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Abstract- Lung cancer is one of the leading causes of
cancer-related deaths worldwide, and early detection
significantly improves patient survival rates. Deep
learning models, such as Convolutional Neural
Networks (CNNs), Linear Discriminant Analysis
(LDA), Recurrent Neural Networks (RNNSs),
Autoencoders, and Transformer-based models, can be
utilized to automate lung cancer detection from
medical imaging. However, a major challenge in
developing a robust deep learning model is the
variability in imaging data, which arises due to
differences in X-ray machines and scanning techniques.
This research highlights the impact of dataset
variability on lung cancer detection. We utilize the
LIDC-IDRI dataset from The Cancer Imaging Archive
(TCIA), which contains lung CT scans from multiple
imaging sources. The variability in image quality,
contrast, and resolution across different machines
introduces inconsistencies that hinder effective model
training and generalization. This study focuses on
analyzing these challenges and discussing potential
solutions, such as dataset standardization and domain
adaptation techniques, to enhance the reliability of
deep learning-based lung cancer detection.
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INTRODUCTION

Lung cancer remains one of the most prevalent and
lethal cancers worldwide, with a significant impact
on global health. Early detection of lung cancer is
crucial for improving patient prognosis and survival
rates, as the chances of successful treatment are
considerably higher in the early stages of the disease.
Conventional methods for detecting lung cancer
include chest X-rays, computed tomography (CT)

scans, and biopsy. However, these methods are often
subjective, time-consuming, and prone to human
error. As a result, the development of automated
diagnostic tools using advanced machine learning
techniques has garnered significant attention in recent
years.

Among these techniques, deep learning has emerged
as a powerful tool for image-based diagnostic tasks.
Specifically, Convolutional Neural Networks
(CNNs) have demonstrated exceptional performance
in image classification, object detection, and
segmentation. These models have the potential to
revolutionize the way lung cancer is diagnosed,
particularly by automating the process of nodule
detection and classification. CNNs excel in feature
extraction from raw medical images, enabling them
to detect subtle patterns and anomalies that might be
missed by human clinicians. Beyond CNNSs, other
deep learning models, such as Linear Discriminant
Analysis (LDA), Recurrent Neural Networks
(RNNSs), Autoencoders, and even Transformer-based
models, can also be applied to enhance model
accuracy and performance in detecting lung cancer
from medical imaging.

Despite the promising capabilities of deep learning
models, the effectiveness of these approaches is often
limited by challenges related to the quality and
consistency of medical imaging data. In the context
of lung cancer detection, the variability of imaging
data is one of the most significant hurdles. X-ray
machines and CT scanners from different
manufacturers, or even the same manufacturer but
with different settings, often produce images with
varying levels of resolution, contrast, and noise. This
inconsistency introduces substantial complexity in
developing a deep learning model that can generalize
well across diverse datasets. A model trained on one
dataset may perform poorly on another dataset from a
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different machine due to these variations in image
characteristics. Thus, the problem of dataset
variability becomes a critical issue in the successful
deployment of deep learning models for lung cancer
detection.

In this study, we focus on the LIDC-IDRI dataset, a
publicly available collection of annotated CT scans
provided by The Cancer Imaging Archive (TCIA).
The dataset contains a wide range of lung CT scans,
with annotations made by multiple radiologists,
making it an excellent resource for training and
evaluating lung cancer detection models. However,
the LIDC-IDRI dataset itself is not without
challenges. It includes scans captured from various
imaging systems, each with its own unique imaging
properties. As a result, the variability across these
scans complicates the training process, as deep
learning models struggle to adapt to such diverse
imaging conditions.

This research aims to explore the impact of dataset
variability on the performance of deep learning
models for lung cancer detection. Specifically, we
focus on how differences in image quality, contrast,
and resolution across various X-ray machines affect
the model’s ability to detect and classify lung cancer
accurately. By analyzing these challenges, we intend
to shed light on the limitations of existing approaches
and propose potential solutions, including dataset
standardization and domain adaptation techniques, to
enhance model performance and generalization
across different imaging sources. Ultimately, our
research contributes to the ongoing efforts to
improve early-stage lung cancer detection using deep
learning and provides insights for overcoming the
challenges posed by heterogeneous medical imaging
data.
LITERATURE REVIEW

Early-stage detection of lung cancer is vital for
improving survival rates. Traditional imaging
techniques such as chest X-rays and CT scans are
commonly used for detection, but the interpretation
of these images requires significant expertise.
Recently, the application of deep learning (DL)
techniques, particularly  Convolutional Neural
Networks (CNNs), has revolutionized the field of
medical imaging, offering promising solutions for

automating lung cancer detection. This section
reviews the literature on the use of deep learning
models for lung cancer detection, the challenges
posed by dataset variability, and approaches to
mitigate these issues.

Deep Learning Models for Lung Cancer Detection

The use of CNNs in medical imaging, particularly for
lung cancer detection, has shown remarkable success.
In their seminal work, Shin et al. (2016) demonstrated
that CNNs could be used to identify malignant
pulmonary nodules in CT scans with high accuracy.
Their model outperformed traditional image
processing techniques and was on par with expert
radiologists in terms of sensitivity and specificity
(Shin et al., 2016). Similarly, Cruz-Roa et al. (2017)
applied CNNs to classify lung cancer in
histopathological images, achieving a significant
improvement over conventional methods. These
studies highlight the potential of CNNSs in the early
detection of lung cancer.

Furthermore, CNNs have been utilized in nodule
detection and segmentation tasks, with Jin et al.
(2020) proposing a two-stage model that integrates a
CNN with a region-based CNN (R-CNN) to improve
the accuracy of nodule localization. This approach
demonstrated higher precision compared to
traditional methods, especially in challenging cases
where nodules were located in dense lung tissue (Jin
et al., 2020). Other models, such as Recurrent Neural
Networks (RNNs) and Autoencoders, have also been
applied to analyze lung cancer images. RNNs are
particularly useful for analyzing sequential data, such
as 3D CT scan slices, and have been shown to
improve the accuracy of nodule classification (Zhang
etal., 2018).

Linear Discriminant Analysis (LDA) has been used
as a dimensionality reduction technique to enhance
the interpretability of deep learning models by
improving the feature extraction process (Zhou et al.,
2017). Additionally, Transformer-based models,
which have gained popularity in natural language
processing, are being explored for medical image
analysis due to their ability to capture long-range
dependencies within images, which is crucial for
detecting complex patterns like tumors (Raghu et al.,
2020).
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Challenges in Dataset Variability

Despite the promise of deep learning for lung cancer
detection, a significant challenge is the variability in
medical imaging datasets. This issue arises when
data is collected from different imaging sources, such
as various CT or X-ray machines from different
manufacturers. A study by Zhang et al. (2019)
revealed that models trained on data from one
scanner performed poorly when evaluated on images
from a different scanner, even when both were used
to capture the same anatomical region. This
phenomenon is known as domain shift, and it occurs
due to differences in imaging protocols, image
quality, and machine specifications.

The LIDC-IDRI dataset is one of the most widely
used datasets in lung cancer research, containing CT
scans with radiologist annotations for lung nodules.
However, it includes images captured by different
CT scanners, which introduces variability in
resolution, noise, and contrast across the dataset. Liu
et al. (2018) highlighted that such dataset
heterogeneity complicates the task of training deep
learning models, as the models struggle to generalize
to images from different machines. This issue is
further exacerbated when models are deployed in
clinical settings, where imaging equipment can vary
significantly.

Approaches to Mitigate Dataset Variability

Several strategies have been proposed to address the
challenges of dataset variability in medical imaging.
Data augmentation techniques, such as rotation,
scaling, and flipping, are commonly used to
artificially increase the diversity of the training set
and reduce overfitting to specific machine types.
However, these techniques may not fully account for
differences in image quality and machine
characteristics.

Domain adaptation is another promising approach to
mitigate the effects of dataset variability. Peng et al.
(2020) proposed a domain adaptation framework to
transfer knowledge from one imaging domain to
another by aligning the feature distributions of
images from different scanners. Their method
demonstrated significant improvement in model
performance when applied to CT scans from multiple
sources.  Unsupervised  domain  adaptation
techniques, which do not require paired labeled data

from both domains, are also being explored as a
solution for bridging the gap between datasets from
different imaging systems (Zhou et al., 2021).

METHODOLOGY

In this study, we explore the challenges posed by
dataset variability in the detection of lung cancer from
CT images using deep learning models. Our
methodology encompasses the following key stages:
dataset acquisition, preprocessing, model
development, and evaluation, with a particular focus
on the impact of variability in medical imaging. Below,
we describe each stage in detail.

1. Dataset Acquisition

For this study, we used the LIDC-IDRI dataset,
obtained from The Cancer Imaging Archive (TCIA).
The dataset contains 1,018 CT scan images of the lungs
from different patients, along with expert annotations
marking the presence of lung nodules. These
annotations are provided by four radiologists, allowing
for a robust evaluation of nodule characteristics. The
CT images are sourced from different CT scanners,
leading to inherent variability in imaging
characteristics such as resolution, contrast, and noise.

2. Dataset Preprocessing

Preprocessing plays a crucial role in improving the
quality and consistency of the dataset before feeding it
into a deep learning model. The following steps were
taken to preprocess the data:

Image Resizing: All CT images were resized to a
uniform dimension to standardize the input size for the
model. This step ensures consistency in the images, as
they originally came in different resolutions and aspect
ratios.

Image Normalization: Each image was normalized to
bring pixel intensity values within a range of 0 to 1.
This step ensures that the images have uniform contrast
and brightness, reducing the impact of scanner-specific
inconsistencies on model performance.

Data Augmentation: To further enhance the robustness
of the model and address the limited diversity in the
dataset, we applied common data augmentation
techniques such as rotation, flipping, scaling, and
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cropping. These transformations helped create more
varied training examples, which are essential when
dealing with dataset variability.

Image  Segmentation: We also  performed
segmentation on the CT images to isolate lung regions,
as some images may contain background noise. This
step helped to focus the model on the relevant parts of
the image, improving the accuracy of nodule
detection.

3. Model Development

We explored multiple deep learning models for lung
cancer detection, selecting models based on their
ability to handle image data and adapt to varying
levels of dataset quality. The following models were
implemented:

Convolutional Neural Networks (CNNs): CNNs are
the backbone of our approach for detecting lung
cancer nodules. We designed a CNN architecture
consisting of several convolutional layers followed by
pooling layers to extract hierarchical features from the
images. The model is trained using a softmax
activation function at the output layer to classify the
presence or absence of cancerous nodules.

Transfer Learning: Given the challenge of limited
data, we used transfer learning with pre-trained
models like ResNet-50 and VGG16 to leverage the
knowledge learned from large image datasets. The
pre-trained weights were fine-tuned on our dataset to
adapt the models to the lung cancer detection task.

Linear Discriminant  Analysis (LDA): We
incorporated LDA as a dimensionality reduction
technique to enhance feature extraction and improve
the interpretability of the model. LDA helped reduce
the computational complexity by projecting the high-
dimensional image features onto a lower-dimensional
space while preserving class separability.

Recurrent Neural Networks (RNNs): To handle the
temporal nature of 3D CT scans (slices), we
implemented RNNs to capture long-range
dependencies between slices, which can be crucial for
accurate nodule detection in volumetric images. This
step aids in learning sequential patterns, which is
important for detecting lesions spread across multiple
slices.

Autoencoders: Autoencoders were utilized for feature
learning and denoising of the CT images. These
models helped enhance the image quality by removing
noise, which is particularly important given the
variability in CT scan quality from different machines.

Transformer-based Models: Inspired by recent
advances in vision transformers (ViTs), we
experimented with transformer-based architectures for
medical image classification. These models have the
advantage of handling long-range dependencies
between image patches and could potentially improve
performance on datasets with high variability in image
quality.

4. Addressing Dataset Variability

A key challenge of this study is the variability of
imaging data from different CT scanners. To address
this, we employed the following techniques:

Domain Adaptation: We implemented domain
adaptation techniques to account for the differences in
image quality and characteristics between different CT
scanners. This approach involved training the model
on multiple domains (scanners) and aligning the
feature distributions of images from these domains.

Multi-source Learning: To further mitigate the effects
of dataset variability, we explored multi-source
learning, which enables the model to learn from
datasets generated by multiple sources (CT scanners).
This approach aims to improve generalization by
combining information from diverse sources.

Feature Alignment: Feature alignment was performed
to ensure that features extracted from images from
different scanners were in a consistent feature space.
This involved transforming the feature distributions
using unsupervised learning techniques to reduce the
gap between data collected from different sources.

5. Model Evaluation

The performance of the models was evaluated using
standard classification metrics:

Accuracy: The percentage of correct predictions (true
positives + true negatives) compared to the total
number of predictions.

Sensitivity and Specificity: Sensitivity measures the
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proportion of true positives (correctly identified
cancerous nodules), while specificity measures the
proportion of true negatives (correctly identified non-
cancerous nodules).

F1-score: The harmonic mean of precision and recall,
used to evaluate the model's performance in terms of
both false positives and false negatives.

Area Under the Receiver Operating Characteristic
Curve (AUC-ROC): AUC-ROC was used to assess
the model's ability to distinguish between cancerous
and non-cancerous nodules across different
thresholds.

RESULTS AND DISCUSSIONS

In this section, we present the results of our deep
learning models for lung cancer detection using the
LIDC-IDRI dataset, focusing on the evaluation
metrics and how dataset variability impacted model
performance. The discussion highlights the
challenges encountered due to the variability in
imaging data from different CT scanners, the
performance of different models, and the
implications of our findings.

1. Performance of Deep Learning Models

We evaluated the performance of several deep
learning models, including Convolutional Neural
Networks (CNNSs), Transfer Learning with ResNet-
50, Linear Discriminant Analysis (LDA), Recurrent
Neural Networks (RNNs), Autoencoders, and
Transformer-based Models. The models were trained
using a combination of pre-processed CT images
from the LIDC-IDRI dataset, and their performance
was evaluated on a hold-out test set. Below are the
results of the evaluation using key performance
metrics.

Mode v uraey(k] v Sensity(¥) v Spechicty(%] + FlSeore +  AUCROC -
CN {Basic Arcitecture) ul 13 87 18 0
(NNwith Tranfer Leaming RestetS0) 943 86 04 1% 0
(NNwith DA 8.1 801 f2 18 08

RN (30 CT scan e i 15 g8 03 05
Autogncoders (Denaising] f4 Tl 83 (N 04
Transformer based bodel V1) L) iy 103 085 08

Table 1: Performance comparison of various deep
learning models for lung cancer detection.

The CNN with Transfer Learning (ResNet-50) model
achieved the highest accuracy of 89.5%, with a
sensitivity of 85.6%, specificity of 92.4%, and an
AUC-ROC of 0.91. This model significantly
outperformed  the others, showcasing the
effectiveness of transfer learning in handling the
dataset variability, where ResNet-50, pre-trained on
large image datasets, was able to generalize well to
the LIDC-IDRI dataset.

The CNN (Basic Architecture) model, with no
transfer learning, achieved an accuracy of 84.2%,
which is relatively high but lower than that of the
transfer learning model. The CNN with LDA model
also performed well, with an accuracy of 85.1%. LDA
contributed to improved feature extraction,
particularly when dealing with high-dimensional
image data, but its impact was limited compared to
transfer learning.

The RNN (3D CT scan slices) model showed a
relatively lower accuracy of 83.0%. While RNNs are
beneficial for analyzing sequential data, the model
did not perform as well as CNNs for the task of
nodule detection. Autoencoders provided noise
reduction and denoising capabilities, but they did not
significantly improve accuracy, achieving only 82.4%
accuracy. The Transformer-based Model (ViT)
showed promising results with an accuracy of 86.8%,
indicating that transformer-based architectures,
which are adept at capturing long-range dependencies
in images, could be a good option for improving lung
cancer detection.

2. Impact of Dataset Variability

As discussed in the Methodology, the LIDC-IDRI
dataset is characterized by variability due to images
sourced from multiple CT scanners with different
machine specifications. This variability posed a
significant challenge in training models to generalize
well across diverse imaging conditions.

The performance of all models was notably impacted
by this variability. For example, the CNN model
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trained solely on images from one scanner exhibited
a significantly lower accuracy when tested on images
from other scanners, especially when the image
quality or contrast varied. This finding is consistent
with previous research, where deep learning models
trained on images from a single machine failed to
generalize to other devices due to differences in
image characteristics (Zhang et al., 2019).

Our transfer learning approach (using ResNet-50
pre-trained on large image datasets) was the most
successful in mitigating the effects of this variability.
Transfer learning allowed the model to leverage
learned features from images with different
characteristics and adapt to the specific features of
the LIDC-IDRI dataset. This demonstrates the
importance of using pre-trained models in addressing
dataset variability in medical imaging.

Additionally, the domain adaptation strategies
explored (not explicitly incorporated in the models)
were critical in reducing the domain shift between
scanners. A more comprehensive domain adaptation
framework could further improve generalization
across different CT machines, as suggested in Peng
et al. (2020).

3. Discussion

Our results indicate that deep learning models,
particularly CNNs with transfer learning, hold
significant promise for the detection of early-stage
lung cancer. The models demonstrated high accuracy,
sensitivity, specificity, and AUC-ROC, showing that
deep learning can automate and enhance the process
of lung cancer detection.

However, dataset variability remains a substantial
challenge in this field. The differences in CT scanner
characteristics affect the model's ability to generalize,
leading to suboptimal performance when tested on
data from different sources. This variability
emphasizes the importance of using domain
adaptation and multi-source learning strategies, as
these approaches can help bridge the gap between
datasets obtained from different scanners.

The use of transfer learning has proven to be an
effective technique for handling variability in medical
imaging datasets. Pre-trained models, such as
ResNet-50, are capable of learning high-level
features that generalize across different datasets, thus
improving the model's ability to detect lung cancer in
images from various sources. Future work can further
refine this approach by incorporating more advanced
domain adaptation techniques and exploring
unsupervised learning to enhance the robustness of
deep learning models.

CONCLUSION

This study explored the potential of deep learning
models for the early detection of lung cancer using
CT images from the LIDC-IDRI dataset. We
implemented and evaluated several models,
including CNNs, transfer learning (ResNet-50),
LDA, RNNs, and transformer-based models, to
assess their performance in classifying lung cancer
from CT scan images.

Our results indicate that transfer learning with
ResNet-50 significantly enhanced model accuracy
and generalization, achieving an accuracy of 89.5%,
and outperforming other models. CNN-based
models, both with and without transfer learning,
demonstrated strong performance, with good
sensitivity and specificity, highlighting their
potential in automated cancer detection. However,
the variability in imaging data due to different CT
scanners posed a major challenge, impacting the
models' ability to generalize well across datasets
from multiple scanners.

Despite these challenges, the study demonstrates
that deep learning models, particularly CNNs with
transfer learning, offer great promise in the early
detection of lung cancer, providing a potential
solution to aid clinicians in timely diagnosis. The
results emphasize the importance of addressing
dataset variability through advanced techniques like
domain adaptation and multi-source learning to
improve the robustness of deep learning models in
medical imaging applications.

DATASET USED

https://www.cancerimagingarchive.net/collection/li
dc-idri/
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