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Abstract 

Background  This scoping review aims to evaluate the current status and recent advances in the use of radiomics 
for the diagnosis, risk stratification, and staging of thymic epithelial tumors (TETs). The review also explores radiomics’ 
potential in predicting the risk of myasthenia gravis (MG), an associated autoimmune condition in TETs patients.

Methods  A comprehensive literature search was conducted using PubMed and Web of Science to identify studies 
published since 2012 on the application of radiomics in managing TETs. The studies were assessed for their method-
ologies, including imaging protocols, feature extraction techniques, and model performance metrics. The Radiomics 
Quality Score (RQS) was used to evaluate study quality.

Results  A total of 23 studies, including 4701 patients, were analyzed. Radiomics-based models showed high accuracy 
in distinguishing TETs from other mediastinal masses, predicting risk subtypes, and improving the accuracy of TNM 
and Masaoka-Koga (MK) staging. Additionally, radiomics demonstrated potential in predicting the risk of MG in thy-
moma patients. However, all studies were retrospective, and only 6 studies included external validation, with an aver-
age RQS of 13.87, accounting for 38.52% of the maximum score.

Conclusion  Radiomics shows great potential in advancing the diagnosis, risk stratification, and staging of TETs. 
However, its clinical implementation requires overcoming challenges in standardization, validation, and interpretabil-
ity. Future research should focus on multi-center prospective studies, external validation, and integrating multi-modal 
imaging and molecular biomarkers to improve risk assessment and treatment strategies.

Keywords  Thymic epithelial tumors, Radiomics, Diagnosis, Risk subtypes, TNM staging, Masaoka-Koga staging, 
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Introduction
Thymic epithelial tumors (TETs) are the most common 
tumors found in the anterior mediastinum, originating 
from thymic epithelial cells [1]. Although relatively rare, 
these tumors pose a significant clinical challenge due to 
their wide range of biological behaviors, from slow-grow-
ing to highly aggressive [2]. Early and accurate diagnosis 
is essential for selecting the appropriate treatment and 
improving patient outcomes [3].

Diagnosing TETs typically involves a combination 
of imaging techniques, histopathological analysis, and 
clinical evaluation [4]. Common imaging methods like 
computed tomography (CT) and magnetic resonance 
imaging (MRI) are used to assess the tumor’s presence, 
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size, and extent [5, 6]. However, these conventional imag-
ing techniques often struggle to differentiate between 
TETs subtypes and other mediastinal masses, such as 
thymic cysts and lymphomas [7, 8], making the need for 
more advanced diagnostic methods evident.

The World Health Organization classifies TETs into 
subtypes A, AB, B1, B2, and B3, based on the propor-
tion of epithelial cells and lymphocytes [9, 10]. These 
subtypes vary in their malignancy risk and prognosis, 
with subtypes A, AB, and B1 generally associated with a 
lower malignancy risk, while B2 and B3 are considered 
high-risk [11]. Accurate identification of these subtypes is 
crucial for treatment planning, especially in determining 
whether patients may require only surgical intervention 
or more aggressive, multimodal therapies [12].

One of the essential components in managing TETs 
is staging, as it directly informs prognosis and treat-
ment decisions [13]. The TNM staging system, which 
categorizes tumors based on tumor size (T), lymph 
node involvement (N), and distant metastasis (M), 
offers a comprehensive assessment of disease progres-
sion [14]. It helps in stratifying patients into different 
risk categories, guiding the use of surgery, radiation, or 
chemotherapy [15]. Radiomics has shown potential to 
improve the accuracy of TNM staging by providing pre-
cise tumor characteristics that go beyond traditional 
imaging interpretations [16]. Another widely used stag-
ing system is the Masaoka Koga (MK) staging system, 
which is based on the extent of local invasion and tumor 
spread [17]. This system divides TETs into four stages, 
with early-stage tumors (I-II) generally having a better 
prognosis and being amenable to surgical resection. In 
contrast, advanced-stage tumors (III-IV) often require 
more aggressive, multimodal treatments [18]. Radiomics 
could further refine MK staging by offering more detailed 
information on tumor invasion patterns and surround-
ing tissue involvement, allowing for better prediction of 
clinical outcomes [19].

Myasthenia gravis (MG) is a common autoimmune 
disorder associated with TETs, especially thymomas 
[20]. The presence of MG complicates the management 
of TETs, particularly in the perioperative period, where 
myasthenic crisis—a severe complication that can lead to 
respiratory failure—is a major concern [21]. Therefore, it 
is critical to assess the risk of MG in TETs patients prior 
to surgery to reduce postoperative complications and 
enhance patient outcomes.

Radiomics, an emerging field in oncology, has shown 
promise in extracting high-dimensional data from medi-
cal images that can provide insights into tumor hetero-
geneity and other clinically relevant features [22]. This 
non-invasive approach has potential in improving the 
diagnosis, risk stratification, and staging of TETs, as well 

as in predicting associated conditions like MG. Through 
radiomics analysis, clinicians may gain a better under-
standing of the biological characteristics of TETs, paving 
the way for more personalized and effective treatment 
strategies.

This scoping review aims to summarize the current 
status and recent advances in the use of radiomics in 
the management of TETs, focusing on its applications in 
diagnosis, predicting histological risk subtypes, staging 
based on the TNM and MK systems, and assessing the 
risk of MG.

Materials and methods
Literature search strategy
This scoping review, which involved only publicly avail-
able data, did not require ethical approval. A compre-
hensive literature search was conducted using PubMed 
and Web of Science’s advanced search to identify studies 
on the application of radiomics in managing TETs, with 
a focus on diagnosis, risk subtypes, TNM and Masaoka 
Koga staging, and MG risk. Keywords such as “thymic 
epithelial tumors,” “thymoma,” “radiomics,” and “radi-
omic” were used. Boolean operators (“AND” and “OR”) 
combined the keywords, and filters restricted the search 
to articles published from 2012 onward, as radiomics 
only emerged as a field in 2012.

Inclusion and exclusion criteria
Studies were included if they met the following criteria: 
(1) Original research articles that applied radiomics to 
the diagnosis, risk subtype prediction, TNM staging, MK 
staging, or MG risk assessment in patients with TETs. (2) 
Studies utilizing imaging modalities such as CT, MRI, or 
PET/CT to extract radiomics features. (3) provided suffi-
cient methodological detail to evaluate the robustness of 
the radiomics approach. Exclusion criteria included stud-
ies not related to radiomics, non-original research (e.g., 
reviews, editorials), and studies lacking a focus on diag-
nosis, risk stratification, staging, or MG assessment.

Data extraction and radiomics workflow
Data were extracted from each study, including study 
design (predominantly retrospective), sample size, refer-
ence standards (e.g., pathology, imaging), data sources 
(single or multi-institution), and outcomes related to 
diagnosis, risk subtype prediction, TNM staging, MK 
staging, and MG risk assessment.

The radiomics workflow was comprehensively 
reviewed, including imaging modalities (e.g., CECT, 
PET/CT, MRI), software tools like PyRadiomics and 
ITK-SNAP were commonly employed, preprocessing 
techniques such as normalization and manual 3D seg-
mentation. Feature selection and modeling methods 
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varied across studies. The optimal models used for anal-
ysis included logistic regression (LR), Support Vector 
Machine (SVM), random forest (RF) models, and other 
algorithms, with validation methods such as internal and 
external cross-validation. Performance metrics, such 
as the area under the curve (AUC), were systematically 
recorded.

Evaluation of study quality
The quality of the included studies was assessed using 
the Radiomics Quality Score (RQS) framework, which 
evaluates several key aspects [23]. These include image 
protocol quality (scored from 0 to 2), the use of multi-
ple segmentations (0 or 1), and the implementation of 
phantom studies (0 or 1) to assess reproducibility. Fea-
ture reduction techniques were also considered (scored 
from -3 to 3), alongside the use of multiple time points 
(0 or 1), non radiomics features (0 or 1), biological corre-
lates (0 or 1), and cutoff analysis (0 or 1). Discrimination 
statistics (0 to 2) and calibration statistics (0 to 2) were 
assessed to evaluate the model’s performance and predic-
tive accuracy. Studies were also evaluated based on the 
presence of a prospective study design (0 to 7), external 
validation (scored from -5 to 5), and clinical application 
(0 to 2). Additionally, the inclusion of a gold standard (0 

to 2), cost-effectiveness analysis (0 or 1), and open sci-
ence principles (0 to 4) were considered. The total RQS 
allowed for categorization of the studies, helping to iden-
tify those that provided high-quality evidence with the 
potential to inform clinical practice. Detailed scoring cri-
teria is available at Supplementary.

The RQS assessment was independently conducted 
by two senior radiologists (Dr. X.W. and Dr. P.H.), both 
of whom have extensive experience in radiomics-based 
research and systematic reviews. In cases of disagree-
ment, a third evaluator (Dr. W.D.) was consulted to 
resolve any discrepancies. This evaluation process 
ensured the reliability and consistency of the quality 
assessment.

Results
Literature search and data collection
We retrieved a total of 104 papers from PubMed (51) and 
Web of Science (53), which were then screened based 
on titles and abstracts. After eliminating 50 duplicates, 
54 articles were evaluated in full text. Of these, 23 stud-
ies met the inclusion criteria and were included in the 
final analysis (Fig.  1). Key findings from Supplementary 
Table  S1, including study characteristics such as sam-
ple size, study design, data sources, and conclusions. 

Fig. 1  Flowchart of the literature screening and selection process
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In Supplementary Table  S2, we present the radiomics 
workflow and model details for each study, including the 
imaging modalities used, segmentation methods, feature 
selection techniques, modeling methods, and validation 
approaches. The performance of optimal models is also 
summarized in Table S2, providing insights into the AUC 
values, sensitivity, specificity, and validation methods 
applied in the studies.

Diagnosis of TETs
Radiomics demonstrated significant improvements in 
the diagnostic accuracy of TETs compared to traditional 
imaging methods. Several studies focused on distinguish-
ing TETs from specific types of mediastinal lesions.

For differentiating thymic cysts from TETs, Zhang C 
et  al. [24] developed a CT-based radiomics nomogram, 
achieving an AUC of 0.992 in the validation cohort by 
integrating Rad-score with conventional imaging fea-
tures. Yang Y et  al. [30] also addressed this differentia-
tion using a deep transfer learning model combined with 
radiomics, reporting AUCs of 0.965 in internal and 0.959 
in external validation, thus showcasing the potential of 
advanced techniques to enhance diagnostic accuracy. 
Additionally, Shang L et al. [32] employed machine learn-
ing classifiers based on non-enhanced CT radiomics, 
achieving an AUC of 0.922 in the testing group for distin-
guishing thymomas from cysts, further highlighting the 
utility of radiomics in this setting.

Regarding the differentiation of thymic carcinoma 
from thymoma, Ohira R et al. [25] utilized two radiom-
ics features—GLCM-energy and solidity—in a LR model, 
resulting in an AUC of 0.921. Similarly, Mayoral M et al. 
[26] combined conventional imaging and radiomics fea-
tures, achieving AUCs of 0.941 and 0.810 in internal and 
external validation, respectively.

He W et al. [28] developed a model that integrated clin-
ical and radiomics features from contrast-enhanced CT 
to differentiate TETs from lymphomas, achieving impres-
sive AUCs of 0.955 in validation set. Similarly, Li J et al. 
[29] employed PET/CT-based radiomics for the same 
purpose, demonstrating a high diagnostic accuracy with 
an AUC of 0.907 in the testing phase.

Chang CC et  al. [27] further demonstrated diagnostic 
efficacy by using a LightGBM model with Extra Trees, 
achieving AUCs of 0.9117 and 0.9464 in the external vali-
dation cohort for non-enhanced and contrast-enhanced 
CT, respectively, in distinguishing TETs from other 
prevascular mediastinal tumors.

Prediction of risk subtypes
Radiomics-based models showed strong performance 
in predicting TETs risk subtypes, offering valuable 
insights into tumor aggressiveness. Nakajo M et al. [31] 

used PET-based radiomics and machine learning to 
accurately predict high-risk thymomas and thymic car-
cinomas. Hu J et  al. [33] applied a RF model with CT 
radiomics, achieving an AUC of 0.87 in the validation 
cohort for differentiating high-risk from low-risk TETs. 
Xiao G et  al. [34] incorporated MRI-derived features 
into a nomogram, reaching an AUC of 0.878 in the test 
cohort for predicting thymoma subtypes. Feng XL et al. 
[35] used an SVM model with AUC of 0.844 in testing 
set, for thymoma risk classification. Liu W et  al. [37] 
achieved superior results by combining clinical, radi-
omics, and deep learning features, with an AUC of 0.95 
in testing set. Shang L et al. [32] utilized non-enhanced 
CT radiomics to classify thymoma risk subtypes, with 
an AUC of 0.783 in the testing group. Wang X et  al. 
[19] demonstrated the use of texture features from both 
non-enhanced and contrast-enhanced CT, achieving 
AUCs of 0.801 and 0.827 for risk stratification. Chen X 
et  al. [38] employed a deep learning radiomics nomo-
gram, achieving AUCs of 0.868 (internal) and 0.846 
(external) across cohorts. Gao C et al. [39] reported an 
AUC of 0.960 in the validation cohort using a combined 
radiomics nomogram. Dong W et  al. [36] and  Liang 
Z  et al.  [40]  integrated clinical and radiomics features 
for an AUC of 0.870 and 0.967 in validation, while Shen 
Q et  al. [41] demonstrated good results using a radi-
omics-TNM nomogram, achieving an AUC of 0.79 in 
external validation.

TNM and MK staging systems
Radiomics demonstrated effectiveness in predicting 
TNM and MK stages. Araujo-Filho JAB et al. [16] showed 
that a CT-based radiomics model could predict TNM 
staging with an AUC of 0.708 in the testing set. Xiao G 
et al. [42] achieved high accuracy for TNM staging using 
MRI-based radiomics nomogram, with an AUC of 0.957 
in the test cohort. Blüthgen C et al. [43] reached an AUC 
of 0.838 for TNM staging with CT radiomics. Wang X 
et  al. [19] applied texture features from non-enhanced 
and contrast-enhanced CT to differentiate advanced 
from early-stage thymomas under the MK system, 
reporting AUCs of 0.829 and 0.860, respectively.

Assessment of MG risk
Radiomics models showed promise in assessing MG risk 
in thymoma patients. Liu Z et al. [44] developed a deep 
learning-based 3D DenseNet model to detect MG, with 
AUCs of 0.766 and 0.730 for internal and external vali-
dation, respectively. Blüthgen C et al. [43] also explored 
radiomics for MG risk prediction but reported moderate 
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accuracy with an AUC of 0.639, suggesting room for 
improvement.

RQS study quality analysis and methodological limitations
The RQS analysis revealed variability in the methodo-
logical quality across the 23 included studies. The high-
est scores (20) were achieved by studies such as those by 
Yang Y et  al. [30], Chen X et  al. [38] and Shen Q et  al. 
[41], which demonstrated strengths in calibration statis-
tics, external validation, and clinical applicability. How-
ever, none of the studies incorporated phantom studies. 
Additionally, all studies lacked biological correlates, such 
as molecular or histopathological markers. Furthermore, 
all studies were retrospective, with no inclusion of pro-
spective design elements. None of the studies conducted 
cost-effectiveness analysis, and all showed limited adher-
ence to open science principles. Supplementary Table S3 
provides the specific RQS scores and overall RQS scores 
for each included study.

Discussion
This review synthesizes the current status and advance-
ments in the application of radiomics for managing TETs, 
drawing from a comprehensive analysis of 23 studies 
involving 4701 patients. The findings indicate that radi-
omics significantly enhances the accuracy of diagnosing, 
staging, and predicting risk subtypes for TETs compared 
to traditional imaging approaches. However, the retro-
spective nature and methodological variability across 
studies highlight several areas that require further stand-
ardization and validation to facilitate clinical translation.

Radiomics has consistently demonstrated superior 
diagnostic performance compared to conventional imag-
ing techniques in distinguishing thymomas from other 
mediastinal masses, such as thymic cysts and lympho-
mas. Many studies [24, 25, 28, 29] achieved high AUC 
values (> 0.9) using radiomics-based models, includ-
ing LR, RF, and deep learning approaches. While these 
results suggest that radiomics offers a non-invasive and 
precise alternative to traditional imaging methods, the 
high AUC values raise concerns about potential overfit-
ting. Given the relatively small sample sizes and high-
dimensional feature space in radiomics, there is a risk 
that some models may not generalize well to independ-
ent datasets. Another key limitation is the variability in 
segmentation techniques; some studies rely on manual 
delineation, while others use semi-automated approaches 
[25, 28, 29]. Manual segmentation introduces observer 
variability, which can affect the reproducibility of radi-
omics features. Standardizing segmentation protocols 
and incorporating AI-driven automated segmentation 
tools could reduce variability and enhance feature con-
sistency across studies.

Radiomics-based models have also demonstrated 
strong potential in stratifying TETs risk subtypes and 
refining TNM and MK staging, offering valuable insights 
into tumor aggressiveness and supporting personal-
ized treatment planning. Several studies demonstrated 
high predictive accuracy in differentiating high-risk thy-
momas and thymic carcinomas from low-risk subtypes, 
with AUCs frequently exceeding 0.85 in the validation 
cohort. Other studies providing quantitative assessments 
of tumor invasion and surrounding tissue involvement. 
However, most studies were also conducted in single-
institution settings with small sample sizes, limiting their 
reproducibility.

The role of radiomics in predicting the risk of MG in 
thymoma patients remains an emerging area, with stud-
ies reporting moderate predictive success. While these 
results indicate that radiomics may assist in perioperative 
risk assessment, predictive performance remains lower 
than in diagnostic and staging applications. This may be 
attributed to the complex interaction between imaging 
features and the autoimmune mechanisms underlying 
MG.

Several imaging modalities are utilized in radiomics 
for TETs, including CT, MRI, and PET/CT, each offer-
ing distinct advantages. CT offers high spatial resolution 
and accessibility but has limited soft tissue contrast. MRI 
provides superior soft tissue contrast, making it valuable 
for distinguishing thymomas from other tumors, though 
it is less accessible and more time-consuming. PET/CT 
combines metabolic and anatomical information, aiding 
in the identification of aggressive TETs, but has lower 
spatial resolution. Given these strengths and limitations, 
multi-modal radiomics, integrating CT, MRI, and PET/
CT data, has the potential to improve diagnostic accu-
racy, staging, and risk stratification by capturing both 
structural and functional tumor characteristics. This 
approach could enhance predictive accuracy and over-
come individual modality limitations. Future research 
should explore multi-modal radiomics to develop 
more robust and clinically applicable models for TETs 
management.

Despite the promising findings, several methodologi-
cal challenges hinder the clinical translation of radiom-
ics in TETs. The RQS analysis revealed that most studies 
scored below 50% of the maximum possible score, high-
lighting key deficiencies such as the absence of phantom 
studies, limited external validation, and reliance on ret-
rospective designs. Phantom studies, which are crucial 
for ensuring feature reproducibility across different scan-
ners, were not included in any study, likely due to the lack 
of standardized imaging phantoms and logistical chal-
lenges. Similarly, external validation was performed in 
only 6 studies, limiting model generalizability. Barriers 
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to external validation include data-sharing restrictions, 
variability in imaging protocols, and the scarcity of multi-
center datasets for rare tumors like TETs. Furthermore, 
all studies were retrospective, with no inclusion of pro-
spective design elements. Retrospective studies are 
prone to biases such as selection and recall bias, which 
can affect the validity and generalizability of the findings. 
The absence of prospective elements limits the ability to 
assess the real-world applicability of radiomics models 
and hinders their integration into clinical practice. None 
of the studies conducted cost-effectiveness analyses, 
which are necessary to evaluate the practical and eco-
nomic feasibility of implementing radiomics in clinical 
settings. Additionally, all studies showed limited adher-
ence to open science principles, including insufficient 
data sharing and transparency, which are essential for 
reproducibility and independent verification.

To address these challenges, federated learning 
approaches can facilitate multi-center validation while 
ensuring patient privacy, thus enabling more robust and 
generalizable model testing. It is crucial to adopt more 
rigorous validation strategies, such as nested cross-val-
idation and the use of external test sets, to more accu-
rately assess model generalizability and reduce the risk 
of overfitting. The adoption of standardized imaging pro-
tocols, such as the IBSI (Image Biomarker Standardiza-
tion Initiative) guidelines [45], should be prioritized to 
ensure consistency in feature extraction across different 
institutions, further enhancing the reliability of radiomics 
models. Prospective clinical trials should be prioritized 
to improve the reliability and generalizability of the find-
ings, reducing biases inherent in retrospective designs. 
Additionally, cost-effectiveness analyses should be incor-
porated into future studies to assess the value of radiom-
ics in real-world clinical settings. Finally, adherence to 
open science principles should be enhanced by encourag-
ing data sharing and transparency, which would facilitate 
reproducibility, increase collaboration, and accelerate the 
clinical adoption of radiomics models in TETs.

Interpretability remains a significant challenge in the 
clinical adoption of radiomics. Many machine learning-
based models function as "black-box" systems, making it 
difficult for clinicians to understand how specific features 
contribute to predictions. To improve clinical acceptance, 
efforts should focus on developing explainable AI models 
with intuitive visualizations and feature importance rank-
ings. Key radiomics features, such as GLCM-energy and 
solidity [25], have biological relevance. GLCM-energy, 
which measures texture uniformity, reflects tumor het-
erogeneity, a hallmark of aggressive phenotypes, with 
lower energy values linked to more heterogeneous, inva-
sive tumors [46]. Solidity, a shape-based feature, indicates 
tumor invasiveness, as lower values suggest irregular, 

more invasive shapes [47]. Integrating radiomics with 
histopathological data and molecular biomarkers (such 
as genetic mutations or immune markers) could enhance 
feature interpretability, providing more precise and indi-
vidualized predictions and improving diagnosis, staging, 
and prognosis for TETs.

Conclusion
While radiomics holds substantial potential in advanc-
ing the diagnosis, risk stratification, and staging of TETs, 
achieving clinical implementation requires addressing 
standardization, validation, and interpretability chal-
lenges. Future research should prioritize multi-center 
prospective studies with well-defined imaging protocols, 
independent external validation, and the integration of 
multi-modal imaging data. The combination of radiom-
ics with artificial intelligence and molecular biomarkers 
may further refine risk assessment and improve personal-
ized treatment strategies. By overcoming these barriers, 
radiomics could transition from an experimental tool 
to a clinically actionable imaging biomarker, ultimately 
improving patient outcomes in TETs management.
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