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Background: Accurate recognition of invasive lung adenocarcinoma (IAC) presenting as ground-glass 
nodules (GGNs) is crucial for guiding clinical decision-making and timely surgical intervention. This study 
aimed to systematically evaluate the diagnostic accuracy of deep learning (DL) models via fine nodule 
segmentation in assessing the invasiveness of lung adenocarcinoma.
Methods: Literature from the inception of the PubMed, Embase, Cochrane Library, and Web of Science 
databases was searched. Studies related to DL and nodule segmentation in diagnosing IAC were evaluated 
and included. Titles and abstracts were screened, and the Quality Assessment of Diagnostic Accuracy Studies 
2 was used to assess the quality of the selected studies. The Grading of Recommendations, Assessment, 
Development, and Evaluation (GRADE) criteria of diagnostic tests were used to assess the certainty of 
evidence.
Results: Eight studies involving 5,281 nodules and 4,676 patients were included and analyzed. Meta-
analysis showed that the combined sensitivity of DL for the diagnosis of IAC was 0.81 [95% confidence 
interval (CI): 0.73–0.87], while the specificity was 0.86 (95% CI: 0.80–0.90). The area under the summary 
receiver operating characteristic (SROC) curve was 0.90 (95% CI: 0.88–0.93), but the overall quality of the 
evidence was suboptimal.
Conclusions: DL and nodule segmentation demonstrated high accuracy in assessing lung adenocarcinoma 
invasiveness, but the certainty of the associated evidence was low. More large-scale, multicenter, high-quality 
diagnostic accuracy studies are needed to validate the performance and usefulness of DL in the assessment of 
lung adenocarcinoma invasiveness.

Keywords: Artificial intelligence (AI); deep learning (DL); invasive lung adenocarcinoma (IAC); computed 

tomography (CT); pulmonary nodules

2738

	
^ ORCID: 0000-0002-7815-5593. 

https://crossmark.crossref.org/dialog/?doi=10.21037/qims-24-1839


Quantitative Imaging in Medicine and Surgery, Vol 15, No 4 April 2025 2723

© AME Publishing Company.   Quant Imaging Med Surg 2025;15(4):2722-2738 | https://dx.doi.org/10.21037/qims-24-1839

Introduction

Lung cancer remains the most commonly diagnosed 
malignancy and the leading cause of cancer-related deaths 
globally (1,2). The recent decrease in lung cancer mortality 
can be partly attributed to the widespread application of 
low-dose computed tomography (CT) for lung cancer 
screening, as this has contributed to the increased detection 
of early-stage lung adenocarcinomas manifesting as 
ground-glass nodules (GGNs) (3-5). GGNs, which contain 
haziness without obscuring bronchi or vessels on CT, may 
represent a range of lung adenocarcinoma lesions, including 
adenomatous atypical hyperplasia (AAH), adenocarcinoma 
in situ (AIS), microinvasive adenocarcinoma (MIA), and 
invasive lung adenocarcinoma (IAC) (6-8). 

Currently, for patients with IAC, the standard surgical 
treatment is lobectomy with lymph node dissection (9,10). 
However, AAH, AIS, or MIA lesions typically exhibit slow 
growth characteristics, with a nearly 100% recurrence-free 
survival rate after sublobar resection and a low likelihood 
of lymph node metastasis (11). Therefore, for these lesions, 
sublobar resection or close follow-up is considered an 
appropriate option given better postoperative lung function 
without compromising surgical outcomes (12). Hence, the 
ability to accurately identify IAC appearing as GGNs can 
inform clinical decisions and help determine the surgical 
extent.

Advancements in artificial intelligence (AI) have given 
rise to deep learning (DL), a new direction in machine 
learning (13). DL technology directly receives raw data 
and gradually extracts distinctive features through multiple 
layers, automatically learning imperceptible underlying 
patterns for feature recognition and model construction 
(13,14). Over the past decade, DL algorithms have achieved 
significant success in medical image analysis, with their 
superior performance in image segmentation and feature 
extraction providing robust support for the invasiveness 
assessment of lung adenocarcinoma (15). 

In most DL models, GGNs are delineated using 
bounding boxes without fine segmentation (16-18), and due 
to the uncertainty and randomness inherent in DL training, 
elimination of the interference from the surrounding 
structures cannot be guaranteed. Nodule segmentation can 

assist in classifying pulmonary nodules, and the segmented 
nodule mask can directly discriminate the peritumoral 
region from the nodule entity of the original CT image. 
The output of the segmentation model can be viewed as an 
“attention” weight map applied to the data, representing 
the importance of different regions for the classification task 
(19,20). 

For the invasiveness assessment of lung adenocarcinoma, 
precise image segmentation techniques can effectively 
extract boundaries of the lesion area, providing an 
accurate foundation for further evaluation. Since nodule 
segmentation is a prerequisite for quantitative analysis and 
simple measurement of nodules, DL models with nodule 
fine segmentation also have the potential to be extended 
to other applications. However, systematic reviews on 
the accuracy of DL methods incorporating nodule fine 
segmentation for the invasiveness assessment of lung 
adenocarcinoma are lacking.

Therefore, we conducted a systematic review aimed at 
comprehensively evaluating the accuracy of DL models with 
fine nodule segmentation in assessing the invasiveness of 
lung adenocarcinoma. We present this article in accordance 
with the PRISMA-DTA reporting checklist (21) (available 
at https://qims.amegroups.com/article/view/10.21037/
qims-24-1839/rc).

Methods

Before initiation, this study was registered in the 
PROSPERO (International Prospective Register of 
Systematic Reviews; No. CRD42024535661).

Search strategy

A thorough search was comprehensively executed up to 
April 4, 2024, across four databases (PubMed, Embase, 
Cochrane Library, and Web of Science databases) for 
published and unpublished studies according to the 
Cochrane Handbook for Systematic Evaluation of the 
Accuracy of Diagnostic Tests (22). A modified complete 
search strategy was employed to retrieve eligible studies. 
The following search terms were used: “isolated lung 
nodule”, “multiple lung nodules”, “lung nodule”, “lung 
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cancer”, “lung adenocarcinoma”, “artificial intelligence”, 
“deep learning”, “convolutional neural network”, 
“invasiveness assessment”, “risk assessment”, and “computed 
tomography”. The full search strategy for keywords and 
subject headings for each database is provided in Appendix 1.

Study selection

Studies were included if they assessed the ability of the DL 
method, combined with nodule segmentation, to detect 
lung adenocarcinoma invasiveness via interpretation of 
medical images. Literature screening and management were 
performed to remove duplicates. Two reviewers (Chuan 
Gao and W.W.) independently screened the titles and 
abstracts of all retrieved studies to determine eligibility. Full 
texts of potentially relevant studies were evaluated. During 
the selection process, disagreements were resolved by 
consulting a third reviewer (Chen Gao). 

The inclusion criteria were as follows: (I) the target 
condition was an IAC diagnosis; (II) at least one DL method 
was used for diagnosis; (III) nodule fine segmentation was 
used to aid in classification; (IV) an assessment of diagnostic 
accuracy with two-by-two data [true negative (TN), true 
positive (TP), false negative (FN), and false positive (FP)], 
or sufficient information to construct a 2×2 outcome table 
was available. Fine segmentation was considered to be the 
precise delineation of the edges of the nodule at each slice 
as the annotation mask instead of a cubic boundary box 
containing the nodule for model input.

The exclusion criteria were as follows: (I) studies on 
the benign and malignant diagnosis of lung cancer whose 
purpose was not the assessment of lung adenocarcinoma 
invasiveness; (II) studies on diseases other than lung 
adenocarcinoma; (III) studies on non-radiographic imaging 
modalities such as pathology or genetics; (IV) no data or 
insufficient data to construct a 2×2 outcome table; (V) 
reviews, editorials, letters, review articles, case reports, 
conference abstracts, phantom models, or animal studies; 
and (VI) non-English language publications.

Data collection process

Two radiologists (J.L. and W.W.) independently selected 
articles, extracted data, and determined the reliability of 
each study with regard to the total evidence. For studies that 
did not report diagnostic accuracy estimates directly but did 
provide sufficient information, calculations were performed 
to derive these estimates. The systematic review included 

results obtained from validation and testing datasets for 
the meta-analysis and meta-regression. Some studies did 
not specify the training and testing datasets; in this case, all 
samples were extracted (one study). If a study only provided 
data from the test set, the result was recorded and used for 
the analyses (three studies).

Extracted items included study characteristics (authors, 
year of publication, country, type of study, number of 
institutions, classification task and design, reference 
standard, etc.), participant characteristics (age, sex, 
number of patients or nodules, nodule type, location, 
diameter, proportion of lung adenocarcinoma subtypes, 
etc.), scanning parameters [modality, number of devices, 
kilovoltage peak (kVp), slice thickness, reconstruction 
kernel], and diagnostic modeling methodology (model, 
classification task, imaging modality, data source, sample 
size of training set, preprocessing methods, use of data 
augmentation, external validation, comparison with expert 
assessments, etc.), nodule segmentation-related features 
(automatic or manual, segmentation method, segmentation 
performance, comparison with classification model with 
no fine segmentation), classification task-related results 
[TP, FP, TN, FN, area under the curve (AUC), sensitivity, 
specificity, and accuracy].

Risk of bias and applicability

The included articles’ risk of bias and applicability were 
assessed using the Quality Assessment of Diagnostic 
Accuracy Studies 2 (QUADAS-2) tool (23) revised with 
topics from the Checklist for Artificial Intelligence in 
Medical Imaging (CLAIM) (24). Individual domains 
were deemed to have a low risk of bias if all requirements 
were assessed as yes and at high risk if one requirement 
was assessed as no. The remaining cases were assessed as 
“unclear”. The detailed evaluation criteria are provided in 
Appendix 2. Two reviewers (Z.S. and H.Z.) independently 
assess the risk of bias. Any disagreements were resolved 
through joint discussion and consensus with a third 
independent reviewer (L.W.).

Diagnostic accuracy indicators

Diagnostic accuracy metrics, including sensitivity and 
specificity, were used to assess the performance of the DL 
method, which was calculated as the percentage of positive 
test results for those with the target condition and the 
percentage of negative test results for those without the 
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Figure 1 PRISMA 2020 flow diagram of the selection process of the included studies. PRISMA, Preferred Reporting Systematic Assessment 
and Meta-Analysis. 
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target condition, respectively (25,26). Optimal diagnostic 
tests have high sensitivity and specificity (27).

Data synthesis and analysis

Data were analyzed using Stata 17.0 (StataCorp., College 
Station, TX, USA) and RevMan 5.3 software (Cochrane 
Collaboration, London, UK). Meta-analysis was performed 
using a hierarchical model including the hierarchical 
summary receiver operating characteristic (HSROC) 
(28,29). The robustness of the pooled results was evaluated 
by a leave-one-out sensitivity analysis. Subgroup analysis 
and meta-regression was applied to explore the potential 
source of heterogeneity across the studies.

Certainty of evidence

The certainty of evidence was assessed using the Grading 
of Recommendations, Assessment, Development, and 

Evaluation (GRADE) criteria, with factors such as risk 
of bias, indirectness, inconsistency, imprecision, and 
publication bias being considered (30,31). The certainty of 
evidence was downgraded when decisions in each area were 
well justified.

Results

Study selection

Figure 1 illustrates the study selection process. In total, 3,141 
records were identified and imported from four database 
searches. Subsequently, 1,173 duplicate records were 
removed, and 1,881 were excluded after screening for titles 
and abstracts. The full text of the remaining 87 records 
was examined and evaluated. Among these, 79 records 
were excluded, mainly for the reasons stated in Appendix 3.  
This systematic evaluation and meta-analysis included eight 
studies that met the inclusion criteria (32-40). Figure 2 
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Figure 2 Application of DL with precise nodule segmentation in lung adenocarcinoma imaging. CT, computed tomography; HE, 
hematoxylin-eosin; 3D, three-dimensional; IAC, invasive adenocarcinoma; MIA, microinvasive adenocarcinoma; AAH, adenomatous atypical 
hyperplasia; AIS, adenocarcinoma in situ; ReLU, rectified linear unit; MPL, multilayer perceptron; ROC, receiver operating characteristic; 
DL, deep learning.

present the architecture of application of DL with precise 
nodule segmentation in lung adenocarcinoma imaging. It is 
worth noting how the segmentation annotation input into 
the models varies across studies. In addition to the method 
shown in Figure 2, some other architecture types were 
examined. For model input, Wang et al. (40) preprocessed 
the volume of interest (VOI) covering the lesion area. Qi 
et al. (35) used nodule features and cropped nodule VOI as 
the input data into the classification pipeline. Xu et al. (38)  
constructed a single-DL model using gross region-of-
interest (ROI) patches containing only tumor region as 
inputs. Wang et al. (36) multiplied the soft attention map 
of the segmentation branch to the input feature map of the 
classification branch.

Study features

The main features of the eight selected articles are shown in 
Table 1, and the DL-based model features are summarized 
in Table 2. The patients and scan parameter features are 
in Tables S1,S2. The methods and results regarding 
segmentation are shown in Table S3. A total of 5,281 nodes 
and 4,676 patients were included. The studies reported 
the demographic characteristics of their study populations, 

with mean ages ranging from 46.8 to 59.5 years and the 
proportion of patients with IAC ranging from 22.5% to 
70.8%. Geographically, seven studies were conducted in 
China, and one was from Korea. Of the selected articles, 
seven used pathologic biopsies as the gold standard, and one 
did not mention the type used. All studies employed CT for 
imaging, with only one used enhanced CT scanning. 

All studies obtained images from local hospitals. Four 
of the studies (n=4) used images from public databases for 
model training, including Lung Nodule Analysis (LUNA) 
2016, The Cancer Genome Atlas-Lung Adenocarcinoma 
(TCGA-LUAD), Clinical Proteomic Tumor Analysis 
Consortium-Lung Adenocarcinoma (CPTACLUAD), The 
Cancer Genome Atlas-Lung Squamous Cell Carcinoma 
(TCGA-LUSC), and Clinical Proteomic Tumor Analysis 
Consortium-Lung Squamous Cell Carcinoma (CPTAC-
LSCC), ImageNet, and the Lung Image Database 
Consortium and Image Database Resource Initiative 
(LIDC-IDRI).

Two studies were multicenter, and four included 
external validation. The classification tasks addressed in 
the studies varied: seven studies focused on distinguishing 
noninvasive adenocarcinomas (AAH, AIS, MIA) from IAC, 
and one study compared MIA to IAC. Six studies used data 

https://cdn.amegroups.cn/static/public/QIMS-24-1839-Supplementary.pdf
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Table 1 Selected characteristics of the included studies

Author (year) Country Study design Institution Per nodule/per patient Reference standard

Chunlong Fu, 2023 (37) C R 3 Per nodule P (biopsy or surgery)

Jun Wang, 2021 (36) C R 2 Per nodule P (biopsy or surgery)

Kang Qi, 2024 (35) C R 1 Per nodule P (surgery)

Sohee Park, 2021 (32) S R 1 Per nodule P (surgery)

Tianle Shen, 2021 (34) C R 1 Per patient P (surgery)

Xiang Wang, 2021 (40) C R 1 Per nodule P

Yanqiu Wang, 2021 (33) C R 1 Per nodule NR

Yao Xu, 2021 (38) C R 1 Per nodule P (biopsy or surgery)

C, China; S, South Korea; R, retrospective cohort; P, pathology; NR, not reported. 

augmentation methods for data preprocessing. 

Risk of bias and applicability

In the domain of patient selection, two studies were at high 
risk of bias owing to unclear inclusion/exclusion criteria or 
unclear procedures regarding patient enrollment. For the 
index test, five were at high risk of bias. Unclear risk of bias 
regarding the reference standards and the flow and timing 
were present in two studies and four studies, respectively.

Evidence’s applicability to patients needed to be clarified 
or improved in three studies, the evidence applicability 
to patient selection could have been clearer or improved 
in three studies, and the applicability of index tests was 
of concern for one study. The related results are shown 
in Figure 3 and Table S4. The Deeks’ funnel plot showed 
no significant publication bias in the included literature 
(P=0.94), as shown in Figure 4.

Results of the studies and synthesis

Figures 5,6 show the paired forest plots of the sensitivity and 
specificity estimates and corresponding 95% confidence 
intervals (CIs) for each independent study. The sensitivity 
of the eight DL images on the assessment of lung cancer 
invasiveness ranging from 55% to 89%, and the specificity 
varied between 60% and 98%.

The eligible studies were further combined using 
the HSROC model. The summary receiver operating 
characteristics (SROC) curves are shown in Figure 7, 
including the 95% prediction region and 95% confidence 
region. The overall pooled estimates of DL images for lung 
cancer invasiveness assessment using the HSROC model 

were as follows: sensitivity, 0.81 (95% CI: 0.73–0.87); 
specificity, 0.86 (95% CI: 0.80–0.90); positive likelihood 
ratio (PLR), 5.6 (95% CI: 4.3–7.5); negative likelihood 
ratio (NLR), 0.22 (95% CI: 0.16–0.30); and diagnostic odds 
ratio (DOR), 25 (95% CI: 19–34). The SROC plot with 
the scatter of the study points in the receiving operating 
characteristic space revealed considerable variability in 
sensitivity and specificity for each study. Based on the 
SROC model, the AUC was 0.9 (95% CI: 0.88–0.93), 
indicating high diagnostic efficacy. 

To evaluate the potential clinical application of DL-based 
assessment, a Fagan’s nomogram was employed. Under a 
pretest probability of 20%, the posttest probability of IAC 
increased to 59% following a positive test and decreased to 
5% following a negative test, as shown in Figure 8.

GGN segmentation and annotation

In the included studies, there were seven targeting subsolid 
nodules (part-solid and pure GGNs) and one targeting pure 
GGNs. As for the segmentation approach, if the annotation 
mask covering the entire range of each tumor labeled by 
clinicians on software (e.g., ITK-SNAP) was used as the 
input for the classification task, we considered the model 
to involve manual segmentation techniques. If the built-
in subnetwork of the DL model could automatically and 
precisely segment lung nodule boundaries to serve as 
the auxiliary in the classification task, we considered the 
model to involve an automatic segmentation technique. 
Table S3 shows that half of the studies (n=4) used 
automatic segmentation, while the other half used manual 
segmentation. Four studies drew comparisons with 
classification models with no fine segmentation.

https://cdn.amegroups.cn/static/public/QIMS-24-1839-Supplementary.pdf
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Table 2 Summary of methodologies and results of the cited articles

Author (year) Classification task Model Use of public database^
Sample size of 

training set
Type of preprocessing

Data 
augmentation

External 
validation

AI vs. 
clinician

Performance of AI AUC (95% CI)

Training Validation Internal test External test

Chunlong Fu, 2023 (37) MIA/IAC MedicalNet No 431 RS; LI; ZN Yes Yes No 0.95 (0.93–0.97) – 0.92 (0.87–0.97) 0.89 (0.85–0.92); 0.82 (0.76–0.88)*

Jun Wang, 2021 (36) AAH + AIS + MIA/IAC IMAL-Net LIDC-IDRI& 1,440 5-F CV Yes Yes No – 93.8±1.1$ – 91.8±2.2$

Kang Qi, 2024 (35) AAH + AIS + MIA/IAC Lung-PNet LUNA 2016; MSD 327 RS; DTL; HOM; SWN; 5FCV No Yes Yes – 0.885 (0.845-0.917) 0.925 (0.845–0.971) 0.911 (0.776–0.978)#

Sohee Park, 2021 (32) AAH + AIS + MIA/IAC 3D fully CNN No 370 RS; CSI; resample Yes Yes Yes 0.914£ 0.956£ – 0.833 (0.744–0.923)

Tianle Shen, 2021 (34) AAH + AIS + MIA/IAC AdaDense_M No 1,592 RS; LI; MMN Yes No No – – 0.908 (0.877–0.939) –

Xiang Wang, 2021 (40) AAH + AIS + MIA/IAC 3D DenseNet ImageNet 687 5-F CV No No No – 0.921 (0.896–0.937) – –

Yanqiu Wang, 2021 (33) AAH + AIS + MIA/IAC Two-channel integrated network 
based on DenseNet

No 282 4FCV Yes No No – – 0.9715£ –

Yao Xu, 2021 (38) AAH + AIS/MIA + IAC ResNeXt34-based CNN merged 
with an RNN; LSTM

TCGA-LUAD, LUSC; 
CPTAC-LUAD, LSCC

123 RS; TL; resample Yes No No – – 0.831 (0.690–0.926) –

^, training model; &, training segmentation; *, AUC of two external validation cohorts; $, mean ± standard deviation; £, 95% CI not reported; #, hold-out test set: ROC AUC =0.911; PR AUC =0.842. CI, confidence interval; AUC, area under the curve; AAH, atypical adenomatous hyperplasia; AIS, 
adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma; IMAL, interpretable multitask attention learning; CNN, convolutional neural network; AdaDense, adaptive DenseNet; RNN, recurrent neural network; LSTM, long short-term memory; LIDC-IDRI, The Lung 
Image Database Consortium; LUAD, lung adenocarcinoma; LUSC/LSCC, lung squamous cell carcinoma; LUNA, lung nodule analysis; TCGA, The Cancer Genome Atlas; CPTAC, Clinical Proteomic Tumor Analysis Consortium. ROC, receiver operating characteristic; PR, precision-recall; F CV, fold cross-
validation; RS, random split; MMN, Min-Max normalization; ZN, Z-score normalization; SWN, stochastic window normalization; DTL, deep transfer learning; LI, linear interpolation; CSI, cubic spline interpolation; HOM, hold-out method; MSD, Medical Segmentation Decathlon.
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Sensitivity analysis, subgroup analyses, and meta-
regression

In the sensitivity analysis, removing any one study did 
not significantly affect the pooled results, indicating the 
reliability and robustness of this meta-analysis (Figure 9). 
Table 3 shows the detailed results of meta-regression analyses 
regarding the possible causes and sources of interstudy 
heterogeneity. The results showed that the application of 
automated or manual segmentation techniques was not 
associated with heterogeneity. In terms of data source, 
whether a public database or external validation was used 
had no statistical effect on the heterogeneity. Regarding the 
sample size of the validation or test set, the P value of the 

group with a sample size ≥150 and <150 was 0.01, indicating 
that a sample size less than 150 was a possible source of 
heterogeneity. The subgroup analyses produced similar 
results, as shown in Figure 10.

Comparison of DL and healthcare professional 
classification performance 

Two of the studies compared the diagnostic performance 
between DL-based methods and healthcare professionals. 
In one study conducted by Qi et al. (35), several evaluation 
metrics were calculated to compare the independent 
diagnosis of GGN pathological subtypes by several 
observers with that of a DL model. In study conducted 
by Park et al. (32), several clinicians measured the longest 
diameter of the solid component of each nodule and 
calculated the predictive performance for differentiating 
IAC from non-IAC under multiple thresholds. The detailed 
results are provided in the Table S5.

Certainty of evidence

Each reviewer independently assessed the overall certainty 
of the evidence. In multiple studies, the risk of bias, 
indirectness, and consistency domains was downgraded, 
with a high risk of bias for the index test and patient 
selection and large differences in specificity and sensitivity. 
Based on the GRADE for diagnostic tests, the certainty of 
evidence for the studies on the accuracy of DL image tests 
was rated as very low for both sensitivity and specificity 
estimates (Table S6).

0	 20	 40	 60	 80	 100
Proportion of studies with low, high or unclear 

risk of bias, %

0	 20	 40	 60	 80	 100
Proportion of studies with low, high, or unclear 

concerns regarding applicability, %

Low	 High	 Unclear

Q
U

A
D

A
S

-2
 D

om
ai

n

Flow and timing 

Reference standard 

Index test 

Patient selection

1	 10	 100	 1000
Diagnostic odds ratio

Deeks’ funnel plot asymmetry test 
P value =0.94

Study 

Regression line

1/
ro

ot
 (E

S
S

)

0.00

0.05

0.10

0.15

Figure 4 Deeks’ funnel plot of publication bias. ESS, effective 
sample size.

Figure 3 A summary of the risk of bias and applicability concerns for each QUADAS-2 domain presented as percentages across the eight 
studies included in the analysis. QUADAS-2, Quality Assessment of Diagnostic Accuracy Studies 2. 
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Figure 7 Summary receiver operating characteristic curves of the 
included studies. The solid black circle represents the summary 
point, and the outlined circles represent the individual studies. 
The dotted and dashed lines indicate the 95% confidence and 
95% prediction regions, respectively. SENS, sensitivity; SPEC, 
specificity; SROC, summary receiver operating characteristic; 
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Discussion

To the best of our knowledge, this is the first meta-
analysis evaluating the accuracy of diagnosis of DL 
models with precise nodule segmentation in diagnosing 
lung adenocarcinoma invasiveness. Meta-analysis results 
showed a pooled sensitivity of 0.81 and a specificity of 
0.86, the area under the SROC curve was 0.90, indicating 
high diagnostic efficacy. However, despite the high 
discriminative power of the DL algorithm evaluated in 
this meta-analysis, the GRADE score was very low due to 
a high degree of bias in patient selection and index test, 
indirectness, and the low inconsistency for the sensitivity 
and specificity. This means that we have limited confidence 
in the diagnostic performance, and the results should be 
interpreted with caution. The main sources of risk factors 
were from inconsistent inclusion/exclusion criteria and lack 
of external validation, limiting the generalizability of the 
model. Furthermore, it was difficult to identify the specific 
methodology used to develop the DL classification model, 
potentially diminishing the repeatability and quality of these 
models. Although the result of sensitivity analysis and meta-
regression indicate the stability of the results, the results 
are not completely reliable; therefore, additional external 
validation using updated multicenter data and larger sample 

size is necessary to ensure the applicability of the data and 
reduce uncertainty. Overall, the available evidence needs to 
be further validated and strengthened before it can reliably 
inform clinical practice (41). 

Previous meta-analysis results indicate that DL can be 
valuable in lung cancer screening, detection, and staging 
(42-46). It has also been demonstrated that AI techniques 
can more accurately determine the histopathological 
subtypes of lung nodules and the degree of adenocarcinoma 
invasiveness (20), thus assisting in planning lung nodule 
diagnosis and treatment. However, many existing DL 
models for lung nodule classification are trained with 
nodule-centered bounding boxes as inputs. Consequently, 
the effectiveness of fine segmentation of nodule boundaries 
on lung nodule classification has yet to be extensively 
explored (47).

In nodule annotation methodologies, clinicians manually 
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Table 3 Results of the meta-regression

Subgroup variable Number of eligible studies Sensitivity, % (95% CI) Specificity, % (95 % CI) P value

Segment method 0.27

Automatic 4 0.77 (0.67–0.86) 0.89 (0.83–0.95)

Manual 4 0.85 (0.78–0.92) 0.82 (0.75–0.89)

Use of public data 0.89

Yes 4 0.81 (0.71–0.91) 0.85 (0.78–0.92)

No 4 0.81 (0.71–0.91) 0.86 (0.80–0.92)

Sample size* 0.01

≥150 4 0.87 (0.84–0.90) 0.80 (0.77–0.83)

<150 4 0.71 (0.63–0.80) 0.92 (0.88–0.96)

External validation 0.39

Yes 4 0.77 (0.67–0.87) 0.88 (0.82–0.93)

No 4 0.85 (0.78–0.93) 0.84 (0.77–0.91)

*, sample size in the validation or testing set. CI, confidence interval. 
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Figure 9 Sensitivity analysis of the leave-one-out method. CI, confidence interval.

trace the boundary of nodule slice by slice with the lung 
and/or mediastinal window via software and then directly 
input the annotation as the segmentation mask into the 
model. In models using automatic segmentation technology, 
the clinician’s annotation will first be used as the ground 
truth to train the model subnetwork to automatically 
segment nodules and to construct a model with both 
automatic segmentation and classification capabilities. Our 
analysis showed that in the subgroup analysis and meta-

regression of various nodule segmentation annotation 
techniques, no significant impact on the pooled results of 
diagnostic performance was found between the application 
of automatic and manual segmentation. In addition, three 
studies (35,37,40) excluded the large blood vessels and/or 
bronchi within nodules during the labeling process. Kou 
et al. (48) found that CT characteristics such as bronchial 
inflation signs can be used for the differentiation of IAC 
from AAH, AIS, or MIA. Zhao et al. (49) found that that 
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Figure 10 Subgroup analysis. (A) Nodule segmentation method. Group 0: manual; Group 1: automatic. (B) Use of public dataset. Group 
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the number and volume of intranodular vessels on GGN 
were associated with tumor invasiveness. Therefore, we 
can speculate that the removal of large vessels and bronchi 
labeling may result in a negative impact on the predictive 
performance of the classification model. In clinical practice, 
nodule-related parameters obtained from automatic 
segmentation can also help analyze nodules (50,51).

Accurate annotation of pulmonary nodule boundaries 
can provide attention weights to help network focus on the 

area within the nodule for the analysis and classification 
of nodules (20,47). Several deep models have been used 
to automatically segment lung nodules and have achieved 
remarkable accuracy (52,53). Wu et al. (54) noted that 
there were differences between IAC and MIA/AIS in terms 
of radiomic features of cluster prominence and the gray-
level run-length matrix in the surrounding area of the 
tumor. It was also observed that the lesions had interclass 
similarity and intraclass variation, which is one of the 
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main challenges in IAC screening. However, as most of 
the subsolid nodules’ sizes were small, noise and artifacts 
were present in the background in the cropped image 
patches (34). Indeed, automatic segmentation has higher 
consistency than does the laborious and time-consuming 
manual segmentation. This suggests that it is feasible for 
DL methods to combine segmentation and classification 
and use automatic segmentation to assist in the diagnosis of 
adenocarcinoma invasiveness. Nonetheless, further studies 
are needed to analyze the value of peritumoral information 
for classification performance (40).

Although an abundance of research has demonstrated 
the efficacy and potential of DL in medical imaging, 
certain challenges limit its application to real-world 
situations. First, the “black box” nature of DL models 
renders their decision-making processes difficult to 
interpret (55). Exploring explicable DL methods such as 
attentional mechanisms and visualization techniques can 
provide an intuitive understanding of how algorithms 
arrive at decisions and increase physician confidence (56).  
Second, the research community has yet to reach a 
consensus regarding the specific datasets that are used in 
terms of extensibility and reproducibility, although the 
volume of publicly available medical data is encouraging 
advance (57). Implementing DL imaging tools requires 
the appropriate resources, including high-performance 
computing and data storage capabilities, such as graphic 
processing units (GPUs), servers, and cloud platforms (58). 
Third, integrating DL tools into the workflows requires the 
development of tools compatible with existing healthcare 
information systems and the design of user-friendly 
interfaces that allow clinicians to easily integrate DL tools 
into daily work (59). This requires education and training 
for clinicians to help them understand how DL tools work, 
their strengths and limitations, and how to integrate the 
outputs of these tools into clinical decision-making. Fourth, 
many models have been developed and constructed for 
specific scenarios (e.g., for diagnosing a single disease), 
yet in clinical practice, GGNs can appear in many other 
diseases with varying prognoses, such as coronavirus disease 
2019 (COVID-19) (60,61). Therefore, future work should 
investigate the implications of incorporating DL-based 
computer-aided detection schemes in real-world clinical 
practice, and reader studies should be conducted to examine 
clinician performance (62).

Some limitations to this study should be addressed. First, 
our study only considered the DL method for invasive 
classification of lung adenocarcinoma using nodule fine 

segmentation, and many published studies without precise 
nodule segmentation need to be further analyzed. Second, 
differences between studies, including study design, data 
source and scanner type, and imaging acquisition standards, 
potentially reduced the accuracy of the integration and 
inference of results. Third, due to the limited study 
types and geographic restriction to the Asian region, the 
generalizability of the results may be limited. Additional 
large-scale, multicenter studies are needed to assess the 
ability of DL to evaluate lung adenocarcinoma invasiveness.

Conclusions

Our findings support the application of DL models that 
integrate automatic segmentation and classification of 
local data to evaluate the degree of lung adenocarcinoma 
invasiveness. Overall, DL models enhanced by nodule fine 
segmentation possess high accuracy in the assessment of 
lung adenocarcinoma invasiveness. Future studies should 
address bias and uncertainty and explore the applicability 
these models to different patient populations and clinical 
contexts. 
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