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Abstract 

This study utilized artificial intelligence (AI) to distinguish solid nodules from grand-grass nodules in in 246 

patients with lung adenocarcinoma ≤2 cm in size. The classification of solid/non-solid nodules by AI was well 
correlated with pathological findings, demonstrating malignant potential in AI-identified solid nodules. This 

approach enhances the accuracy of preoperative diagnosis and improves treatment strategies. 
Objectives: Distinguishing solid nodules from nodules with ground-glass lesions in lung cancer is a critical diagnostic 
challenge, especially for tumors ≤2 cm. Human assessment of these nodules is associated with high inter-observer 
variability, which is why an objective and reliable diagnostic tool is necessary. This study focuses on artificial intelli- 
gence (AI) to automatically analyze such tumors and to develop prospective AI systems that can independently differ- 
entiate highly malignant nodules. Materials and methods: Our retrospective study analyzed 246 patients who were 

diagnosed with negative clinical lymph node metastases (cN0) using positron emission tomography-computed tomog- 
raphy (PET/CT) imaging and underwent surgical resection for lung adenocarcinoma. AI detected tumor sizes ≤2 cm in 

these patients. By utilizing AI to classify these nodules as solid (AI_solid) or non-solid (non-AI_solid) based on confi- 
dence scores, we aim to correlate AI determinations with pathological findings, thereby advancing the precision of 
preoperative assessments. Results: Solid nodules identified by AI with a confidence score ≥0.87 showed significantly 
higher solid component volumes and proportions in patients with AI_solid than in those with non-AI_solid, with no differ- 
ences in overall diameter or total volume of the tumors. Among patients with AI_solid, 16% demonstrated lymph node 

metastasis, and a significant 94% harbored invasive adenocarcinoma. Additionally, 44% were upstaging postoperatively. 
These AI_solid nodules represented high-grade malignancies. Conclusion: In small-sized lung cancer diagnosed as 
cN0, AI automatically identifies tumors as solid nodules ≤2 cm and evaluates their malignancy preoperatively. The AI 
classification can inform lymph node assessment necessity in sublobar resections, reflecting metastatic potential. 
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Introduction 

Lung cancer remains one of the most challenging malignancies
to treat and is the leading cause of cancer-related deaths world-
wide .1 From a pathologic perspective, despite poor prognosis, devel-
opments in lung cancer research have led to the detailed classi-
fication of lung cancers. 2 , 3 It has facilitated the development of
minimally invasive surgical techniques such as segmentectomy 4-6

and improvements in perioperative therapy. 7 , 8 These advances have
significantly improved the management and outcome of patients
with lung cancer, highlighting the importance of early, and accurate
diagnosis to optimize treatment strategies. 

Evidence is accumulating to support the efficacy of sublobar
resection in small-sized lung cancers, particularly tumors ≤2 cm
in diameter. 4 , 5 This surgical approach is gaining attention due to
its potential advantages in preserving lung function and improv-
ing postoperative quality of life. However, the selection criteria for
sublobar resection often require the absence of lymph node metas-
tases, which can be determined preoperatively or intraoperatively.
This poses a significant challenge because there are limitations to
lymph nodes that can be resected in segmentectomy and may affect
the comprehensive assessment of lymph node metastases. 

Preoperative radiological imaging plays a crucial role in evaluating
small-sized lung cancer. Additionally, ground-glass nodules (GGNs)
are associated with a favorable prognosis, while solid nodules are
reported to have poor prognoses with higher malignancies and
more frequent lymph node metastases. 9-15 However, distinguishing
between GGN and substantial nodules and assessing the presence
of GGN often relies on subjective interpretation and can vary
significantly from individual physician to physician. This variability
emphasizes the necessity for more objective and reliable diagnostic
tools to improve preoperative assessment and lead to surgical strate-
gies. 

AI analysis offers a promising solution to these challenges. We
have integrated AI into the preoperative radiological imaging process
for lung cancer, allowing automated 3D analysis of nodules and
GGNs and reporting their relationship to prognosis. 16-18 We aimed
to objectively assess the correlation between tumor pathology and
clinical outcomes by automatically measuring tumor sizes and
categorizing nodules as solids or those containing a GGN compo-
nent. The purpose of this study is to investigate the potential of
AI to improve the accuracy of preoperative radiologically diagnos-
tic imaging in predicting pathological malignancy and lymph node
metastasis in small-sized non-small cell lung cancer (NSCLC),
thereby contributing to more informed decision-making in the
treatment of this challenging disease. 

Material and Methods 

Study Population 

This study retrospectively examined 246 patients who under-
went pulmonary resection for small-sized lung adenocarcinoma,
defined as ≤ 2 cm, at Tokyo Medical University Hospital from
2017 to 2021. Tumor diameters were assessed using AI Software
Beta Version in Synapse Vincent system (Fujifilm, Tokyo, Japan),
an advanced imaging analysis system that utilizes AI for accurate
measurement. This system provided an objective and standardized
approach to determining tumor size eligibility for the study. Patients
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who received preoperative chemotherapy or radiotherapy, or both,
as well as those with low-grade malignancies, were excluded. The
preoperative stage was determined by high-resolution computed
tomography (HRCT), 18 F-fluorodeoxyglucose (FDG) PET/CT, or
endobronchial ultrasound-guided transbronchial needle aspiration
(EBUS-TBNA) followed by histological analysis. For clinical node
assessment, no lymph node metastasis was defined as enlarged
lymph nodes of < 10 mm in the short axis on CT images or negative
FDG uptake by the lymph nodes on PET/CT images. Invasive
examinations for mediastinal lymph node staging, such as EBUS-
TBNA, were preoperatively conducted when the clinical node crite-
ria indicated radiologically positive metastasis, allowing for the
implementation of EBUS-TBNA. Clinical staging was performed
based on TNM classification (8th edition). 19 , 20 The Institutional
Review Board of our hospital approved the protocol for data collec-
tion and analyses, and the need to obtain written informed consent
from each patient was waived (study approval no.: SH3951). 

Artificial Intelligence Analysis with Synapse Vincent 
In our previous work, we have reported AI analysis of pulmonary

nodules using Synapse Vincent. 16 , 17 This segmentation algorithm is
based on a 3D convolutional neural network using a modified U-net
architecture. This network consisted of 17 convolutional layers. The
latest version of the development software has enhanced capabili-
ties, automating the detection and extraction of pulmonary nodules
across the entire lung field. With the activation of the computer-
aided detection (CAD) system, it can identify and calculate the
volumes of GGNs and solid lesions, along with their respective
proportions. The system automatically calculates 17 3D radiolog-
ical parameters, including the maximum diameter of the tumor, the
solid component, and the CT values. 

Additionally, this AI software beta version in the Synapse Vincent
system facilitates the characterization of pulmonary nodules by
assessing 22 imaging features, quantifying each with a confidence
score ranging from 0 to 1. A screenshot of this analytic process is
provided ( Figure 1 ). The 22 imaging features were based on the
labeling of 5118 tumors. The datasets of the development process
were divided into training, validation, and test sets. The trained
model yielded a mean area under the curve (AUC) score of 0.93
for all features in the test dataset. 21 , 22 This AI lung nodule analysis
model uses a convolutional neural network based on VGG-16 and
consists of 12 convolution layers, with 4 layers removed from the
output side of the VGG-16. To extract 3D imaging features, 3D
convolution was used for all convolution layers. 

In this study, three of the 22 factors were focused on: solid
nodules, partially solid GGN, and GGN. The confidence scores for
these three factors indicated the plausibility of the AI’s judgments,
resulting in a total score of 1. The AI analyzed these three factors
using the same method as the remaining 19 factors. However, the
scoring relationship among these 3 factors appeared unique as it
assessed the characteristics of the nodules. 

Radiological Evaluation 

HRCT images of the whole lung were acquired using the previ-
ous settings described in .23 Briefly, HRCT images with a 1.25-mm
thickness were obtained of the entire lung. The size of the whole
ealth and Social Security de ClinicalKey.es por Elsevier en julio 17, 2024. 
ón. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.
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Figure 1 Screenshot of AI analysis and a representative “AI_solid” pulmonary nodule case. The screenshot shows the 
evaluation of a pulmonary nodule by AI, detailing the calculation of 22 imaging features and 17 three-dimensional 
radiological parameters. AI assigned a confidence score of 1.000 to a solid nodule, which was classified as “AI_solid”. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

tumor and solid tumor were preoperatively measured from the
HRCT images. The solid tumor size was defined as the maximum
dimension of the solid component of the lung window, excluding
GGNs. The CTR (%) was defined as the maximum dimension of
consolidation in the lung window setting divided by the maximum
dimension of the tumor in the lung window setting. The diame-
ter of each tumor was meticulously measured by a team of several
attending thoracic surgeons, including a board-certified physician,
to ensure the accuracy and reliability of the data. These measure-
ments were approved at a multidisciplinary team conference involv-
ing radiologists, thoracic surgeons, and oncologists. 

Pathological Evaluation 

All resected specimens were formalin-fixed and stained with
hematoxylin and eosin using routine procedures. Two experienced
pathologists, Jun Matsubayashi and Toshitaka Nagao, reviewed the
surgical specimens. TNM classification was performed according to
the Union for International Cancer Control and the American Joint
Committee on Cancer staging system (8th edition) .20 Histopatho-
logical analyses were performed according to the World Health
Organization criteria (5th edition) .24 For detailed analyses of visceral
pleural invasion (VPI), blood vessel invasion (BVI), and lymphatic
permeation. 23 , 25 Elastica van Gieson (EVG) and D2-40 staining
were routinely used to evaluate histological structures and tumor
invasion. VPI was defined as tumor invasion beyond the elastic
layer of the pleura. BVI and lymphatic permeation were deter-
Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of H
Para uso personal exclusivamente. No se permiten otros usos sin autorizac
mined by identifying conspicuous clusters of intravascular cancer
cells surrounded by blood and lymphatic vessels. 

Statistical Analysis 
Continuous variables between two categories were analyzed

using the Mann–Whitney U-test when normality tests indicated a
non-normal distribution for the variables. Univariable analysis for
survival was performed among the different groups. In the multi-
variable analysis, the backward stepwise procedure was performed
for pre-operative variables such as radiological factors or carcinoem-
bryonic antigen (CEA), using the Cox proportional hazards model
to control for bias due to confounding. An adjusted significance
level of 0.05 was used to exclude a variable from the model. The
likelihood ratio test was performed to analyze interactions based
on the variables selected in the final model. All variables, includ-
ing radiological parameters, CEA, and pathological parameters, were
available, although missing data were excluded from the analysis. 

Subgroup analysis was performed because histological differences
might affect radiological profiles. Bonferroni P -value adjustment
was used to control for multiple comparisons. A P -value of < .025
indicates a statistically significant difference between groups in each
analysis. Furthermore, the study was exploratory, and there was no
prior planning to adjust for multiple comparisons; the P -values are
interpreted as descriptive rather than confirmatory. All statistical
calculations were performed using SPSS statistical software (version
27.0; SPSS, Inc., Armonk, NY, USA). Graphs were generated using
Clinical Lung Cancer July 2024 433
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Table 1 Patient characteristics (n = 246) 

Variable Cases (%) 
Sex (Men/women) 108 (43.9) / 138 (56.1) 
Median age (IQR) 66 (56-73) years 
Smoking habits (Ever/never) 140 (56.9) / 106 (43.0) 
Median maximum tumor diameter on imaging (IQR) 1.4 (1.2-1.6) cm 

Median maximum solid component diameter on imaging (IQR) 1.0 (0.5-1.3) cm 

Median CTR (IQR) 0.68 (0.37-1.00) 
Type of surgical procedure (Lobectomy/Sublobar) 174 (70.7) / 72 (29.2) 
Median pathological tumor diameter (IQR) 1.5 (1.2-1.8) cm 

Median pathological invasion diameter (IQR) 0.8 (0.1-1.5) cm 

Lymph node involvement (pN0/pN1/pN2) 229 (93.1) / 10 (4.1) / 7 (2.8) 
Pathological factors (ly/v/pl/pm) 46(18.6) / 31(12.6) / 20(8.1) / 6(2.4) 
Predominant subtypes (AIS, MIA/invasive adenocarcinoma) 103(41.8) / 143 (58.2) 
Pathological stage (0 / IA1-2 / IA3-III) 19(7.7) / 183(74.4) / 44(17.9) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2 3D-Radiological parameters analyzed by AI 
software 

Variable Median IQR 

Whole tumor volume (mm3 ) 1198.7 760.7-1710.9 
GGN volume (mm3 ) 596.3 216.2-1178.3 
Solid component volume (mm3 ) 362.4 94.8-784.2 
Solid component volume ratio (%) 35.5 8.1-76.1 
Maximum whole tumor size (mm) 15.3 12.9-17.4 
Confidence score of “solid nodule” 0.0069 0.0007-0.9989 
Confidence score of “part-solid nodule” 0.0509 0.0002-0.9492 
Confidence score of “GGN” 0.0045 2.675e-05-0.5753 
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GraphPad Prism (version 9.1.0.; GraphPad Software, San Diego,
CA, USA) and SPSS statistical software. 

Result 
Patient Characteristics 

In this study, we investigated the behavior of 246 patients who
underwent surgical resection for small-sized lung adenocarcinomas.
Table 1 outlines the demographics and clinical features of the patient
population. The majority of patients were female (56.1%), with a
median age of 66 years (interquartile Range [IQR]: 56–73 years).
Smoking was prevalent in 56.9% of cases. The median maximum
tumor diameter on imaging was 1.4 cm (IQR: 1.2–1.6 cm), and the
median diameter of the solid component within these tumors was
1.0 cm (IQR: 0.5–1.3 cm). The median consolidation tumor ratio
(CTR) was 0.68 (IQR: 0.37–1.00). Surgical procedures predomi-
nantly consisted of lobectomies (70.7%), with the remainder being
sublobar resections (29.2%). 

Pathological evaluation revealed a median tumor diameter of 1.5
cm (IQR: 1.2–1.8 cm) and a median invasion diameter of 0.8 cm
(IQR: 0.1–1.5 cm). Lymph node involvement was categorized as
pN0 in 93.1% of cases, pN1 in 4.1%, and pN2 in 2.8%. Patho-
logical factors such as lymphatic invasion (ly), vascular invasion (v),
pleural invasion (pl), and pleural metastasis (pm) were present in
18.6%, 12.6%, 8.1%, and 2.4% of cases, respectively. The predom-
inant histologic subtypes were AIS and MIA in 7.7% of cases, with
invasive adenocarcinoma being the most common (74.4%). The
pathological stage distribution was 41.8% at stage 0 and 58.2% at
stages IA1-III. 

Radiological Factors Analyzed by AI Software in All 
Patients 

The results of the analysis of radiological factors by AI software
are shown in Table 2 . The median whole tumor volume was
reported at 1198.7 mm ³. The median volumes for GGN and the
solid component of tumors were displayed at 596.3 and 362.4 mm ³,
respectively. The solid component’s ratio to the whole tumor was
35.5%. The median maximum diameter of the entire tumor was
15.3 mm. The AI software assigned confidence scores for “solid
Clinical Lung Cancer July 2024
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nodules” at a median of 0.0069 (IQR: 0.0007–0.9989), “part-solid
nodules” at 0.0509 (IQR: 0.0002–0.9492), and “GGN” at 0.0045
(IQR: 2.675e-05–0.5753). 

Optimal Threshold Determination for Solid Nodule 
Classification with K-means Clustering 

Figure 2 A shows the 3D scatterplot with each dot representing a
pulmonary nodule. Each nodule has a confidence score calculated by
the AI for the likelihood of solid nodules (AI_solid nodules), part-
solid nodules (AI_part-solid nodules), and ground-glass nodules
(AI_GGNs). The position of each dot on the plot corresponds to the
AI’s confidence score for each nodule type, with an axis from 0 (no
confidence) to 1 (complete confidence). We utilized the K-means
clustering algorithm to process the nodule data, grouping them
based on the AI’s confidence scores. The clustering effectively sorted
the nodules into six distinct categories. This statistical approach
allowed us to divide the nodules into distinct groups and determine
the exact threshold for classification. Two groups were associated
with solid nodules, partially solid GGN, and GGN, respectively.
For instance, one group within the solid nodule category exhibited
features of a partially solid GGN, and the other group was more
distinctly characterized by the attributes typical of solid nodules.
The confidence score threshold of 0.87 was determined for the latter
group, predominantly characterized by solid nodules. Using cluster
ealth and Social Security de ClinicalKey.es por Elsevier en julio 17, 2024. 
ón. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.
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Figure 2 3D scatter plot of AI confidence scores for classifying pulmonary nodules and a representative “Non-AI_solid”
pulmonary nodule case. (A) This 3D scatter plot illustrates AI confidence scores for classifying pulmonary nodules as 
solid (AI_solid), part-solid (AI_part-solid), or ground-glass (AI_GGN). Dots are grouped into 6 categories, each 
encircled by a dashed line, with the “AI_solid” category requiring a confidence score of 0.87 or above. (B) The 
screenshot demonstrated that AI assigned a confidence score of 0.406 to a solid nodule, which was classified as 
“Non-AI_solid”. 
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Figure 3 3D-radiological parameters between AI_solid (S) and Non-AI_solid (N-S). (A) compares the median longest diameter. 
(B) shows the total volume of the nodules. (C) highlights the volume of the solid component. (D) illustrated the 
percentage of solid component. ∗P < .05; ∗∗not significant (NS). 
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analysis, we focused on groups categorized predominantly as solid
nodules. For the following analyses, we defined a confidence score
of ≥0.87 for a solid nodule determined by the AI as “AI_solid”
nodule, and a CS of < 0.87 as a “non-AI_solid” nodule, which the
AI determined to be not a solid nodule. Figures 1 and 2 B illus-
trated two representative cases of the confidence score calculated by
the AI to classify a nodule as solid, partially solid GGN, or GGN.
Figure 1 was classified as AI_solid because the confidence score for
a solid nodule was calculated to be 1.000, while Figure 2 B had a
confidence score of 0.406, which was classified as non-AI_solid. 

Comparative Analysis of Nodule Characteristics Based on 

AI Classification 

The characteristics of AI_solid and non-AI_solid nodules are
shown in Figure 3 . Figure 3 A compares the median longest diameter,
slightly smaller for AI_solid nodules at 16.3 mm, and non-AI_solid
nodules at 14.8 mm, whose difference is not statistically signifi-
cant (NS). Figure 3 B shows the total volume of the nodules; the
median volume of AI_solid nodules is 1300 mm ³, while that of non-
AI_solid nodules is 1100 mm ³. Figure 3 C highlights the median
volume of the solid component, which is 900 mm ³ for AI_solid
Clinical Lung Cancer July 2024
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nodules, significantly higher than the median of 200 mm ³ for non-
AI_solid nodules ( P < .05). In Figure 3 D, the median percent-
age of the solid components is higher in AI_solid nodules at 90%
compared to only 20% for non-AI_solid nodules ( P < .05), indicat-
ing a significant difference. This result suggests that nodules deter-
mined to be AI_solid include those with a volume of a substantial
component other than 100%. 

Comparative Outcomes of AI_Solid versus Non-AI_Solid 

Nodules in Predicting Malignancy-Associated Features 
Table 3 compares AI-classified AI_solid and non-AI_solid

nodules based on the confidence score. The AI_solid group, with
a confidence score of ≥0.87, consisted of 80 patients, while the
non-AI_solid group included 166 patients with a confidence score
< 0.87. In the AI_solid group, lymph node positivity (pN + ) was
observed in 16% of patients compared to only 2% in the non-
AI_solid group ( P < .001). A similar trend was noted for lymphatic
invasion (ly + ), vascular invasion (v + ), and pleural invasion (pl + ),
with significantly higher rates in the AI_solid group (45%, 35%,
and 20%, respectively) compared to those of the non-AI_solid
group (6%, 2%, and 2%, respectively; all P < .001). Upstaging to
ealth and Social Security de ClinicalKey.es por Elsevier en julio 17, 2024. 
ón. Copyright ©2024. Elsevier Inc. Todos los derechos reservados.
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Table 3 Comparison of AI_solid versus Non-AI_solid Based on Confidence Score (CS) 

Variable AI_solid (n = 80) (CS ≥0.87) Non-AI_solid (n = 166) (CS < 0.87) P -value 
pN + 13 (16%) 4 (2%) < .001 
ly + 36 (45%) 10 (6%) < .001 
v + 28 (35%) 3 (2%) < .001 
pl + 16 (20%) 4 (2%) < .001 
Upstaging to IA3-IVA 36 (44%) 6 (4%) < .001 
AIS, MIA / Invasive adenocarcinoma 5 (6%) / 75 (94%) 98 (59%) / 68 (41%) < .001 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

IA3-IVA was also more common in the AI_solid group at 44% vs.
4% in the non-AI_solid group ( P < .001). The histologic subtype
distribution differed significantly between the two groups, with AIS,
and MIA found in 6% of the AI_solid group and 59% of the non-
AI_solid group; invasive adenocarcinoma was present in 94% of the
AI_solid group compared to 41% of the non-AI_solid group ( P <

.001). 

Discussion 

This study represents a significant advance in the utilization of AI
in CT imaging in the pathological evaluation of small-sized lung
adenocarcinoma ≤2 cm. Through the application of AI in CT
image analysis, tumor size was automatically measured to be ≤2
cm and was classified as a solid nodule. Our AI-driven approach
made it possible to predict pathologic grades, such as lesions with
a high frequency of lymph node metastasis or invasive lung adeno-
carcinoma, based on these image characteristics. Incorporating AI
into the radiological evaluation process enables accurate prediction
of lung cancer malignancy and contributes immensely to the treat-
ment strategy. 

With increasing attention to the benefits of sublobar resection
for small lung cancer, the preoperative evaluation of lymph node
metastasis has been highlighted as a crucial factor. 4 , 5 In our study,
preoperative diagnosis of negative lymph nodes was achieved in all
246 patients using PET/CT imaging. This study design contributed
to the validation of the potential of AI analysis of HRCT images to
determine “solid nodule” for preoperative assessment of high malig-
nancy in patients who were preoperatively evaluated to have lymph
node-negative by PET/CT imaging. Utilization of PET/CT to assess
negative lymph nodes and AI analysis of HRCT scans to explore
highly malignant lesions can be applied immediately in clinical
practice. Furthermore, AI analysis reduced the variability and poten-
tial errors characteristic of human interpretation, especially when
assessing lesions with GGN, and determined the largest dimension
of small lesions. Several physicians have observed that measuring the
largest diameter of small pulmonary nodes, especially those ≤2 cm,
may lead to inter-observer discrepancies, as well as a more signifi-
cant variation of part-solid nodules. The objectivity provided by AI
analysis ensures consistent evaluation. 

Several studies on the prognostic differences between lung
nodules showed that those containing GGNs are associated with a
better prognosis than pure solid nodules. 9-14 Hattori et al. conducted
a central imaging review of 811 cases from a Japanese clinical trial,
reporting that approximately 10% of lesions contained GGN, even
among those with a CTR of 1 .9 They compared outcomes between
Descargado para Lucia Angulo (lu.maru26@gmail.com) en National Library of H
Para uso personal exclusivamente. No se permiten otros usos sin autorizac
pure solid lesions and those containing GGN and found significant
differences in 5-year overall survival 95.1% vs. 81.1% (log-rank test
P < .0001) and 5-year recurrence-free survival 93.3% vs. 68.6%
( P < .0001). They defined radiological semi-consolidation, which
exhibits intermediate density between solid and GGO findings,
as a part-solid GGN group because it is traditionally considered
less invasive and is clinicopathologically similar to lesions with
GGN. 9 , 26 Furthermore, the frequency of lymph node metastasis
in solid nodes was reported to be as high as 17%, similar to our
results. It is important to note that PET/CT imaging was not
mandatory in the clinical trial data mentioned. This implies that
lesions without lymph node enlargement were considered cN0,
which might include patients diagnosed with lymph node metas-
tasis if they had undergone PET/CT. Nodules without lymph node
enlargement were considered cN0, which may include cases without
actual lymph node metastasis. Our study incorporates the diagnosis
of lymph node metastasis by PET imaging, which thereby closely
reflects current clinical practice. 

Our study’s strength is in the use of AI to evaluate the charac-
teristics of pulmonary nodules in 3D analysis, especially in the
thresholding of the scores derived in determining the nature of the
nodules. A critical issue we faced was the appropriate threshold for
classifying a nodule as “solid” based on the score generated by the
AI. Rather than simply classifying nodules with a score of ≥0.5 as
“solid,” the K-means clustering method was employed to set a more
precise threshold. The nodules that the AI classified as “solid” had
nearly 15% lymph node metastasis and high pathologic invasion
factors, indicating high-grade malignancy. However, it is crucial to
recognize that some of the nodules classified as “substantial” by the
AI had minor GGN components in the 3D analysis. This under-
scores that our approach is not determined by the 3D ratio of GGN
to solids but rather depends on the interpretation of the imaging by
the AI. Applying AI to analyze pulmonary nodules on CT images,
assessing their characteristics, and classifying them as solid nodules
based on a specific threshold to indicate potential malignancy, could
significantly enhance clinical applications in developing lung cancer
treatment strategies. 

Although our study highlights the potential of AI in evaluat-
ing pulmonary nodules, there were several limitations. Because the
study was conducted at a single institution, the broad applicabil-
ity of our findings is limited, highlighting the need for multicen-
ter study validation. The retrospective design of this study may
introduce bias, which may affect the reliability of the results. In
addition, the “black box” nature of AI warrants further clarifica-
tion on features that might be potentially relevant for prediction. In
Clinical Lung Cancer July 2024 437
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addition, the diagnostic approach to lymph node metastasis incor-
porates PET/CT scans but only performs EBUS-TBNA for cases
in which lymph node metastasis is suspected based on PET results.
Despite these limitations, the utilization of AI in our study has the
potential to improve the objectivity of decision-making and reduce
inter-observer variability, especially in the assessment of nodules
with GGN; the statistical calibration of the AI-generated confidence
scores enhances the accuracy of this process. In these respects, the
clinical application of this system has strong potential to lead to
highly accurate diagnoses. 

In conclusion, our AI analysis provides a promising approach for
automated and objective classification of tumors ≤2 cm, includ-
ing detection of GGN components, and shows potential correla-
tion with malignancy. Drawing on the recent key clinical trials and
AI analysis of lung nodules, it would be proposed tailored sublo-
bar resection for small-sized lung cancer based on AI assessment
and intraoperative lymph node status. This highlights the need for
multicenter prospective trials to validate AI in lung cancer diagnosis
and treatment plans and to improve its accuracy in clinical practice.

Clinical Practice Points 
The difficulty in objectively distinguishing solid nodules from
nodules containing ground-glass opacities (GGNs), and their
differential prognostic impact, poses an important challenge in
the preoperative radiological evaluation of pulmonary nodules in
lung cancer patients. 
This study highlights the AI-based approach to accurately distin-
guish these nodule types and indicates its relevance as a preop-
erative diagnosis of solid nodules for identifying pathologically
aggressive lung cancers less than 2 cm in size. 
Drawing from the recent key clinical studies including
JCOG0802/WJOG4607L and CALGB140503 and AI insights
on pulmonary nodules, we propose tailored sublobar resections
for small peripheral lung cancers, guided by AI categorization and
intraoperative lymph node status. 
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