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Introduction

In contrast to other past research which is mostly 
centered on binary classification of lung nodules (benign 
and malignant), this study is aimed at a multi-class clinical 
staging (I-IV) which is directly related to treatment 
planning and prognosis.

The novelty of this work consists in
1. Four stage classification scheme instead of mere 

malignancy detection.
2. Lung and tumor region improvement with a 

personalized CNN architecture.
3. probabilistic softmax outputs are used to give 

interpretable confidence scores at every stage predicted.
4. A numerical comparison against the state-of-the-art 

deep learning techniques.
This method may be together with an artificial 

intelligence (AI) powered staging support system and 
radiological interpretation. Lung cancer is one of the 
leading malignancies and the one that causes an unequal 
number of deaths every year across the world [1]. The 
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early-stage lung cancer cells can have no identification and 
observable symptoms, and that is why the late diagnosis 
should be viewed as more critical when it is possible to 
define the poor prognosis [2]. Clinical diagnosis usually 
comes into play after the malignancies are at an advanced 
stage thus significantly diminishing the chances of 
successful treatment and survival [3]. Proper and early 
staging of lung cancer is important because the stage of the 
disease determines the type of treatment which includes 
immunotherapy, surgery, chemotherapy, radiation, or all 
of them [4].

With the usage of CT imaging, clinicians can assess the 
size of the tumor, its shape, density and possible metastasis 
within the lung tissues and get a complete cross-sectional 
image of the lung tissue [5]. Manual CT scan analysis takes 
a lot of time and is prone to human mistake and affected 
by inter-observer variability; as a result, smart automated 
tools are becoming more necessary, especially when 
distinguishing between cancer stages that are otherwise 
very similar [6]. In recent times A key component of deep 
learning, particularly CNNs, is their capacity to derive 
high-level representations from raw data; this skill has 
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been revolutionizing medical image analysis in recent 
years [7]. Applications including tumor identification, 
segmentation, and classification have shown remarkable 
effectiveness with these models [8]. Nevertheless, there is 
still a long way to go before we can solve the multi-class 
problem of automated lung cancer stage classification [9]. 
This is due to the fact that a model is needed to reflect the 
complex spatial, morphological, and textural differences, 
and the shift between adjacent phases of tumor growth can 
be subtle and challenging to discern.

As a result, this study uses CT scan data to provide 
a deep-learning architecture specifically designed for 
lung cancer stage classification and prognosis [10]. 
To differentiate between stages I and IV, the model 
includes enhanced CNN models, preprocessing, and 
potent classification strategies. Improving lung cancer 
management and patient outcomes is the primary objective 
of developing a robust, efficient, and practically applicable 
system that can improve diagnostic test accuracy, early 
intervention, and the application of deep learning, the 
incorporation of radiological knowledge, and AI-based 
decision assistance to create personalized treatment 
regimens.

Related Works
Since its first proposal by Ronneberger et al., the 

symmetric convolutional encoder-decoder architecture 
known as U-Net has quickly emerged as the industry 
standard for biomedical image segmentation. In medical 
CT tasks (such as lung area and nodule segmentation), 
where there is often a lack of data with labels due to 
massive volumes, U-Net’s aggressive data augmentation 
and skip-connections allow for the accurate classification 
of short training sets. The model’s ease of use and 
effectiveness on 2D biomedical pictures prompted many 
3D and multi-scale replications [11].

In order to get dense 3D segmentations from poorly 
annotated volumes, Çiçek et al. proposed 3D U-Net as a 
generalization of U-Net for volumetric data. The technique 
has great practical implications for CT-based lung analysis 
as it enables comprehensive volumetric nodule and lung 
architecture segmentation using minimal slice level labels. 
This improves contextual learning of 3D characteristics, 
which are crucial for tumor diagnosis and staging. [12].

The majority of CAD and deep learning investigations 
into the classification and the LIDC-IDRI public dataset is 
the basis for lung nodule detection, which was developed 
by Armato et al. More than a thousand thoracic CT pictures 
annotated by many readers make up this set. This dataset 
remains a foundational resource for training and evaluating 
detection and malignancy-prediction algorithms, because 
to its multi-reader labeling and open-access nature, which 
enabled objective benchmarking (e.g., LUNA16) [13].

With state-of-the-art AUC on NLST cases and external 
validation, Ardila et al. presented a large-scale, end-to-end 
3D deep learning model that uses both current and past 
CT volumes to predict the probability of malignancy. 
Researchers have shown that volumetric deep models 
have clinical promise for screening, and some reader 
tests have even shown that AI can perform as well as or 
better than professional radiologists. This is in favor of 

using volumetric CNNs for risk assessment and screening. 
referenced as [14].

A two-stage 3D ConvNet (candidate screening + 
false positive reduction) proposed by Dou et al. makes 
use of hybrid loss and online sample screening to handle 
the issue of excessive class imbalance. One of the most 
important factors in developing effective early-detection 
pipelines is sensitivity, and their technique showed high 
performance on LUNA16. This shows that 3D models 
and careful training steps may achieve these goals. [15].

Ding et al. coupled 2D Faster R-CNN with slice-
level candidate identification with 3D DCNN with false 
positive reduction to obtain a high ranking in LUNA16. 
Using volumetric networks and advanced object-detection 
architectures to generate candidates for contextual object 
verification, their 2D/3D hybrid method demonstrated 
practical performance benefits [16].

A multi-view ConvNet was introduced by Setio et al., 
which mixes 2D patches surrounding candidates from 
different orientations to reduce false positives. In situations 
when resources are few, this multi-view paradigm should 
be seriously studied since it generates 3D structures from 
efficient 2D networks, achieves parity in processing cost, 
and takes volumetric context into account [17].

Direct raw CT classification of clinically significant 
nodule types and management categories was accomplished 
by Ciompi et al. utilizing a multi-stream, multi-scale CNN 
network, bypassing the need for human segmentation. 
The idea of clinically directed outputs, rather than only 
detection, was more central to their approach, and They 
sought to close the gap between useful clinical decision 
support and CAD outputs [18].

Aerts et al. established the radiomics paradigm, which 
uses hundreds of observable imaging characteristics (such 
as shape, texture, and intensity) to forecast outcome and 
molecular abnormalities. Numerous modern pipelines use 
radiomics with CNN representations to enact and forecast 
results; radiomics provides interpretable, handmade, 
supplementary descriptors to deep features [19].

Training very large networks became feasible with 
the addition of identity skip connections in ResNet by 
He et al., which also greatly improved training stability 
and accuracy. Because it can be trained on small clinical 
datasets and provides high hierarchical features, ResNet 
backbones find widespread use in medical imaging 
(detection, classification, and transfer learning) [20].

One advantage of DenseNet for medical activities 
with restricted data volumes is that it promotes feature 
reuse and effective parameter use via its dense connection. 
With dense architectures, CT-based segmentation and 
classification issues have been successfully tackled, often 
leading to better training performance and less overfitting. 
[21].

Medical imaging may now be better understood with 
the help of Grad-CAM’s coarse, class-discriminative 
localization maps generated using CNNs. Clinicians 
may have faith in AI results when they see clinically 
interpretable heatmaps that show which elements of the 
picture were used to make the decision. This is especially 
crucial when using models to help stage or identify 
problematic nodules [22].
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Materials and Methods

The proposed deep learning algorithm for predicting 
the stage of lung cancer and classification utilizing CT scan 
data would consist of four main steps: data preprocessing, 
modifications to the lung and tumor regions, extraction 
of deep features, and stage-wise classification. Its 
computational efficiency and stability make the method 
well-suited for clinical usage on a wide variety of CT 
datasets.

Acquiring and Preprocessing Data
It begins by gathering CT scan data sets from clinical 

sources and publically accessible archives. These 
databases have confirmed the cases of lung cancer at 
all four stages (I-IV). The images are translated into 
DICOM or PNG data and resized to the size of choice 
so as to achieve a homogeneous input. An anisotropic 
diffusion filters are adopted to reduce noise and also 
maintains important anatomical edges although eliminates 
unwanted noise. Intensity normalization provides the 
same brightness and contrast of all the images, whereas 
histogram equalization reveals more subtle lung details, 
e.g., nodules and metastatic areas. To ensure the quality 
of the input data to be further analyzed, some steps of 
preprocessing are needed.

Preparing the Dataset 
The CT images of the patients were obtained from the 

LIDC-IDRI (Lung Image Database Consortium - Image 
Database Resource Initiative) public archive of the Cancer 
Imaging Archive (TCIA). The collection included 1,018 
CT images from patients, around 12,500 slices of which 
had lung nodules identified by experts and labelled with 
their associated clinical stages (Stages I–IV).

The dataset was partitioned as follows
• Training set: 70% (712 scans)
• Validation set: 15% (153 scans)
• Test set: 15% (153 scans)
Flipping, scaling, and rotation are examples of data 

augmentation techniques that were restricted to the 
training set in order to increase generalizability and lessen 
class imbalance (Figure 1).

After that, anisotropic the purpose of filtering is 
to lower noise. The technique is helpful in removing 
Gaussian and speckle noise while maintaining important 
edges, such as tumor edges. The lung parenchyma is then 
separated from other bodily tissues during the lung area 
segmentation procedure. In order to improve classification 
accuracy, this is done so that the model will only focus on 
pertinent areas. Normalization of intensity then ensues, 
making all pixel brightness of scans the same in order to 
minimize variation due to varying imaging conditions. 
Lastly, the dataset is artificially enlarged using data 
augmentation techniques such as flipping, rotating, and 
scaling. Experimenting with various spatial orientations 
and tumor appearances helps the network avoid overfitting 
and improves model generalizability.

Lundberg and Lee formalized SHAP values, which 
stand for Shapley-based explanations, to provide the 
significance of characteristics across model classes. 
To better understand the clinical variables or imaging 
characteristics that influence stage or cancer prediction, 
SHAP may be used for both tabular and deep-feature 
predictions in radiomics and machine learning processes 
[23].

Tajbakhsh et al. discovered that fine-tuning pretrained 
ImageNet models may achieve a high level of performance 
and reduce data requirements in many cases in a thorough 
analysis comparing transfer and training on the same 
medical tasks. Their recommendations may be applied to 
CT-based lung cancer stage information jobs by modifying 
the conventional CNN backbones (ResNet, DenseNet, 
VGG) [24].

The LUNA16 challenge was a benchmark of 
candidate detector/reduction of false positives approaches 
to LIDC-IDRI data and showed that an ensemble of 
ConvNet-based approaches can be more successful than 
any single approach. The issue encouraged the widespread 
adoption of best methods (data partitioning, assessment 
measures) in subsequent lung CT AI research [25].

With less complex architectures, Xie et al. demonstrated 
competitive results utilizing candidate identification and 
classification in 2D convolutional neural network (CNN) 
pipelines. When it comes to annotating volumetric data or 
running it on settings with restricted resources, their work 
highlights the continued relevance of well-designed 2D 
techniques [26]. With the goal of reducing the occurrence 
of false positives in nodule detection, Kim et al. put out a 
multi-scale gradual integration CNN. The data from many 
scales would be progressively fused by this CNN. This 
layout exemplifies how lung nodule size variability may 
be addressed by multi-scale fusion, and it also improves 
nodule and benign tissue separation [27].

To improve the categorization of cancer suspicion, 
Shen et al. presented multi-scale convolutional neural 
networks (CNNs) that function on patches of varied 
sizes to improve detection of fine local information and 
global context. For tasks involving staging where lesion 
texture and tissue context are important, multi-scale 
techniques remain fundamental [28]. In order to obtain the 
volumetric context and manage complexity, one research 
by Nasrullah et al. highlights the advantages of mixing 
several design patterns (3D kernels, attention, dual route 
networks); it also recommends employing 3D and mixed 
networks to enhance the malignant/benign classification 
process. Ensemble and hybrid stage models of the future 
have been influenced by their application processes [29].

Recent research (e.g., Venkadesh et al.) has made it 
feasible to train deep learning techniques to predict lung 
nodule risk on CT being cancerous. These algorithms 
could potentially supplement radiologists in risk 
disaggregation and metastasis planning. The papers in this 
collection focus on the progress that has been made in the 
field of cancer prediction since the capacity to identify 
the disease has been developed [30].
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Figure 1. Distribution of CT Scan Images by the Stages of Lung Cancer (I-IV) Used in Training, Validation and Test 
Sets. It can be seen in the chart that an imbalance in the datasets exists, with Stage IV having a larger share in the test 
set and Stage I in the training dataset.

Improving the Lung and Tumor Areas
The goal of this phase is to make the tumors more 

visible by separating the lung parenchyma. To begin, 
the airways and bones are removed from the image 
using a threshold-based segmentation approach in order 
to focus on the lung masks. These masks are tightened 
using morphological closure techniques, which smooth 
the edges and fill in the gaps. The mask is multiplied 
by the first CT slice and then adjusted to further isolate 
the lung. An optional step that might enhance tumor 
visualization and classification aims to enable pixel-level 
segmentation to flag anomalous areas using a pretrained 
U-Net (Figure 2).

The lung parenchyma separation and tumor 
enhancement preprocessing strategy is shown in Figure 3.

CNN-Based Deep Feature Extraction
A customized CNN was employed with:
• Three convolutional blocks (Conv + BatchNorm + 

ReLU + MaxPooling)
• Global Average Pooling (GAP)
• Fully connected layer
• Softmax output (four classes: Stage I–IV)
This design balances feature discrimination and 

computational efficiency.

Essential for accurate stage categorization of lung 
cancer, the unique CNN architecture extracts high-level 
and therapeutically relevant characteristics. The algorithm 
is able to differentiate between tiny local nodules and 
big, invasive masses because the convolutional layers 
are automatically taught to detect tumor size and form. 
The uneven growth patterns observed by edge and border 
detection often indicate advanced stages of tumors, and 
they help to outline their boundaries. Besides determining 
the difference in density in CT scans, the network is able 
to detect small variations in tissue-based structure that are 
associated with the stage of cancer. The CNN is further 
divided to search patterns associated with metastasis 
and diffusion of the tumor which are essential signs of 
advanced malignancy. When all of these learned traits 
are combined, the tailored CNN produces a rich and 
discriminative representation of lung anomalies that may 
be utilized for precise staging and prediction.

A personal Convolutional Neural Network (CNN) is 

Figure 2. Overview of the Proposed Lung Cancer Stage 
Classification Pipeline.

Figure 3. Preprocessing Scheme of Lung Parenchyma 
Isolation and Tumor Enhancement.
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used to get the deep characteristics after the augmentation 
of the lung and tumor locations. Relu functions, batch 
normalization, and max-pooling activate the CNN model’s 
several convolutional layers. Using the components, one 
may get the shape, texture, and spatial characteristics of 
tumors at various scales. By using global average pooling, 
the feature maps’ dimensionality is decreased to semantic 
information. This multi-scale extracted characteristic is 
essential in order to differentiate between the most reduced 
cancer stages which surround the subject (Figure 4).

The proposed model of lung cancer stage classification 
relies on simplified Convolutional Neural Network (CNN) 
architecture to effectively extract the discriminative 
information on the preprocessed CT scan images. Before 
the input CT slices undergo the first convolutional 
layer, we filter them using a set of learnable filters on 
top of the normalized and refined input CT slices. This 
enables us to identify subtle edges, textures and minute 
variation in intensity in the lung parenchyma at the low 
level. A second approach is the batch normalization that 
enhances convergence and eliminates internal covariate 
shift through stabilization of learning by normalizing 
distributions of feature maps. The network is capable of 
acquiring more complex representations, with which it 
is necessary to distinguish cancer stages because of the 
nonlinearity of the activation function that depends on 
the ReLU. To help even more in achieving computational 
efficiency, it uses max pooling to reduce the spatial 
dimensions, but preserve dominating characteristics.

The feature maps are then passed through a second 
layer of convolutional layer. Then, the max-pooling, 
ReLU activation, and the batch normalization are repeated 
again. The middle and high-level structural data that this 
bottom layer receives are tumor margins, morphological 
anomalies, and changes in tissue density in subsequent 
cancer stages. Given extensive feature abstraction, the 
spatial features are then condensed into small vectors 
using a Global Average Pooling (GAP) layer. The process 
improves generalizability of the model and ensures that 
overfitting does not occur. These feature vectors are then 
used to obtain decision boundaries and stage specific 
patterns, using fully linked layers. Lastly, the four stages 
of lung cancer I-IV are probabilistically predicted by 
using a Softmax output. This design delivers a powerful 
combination of performance and computing economy, 
which is suitable to be incorporated in a large scale 
within diagnostic processes as well as clinical real-time 
implementation.

Classification and Prediction by Stage
The next stage is to allocate the recovered features to 

each of the four stages of lung cancer.
The final layer in the method that is based on thick and 

fully connected layers is a softmax activation function. 
The stage classification model divides lung cancer 
into four categories based on the rate of tumor growth 
and the presence or absence of metastases. In Stage I, 
tumors have spread locally to the lungs, while in Stage 
II, the tumor is massive and has progressed only little 
to the lymph nodes. Cancer is regarded as an advanced 
condition when it has spread to other areas of the chest, 
as it occurred in Stage III. When stage IV cancer spreads 
to other organs including the liver, brain, or bones, it 
becomes extremely hazardous. The model creates these 
categories by normalizing the network’s raw prediction 
scores to probabilities using an output layer Softmax 
activation function. The system can anticipate the most 
likely cancer stage in order to provide interpretable and 
therapeutically useful data. each input CT scan (Figure 5).

We use the Adam optimizer for the loss function 
and categorical cross-entropy as the optimizer. Data 
augmentation techniques that try to enhance generalization 
and avoid overfitting include rotating, flipping, and 
shifting. Clinical usefulness and dependability are 
provided by the models’ performance measures, which 
include accuracy, precision, recall, F1-score, and 
confusion matrix.

KPIs for Evaluation
Numerous quantitative indicators were used to 

evaluate the lung cancer staging system’s effectiveness. 
You can learn a lot about the model’s prediction strength, 
class discrimination skills, and overall reliability from 
these three measures.

Accuracy
The proportion of correct samples as a percentage 

of total samples is the accuracy metric. It provides a 
worldwide view of the performance of certain models.

The correct values are true positives (TP), true 
negatives (TN), false positives (FP), and false negatives 
(FN).

Precision
Precision measures the proportion of true positive 

predictions among all instances predicted as positive 
by the model. A high precision value indicates that the 
model generates very few false positive predictions and 

Figure 4. Architecture of the Proposed Deep Learning Model Shows the Preprocessing Module, Multi-Scale CNN 
Feature Extraction Layers and Softmax based Prediction of Lung Cancer Stage.

Accuracy =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
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is effective in correctly identifying positive cases.

The sensitivity of recall 
A classifier aims to detect all true positive samples: 

the ability to do this is called the recall of a classifier. It of 
paramount relevance in the medical diagnosis because it is 
a critical matter that a positive case should not be missed.

The F1-Score
When depending on the imbalance of the classes, 

the F1-score, which is a more balanced measure and is 
calculated as a harmonic mean between Precision and 
Recall, can be useful.

ROC-AUC 
The Receiver Operating Characteristic (ROC) curve 

shows the dependencies between the True Positive rate 
(TPR) and the False Positive rate (FPR) in the case of a 
wide range of classification criteria:

The Area Under the Curve (AUC) is one way of 
estimating the efficacy of a given classifier. As AUC 
increases, predictive power increases and separability 
increases.

Webster (2007) has performed 95% confidence 
intervals as another method of determining the statistical 
reliability of the results using bootstrapping (1,000 
resamples of the test dataset). This method will give 
the approximate performance variability and make the 
reported metrics robust.

Confusion Matrix Analysis
The distribution of the classifier’s predictions for each 

class is described in detail in a confusion matrix. Class-
specific performance discrepancies are better recognized, 
and typical misclassified groups are emphasized. In a 
multi-class context, the confusion matrix Cis is expressed 
as follows, with K stages:

C={cij}K×K

where cij is the anticipated quantity of samples from 
class it for class j (Supplementary Figure 1).

We may assess the suggested framework’s diagnostic 
performance at each stage when all four clinical classes 
were used concurrently using the confusion matrix: 
stages one through four. While the off-diagonal terms 
indicate the inaccurate classification between two closely 
related or overlapping phases, the diagonal words (C11, 
C22, C33, C44) display the correctly identified sample. 
This structured representation makes it possible to 
quantitatively assess the class specific separability, which 
proves that the model can distinguish between early-
stage and late-stage diseased disorders. In addition, the 
distribution of errors will provide insight into uncertainties 
throughout stage transitions, allowing for a comprehensive 
evaluation of the reliability and practicality. Classification 
algorithm application to real-world diagnostic processes.

Results

To evaluate how well the convolutional neural network 
(CNN) model predicted the development of lung cancer, 
Supplementary Figure 2 shows a collection of sample 
CT scans. This picture demonstrates how well the model 
can differentiate between radiological characteristics 
associated with tumor severity. It has been shown that 
the approach consistently identifies key morphological 
features that distinguish early, locally progressed, and 
metastatic illness.

The instance in Stage I accurately depicts an early-
stage lesion: a tiny, isolated nodule with little structural 
damage. Important for early diagnosis, this further 
demonstrates the algorithm’s ability to identify small 
problems.

A lesion with a greater mass density and a preference 
for the surrounding bronchovascular systems is indicated 
by a stage II prediction. The CNN has recognized the 
transformation from locally advanced to regionally 
advanced illness and can understand radiological 
alterations at the intermediate level.

Stage III patients often have obvious CT findings 
of localized invasion, such as probable mediastinal 
invasion and significant lung architectural deformation, 

Precision =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

Recall =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

F1-score = 2 ×
Precision × Recall
Precision + Recall

 

TPR =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
,     FPR =

𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹 + 𝑇𝑇𝑇𝑇

 

 

Figure 5. A Progression Diagram of the Four Major 
Clinical Stages of Lung Cancer
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as a consequence of persistent invasion. At this stage, the 
model’s strength lies in its ability to detect complicated 
and varied tumor patterns, which is why it is appropriately 
classified.

The first lung lesion and subsequent brain lesions, 
indicating distant dissemination, make up Stage IV cases. 
The model has shown promise in detecting advanced 
metastatic illness and has good generalizability to the 
symptoms of diseases affecting many organs.

Predictions shown in Figure X generally back 
the viability of a model for multi-stage lung cancer 
measurement. The presented CNN model is feasible as 
a clinical decision-making tool assistance and effective 
radiosystem operation, since the visual features closely 
match the predicted level.

The performance of the suggested deep learning model 
on various stages of lung cancer is shown by a collection 
of CT scan samples in this picture. In both examples, 
the first panel shows the original CT scan, while the 
second panel compiles the anticipated stages and scores 
for each instance according to classes I, II, III, and IV 
(class-wise probability scores). In Stage I, a diagnosis 
is highly probable for early-stage lesions; in Stages II 
and III, there is a continuous progression; and in Stage 
IV, advanced malignancies, including cases with distant 
metastasis, are classified. The probability values depict 
the confidence distribution for each of the four classes, 
highlighting the model’s discriminating capabilities. In 
every one of these examples, the model successfully 
identified the most probable cancer stage by predicting 
radiological characteristics associated with the various 

disease severity levels.
Table 1 presents five representative CT scan images 

corresponding to the examples illustrated in Supplementary 
Figure 3. The table provides the estimated probability 
distributions generated by the proposed model for 
each case. At each step of the prediction process, these 
metrics show how confident the Softmax classifier is in 
its predictions.

Table 2 displays the suggested CNN model’s overall 
classification performance, which demonstrates good 
accuracy and consistent values for recall, F1-score, and 
precision.

The model’s overall performance is displayed together 
with the accuracy, precision, recall, F1-score, and AUC 
for each cancer stage. With higher numbers, we can 
more accurately classify illnesses with varying degrees 
of severity.

Supplementary Figure 4 shows the normalized 
confusion matrix for the multi-class stage classification 
model, which shows the model’s recall-normalized 
performance throughout the four stages of the disease. In 
each cell, you can see what proportion of rows represent 
actual classes and what proportion represent incorrect 
classifications. Because classification accuracy increases 
with shade darkness, recall value grows as a function 
of shade. The proportion of recall is high in Stages I, 
II, and IV (0.917, 0.921, and 0.971, respectively), with 
Stage III showing a little lower percentage of memory 
(0.849). Additionally, the tiny off-diagonal values indicate 
that nearby stages do not have a lot of misclassification. 
Normized recall, which ranges from 0.0 to 1.0, is shown 
by the accompanying color bar.

The area under the receiver operating characteristic 
(ROC) curve generated by the suggested CNN model 

Sample 
ID

Input CT Feature Description Predicted 
Stage

PI 
(Stage I)

PII 
(Stage II)

PIII 
(Stage III)

PIV 
(Stage IV)

Final Interpretation

1 Small, peripheral nodule, no 
lymphadenopathy.

I 0.952 0.031 0.01 0.007 Early, localized disease with 
high confidence.

2 Large mass (5 cm), ipsilateral 
hilar lymph nodes visible.

II 0.005 0.887 0.093 0.015 Larger tumor with confirmed 
limited regional spread.

3 Extensive tumor involving 
mediastinal structures.

III 0.001 0.012 0.915 0.072 Advanced disease spread to 
chest tissues.

4 Small primary tumor, confirmed 
liver metastasis.

IV 0.003 0.015 0.052 0.93 Distant metastasis confirmed, 
critical stage.

5 Borderline large tumor, low 
probability of nodal involvement.

II 0.12 0.589 0.25 0.041 Stage II prediction, but with 
notable uncertainty towards 

Stage III.

Table 1. Probability Metrics of Stage Classification of Lung Cancer 

Metric Value
Accuracy 93.0% (95% CI: 91.2–94.8)
Precision 91.00%
Recall 92.00%
F1-score 91.00%
Macro-AUC 0.97

Table 2. Overall Performance of the Proposed CNN-based 
Lung Cancer Stage Classification Model on the Test 
Dataset. Values are reported in terms of accuracy, 
precision, recall, F1-score, and macro-averaged area 
under the ROC curve (AUC). The 95% confidence 
interval (CI) for accuracy was estimated using 
bootstrapping Stage Accuracy Precision Recall F1-

Score
AUC

Stage I 0.95 0.93 0.97 0.95 0.98
Stage II 0.92 0.90 0.91 0.9 0.96
Stage III 0.90 0.88 0.87 0.87 0.95
Stage IV 0.94 0.92 0.93 0.92 0.97
Overall 0.93 0.91 0.92 0.91 0.97

Table 3. Performance Measures of the Proposed CNN-
based Model of Staging Lung Cancer 
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is represented by this Figure. By comparing the True 
Positive Rate (TPR) and the False Positive Rate (FPR) at 
different decision thresholds, ROC assesses the model’s 
capacity for discrimination. The diagonal dashed line is 
a benchmark for the performance of a random classifier. 
The AUC figure is the total classification performance and 
the solid curve is the behavior of the model. The higher 
the region under the curve (AUC) of the model, the more 
it is able to detect instances of illness within different 
operating criteria and therefore it is easier to identify the 
presence and absence of a particular illness. This ROC 
curve indicates the level of prediction that the model can 
be used to predict the stage of lung cancer.

Table 3 summarizes the performance metrics of the 
proposed CNN-based lung cancer staging model. The 
model demonstrated strong classification performance 
across all evaluation measures, including accuracy, 
precision, recall, F1-score, and ROC-AUC. The obtained 
results indicate the effectiveness of the proposed 
architecture in accurately distinguishing between different 
stages of lung cancer from CT images. The consistently 
high-performance values further highlight the robustness, 
reliability, and generalization capability of the model, 
supporting its potential application in automated clinical 
decision-support systems for lung cancer diagnosis and 
staging.

The ROC analysis demonstrated that all evaluated 
models exhibited a high degree of discriminative 
capability, as evidenced by strong class separation and 
consistently high area-under-the-curve (AUC) values. 
The best-performing models maintained robust detection 
performance even at challenging class boundaries, as 
illustrated by the multi-class ROC curves. These curves 
indicate favorable sensitivity–specificity trade-offs across 
a wide range of classification thresholds, highlighting 
the reliability of the models in distinguishing among 
different lung cancer stages. Furthermore, the comparative 
ROC analysis revealed that the top-performing models 
consistently outperformed the baseline approach in 
terms of overall AUC. These findings confirm the strong 
diagnostic discrimination capability of the proposed 
framework and support its potential application in 
practical clinical decision-support systems for automated 
lung cancer staging and diagnosis.

The overall analysis of the CNN classification model 
proves its effectiveness and recommends potential 
application in the medical context to stage lung cancer 
using automatic computer tomography. In the four phases 
of the clinical trial, the model obtained an impressive 
weighted average accuracy of 91.0%.

Discussion

The Normalized Confusion Matrix (Supplementary 
Figure 5) came in handy to identify the advantages and 
specific issues with the model. In making decisions 
regarding treatment regimens, the model demonstrates 
the reliability of recognizing early and confined illness 
and progressing and metastatic disease by the high level 
of recall (= 0.917) of the significant boundary phases (I, 
II and IV). Stage III, the most complicated sector, had a 

slightly poorer recall (0.849) and an 11.3 percent higher 
misclassification rate. The clinical literature supports this 
finding, stating that the most challenging aspect of the 
diagnostic procedure is often distinguishing between early 
inter-regional micrometastasis and extensive involvement 
of regional lymph nodes.

The Softmax output is applied to offer a quantified 
probability at each stage to evaluate diagnostic confidence 
(Table 1). Because it enables physicians to thoroughly 
examine cases with lower probabilities (e.g., the 
probability distribution is divided into Stage II and Stage 
III) and use the model more as a decision-support tool 
rather than a final authority on diagnosis, this quantitative 
output is essential for clinical integration.

The current work developed and assessed a deep 
learning model to predict the four-step automated 
classification of lung cancer using a CT scan as an input. 
The model of using the strength of Convolutional Neural 
Networks and the interpretability of the Softmax activation 
function gave a strong and clinically feasible weighted 
accuracy of 91.0%.

According to the results, deep learning algorithms 
can accurately detect the clinically relevant visual 
characteristics of tumor size, nodal involvement, and 
distant metastasis. One important improvement is that the 
model can now provide normalized probability ratings; 
this will give doctors a better idea of how confident a 
diagnosis is. There is great hope that this method may 
reduce diagnostic system inefficiencies, increase inter-
observer reliability, and pave the way for better, faster, 
more individualized treatment plans for lung cancer 
patients.
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