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Predicting malignant involvement of mediastinal lymph 
nodes is crucial in determining the best curative treatment 
strategy. Considering that approximately 10% of patients 
with clinical stage I lung cancer are eventually identified 
to have positive lymph node metastasis by surgical lymph 
node staging, through evaluation of mediastinal staging is 
required (1,2). Currently, clinical staging of lung cancer 
is usually based on noninvasive imaging modalities, and 
the likelihood of tumor involvement of mediastinal lymph 
nodes relies on visual criteria. Computed tomography (CT) 
is the most commonly used modality for the evaluation of 
patients with lung cancer. However, the median sensitivity 
and specificity of CT scan for diagnosing mediastinal lymph 
node metastasis were only 55% and 81%, respectively (3). 
Positron emission tomography provides a more accurate 
evaluation of mediastinal lymph node staging with an 
overall sensitivity of 73% and specificity of 92% (4). 
Because of the possibility of false-negative in noninvasive 
imaging, several guidelines recommend invasive mediastinal 
staging using either endobronchial ultrasound-guided 
transbronchial needle aspiration or mediastinoscopic biopsy 
(3,5). Given the reported incidence of mediastinal lymph 
node metastasis is around 5–10% in clinical stage I lung 
cancer patients, the selective use of invasive mediastinal 
staging has been suggested (1,2). However, there is no 
consensus on the indication of invasive mediastinal staging; 

thus, we rely on multiple factors, including clinical staging, 
tumor location, and clinical characteristics, to performing 
invasive procedures. 

Radiomics is an emerging field of research that focuses 
on extracting a large number of quantitative features 
from medical images, and it can provide a more detailed 
quantification of characteristics for lung nodules. Several 
studies have generated considerable excitement in 
oncology regarding the potential of radiomics features as 
an adjunct to oncologic decision making: differentiation 
between benign and malignant nodules, prediction of 
metastatic disease, identification of favorable subsets 
among malignancies, and prediction of response to chemo/
radiotherapy. In a recent study published in Transl Lung 
Cancer Res, Yang et al. (6) developed a risk stratification 
model for predicting N2 metastasis in clinical stage 1 lung 
adenocarcinoma based on CT-based radiomics signature. 
They extracted radiomics features using ‘PyRadiomics’, one 
of the cutting-edge algorithms, from a substantial number 
of patients. Their radiomics signature showed better 
predictive performance than clinical factors for N2 disease 
prediction in the training set, as well as the validation set. 
Their data highlights the future incorporation of radiomics 
into clinical practice for predicting occult N2 disease in 
lung adenocarcinoma patients. The accurate prediction of 
N2 disease using noninvasive imaging is valuable as it can 
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select high-risk patients who may need invasive mediastinal 
staging. However, rigorous validation is required for the 
real application in the clinical setting, and their study 
design needs external validation. Most machine learning 
techniques, including LASSO, usually use three different 
data sets: training set, validation set, and test set. The role 
of the validation set is to prevent the model from overfitting 
to the training data and to pick up a model that generally 
fits best for all data sets. Then, the chosen model should 
be evaluated in the test set. However, it seems that they 
selected the model with the maximum AUC within the 
training set, and it brings concern about the overfitting 
issue of their model.  

Although the rosy outlook for precision medicine 
through radiomics within the clinical routine has been 
continued for a decade, nothing is still involved in standard-
of-care. One of the critical issues is standardization for a 
generalized model. As image acquisition, reconstruction 
algorithms, and segmentation methods affect radiomic 
features, standardized and external validation for multiple 
centers with different imaging settings is needed (7). 
Another issue is that it is difficult to explain the plausible 
explanation for the prediction. For example, a feature ‘gray-
level variance’ is difficult to grasp what characteristics it 
has in visual interpretation. Even if the accuracy is lowered 
than the radiomics approach, intuitive quantitative variables 
such as size, a fraction of solid portion, and FDG uptake 
are clinically acceptable because of this interpretability. 
In addition, rigorous comparative studies with these well-
known quantitative variables will be needed in the future. 
Nonetheless, accurate prediction of N2 disease based on 
radiomics with future rigorous validation will provide 
precise risk stratification, which leads to personalized 
management plans, including selective invasive mediastinal 
staging. 
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