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Abstract

Lung cancer is one of the leading causes of cancer-related deaths worldwide, making early diagnosis
essential for improving patient outcomes. Although Low-Dose Computed Tomography (LDCT) supports
early detection, manual interpretation of volumetric CT scans is time-consuming and subject to
considerable inter-observer variability. Existing deep learning approaches also face challenges related to
model interpretability, limited use of radiomic information, varying nodule sizes, and computational
complexity. This paper presents a hybrid framework that combines multi-scale 3D Convolutional Neural
Networks (3D CNNs), handcrafted radiomic features, a Convolutional Block Attention Module (CBAM),
and 3D Grad-CAM for explainable lung nodule classification. The model was evaluated on 2,661 annotated
nodules from 1,018 CT scans in the publicly available LIDC-IDRI dataset using a strict patient-level data
split. It achieved 93.8% accuracy, 91.4% sensitivity, 95.2% specificity, and an AUC of 0.9489, while
requiring only ~450K parameters and an average inference time of 58 ms. Quantitative evaluation of the
generated 3D Grad-CAM heatmaps produced an Intersection-over-Union (loU) of 0.77 with expert
annotations, indicating good agreement between model explanations and clinically relevant regions.
These results demonstrate that combining multi-scale feature learning with radiomic descriptors can
provide accurate and computationally efficient lung nodule classification.
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Introduction

Lung cancer continues to be a major public health concern, accounting for more than 2.8 million new
cases and nearly 1.9 million deaths each year. Detecting the disease at an early stage has a substantial
impact on patient outcomes. When identified during Stage |, the five-year survival rate exceeds 90%,
whereas advanced metastatic disease is associated with survival rates below 10%. Screening using Low-
Dose Computed Tomography (LDCT) has therefore become an important tool for early diagnosis.
However, each CT examination contains hundreds of slices, making manual interpretation both time-
consuming and demanding. In addition, subtle lesions such as ground-glass opacities, together with
overlapping anatomical structures, contribute to inter-observer variability that has been reported
between 10% and 40%.
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Deep learning has considerably improved the performance of Computer-Aided Diagnosis (CAD) systems
for lung nodule analysis. In particular, 3D Convolutional Neural Networks (3D CNNs) are well suited to
volumetric CT data because they learn spatial information directly from three-dimensional image
volumes. Despite these advances, several factors continue to limit their routine clinical use.

One limitation is that many existing models rely on a single input patch size. While effective for certain
nodules, fixed receptive fields often fail to represent both fine internal textures and the surrounding
anatomical context when lesion size varies.

Another limitation is the limited integration of radiomic features. Quantitative descriptors describing
texture, shape, and intensity contain clinically relevant information but are frequently excluded from deep
learning pipelines or processed independently of learned image features.

Model interpretability also remains an important concern. Although visualization methods such as Grad-
CAM are commonly used, many studies rely on qualitative inspection of heatmaps without comparing
them quantitatively with expert annotations. This makes it difficult to assess whether highlighted regions
correspond to clinically meaningful structures.

A further issue relates to dataset partitioning. Several published studies divide data at the nodule level
instead of the patient level, allowing scans from the same patient to appear in both training and testing
sets. Such data leakage can lead to overly optimistic performance estimates that may not reflect real
clinical performance.

Finally, model complexity continues to be a practical consideration. Modern Vision Transformer (ViT)
architectures often contain more than 100 million parameters, making deployment challenging on
standard clinical workstations without dedicated GPU infrastructure.

To address these limitations, this work presents a hybrid framework that combines multi-scale 3D CNN
feature extraction, radiomic feature fusion, CBAM attention, and quantitatively evaluated 3D Grad-
CAM within a compact architecture containing approximately 450,000 parameters. The framework is
designed to balance classification performance, computational efficiency, and model interpretability
while following a strict patient-level evaluation protocol.

Related work

Recent research on Al-based lung nodule classification has explored several directions, including 3D
Convolutional Neural Networks (3D CNNs), Vision Transformers (ViTs), radiomics-assisted models,
Explainable Artificial Intelligence (XAl), and lightweight deep learning architectures. Each approach
addresses different aspects of lung nodule analysis, ranging from feature representation and classification
performance to model interpretability and computational efficiency. Table | summarizes representative
studies published between 2022 and 2026, together with their main contributions and reported

limitations.
Table I. Representative Studies on Al-Based Lung Nodule Classification (2022-2026)
Year Methodology /  Key Strengths Identified Limitations
Reference
2022 Self-Supervised Learns rich global contextual High computational
3D Vision features complexity; detection-
Transformer oriented
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2023

2024

2025

2025

2025

2025

2026

2026

Prop.

Comprehensive  ViT Summarizes multi-modal ViT  Highlights substantial
Thoracic Review advances translation barriers

TiCNet (CNN- Effective multi-scale feature =~ Focuses on detection rather
Transformer Hybrid) fusion than malignancy scoring
GSC-DVIT (Dual-  Reduced parameter  Lacks guantitative XAl
Attention ViT) footprint validation

CNN + SHAP + Incorporates  feature-level No guantitative spatial
CatBoost XAl localization metrics

Pipeline

CLAHE + CNN- Contrast & radiomic feature  Lacks  robust  multi-scale
Radiomics Pipeline enhancement contextual learning

Hybrid Vision Combines local and global High computational latency
Transformer Pipeline representations (>200 ms)

Multi-View Multi-view spatial feature = Minimal evaluation in clinical
Radiomics integration workflows

Transformer

Multi-Modal Enhanced visual ~ General focus on overall
Explainable Al interpretability pulmonary disease
Multi-Scale 3D High accuracy (93.8%), 450K  Requires prospective

CNN + Radiomics
+ CBAM + 3D

58 ms
quantitative loU = 0.77

params, runtime,

multi-center trial

validation

Grad-CAM

The comparison shows that transformer-based models are effective at learning global contextual

information but usually require large computational resources. Hybrid CNN-Transformer architectures

improve feature representation, although many have been designed primarily for nodule detection rather

than malignancy classification. Other studies have incorporated radiomic features or explainability

techniques; however, quantitative validation of model explanations remains limited. Lightweight

architectures have reduced computational requirements, but balancing efficiency, interpretability, and

diagnostic performance is still an open research problem.

Key Contribution

1.

A review of recent literature identifies several challenges that continue to limit the practical
adoption of Al-based lung nodule classification systems. These include limited multi-scale feature
representation, inadequate integration of radiomic features with deep learning, insufficient
guantitative evaluation of explainability methods, inconsistent validation protocols, and the high
computational cost of modern transformer-based architectures.

To address these issues, this work introduces a hybrid framework that combines multi-scale
volumetric feature handcrafted attention-based feature

learning, radiomic descriptors,
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refinement, and quantitative explainability within a computationally efficient architecture. The
principal contributions of this study are summarized below.

3. A multi-scale 3D CNN architecture is developed using three parallel input volumes (323, 483, and
643 voxels) to capture fine texture, lesion morphology, and surrounding anatomical context
across nodules of different sizes.

4. Handcrafted radiomic descriptors extracted using PyRadiomics are integrated with deep features
through a unified feature fusion strategy, allowing quantitative imaging biomarkers to
complement learned representations.

5. A Convolutional Block Attention Module (CBAM) is incorporated after feature fusion to enhance
diagnostically relevant feature channels while suppressing less informative responses.

6. Model interpretability is improved using 3D Grad-CAM, and the generated attention maps are
guantitatively evaluated against expert radiologist annotations using the Intersection-over-Union
(loU) metric.

7. The framework follows a strict patient-level data partitioning strategy, preventing patient
overlap between training and testing datasets and reducing the possibility of data leakage.

8. The proposed architecture achieves 93.8% classification accuracy, 91.4% sensitivity, 95.2%
specificity, and an AUC of 0.9489, while requiring only approximately 450K trainable parameters
and an average inference time of 58 ms.

Table Il summarizes the identified research challenges together with the corresponding design

choices incorporated into the proposed framework.

Table Il. Research Gap Analysis & Proposed Architectural Solutions

Research Challenge Identified Limitation Proposed Solution

Existing Approaches

Multi-Scale Single-scale Fails to capture Three parallel 3D CNN
Feature CNN / fixed heterogeneous branches (323, 483 643
Extraction receptive field nodule sizes voxels) capture texture,

morphology & context
Feature Fusion Deep features or Sub-optimal feature = Hybrid concatenation of
Strategy radiomics used synergy 384D deep features with
independently 28 PyRadiomics

descriptors

XAl Rigor Qualitative visual  No objective 3D Grad-CAM heatmaps
heatmaps localization guantitatively evaluated
verification via loU against

radiologist annotations
Validation Nodule-level dataset Data leakage; overly Strict patient-level data
Integrity partitioning optimistic metrics partitioning  ensuring
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zero inter-set patient

overlap
Deployment Heavy Transformer  High latency (>200 Ultra-lightweight ~450K
Viability architectures ms) and huge  parameter model
parameters (>100M) achieving 58 ms

inference per scan

Methodology

The proposed framework follows six sequential processing stages: (1) Preprocessing and Resampling, (2)
Multi-Scale 3D CNN Feature Learning, (3) Radiomic Feature Extraction, (4) Hybrid Feature Fusion with
CBAM Attention, (5) Softmax Classification, and (6) Quantitative Evaluation using 3D Grad-CAM. The
complete processing pipeline is illustrated in Figure 2.

A. CT Image Preprocessing

The input DICOM CT scans are first converted to Hounsfield Units (HU) and windowed between -1000
HU and +400 HU to highlight the lung parenchyma. To maintain a consistent spatial resolution across all
scans, each volume is resampled to an isotropic voxel spacing of 1 x 1 x 1 mm?2. Using the annotated lesion
centroids provided in the LIDC-IDRI dataset, three concentric cubic Volumes of Interest (VOIs) are
extracted with sizes of 323, 482, and 64> voxels. These patches capture complementary information,
including fine texture and margins, lesion morphology, and the surrounding anatomical context.

B. Multi-Scale 3D CNN Branches and Radiomics

Each of the three parallel CNN branches uses the same architecture consisting of Conv3D(16) =
Conv3D(32) - MaxPool - Conv3D(64) - Global Average Pooling (GAP) - FC(128). The outputs from
the three branches are concatenated to form a 384-dimensional deep feature vector (FCNN).

In parallel, PyRadiomics extracts 28 quantitative radiomic descriptors (FR) from each nodule. These
descriptors include shape features, first-order statistics, Gray-Level Co-occurrence Matrix (GLCM), Gray-
Level Run Length Matrix (GLRLM), and Gray-Level Size Zone Matrix (GLSZM) features, providing
additional quantitative information about lesion characteristics.

C. Hybrid Feature Fusion and CBAM Module

The deep feature vector and handcrafted radiomic descriptors are combined to obtain a 412-dimensional
hybrid feature vector (FH = FCNN @ FR). This representation is then processed using the Convolutional
Block Attention Module (CBAM), which applies channel attention followed by spatial attention. These
attention mechanisms emphasize diagnostically important features while reducing the influence of less
informative background responses before the final classification stage.

Mathematical Formulation

Let the input CT volume be represented by X € R™W*P from which three volumetric patches Xs2, Xas, and
Xes are extracted. The mathematical formulation of the proposed framework is given below.

(1)

(2)
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(3)
(4)

(5)
(6)
(7)

The proposed framework was evaluated using the LIDC-IDRI dataset, which contains 1,018 thoracic CT
scans and 2,661 annotated lung nodules (23 mm). Nodules with radiologist consensus scores of <2 were
considered benign, whereas nodules with scores of 24 were labeled malignant. Cases with an
intermediate score of 3 were excluded from the experiments.

To prevent data leakage, a strict patient-level partition was adopted, allocating 60% of the patients for
training, 15% for validation, and 25% for testing.

The network was trained using the Adam optimizer with early stopping. Model performance was
evaluated using Accuracy, Sensitivity, Specificity, AUC-ROC, McNemar's statistical test (p < 0.001),
10,000 bootstrap confidence interval iterations, and loU-based localization analysis for the generated
Grad-CAM heatmaps.

The proposed framework was compared with representative volumetric deep learning models commonly
used for lung nodule classification. The quantitative performance comparison is presented in Table Ill.

Table Ill. Comparative Diagnostic Performance Analysis on Held-Out Test Set

Model Accuracy Sensitivity Specificity AUC Parameters Inference
Architecture (%) (%) (%) (ms)
ResNet50 (3D) 89.2 87.3 90.8 0.9380 11 M 95
DenseNet121 915 89.1 93.4 0.9560 7M 87

(3D)

Vision 90.8 88.5 92.7 0.9520 >150 M >200
Transformer

(ViT)

Proposed 93.8 91.4 95.2 0.9489 450 K 58
Framework

As shown in Table lll, the proposed framework achieved the highest overall classification accuracy (93.8%)
while maintaining a balanced sensitivity (91.4%) and specificity (95.2%). Compared with DenseNet121 and
Vision Transformer architectures, the proposed model requires substantially fewer parameters (450K)
and achieves a lower average inference time (58 ms). Statistical analysis using McNemar's test confirmed
that the observed performance improvement was significant (p < 0.001), and the 95% bootstrap
confidence interval for the AUC ranged from 0.934 to 0.962.
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Ablation Study

To assess the contribution of each component, an ablation study was performed by progressively
incorporating multi-scale feature learning, radiomic feature fusion, and CBAM attention into the baseline
model.

Table IV. Ablation Study of Component Contributions

Model Configuration AUC-ROC Absolute Gain
Baseline Single-Scale 3D CNN (323 input) 0.8842 —

+ Multi-Scale Feature Learning (323, 483, 643) 0.9142 +3.00%

+ Radiomics Feature Fusion (28 PyRadiomics  0.9342 +2.00%
descriptors)

+ CBAM Attention Module (Proposed Full Pipeline) 0.9489 +1.47%

The results indicate that multi-scale feature learning provides the largest improvement in classification
performance, increasing the AUC by 3.00% over the baseline model. Incorporating radiomic feature
fusion contributes an additional 2.00%, while the inclusion of CBAM attention further improves the AUC
by 1.47%. Overall, the complete framework achieves a cumulative improvement of 6.47% compared with
the baseline architecture.

Discussions

The experimental results indicate that combining multi-scale feature learning with radiomic descriptors
improves lung nodule classification compared with conventional single-scale architectures. Processing
three input resolutions enables the network to capture both fine-grained internal texture and broader
anatomical context, which is important because pulmonary nodules vary considerably in size and
appearance.

The inclusion of handcrafted radiomic features provides additional quantitative information that
complements features learned by the deep neural network. This combination contributes to improved
classification performance while preserving clinically meaningful imaging characteristics.

The quantitative evaluation of 3D Grad-CAM further strengthens the interpretability of the proposed
model. Rather than relying only on visual inspection, the loU comparison with expert radiologist
annotations demonstrates that the highlighted regions correspond closely to clinically relevant areas of
the lesion.

Another important observation is the balance achieved between accuracy and computational efficiency.
Although transformer-based models often report strong classification performance, they generally
require significantly larger parameter counts and longer inference times. In contrast, the proposed
framework achieves competitive diagnostic performance using only approximately 450K parameters and
an average inference time of 58 ms, making it more suitable for deployment on standard clinical
workstations.

While the experimental results are encouraging, further evaluation using larger multi-center datasets and
prospective clinical studies would provide additional evidence of the framework's robustness across
different imaging protocols and patient populations.

Conclusions
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¢ Problem addressed / Motivation
Manual interpretation of volumetric lung CT scans is time-consuming and subject to inter-observer
variability. Existing deep learning methods also face challenges related to model interpretability,
computational complexity, and reliable evaluation.
¢ Method used
A hybrid framework combining multi-scale 3D CNNs, handcrafted radiomic features, CBAM attention, and
guantitatively validated 3D Grad-CAM was developed and evaluated using a strict patient-level partition
of the LIDC-IDRI dataset.
¢ Key findings
e The proposed framework achieved 93.8% classification accuracy, 91.4% sensitivity, 95.2%
specificity, and an AUC of 0.9489.
o The network required only approximately 450K parameters and achieved an average inference
time of 58 ms.
e (Quantitative evaluation of 3D Grad-CAM produced an loU score of 0.77, indicating good
agreement between model explanations and expert annotations.
e  Multi-scale feature learning, radiomic feature fusion, and CBAM attention each contributed to
improved classification performance.
¢ Limitations and Future Work
e The evaluation was performed using a single public dataset.
e Prospective clinical validation across multiple institutions was not included.
e Additional studies involving larger and more diverse patient populations are needed.
e Future work will investigate multi-center validation, integration of multimodal clinical and
genomic information, and deployment within hospital PACS environments for routine clinical
evaluation.
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