internal validation set, further supporting the potential
of radiomics-based models in predicting STAS. However,
these studies focused solely on the extraction and analysis of
intratumoral radiomic features, without utilizing peri-tumor
information.

Peritumor information
Since STAS is a pathological finding present at the tumor
margins, incorporating radiomics information from the
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Year Author Patient/STAS(+) Independent predictor
2017 Uruga (26) Stage | lung adenocarcinomas (208/99)  Tumor size (=10 mm)
2018 Kim (36) Lung adenocarcinomas (276/92) Solid component
2018 De Margerie-Mellon (25) Lung adenocarcinomas (80/40) Tumor size, solid component
2018 Toyokawa (38) Lung adenocarcinomas (327/191) Solid component, CT features (the presence of notch)
2020 Zhang (21) Stage IA lung adenocarcinoma (762/83)  Tumor size, solid component, CT features (air bronchogram)
2020 Zeng (28) Lung adenocarcinomas (340/170) Solid component
2020 Li (22) Lung adenocarcinomas (578/118) Tumor size, solid component, CT features (pleural thickening,
pleural retraction, mediastinal lymph node enlargement,
vascular cluster feature, and lobulation, specula)
2021 Qi (37) Small-sized lung adenocarcinoma Solid component, CT features (the ground glass ribbon)
(=2 cm, 190/47)
2022 Chen (31) Stage IA lung adenocarcinoma (434/53)  Solid component, CT features (lobulation)
2023 Wang (30) Stage IA non-small cell lung cancer Solid component, CT features (distal ribbon feature)
(405/118)
2022 Qin (23) Stage IA non-small cell lung cancer Solid component, CT features (vacuole, spiculation)

(503/247)

CT, computed tomography; STAS, spread through air space.

peritumoral area in preoperative CT images may enhance
the accuracy of STAS prediction. Kadota ez a/. (14) showed
that the median distance of STAS from the tumor margin
was 1.5 mm, and covering 5 mm beyond the tumor captured
approximately 90% of cases with STAS. The maximum
distance observed between STAS and the tumor margin was
1.35 cm (27).

Peritumoral features are closely associated with STAS.
Liao et al. (44) constructed a radiomics model based on
features extracted from the tumor and the surrounding
peritumoral regions (5, 10, 15, and 20 mm) in 256 patients
with stage I lung adenocarcinoma. The model performed
best with features from the 15 mm peritumoral region (AUC
=0.845). Combining the radiomics features of the tumor
and peritumor models, the resulting fusion model achieved
the highest AUC across all cohorts (AUC =0.854).

In developing the peritumoral STAS prediction
model, the methods used for tumor segmentation and the
expansion of the peritumoral region can significantly impact
the model’s performance. Zhuo er al. (45) constructed
prediction models by extending the segmentation of lung
nodules by 5, 10 and 15 mm. While this approach achieved
high prediction efficacy, the calibration curve showed a poor
fit. In this study, the radiomics model was developed by

© AME Publishing Company.

expanding 5, 10 and 15 mm from the tumor surface using
point localization and regional growth methods. However,
for tumors near the chest wall and mediastinum, this
method was unable to avoid areas other than lung tissue. Qi
et al. (39) addressed this by designing a program to capture
the peritumor region while excluding extrapulmonary areas.
Radiomics features were extracted from the tumor and
its surrounding margins at distances of 2, 4, 6, 8, 10, and
20 mm. The tumor-peritumor fusion model yielded good
performance (AUC 0.907, 0.897).

The STAS prediction model based on imaging radiomics
can also help assess patient prognosis and select appropriate
candidates for sublobectomy. Takehana et al. (46) defined
ROIs by extending 5 mm inward and 5 mm outward from
the tumor surface to construct a STAS radiomics prediction
model, achieving an AUC of 0.76. Based on the model’s
predictions, patients were categorized into a high-risk and
low-risk group of STAS. In the sublobectomy group, the
risk of recurrence was significantly higher in the STAS
high-risk group than in the STAS low-risk group. In
contrast, in the lobectomy group, there was no significant
difference in the risk of recurrence between the two groups.
This finding is further supported by Onozato et al. (47).
For patients undergoing sublobectomy, the STAS high-risk
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Figure 1 Various ROI ranges in different radiomics models. (A) Image of the original lung nodule, (B) tumor area, (C) tumor area and

peritumoral area, (D) partial tumor area and peritumoral area. ROI, region of interest.

group showed a higher incidence of CIR and poorer OS.
Most of the prediction models mentioned above rely
on CT imaging features. However, it has been reported
that clinical factors, such as age and gender, are also
significant predictors of STAS. Liao et /. demonstrated
that a combined model incorporating age and CEA status
outperformed the tumor-peritumoral image model, achieving
an AUC of 0.871 compared to 0.854 (44). Similarly, Han et .
found that a combined model including age, gender, and
smoking history was more effective than a radiomics-only
model (48). Additionally, many studies have demonstrated
that combining radiomics features with clinical data can
result in more accurate STAS prediction models (44,48-50).
In conclusion, radiomics models have proven effective in
predicting STAS, and integrating peritumoral and clinical
information further enhances the predictive accuracy of
the model. However, several key considerations should be
noted when constructing the peritumoral radiomics model.

© AME Publishing Company.

First, when expanding the tumor margin outward using
algorithms, it is crucial to exclude normal tissue structures
such as the pleura and mediastinal soft tissues. This can be
accomplished through additional programming or manual
judging to remove those not meeting the criteria. Second,
the construction of a fusion model combining tumor and
peritumor is currently implemented in several ways, which
can be achieved by fusing ROI regions. On the other hand,
some studies construct a prediction model by extracting
tumor features and peritumoral characteristics separately
and integrating the radiomics features of the two. There is
no consensus yet on which method yields the best results.
Third, there is no universal threshold for defining the
optimal range of tumor-peritumor ROIL. For example, as
shown in Figure 1, most studies on tumor-peritumor fusion
models have taken the entire tumor extent and its outward
extension. However, Takehana et 4/. (46) used a narrower
range, extending 5 mm inward. Despite the differences, all the
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Table 3 Radiomics models for predicting STAS
Year Author Patient/STAS(+) Method ROI AUC
2020 Zhuo (45) Lung adenocarcinoma (212/107) Radiomics + clinical signatures  Tumor, peritumor-5, 10, 15, 0.99
20 mm
2020 Jiang (42) Lung adenocarcinoma (462/90) Radiomics + clinical signatures  Tumor area 0.754
2020 Chen (41) Stage | lung adenocarcinoma (233/69) Radiomics Tumor area 0.63
2021 Onozato (47) Non-small cell lung cancer (<2 cm, Radiomics Tumor area 0.77
226/35)
2021 Qi (39) Lung adenocarcinoma (216/56) Tumor + peritumoral radiomics ~ Tumor, peritumor-5, 10, 15, 0.907
signature 20 mm
2022 Takehana (46) Lung adenocarcinoma (339/95) Tumor + peritumoral radiomics 5 mm inward and 5 mm 0.76
signature outward from the tumor surface
2022 Bassi (43) Retrospective lung adenocarcinoma Radiomics + radiological Tumor area 0.79
(99/65), prospective study (50/33) signature
2022 Liao (44) Stage | lung adenocarcinoma (256/85) Tumor + peritumoral radiomics ~ Tumor, peritumor-5, 10, 15, 0.869
signature + clinical signatures 20 mm
2023 Gong (32) Lung cancer (537/205) Radiomics Tumor area 0.802
2024 Suh (50) Early stage lung adenocarcinoma Radiomics + clinical signatures  Tumor area 0.815

(550/174)

AUC, area under curve; ROI, regions of interest; STAS, spread through air space.

above studies have achieved strong predictive efficacy (Zable 3).

Deep learning models

Deep learning methods have been widely used in the
medical field due to their ability to handle complex tasks,
and they have shown excellent efficacy in predicting STAS.
Tao er al. (51) analyzed 203 patients with non-small cell
lung cancer and compared the predictive performance of
a clinicopathological/CT model, a conventional radiomics
model, a computer vision model, and a three-dimensional
(3D) convolutional neural network (CNN) model. Their
results indicated that the 3D-CNN model had the best
predictive efficacy. Besides, Lin et a/. (52) demonstrated
that prediction models using the deep learning method
outperformed others, achieving the best performance with
an AUC of 0.82.

Deep learning can also be applied flexibly for feature
extraction. Jin et al. (53) extracted traditional radiomics
features, deep learning features, delta-radiomics, and delta-
DL features, respectively, and combined these to develop
a prediction model named the double delta model. This
model demonstrated satisfactory predictive performance

for STAS (AUC, 0.94) and showed reliable performance
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in a multi-center cohort validation. This study used deep
learning based on image registration and subtraction,
demonstrating that combining radiomics-based quantitative
analysis with CNN-based machine vision effectively
improves model performance. These advancements
offer promising methods for future clinical applications,
including patient follow-up.

Wang et al. (54) illustrated that the integrating deep
learning method with an attention mechanism could further
enhance the prediction efficacy of STAS models. In a study
of 602 lung adenocarcinoma patients, the use of deep
learning combined with the attention mechanism yielded
substantial improvements in performance (AUC =0.933)
compared to the conventional deep learning model (AUC
-0.728).

Limitations and direction of development

The above studies have shown that CT-based STAS
prediction models can achieve good performance and
effectively assist in clinical surgical decision-making and
patient prognosis. To promote CT-based STAS prediction,
it is crucial to refine and standardize the definition and
grading criteria of STAS. The detection of tumor cells in
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areas beyond the tumor margins through postoperative
pathology remains the gold standard for diagnosing STAS.
However, there is no consensus on the minimum number
of tumor cells (or clusters) required or the necessary
distance from the main tumor border (15,55,56). Uruga
and Toyokawa classified STAS into three categories: no
STAS, low STAS (14 single cells or clusters of STAS), and
high STAS (=5 single cells or clusters of STAS) using a 20x
objective and a 10x ocular lens (24,26). Although STAS
has long been recognized as a crucial concept in thoracic
pathology with established clinical relevance, its definition
and grading criteria remain insufficiently precise, which
may contribute to misunderstandings and inconsistencies in
interpretation.

Besides, different tumors may show different tumor
and peritumor features, and the imaging features
included in different studies can also vary. Despite this,
some common features, such as CTR and lobulation,
have shown their value in several studies and have been
preliminarily validated. Further research is needed to
confirm these findings and broaden the evidence base. In
addition, although deep learning technology has shown
great potential in medical applications, the number of
studies applying it to STAS prediction model development
remains limited. Further research could lead to more robust
predictive models and improved clinical outcomes.

Conclusions

The STAS prediction models based on preoperative CT
imaging have demonstrated good efficacy using traditional
imaging, radiomics models, and deep learning models.
These findings support more informed clinical decisions
regarding surgical interventions, promoting the clinical
integration of precision medicine. However, a more precise
definition of STAS and further validation through large-
sample, prospective, and multi-center studies are necessary

for the future.
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