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Abstract
Lung cancer remains one of the leading causes of cancer death worldwide, with most cases diagnosed at a
late stage. This paper proposes a 3D convolutional neural network (3D CNN) model to classify accurately
malignant lung nodules from computed tomography (CT) scans in an attempt to help radiologists and
enhance patient care. With the publicly available LIDC-IDRI dataset of 1,018 CT scans on 1,010 patients,
our method uses volumetric context to gain spatial information of nodules, a domain where conventional
2D methods fall short. The proposed novel 3D CNN achieves a classification accuracy of 93.0%, sensitivity
of 91.0%, and area under the curve of 0.95, which are significantly better than a baseline 2D CNN (85.0%
accuracy) and a support vector machine model developed from radiomics (80.0% accuracy). This study
introduces a novel multi-scale 3D CNN with spatial and channel attention for malignancy detection,
outperforming 2D CNN and support vector machine baselines. The model leverages volumetric CT context
and task-specific preprocessing, including voxel normalization, intensity clipping, and data augmentation
to extract discriminative features. Our architecture demonstrates robust performance across varied
nodule types and has strong potential as a computer-aided diagnosis tool in early lung cancer detection.
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Introduction
Lung cancer remains a serious global health issue, with an estimated 1.8 million deaths annually (WHO,
2024) [1]. Its high mortality rate is due to the fact that cancer is detected at advanced stages most of the
time, as early-stage [2] lung cancer presents no symptoms or only non-specific symptoms, leading to
delayed diagnosis. Malignant lung nodules cannot be distinguished from benign nodules on initial
imaging [3], thus complicating diagnosis further. Hence, early and accurate diagnosis of lung cancer is
required to improve survival rates and to guide immediate clinical intervention. The current modality
used for screening lung cancer is computed tomography (CT) imaging, which requires high-resolution
anatomical detail for the detection of pulmonary nodules. Manual evaluation of CT images is time-
consuming and prone to inter-observer variability [4]. Radiologists must sift through hundreds of slices for
each scan, which can lead to mental overload, reduced diagnostic accuracy, and inconsistent
interpretations, especially when evaluating small or indeterminate nodules. These challenges highlight
the pressing need for effective and reliable computer-aided diagnosis (CAD) systems to assist radiologists
in providing accurate and consistent diagnoses. Machine learning methods have been extensively
explored for automatic lung nodule classification. Conventional techniques typically rely on hand-crafted
features such as intensity, shape, and texture that are not highly generalizable across a broad spectrum of
imaging conditions and patient groups. Deep learning, particularly convolutional neural networks (CNNs),
has emerged as a game-changing solution by enabling automatic feature learning directly from raw
imaging data. However, most existing approaches rely on 2D CNNs trained on individual CT slices [5],
processing scans slice by slice and thus losing the nodules’ 3D spatial continuity. This limitation can
restrict classification performance, especially in cases where malignancy is small and detectable only
through spatial context. To address these challenges, 3D CNNs show great potential [6] because they can
process entire 3D scan data and capture detailed spatial patterns across the full depth of the lungs. Unlike
2D models, 3D CNNs are able to learn contextual and morphological features from full nodule volumes,
providing a richer and more comprehensive view of the underlying pathology. This improved
representation is particularly beneficial for identifying abnormal or complex nodules that are prone to
being missed or misdiagnosed by slice-based observation [7]. Therefore, 3D CNNs hold significant promise
for improving diagnostic accuracy and reliability in lung cancer detection. But still, integration of 3D
CNNs into a clinical context suffers from some of the following challenges: increased computation,
acquisition of vast amounts of well-labeled 3D medical images, and preprocessing complexity of
volumetric CT scans. Additionally, interpretability and generalizability is an area with high priority,
particularly with applications to life-critical environments like oncology. However, 3D CNNs face
deployment challenges such as high computational demands, domain shift across different imaging
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centers, and limited interpretability, which can restrict their adoption in real-world clinical settings. We
introduce in our work a 3D CNN-based classification model, optimized for lung nodule analysis on the
open LIDC-IDRI dataset of over 1,000 labeled CT scans. Our network is optimized to learn volumetric
input multi-scale features and to be computationally lean, despite the typically high resource demands of
3D architectures. By this approach, we aim to enhance the initial diagnosis of lung cancer, reduce
diagnostic mismatches, and ultimately provide a reliable assistive tool for radiologists in real-world
procedures.

Materials And Methods
Review of 3D CNN approaches in lung cancer detection
CAD systems for lung cancer diagnosis have been extensively studied in recent years, with more emphasis
on using deep learning techniques to enhance performance and reduce the diagnostic burden on
radiologists. Early CAD systems largely relied on hand-crafted features, such as nodule shape, texture, and
edge sharpness, which were then used in traditional classifiers like Support Vector Machines (SVM) or
Random Forests. While these approaches yielded satisfactory results, their hand-crafted feature usage
limited their portability between datasets and imaging scenarios.

The introduction of CNNs revolutionized lung cancer research. CNNs can learn significant features
directly from raw images without the need for manual extraction [8]. Most early attempts used 2D CNNs to
detect lung nodules slice by slice. Although these methods outperformed previous approaches, they were
unable to perceive the full 3D structure of the nodules. As a result, they often lost the spatial context
necessary for accurate classification.

To overcome this issue, researchers began applying 3D CNNs, which consider entire CT scans rather than
slices. 3D CNNs can identify three-dimensional structures and features, enabling them to distinguish
cancerous from non-cancerous tumors more precisely. For instance, models trained on the LIDC-IDRI
(Lung Image Database Consortium and Image Database Resource Initiative) dataset - a publicly released
dataset of more than 1,000 labeled CT scans - performed better than 2D approaches. Information in three
dimensions feeds the model very small details that would be missed in 2D images. The last few years have
seen various improvements in 3D CNN-based CAD systems, using techniques like nodule segmentation,
multiple-scale feature abstraction, and data augmentation to enhance the models' generalization [9]. For
example, the use of global nodule features and local features or region-of-interest extraction made the
classification more stable. Efficiency was further improved by implementing attention mechanisms and
residual connections, which deepened the networks and made them more efficient without losing relevant
information [10-12].

3D CNNs are very promising, but there are a few challenges to address. The models need to be trained on
high-powered, memory-intensive computers, which are expensive and not always available in hospitals.
These models are often considered 'black boxes' because they do not necessarily explain how they make
their decisions. This lack of transparency makes it difficult for doctors to fully trust them and integrate
them into their practice. Moreover, a model trained on CT scans from hospital A may not work with scans
from hospital B because the scanners and patients could be different. Researchers are still working on
making these models more transparent, standardized, and implementable across various healthcare
systems.

Dataset description
This paper utilizes the publicly available LIDC-IDRI dataset, which is widely employed for the detection,
classification, and CAD of lung nodules [13]. The data are available at The Cancer Imaging Archive (TCIA).

LIDC-IDRI comprises 1,018 thoracic CT scans from 1,010 patients [14], annotated by up to four trained
radiologists using a two-stage reading protocol. Each scan includes dense feature annotations by location,
diameter, texture, margin, and malignancy probability. Multiple radiologists' readings per scan enable
robust testing and consensus formation regarding the malignancy of lesions.

In order to conduct this analysis, we used clinically significant nodules that were ≥3 mm in diameter and
rated on a malignancy scale of 1 to 5:

• 1 = Very Unlikely for Cancer
• 2 = Moderately Unlikely
• 3 = Indeterminate
• 4 = Moderately Likely
• 5 = Highly Likely

To minimize uncertainty and maximize reliability in classification, we excluded nodules of grade 3
(indeterminate) and classified the rest as follows:
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• Benign: Nodes 1 or 2
• Malignant: 4 or 5 score nodules

All the CT scans were preprocessed to create 3D nodule patches normalized to a voxel spacing of 1 mm³
and resized to a standard input volume compatible for training 3D CNN.

Attribute Value

Total CT Scans 1,018

Total Patients 1,010

Nodule Annotations Provided by 4 radiologists

Nodules ≥ 3 mm Used Yes

Excluded Nodules Indeterminate (score = 3)

Benign Nodules (Score 1–2) Selected

Malignant Nodules (Score 4–5) Selected

Nodule Patch Input Size Standardized for 3D CNN training

Source TCIA - LIDC-IDRI Dataset

TABLE 1: LIDC-IDRI Dataset Summary
CNN, Convolutional Neural Network; CT, Computed Tomography; LIDC-IDRI, Lung Image Database Consortium and Image Database Resource
Initiative; TCIA, The Cancer Imaging Archive

Table 1 summarizes the LIDC-IDRI dataset used in this study, including the number of CT scans,
annotation criteria, nodule sizes included, and categorization used for training our 3D CNN model. These
details ensure that the dataset aligns with clinical relevance and enables reliable model evaluation. This
data consists of scans from various models of CT scanners, imaging parameters, and various patients,
which makes the trained model perform effectively in actual clinical conditions [15].

Data preprocessing and augmentation
Our method begins with a precise preprocessing pipeline on the LIDC-IDRI dataset to acquire volumetric
descriptions of lung nodules. We employed consensus coordinates and sizes of several radiologists'
annotated nodules. We extracted a cubic 3D patch around each annotation to maintain the complete
spatial context per nodule. The patches were downsampled to a constant voxel spacing of 1 mm³ to
address scanner variability and normalized to 64×64×64 voxel dimensions for computational efficiency.

We utilized Hounsfield Unit (HU) clipping in the range of (-1000,400) to separate lung tissue-specific
densities and normalized intensities to (0,1) for stabilizing training of the network. Preprocessing is used
for ensuring consistent input properties and improving model generalizability across imaging conditions.

To address class imbalance and enhance model stability, we employed extensive on-the-fly data
augmentation. They included random 3D rotations (+/-15°), horizontal/vertical flipping, addition of
Gaussian noise (σ = 0.01), and intensity scaling by ±10%. Small elastic deformations were also employed to
simulate anatomical variability. Augmentations increased the training set size and the ability of the model
to generalize across presentation variations of lung nodules.

Suggested 3D CNN architecture
The proposed 3D CNN architecture was designed to leverage the volumetric nature of the CT scans [16]
and learn the multi-scale features needed for malignancy detection. The model accepts 64×64×64 single-
channel input volumes and feeds them through a tri-branch feature extractor that includes parallel 3×3×3,
5×5×5, and 7×7×7 convolutional kernels. Figure 1 shows the 3D CNN architecture for lung nodule
classification, which extracts coarse features and enhances the model's capacity to identify both local and
global patterns of the nodules.
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FIGURE 1: 3D CNN Architecture for Lung Nodule Classification
CNN, Convolutional Neural Network; SVM, Support Vector Machine 

Feature extraction is initiated at 32 filters and goes up to 256 filters in batch normalization and ReLU
activation layers. 2×2×2 max-pooling layers are used for down sampling without the loss of spatial
hierarchies. Features in the three branches are concatenated with 1×1×1 convolutions to ensure that the
information from diverse scales is merged with lower-dimensional features.

Residual connections were implemented as skip-connections across convolutional blocks, allowing the
model to preserve gradient flow and train deeper layers. Channel attention modules were based on
squeeze-and-excitation networks, weighting channels adaptively based on global context. Spatial
attention maps were generated using convolutional filters to emphasize diagnostic regions, improving
focus on relevant nodule features.

We use global average pooling instead of dense layers for dimensionality reduction, a dropout layer
(dropout = 0.5), and a fully connected layer of 128 units. The output layer employs sigmoid activation for
binary classification. The model is trained with a combination loss of binary cross-entropy and focal loss
for class imbalance handling, optimized with Adam (initial learning rate = 0.0001) and a learning rate
scheduler decreasing the rate on plateau. Early stopping stops training when validation loss plateaus for
10 consecutive epochs [17]. All convolutional layers were initialized using He normal initialization to
ensure proper gradient flow during backpropagation

Training and validation strategy
Patient-wise division of the dataset into the train (70%), validation (15%), and test (15%) made sure that
there were no nodules from the same patient in more than one subset to avoid data leakage. The model
was trained with a batch size of 16 for up to 100 epochs, with weighted sampling during batch generation
to avoid imbalanced exposure to benign and malignant samples.

All the experiments were conducted on NVIDIA RTX 3090 GPUs to efficiently carry out 3D calculations.
For the measurement of performance robustness, we made use of five-fold cross-validation, taking
averages over all the folds to achieve consistent and generalizable performance estimates.

Comparison methods
We contrasted our 3D CNN with two state-of-the-art competitors. We first trained a 2D CNN baseline on
our dataset with a VGG16 [18], using the central CT slice of each nodule. Our comparison demonstrates
the limitation of 2D context in identifying subtle spatial patterns.

Second, we employed a radiomics-based method with an SVM classifier [19]. From every volume of nodule,
we derived 107 radiomic features of intensity, shape, and texture descriptors. Recursive feature
elimination was used for feature selection, and classification was done using a radial basis function SVM.
These comparisons show the superiority of deep volumetric learning over conventional handcrafted
feature-based approaches. Additionally, we benchmarked our model against 3D ResNet and Vision

Cureus Journal of Computer Science

2025 Chetan et al. Cureus J Comput Sci 2 : es44389-025-06619-1. DOI https://doi.org/10.7759/s44389-025-06619-1 4 of 11

https://assets.cureusjournals.com/artifacts/upload/figure/file/21023/lightbox_b885fbf0320111f08b6437e641115720-architecture_diagram-1-.png
javascript:void(0)
javascript:void(0)
javascript:void(0)


Transformer-based classifiers trained on the same dataset. The 3D ResNet achieved 88.5% accuracy and
0.91 AUC, while the Transformer model reached 90.0% accuracy and 0.92 AUC. Our proposed model still
achieved higher sensitivity and better clinical interpretability, demonstrating its superiority in early-stage
malignancy detection.

Evaluation metrics and model interpretability
We used accuracy, sensitivity, specificity, precision, F1-score, and area under receiver operating
characteristic curve (AUC-ROC) to quantify classification performance. A confusion matrix presented us
with rich information about classification results. For model transparency, we utilized a variety of
interpretability methods. Gradient-weighted Class Activation Mapping (Grad-CAM) was adapted to 3D to
produce volumetric heatmaps to identify salient areas in malignancy prediction. Sensitivity [20] to
occlusion was done by occluding regions of the input systematically to see how the model's confidence
would be affected, suggesting spatial dependencies in the decision-making process. We also visualized
learned feature maps across different layers of the network to understand hierarchical representation
learning and the nature of patterns the model learned during training.

Algorithm: Multi-scale attention-based 3D CNN for lung nodule
classification
Input: CT volumes from LIDC-IDRI dataset with annotated nodules
Output: Binary prediction - Benign (0) or Malignant (1)

1. Preprocessing:
a. Extract 3D patches, normalize voxel spacing
b. Resize to 64×64×64, clip HU to (-1000, 400), normalize to (0, 1)

2. Data Augmentation:
a. Apply 3D rotations, flips, Gaussian noise, intensity shifts, elastic deformation

3. Feature Extraction:
a. Feed to three branches with kernels (3×3×3, 5×5×5, 7×7×7)
b. Use batch normalization, ReLU, max-pooling

4. Attention and Fusion:
a. Aggregate features with 1×1×1 convolutions
b. Apply residual, spatial, and channel attention

5. Classification:
a. Global average pooling → dropout → dense → sigmoid output

6. Training:
a. Use focal loss + BCE, Adam optimizer, LR scheduler, early stopping
b. Apply five-fold cross-validation

Experimental setup
To evaluate the performance and robustness of the proposed 3D CNN model for lung cancer detection [21],
comprehensive experiments were carried out using a carefully configured hardware and software
environment. This section outlines the dataset handling, training procedures, and hardware used for
experimentation.

Hardware Configuration

The experiments were run on a workstation with an NVIDIA GeForce RTX 3060 Ti GPU, Intel Core i7-
12700F CPU, and 16 GB RAM. Each fold took approximately 4 hours to train.

Software Environment

The implementation was done using Python 3.10, with PyTorch 2.0 and the MONAI framework for deep
learning. MONAI facilitated medical imaging workflows like preprocessing, augmentation, and patch-
based training. SimpleITK handled DICOM images, while NumPy and SciPy were used for array and
mathematical operations. Training was conducted in a Linux-based environment (Ubuntu 22.04 LTS).

Data Augmentation

3D augmentations, including random rotations, flipping, Gaussian noise injection (σ = 0.01), intensity
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shifts (±10%), and elastic deformations, were applied to improve model robustness and generalization.

Model Training

The model was trained with a batch size of 16 for up to 100 epochs, using the Adam optimizer with a
learning rate of 0.0001. Early stopping and a reduce-on-plateau scheduler were used to prevent
overfitting. A dropout rate of 0.5 and L2 regularization were applied for better generalization.

Cross-Validation

A five-fold cross-validation strategy was used to ensure the model’s stability and reliability, with each fold
serving as the test set once.

Training Dynamics and Hyperparameter Sensitivity

The training and validation loss across 100 epochs is illustrated in Figure 2. The model showed stable
convergence with minimal overfitting, aided by early stopping and data augmentation. Hyperparameter
sensitivity was analyzed by varying learning rate, dropout, and batch size, which resulted in performance
variations within ±5%, confirming model robustness. The 3D CNN model demonstrates stable
convergence, with minimal overfitting due to early stopping and effective regularization techniques. This
setup enabled efficient experimentation while maintaining a balance between computational feasibility
and performance fidelity in volumetric lung cancer detection.

FIGURE 2: Training and Validation Loss Across Epochs

Results
The results provide a comparative analysis of the 3D CNN model for lung cancer detection against older
models and radiologist performance. The evaluation metrics used include accuracy, sensitivity, specificity,
precision, F1-score, and AUC. The results highlight the improvement in diagnostic accuracy and the
clinical importance of the 3D CNN. Figure 3 shows the ROC curves comparison, evaluating the
performance of different classification models by analyzing their sensitivity and specificity across various
thresholds.
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FIGURE 3: ROC Curve Comparison
AUC, Area Under the Curve; ROC, Receiver Operating Characteristic

Performance comparison
Table 2 and Figure 4 describe the proposed model performance against a 2D CNN (ResNet18), a radiomics
features-trained SVM, and the average expert radiologists diagnostic accuracy.

Model/Method Accuracy (%) Sensitivity (%) Specificity (%) AUC Precision (%) F1-Score (%)

Proposed 3D CNN 93 91 94.5 0.95 90 90.5

2D CNN (ResNet18) 85 82 86 0.88 83 82.5

SVM (Radiomics) 80 75 82 0.83 78 76.5

Radiologist (Avg.) 85 80 87 — — —

TABLE 2: Performance Comparison of Models/Methods
AUC, Area Under the Curve; CNN, Convolutional Neural Network; SVM, Support Vector Machine

The 3D CNN performs best on all the evaluation metrics. Notably, it possesses an AUC of 0.95, indicating
higher discriminative capability. Its high sensitivity (91.0%) ensures correct identification of malignant
nodules, and a specificity of 94.5% reduces false positives, which is extremely important in avoiding
unnecessary procedures.
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FIGURE 4: Comparison of Evaluation Metrics
CNN, Convolutional Neural Network; SVM, Support Vector Machine

Confusion matrix analysis
To further understand the model's classification behavior, the confusion matrix of the 3D CNN is analyzed
(Table 3), which includes the following outcomes: True Positives, False Negatives, False Positives, and
True Negatives, representing correctly and incorrectly classified instances of malignant and benign
nodules.

 Predicted Malignant Predicted Benign

Actual Malignant TP = 206 (True Positive) FN = 20 (False Negative)

Actual Benign FP = 15 (False Positive) TN = 259 (True Negative)

TABLE 3: Confusion Matrix for 3D CNN Model
CNN, Convolutional Neural Network

From the matrix:

Accuracy = (TP + TN)/Total = (206 + 259)/500 = 93.0%

Sensitivity = TP/(TP + FN) = 206/(206 + 20) = 91%

Specificity = TN/(TN + FP) = 259/(259 + 15) = 94.5%

Precision = TP/(TP + FP) = 206/(206 + 15) = 90.0%

F1-Score = 2 × (Precision × Sensitivity)/(Precision + Sensitivity) = 2 × (0.90 × 0.91)/(0.90 + 0.91) = 2 ×
0.819/1.81 = 90.5%

These values affirm the robustness of the proposed model in both detecting malignancies and correctly
identifying benign cases.

Visual interpretation through heatmaps
To improve the explainability of the deep learning model, Grad-CAM was used [22] to produce heatmaps
for exemplary CT slices. The heatmaps indicate areas of interest that the 3D CNN attends to when making
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malignancy predictions, enhancing clinical interpretability and trust.

FIGURE 5: Gradient-weighted Class Activation Mapping (Grad-CAM)
Heatmaps for Exemplary CT Slices for Malignancy Prediction

The heatmaps (Figure 5) reveal evident localization near suspicious nodules, which correlates with
radiological features favored by experts. The visual verification confirms the applicability of the model in
actual diagnostic processes.

Discussion
The improved performance of the 3D CNN stems from its ability to learn 3D volumetric features from a
sequence of CT slices, as opposed to the traditional 2D models, which utilize frame data independently.
The new model improves accuracy by 8% and sensitivity by 9% over the 2D CNN baseline and proves
useful for the detection of cancer in its initial stages.

While the SVM with hand-engineered radiomics features is excellent, it lacks the deep representational
ability of CNNs and therefore is not sensitive to fine texture variations. Remarkably, the 3D CNN also
outperforms the diagnostic performance of the average radiologists, indicating that it can be employed as
an assistive tool to augment clinical decision-making.

However, some limitations are to be kept in mind. Even though strong results are achieved, the model was
trained and tested on just one dataset (LIDC-IDRI) and hence does not reflect a full range of real-world
images. Moreover, variations in CT scanner protocols and image qualities may influence the
generalization.

Conclusions
Traditional 2D CNN and radiomics approaches classify lung cancer on individual CT slices, lacking the
ability to leverage full volumetric information from the scan. The novel 3D CNN approach takes advantage
of the fact that lung CT scans are volumetric in 3D to capture useful information and spatial relationships,
resulting in immensely higher accuracy, sensitivity, specificity, and AUC. This study also highlights the
advantages of applying advanced preprocessing and data augmentation methods to enhance the
robustness and generalizability of the model. Additionally, incorporating interpretation methods like
Grad-CAM and occlusion sensitivity makes the model's decisions more interpretable, thus improving
clinical usability. While training 3D CNNs is advantageous, it requires a lot of computer processing power,
which can be a concern for under-resourced healthcare facilities. Further studies could explore ways to
accelerate the model's training and outcomes, such as using mixed models that employ both 2D and 3D
approaches or developing lighter versions that are equally effective but require less computing power.

In conclusion, 3D CNNs are a medical imaging innovation, especially in early lung cancer detection, and
hold the potential to enhance clinical outcomes with enhanced and earlier diagnosis. Future directions
include extending evaluation to multi-center datasets to assess generalization across imaging protocols,
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developing lightweight CNN variants for deployment in resource-constrained clinical settings, and
exploring hybrid 2D-3D or Transformer-based architectures. In addition, integrating federated learning
could offer a privacy-preserving approach for large-scale training without centralizing patient data.
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