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1. Introduction 

Lung cancer (LC) poses a significant worldwide medical concern, as it is the primary cause of deaths caused by 

cancer. Identifying cancer cells at an early stage is essential to avoid serious outcomes [1]. When body parts 

begin to produce unhealthy cells, these cells can travel across the body and ultimately lead to fatal outcomes 

[2]. Detection of cancer involves a blood analysis, radiographic imaging, tissue sampling, and computed 

tomography scan, along with physical assessment of the individual [3]. Historically, the identification of cancer 

depends on its characteristics, such as surface pattern, hue, and form of the abnormal growth. The attributes 

depend on the specific case, because just looking at color, texture, or shape is not enough to accurately 

determine what type of disease is present [4].  

Lung cancer is conventionally divided into small cell type (SCLC) and non-small cell type (NSCLC) [5]. Due to 

the technology improvements, several deep learning (DL) techniques are employed to identify LC, including 

Copy Number Variation (CNV), acquired genetic alterations, and DNA modification studies of the tumor’s 

genetic material [6]. Various scanning techniques like radiographs, magnetic field imaging (MRI), positron Scan 
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Lung cancer ranks as the most common cause of death among all cancer types globally. Conventionally, CT scans and 
MRI were utilized to detect the lung modules, but it is time consuming and prone to errors, so this proposed model 
developed a novel deep learning approach to classify the lung cancer, which utilizes a PET, genomic, and clinical 
images to classify the lung modules. Initially, missing values are balanced utilizing mean imputation, then the data is 
normalized using min-max scaling. In the pre-processed images, the features are extracted employing PyRadiomics, 
Principal Component Analysis (PCA), and t-distributed stochastic Neighbor Embedding (t-SNE), which is utilized to 
reduce the noise. Additionally, the deep features are extracted employing Residual AlexNet, and the clinical data is 
encoded using One-hot encoding. Additionally, the Explainable cross-module attention deep fusion network pruning 
transformer (CDF-NPT) framework is used to classify the output. Shapely Additive Explanation (SHAP) is the 
framework utilized for feature attribution. Finally, the data is encrypted using a Secured dual stage encryption system 
technique using ElGamal ECC to secure the patients records. Further, the encrypted data is stored in the cloud 
platform successfully. Performance of this proposed system is evaluated utilizing metrics such as accuracy, precision, 
recall, F1-score, Encryption time, Execution time, ROC curve, Training and testing accuracy, and so on.  The accuracy of 
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(PET), as well as Computed Tomography (CT) have been used to identify lung lumps. These diagnostic tools 

assist in the early detection of abnormal growths in the lungs [7]. Due to the recent advancements in deep 

learning based image processing, two specialized 3D hybrid connection networks (CMixNet models) were used 

to categorize nodules [8]. Genetic activity analysis has offered important insights into gene functions and 

illustrates the present biological condition of the cellular structure.  

It has been employed to assist in the early identification as well as forecast of outcomes for several types of 

cancer [9]. The SVM model was applied to differentiate lung cancer categories, but SVM can struggle with large 

datasets and nonlinear relationships unless carefully tuned and kernel functions are well-chosen [10]. CNNs 

are used to detect patterns, whereas Vision Transformers (ViTs) analyze distant connections among image 

segments. CNN may miss global context, and ViTs require large datasets [11]. Typically, a Computer Assisted 

lung tumor identification system involves image enhancement, isolating the target area, and choosing relevant 

attributes, but such systems may suffer from reduced accuracy due to noise across different datasets [12]. 

Several conventional ML methods are found in prior research to help with lung tumor identification and 

categorization, such as SVM, which can limit the system’s adaptability and accuracy [13]. 

The BICLCD-TSADL method analyzes medical scans to detect and categorize tumors in the large intestine and 

lungs, but it may struggle with accuracy when handling low-quality images [14]. Identifying lung cancer 

through a combined artificial intelligence approach by merging SVM and CNN, but this model may have a high 

computational cost and complexity due to integrating two distinct algorithms [15]. LC can be recognized using 

a variety of techniques, although identifying the affected area can be difficult due to low tumor region clarity 

and image capture mistakes [16]. The lung traits are analyzed using a combined CNN and long short-term 

memory model, which detects both healthy and irregular patterns in medical data, but this model may have 

limited interpretability for complex clinical data [17]. To overcome the prior limitations, this proposed system 

utilized a novel deep learning approach.  

 

1.1 Motivation 

Lung cancer is a situation where irregular cells replicate and expand into a mass tumor. These malignant cells 

may be transported from the lungs through the bloodstream or lymphatic fluid that encircles the lung tissue. 

Certain computer aided diagnostic systems utilized automatically extracted characteristics, while others 

employed manually designed attributes for spotting and categorizing the biological tissue. Manual features may 

lack adaptability, and learned features can require large datasets and training time. A Gabor filter is applied to 

increase the quality of the image. A Hopfield-based neural network and a fuzzy clustering technique are used 

for dividing sputum color visuals to identify lung tumors in their initial phases. This method can be sensitive to 

noise and may misclassify regions due to overlapping color intensities. Conventionally UNet model is employed 

to detect the lung tumors; it may give false results, so the segmented CT scans are given to the 3D CNN to 

classify the scans. As compared to the UNet model, a CT scan is more efficient in detecting lung nodules. 

 

1.2 Objectives 

➢ To integrate and preprocess multimodal data from TCIA datasets using normalization, outlier removal, 

and missing value handling techniques.  

➢ To extract and refine high-quality features using radiomics, dimensionality reduction methods (PCA, t-

SNE), and deep feature extraction via Residual AlexNet for robust cancer classification.  

➢ To develop an explainable classification framework using the Cross-Module Attention deep fusion 

network pruning Transformer (CDF-NPT), along with SHAP for both global and instance-level model 

interpretability.  

➢ To implement a dual-stage mechanism using Elgamal ECC encryption to securely store and share the 

classified patient records on a cloud platform. 

This paper is organized from section 1 which presents the background and motivation of the study, section 2 

explores and analyzes previous research related to this domain, section 3 elaborates on the detailed design and 

http://www.svedbergopen.com/


www.svedbergopen.com                         International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.1s, 2026                                                                                                                                                                          571 

 

implementation of the proposed approach, section 4 discusses the findings and evaluates the effectiveness of 

the method and section 5 concludes the study with key insights and suggestion for future advancements.  

 

2. Related Work 

This section explores the previous research work based on the Lung cancer classification system, which 

includes the methods, limitations, and performances. 

Wankhade et al. [18] developed a deep learning (DL) model for cancer cell detection based on a hybrid neural 

network. DL networks are employed to extract data from CT scans. 3D-CNN is employed to increase the 

accuracy of lung nodule detection. This system utilized a LUNA 16 database to classify the data. This system 

attained an accuracy of 95% respectively. However, this suggested system needs to enhance the classification 

model by utilizing big data analysis.  

Bhuiyan et al. [19] introduced a machine learning (ML) model to detect lung cancer; multiple models were 

trained to predict the disease, such as XGBoost, LightGBM, AdaBoost, Logistic Regression (LR), and Support 

Vector Machine (SVM). Among those models, XGBoost achieves a high accuracy of 96.92%. Although XGBoost 

provides high accuracy, it can be computationally intensive, especially with large datasets.  

Srivastava et al. [20] suggested a Deep learning model of RCNN, which is utilized as a good model to detect 

critical data in medical imagery. Various techniques were utilized to detect the early stage of disease. The 

HFRCNN model, which starts by generating a collection that is classed and trained using CNN, is used to employ 

the second stage entity detector. This system achieved an accuracy of 97% respectively. However, this system 

needs to train the model on a large dataset.  

Mamun et al. [21] suggested a Deep learning model of CNN, Inception V3, and ResNet were utilized, which 

utilized a CT based image for detecting lung cancer. These several models are compared with each other to 

evaluate the performance. The CNN model attained an accuracy of 92% respectively. However, this system 

needs to utilize advanced DL and ML models for better accuracy.  

Naseer et al. [22] suggested a Machine learning model of SVM. This system utilized CT images for lung cancer 

detection (LCD). Where several convolution layers were employed to extract the features, such as seven 

convolutional layers, three pooling layers, and fully connected layers (FCL), this system attained 97.64% 

accuracy. However, this system needs to be realized on publicly available datasets.  

Noaman et al. [23] suggested ML algorithms such as SVM, KNN, CatBoost, XGBoost, and decision trees to detect 

lung cancer. This system achieved an accuracy of 97.683% respectively. Further, this system utilized an 

LC2500 dataset to assess the classification performance of the models. However, this system needs to integrate 

different augmentation methods to reduce the processing time.  

Verma et al. [24] suggested an Artificial Intelligence algorithms were used to detect lung cancer, 

simultaneously AI enhanced Low Dose computed tomography (LDCT) screening helps in early recognition of 

nodules. This system attained an accuracy of 95% in the early detection of lung modules. However, this system 

needs to implement advanced AI tools for better accuracy.  

Ochoa-Ornelas et al. [25] suggested a deep learning model of CNN, MobileNetV2, and Lung adenocarcinoma 

(LAC) to detect the lung nodules. To enhance the model’s classification LC2500 dataset was used. In the 

performance evaluation, this system achieved an accuracy of 98.11% respectively. However, this system needs 

to enhance the scope of the model’s application.  

Al-Jamimi et al. [26] suggested a machine learning algorithm of Recursive feature elimination with a SVM for 

feature extraction, the features are extracted using the XGBoost algorithm. This system achieved an accuracy of 

98% respectively. However, this system needs to reduce the processing time. Table 1 illustrates the previous 

research analysis of the lung cancer detection system. 

 

Table 1: Prior research analysis on early detection of Lung cancer 

Author name and 

Reference 

Methods Performance Disadvantages 
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Wankhade et al. [18] Deep Learning, 3D-CNN This system achieved an 

accuracy of 95% respectively. 

This system needs to enhance 

the classification model by 

utilizing big data analysis. 

Bhuiyan et al. [19] XGBoost, LightGBM, 

AdaBoost. 

XGBoost provides high 

accuracy. 

It can be computationally 

intensive, especially with large 

datasets.  

 

Srivastava et al. [20] RCNN, HFRCNN This system achieved an 

accuracy of 97% respectively. 

This system needs to train the 

model on a large dataset.  

 

Mamun et al. [21] CNN, Inception V3, and 

ResNet 

The CNN model attained an 

accuracy of 92% respectively. 

This system needs to utilize 

advanced DL and ML models for 

better accuracy. 

Naseer et al. [22] SVM This system achieved 97.64% 

accuracy, respectively. 

This system needs to be 

implemented on publicly 

available datasets.  

 

Noaman et al. [23] KNN, CatBoost This system achieved an 

accuracy of 97.683% 

respectively. 

This system needs to integrate 

different augmentation methods 

to reduce the processing time.  

 

Verma et al. [24] Artificial Intelligence, LDCT This system achieved an 

accuracy of 95% in the early 

recognition of lung modules. 

This system needs to implement 

advanced AI tools for better 

accuracy.  

 

Ochoa-Ornelas et al. [25] CNN, MobioleNetV2 This system achieved an 

accuracy of 98.11% 

respectively. 

This system needs to enhance 

the scope of the model’s 

application.  

 

Al-Jamimi et al. [26] Recursive feature elimination 

with an SVM 

This system attained an 

accuracy of 98% respectively 

This system needs to enhance 

the model for multiple disease 

detection.  

 

 

2.1 Problem Statement 

Despite the advancements of various medical technologies, there are significant challenges and limitations in 

the medical fields; some system needs to enhance the classification model by utilizing big data analysis.  [18], it 

can be computationally intensive, especially with large datasets. XGBoost, LightGBM, and AdaBoost were 

developed by [19] and lack in training using a large dataset.  The RCNN model was suggested by [20]. There is 

no advanced model of DL that was used.  The SVM model was introduced to identify lung cancer [22], where no 

proper augmentation and processing are high. A CatBoost model was developed by [23]; there are no advanced 

AI tools used, and it has low accuracy.  LDCT was introduced to predict lung cancers by [24, 25], which needs to 

enhance the scope of the model’s application.  There are no DL techniques, and advanced ML techniques are 

used by [26].   

 

3. Proposed Methodology 

This paper proposes a Cloud assisted multimodal lung cancer classification using a deep fusion network 

pruning transformer. In contrast to single data, multimodal data gives high-performance results.  Initially, 

genomic and clinical data are collected as input from the TCIA and TCGA datasets.  Mean imputation is utilized 

to fill the missing values, and to remove the outliers statistical method is fused. Normalization is performed by 

using the min-max scaling. The features are extracted from the preprocessed images by utilizing PyRadiomics, 

principal component analysis (PCA), and t-Distributed Stochastic Neighbor embedding (t-SNE) is employed for 

noise reduction. The workflow of the Lung cancer classification model is depicted in Figure 1. 
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Fig. 1: Workflow of the Lung cancer classification model 

 

Residual AlexNet is employed for deep feature extraction. Categorical data is encoded using one-hot encoding. 

Encoded data is categorized using an Explainable cross module deep fusion network pruning transformer. 

Shapley is a framework that works for both global and local explanations. The data is encrypted using Elgamal 

ECC to secure the patient records. Finally, the encrypted data is stored in the cloud.  

 

3.1 Preprocessing 

The raw genomic and clinical data are pre-processed by handling missing values and normalizing the data 

through mean value imputation (MVI) and min-max normalization. This step helps to improve the quality and 

maintain uniformity across multiple datasets.  

 

3.1.1 Mean value Imputation 

MVI is the most popular statistical based imputation to handle the missing values. The MVI demonstrates that 

when a value is missing in a dataset, this model fills the gap by taking the average of the other available values 

in the same feature.  


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here, v̂ is the filled-in value, kv is the existing known values, m is the amount of known values, and 
=

m

k

kv
1

signifies the total sum of all known values.  

 

3.1.2 Min-Max scaling 

In this model, all the data values, like gene expression level or clinical data and image intensities, are converted 

into a standard scale from 0 to 1. This process ensures consistency across different types of data and helps the 

model learn better by treating every feature fairly, especially when values vary widely in scale.  
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here v is the normalized value, v is the original value, minoldv , maxoldv , is the minimum and maximum value 

among the dataset, maxnewv  and minnewv is the final normalized data ranging from [0,1].  

 

3.1.3 One-hot encoding 

One-hot encoding is a technique employed to convert definite (text-based) data, such as cancer type, tumor 

stage, or smoking status, into a format. Each label is turned into a binary vector. This vector has all zeros, 

except for a single ‘1’ in the position that corresponds to the specific category. In each of these new features, the 

entries are marked with: 

• 1 to show the presence of a category 

• 0 to indicate its absence, Table 2 demonstrates the process of one-hot encoding. 

 

Table 2: Process of One hot-encoding table 

Tumor stage Stage 1 Stage 2 Stage 3 

Stage 1 1 0 0 

Stage 2 0 1 0 

Stage 3 0 0 1 

 

3.2  Feature Extraction 

In this section, features, texture, and shape or intensity are extracted from the normalized data by utilizing 

PyRadiomics and PCA, as well as the noise is reduced by utilizing t-SNE. 

 

3.2.1 PyRadiomics 

PyRadiomics is built in a modular manner to facilitate user interaction. The core component is the feature 

extractor module, which manages feature extraction and synchronizes the operation of various system 

components. Each type of feature is placed in its own module, and all of them are derived from a shared base 

class, which ensures a consistent structure and interface for feature extraction.  

Additionally, the platform includes two supporting modules: generalinfo, which gives extra details about the 

extraction and includes them in the results. Image operations, which contain the image processing and filtering 

functions used before, are extracted. In addition to being used interactively in Python programs via the feature 

extractor module, PyRadiomics also allows users to run it directly from the command line. It offers two 

command line tools: PyRadiomics for processing a single image and PyRadiomicsbatch for handling multiple 

images at once. Both tools can take an optional configuration file to customize the feature extraction process. 

The output results can be easily given to various statistical analysis tools like R or SPSS. Additionally, 

PyRadiomics comprises a user-friendly graphical interface through the radiomics extension in 3D Slicer, 

making it accessible for users who prefer visual tools over coding.  
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3.2.2 Principal Component Analysis (PCA) 

PCA is a method used to reduce the number of features in the dataset while keeping the most important 

information. In this proposed methodology, it is used to simplify high-dimensional data like gene expressions 

or radiomics features from the images. D  is the dataset matrix that contains S samples and F features, for 

example, each sample could be a patient's data with 1000 gene expressions. PCA looks for a new direction 

called a projection vector c that can be used to remap data in a way that the new version p captures as much 

variation in the data as possible. Dcp = is a linear transformation that is a compressed version of the original 

data.  

DcDc
S

pp
S

TT

C

T

C 1

1

1

1
maxmax

0 −
=

−
                                  (3) 

here, the principal component vector p ℝ
F

is also referred to as the score vector, which represents the 

transformed data in the new direction. Solving optimization problem (3) results in performing an eigenvalue 

decomposition, which helps to identify the principal constituents that seizure the most alteration in the lung 

cancer data is formulated as,  

DcD
S

c T

1

1

−
=                                                                        (4) 

 

3.2.3 t-Distributed Stochastic Neighbor Embedding (t-SNE) 

In this proposed methodology t-SNE model is used to suppress the noise of the data. Given a dataset 

 = dSddD ,...2,1 ℝ
v

in a high dimensional space v , t-SNE is a technique that maps this data into a lower 

dimensional space  gsgggG ,..,, 321=  with dimension vwhere vv  . The goal of t-SNE is to ensure that if 

two data points 1d  and 2d are near each other in the original dimension space, then their corresponding low-

dimensional points 1g and 2g will also be located close together in the new space. The similarity among points 

jd and kd in the original space is represented by a probability value denoted as
jkc . Which is formulated as, 
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The value 
j represents the bandwidth of the Gaussian distribution used to measure how likely the point kc is 

to be a neighbor of the point
jc . This spread is selected in a way that ensures the perplexity (a measure of how 

many effective neighbors a point has) of the probability distribution 
jc matches a specified value.  

here, 
jc refers to the conditional probability distribution that describes how likely all other points are to be 

neighbors of
jd .  
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T-SNE tries to position the points  Sggg ,..,, 21 in a lower dimensional space in such a way that the difference 

between how the data points relate to each other in the original high-dimensional space ( )c  as well as in the 

reduced low dimensional space ( )R is as small as possible. This difference is measured using a method called 

Kullback-Leibler (KL) divergence, which shows how much one probability distribution is not like another. 

Therefore, the impartial of t-SNE is to ensure that the neighborhood structure reflected in the new low-

dimensional representation is identical to that of the original data.  

( ) ( ) 


==
kj kj

kj

kj
R

c
cRCKLGP

,

,

, log                                               (8) 

Starting with a random initial guess for the low-dimensional pointsG , the t-SNE algorithm gradually improves 

the layout by reducing a specific cost function ( )GP , which measures how different the current arrangement is 

from the desired one. This is done using gradient descent, a method that adjusts the points step-by-step in the 

direction that reduces, based on the gradient (i.e., slope or direction of fastest change). 
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here, W is a global normalization constant, 
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Split the gradient into two parts 
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The first summation term, denoted as 
,, jattrX represents the pulling force that brings similar points together in 

dimensional space. The second summation term 
jrepX ,
represents the pushing force that keeps dissimilar 

points apart to prevent crowding. These two opposing forces help t-SNE arrange the data meaningfully by 

balancing closeness and separation. 

 

3.2.4 Residual AlexNet 

The AlexNet Convolution Neural Network (CNN) model includes techniques like batch normalization and max 

pooling to improve training and performance. The main distinction between a standard sequential CNN and a 

ResNet (Residual Network) includes shortest paths, also known as skip connections-which allow the input to 

bypass some layers and connect directly to later ones. This design enables those later layers to focus on 

learning only the difference (residual) from the input, rather than relearning everything. In fully connected 

layers, some information is lost as it passes through each layer, which can lead to a decline in data quality and 

negatively affect how well the model recognizes patterns. As a result, image detail may degrade, reducing the 

accuracy and efficacy of the classification. Figure 2 depicts the workflow of the AlexNet network. 
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Fig. 2. Workflow of AlexNet Network 

 

The pre-processed input data format is 227×227×2 pixels, where 227 pixels specify the height and width of 

each image, and the value 3 designates that the two types of data. The first two layers perform convolution, 

RELU activation, max-pooling, and normalization. The second layer process 256 feature maps using a 5×5 

kernel and a stride of 1, similar to the first. The third and fourth layers apply only convolution and ReLU, while 

the fifth is like the first but without normalization. Its output is flattened into a vector as well as passed to a 

three-layer fully connected neural network. The first two dense layers have 4096 neurons, and the final layer 

with 1,000 features uses softmax to generate classification results.  

ResNet helps to overcome the issue of information loss by allowing the original input data to flow directly to 

the output through shortcut connections. This method ensures that key characteristics are retained while 

maintaining the image's complete details. Training is made easier, faster, and the model learns more effectively 

because of the design, which just requires the network to acquire the alteration among input and output. In the 

original AlexNet model, ReLU is used as the activation function. This function helps avoid the vanishing 

gradient problem during back propagation and speeds up the training of the CNN and the standard ReLU 

function, respectively.  












=

0,0

0,
Re

zif

zifz
Lu                                                     (12) 

here z is the input value to the activation function, which typically comes from the FCL. The model also applies 

both global max pooling and global average pooling methods to evaluate how various pooling strategies 

influence the model’s recognition performance.  

 

3.3 Classification 

The extracted features are classified using an Explainable cross module attention based network fusion 

transformer. Initially, the extracted features are fed into the network pruning transformer module, and then 

the classified feature is given into cross module attention, and it is passed to the fully connected layer to the 

softmax, which gives the output as cancerous or non-cancerous.  

 

3.3.1 Deep fusion Network pruning transformer 

In this method, the output from the prior layer is fused with the network transformer. Fusion can be classified 

into input fusion, output fusion, and intermediate fusion. By utilizing concatenation and merging, fuse the 

information. In the output level, separate deep learning models can be applied to both datasets to extract 

features individually, which are then merged at a later stage.  

Pruning is the process of removing unnecessary parts of a model, like unimportant features or tokens, to make 

the model lighter and faster without losing important information. In this research, pruning helps the deep 

learning network focus on only the most relevant lung cancer features, improving efficiency and reducing 

computation.  

In this approach, a soft learnable mask
( )iS

~
is used. This soft mask is created using the sigmoid function   , 

which allows smooth adjustmentof which features are kept or reduced.  
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here, 
( )( )

j

i yS
~

 is the score of the feature at layer j , 
( )i  is the learnable threshold for that layer, E is the 

temperature value that controls smoothness,  and is the sigmoid function that softens the decision.   
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Fig.3: Workflow of Network Pruning Transformer 
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here, 
)(i

MHAy  describes the output activation function of MHA in the layer i . The layer's output activation is 

nears zero while the significance score of the token iy  is below the threshold by a large margin. The threshold 

needs to be pruned again when the token gets a zero prominence score in the subsequent layer, i.e. 
( ) ( ) 01 =+

j

i ym  

• Training model restrictions and a threshold on downstream asks with the soft pruning structure.  

• Binarize the soft mask and fix the threshold.  

• Follow-up fine-tuning of the model restrictions is performed, 

 

3.3.2 Cross module attention 

The core design of Cross Module Attention is structurally similar to the squeeze and excitation network, but 

with enhancements in its internal layout and the addition of a multi-feature selection mechanism. These 

improvements help in extracting more meaningful features and directing the model’s focus specifically to the 

tumor region in the given lung scan. In this proposed methodology. Cross module attention is applied after 

each Feature Extraction Module within down sampling path of the network. Cross module attention relies on 

two main components. The first is the channel attention unit, which identifies and emphasizes the features that 

are most important for the task. The second is the feature selection module, which filters out less relevant or 

unnecessary information, allowing the network to focus on the most meaningful data. Output from the module 

is denoted as
uv

j RH  . Then, Global Average Pooling PGA as well as Global Max Pooling PGM are applied 

to this output to compress the spatial information into summary values for further processing. The feature map 

from the module is denoted as , the two outputs after pooling are, 

( )

( )







=

=





PP

PP

GMGM

GAGA
(16) 

To simplify the above equation, the PP GMandGA compress each channel's spatial information to a scalar 

is expressed as,  

( )
D

D

M

S

jPP SDz
M

GMGA
11

,
1

,
== 








=                                     (17) 

These are compressed descriptors that represent summary statistics of the feature map and help the network 

focus more accurately on the cancerous regions during classification. 

 here, ( )SDz j , are individual components of the feature output
uv

j RH  , where D represents the 

compressed summary of features from both pooling operations (average and max), capturing key information 

from the lung scan. Next, both pooled outputs ( PGA and PGM ) are passed through a shared neural layer, 

made of two fully connected (dense) layers and activation functions. This transformed the pooled values as 

follows: 

( )( )

( )( )











=

=

Psiggmp

PLUsiggap

GMMLUfMfx

GAMfMfx





12

1Re2

Re
                                      (18) 

where, LUf Re applies a non-linear ReLU role is functional to capture complex patterns, sigf applies a 

sigmoid role is useful to normalize the output between 0 and 1 as formulated in equation 16, 1M and 2M are 

learnable weight matrices used in the transformation.  

zsig
e

f
−+

=
1

1
                                                                                  (19) 
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Output of 
gapx and 

gmpx is 
mergf formulated as, 

gmpgapmerg xxf =                                                                              (20) 

Figure 3 illustrates the workflow of crossover mutation. 
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Fig. 4: workflow of Cross module attention 

 

In the final step, the output from the channel module is created by applying a skip connection-based fusion that 

combines the refined features with the original input features
jz . This combination ensures that both the 

original image details and the enhanced attention-weighted features are preserved. Mathematically, this fusion 

is represented by, 

( ) ( ) D
Dimergout DzDff

1=
=                                                                     (21) 

The output is sent to the Multi-scale Feature Selection module (MSFSM) to improve feature variety. MSFSM is 

designed symmetrically to seizure data at altered scales, enriching the feature set. The feature map x is split 

equally across channels into m parts, each having 
m

1
one of the original channels. These sub-maps are 

processed using 33 convolutional layers from either the left or right path. The result of each convolution is 

denoted as
D

jV , calculated as, 
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Finally, the output 
jV is calculated by merging 

l

jV and 
s

jV as follows, 
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s

j

l

jj VVV +=                                                                         (24) 

The classified features from the transformer layer are fed into the cross module attention. By capturing the 

model relationship, the module increases the model’s ability to differentiate cancerous or non-cancerous lung 

nodules.  

 

3.4 Shapley Additive Explanation 

The shapely value is a method used to fairly assign importance to each feature or input based on how much it 

contributes to the final prediction. It ensures that each data input, like clinical or gene expression, receives 

credit proportional to its impact on the model’s decision. The shapely value is definite as follows: 

( )
( )

 ( ) ( ) 
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−−

=
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\,..3,2,1 !
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where, R is the number of stakeholders.  ( ) ( ) MfjMf yy −  Describes the contribution of the entity j

can be described as a marginal contribution, i.e. difference between the profit gathered by group M members 

only, ( )Mf y and that of both the entity j and the group members  ( )jMf y  . This calculation is repeated 

across all possible combinations of input features, and the shapely value is computed as the average impact 

each feature makes to the model’s prediction, added to different combinations. Figure 4 illustrates the SHAP 

summary plot demonstrating the global impact of selected radiomics features on the proposed model's 

predictions. Figure 5 demonstrates the SHAP summary plot, demonstrating the global impact of selected 

radiomics features on this proposed model's predictions. 

 

 
Fig. 5: SHAP summary plot demonstrating the global impact of selected radiomics features on 

this proposed model's predictions. 

 

The SHAP summary plot illustrates the influence of individual radiomics features on the forecasts made by the 

proposed Multimodal lung cancer classification system. Top-ranking features such as 

log_sigma_1_0_mm_firstorder_90Percentile and small Area High Gray Level Emphasis show a strong influence 

on model decisions. Positive SHAP values shift the prediction toward the cancerous class while negative values 

support the non-cancerous class. Dot colors indicate actual feature values, red for high and purple for low. This 
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highlights how feature intensity affects classification outcomes. The analysis confirms that the model leverages 

key radiomics markers effectively for accurate detection. Overall, SHAP provides critical explainability and 

supporting clinical trust. 

The Shapley method is unique because it’s the only approach for assigning contribution scores that satisfies 

four key principles: Efficiency, symmetry, Linearity, and Null Player. Using this idea, SHAP breaks down the 

prediction for a specific patient u represented as 
( )( )uyf  into a sum of individual contributions from each 

feature ( )j , written as
( )( )ujj y . This helps clearly understand how each input, such as clinical and image 

patterns, affects diagnosis.  
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where, V represents the total amount of patients in the dataset. From equation 24, it is shown that for every 

feature j , the average SHAP value across all diseases is zero. This means that SHAP values are balanced across 

the dataset.  

 

3.5 Secured dual stage Encryption System Technique Using Elgamal ECC 

The security technique used in this system relies on the mathematical difficulty of solving discrete logarithm 

problems involving very large prime numbers, making it highly secure against unauthorized access. An 

important feature of this method is that even if the same patient information (plaintext) is encrypted multiple 

times, the resulting encrypted outputs (Ciphertexts) will be different each time, adding an extra layer of 

protection.  

The ElGamal encryption process used to secure classified patient data involves three steps:  

• Key Generation: Creating public and private keys based on large prime values 

• Encryption: Converting sensitive patient information into a secure, unreadable form using the public key. 

• Decryption: Recovering the original information using the corresponding private key. 

 

3.5.1 Key Generation 

• First, choose a large random prime number q along with two other random values hy, ensuring both y

and h are smaller than q .  

• Then compute z using the equation: 

qhz y mod= (28) 

This means raising h to the power of y and taking the remainder after dividing by q .  

• The combination ( )zhq ,,  forms the public key, which can be shared openly, i.e., secured cloud based 

hospital systems. 

• The value y , is kept private a remains known only to the authorized system. It serves as the secret key for 

decrypting sensitive patient results, such as cancer classification outcomes.  

 

3.5.2 Encryption / Decryption process 

To securely encrypt a patient’s classified result (message n ), the following steps are performed: 
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1. A random number L is selected such that it shares no common factors with ( )1−q , ensuring it’s 

mathematically compatible for encryption. 

2. Next, the encrypted output is created as a pair of values ( )2,1 DD using these formulas: 

qhLD mod1=                                                                  (29) 

( )nzLD =2                                                                       (30) 

3. This cipher text pair ( )2,1 DD is what gets transmitted or stored, i.e., when saving diagnostic results to 

the cloud.  

To decrypt and retrieve the original patient data, the private key y is used with the equation: 

( ) qyD

D
n

mod1

2
=                                                                      (31) 

This process securely recovers the original message n (lung cancer result) without exposing it during 

transmission or storage.  

 

Algorithm 1 

Encryption stage: 

( )QqffryELGamalEnc ,,2,1                                             //Q is the plain text 

{
Select a random integer s in the group = yAH q ,  

( )
21

mod2

mod1

2

1

DandDreturn

qfQD

qfD

s

s





 

}                                                                                     // 21 DandD are the cipher texts 

 

Algorithm 2 

Decryption stage: 

( )2,1,, DDqeyptElGamalDec                                   // 21 DandD are the cipher texts 

( ) 
Qreturn

qDDq e

 

mod2

{

1

1

−
                                        //Q is the plain text 

 

Algorithm 3 

keyGenerElGamal _  

{  

      Select a large prime number q  

      Select e  to be a member of the group = yAH q , such that 21 − qe  

      Select 1f to be a primitive root in the group = yAH q ,  

qff e mod2 1  
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( )qffpubKey ,2,1                                 // To be announced publicly 

epriKey                                               // To be kept secret 

         Return iKeyandPubKey Pr  

}  

 

4. Result and Discussion 

This section presents the outcomes and evaluation of the suggested multimodal lung cancer classification 

framework. It provides an exploration setup, details about the medical imaging and genomic datasets used for 

testing, and the performance metrics applied to evaluate the accuracy and efficacy of the classification model 

[33]. This deep learning model effectively secured the data through SHAP using Elgamal ECC to secure the 

patients data is assessed and discussed. Table 3 summarizes the hardware and software environment used to 

execute and test the proposed model.  

 

Table 3: System Configuration 

Components Details 

Processor Intel® Core i5-6500 CPU @ 3.20GHz 3.19 GHz 

RAM 16.0 GB (15.9 GB usable) 

System Type 64-bit operating system, x64-based processor 

 

  4.1 Dataset Description 

This proposed model utilized Clinical data from the TCIA repository [31], which contains computed 

Tomography images (CT) of the mediastinum and abdomen in which radiologists mark lymph node locations. 

Radiologists labeled a total of 388 mediastinal lymph nodes in CT images of 90 patients and a total of 595 

abdominal lymph nodes in 86 patients. Genomic data is gathered from the TCGA repository [32] contains 

diseases of Acinar cell Neoplasms, Adenomas and Adenocarcinomas, Cystic, Mucinous and serous Neoplasms, 

Ductal and Lobular Neoplasms. In this study 80% of the data was utilized for training and 20% for assessing 

the dataset.  

 

4.2 Performance Metrics 

The performance of the proposed classification model was assessed employing multiple quantitative metrics, 

including accuracy, precision, recall, F1-score, and so on. Performance metrics descriptions are described 

below:  

)(

)(

FNPFNTPT

NTPT
Accuracy

+++

+
=                                      (32) 

PFPT

PT
ecision

+
=Pr                                                            (33) 

NFPT
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+
=Re                                                                   (34) 

)Re(Pr
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+


=−                                        (35) 

where, PT, NT, PF, and NF are True positives, True Negatives, False Positives, and False Negatives, 

correspondingly. 
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4.3 Performance Evaluation 

To evaluate the performance of the proposed approach, it was tested on a clinical and genomic dataset. The 

resulting performance was benchmarked against existing models, ViT [27], CNN-ViT [28], Trans-MSDL [29], 

and FocalNext [30]. Figure 6illustrates the accuracy of both datasets with existing models.  

 

 
a) Accuracy of the TCGA dataset 

 
b) Accuracy of the TCIA dataset 

Fig. 6 (a-b): Accuracy of the TCGA and TCIA datasets 

 

This graph compares the classification accuracy of four different models with the proposed model on two 

datasets. The TCGA dataset attained an accuracy of 98.47% and the TCIA dataset attained the highest accuracy 

of 99.01%, outperforming ViT, CNN-ViT, Trans-MSDL, and FocalNeXt. Among the existing models, CNN-ViT 

comes next with 95.78% and 96.69% accuracy. The graph clearly shows the efficacy of the suggested method in 

providing superior predictive performance.  Figure 7 compares the precision of the suggested and the present 

system for both datasets.  

 

 
a) Precision of the TCGA dataset 

 
b) Precision of the TCIA dataset 

Fig. 7 (a-b): Precision of the TCGA and TCIA datasets 

 

The graph compares the precision of four current models to the suggested model. The suggested model has the 

highest precision (98.75% and 98.87%), greatly surpassing the others. Among the rest, the precision of Trans-

MSDL among both datasets is 93.18% and 94.44%. Further, the precision of CNN-ViT is 91.36% and 93.91%. 

This demonstrates the proposed model’s superior ability to correctly recognize true positives. 

Figure8illustrates the Recall and F1-score of the proposed system with the existing system for both datasets.  
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a) Recall of the TCGA dataset 

 
b) Recall of the TCIA dataset 

 
c) F1 score of the TCGA dataset 

 
d) F1-score of the TCIA dataset 

Fig. 8 (a-d): Recall and F1-score of TCGA and TCIA datasets 

 

This graph shows the recall and F1-score with the comparison of the existing model with the suggested model. 

This model achieves a highest recall of 97.18% and 98.76%, indicating its strong ability to detect true positive 

cases. It surpasses CNN-ViT and Trans-MSDL. This highlights the model’s effectiveness in capturing all relevant 

cases of the condition. In the F1-score comparison, the proposed model again leads with 98.04% and 98.42%, 

reflecting a balanced performance between recall and F1-score. F1-score of CNN-ViT and Trans-MSDL among 

the TCGA dataset is 95.17% and 93.99% respectively. Further, F1-score on the TCIA dataset of CNN-ViT and 

Trans-MSDL models is 93.63% and 94.27% correspondingly. These outcomes confirm that the suggested 

approach delivers consistent and reliable classification. Figure 9illustrates the execution time of the suggested 

model with the current model. 

 

 
a) Execution of the proposed system in the 

TCGA dataset 

 
b) Execution of the proposed system in the TCIA 

dataset 

Fig. 9 (a-b): Execution time of the proposed system with two datasets 
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This bar graph compares the execution time of four current models with the suggested model for both datasets. 

The proposed model has the lowest execution time, making it the most efficient in terms of speed. In contrast, 

ViT takes the longest time, exceeding 200ms. The result shows the proposed method is both fast and resource 

efficient for real-time deployment. Figure 10 illustrates the training accuracy of both datasets proposed with 

existing models.  

 

 
a) Training accuracy of the TCGA dataset 

 
b) Training accuracy of the TCIA dataset 

Fig. 10 (a-b): Training accuracy of the TCGA and TCIA datasets 

 

The line graph shows the training accuracy over 300 epochs for four existing models and with proposed model. 

The proposed model consistently outperforms others, reaching the highest accuracy. Other models like Focal 

NeXT, Trans-MSDL, and CNN-ViT stabilize at lower accuracy levels. The result highlights the superior learning 

capability of the proposed framework. Figure 11illustrates the testing accuracy of both datasets.  

 

 
a) Testing the accuracy of the TCGA dataset 

 
b) Testing the accuracy of the TCIA dataset 

Fig. 11 (a-b): Testing accuracy of the TCGA and TCIA datasets 

 

The graph shows the testing accuracy of both datasets. The proposed model outperforms the existing four 

models. Existing models like FocalNeXt, Trans-MSDL, CNN-ViT, and ViT have lower testing accuracy. The 

suggested model has the highest testing accuracy. Figure 12shows the comparison of training loss and testing 

loss of the proposed model with existing models.  
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a) Training loss of TCGA 

 
b) Training loss of TCIA 

 
c) Testing loss of TCGA 

 
d) Training loss of TCIA 

Fig. 12 (a-d): Training and testing loss of the TCGA and TCIA datasets 

 

The above line graphs explore the Training and Testing loss of the TCGA and TCIA datasets. The proposed 

model achieves the lowest and stable loss, indicating better convergence and learning. Other models show 

relatively higher and more fluctuating loss values. This demonstrates the proposed model’s superior 

optimization and training efficiency. Figure 13 illustrates the ROC curve of both datasets with the proposed and 

existing models.  

 

 
a) ROC of the TCGA dataset 

 
b) ROC of the TCIA dataset 

Fig. 13 (a-b): ROC of the TCGA and TCIA datasets 
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This ROC curve compares the AUC (Area under Curve) scores of five models for classification performance. The 

proposed model achieves the highest AUC of 0.99, indicating excellent sensitivity and specificity. Other models, 

like FocalNeXt (0.96) and Trans-MSDL (0.94), perform slightly slower. This confirms the proposed method’s 

strong capability in distinguishing between classes. Figure 14 illustrates the Encryption time of the data to 

transfer into the cloud. 

 

 
a) Encryption time for TCGA  

 
 

b) Encryption time for TCIA  

Fig. 14 (a-b): Encryption time for the TCGA and TCIA datasets 

 

The bar graph compares the encryption time of four existing models with the proposed model. The proposed 

method shows faster encryption in both datasets, while ViT has the slowest performance. Other models like 

CNN-ViT and Trans-MSDL fall in between. This demonstrates the proposed system’s efficiency in securing data 

quickly for cloud –based storage transmission. Table 4 demonstrates the performance evaluation of the 

suggested system with the current system. 

 

Table 4: Comparison of the proposed system with existing systems 

Models Accuracy % Precision %  F1-score% Recall % Encryption 

time (ms) 

Execution 

time (ms) 

ViT 87.42 87.65 88.06 87.9 188 204 

CNN-ViT 89.25 90.84 93.99 93.08 159 173 

Trans-MSDL 93.45 93.18 93.99 93.08 132 177 

FocalNeXt 95.78 91.36 95.17 95.17 118 147 

Proposed 

model 

98.47 98.75 98.04 97.18 69 79 

 

Table 4 compares the performance evaluation of the suggested system with the current system. The accuracy 

of the suggested system is 98.47, precision is 98.75, F1-score is 98.04, recall is 97.18, Encryption time is 69 ms, 

and it takes an execution time of 79 ms, which demonstrates the high performance compared to the existing 

models.  

  

Table 5: Performance evaluation of the proposed system with existing systems 

Models Accuracy % Precision %  F1-score% Recall % Encryption 

time (ms) 

Execution 

time (ms) 

ViT 88.19 88.75 88.06 88.49 186 256 

CNN-ViT 90.45 90.84 90.41 90.32 157 188 

Trans-MSDL 94.29 94.44 94.27 94.12 124 159 

FocalNeXt 96.69 93.91 93.63 93.38 110 124 

Proposed 

model 

99.01 98.87 98.42 98.76 64 85 
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Table 5 demonstrates the performance evaluation of various methods. The accuracy of the suggested system is 

99.01%, precision is 98.87%, F1-score is 98.42%, recall is 98.76%, Encryption time is 64 ms, and it takes an 

execution time of 85 ms, which shows the high performance compared to the existing models.  

 

4.4 Discussion 

In this research, a novel framework for early lung cancer detection employing multimodal medical data and 

efficient deep learning feature extractors is developed. By leveraging recent progress in medical image analysis 

and efficient storage of data, the proposed method successfully overcomes the challenges and limitations 

observed in earlier diagnostic models. Further, [18] developed a deep learning model, but there is no efficient 

classification model used; this system utilized an efficient model of CDF-NPT. A machine learning model was 

developed by [19]. This system is computationally very high, while this proposed model is computationally 

low. The RCNN model was suggested by [20], where this model was trained using a small dataset, while the 

suggested model was trained employing two datasets. The CNN model was suggested by [21], but it needs to 

train the model using advanced methods, whereas this proposed system utilized advanced deep models to 

overcome the limitations.  A machine learning model was developed by [22], where this system needs to 

enhance the dataset and accuracy, while the proposed system utilized a large dataset and attained high 

accuracy. Similarly, [23] consumes more processing time, but this proposed system utilizes the CDF-NPT 

pruning method to reduce the processing time. An Artificial Intelligence model was suggested by [24], where 

this model has low accuracy, but this proposed system utilized an effective pruning method to improve the 

accuracy. Likewise, [25] developed a deep learning model of MobileNetV2; however, this model needs to 

enhance its application. This proposed model enhanced the application by enabling accurate and secure early 

lung cancer detection through a multimodal dataset. Similarly, [26] developed a machine learning model, but 

the processing time is high; his proposed system takes a low processing time of 79 ms. Table 6 illustrates the 

comparison of various methods. 

 

Table 6: Comparison of the proposed system with the existing system 

Author Name Accuracy 

Wankhade et al. [18] 95% 

Bhuiyan et al. [19] 92% 

Srivastava et al. [20] 97% 

Mamun et al. [21] 92% 

Naseer et al. [22] 97.64% 

Noaman et al. [23] 97.683% 

Verma et al. [24] 95% 

Ochoa-Ornelas et al. [25] 98.11% 

Al-Jamimi et al. [26] 98% 

Proposed model 98.47% 

99.01% 

 

5. Conclusions 

The proposed system demonstrates high accuracy in correctly identifying several kinds of lung cancer in 

patients. Previously, studies have aimed to increase the precision and reliability of cancer diagnosis. Building 

on these efforts, this approach introduces a deep learning based-model that utilizes multimodal medical data to 

detect early signs of abnormalities in lung tissues, improving early-stage diagnosis. Initially, the images are pre-

processed, and in the raw image, the missing values are imputed using the Mean imputation method. Features 

are extracted utilizing PyRadiomics, Principal Component Analysis, and t-Distributed Stochastic Neighbor 

embedding, and deep features are extracted using Residual AlexNet; clinical data is encoded using one-hot 

encoding. The extracted features are classified using the CDF-NPT framework, and for the feature attribution 

framework, the SHAP framework was used. Finally, the data was encrypted to securely store the patient data in 

the cloud. In the performance evaluation, the proposed system attained an accuracy of 98.47% and 99.01%, 

precision of 98.75%, 98.87% and Encryption time of 69 ms, 64 ms, respectively. Future scope is to enhance this 

model by storing the patient’s data in blockchain technology for more security.  
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