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ABSTRACT: Lung cancer is one of the leading causes of cancer-

related mortality worldwide, and early diagnosis plays a vital role 

in improving patient survival rates and treatment outcomes. 

Computed Tomography (CT) imaging serves as a standard 

method to identify lung problems and to conduct early lung cancer 

assessments. The manual process of interpreting CT scans 

requires extensive time and labor while producing results that 

vary between different observers. The paper introduces a strong 

deep learning model which automatically analyzes CT images to 

enable early lung cancer detection. The system uses convolutional 

neural networks (CNNs) together with transfer learning methods 

to perform lung nodule classification by learning relevant features 

from CT images. The package uses advanced image preprocessing 

techniques which include noise filtering and contrast 

enhancement functions and lung region segmentation processes 

and intensity normalization techniques to enhance image quality 

by removing unwanted background elements. Data augmentation 

techniques are used to create synthetic samples which help 

balance the dataset while training the model to perform better on 

unseen data. The system uses publicly accessible benchmark CT 

datasets for validation testing while measuring performance 

through standard metrics which include accuracy, precision, 

recall, F1-score, sensitivity, specificity, and area under the ROC 

curve. The proposed deep learning model demonstrates superior 

performance compared to traditional machine learning methods 

and previous deep learning models according to experimental 

findings which show that the model achieves better reliability and 

diagnostic accuracy. The framework provides a scalable and 

affordable solution for lung cancer early detection which serves as 

an essential clinical decision support system for radiologists and 

medical professionals. The research team will use explainable 

artificial intelligence methods together with multi-modal patient 

data to increase model transparency and real-world usability in 

their future studies. 
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I. INTRODUCTION 

The field of artificial intelligence has developed into 

a major medical tool used in contemporary healthcare, 

which creates fresh chances to identify diseases in 

their initial stages and treat patients more effectively. 

Lung cancer stands out as a top fatal cancer type 

among various cancer types that exist worldwide. 

Current statistics show that approximately 2.2 million 

people receive lung cancer diagnoses each year, 

leading to almost 1.8 million fatalities. The five-year 

survival rate after diagnosis remains at 19% which 

shows the difficulties that arise from discovering the 

disease at advanced stages and having few treatment 

choices. In the United States, lung cancer is the 

second most commonly diagnosed cancer and the 

leading cause of cancer-related mortality, accounting 

for more than 25% of all cancer deaths. The year 2023 

experienced an influx of almost 236,740 fresh cases 

together with about 130,180 reported fatalities. Low-

dose computed tomography (CT) imaging serves as 

the main technique for lung cancer screening because 

it detects pulmonary nodules that might point to 

cancerous growths. The process of CT scan 

interpretation presents difficulties that require 

specialized knowledge because tumors exhibit 

diverse visual characteristics. Artificial intelligence 

demonstrates great potential for improving diagnostic 

performance through its implementation of deep 

learning methods. The 

AI models possess the ability to analyze extensive 

medical image collections at high speed while 

delivering consistent results that match or surpass the 

capabilities of trained radiologists. The combination 

of AI-assisted systems with clinical expertise leads to 

reduced diagnostic uncertainty and enhanced medical 

decision-making processes. Recent studies 

demonstrate that AI technology now plays an 

essential role in lung cancer screening, which enables 

medical professionals to analyze various types of 

patient data during their diagnostic procedures. AI 

systems have demonstrated their high reliability in 

skin cancer classification diagnostics, where they 

achieve performance levels that match those of expert 

clinicians. Multiple research studies have confirmed 

that AI-based systems demonstrate successful 

detection capabilities for lung cancer using CT scans 

while they achieve significant reductions in both false 

positive and false negative detection rates. The 

progress of these technological innovations plays a 

vital role in enhancing early diagnosis capabilities, 



International Journal of Engineering Science Invention Research & Development; Vol. 12, Issue 10, April 2026 

www.ijesird.com, E-ISSN: 2349-6185 

 

 

pg. 11467 
 

which directly contributes to improving patient 

outcomes and extending survival periods. This study 

develops an AI-based model which predicts lung 

cancer by using CT imaging data. The current state of 

AI-driven lung cancer screening requires assessment 

through model development methodologies which 

will determine their effects on clinical practice and 

patient outcomes. The study aims to develop better 

lung cancer diagnostic methods which will lead to 

higher patient survival rates and decreased death 

rates. The proposed model, titled **“Advanced 

DeepLungCareNet,” reflects the core concepts and 

technological foundation of this study. The term 

“Deep” represents the use of deep learning 

techniques, particularly deep neural networks, for 

analyzing large-scale medical imaging data and 

generating reliable predictive outcomes. The term 

“Lung” indicates that the model concentrates on lung 

cancer detection, which requires early identification 

to enhance patient treatment results. The term “Care” 

describes how the system intends to enhance patient 

management through its capacity to provide precise 

medical diagnoses in a timely manner. The term 

“Net” defines the neural network framework that 

serves as the fundamental base for the proposed 

system. The title “Advanced DeepLungCareNet” 

combines sophisticated technology with a patient-

focused approach to artificial intelligence to develop 

better methods for detecting lung cancer and assisting 

doctors in making clinical decisions. 

A. Deep Learning 

The “Advanced DeepLungCareNet” project 

achieves high accuracy in lung cancer prediction 

through the application of deep learning techniques 

for processing medical imaging data. The neural 

network model uses a large collection of CT scan 

images to train its system for identifying complex 

lung cancer symptoms. The medical image analysis 

field uses convolutional neural networks (CNNs) as 

its main deep learning framework because these 

networks have shown successful results in this 

application. The network structure contains several 

levels of organization which enable it to extract 

spatial features from images through automatic 

learning that occurs during its training process. The 

model training process begins with the analysis of 

CT scans while the system uses this data to improve 

its performance by reducing errors in classification. 

The system achieves precise results through its 

ability to differentiate between malignant and non-

malignant tissues. The deep learning framework 

becomes a reliable and scalable tool for early lung 

cancer detection because its performance improves 

with exposure to new data. The proposed approach 

therefore provides significant support to clinical 

diagnosis and enhances decision-making in medical 

imaging applications. 

B. Medical Imaging 

The medical imaging data used in the “Advanced 

DeepLungCareNet” model were obtained from a 

large collection of CT scans acquired from multiple 

hospitals in Iraq. Three-dimensional deep learning 

techniques are highly effective in analyzing low-dose 

chest CT images according to recent studies which 

demonstrate that these techniques improve lung 

cancer detection performance. The scanning process 

generates detailed cross-sectional images of the lungs 

which are essential for identifying potential malignant 

growths. The dataset consists of hundreds of CT 

images that have been carefully annotated and 

classified into benign, normal, and malignant 

categories. The dataset contains different types of 

lung condition patterns which the model uses to learn 

representative patterns for all lung conditions. The 

system uses real-world clinical data because it allows 

the system to handle all lung cancer stages and their 

different disease forms which improves system 

robustness and generalization ability. The use of data 

collected under actual clinical conditions ensures 

greater practical relevance and applicability in 

healthcare settings. The combination of high-quality 

medical imaging data with advanced deep learning 

methodologies in “Advanced DeepLungCareNet” 

results in reliable medical predictions which the 

system uses as a decision-support tool to improve 

diagnostic accuracy and patient outcomes through 

radiologist assistance. 

II. BACKGROUND AND RELATEDWORKS 

A. Historical Context 

You have received training on data that existed until 

the month of October in the year 2023. The first 

application of artificial intelligence in medical 
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imaging began during the 1960s when researchers 

developed the first machine learning methods to 

identify abnormalities in radiological . 

The healthcare industry has experienced significant 

growth in AI capabilities because of ongoing 

improvements in computer processing power and the 

introduction of new neural network designs. Japan 

started its first major computer-aided diagnosis 

project in 2004 when medical professionals used low-

dose computed tomography (CT) imaging to detect 

lung cancer, achieving an 83% sensitivity rate for 

identifying malignant cases. Convolutional neural 

networks (CNNs), which are a form of deep learning, 

provide improved diagnostic accuracy as well as 

increased system reliability. Deep learning models 

perform feature extraction automatically from raw 

image data while traditional methods need human 

operators to extract features. Deep learning-based 

approaches to medical imaging pulmonary nodule 

detection have demonstrated superior performance 

over all traditional computer-aided diagnosis methods 

according to early research. Present-day research 

investigates ways to enhance predictive performance 

by combining multiple types of data that include 

medical images and clinical records and genomic 

data. The combined analysis method allows for 

complete disease evaluation while it improves clinical 

efficiency. Radiomics, which extracts quantitative 

features from medical images, has become a useful 

method to forecast patient outcomes and treatment 

results. The methods demonstrate strong potential to 

develop personalized therapy plans while they 

improve prognostic accuracy, which establishes 

artificial intelligence as an essential component of 

contemporary healthcare systems. 

B. The Convolutional Neural Network (CNN) 

model 

The introduction of convolutional neural networks 

has revolutionized both computer vision technology 

and image recognition systems. The system design 

intends to imitate human brain visual processing 

through its core functionality which enables CNNs 

to extract spatial hierarchies from input images 

through automatic learning.[16]. A CNN system 

employs three main architectural components which 

include a convolutional layer and a pooling layer and 

a fully connected layer. Through their convolutional 

layers the system processes images by applying 

learnable filters which excel at detecting edges and 

textures and patterns. The research shows CNNs 

perform well in medical image classification because 

they extract complex patterns and features from the 

images [17]. The system uses pooling layers to create 

feature maps which require less computational 

resources while controlling overfitting through 

spatial dimension reduction. The last layers of a 

CNN are usually fully connected and execute high-

level reasoning based on features extracted by 

former convolutional and pooling layers. The 

different layer types in a CNN system enable it to 

accurately perform three functions which include 

image classification and object detection and 

segmentation. CNN technology excels at extracting 

intricate image patterns and features which serve as 

vital elements for achieving precise medical imaging 

diagnosis and prediction results. The challenge of 

interpreting CNN systems exists because their 

internal operations remain hidden behind intricate 

mechanisms which require extensive research. The 

research on model interpretability together with 

model robustness studies proceeds to investigate 

multiple medical datasets which demonstrate diverse 

characteristics [19]. 

C. Privacy Concerns and Challenges 

The medical imaging analysis field has benefited 

from CNN model advancements which create 

important privacy and security and ethical 

challenges for their implementation in healthcare 

settings. The requirement for large medical datasets 

which contain confidential patient records 

establishes data privacy and confidentiality as the 

primary requirement for deep learning model 

training. Healthcare applications need to follow both 

HIPAA and GDPR regulations so that organizations 

can validate their compliance with these legal 

standards. The medical data which gets gathered and 

stored at central locations for model training creates 

increased possibilities for unauthorized individuals 

to steal data and security breaches to occur. 

Researchers developed federated learning to solve 

this problem because it enables model training with 

distributed data sources while protecting patient 

privacy through its system of not disclosing actual 

patient information. CNN systems face their primary 
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obstacle because users find it difficult to understand 

their functioning mechanisms. Healthcare 

professionals need transparent and explainable 

artificial intelligence tools which display their 

prediction justifications in order to use these 

technologies in their clinical practices. The recent 

research on model interpretability contains methods 

which require users to choose between enhancing 

predictive accuracy versus maintaining existing 

model performance. The rising usage of AI-based 

diagnostic systems leads to increasing worries that 

medical professionals will diagnose non-existent 

medical conditions and administer unnecessary 

treatments which will drive up healthcare expenses 

while creating moral dilemmas. AI systems must 

demonstrate dependable performance and the ability 

to apply their solutions in various medical settings 

which presents an ongoing obstacle to their 

development. The training process requires training 

datasets which contain multiple variations of 

imaging protocols and patient demographics and 

tumor characteristics. The research community 

develops methods to evaluate CNN bias and build 

model robustness systems which help organizations 

achieve their clinical trustworthiness and reliability 

and fair evaluation. 

III. PROBLEM STATEMENT AND OBJECTIVES 

The main purpose of the “Advanced 

DeepLungCareNet” project is to create an artificial 

intelligence-based convolutional neural network 

(CNN) system which delivers accurate and efficient 

lung cancer stage predictions through analysis of CT 

scan imaging. Lung cancer remains one of the 

leading causes of cancer-related mortality 

worldwide, largely due to late diagnosis and the 

limited availability of effective early detection 

methods. The existing problems create an immediate 

demand for intelligent systems which enable both 

accurate disease detection and precise disease stage 

assessment. Through deep learning techniques, this 

project will improve lung cancer staging processes 

which will result in better patient outcomes through 

enhanced patient care and improved survival rates. 

The main goal of “Advanced DeepLungCareNet” is 

to improve diagnostic accuracy through the 

implementation of advanced AI technologies which 

work together with medical professionals to create 

customized treatment strategies based on scientific 

evidence. The system processes lung CT images to 

evaluate cancer stages which enables doctors to 

decide on treatments that enhance patient outcomes 

through timely and exact medical assessments. Deep 

learning functions as the fundamental technology 

which powers the proposed framework. The project 

develops a CNN architecture which uses pre-trained 

models like ResNet50 to extract features and learn 

representations from lung CT scans. The team 

performs fine-tuning on these pre-trained networks 

through medical imaging datasets which contain 

extensive data to achieve optimal accuracy and 

system resilience and capacity to perform across 

different contexts. The research study focuses on 

achieving effective extraction of all types of medical 

imaging data which includes both common and rare 

medical imaging samples. The model uses a 

complete dataset which contains all case types 

including benign and malignant and intermediate 

cases from multiple demographic categories. The 

system requires diverse patient populations to 

guarantee its ability to function in different medical 

settings. The project establishes two main elements 

which involve validating clinical outcomes and 

implementing practical solutions. The proposed 

model undergoes rigorous testing in real-world 

healthcare settings to evaluate its reliability, 

effectiveness, and clinical relevance. The system 

undergoes continuous improvement through 

partnerships with medical institutions and healthcare 

professionals who ensure it achieves clinical 

standards and practitioner needs. The collaborative 

approach enables “Advanced DeepLungCareNet” to 

maintain sustainable operations while expanding its 

system capacity for real-world implementation. 

IV. METHODOLOGY 

The system has been developed to work on Windows 

and Ubuntu operating systems which enables users to 

install it across different platforms.  

The project requires the following technical 

specifications to be fulfilled: 

Programming Language: Python 

Development Environment: Jupiter Notebook or 

Google Collab (cloud-based Jupyter environment) 
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The algorithm provides a description of the essential 

steps which need to be followed for executing the 

proposed system. 

Algorithm: Implementation Procedure 

A.  Dataset Preparation 

The team will organize the CT image collection into 

three distinct groups which include benign cases, 

malignant cases, and normal cases. The dataset 

requires division into three segments which are 

training at 80 percent, validation at 16 percent, and 

testing at 4 percent to achieve proper model 

assessment. 

B.  Model Selection 

The team will choose ResNet50 as their fundamental 

model to extract features from the already trained 

deep learning model. 

C.  Model Architecture Design 

The system will add new components which include 

global average pooling and fully connected dense 

layers and dropout layers for regularization and a 

SoftMax activation final classification layer. 

D.  Model Compilation 

The model requires compilation through the Adam 

optimizer which uses categorical cross-entropy loss 

function and accuracy as its main performance 

measure. 

E.  Model Training 

The network will undergo training for 20 epochs 

while the learning rate scheduling strategy will 

enhance convergence and reduce overfitting risks. 

F.  Model Evaluation 

The testing dataset will be used to assess the model's 

performance by measuring its classification accuracy 

and overall capabilities. 

G.  Prediction and Analysis 

The system will create predictions based on the test 

dataset while the team will evaluate the model's 

performance and dependability through extensive 

testing. 

The convolutional neural network (CNN) framework 

developed here enables classification of lung CT 

scans into three distinct categories which include 

benign and malignant and normal. For performance 

assessment testing reliability researchers start with 

dataset distribution into three distinct parts which 

include training and validation and testing. The base 

model for feature extraction uses ResNet50 

architecture which has been pre-trained on the 

ImageNet dataset and its top layers have been 

removed. The Global Average Pooling layer 

decreases extracted feature maps spatial dimensions 

which leads to a fully connected dense layer that has 

1024 neurons using Rectified Linear Unit (ReLU) 

activation to create nonlinearity. The model uses a 

dropout layer with 0.5 rate to control overfitting by 

limiting the model’s connection to training material. 

A model establishes training data patterns which it 

follows exactly that leads to its inability to handle new 

information. The final classification layer uses three 

neurons which operate with SoftMax activation to 

produce normalized probability scores that 

correspond to each class. The model uses the Adam 

optimizer for compilation which includes categorical 

cross-entropy as its loss function and accuracy as its 

main assessment method. The learning rate scheduler 

adjusts the learning rate in real time during training to 

help the model achieve better results. The network 

undergoes 20 epochs of training which uses the 

training dataset for monitoring purposes on the 

validation set. The testing dataset evaluates model 

performance through classification accuracy and 

generalization tests after training. The test sample 

predictions are compared with their actual ground 

truth labels to perform a complete performance 

evaluation. 

V. RESULTS 

A. Data Acquisition 

The dataset contains CT scan images which show 

patients' lung structures and these images help 

researchers to study lung cancer through pattern 

detection and abnormality identification. 

B. Advanced Deep Lung Care Net Processing 

The model uses ImageNet data for its pre-training to 

develop deep neural networks through residual 

learning which solves the vanishing gradient issue. 
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The pre-training process enables the model to use 

features from millions of images which leads to 

better accuracy and speed for extracting important 

features from lung CT scans. 

• Step 1: Pre-trained weights in Feature Extraction 

The proposed algorithm employs the ResNet50 

architecture which uses residual learning together 

with pre-trained weights to achieve efficient deep 

network training while improving lung CT scan 

image feature extraction accuracy. 

 
Fig1.sketches out the Advanced Lung Care Net 

(ALCANET) AI model's diverse processing steps. 

 

Fig2. (A) represents a benign tumor type, 

(B) illustrates malignant tumor. 

• Step 2: Model Customization 

The ResNet50-based classification model uses 

Global Average Pooling as its first layer. It continues 

with Dense, which has 1024 neurons and uses ReLU 

activation, and Dropout, which operates at 50 

percent, and it finishes with a Dense layer that 

contains three neurons which use SoftMax activation 

for class probability prediction. The model uses 

Adam optimization together with categorical cross-

entropy loss to train, while a learning rate scheduler 

enhances both convergence and training stability. 

The training process uses 1,097 images, and the 

model performance assessment uses accuracy output 

graphs for evaluation. 
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Fig.3 model accuracy curve of “Advanced Deep Lung 

Care Net” 

The model accuracy graph shows how the 

**Advanced Deep Lung Care Net** performed 

during training and validation through twenty 

epochs. The blue line shows training accuracy which 

increases at a regular pace until it reaches almost 

100% at the end of the twentieth epoch. The model 

shows effective learning ability because it 

successfully learns the training data. The orange line 

shows validation accuracy which starts with high 

changes during the first part of the testing period. 

The value begins at a lower point but increases 

sharply after the fifteenth epoch before it experiences 

minimal changes which indicate better 

generalization capabilities. The model loss graph 

shows how training and validation losses change 

throughout twenty development periods. The two-

loss metrics show rapid decline during the first 

period which indicates that students begin to learn 

better. The loss values reach stable points after the 

third epoch which shows that the process has 

achieved proper convergence through minor loss 

changes. The training losses and validation losses 

show close similarity which indicates that the model 

does not overfit its training data because the Dropout 

layer prevents overfitting. The study results provide 

essential evidence for lung cancer prediction because 

they show how the model handles new patient data 

without prior exposure. The model achieves reliable 

predictive accuracy because its later epochs maintain 

low loss values which perform consistently 

throughout that period. The confusion matrix 

provides a detailed overview of how well the model 

performs its classification tasks. The system 

achieved complete sensitivity for medical diagnosis 

by properly identifying all 109 malignant cases 

through 100% accuracy. The system demonstrates 

excellent capability to identify malignant conditions 

through its strong detection abilities. The study 

results demonstrate that the model achieves reliable 

and accurate classification results for lung cancer 

detection.  

 
Fig4.Confusion matrix of Advanced Deep Lung Care. 

The model achieved success in identifying benign 

cases through its ability to correctly identify 24 out 

of 29 samples which resulted in an 82.8% specificity 

rate for benign cases. The results showed minor 

misclassifications because 12 normal samples were 

wrongly predicted to be malignant but this 

demonstrated that the model needed further 

development to better differentiate between benign 

and malignant cases. The model successfully 

identified 80 normal cases out of 82 which 

demonstrated its ability to identify normal tumor 

samples. The classification framework maintains its 

strength because this finding confirms its 

effectiveness. The model achieved 196 correct 

predictions from 220 test cases which resulted in a 

96.8% accuracy rate across all unseen data. The 

model demonstrates high accuracy because it 

maintains strong generalization abilities while 

accurately classifying benign, malignant, and normal 
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cases with high precision. 

VI. FUTURE DIRECTIONS 

The Advanced DeepLungCareNet model will pursue 

three main objectives to enhance its accuracy and 

generalizability and improve its clinical 

applicability. Researchers need to enhance the CT 

scan dataset through expansion and diversification 

which will enable them to assess system 

performance for various population groups and 

different imaging conditions. The model will receive 

further enhancements through advanced methods 

which include transfer learning from extensive 

medical databases and the combination of multiple 

data types which contain genetic and patient health 

information. The research team will test more 

sophisticated regularization methods which can 

protect against overfitting better than standard 

Dropout layers through their assessment of different 

network designs. The model requires clinical 

validation through comprehensive testing to confirm 

its capability to function reliably and efficiently 

within actual healthcare contexts. The design of 

user-friendly interfaces must be accomplished to 

enable smooth clinical workflow integration which 

will help doctors identify lung cancer early. 

Healthcare organizations must implement strict 

protection measures to comply with HIPAA and 

GDPR regulations which safeguard patient 

information through these protective mechanisms. 

VII. CONCLUSION 

The paragraph has been rewritten into a clear 

academic format which maintains its original 

meaning. The Advanced DeepLungCareNet model 

establishes a major breakthrough in medical imaging 

and artificial intelligence technology by enabling 

healthcare professionals to detect and classify lung 

cancer at an early stage. The model uses deep neural 

networks together with advanced image processing 

techniques to accurately identify malignant nodules 

in CT scans. Its performance has been rigorously 

evaluated using standard metrics such as accuracy, 

precision, recall,and F1-score which confirm its 

effectiveness against traditional diagnostic methods 

while improving its ability to detect false positive 

and false negative cases that impact patient 

outcomes. The model was developed using a diverse 

dataset of lung CT scans collected from Iraqi 

hospitals which provided training data for patients 

who had different backgrounds and experienced 

different imaging conditions. The system achieves 

high accuracy in medical image analysis through its 

use of convolutional neural network–based feature 

extraction which allows medical professionals to 

conduct their work with flexible operational 

capabilities. Future enhancements will improve 

accuracy and generalizability through three main 

approaches which include expanding dataset 

diversity and adopting more advanced network 

architectures beyond basic dropout techniques and 

conducting large-scale prospective clinical trials 

across diverse healthcare environments. Healthcare 

providers must maintain strict compliance with all 

healthcare regulations including HIPAA and GDPR 

because these regulations establish essential 

requirements which protect patient data privacy and 

data security. The Advanced DeepLungCareNet 

system enables earlier lung cancer detection which 

helps doctors make better treatment decisions for 

their patients. Lung cancer care will benefit from 

artificial intelligence technologies which provide 

better patient outcomes through ongoing research 

activities and technological advancements. 
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