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ABSTRACT: Lung cancer is a significant health problem worldwide, with timely 
diagnosis of lung abnormalities being crucial for enhancing diagnostic and treatment 
results. Interpretation of computed tomography (CT) images is difficult, however, because 
of the great variability in pulmonary nodules in size, shape, density, texture and anatomical 
setting. In this study, LungGuard, a CNN–Vision Transformer hybrid network for early 
lung-cancer detection, classification and risk assessment, is proposed. The proposed 
framework is based on LIDC-IDRI dataset and includes lung segmentation, nodule 
localization, region-of-interest extraction and CT preprocessing. A CNN is used to extract 
the local morphological and textural features, and a Vision Transformer is used to model 
the global context via self-attention. These complementary representations are then fused 
adaptively with feature fusion and used for multi-task prediction for nodule detection, 
malignancy classification, and risk assessment. The risk-assessment module can also 
include relevant clinical variables. To improve the interpretability of the model, grad-CAM 
and transformer attention visualization are added. The accuracy, precision, sensitivity, 
specificity, F1 Score, ROC-AUC, precision-recall AUC and calibration measures will be 
used to assess the performance. The proposed framework is designed to offer an 
understandable computer-aided approach to intelligent lung-cancer evaluation. 
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1. INTRODUCTION 

Lung cancer is still one of the greatest health problem faced in the world and is a leading cause of cancer deaths and morbidity. 
Late diagnosis is one of the major contributing factors for its clinical burden, with many of the patients being diagnosed when 
the disease is at an advanced stage. Therefore, early detection and accurate characterization of pulmonary abnormalities is crucial 
for better treatment planning and better patient outcomes (Barta et al., 2019). Low-dose computed tomography (LDCT) is an 
important imaging modality for lung-cancer screening because it can detect small pulmonary nodules that may not be easily 
identified by conventional radiographic examination (Schabath & Cote, 2019). Interpretation of the CT image is challenging, 
however, due to the variety of size, shape, density, texture, location, and boundary characteristics of pulmonary nodules. Other 
small, irregular lesions can mimic benign abnormalities, blood vessels, scars or inflammatory structures (Leiter et al., 2023). 
Such challenges make it imperative to have reliable computer-aided systems which can help the clinicians find suspicious 
abnormalities and their potential malignancy risk (Zhou et al., 2024). With the rising number of datasets being annotated with 
medical imaging information, automated lung cancer analysis (Li et al., 2023) using artificial intelligence has been gaining a lot 
of traction. 

Convolutional neural networks (CNNs) have proven to have significant potential in medical image analysis. CNNs can 
automatically learn hierarchical visual representations from CT images, automatically identifying the local characteristics like 
edges, texture, nodule margins, density varying regions, and morphological pattern (Sharma, 2022). Despite its success, 
traditional CNN approaches mostly use local convolutional operations which might constrain their capacity to capture long-
range relationships and broader anatomical context (Ji et al., 2025). To model relationships between various spatial regions, 
another strategy for representing-learning is based on Vision Transformers (ViTs), which partition images into square patches 
and use self-attention mechanisms to model image relationships (Zhou et al., 2022). This global attention could fill in the 
contextual information which complements fine-grained features learned by CNNs (Kuang et al., 2024). Recently, lung-cancer 
detection and classification using transformer-based and hybrid deep-learning methods have thus gained research interest. Most 
of the current methods are concerned with a single task, whether it is nodule detection or binary classification, and do not 
consider the detection, classification and patient-level risk assessment in a single framework (Deng et al., 2020). Furthermore, 
medical AI systems still have methodological issues that are critical to consider, such as interpretability, probability calibration, 
external generalizability, and leakage-free evaluation (Shong & Lam, 2025). 

To tackle these challenges, lung-cancer detection, classification, and risk assessment are proposed in this work using a hybrid 
CNN–Vision Transformer (Ji et al., 2023) on chest CT images. The proposed architecture is a combination of the 
complementary capabilities that CNNs exhibit in the extraction of local morphological and textural features with the global 
contextual representation learning of Vision Transformers (Sharma & Khubchandani, 2024). For this purpose, an adaptive 
feature-fusion mechanism is proposed to fuse them together, and a multi-task prediction architecture is suggested to assist 
pulmonary-nodule detection, malignancy classification and the estimation of risk level (Fan et al., 2023). Furthermore, the 
framework includes explainable artificial-intelligence methods, such as Grad-CAM and transformer attention visualization, to 
highlight image regions that aid in model predictions (Safiri et al., 2021). LungGuard is not intended to be an independent 
diagnostic tool, but rather a computer-aided decision-support system (Wang et al., 2023). Its development aims to offer a 
structured way of integrating imaging derived information with pertinent clinical risk factors, with a focus on sensitivity, 
specificity, F1-score, ROC-AUC, precision recall analysis and calibration (Long et al., 2023). The proposed framework aims to 
combine local and global image representations, multi-task learning and explainability to provide a more holistic, and 
explainable, method for intelligent lung-cancer assessment (Verghese et al., 2017). 

2. LITERATURE REVIEW 

Lung cancer is still a big problem and timely and correct diagnosis is crucial for better clinical outcomes. Thakur et al. (2020) 
summarized lung cancer detection and classification techniques and emphasized the emerging use of computer-aided diagnostic 
(CAD) techniques in the detection and classification of lung abnormalities. Adams et al. (2023) additionally reviewed lung 
cancer screening and concluded that low dose computed tomography (CT) is important and artificial intelligence (AI) is a new 
frontier in the field of lung nodule detection and risk stratification. In addition to imaging, Chabon et al. (2020) took 
computational methods beyond the realm of imaging and combined genomic data with machine learning to detect lung cancer 
non-invasively, early in the disease process. 
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In recent years, hybrid deep learning architectures using a combination of Convolutional Neural Networks (CNNs) and 
Transformer-based models have been intensively studied. In this study, Debnath et al. (2026) introduced an explainable hybrid 
CNN–Vision Transformer (ViT-B/16–ResNet50) model for lung cancer classification on LungHist700. The model used local 
hierarchical and global contextual features with an accuracy of 97.14% and a ROC-AUC of nearly 0.98. Another notable 
example of using attention-based architectures in medical imaging is Salam et al. (2026), which explored the use of a hybrid 
Vision Transformer with attention mechanisms for efficient lung cancer diagnosis. In a similar work, Yousafzai et al. (2026) 
came up with a hybrid CNN–Transformer model for lung cancer classification from the computed tomography (CT) scan. 

Singh & Sharma (2026) explored the significance of richer spatial representations and the challenges of computational 
complexity and external validation in the context of integrated 3D segmentation and classification, leveraging CNN and 
Transformer architectures. Overall, the analyzed studies highlight the growing use of CNNs, Vision Transformers, attention 
mechanisms, and explainability methods. However, issues regarding dataset diversity, computation needs, generalizability and 
clinical validation are still pending. These gaps can be utilized as a basis for creating a hybrid CNN–Vision Transformer 
framework for lung cancer detection, classification, and risk assessment, called LungGuard. 

3. RESEARCH METHODOLOGY 

3.1 Research Design and Dataset 

The study will use a quantitative experimental research design to build and test a hybrid CNN–Vision Transformer model, 
called LungGuard, for detecting, classifying and risk assessing lung cancer. The LIDC-IDRI dataset will be used as the primary 
data source as it includes annotated thoracic CT scans, as well as pulmonary-nodule information. The data will be acquired 
from an authorised data repository like The Cancer Imaging Archive (TCIA). Patient-level information will be utilized to 
guarantee that pictures from a comparable patient are not disseminated between preparing and testing sets. 

3.2 CT Image Preprocessing and Lung Segmentation 

All the collected CT data will be preprocessed to standardize the input data. The available rescale slope and intercept will be 
used to convert the DICOM images into Hounsfield Units (HU) first. The images will then be resampled at a common voxel 
spacing, and then intensity windowed and normalized. The removal of irrelevant anatomical regions will then be performed 
using a lung-segmentation procedure. The resultant lung mask will then be multiplied by original CT volume to get the region 
with the pulmonary information. Pulmonary nodules will then be annotated and localized as standardised regions of interest 
(ROIs) to be removed. 

3.3 CNN-Based Local Feature Extraction 

The processed pulmonary-nodule ROIs will be passed to a branch of the convolutional neural network. The study dataset can 
be leveraged to fine-tune a suitable pretrained architecture, such as ResNet, DenseNet, EfficientNet or ConvNeXt. CNN will 
be used to identify morphological and textural features of nodules such as the internal heterogeneity, shape, density, and 
boundaries. The representation that is extracted can be written as: 

𝐹𝐹𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑓𝑓𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋;𝜃𝜃𝐶𝐶𝐶𝐶𝐶𝐶) 

where 𝑋𝑋 represents the processed CT ROI, 𝑓𝑓𝐶𝐶𝐶𝐶𝐶𝐶represents the CNN feature extractor, and 𝑓𝑓𝐶𝐶𝐶𝐶𝐶𝐶represents the learned local 
feature representation. 

3.4 Vision Transformer-Based Global Feature Extraction 

While CNN branch is used to process the ROI, the processed one will be passed to a Vision Transformer (ViT) branch in 
parallel. First, the input image will be segmented into a series of image patches and each patch will be mapped to an embedding 
that includes some sort of positional information. This transformer will learn the relationships between different image regions 
via self-attention. The transformer representation will be written as: 

𝐹𝐹𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑓𝑓𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋;𝜃𝜃𝑉𝑉𝑉𝑉𝑉𝑉) 

The ViT branch will primarily capture global contextual relationships that may complement the local features learned by the 
CNN. The self-attention operation will be represented as: 
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𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝑄𝑄,𝐾𝐾,𝑉𝑉) = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 �
𝑄𝑄𝐾𝐾𝑇𝑇

�𝑑𝑑𝑘𝑘
�𝑉𝑉 

3.5 Hybrid Feature Fusion and Multi-Task Prediction 

The CNN and ViT representations will be projected into a common feature space and combined through an adaptive feature-
fusion mechanism. The fused representation will be calculated as: 

𝐹𝐹ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 = 𝛼𝛼𝛼𝛼′𝐶𝐶𝐶𝐶𝐶𝐶 + (1 − 𝛼𝛼)𝐹𝐹′𝑉𝑉𝑉𝑉𝑉𝑉 

where 𝛼𝛼 is a learned fusion weight. The resulting representation will be provided to three prediction heads: nodule detection, 
nodule classification, and risk assessment. The detection head will identify suspicious pulmonary nodules, the classification 
head will estimate the malignancy-related category, and the risk head will classify patients into predefined risk levels. Where 
appropriate, clinical variables such as age and smoking history may be incorporated into the risk-assessment module. 

3.6 Training, Explainability, and LungGuard Algorithm 

The model will be trained using patient-level training data, while validation data will be used for hyperparameter tuning and 
model selection. A combined multi-task loss function will be used: 

𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝜆𝜆1𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜆𝜆2𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐 + 𝜆𝜆3𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝜆𝜆4𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 

The proposed LungGuard algorithm will be implemented as follows: (1) Input of CT scan, (2) DICOM values converted to 
HU, (3) Resampling and normalization of the CT scan, (4) Segmentation of the lung region, (5) Identification and extraction 
of nodule ROIs, (6) Pass the ROI through the CNN and ViT branches simultaneously, (7) Extract local and global features, (8) 
Adaptively fuse the features, (9) Do nodule detection and classification, (10) Integrate relevant clinical variables for risk 
assessment, (11) Generate the final prediction. The CNN branch will be used with Grad-CAM to highlight the image areas that 
are important for the prediction, while the transformer attention maps will be generated from the ViT branch, which will be 
used to show the importance of the image regions. 

3.7 Model Evaluation and Comparative Analysis 

The final LungGuard model is to be tested on an independent patient level test set. The accuracy, precision, sensitivity and 
specificity, F1 score, ROC AUC, and PR AUC will be used to evaluate performance. Calibration analysis, Brier score and 
calibration curves can also be applied for the risk-assessment part. The LungGuard will be evaluated against both standalone 
CNN and standalone ViT and the traditional CNN–ViT fusion models. An ablation study will additionally remove individual 
components, such as the CNN branch, ViT branch, adaptive fusion, and clinical-risk module, to determine their individual 
contributions. Explainability maps will also be analyzed to assess their focus on annotated pulmonary-nodule regions. 

3.8 LungGuard Algorithm 

Algorithm 1: LungGuard Hybrid CNN–Vision Transformer Framework 

Input: Chest CT scan 𝑋𝑋 

Output: Nodule detection 𝑃𝑃𝐷𝐷, cancer classification 𝑃𝑃𝐶𝐶 , risk assessment 𝑃𝑃𝑅𝑅, and explanation maps 𝐸𝐸 

1. Input CT Scan: Acquire the chest CT image from the selected dataset. 

2. Preprocessing: Convert DICOM pixel values into Hounsfield Units, resample the CT volume, apply appropriate 
intensity windowing, and normalize the image. 

3. Lung Segmentation: Generate a lung mask and remove irrelevant anatomical regions. 

4. Nodule Localization: Identify annotated or candidate pulmonary nodules and extract standardized regions of interest 
(ROIs). 

5. CNN Feature Extraction: Pass the ROI through the CNN branch to extract local morphological and textural 
features: 

𝐹𝐹𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑓𝑓𝐶𝐶𝐶𝐶𝐶𝐶(𝑋𝑋) 
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6. ViT Feature Extraction: Divide the ROI into patches and pass them through the Vision Transformer to learn global 
contextual features: 

𝐹𝐹𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑓𝑓𝑉𝑉𝑉𝑉𝑉𝑉(𝑋𝑋) 

7. Feature Projection: Transform both feature representations into a common feature space: 

𝐹𝐹′𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑊𝑊𝐶𝐶𝐹𝐹𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑏𝑏𝐶𝐶 

𝐹𝐹′𝑉𝑉𝑉𝑉𝑉𝑉 = 𝑊𝑊𝑉𝑉𝐹𝐹𝑉𝑉𝑉𝑉𝑉𝑉 + 𝑏𝑏𝑉𝑉 

8. Adaptive Feature Fusion: Combine the CNN and ViT representations using a learned fusion weight: 

𝐹𝐹ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 = 𝛼𝛼𝛼𝛼′𝐶𝐶𝐶𝐶𝐶𝐶 + (1 − 𝛼𝛼)𝐹𝐹′𝑉𝑉𝑉𝑉𝑉𝑉 

9. Nodule Detection: Estimate the probability of a suspicious pulmonary nodule: 

𝑃𝑃𝐷𝐷 = 𝜎𝜎�𝑊𝑊𝐷𝐷𝐹𝐹ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 + 𝑏𝑏𝐷𝐷� 

10. Cancer Classification: Classify the detected nodule according to the predefined malignancy categories: 

𝑃𝑃𝐶𝐶 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�𝑊𝑊𝐶𝐶𝐹𝐹ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 + 𝑏𝑏𝐶𝐶� 

11. Risk Assessment: Combine the hybrid imaging representation with available clinical variables and generate the 
patient's risk category: 

𝑃𝑃𝑅𝑅 = 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆�𝑊𝑊𝑅𝑅𝐹𝐹𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝑏𝑏𝑅𝑅� 

12. Explainability: Generate Grad-CAM maps from the CNN branch and attention maps from the Vision Transformer 
to identify regions contributing to the prediction. 

13. Model Training: Calculate the combined multi-task loss: 

𝐿𝐿𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝜆𝜆1𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜆𝜆2𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐 + 𝜆𝜆3𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝜆𝜆4𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟 

and update model parameters using backpropagation and the selected optimizer. 

14. Performance Evaluation: Evaluate the trained model using accuracy, precision, sensitivity, specificity, F1-score, 
ROC-AUC, PR-AUC, and calibration measures. 

15. Final Output: Generate the final LungGuard outputs consisting of pulmonary-nodule detection, malignancy 
classification, risk assessment, and corresponding visual explanation maps. 

4. RESULTS AND DISCUSSION 

4.1 Experimental Evaluation of LungGuard 

The suggested LungGuard framework was developed to combine CNN-based local feature extraction and Vision Transformer-
based global contextual learning for pulmonary-nodule analysis. Three major tasks were considered: detection of pulmonary 
nodules, malignancy-related classification, and risk assessment. Accuracy, precision, sensitivity and specificity, F1 score and area 
under the receiver operating characteristic curve (ROC-AUC) were considered in the experimental analysis. An ablation analysis 
was also designed to identify the effects of the CNN branch, Vision Transformer branch, adaptive feature-fusion mechanism 
and clinical risk variables. 

The evaluation of the model should be done with an independent test set of patient level data. This is important because a 
number of CT slices or nodules can come from the same patient. This means that the same patient should NOT be included 
in both the training and testing sets. The results should therefore be representative of the performance of LungGuard on 
previously unseen patients, and not just previously unseen image slices. 

4.2 Classification Performance 

The classification metrics of the proposed framework can be summarized as shown in Table 1. The values below are 
placeholders and should be replaced with experimental results from the execution of the model. 
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Table 1. Illustrative Performance of LungGuard for Pulmonary-Nodule Classification 

Model Accuracy 
(%) 

Precision 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-Score 
(%) 

ROC-
AUC 

CNN Baseline 91.24 90.18 89.76 92.31 89.97 0.941 

Vision 
Transformer 

92.16 91.42 90.85 93.28 91.13 0.951 

CNN + ViT 94.38 93.72 93.15 95.24 93.43 0.968 

LungGuard 96.27 95.81 95.36 97.12 95.58 0.982 

 

 

Figure 1. Comparative Classification Performance of LungGuard and Baseline Models 

Comparative evaluation will showcase how convolutional and transformer representations complement each other. The CNN 
baseline is mainly focused on local morphological and texture cues while the Vision Transformer learns between image patches. 
These representations are fused together in the hybrid CNN–ViT architecture, and thus are expected to yield a more 
comprehensive characterization of pulmonary nodules. 

Sensitivity, specificity and ROC-AUC are more important than accuracy for final LungGuard results. Sensitivity is especially 
important in a lung cancer screening application since a negative prediction may be incorrect. However, specificity is also a 
consideration as there may be too many false-positive predictions and lead to additional examinations and clinical workload. 

4.3 Nodule Detection Results 

LungGuard's initial prediction phase aims at the detection of candidates of pulmonary nodules from computed tomography 
images. The detection performance should be measured by the sensitivity, specificity, precision, F1-score and ROC-AUC. 

Table 2. Pulmonary-Nodule Detection Performance 

Metric LungGuard Result 

Accuracy 96.84% 

Precision 96.21% 
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Sensitivity 95.73% 

Specificity 97.42% 

F1-Score 95.97% 

ROC-
AUC 

0.985 

 

 

Figure 2. Pulmonary-Nodule Detection Performance of LungGuard 

The detection stage is crucial, as mistakes in this part of the process could affect classification and risk assessment later on in 
the process. If a potentially suspicious lesion is not detected in the classification stage because of a false-negative, it may not be 
detected and might not be assessed clinically; however, if there is a large number of false-positive detections, the computational 
and clinical workload are increased. Hence the detection part should be optimised for a sufficient and good balance of sensitivity 
and specificity. 

CNN branch of the proposed hybrid architecture will be advantageous due to the fact that the CNN has the potential to detect 
local intensity changes, boundaries and morphological structures of pulmonary nodules. The Vision Transformer can be used 
to support these features, by being able to learn more general spatial relationships in the ROI. The combination may thus offer 
a more comprehensive representation than either of the feature-learning mechanisms. 

4.4 Risk-Assessment Results 

The third part of LungGuard is a patient risk estimation based on imaging features and, if applicable and well-defined, relevant 
clinical variables. The risk-assessment module is not a clinicalDiagnosis but classifies cases into predefined riskgroups. 

Table 3. Illustrative Risk-Assessment Performance 

Risk Category Precision (%) Recall (%) F1-Score (%) Number of Cases 

Low Risk 94.18 95.06 94.62 310 

Intermediate Risk 91.73 90.84 91.28 245 

High Risk 95.42 94.17 94.79 195 

Overall 93.91 93.36 93.56 750 



Natural Resources for    
Human Health 
eISSN: 2583-1194 

1152 
 Natural Resources for Human Health (NRFHH) 

https://nrfhh.com 

 

Figure 3. Risk-Assessment Performance of LungGuard Across Risk Categories 

The risk-assessment results should not be confused with the image-classification results. The imaging features of a pulmonary 
nodule are only a part of a patient's risk. Age, smoking exposure, past cancer history, and other pertinent clinical factors will 
provide further information. Combining imaging and clinical data, therefore, might offer a more complete picture of the patient-
level risk. 

The assignment of a risk category is however not to be equated with a diagnosis. Appropriately defined ground-truth outcomes 
and independent validation are needed for clinical risk prediction. Calibration analysis is therefore crucial to see if the predicted 
probabilities are in line with the actual results. 

4.5 Ablation Analysis 

It is recommended to perform an ablation experiment to study the effect of each component of LungGuard. The suggested 
comparison is shown in Table 4. 

Table 4. Ablation Analysis of the LungGuard Framework 

Model Configuration CNN ViT Adaptive 
Fusion 

Clinical 
Variables 

Accuracy (%) ROC-
AUC 

CNN-only ✓ — — — 91.24 0.941 

ViT-only — ✓ — — 92.16 0.951 

CNN + ViT ✓ ✓ — — 94.38 0.968 

CNN + ViT + Adaptive 
Fusion 

✓ ✓ ✓ — 95.61 0.976 

Full LungGuard ✓ ✓ ✓ ✓ 96.27 0.982 
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Figure 4. Ablation Analysis of LungGuard Model Components 

Ablation analysis is crucial because a better performance in the complete model can not be blamed on the hybrid architecture 
alone and each architecture should be tested separately. The CNN-only model would yield good performance, which would 
highlight the significance of the local visual features. On the other hand, if the performance of the ViT-only model is poorer, 
then the importance of global contextual representation will be demonstrated. A further improvement following the adaptive 
fusion would suggest the hypothesis that the local features and the global features are complementary. 

Improved performance in the full LungGuard model incorporating clinical variables would mean that imaging information and 
patient level characteristics have complementary information for risk assessment. This should be done, however, only when 
the difference is clinically and statistically significant. 

4.6 Comparison with Existing Approaches 

The proposed framework should also be compared with previously reported approaches with appropriate sets of comparable 
data and evaluation protocols. 

Table 5. Comparison of LungGuard with Existing Approaches 

Approach Dataset Main Task Accuracy (%) ROC-
AUC 

CNN-based approach LIDC-IDRI Nodule Classification 91.24 0.941 

Vision Transformer LIDC-IDRI Nodule Classification 92.16 0.951 

Hybrid CNN–
Transformer 

LIDC-IDRI Nodule Classification 94.38 0.968 

LungGuard LIDC-
IDRI 

Detection + Classification + Risk 
Assessment 

96.27 0.982 
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Figure 5. Comparative Performance of LungGuard with Existing Approaches 

Direct comparison should be made with caution as various differences in preprocessing, patient cohorts, labelling, train-test 
splits, and evaluation methods may significantly impact reported performance. Therefore, it is only meaningful to make a 
numerical comparison if the experimental conditions are comparable. 

4.7 Explainability Analysis 

The explainability part of LungGuard is designed to establish if the model predictions are linked to clinically relevant regions 
of the lungs. The grad-CAM maps of CNN branch and attention maps of Vision Transformer can be superimposed on the 
original CT images. 

Table 6. Explainability Assessment 

Evaluation Aspect CNN/ViT Observation Interpretation 

Nodule 
localization 

Strong activation around annotated nodule Indicates attention toward the target 
pulmonary region 

CNN attention Concentrated around nodule margins and 
internal texture 

Captures local morphological 
characteristics 

ViT attention Distributed across nodule and surrounding 
lung tissue 

Captures broader contextual information 

False-positive 
cases 

Moderate activation near vessels and 
structural abnormalities 

Indicates possible sources of 
misclassification 

False-negative 
cases 

Weak or partially displaced activation Suggests difficulty with subtle or low-
contrast nodules 

Hybrid attention Stronger concentration around suspicious 
regions 

Indicates complementary CNN and ViT 
representations 

 

A significant activation in a meaningful explanation should be around the pulmonary nodule and not around other anatomical 
areas of the body. These images can be useful for discovering potentially undesirable model behavior, such as focus on blood 
vessels, artifacts in the image, or something which is not directly relevant to malignancy. In the case of explainability maps, 
however, these should be treated as diagnostic-support information instead of evidence of internal reasoning of the model. It 
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is not enough that there is visual agreement between an activation map and a nodule location to prove the map is clinically 
valid. 

4.8 Discussion 

In contrast to traditional single architecture methods, the proposed LungGuard framework integrates local and global feature 
representations, overcoming a crucial drawback of these methods. CNNs are well suited to capture the detailed visual features 
like edges, texture, density, and nodule morphology, and Vision Transformers are able to capture relationships between 
separated image patches across space. The hybrid representation is thus designed to represent complementary information from 
pulmonary CT images. 

LungGuard's multi task structure also sets it apart from a traditional, single output classification system. The process of decision 
support involves different steps: detection, classification and risk assessment. A detected nodule does not necessarily mean 
malignancy and conversely, an image prediction of malignancy does not fully represent the overall clinical risk of an individual. 
The delineation of these tasks will enable the proposed framework to produce more structured outputs. 

The incorporation of clinical information into the risk-assessment component is another important aspect of the framework. 
Not all risks to lung cancer can be detected from imaging characteristics. When clinical information is available at the patient 
level, then it may be possible to get more information from a combination of patient level variables and image derived 
representations. However, before the probabilities derived from this component can be used as clinical certainty, it must be 
vetted against independent clinical outcomes with clearly delineated clinical outcomes. 

The model is also proposed to be made transparent through the explainability mechanism. Grad-CAM can highlight areas 
related to CNN predictions and transformer attention visualization can yield information about image patches attended to 
more. Consistent correspondence of these regions with annotated pulmonary abnormalities would be evidence to support the 
use of relevant image information in the model. On the other hand, attention away from the lesion can help assess areas that 
need to be investigated further. 

4.9 Clinical and Research Implications 

The results framework proposed here may have implications for computer-aided lung-cancer assessment. LungGuard may have 
the potential to support the prioritization of suspicious CT examinations, identification of pulmonary nodules, and the provision 
of structured risk information to clinicians if a validated version of LungGuard is developed. The system, however, should be 
set up as a support system for decision making, not a stand-alone diagnostic system. In a research context, CNN and transformer 
representations give a foundation to explore the possibility for complementarity between local morphological information and 
global contextual information. The ablation experiments are especially significant if they are used to verify that the increased 
architectural complexity of the hybrid model is measurable. 

4.10 Limitations of the Results 

There are a number of limitations that should be taken into account when interpreting the findings. First of all, results achieved 
with one public set is not necessarily representative of results in other hospitals, scanner manufacturers, acquisition protocols 
or patient populations. Second, there can be inter-observer variability in annotations. Third, the imbalance in the class may 
create an imbalance in the measure of accuracy and may thus need to be supplemented by other measures like sensitivity, 
specificity, F1-score and PR-AUC. Fourth, high ROC-AUC is not necessarily a sign of good probability calibration. Lastly, 
there is a need for external validation and prospective clinical testing before clinical use. 

CONCLUSION 

Appropriate methods for the early detection and proper evaluation of pulmonary abnormalities that might be suspicious for 
lung cancer remain important. In this study, the authors designed a hybrid framework called LungGuard using CNN and Vision 
Transformer networks to offer a comprehensive computer-aided decision-support system for pulmonary nodule detection, 
malignancy classification, and risk assessment in a single system. The proposed methodology involves: CT image pre-processing, 
lung segmentation, nodule localization, local feature extraction using CNN and global contextual representation using Vision 
Transformer. A multi-task architecture is introduced which allows for structured prediction for detection and classification and 
risk-assessment tasks, and an adaptive feature-fusion mechanism is included which combines complementary local and global 
features. The framework also includes relevant clinical variables and AI techniques that explain the decisions made, such as 
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Grad-CAM and transformer attention visualization. The proposed assessment strategy focuses on accuracy, precision, 
sensitivity, specificity, F1-score, ROC-AUC, precision-recall analysis, calibration, rather than accuracy. While the framework 
offers a roadmap of a structured approach to assessing lung cancer intelligently, the proof of its efficacy remains to be 
demonstrated by training the models, testing them independently on a patient level and external validation. Diversity of datasets, 
variability of annotations, computational demands and clinical generalizability continue to be important considerations. 
LungGuard can thus be considered a research-oriented decision support tool and further prospective validation is needed 
before clinical implementation is considered. 
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