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Abstract: Lung cancer is a leading cause of cancer-related death globally, necessitating innovative diagnostic methods to
enhance early detection and improve treatment effectiveness. This study presents "Advanced DeeplLungCareNet," an
enhanced deep learning framework designed to predict and classify lung cancer from medical imaging data with greater
accuracy and reliability. The approach improves diagnostic efficacy by employing convolutional neural networks (CNNSs)
and incorporating sophisticated image processing algorithms. The study utilized the IQ-OTH/NCCD Lung Cancer Dataset
from Kaggle, which includes a diverse collection of annotated medical images, such as computed tomography (CT) scans
and X-rays. Data preprocessing included normalization, augmentation, and segmentation to improve input quality for the
neural network. The model architecture has been refined with deeper convolutional layers, optimized pooling techniques,
and sophisticated feature extraction algorithms, enabling the detection of minute anomalies and patterns in the imaging
data. The performance evaluation metrics, including accuracy, precision, recall, F1-score, and AUC-ROC, illustrate the
superiority of ""Advanced DeepLungCareNet" over existing state-of-the-art models. The framework achieved exceptional
sensitivity and specificity, reducing false positives and false negatives, which is crucial for clinical reliability. The model
demonstrated remarkable accuracy in detecting lung cancer from CT scans, making it a valuable tool for assisting healthcare
professionals in early diagnosis. This study emphasizes the transformative potential of ""Advanced DeepLungCareNet" in
clinical environments, offering a robust solution for the early diagnosis and risk evaluation of lung cancer. Future attempts
will focus on integrating multi-modal datasets, incorporating real-world clinical data, and exploring transfer learning
approaches to enhance and validate the model's effectiveness across various healthcare situations.
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I INTRODUCTION big data-driven predictive models possess the capacity to

transform clinical medicine. by enabling accurate forecasts of

Artificial intelligence has grown very fast to become patient outcomes[1]. One of the major application areas of Al

one of the crucial tools in modern medicine, offering new is radiology, most especially in lung cancer detection through
opportunities for the earlier detection and improvement of the analysis of CT scan images.

treatment outcomes of many diseases. Machine learning and

IJISRT25JUN1801 WWW.ijisrt.com 2312


https://doi.org/10.38124/ijisrt/25jun1801
http://www.ijisrt.com/
https://doi.org/10.38124/ijisrt/25jun1801

Volume 10, Issue 6, June — 2025
ISSN No: 2456-2165

Lung cancer continues to be one of the most lethal
forms of cancer globally. Recent data indicates that around
2.2 million new lung cancer cases arise annually, leading to
nearly 1.8 million fatalities[2]. The five-year survival rate for
lung cancer patients is approximately 19%, indicating the
difficulties associated with diagnosis and treatment,
especially when the disease is identified at an advanced stage.
Lung cancer is the second most prevalent disease in the
United States and the primary cause of cancer-related
mortality, representing over 25% of all cancer deaths. In
2023, there were roughly 236,740 new cases of lung cancer
and around 130,180 fatalities[3]

The principal technique for lung cancer detection is
low-dose CT imaging, which can reveal nodules in the lungs
that may signify malignancy. Interpreting these scans is
intricate and frequently necessitates expert evaluation due to
the variety in lung cancer manifestations. This is the domain
in which artificial intelligence (Al) can exert a transformative
influence. Deep learning systems have demonstrated
exceptional precision in detecting and analyzing lung
nodules. Al models can analyses large volumes of imaging
data quickly and consistently, often surpassing the diagnostic
performance of human radiologists[4]. By combining human
expertise with Al capabilities, diagnostic accuracy can be
improved, and variability in clinical practice can be reduced
[5]. Recent studies highlight Al's critical role in lung cancer
screening and its potential to integrate multi-modal datasets
for even more comprehensive analyses[6]. Beyond lung
cancer, Al has demonstrated its versatility and reliability in
other diagnostic applications, such as achieving
dermatologist-level accuracy in skin cancer classification [7]

According to recent studies, Al can screen body parts for
lung cancer very effectively. For example, an Al model
outperformed expert radiologists in identifying lung cancer
from CT scans, significantly reducing both false positive and
false negative rates[8]. Improvements in such Al are key to
enhancing early detection, which is essential for achieving
better prognoses and higher survival rates among lung cancer
patients. This research examines the creation and utilization
of an Al model designed to predict lung cancer from CT scans.
We are tasked with analysing the present state of Al in lung
cancer screening, examining the methodology utilized in
developing these models, and discussing their potential
ramifications for clinical practice and patient care. In using
Al, it is our goal to enhance the precision and efficacy of lung
cancer diagnosis to improve patient survival and reduce
mortality rates. The title of the project was chosen to
demonstrate “Advanced DeepLungCareNet.”, an Al model
which uses a deep learning approach on medical imaging data
to predict and diagnose stages of lung cancer in a patient.
Below is a more detailed explanation of how these three
concepts form the crux of this paper[9].“Advanced
DeepLungCareNet”

"Advanced DeepLungCareNet" is a brief title that
conveys, in a very simple manner, the core idea and
technology behind this Al model. The suffix "Deep" denotes
deep learning, a part of machine learning. This pertains to the
application of deep neural networks for the examination of
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intricate patterns in extensive datasets. “Lung" notes the fact
that the model focuses on lung cancer, an area in which early
detection can make a real difference in health outcomes for
patients. "Patient Care" brings attention to what the goal of the
model is: improved patient care via accurate and early
diagnosis, which can then bring timely and more effective
treatment. "Net" equals neural network, signalling the
architecture of the Al at hand. Together, "Advanced
DeepLungCareNet" encompasses sophisticated and caring
usage of artificial intelligence technology in battling lung
cancer.

A. Deep Learning

Deep learning at the heart of the “Advanced
DeepLungCareNet” project enables it to realize predictions of
lung cancer with high accuracy from medical imaging data.
Using this approach, neural networks will be trained on vast
amounts of CT scan data to allow the model to learn and later
recognize intricate patterns related to lung cancer. This project
involves the use of a type of deep learning model known as a
convolutional neural network, which are well known to be
quite effective in image analysis. These networks are
composed of multiple layers that adaptively learn the spatial
hierarchies of features from input images. In training, many
labelled CT scans are processed, iteratively changing their
parameters to reduce errors in their predictions. The results
from the Al model can tell very fine differences between
cancerous and non-cancerous tissues. It is this deep learning
component that will continuously allow the model to improve
as more data is thrown at it, thus becoming an invaluable tool
for the early diagnosis of lung cancer[10].

B. Medical Imaging

Medical imaging data in the case of “Advanced
DeepLungCareNet” originated from numerous CT images
collected at different hospitals in Irag. Three-dimensional
deep learning approaches, as demonstrated in recent studies,
have proven highly effective in analysing low-dose chest CT
scans, significantly improving lung cancer detection rates
[11]. The scanning procedure creates cross-sectional pictures
of a patient's lungs, necessary for the detection of possible
cancerous growths. Hundreds of CT images are involved in
the dataset, all of which have been labelled to be either benign,
normal, or malignant. This should include a diversified and
comprehensive dataset for training the Al model to recognize
most of the instances of lung cancer. Real-world data from
Iragi hospitals exposes the model to many different cases,
including many different stages and types of lung cancer, so it
generalizes and becomes robust. The fact that the data
originated from the real world further ensures that it has been
tailored to the actual conditions in the clinic, hence its better
applicability in real life. “Advanced DeepLungCareNet”
makes accurate predictions by integrating the medical
imaging data with the advanced deep learning techniques and
therefore supports radiologists with a very powerful tool in
order to improve the outcomes of patients affected by lung
cancer.
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1. BACKGROUNDAND RELATEDWORKS

A. Historical Context

Al in medical imaging can be dated to the second half of
the 20th century, when machine learning algorithms were in
their earliest stages and first applied to radiological images for
anomaly detection. Since then, the progress of computation
and the development of more complex neural networks has
opened the gates toward more advanced Al applications in
health care. Specifically, a major effort to use a computer-
aided diagnosis program was done in 2004 in Japan to detect
lung cancer based on low-dose computed tomography (CT)
images. The computer-aided diagnosis had a sensitivity (the
model’s ability to detect true positives) of 83% for all
cancers[12]. The introduction of deep learning, particularly
convolutional neural networks (CNN), increased the model's
accuracy and strength. Deep learning models do not require
one to extract features; it learns to identify features from raw
image data itself. One pioneer explained that a deep learning
approach could significantly outperform traditional CAD for
pulmonary nodules detection in CT imaging, hence showing
its potential in the chosen domain [13]. Recent studies in this
area have been driven by the need to enhance the predictive
capacity of Al models through the integration of multi-modal
data. For instance, imaging data are fused with clinical data
and genomic information. This integration showcases the vast
potential of Al to streamline clinical workflows and improve
healthcare outcomes, as highlighted in emerging
literature[14]. On this front, a seminal study was conducted
where radiomics—quantitative features retrieved from
medical images—were used in predicting patient outcomes
and therapy response. This approach has shown potential in
personalization of treatment plans and enhancements in
prognostic accuracy[15].

B. The Convolutional Neural Network (CNN) model

The invention of convolutional neural networks has
greatly improved computer vision and image recognition.
Essentially, they are engineered to replicate the visual
processing mechanisms of the human brain; specifically,
CNNs can autonomously acquire spatial hierarchies of
characteristics from the input image in an adaptable
manner[16]. Normally, a CNN includes several architectures,
which are a convolutional layer, a pooling layer, and a fully
connected layer. These convolutional layers convolve the
image with a set of learnable filters, useful for edge, texture,
and pattern detection. The effectiveness of CNNs in medical
image classification, particularly in capturing intricate
patterns and features, has been well-documented[17]. Pooling
layers are often followed by convolutional layers; these layers
reduce the spatial dimensions of feature maps, hence
reducing computational load, and overfitting is
controlled[18]. 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. This
combination of layers enables a CNN to perform tasks like
image classification, object detection, and segmentation with
very high accuracy. Key strengths of CNNs are in the
extraction of complex patterns and features from images, very
critical for accurate diagnosis and prediction in medical
imaging. Interpretability has yet to be smoothed out because
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CNNs have long been considered a "black box" owing to their
complex and obscure internal mechanism. Research into
model interpretability and model robustness is going on hand
in hand across several diverse and variable medical
datasets[19].

C. Privacy Concerns and Challenges

While the CNN model has contributed much to medical
imaging, it also opens up several avenues pertaining to privacy
and security concerns. Indeed, the training of a CNN requires
huge amounts of medical data that involves the sensitive
information of patients. Ensuring privacy in such data
becomes important for the confidentiality of patients and,
hence, is bound by Legislations like the Health Insurance
Portability and Accountability Act (HIPAA) and the General
Data Protection Regulation (GDPR) exist in numerous nations
[20]. Besides, the centralization of medical data for training
purposes increases the risk of data leakage. Federated learning
has shown how to train models on decentralized sources of
data without actually sharing raw data and thus improves
privacy[21]. Another challenge is the still low interpretability
of CNNs. For Al predictions to be trusted, clinicians need
transparent models with clear explanations. Current research
orientation is toward developing techniques for interpreting
CNNs, but at a slightly lower accuracy[22]. Moreover, there
is a growing concern that Al, while powerful, could
contribute to the overuse of medical resources through
overdiagnosis and overtreatment, potentially leading to
increased costs and ethical dilemmas [23]. Another important
challenge is to guarantee that solutions are sound and
generalizable across a diversity of variable medical data sets.
Variability between imaging protocols, patient demographics,
and characteristics in tumours requires diversity and
representativeness in the training dataset. Research in progress
includes enhancing robustness in models and methods for
assessing and mitigating bias in CNN models[24][25].

1. PROBLEMSTATEMENT AND OBJECTIVES

This project, "Advanced Deep Lung Care Net," mainly
aims at developing a new, reliable Al-driven CNN model that
predicts the different stages of lung cancer from a CT scan.
Lung cancer is one of the most rapidly growing causes of
cancerous death globally, attributed to late diagnosis and a
lack of methods to detect it early [26], [27]. This can be
realized with a deep learning approach, focused on improving
the accuracy and timeliness of lung cancer staging for
enhanced survival and quality Patient Care.

The primary objective of “Advanced
DeepLungCareNet” is to improve the precision and reliability
of lung cancer staging. By integrating high-performance Al
with human clinical expertise, this model aims to enhance the
accuracy and timeliness of lung cancer staging, supporting
more personalized and effective patient care[28][29]. This
would be a complex model analysing lung CT scans to
accurately identify the stage of cancer. With improved
staging, they can help the clinician in timely and informed
decisions on treatment, very vital for the prognosis of the
patient[30]. Integration of deep learning techniques forms the
core of the “Advanced DeepLungCareNet” project. It
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architecturally designs and trains a CNN model that considers
pre-trained architectures for extracting and learning intricate
features from lung CT scans; for example, ResNet50, which
will be used in this project. After that, the model will be fine-
tuned on large medical imaging datasets for high accuracy and
robustness. This paper has a key component associated with
the effective utilization of medical imaging data. It will be
trained on a diverse set of lung CT scans, starting from benign
to malignant and different demographic variations. An
extensive dataset such as this will ensure the generalizability
or applicability of the model across different patient
populations. Further, the clinical application and validation of
“Advanced DeepLungCareNet” are within the scope of the
project. The model's working requires rigorous testing in a
clinical setup and evaluation for its reliability and efficacy.
With collaborations from health care institutions and
professionals, the model's deplorability and continuous
improvement will be guaranteed to ensure that the clinical
standards and needs of practitioners are met [31].

V. METHODOLOGY

This project can work on any operating system, ranging
from Windows to Ubuntu. Its requirements are:

» Programming Language: Python
> Software: Jupiter Notebook or Google Collab
(hosted version of Jupiter Notebook)

The algorithm below shows the basic implementation of
the program:

> Algorithm: Algorithm Steps

e Dataset Preparation

v/ Organize datasets into three categories: Benign,
Malignant, and Normal.

v/ Split the data into training (80%), validation (16%),
and testing (4%).

e Model Selection

v’ Use ResNet50, a pre-trained deep learning model, as the
base.

¢ Model Architecture

v Add layers for global pooling, dense neurons, dropout for
regularization, and a final classification layer with
SoftMax activation.

o Compile the Model

v Optimize with Adam, using categorical cross-entropy loss
and accuracy as the metric.

e Train the Model

v Train the model for 20 epochs using a learning rate
scheduler.
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o Evaluate the Model
v" Test the model on the test dataset and compute accuracy.
e Predict and Analyse

v’ Generate predictions for the test set and evaluate model
performance.

This CNN model's approach is designed to classify
images into benign, malignant, and normal phases of lung
cancer. The dataset is initially partitioned into three files:
training, validation, and testing sets, to assess the model's
performance. The ResNet50 architecture serves as the
foundational model for evaluation, having been pre-trained on
the ImageNet dataset except for the top layers[32], [33]. A
Global Average Pooling layer is employed to diminish the
spatial dimensions to the feature, followed by a fully
connected Dense layer including 1024 neurons utilising a
Rectified Linear Unit (ReLU) for nonlinearity, accompanied
by a Dropout layer set at 0.5 to mitigate overfitting. Overfitting
is the occurrence in which the Al model aligns excessively
with the training data (the CT scans in this instance), resulting
in erroneous outcomes[34][35]. Finally, a Dense layer is
positioned at the conclusion, including three neurons and
utilising SoftMax activation to yield class probabilities, so
normalising the outcomes.

It uses the Adam optimizer, with a categorical cross-
entropy loss method and accuracy as the evaluation metric.
The Adam optimizer is an algorithm that helps minimize loss
in a neural network. In addition, a learning rate scheduler that
will adapt the learning rate over epochs is added. Next, the
model was trained for 20 epochs using the training generator,
with its performance validated on the validation set. Finally,
the accuracy of the trained model was evaluated on the test
set. Finally, the last step would be to get predictions of the
model on the test data and compare them with the true classes
to evaluate performance.

V. RESULTS

A. Data Acquisition

Images for the dataset will be from CT scans of a
patient’s lungs. It will be useful for the dataset to get the details
about the patterns.

B. Advanced DeepLungCareNet Processing

> Image Classification

The ResNet50 image classification model is the most
important part of the algorithm because it uses advanced
architecture with pre-trained weights and forms the basis of
the Al model at work. ResNet50 can learn and maintain
intricate features through deep layers, and the residual
connections mitigate the vanishing gradient problem, that it to
outperform many other models in image classification. Hence,
this kind of image classification model can be more beneficial
in medical imaging, where the accurate extraction of features
forms a basis for the correct diagnosis of diseases. ResNet50
is a deep CNN of 50 layers used for feature extraction. It was
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trained on the ImageNet dataset and employed residual
learning that efficiently handled the vanishing gradient
problem and enabled training very deep network[36]. This
already includes features learned previously from millions
of images, hence increasing the accuracy and efficiency of
the extraction of relevant features from lung CT scans.

e Step 1: Pre-trained weights in Feature Extraction

The algorithm utilizes ResNet50, which uses residual
learning to enable deep network training with pre-trained
weights and improve accuracy in feature extraction from lung
CT scans. For example:

START

Load and Prepare Dataset

l

Split Data

!

Create and Compile Al Model

|

Create Learmning Rate Scheduler

|

Train Model on Training Set

l

Evaluate Model on Test Set

!

Make Predictions on Test Set

STOP

Fig 1 Flowchart describing how the “Advanced Deep Lung
Care Net” Al model works
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Fig 2 (A) is a benign tumor, and (C) is a malignant tumor

o Step 2: Model Customization

The algorithm utilizes the ResNet50 image
classification model, incorporating a Global Average Pooling
layer, followed by a Dense layer comprising 1024 neurons
with ReL.U activation, a Dropout layer with a rate of 0.5, and
concluding with a final Dense layer featuring three neurons
with SoftMax activation to produce class probabilities.

It will be trained with the Adam optimizer, using
categorical cross-entropy loss, and a learning rate scheduler
that can help ensure convergence and stability during
training. The Al model was given 1097 total images to use.
Based on this, an output graph was created on the model’s
accuracy:
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Fig 3 Graph showing the model accuracy of “Advanced Deep Lung Care Net”, with the number of epochs as the x-axis and the
accuracy of the model as the y-axis.

The model accuracy graph shows the training and
validation accuracies for the “Advanced Deep Lung Care Net”
model across twenty epochs. In blue, the trait of training
accuracy is almost linear, increasing to nearly 100% at the
twentieth epoch, thus proving that the model is learning and
fitting the training data effectively. In orange, the trait for
validation accuracy is very volatile across the epochs. First, it
has less accuracy in validation, but then the curve rises
drastically at the fifteenth epoch before showing some
volatility. This pattern demonstrates that the model is learning
well from the training data. In addition, another graph was
created on the model’s loss:

This plot shows the losses of the “Advanced Deep Lung
Care Net” machine learning model during training and
validation over twenty epochs. Both training and
validation losses drop very fast in the beginning, showing an
evident early improvement in model performance. Beyond the
third epoch, the losses are then pretty much stabilized, with
minor fluctuations. The convincing convergence of the training

and validation losses means that the model is learning well on
the dataset without any overfitting, which was prevented by the
Dropout layer.

This is very relevant to a lung cancer prediction model
since it tells of the capability of Al to generalize very well to
new patient data. The low and stable loss values later in the
epochs show that the model reached a decent level of predictive
accuracy. Next, a confusion matrix based on the graph’s results
was created.

The confusion matrix shown in Fig. 3 clearly brings out
the performance of the classification model in identifying
malignant cases. It correctly classified 109 instances against
the 109 malignant cases, making its sensitivity as high as 100%
in detecting malignant conditions. This shows a very critical
strength for a machine-powered lung cancer detection tool Fig.
4. Graph showing the model loss of “Advanced Deep Lung
Care Net with the number of epochs as the x-axis and the loss
of the model as the y-axis.
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Fig 4 Graph showing the model loss of “Advanced Deep Lung Care Net with the number of epochs as the x-axis and the loss of the
model as the y-axis.
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Fig 5 Confusion matrix showing the number of true positives, false positives, true negatives, and false negatives of the Al models’
results.

It also did well on the identification of benign cases; it
correctly classified 24 of the 29 cases with a specificity for
benign samples at 82.8%. Despite some overlap in the
categories, like the 12 normal classified under malignant, it
shows that the model still must improve a bit so that it can
properly identify benign cases as well.

In addition, the model has identified 80 of the 82 normal
cases correctly, proving its capability to identify normal tumour

samples; this further proves the model’s capability. In sum, out
of 220 total cases, 196 correct classifications correspond to an
accuracy of 96.8%. This means that the model only predicted
the class in 96.8% of the cases correctly when tested on unseen
data. This model accurately provides for most cases, where the
model will predict benign, malignant, or normal class with high
reliability.

Table 1 Showing the Precision, Recall, F1-Score, Accuracy, and Support Values for the” Advanced Deeplungcarenet”

Model

PRECISION RECALL F1-SCORE SUPPORT
BENIGN 1.00 0.83 0.91 29
MALIGNANT 0.96 1.00 0.98 109
NORMAL 0.98 0.98 0.98 82
ACCURACY 0.97 220
MACRO- AVG 0.98 0.93 0.95 220
WEIGHTED- AVG 0.97 0.97 0.97 220

Table | presents evaluation measures for our proposed
"Advanced DeeplLungCareNet" in predicting lung cancer.
Precision denotes the ratio of accurate positive predictions in
a model; in this instance, 83% of benign cases classified as
benign by the model were indeed benign. Recall quantifies the
proportion of actual positives accurately detected; a recall of
1.00 for malignant cases indicates that the model successfully
diagnosed 100% of all genuine malignant instances. The F1-
score, representing the harmonic mean of precision and recall,
offers a balanced assessment of model efficacy; an F1-score
of 0.98 in malignant patients signifies exceptional
performance in this crucial category. The macro average is the
unweighted mean of metrics computed for each label; for
example, the macro-average F1-score is 0.95. The weighted
average accounts for the sample size in each class; the
weighted average F1-score is 0.97, indicating that it considers
class imbalance, hence providing a more accurate
representation of overall performance.
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VI. FUTURE DIRECTIONS

Future directions of the “Advanced DeepLungCareNet”
model include increasing accuracy, generalizability, and
clinical applicability. The first and most important area of
improvement is to increase the diversity and
comprehensiveness of CT scans within the dataset to
guarantee the model's robustness with various populations and
imaging conditions. It is further fine-tuned with more
advanced techniques: transferring learning on a large medical
dataset and multi-modal data, including genetic information
and patient history[38][39]. More sophisticated regularization
methods can also help in overcoming overfitting more
effectively than the simple Dropout layer, and possibly more
effective can be other architectures. Another critical direction
includes the validation of rigorous clinical trials to confirm the
reliability and efficacy of the model under real-world
conditions in the clinic. In other words, for easy application in
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the clinical workflow and of help in establishing early
diagnoses of lung cancer, user-friendly interfaces should be
developed and health Patient Care regulations like the HIPAA
and GDPR should be maintained.

VII. CONCLUSION

Therefore, the “Advanced DeepLungCareNet” model
defines another gigantic molecular step towards the creation
of medical imaging and Al-based integrated tooling for the
purpose of ‘early’ diagnosis and classification of lung cancer.
This model, through deep neural networks aided by advanced
image processing approaches, has shown the performance of
the model in the correct identification of malignant nodules
from CT scans. It undergoes strict assessment using accuracy,
precision, recall, and the F1-score—proof of its efficacy over
the traditional diagnostic methods, therefore reducing false
positives and negatives: the very things critical to the outcome
of patients. The model was developed using a varied dataset
from Lung Cancer CT scans obtained from Iragi hospitals.
With deep learning methodologies in image classification and
the CNN maodel, "Advanced DeepLungCareNet" is not only
good at feature extraction but also flexible to patients of
different demographics and under different imaging
conditions. Further improvements in future, which would
improve accuracy and generalizability, include increasing the
diversity of the datasets, tuning more sophisticated
architectures of models beyond a basic Dropout layer, and
prospective clinical trials across a wide spectrum of health
care contexts. Compliance with health care regulations, such
as HIPAA and GDPR, is crucial for protecting the privacy and
security of patient data. “Advanced DeepLungCareNet” is,
therefore, a nascent tool for early lung cancer detection,
treatment planning, and serves tangible benefits to both
doctors and patients. The integration of Al in lung cancer care
has shown a profound impact on improving patient outcomes,
emphasizing the importance of continuing advancements in
this field [26]. From continuing development in Al for health,
Patient Care, innovations like “Advanced DeepLungCareNet”
go on to increase accuracy, efficiency, and accessibility to
more people in diagnostics.
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