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Abstract

Lung cancer remains one of the leading causes of cancerrelated mortality
worldwide, primarily because a large proportion of cases are diagnosed at
advanced stages when treatment options are limited. Early identification of
malignant pulmonary nodules from computed tomography (CT) images can
substantially improve patient survival and clinical outcomes. This study proposes
a novel multi-scale attention-based deep learning architecture for automated lung
cancer screening, early tumor detection, and intelligent clinical decision support
using highresolution computed tomography image analysis. The proposed
framework is designed to capture both local fine-grained features and global
contextual information through multiscale feature extraction and attention
mechanisms, thereby enhancing the discrimination between benign and
malignant pulmonary nodules. The experimental study was conducted using the
publicly available LIDCIDRI (Lung Image Database Consortium and Image
Database Resource Initiative) and LUNA16 (LUng Nodule Analysis 2016
Challenge) datasets, comprising more than 1,180 thoracic CT scans and over
8,800 annotated pulmonary nodules reviewed by experienced thoracic
radiologists. CT images were preprocessed through intensity normalization, lung
parenchyma segmentation, noise reduction using Gaussian filtering, image
resizing, and data augmentation techniques including rotation, flipping, scaling,
and contrast enhancement to improve model robustness and reduce overfitting.
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The proposed architecture was implemented using Python 3.11, TensorFlow 2.16
and Matplotlib, while training and evaluation were performed on an NVIDIA
GPU-enabled computing platform with fivefold crossvalidation. Experimental
results demonstrate that the proposed framework outperformed several state-of-the-
art deep learning models, including ResNet50, DenseNet121, EfficientNet-B4,
and Vision Transformer. The proposed model achieved an accuracy of 98.4%,
precision of 98.1%, recall (sensitivity) of 98.3%, specificity of 97.9%, Fl-score
of 98.2%, ROCAUC of 0.996, and a Dice Similarity Coefficient of 97.5% for
pulmonary nodule localization. Statistical analysis confirmed the superiority of
the proposed method (p < 0.001), while Grad-CAM visualization demonstrated
accurate localization of suspicious tumor regions, improving the interpretability
of automated predictions. The proposed multiscale attention-based framework
provides a reliable and interpretable computeraided diagnostic solution that
enhances screening efficiency, supports radiologists in early lung cancer diagnosis,
reduces false-positive findings, and facilitates intelligent clinical decision-making.
The developed framework has strong potential for integration into next-generation
smart healthcare systems and hospital radiology workflows to improve diagnostic

accuracy and patient management.

1- Introduction:

Lung cancer is one of the most prevalent and life-
threatening malignancies worldwide, accounting
for the highest number of cancer-related deaths
among both men and women. According to global
cancer statistics, millions of new lung cancer cases
are diagnosed annually, and the disease remains
responsible for a substantial proportion of cancer
mortality despite continuous advancements in
diagnostic imaging, targeted therapies, and clinical
management. The primary reason for this high
mortality rate is that lung cancer is frequently
detected at advanced stages, when tumors have
already metastasized and treatment options
become less effective. Conversely, patients
diagnosed during the early stages exhibit
significantly higher survival rates, highlighting the
critical importance of timely detection and
accurate diagnosis. Computed tomography
imaging has become the preferred modality for
lung cancer screening because of its superior
spatial resolution and ability to visualize small
pulmonary nodules that are often invisible in
conventional chest radiography. High-resolution
CT imaging provides detailed anatomical
information regarding lung tissues, enabling
radiologists to identify suspicious lesions at an
early stage [1]. Large-scale screening trials have

demonstrated that low-dose CT screening can
substantially reduce lung cancer mortality by
facilitating earlier diagnosis. Nevertheless, the
continuously  increasing volume of CT
examinations has significantly increased the
workload of radiologists. Manual interpretation of
hundreds of image slices for each patient is labor-
intensive, time-consuming, and susceptible to
inter-observer variability, false-positive findings,
and missed lesions, particularly when nodules are
extremely small, irregularly shaped, or located
adjacent to blood vessels and other anatomical
structures. Recent advances in artificial
intelligence, particularly deep learning, have
transformed the field of medical image analysis by
enabling automated extraction of complex visual
features directly from imaging data. Convolutional
neural networks have demonstrated remarkable
performance in numerous medical imaging tasks,
including disease
segmentation, organ localization, and abnormality
detection [2]. Unlike traditional machine learning
approaches that rely on handcrafted feature
engineering, deep learning models automatically
learn hierarchical feature representations, thereby
improving diagnostic performance. Despite these
achievements, conventional CNN architectures
still encounter several challenges when applied to

classification, lesion
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lung CT analysis. Their fixed receptive fields may
fail to effectively capture both fine-grained local
texture information and large-scale contextual
characteristics simultaneously, while limited
feature fusion often reduces sensitivity for
detecting small pulmonary nodules. Furthermore,
many existing deep learning models operate as
"black-box" systems, limiting interpretability and
reducing clinician confidence in automated
diagnostic decisions. Attention mechanisms have
recently emerged as an effective solution for
improving feature representation within deep
neural networks. By selectively emphasizing
clinically relevant regions and suppressing
redundant background information, attention
modules enable models to focus on suspicious
pulmonary nodules while preserving important
contextual information from surrounding lung
tissues. Similarly, multi-scale feature learning
enhances model performance by integrating
information extracted at different spatial
resolutions, allowing simultaneous recognition of
tiny nodules, medium-sized lesions, and larger
tumor masses. The integration of multi-scale
feature extraction with attention-based learning
therefore offers a promising strategy for
overcoming the limitations of conventional CNN
architectures and improving diagnostic accuracy
across diverse clinical scenarios.

In addition to accurate lesion detection, there is
an increasing need for intelligent clinical decision
support systems capable of assisting radiologists
throughout the diagnostic workflow. Modern
computer-aided diagnosis systems should not only
identify suspicious abnormalities but also provide
reliable malignancy predictions, localization maps,
confidence scores, and interpretable visual
explanations that support evidence-based clinical
decisions. Explainable Al techniques, such as
Gradientweighted Class Activation Mapping
(Grad-CAM), have become increasingly important
because they allow clinicians to visualize the image
regions influencing model predictions, thereby
improving transparency, trustworthiness, and
clinical acceptance [3]. Motivated by these
challenges, this study proposes a novel multi-scale
attention-based deep learning architecture for
automated lung cancer screening, early tumor

detection, and intelligent clinical decision support
using high-resolution computed tomography
image analysis. The proposed framework
integrates multi-scale feature extraction, attention-
guided feature refinement, and explainable deep
learning techniques to accurately identify
pulmonary nodules while preserving both local
structural  details and global contextual
information [4]. The framework is developed
using publicly available CT datasets and
implemented in Python with TensorFlow-based
deep learning libraries to ensure reproducibility
and scalability. The major contributions of this
research are as follows: (i) the development of a
novel multi-scale attention-based deep learning
architecture capable of extracting robust
hierarchical features from high-resolution CT
images; (ii) the integration of attention
mechanisms to improve localization and
classification of pulmonary nodules while
reducing false-positive  detections; (iii) the
incorporation  of  explainable visualization
techniques to enhance the interpretability of
automated predictions for clinical decision
support; (iv) comprehensive evaluation of the
proposed framework using benchmark public
datasets and comparison with established deep
learning models, including ResNet50,
DenseNetl121, EfficientNet-B4, and Vision
Transformer; and (v) demonstration of the
proposed framework's potential for deployment
within nextgeneration intelligent healthcare
systems to improve diagnostic efficiency, assist
radiologists, and facilitate earlier intervention for
patients with suspected lung cancer.

2-  Lung Cancer Screening Using Computed
Tomography:

Lung cancer remains one of the most significant
global health challenges and continues to be the
leading cause of cancerrelated mortality
worldwide. One of the primary reasons for the
poor prognosis associated with lung cancer is that
a considerable proportion of patients are
diagnosed at advanced stages, when the disease has
already metastasized and therapeutic interventions
become less effective. Numerous clinical studies
have demonstrated that early diagnosis
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substantially improves survival rates by enabling
prompt surgical resection, targeted therapy,
immunotherapy, or radiotherapy before extensive
disease progression occurs. Consequently, reliable
and efficient screening methods capable of
identifying pulmonary nodules at an early stage
have become an essential component of modern
healthcare systems. Computed tomography has
emerged as the gold-standard imaging modality for
lung cancer screening because of its excellent
spatial resolution, superior tissue contrast, and
three-dimensional  visualization  capabilities.
Unlike conventional chest radiography, which
provides only two-dimensional projection images
and often fails to identify small pulmonary
abnormalities, CT imaging generates hundreds of
cross-sectional slices that allow radiologists to
examine the lung parenchyma from multiple
anatomical perspectives [5]. This detailed
visualization significantly improves the detection
of pulmonary nodules, ground-glass opacities,
irregular and  subtle  structural
abnormalities that may represent early-stage lung
malignancies. Low-dose computed tomography
has become particularly important in population-
based lung cancer screening programs because it
significantly reduces radiation exposure while
maintaining sufficient image quality for accurate
diagnosis. The implementation of LDCT
screening has demonstrated substantial reductions
in lung cancer mortality among high-risk
populations, including long-term smokers and
individuals with a family history of lung cancer. As
a result, many healthcare organizations
recommend annual LDCT examinations for
individuals meeting specific clinical risk criteria
[6]. Early identification of suspicious pulmonary
nodules allows physicians to perform additional
diagnostic investigations and initiate treatment
before tumor progression, thereby improving long-
term patient survival and quality of life.

masses,

Despite these advantages, CT-based lung cancer
screening presents several practical and technical
challenges. A single thoracic CT examination may
contain hundreds of high-resolution image slices,
requiring extensive manual review by experienced
radiologists. Careful interpretation of these large
imaging datasets is labor-intensive, time-
consuming, and susceptible to observer fatigue,
particularly in high-volume clinical environments.
Furthermore, pulmonary nodules often exhibit
considerable variability in size, morphology,
density, texture, and anatomical location. Small
nodules measuring only a few millimeters can
easily be overlooked, while benign inflammatory
lesions may be incorrectly interpreted as
malignant, leading to unnecessary follow-up
examinations and invasive diagnostic procedures.
These challenges contribute to inter-observer
variability, false-positive diagnoses, and missed
early-stage cancers. To overcome these limitations,
computer-aided diagnosis systems and artificial
intelligence-based image analysis techniques have
been increasingly integrated into CT screening
workflows [7]. Automated image analysis systems
assist radiologists by rapidly identifying suspicious
pulmonary nodules, estimating malignancy
probability, highlighting abnormal regions, and
providing  quantitative measurements that
improve diagnostic consistency. Recent advances
in deep learning have further enhanced these
capabilities by enabling automated extraction of
complex imaging features directly from CT data
without relying on  handcrafted feature
engineering. Consequently, Al-assisted CT
screening has become an active area of research
aimed at improving diagnostic accuracy, reducing
radiologists' workload, and facilitating earlier
clinical intervention. Table 1 summarizes the
major advantages and limitations of computed
tomography for lung cancer screening.

Table 1: Advantages and limitations of computed tomography in lung cancer screening

Feature Clinical Advantages Current Challenges
High spatial Detects small pulmonary nodules with Large image volume increases
resolution excellent anatomical detail interpretation time
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Three-dimensional

Enables accurate localization of lesions

Higher computational requirements

visualization and tumor boundaries for image processing
Low-dose CT Reduces radiation exposure while Small nodules may still be difficult to
screening maintaining diagnostic performance characterize

Early-stage cancer

detection diagnosis and treatment

Improves patient survival through timely

False-positive findings may increase
unnecessary follow-up investigations

Quantitative image

analysis longitudinal monitoring

Supports volumetric measurements and

Manual interpretation remains
susceptible to observer variability

Al-assisted diagnosis

Improves detection accuracy, workflow
efficiency, and diagnostic consistency

Requires extensive annotated datasets
and rigorous clinical validation

The integration of advanced artificial intelligence
algorithms with high-resolution CT imaging has
significantly expanded the capabilities of lung
cancer screening systems. Deep learning-based
CAD frameworks can automatically analyze
thousands of CT slices within a short period,
identify suspicious lesions with high sensitivity,
and generate diagnostic confidence scores that
assist clinicians in decision-making. Furthermore,
modern explainable Al techniques provide visual
that indicate the

attention maps regions
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influencing model predictions, thereby increasing

transparency and clinician confidence in
automated  diagnostic  systems [8]. These
developments are expected to transform

conventional radiology workflows by combining
the expertise of radiologists with intelligent
computational models capable of delivering fast,
reliable, and reproducible diagnostic assessments.
Figure 1 illustrates the typical workflow of CT-
based lung cancer screening and automated
computer-aided diagnosis.
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Abbreviations

CT  :Computed Tomography
SCLC : Small Cell Lung Cancer
NSCLC: Non-Small Cell Lung Cancer
ADC  : Adenocarcinoma

SCC  : Squamous Cell Carcinoma
LCC  : Large Cell Carcinoma

TNM : Tumor, Node, Metastasis

Figure 1: End-to-end CT-based lung cancer diagnosis pipeline incorporating nodule detection, feature
learning, histological classification, and risk assessment.
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The workflow begins with patient enrollment and
low-dose CT image acquisition, followed by image
preprocessing, lung region  segmentation,
pulmonary nodule detection, feature extraction,
deep learning-based classification, explainable Al
visualization, diagnostic decision support, and
clinical reporting. Computed tomography
continues to serve as the cornerstone of lung
cancer screening because of its ability to detect
early pulmonary abnormalities with high
diagnostic sensitivity. Nevertheless, the increasing
volume and complexity of CT imaging data
necessitate the development of intelligent
automated analysis systems capable of improving
diagnostic accuracy while reducing interpretation
time and clinician workload. The combination of
high-resolution CT imaging with advanced deep
learning, multi-scale feature learning, attention
mechanisms, and explainable artificial intelligence
provides a promising direction for the next
generation of computer-aided lung cancer
screening and intelligent clinical decision support
systems.

3-  Attention Mechanisms for Medical Image
Interpretation:

The rapid advancement of deep learning has
significantly improved the performance of medical
image analysis systems; however, conventional
convolutional neural networks (CNNs) often
process all image regions with equal importance,
regardless of their clinical relevance. In thoracic
computed tomography images, only a small
proportion of pixels correspond to pulmonary
nodules or malignant lesions, while the majority
represent normal lung tissues, blood vessels,
bronchi, ribs, and surrounding anatomical
structures. Consequently, traditional CNN
models may allocate computational resources to
irrelevant regions, reducing feature discrimination
and increasing the probability of false-positive and
false-negative predictions. To address these
limitations, attention mechanisms have emerged
as one of the most influential innovations in deep
learning by enabling neural networks to selectively
focus on diagnostically significant image regions
while  suppressing redundant  background
information [9]. Attention mechanisms imitate

the human visual perception process, where
radiologists naturally concentrate on suspicious
anatomical structures rather than analyzing every
image pixel equally. During CT image
interpretation, experienced clinicians first identify
candidate pulmonary nodules, evaluate their size,
shape, margins, density, and surrounding tissue
characteristics, and then determine the likelihood
of malignancy. Inspired by this cognitive process,
attention modules guide deep learning networks
to assign greater importance to informative feature
maps and spatial locations, thereby improving
lesion localization and classification performance.
More recently, self-attention mechanisms have
demonstrated  exceptional performance by
modeling longrange relationships among
different image regions. Unlike conventional
convolutions, which primarily capture local
neighborhood information, self-attention
establishes  dependencies  between  distant
anatomical structures throughout the entire CT
image. This global contextual understanding
allows the model to recognize complex tumor
characteristics and surrounding tissue patterns
that may indicate malignancy. Attention
mechanisms have demonstrated remarkable
effectiveness in numerous medical imaging
applications beyond lung cancer diagnosis. They
have been successfully applied to breast cancer
detection using mammography, brain tumor
segmentation from magnetic resonance imaging
(MRI), retinal disease diagnosis using fundus
images, liver lesion detection from abdominal CT
scans, skin cancer classification using dermoscopic
images, and cardiac disease assessment from
echocardiography [10]. Across these diverse
clinical —applications, attention-guided deep
learning consistently improves feature
representation, lesion localization, diagnostic
sensitivity, and overall classification accuracy. In
lung CT imaging specifically, attention modules
play a critical role in distinguishing malignant
pulmonary nodules from benign lesions and
surrounding normal anatomical structures.
Pulmonary nodules exhibit substantial variability
in diameter, morphology,
characteristics, texture, and anatomical location.
Small nodules measuring only a few millimeters

attenuation
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often possess imaging characteristics similar to
blood vessels or bronchi, making accurate
identification particularly challenging. Attention-
guided feature learning enables the network to
selectively emphasize subtle imaging
characteristics associated with malignant lesions

while reducing interference from adjacent tissues

[11]. Consequently, attention mechanisms
contribute to higher sensitivity, improved
specificity, and fewer false-positive detections
during automated lung cancer screening. Table 2
summarizes the major categories of attention
mechanisms and their respective contributions to
medical image interpretation.

Table 2: Major attention mechanisms used in medical image analysis

Attention Mechanism

Working Principle

Applications in Lung CT Analysis

Channel Attention
channel

Learns the importance of each feature

Pulmonary nodule classification and
feature enhancement

Spatial Attention

Identifies important image locations

Detection of suspicious pulmonary
nodules

Self-Attention
the image

Models long-range dependencies across | Recognition of complex tumor

morphology

relationships

Multi-Head Attention | Simultaneously learns multiple feature | Multi-scale pulmonary nodule

analysis

Transformer-Based

Attention attention blocks

Integrates global image context using

Automated lung cancer diagnosis and
intelligent decision support

Hybrid CNN-
Attention Networks

Combines convolutional feature
extraction with attention learning

Early lung cancer screening and

pulmonary lesion classification

The combination of convolutional feature
extraction and attention-guided learning has
consistently demonstrated superior performance
compared with conventional CNN architectures.
Numerous studies have reported improvements in
accuracy, sensitivity, specificity, and area under the
receiver operating characteristic curve (ROC-
AUCQC) after incorporating attention modules into
deep learning frameworks. Furthermore, attention
mechanisms significantly enhance the
interpretability of Al systems by generating feature

importance maps that illustrate the regions
influencing model predictions. When integrated
with —explainable artificial intelligence (XAI)
techniques such as Gradientweighted Class
Activation Mapping (Grad-CAM), these attention
maps provide valuable visual evidence supporting
automated diagnostic decisions and increasing
clinician confidence. Figure 2 illustrates the
general architecture of attention-guided medical
image interpretation for lung CT analysis.
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Figure 2: Proposed hybrid CNN-Transformer architecture with attention-guided multi-scale feature
fusion for accurate medical image segmentation.

High-resolution CT images are first processed
through convolutional feature extraction layers to
generate hierarchical feature maps. Channel
attention and spatial attention modules
subsequently emphasize clinically relevant features
and suspicious pulmonary regions. The refined
feature representations are fused and forwarded to
the deep learning classifier for pulmonary nodule
classification, followed by explainable visualization
using Grad-CAM and intelligent clinical decision
support. Although attention mechanisms have
substantially improved medical image analysis,
several research challenges remain [12]. Existing
attention-based models often require considerable
computational resources, extensive annotated
datasets, and careful hyperparameter optimization
to achieve optimal performance. In addition,
many published studies employ only a single
attention strategy, limiting their ability to
simultaneously capture local textures and global
anatomical relationships. These limitations have

motivated the development of more sophisticated
hybrid architectures that integrate multi-scale
feature extraction, channel attention, spatial
attention, and transformer-based learning within a
unified framework.

4-  Methodology:

This study proposes a novel multi-scale attention-
based deep learning framework for automated
lung cancer screening, early tumor detection, and
intelligent clinical decision support using high-
resolution computed tomography image analysis.
The overall methodology was designed to develop
a robust, accurate, and interpretable computer-
aided diagnosis system capable of assisting
radiologists in detecting pulmonary nodules at an
early stage. The complete computational
framework consists of sequential stages, including
public CT image dataset acquisition, image
preprocessing, lung region segmentation, data
augmentation, multi-scale feature extraction,

https://thesesjournal.com

| Suleman et al., 2026 |

Page 4763


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

attention-guided deep learning, explainable
artificial intelligence, model training, performance
evaluation, and intelligent clinical decision
support. Each stage was carefully designed to
maximize  diagnostic ~ performance  while
maintaining computational efficiency and clinical
interpretability. The proposed framework utilizes
publicly available benchmark datasets to ensure
reproducibility and objective comparison with
existing state-of-the-art approaches. Initially, high-
resolution thoracic CT images were collected and
standardized ~ through a  comprehensive
preprocessing pipeline that included Hounsfield
Unit normalization, image resizing, lung region
extraction, contrast enhancement, and noise
reduction [13]. Data augmentation techniques
were subsequently applied to improve dataset
diversity and minimize overfitting during model
training. The processed CT images were then
provided as input to the proposed multi-scale
attention-based deep learning architecture, which
combines convolutional feature extraction,
hierarchical multi-scale learning, and channel-
spatial attention mechanisms to effectively capture
both local structural characteristics and global
contextual information of pulmonary nodules.
Furthermore, = an  Explainable  Artificial
Intelligence module based on Gradient-weighted
Class Activation Mapping (Grad-CAM) was
incorporated to generate visual explanations of
model predictions, thereby improving
transparency and supporting clinical
interpretation. The proposed model was
implemented using Python 3.11 with TensorFlow,
Keras, OpenCV, NumPy, Pandas, Scikit-learn, and
Matplotlib libraries. Model optimization was
performed using the Adam optimizer with five-
fold cross-validation to ensure robust performance
and reduce selection bias. The effectiveness of the
proposed framework was evaluated using multiple
quantitative performance metrics, including
accuracy, precision, recall, specificity, Fl-score,
receiver operating characteristic area under the
curve (ROC-AUC), Dice Similarity Coefficient,
Intersection over Union, Matthews Correlation
Coefficient, and Cohen's Kappa [14]. Finally, the
developed framework was integrated into an
intelligent clinical decision support system capable

of automatically identifying suspicious pulmonary
nodules, estimating malignancy probability,
generating attention heatmaps, and providing
diagnostic confidence scores to assist radiologists
in early lung cancer diagnosis and evidence-based
clinical decision-making.

4.1-  Public CT Image Dataset Acquisition
and Annotation:

The experimental dataset was acquired from two
widely recognized public resources for pulmonary
nodule analysis: the Lung Image Database
Consortium and Image Database Resource
Initiative (LIDC-IDRI) collection and the LUng
Nodule Analysis 2016 (LUNA16) challenge
dataset. These resources were selected because they
contain  high-resolution thoracic computed
tomography (CT) examinations accompanied by
expert-generated pulmonary nodule annotations.
Their widespread use in computer-aided lung
cancer research also enables reproducible
experimentation and meaningful comparison
between the proposed framework and previously
developed deep learning approaches. Because
LUNAI16 is derived from a curated subset of
LIDC-IDRI, the two resources were not treated as
fully independent datasets or combined through
simple addition. Instead, LIDC-IDRI was used as
the primary imaging and annotation source,
whereas the standardized LUNA16 subset and its
evaluation protocol were employed for controlled
nodule-detection experiments. The LIDC-IDRI
collection contains 1,018 thoracic CT scans
acquired from multiple medical institutions. Its
multi-institutional =~ composition  introduces
clinically meaningful variations in scanner
manufacturers, acquisition parameters,
reconstruction algorithms, image dimensions,
slice thicknesses, radiation settings, and patient
anatomy. Such heterogeneity is important for
developing a deep learning model capable of
generalizing  across  different  radiological
environments. The CT examinations were
distributed in Digital Imaging  and
Communications in Medicine (DICOM) format,
while the corresponding lesion annotations were
provided through structured Extensible Markup
Language files [15]. Each annotation file contains
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information about pulmonary nodule locations,
contours, and selected radiological characteristics.
The LUNAI16 dataset consists of a standardized
subset of 888 CT scans selected from LIDC-IDRI.
The challenge excludes examinations that do not
satisfy its technical eligibility requirements and
focuses primarily on pulmonary nodules with an
effective diameter of at least 3 mm. LUNAIL6
provides nodule-center coordinates and reference
annotations that support standardized training
and evaluation of automated pulmonary nodule

detection systems. Its predefined assessment
protocol is particularly valuable for evaluating
nodule sensitivity while controlling the number of
false-positive detections per scan. In the present
study, the LUNA16 annotations were used to
evaluate candidate nodule localization, while the
richer radiologist assessments available in LIDC-
IDRI supported lesion characterization and
malignancy-oriented classification. Table 3 present
the principal characteristics and methodological
roles of the datasets employed in this investigation.

Table 3: Characteristics and utilization of public CT datasets in the proposed study

Dataset
characteristic

LIDC-IDRI

LUNA16

Dataset origin

Multi-institutional thoracic CT collection

Curated subset derived from LIDC-
IDRI

Number of CT

scans

1,018 examinations

888 eligible examinations

Image format

DICOM CT volumes

DICOM CT volumes

Annotation XML-based radiologist annotations and Nodule coordinates and

format contours standardized reference labels
Annotation Up to four thoracic radiologists Consensus-based reference derived
experts from LIDC-IDRI annotations
Nodule Location, contours, size, subtlety, texture, Nodule-center coordinates and
information margin, spiculation, and malignancy ratings diameter-related information

Minimum target
size

Includes small findings under different
annotation categories

Primarily nodules with diameter >3
mm

Imaging Multiple scanners and acquisition protocols Controlled subset retaining clinical

variability heterogeneity

Primary use in Lesion extraction, radiological Candidate detection and

this study characterization, malignancy labeling, and localization validation
classification

Evaluation Classification, segmentation, and Detection sensitivity and false-

purpose interpretability analysis positive assessment

The LIDC-IDRI annotations were generated using
a two-stage image-review process involving up to
four experienced thoracic radiologists. During the
first stage, each radiologist independently
reviewed the CT examination and marked
abnormalities according to predefined categories.
These categories included non-nodules, nodules
smaller than 3 mm, and pulmonary nodules
measuring at least 3 mm. In the second stage, each

revised or retained their original assessment. The
process was designed to capture expert variability
without forcing complete
Consequently, multiple contours may exist for the
same pulmonary nodule, reflecting legitimate
differences in lesion-boundary interpretation [16].
For nodules considered suitable for detailed

consensus.

assessment, the radiologists supplied semantic
characteristics describing their appearance. These

radiologist reviewed the anonymized markings characteristics  included  subtlety, internal
made by the other readers and independently structure,  calcification, sphericity, = margin
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definition, lobulation, spiculation, texture, and
estimated likelihood of malignancy. The ratings
provided valuable supervisory information
because malignant nodules may display irregular
or spiculated  boundaries,  heterogeneous
attenuation, poorly defined margins, or other
suspicious morphological patterns. Nevertheless,
radiologist malignancy ratings represent imaging-
based assessments rather than universally
confirmed histopathological diagnoses. Therefore,
labels derived from these ratings were treated as
expert-assessed  malignancy  categories and
interpreted cautiously during model development
and clinical analysis. A structured acquisition
procedure was adopted to download, organize,
and verify the imaging data. CT series were
initially grouped using patient and study
identifiers, after which each scan was matched
with its corresponding annotation file. DICOM
metadata were reviewed to determine image
orientation, pixel spacing, slice position, slice
thickness, rescale slope, and rescale intercept.
Duplicate slices, corrupted files, incomplete series,

and examinations with inconsistent spatial
ordering were identified during quality control.
The final volumetric sequence for each patient was
reconstructed by arranging axial slices according to
their spatial coordinates rather than relying
exclusively on file names. Class-distribution
analysis was performed after eligibility screening
and label construction. Because benign,
malignant, and uncertain nodules were not
equally represented, class imbalance was addressed
during model training through augmentation,
class-weighted loss optimization, and balanced
mini-batch  sampling [17]. However, the
independent testing data were not artificially
balanced, allowing the final evaluation to reflect
the retained natural distribution of the selected
samples. All preprocessing parameters and label
transformations were determined using the
training data and subsequently applied to the
validation and testing sets without using
information from the test partition. Figure 3
presents the complete CT dataset acquisition and
annotation workflow used in this study.
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Figure 3: Workflow of the proposed attention-guided deep learning framework for automated
pulmonary nodule segmentation and localization.

The workflow begins with the acquisition of
LIDCIDRI CT examinations and the
corresponding  LUNA16 subset, followed by
DICOM and annotationAfile organization,
metadata inspection, CT volume reconstruction,

scan-quality ~ assessment,  expert-annotation
extraction, multireader lesion  matching,
consensus-mask construction, malignancy-label

generation, three-dimensional nodule extraction,
patientlevel partitioning, overlap control, and
preparation of training, validation, and

independent testing samples. This dataset
acquisition and annotation strategy provided a
reliable basis for developing the proposed multi-
scale attention-based architecture [18]. The
combination of heterogeneous multi-institutional
CT imaging, expert radiologist assessments,
standardized LUNA16 detection references,
consensus annotation processing, and strict
patientlevel data separation supported robust
evaluation of pulmonary nodule detection,
localization, classification, and model
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interpretability. It also strengthened the
reproducibility and clinical relevance of the
proposed intelligent lung cancer decision-support
framework.

4.2- Lung Region Segmentation and Image
Enhancement:

Accurate extraction of the pulmonary region is an
essential preprocessing stage in automated lung
cancer screening because thoracic computed
tomography images contain numerous anatomical
structures that are not directly relevant to
pulmonary nodule analysis. These structures
include the ribs, vertebral column, heart,
mediastinum, chest wall, major blood vessels, and
surrounding soft tissues. Directly supplying
complete CT slices to a deep learning model may
introduce substantial background information,
increase computational requirements, and reduce
the model’s ability to learn discriminative features
associated with small pulmonary lesions.
Therefore, a dedicated lung region segmentation
and image enhancement pipeline was developed
to isolate clinically relevant lung tissue, preserve
suspicious nodules, improve lesion visibility, and
standardize image appearance before multi-scale
feature extraction. The segmentation pipeline was
applied after reconstruction of the CT volumes
and conversion of raw pixel intensities into
Hounsfield Units. Hounsfield Unit conversion
was performed using the rescale slope and rescale
intercept values stored within the DICOM
metadata. This conversion transformed scanner-
dependent pixel values into standardized tissue-
density measurements. Airfilled lung regions
generally exhibit substantially lower attenuation
values than soft tissues and bones, making
intensity-based separation possible [19]. However,
pulmonary abnormalities such as solid nodules,

ground-glass opacities, pleural lesions, blood
vessels, and fibrotic tissue may demonstrate higher
attenuation values than normal aerated lung
parenchyma. Consequently, simple thresholding
alone may accidentally remove clinically important
abnormalities. The proposed preprocessing
framework  therefore = combined intensity
thresholding, connected-component analysis,
morphological ~ refinement, and boundary-
preservation procedures. Initially, each CT slice
was clipped to a diagnostically relevant lung
window to suppress extremely low and high
intensity values that were unrelated to pulmonary
tissue analysis. A lung window approximately
covering —1000 to 400 HU was used to preserve
aerated lung tissue, soft-tissue nodules, ground-
glass abnormalities, and relevant vascular
structures. Values below and above the selected
range were clipped to the lower and upper limits,
respectively.  Windowed images were then
normalized to a fixed numerical interval to
improve consistency among scans acquired using
different  scanners, reconstruction kernels,
radiation doses, and acquisition protocols. After
segmentation and enhancement, each axial slice
was resized to 224 x 224 pixels for compatibility
with the input requirements of the proposed deep
learning architecture and comparative baseline
models [20]. Aspectratio distortion  was
minimized through cropping and padding around
the segmented lung fields. For three-dimensional
nodule analysis, volumes of interest were extracted
using the physical nodule coordinates and
standardized voxel spacing. These volumes were
prepared at multiple spatial scales to represent
intranodular texture, lesion boundaries, and
surrounding anatomical context. Table 4 shows
the principal stages of the lung segmentation and
image enhancement pipeline.

Table 4: Lung region segmentation and CT image enhancement procedures

Processing stage

Technique applied

Expected contribution

—1000 to 400 HU

DICOM intensity Rescale slope and intercept Standardizes tissue-density
conversion conversion representation
Intensity clipping Lung window of approximately Preserves lung tissue, nodules, and

ground-glass abnormalities
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Preliminary lung
extraction

Adaptive thresholding

Generates initial lung-field candidates

External-air removal

Border-connected component
elimination

Prevents background regions from
being classified as lungs

Component selection

Connected-component analysis

Removes noise and unrelated low-
density structures

Mask refinement

Morphological opening and closing

Improves mask continuity and
boundary quality

Internal-gap Hole filling Prevents removal of clinically relevant
correction structures

Pleural-boundary Controlled dilation and contour Improves sensitivity for peripheral
preservation correction lesions

Local contrast

Contrast-Limited Adaptive Histogram

Improves visibility of ground-glass and

enhancement Equalization poorly defined lesions
Intensity Min-max scaling and training-based z- | Supports stable deep learning
normalization score standardization optimization

Input preparation

Cropping, padding, and resizing to

Facilitates efficient and standardized

224 x 224 pixels

model training

Quality control was performed after segmentation
to verify that the generated masks contained both
lung fields and preserved annotated nodules. Each
mask was assessed using anatomical ~and
computational criteria, including total segmented
area, number of connected components, left-right
symmetry, spatial coverage, boundary continuity,
and overlap with reference nodule coordinates.
Masks with implausibly small or large lung areas
were flagged for automated reprocessing or
manual inspection. Similarly, any annotated
nodule located outside the generated lung mask
triggered boundary expansion or segmentation
refinement. A nodule-preservation test was
incorporated into the pipeline by calculating the
overlap between the expert nodule annotation and
the final lung mask [21]. The segmentation process
was considered acceptable when the complete
nodule or a predefined majority of its annotated

volume remained inside the lung region. This
verification step was especially important for juxta-
pleural, mediastinal, and apical nodules, which are
more likely to be excluded by conventional
segmentation methods. An ablation analysis was
designed to determine the contribution of major
preprocessing operations. Model performance was
compared using unsegmented CT
segmented  images without enhancement,
segmented images with noise reduction, and fully
processed images incorporating segmentation,
contrast enhancement, normalization, and
resampling. This analysis helped establish whether
improved classification performance resulted from
the proposed deep learning architecture, the
preprocessing framework, or their combined
effect. Figure 4 shows the complete lung region
segmentation and CT image enhancement
workflow used in the proposed framework.

images,

https://thesesjournal.com

| Suleman et al., 2026 |

Page 4769


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences

ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 3, 2026
CT scan training Images . Preprocess CT scan image ]
; 3 : |
! =
R i| picom RGB to Gray Ntz Resize image  Gontrast Image !
gl - 1| Read Conversation Removal 256 X 256 Enhancement Normalization | |
(COVID-19) i (Median Filter) (CLAHE) \ Classification Output
1
{ )
Dataset-2 | | Image Segmentation l
(Non-COVID-19) / 3
) 1 p 1
L ! Modified Region based | i
Sitgan | Initial Lung Morphological ;]' ': ; m;‘;"m“d Final Segmented | l'__—_f
S el
Dataset-3 | | 1 ! Region = Operations K“ e"ng+ 5 > . Lung Region | i o T e 1
(Mixed Cases) ! Extraction (Refine Mask) (Ccant s Spada (ROI) i | Resemble Classifier |
) one ! Constraint) ) b !
L S IR Training Data i
P 1| (Selected Features) || Je—
34 Contribution I i i o o "
Dataset-n e | Performance Evaluation
ata: " : i Model Training H i
(Public Sources) Feature Extraction | | (SVM/ResNet/Hybrid) ! E Accuracy
’ 2. i e i i [ Sensitivity / Recall
st —— Contourlet CNN Feature Texture Features Statistical ! R ] H i o
3 1 Contribution Transform (CT) Extractor (GLCM, LBP) Features | faainedhode] E : C Specificity )
- M IC g P Precision |
________________ Multi-resolution Pre-trained CNN GLCM Matrix Mean, Variance, T 6t Contribution | __Fison )
Hybrid Selective Decomposition Model Computation Sliownes E 2
Mean Filter o = r———qp . 4R | Kurtosis, ete. i [ RoC-AUC Curve
Directional Deep Feat LBP Histogram - =
(HSMF) Subbands B e oy ! Confusion Matrix
Maps Extraction l Optimized Feature Selection 8
| Adaptive Mean + ¥ ¥ using Binary Differential
Filter T Costitionts CNN Featares Texture Featizes smin\i.ul Feature Evolution (BDE)
ector
e Fervnrfem) || [P fomnd)| | rmsyea ) e (R : 1 ‘ T v e
Preservation ‘ * ‘ * Fitness Evaluation ! ploy
' (Classification Accuracy) i
! | Cloud/Edge Deployment
Edge Preserving Feature Concatenation ] y i
Smoothing Optimal Feature Subset 1
l > (Selected Features) E Real-time Diagnosis Support
i
il 1
Fittered Outpat High-Dimensional Feature Vector ‘ i ‘
77777777777777777 ) Reduced Feature Vector || Clinical Decision Assistance
nd P (F=[f1rfz,--~,f4]) (F=[f. f2 il 1 ‘
2" Contribution 10250 Jk 4
| 7 S T | Continuous Model Update
il
5t Contribution N /

4" Contribution

Figure 4: Lung region segmentation and high-resolution CT image enhancement workflow

Raw thoracic DICOM scans are converted into
standardized Hounsfield Unit volumes, followed
by lungwindow clipping, threshold-based
pulmonary region extraction, external-air removal,
connected-component selection, morphological
mask refinement, internal-hole filling, pleural-
boundary preservation, and three-dimensional
consistency correction. The segmented lung
images are subsequently processed through noise
reduction, local contrast enhancement, intensity
normalization, voxel resampling, image resizing,
nodule-preservation verification, and quality-
control analysis before being supplied to the

generated consistent and clinically meaningful
model inputs. This preprocessing strategy was
expected to improve pulmonary nodule visibility,
reduce false-positive detections, support accurate
multi-scale feature extraction, and enhance the
generalization capability of the proposed lung
cancer screening and clinical decision-support
framework.

4.3- Proposed Multi-Scale Attention-Based
Deep Learning Architecture:

The central contribution of this study is the
development of a novel multi-scale attention-based

proposed multi-scale  attention-based  deep deep learning architecture for automated lung
learning architecture. Overall, the proposed lung cancer screening, early pulmonary nodule
region segmentation and image enhancement detection,  malignancy  classification, and

pipeline  substantially  reduced irrelevant
anatomical  information  while  preserving
diagnostically important pulmonary structures
[22]. The combined use of Hounsfield Unit
standardization, connected-component analysis,
morphological ~ refinement, pleural-boundary
preservation, denoising, local
contrast enhancement, and spatial normalization

conservative

intelligent clinical decision support. The proposed
architecture was designed to overcome several
limitations of conventional convolutional neural
networks, including restricted receptive fields,
insufficient representation of small lesions, weak
discrimination between nodules and surrounding
anatomical structures, and limited interpretability.
Pulmonary nodules vary considerably in size,
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shape, texture, density, and anatomical location.
Therefore, a single-scale feature extraction strategy
may fail to capture both fine lesion details and
broader contextual information. To address this
challenge, the proposed model integrates parallel
multi-scale convolutional branches, hierarchical
feature fusion, residual learning, channel
attention, spatial attention, and classification
layers within a unified framework. The
architecture receives preprocessed and segmented
thoracic CT images as input. Each image is resized
to 224 x 224 pixels and normalized before being
passed to the network [23]. For volumetric
analysis, three-dimensional nodular regions are
extracted at multiple spatial scales and converted
into standardized input tensors. The initial
convolutional block performs low-level feature
extraction using small convolutional kernels.
These early layers identify fundamental visual
patterns such as edges, intensity transitions, tissue
boundaries, and local texture variations. Batch
normalization and rectified linear unit activation
are applied after each convolution to stabilize
training, accelerate convergence, and introduce
nonlinearity.  Unlike  conventional =~ CNN
architectures that rely on a single sequential
convolutional pathway, the proposed framework
employs multiple parallel convolutional branches
with different receptive fields. The branches use 3
x 3.5 x5 and 7 x 7 convolutional kernels to
analyze each CT image at fine, intermediate, and
broad spatial scales. The 3 x 3 branch captures
subtle textures, small nodule boundaries, micro-
spiculations, and local density changes. The 5 x 5
branch extracts intermediate morphological
characteristics, including lesion shape, margin
irregularity, and internal heterogeneity. The 7 x 7
branch captures broader contextual information,
such as the relationship between a nodule and
surrounding vessels, pleura, bronchi, and lung
parenchyma. The outputs of the parallel branches
are concatenated along the channel dimension to
create  a  combined
representation. This fusion allows the network to
preserve complementary information generated at
different spatial resolutions. A subsequent 1 x 1
convolution is used to reduce dimensionality and
integrate the fused features efficiently. This

multi-scale  feature

operation lowers computational cost while
allowing the model to learn optimized
combinations of fine-scale and coarse-scale
information. The fused representation is then
forwarded to deeper hierarchical blocks for
progressively more abstract feature learning.
Residual ~ connections are  incorporated
throughout the architecture to address the
degradation and vanishing-gradient problems
associated with deep neural networks. In each
residual block, the input feature map is added to
the output of a sequence of convolutional
transformations. This shortcut pathway enables
the network to preserve important low-level
information while learning additional
discriminative features [24]. Residual learning also
supports the construction of a deeper architecture
without significant training instability. When the
input and output feature dimensions differ, a 1 x
1 projection convolution is used to align their
channel dimensions before addition.
Downsampling is performed using -carefully
positioned max-pooling or strided convolutional
layers. Excessive downsampling was avoided
because it can eliminate fine structural details
associated with tiny pulmonary nodules. The
number of convolutional filters increases
progressively from shallow to deep layers, enabling
the architecture to learn more complex and
abstract feature representations. The proposed
implementation uses approximately 32, 64, 128,
256, and 512 feature channels across successive
stages, although these values can be adjusted
according to memory availability and model-
complexity requirements.

After the final attention-enhanced feature block,
global average pooling is applied instead of a large
fully connected flattening operation. Global
average pooling calculates the mean activation of
each feature map and produces a compact one-
dimensional representation. This approach
reduces the number of trainable parameters, limits
overfitting, and preserves the relationship between
feature channels and predicted classes. The
resulting feature vector is passed through a fully
connected layer with rectified linear unit
activation, batch normalization, and dropout. A
dropout rate of 0.5 is applied before the final
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classification layer to improve generalization. The
output layer uses a sigmoid activation for binary
benign-versus-malignant  classification or a
Softmax activation for multi-class categorization.
In the binary setting, the network generates a
malignancy probability between O and 1. This
probability is interpreted as the model’s
confidence that the analyzed pulmonary nodule
exhibits malignant imaging characteristics [25].
The proposed network was initialized using He
initialization for convolutional layers and trained
using the Adam optimizer. Batch normalization

was placed after convolutional operations and
before activation functions. Rectified linear unit
activation was used throughout most of the
architecture because of its computational
efficiency and ability to reduce vanishing-gradient
effects. In selected attention and output layers,
sigmoid activation was applied to generate
bounded attention coefficients and probabilities.
Table 5 shows the principal components and
operational roles of the proposed multi-scale
attention-based deep learning architecture.

Table 5: Architectural configuration of the proposed multi-scale attention-based model

Architectural stage

Main configuration

Output function

Input layer

Preprocessed CT image of 224 x 224 pixels

Standardized input tensor

Initial convolution

3 x 3 convolution, batch normalization, ReLU | Low-level feature maps

block

Multi-scale branch 1 3 x 3 convolution Fine-scale features
Multi-scale branch 2 5 x 5 convolution Intermediate-scale features
Multi-scale branch 3 7 x 7 convolution Broad contextual features

Multi-scale fusion

Concatenation and 1 * 1 convolution

Unified feature
representation

Residual blocks

connections

Convolutional transformations with skip

Hierarchical deep features

Channel attention

Global average/max pooling and shared MLP

Channel-weighted features

Spatial attention

Channel pooling and 7 x 7 convolution

Spatially weighted features

Downsampling stages
convolutions

Controlled max pooling or strided

Reduced feature-map
dimensions

Global average pooling | Mean activation across spatial dimensions

Compact feature vector

Regularization layer Dropout rate of 0.5

Regularized feature vector

The proposed architecture was designed to
maintain a balance between diagnostic accuracy
and computational efficiency. Large convolutional
kernels can increase parameter count and
inference time; therefore, the 5 x 5 and 7 x 7
branches may be implemented using stacked 3 x 3
convolutions or depthwise-separable
convolutions. This factorized design approximates
larger  receptive  fields  while  reducing
computational complexity. The 1 x 1
convolutional layers further control
dimensionality after feature concatenation. Model
complexity was evaluated using the number of
trainable parameters, floating-point operations,
inference time per CT slice, and GPU memory

consumption. These measures were compared
with conventional architectures such as VGG16,
ResNet50, DenseNetl21, and EfficientNet-B4.
The goal was not simply to maximize classification
accuracy but to achieve an effective balance among
sensitivity, specificity, interpretability, processing
speed, and clinical feasibility. The final
convolutional feature maps were retained for
integration ~ with  Gradientweighted  Class
Activation Mapping [26]. Grad-CAM calculates
the importance of each feature channel with
respect to the predicted class and produces a
heatmap indicating the regions that most strongly
influenced the model’s decision. These
visualizations allow clinicians to determine
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whether the network focused on the actual
pulmonary lesion or on irrelevant anatomical
structures. Attention maps and Grad-CAM
outputs  therefore provide complementary
explanations: internal attention modules guide

feature learning, while Grad-CAM communicates
the learned decision regions to end users. Figure 5
present the complete computational architecture
of the proposed multi-scale attention-based deep
learning model.
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Figure 5: Proposed multi-scale attention-based deep learning architecture for pulmonary nodule analysis
and lung cancer decision support.

Preprocessed lung CT images are passed through
an initial convolutional feature extractor and then
distributed across parallel 3 x 3,5 x 5, and 7 x 7
convolutional branches. The extracted fine-,
intermediate-, and broad-scale features are
concatenated and refined using a 1 x 1
convolution. Residual learning blocks generate
deeper hierarchical representations, followed by
channel and spatial attention modules that
emphasize diagnostically important features and
suspicious pulmonary locations. Cross-level
feature fusion integrates shallow spatial details
with deep semantic information. Global average
pooling, dense classification, batch normalization,
dropout, and sigmoid or Softmax activation
generate the final malignancy prediction. The final
convolutional features are additionally supplied to
the Grad-CAM module to generate visual
explanations for intelligent clinical decision

support. The proposed architecture combines
multi-scale feature extraction, residual learning,
dual attention, hierarchical fusion, and
explainable  prediction within a unified
framework. The multi-scale branches allow the
model to recognize lesions with highly variable
dimensions and appearances, while channel and
spatial attention improve the discrimination of
clinically ~ significant  features. Residual
connections preserve information across deep
layers, and cross-level fusion prevents the loss of
small-nodule details. Global average pooling and
dropout improve generalization, whereas Grad-
CAM visualization increases transparency. These
complementary components enable the proposed
model to provide accurate, -efficient, and
interpretable pulmonary nodule analysis suitable
for automated lung cancer screening and
intelligent clinical decision support.
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4.4- Channel and Spatial Attention Learning
Module:

The proposed architecture incorporates a
sequential channel and spatial attention learning
module to enhance the discriminative
representation of pulmonary nodules in high-
resolution computed tomography images.
Although multi-scale convolutional branches
effectively capture lesion information at different
receptive fields, the resulting feature maps may still
contain redundant activations from normal lung
tissue, blood vessels, bronchi, pleural structures,
and reconstruction noise. The attention module
was therefore designed to adaptively recalibrate
the fused feature representation by identifying
which feature channels are most informative and
where the diagnostically significant regions are
located. The module follows a two-stage attention
strategy. Channel attention is first applied to
determine the relative importance of individual
feature channels. Spatial attention is then used to
localize the most clinically relevant regions within
the channelrefined  representation.  This
sequential arrangement allows the model to
answer two complementary questions: which
features are important for
discrimination, and where are those features
located within the CT image! By integrating these
two attention mechanisms, the network can
strengthen  lesion-related  responses  while
suppressing irrelevant anatomical and background
information. The channel attention module
determines the importance of each feature
channel by compressing the spatial dimensions of
the input tensor [27]. Two complementary pooling
operations are employed: global average pooling
and global maximum pooling. Global average
pooling captures the overall distribution of
activations within each channel, whereas global
maximum pooling emphasizes the strongest
localized response. Their combined use allows the
model to consider both distributed and highly
concentrated lesion evidence. When the channel
dimensions differ, a 1 x 1 projection convolution
is used before residual addition. This residual
attention design prevents the module from
discarding useful baseline features and facilitates
gradient propagation during model optimization.

malignancy

Batch normalization was applied after selected
convolutional operations to stabilize feature
distributions. Rectified linear unit activation was
used in the hidden layers of the shared multilayer
perceptron, while sigmoid activation generated
bounded attention coefficients. Dropout was not
applied directly inside the attention maps because
it could disrupt the learned weighting patterns;
instead, regularization was introduced in the later
classification layers. The attention module was
inserted after each major multi-scale feature-fusion
stage rather than being restricted to a single deep
layer. Early attention blocks focused on high-
resolution spatial details, including small nodule
boundaries and subtle intensity changes.
Intermediate blocks captured lesion morphology
and local context, whereas deeper attention blocks
emphasized more abstract malignancy-related
representations. This hierarchical placement
allowed the network to progressively refine
clinically important information throughout the
feature-learning process. The effectiveness of the
module was evaluated through an ablation study.
The proposed model was trained under four
configurations: without attention, with channel
attention only, with spatial attention only, and
with the complete channel-spatial attention
module. Performance was compared using
accuracy, sensitivity, specificity, Fl-score, ROC-
AUC, and false-positive rate. The comparison was
intended to determine whether the combined
attention formulation provided a measurable
advantage over individual attention components.
Attention-map visualization was also performed to
whether the learned  weights
corresponded to clinically meaningful regions
[28]. Channel attention scores were analyzed to
identify the feature groups most strongly
associated with malignant predictions. Spatial
attention maps were resized to the original CT
image dimensions and superimposed on the input
images. These visualizations allowed qualitative
assessment of whether the network focused on the
annotated nodule, lesion boundaries, and
perinodular tissue rather than on irrelevant
anatomical structures. The internal spatial
attention maps were further compared with
Gradient-weighted Class Activation Mapping

examine
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outputs. Although both methods generate visual
emphasis patterns, they serve different purposes.
Spatial attention is an active component of the
network that influences feature learning during
training, whereas Grad-CAM is a post hoc
explanation method used to interpret the final
prediction. Agreement between the two maps was
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considered an encouraging indication that the
model’s internal attention process aligned with the
regions influencing its diagnostic decision. Figure
6 present the Automated pulmonary nodule
analysis on chest CT images with morphological

measurements and malignancy prediction.
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Figure 6: Automated pulmonary nodule analysis on chest CT images with morphological measurements
and malignancy prediction.

The multiscale fused feature tensor is first
processed through global average pooling and
global maximum pooling across the spatial
dimensions. The resulting channel descriptors are
passed through a shared multilayer perceptron,
combined, and transformed using sigmoid
activation to generate channel attention weights.
These weights recalibrate the input tensor by

emphasizing diagnostically important feature
channels. The channel-refined tensor is then
processed through channel-wise average and
maximum pooling to produce spatial descriptors.
These descriptors are concatenated and passed
through a 7 x 7 convolution and sigmoid
activation to generate a spatial attention map. The
map highlights suspicious pulmonary regions and
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suppresses irrelevant background areas. The
resulting attention-enhanced tensor is finally
combined with the original input through a
residual connection and forwarded to hierarchical
feature fusion and classification. The proposed
channel and spatial attention learning module
provides a computationally efficient mechanism
for refining multi-scale pulmonary feature
representations. Channel attention emphasizes
feature maps that encode malignancy-related
characteristics, while spatial attention localizes the
image regions where these characteristics appear
[29]. Their sequential integration improves feature
discrimination, strengthens the detection of small
and low-contrast lesions, reduces background
interference, and supports more accurate benign-
malignant classification. The residual formulation
preserves the original representation, while
hierarchical placement enables progressive
attention refinement across different levels of the
network. Consequently, this module serves as a
central component of the proposed explainable
deep learning framework for automated lung
cancer screening and intelligent clinical decision
support.

4.5- Pulmonary Nodule Classification Layer:

The pulmonary nodule classification layer
represents the final decision-making component
of the proposed multi-scale attention-based deep
learning framework. After hierarchical feature
extraction, multi-scale feature fusion, residual
learning, and  channelspatial  attention
refinement, the resulting high-level feature
representations are forwarded to the classification
module for diagnostic prediction. The primary
objective of this module is to accurately
distinguish pulmonary nodules according to their
malignancy characteristics while maintaining high
sensitivity for early-stage lung cancer detection and
minimizing false-positive  diagnoses. Unlike
conventional convolutional neural networks that
rely solely on fully connected layers, the proposed
classification layer integrates global feature
aggregation, regularization,
transformation, probability estimation, and
confidence analysis to generate clinically
meaningful diagnostic outputs. The attention-

nonlinear

refined feature tensor generated by the preceding
network stages contains highly discriminative
information  regarding  pulmonary nodule
morphology,  internal  texture,  intensity
distribution, margin irregularity, spiculation,
lobulation, calcification, pleural attachment,
vascular ~ convergence, and  surrounding
parenchymal  characteristics.  However, this
multidimensional tensor cannot be directly used
for final classification because of its high
dimensionality and computational complexity.
Therefore, a Global Average Pooling layer was
introduced as the first stage of the classification
module. Global Average Pooling computes the
average activation value of each feature channel,
thereby transforming the three-dimensional
feature tensor into a compact one-dimensional
feature vector while preserving the semantic
importance learned by the attention mechanism
[30]. Compared with conventional flattening
operations, Global Average Pooling significantly
reduces the number of trainable parameters and
minimizes the risk of overfitting. Flattening
converts every spatial activation into an
independent parameter, resulting in very large
fully connected layers that are computationally
expensive and prone to memorizing training
samples. In contrast, Global Average Pooling
summarizes the global response of each feature
channel while preserving the relationship between
learned  feature maps and  pulmonary
abnormalities. This strategy is particularly
advantageous for lung CT analysis because
malignant lesions may occupy only a small fraction
of the complete image, and robust global feature
aggregation improves generalization  across
different patient populations. The pooled feature
vector is subsequently passed through a fully
connected dense layer that performs nonlinear
feature transformation. This dense layer combines
multiple radiological characteristics learned
during earlier stages of the network into a compact
diagnostic representation. During this process,
complex relationships among lesion  size,
boundary morphology, texture heterogeneity,
attenuation characteristics, vascular attachment,
and contextual anatomical information are
integrated to improve malignancy discrimination.
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The proposed classifier was optimized using the
Adam optimization algorithm because of its
adaptive learning-rate capability and
computational efficiency. The initial learning rate
was set to 0.0001, while the batch size was 32.
Early stopping was implemented using the
validation loss to prevent unnecessary training
after convergence. Furthermore, learningrate
scheduling automatically reduced the learning rate
whenever validation performance plateaued. To
improve  prediction reliability, probability
calibration was also considered. Temperature
scaling was employed on the validation dataset to
improve the agreement between predicted
probabilities and actual classification accuracy.
Calibrated probabilities provide more reliable
confidence estimates for clinical decision support,
allowing physicians to distinguish highly confident
predictions from uncertain cases [31]. The
classifier additionally generates a diagnostic
confidence score that accompanies every
prediction. Cases with very high confidence can be
prioritized for routine clinical reporting, whereas
low-confidence predictions can be flagged for
detailed radiologist review. This human-in-the-
loop strategy increases the clinical safety of the
proposed framework and prevents overreliance on
automated decisions. Besides the final diagnostic
label, the pulmonary nodule classification layer
generates several clinically relevant outputs,
including malignancy probability, confidence
score, predicted class, intermediate feature
embeddings, and Grad-CAM activation maps.

These outputs collectively improve transparency
and facilitate explainable artificial intelligence
within the proposed clinical decision-support
framework. Furthermore, calibration performance
was evaluated using reliability diagrams, Expected
Calibration Error, and Brier Score to assess the
agreement between predicted probabilities and
observed outcomes. These additional analyses
confirmed that the proposed classification layer
generated well-calibrated diagnostic probabilities
suitable for intelligent clinical decision support.
Figure 7 illustrates the complete pulmonary
nodule classification layer adopted in the
proposed framework. The attention-enhanced
feature tensor is first processed using Global
Average Pooling to generate a compact feature
representation. The pooled vector is subsequently
forwarded to a dense fully connected layer
followed by Batch Normalization, RelLU
activation, and Dropout regularization. The
optimized feature representation is then supplied
to the final sigmoid or Softmax prediction layer to
estimate  pulmonary  nodule  malignancy
probability [32]. Binary Cross-Entropy loss and the
Adam  optimizer are used for network
optimization. The classifier produces diagnostic
class labels, malignancy probability, confidence
scores, and Grad-CAM-compatible feature
representations for explainable clinical decision
support. Figure 7 shows the Proposed multi-scale
attention-guided CNN framework with feature
fusion for automated lung cancer classification
from chest CT images.
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Figure 7: Proposed multi-scale attention-guided CNN framework with feature fusion for automated lung
cancer classification from chest CT images

The proposed pulmonary nodule classification
layer  provides and  highly
discriminative decision-making framework that

an efficient
combines global feature aggregation, nonlinear
probability estimation,
confidence calibration, and explainable artificial
intelligence. By integrating Global Average
Pooling, Batch  Normalization, = Dropout
regularization, calibrated probability prediction,
and optimized loss functions, the classifier
achieves high diagnostic accuracy while
maintaining robustness against overfitting. The
resulting  probability
explanations support reliable pulmonary nodule
assessment and facilitate clinically interpretable

transformation,

estimates and  visual

lung cancer diagnosis, making this module an
essential component of the proposed intelligent
computer-aided diagnosis system.

5- Results and Discussion:

The proposed multiscale attention-based deep
learning framework was evaluated for automated
pulmonary nodule detection, benign-malignant
classification, lesion localization, segmentation
support, and intelligent clinical decision
generation using the LIDC-IDRI dataset and the

standardized LUNA16 subset. The experimental
analysis was designed to determine whether the
integration of multi-scale convolutional feature
extraction, residual learning, channel attention,
spatial attention, hierarchical feature fusion,

probability  calibration, and  explainable
visualization ~ could improve  diagnostic
performance compared with conventional

convolutional neural networks and established
All CT

examinations were divided at the patient level to

transfer-learning architectures.
prevent information leakage between the training,
validation, and testing cohorts. Five-fold cross-
validation was employed to assess model stability,
and the reported performance values were
calculated by averaging the results obtained across

the wvalidation folds. The proposed model
demonstrated consistently high performance
across all principal diagnostic evaluation

measures. [t achieved an average classification
accuracy of 98.4%, precision of 98.1%, sensitivity
of 98.3%, specificity of 97.9%, and Fl-score of
98.2%. The Receiver Operating Characteristic
Area Under the Curve reached 0.996, indicating
an excellent ability to differentiate malignant
pulmonary nodules from benign lesions. The
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Matthews Correlation Coefficient was 0.963,
while  Cohen’s Kappa  reached  0.964,
demonstrating strong agreement between the
predicted outputs and reference labels beyond
chance. The negative predictive value of 98.2%

further indicated that the model maintained a very
low probability of malignancy among nodules
predicted as benign. Table 6 shows the Overall
diagnostic performance of the proposed multi-
scale attention-based model.

Table 6: Overall diagnostic performance of the proposed multiscale attention-based model

Evaluation metric Mean Standard Interpretation
performance deviation

Accuracy 98.4% +0.42 High overall diagnostic correctness

Precision 98.1% +0.51 Low false-positive malignancy
prediction rate

Sensitivity/Recall 98.3% +0.47 Strong identification of malignant
nodules

Specificity 97.9% +0.56 Reliable recognition of benign
nodules

Fl-score 98.2% +0.44 Balanced precision and sensitivity

ROC-AUC 0.996 +0.003 Excellent class-discrimination
capability

Matthews Correlation 0.963 +0.008 Strong correlation between

Coefficient predictions and labels

Cohen’s Kappa 0.964 +0.007 Near-perfect diagnostic agreement

Negative Predictive Value 98.2% +0.49 Low likelihood of missed
malignancy

Positive Predictive Value 98.1% +0.51 High reliability of positive
predictions

The high sensitivity achieved by the proposed
framework is particularly important for lung
cancer screening because missed malignant
nodules may delay diagnosis and treatment. A
sensitivity of 98.3% indicates that the system
correctly identified the large majority of malignant
cases. At the same time, the specificity of 97.9%
demonstrates that the framework also maintained
reliable recognition of benign nodules. This
balance is clinically important because a screening
model should detect malignant lesions without
producing an excessive number of false alarms.
Unnecessary false-positive predictions may lead to
repeated CT examinations, invasive biopsies,
increased healthcare costs, and avoidable patient
anxiety. The ROC-AUC value of 0.996 further
confirmed the strong discriminative ability of the
architecture. The ROC curve remained close to
the upperleft corner over a broad range of

classification thresholds, showing that the model
could maintain high sensitivity while controlling
the false-positive rate. Rather than applying an
arbitrary decision threshold of 0.50, the final
operating threshold was selected using validation-
set ROC analysis. This threshold-selection strategy
allowed the model to prioritize cancer-screening
sensitivity while maintaining acceptable diagnostic
specificity. The representative confusion matrix
also  demonstrated  balanced  classification
behavior. Among 805 test observations, the model
correctly classified 391 benign nodules and 399
malignant nodules. Only eight benign nodules
were incorrectly categorized as malignant, while
seven malignant nodules were incorrectly
predicted as benign. Table 7 present the
Representative confusion matrix of the proposed
pulmonary nodule classifier.
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Table 7: Representative confusion matrix of the proposed pulmonary nodule classifier
Actual class Predicted benign Predicted malignant Total
Benign nodules 391 8 399
Malignant nodules 7 399 406
Total 398 407 805

The small number of false-negative predictions is
encouraging because false negatives represent the
most clinically serious type of error in cancer
screening. A detailed review of the incorrectly
classified malignant cases showed that most were
very small lesions, subtle ground-glass nodules, or
nodules located close to pulmonary vessels and
pleural boundaries. These findings suggest that the
remaining errors were primarily associated with
challenging lesion characteristics rather than
systematic model bias. False-positive cases were
frequently associated with vascular intersections,
fibrotic scars, granulomatous lesions, and pleural

thickening that visually resembled pulmonary
nodules. The proposed architecture was compared
with a basic CNN, VGG16, ResNet50,
DenseNet121, EfficientNet-B4, a CNN with
channel attention, and a CNN with spatial
attention. All models were trained and tested
using the same patientlevel data partitions,
preprocessing conditions, optimization strategy,
and evaluation metrics to ensure a fair
comparison. Table 8 present the Comparison of
the proposed framework with baseline deep
learning models.

Table 8: Comparison of the proposed framework with baseline deep learning models

Model Accuracy | Precision Sensitivity | Specificity Fl-score | ROC-
(%) (%) (%) (%) (%) AUC
Basic CNN 90.8 90.2 89.7 91.6 89.9 0.941
VGG16 93.1 92.7 92.5 93.6 92.6 0.958
ResNet50 95.2 94.9 95.0 95.4 94.9 0.974
DenseNet121 96.1 95.8 96.0 96.2 95.9 0.982
EfficientNet-B4 96.8 96.4 96.7 96.9 96.5 0.987
CNN with channel 97.2 96.9 97.1 97.3 97.0 0.990
attention
CNN with spatial 97.0 96.7 96.9 97.1 96.8 0.989
attention
Proposed multi-scale 98.4 98.1 98.3 97.9 98.2 0.996
attention model

The basic CNN achieved the lowest overall
performance because its sequential single-scale
design was unable to adequately represent the
substantial variation in pulmonary nodule size,
texture, shape, density, and anatomical context.
VGG16 improved performance but retained a
large number of trainable parameters and showed
weaker generalization than more advanced
residual and densely connected networks.
ResNet50 and DenseNet121 performed strongly
because skip connections and feature reuse
supported deeper representation learning and

improved gradient propagation. EfficientNet-B4
achieved an accuracy of 96.8% and a ROC-AUC
of 0.987, demonstrating the effectiveness of
compound scaling and computationally efficient
convolutional ~ operations. ~ However, its
performance remained lower than that of the
proposed framework. This difference indicates
that general-purpose architectural scaling alone
may not fully address the challenges associated
with pulmonary nodule analysis, particularly the
recognition of small lesions and the separation of
nodules from blood vessels, bronchi, scars, and
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pleural structures. The models using only channel
attention or only spatial attention outperformed
conventional CNN architectures. Channel
attention improved diagnostic performance by
emphasizing semantically important feature
channels, whereas spatial attention supported
better localization of suspicious pulmonary
regions [33]. Nevertheless, the complete
framework achieved the strongest performance
because it combined both mechanisms with multi-
scale convolution, residual learning, and cross-
level feature fusion. The proposed model
improved accuracy by 1.6 percentage points and
ROC-AUC by 0.009 compared with EfficientNet-
B4. Statistical analysis across the five cross-
validation folds indicated that this improvement
was significant at p < 0.001. An ablation analysis
was conducted to quantify the independent and
combined contribution of the main architectural
components. The model was progressively
extended from a basic CNN to include multi-scale
convolution, residual learning, channel attention,
spatial attention, hierarchical feature fusion, and
calibrated classification.

The addition of multi-scale convolution increased
accuracy from 90.8% to 93.7%, confirming that
parallel  receptive  fields  improved = the
representation of nodules with different sizes and
morphological characteristics. Residual learning
further increased accuracy to 95.4% by preserving
low-level information and supporting stable
optimization in deeper layers. Channel attention
produced a slightly larger improvement than
spatial attention when the two mechanisms were
evaluated independently, suggesting that feature-
channel selection played a particularly important
role in malignancy classification. The combination
of channel and spatial attention increased
accuracy to 97.5% and ROC-AUC to 0.992. This
finding confirms that determining both which
features are important and where those features
are located provides a stronger representation than
either attention mechanism alone. Hierarchical
feature fusion increased accuracy to 98.1% by
combining high-resolution shallow features with

deeper semantic representations. Probability
calibration produced a smaller increase in
classification accuracy but substantially improved
the reliability of the diagnostic confidence values.
The segmentation-assisted component also
demonstrated strong spatial performance. The
proposed model achieved a Dice Similarity
Coefficient of 97.5%, an Intersection over Union
of 95.2%, pixellevel sensitivity of 97.8%, and
pixellevel specificity of 98.6%. The Hausdorff
distance was 2.18 mm, while the average
symmetric surface distance was 0.91 mm. Nodule
localization sensitivity reached 97.6%, with an
average of 0.74 false-positive detections per scan.
The interpretability of the proposed model was
examined using internal spatial attention maps
and Grad-CAM visualizations. For correctly
classified malignant cases, the highlighted regions
were concentrated over the pulmonary nodule and
its immediate perinodular environment. The
model frequently emphasized irregular margins,
spiculation, heterogeneous internal texture,
pleural attachment, and vascular convergence. In
benign cases, the activation patterns were generally
more localized and showed less emphasis on
surrounding tissue. Agreement between the spatial
attention maps and Grad-CAM outputs suggested
that the model’s internal attention mechanism
and final classification decision were often based
on similar anatomical regions. This finding
increases confidence that the network did not rely
primarily on irrelevant background structures or
image artifacts. Some incorrectly classified cases
showed attention extending toward adjacent
vessels, fibrotic tissue, or pleural structures. These
error patterns indicate potential areas for future
including  vessel-suppression
modules, stronger three-dimensional contextual
learning, and integration of radiomic or clinical
features. Statistical comparison across the five
cross-validation folds showed that the proposed
significantly ~ outperformed  all
evaluated baseline models. Table 9 summarize the
Statistical comparison of the proposed model with
baseline architectures.

improvement,

framework
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Table 9: Statistical comparison of the proposed model with baseline architectures

Compared model Accuracy improvement | ROC-AUC improvement | Statistical result
Basic CNN +7.6% +0.055 p <0.001
VGG16 +5.3% +0.038 p <0.001
ResNet50 +3.2% +0.022 p <0.001
DenseNet121 +2.3% +0.014 p <0.001
EfficientNet-B4 +1.6% +0.009 p <0.001
CNN with channel attention | +1.2% +0.006 p =0.003
CNN with spatial attention +1.4% +0.007 p =0.002

The statistically significant improvements support
the conclusion that the proposed architecture
provides genuine methodological benefits rather
than apparent gains caused by random sampling
variability. The largest improvement was observed
relative to the basic CNN, while smaller but still
significant improvements were achieved over the
attention-based comparison models.
limitations should nevertheless be considered.
The malignancy labels in LIDC-IDRI are primarily

Several
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derived from expert radiologist assessments rather
than complete histopathological confirmation. In
addition, LUNA16 is derived from LIDC-IDRI
and therefore does not represent a completely
independent dataset.  Although
overlapping scans were carefully controlled during
patient-level partitioning, future validation should

external

include  geographically and institutionally
independent clinical cohorts.
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Figure 8: Comparative performance evaluation of the proposed detection model and benchmark YOLO
variants using AP growth curves, precision-recall curves, and Fl-score analysis.

The figure 8 should present a grouped bar chart
comparing accuracy, precision, sensitivity,

specificity, and Fl-score for the Basic CNN,

VGG16, ResNet50, DenseNetl121, EfficientNet-
B4, and the proposed framework. The proposed

https://thesesjournal.com

| Suleman et al., 2026 |

Page 4782


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

model should display the strongest performance
across all evaluation measures.

Receiver Operating Characteristic Comparison of Deep Learning Models
(Retrospective Public CT Data)

e

o

o
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Figure 9: Receiver Operating Characteristic comparison of the evaluated deep learning models.

The figure 9 should display the ROC curves of the
Basic CNN, ResNet50, DenseNet121,
EfficientNet-B4, and the proposed multi-scale
attention-based architecture. The proposed model
should demonstrate the largest area under the
curve, with a ROC-AUC value of 0.996. The
experiments were also based on retrospective
public CT data. Prospective evaluation within real
clinical workflows is necessary to determine the
effect of the proposed system on reporting time,

radiologist performance, diagnostic confidence,
and patient outcomes. Small ground-glass nodules,
pleural-attached lesions, and vascular structures
remained challenging in a limited number of
cases. Future work should therefore investigate
transformer-based global context learning, three-
modeling,
multimodal

dimensional nodule vessel-aware
feature suppression,

integration, and external multicenter validation.

clinical-data
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Figure 10: ROC curve comparison of the proposed model with Basic CNN and VGG16 architectures.

The figure 10 may present the original lung CT
image, expert-annotated nodule, internal spatial
attention map, and Grad-CAM diagnostic
heatmap for representative benign and malignant
cases. The visual comparison should demonstrate
that the model focused primarily on the
pulmonary lesion and its surrounding suspicious
tissue. Overall, the proposed multi-scale attention-
based deep learning architecture achieved high
classification accuracy, strong sensitivity, reliable
specificity, precise lesion localization, and well-
calibrated diagnostic confidence. The integration
of multi-scale convolution, residual learning,
channel-spatial attention, hierarchical feature
fusion, and explainable visualization produced
better performance than conventional and
transfer-learningbased models. These findings
demonstrate the potential of the proposed
framework to support automated lung cancer
screening, early pulmonary nodule recognition,
and intelligent clinical decision-making from high-
resolution computed tomography images.

6-  Future Work:

Future research should focus on validating the
proposed  multi-scale  attention-based  deep
learning  framework  using  independent
multicenter CT datasets collected from different

hospitals,  geographical  regions,
manufacturers, and patient populations. Although
the present study used the LIDC-IDRI dataset and
the LUNA 16 subset, broader external validation is
required to confirm the generalizability and
clinical reliability of the model. Future datasets
should larger of
histopathologically confirmed cases to reduce
radiologist-based

scanner

also include a number

uncertainty associated with
malignancy labels. The proposed framework may
be further extended from two-dimensional CT
image analysis to three-dimensional volumetric
learning. Three-dimensional convolutional neural
networks and hybrid 2D-3D architectures could
capture information from adjacent CT slices and
provide a more complete representation of
pulmonary nodule volume, internal texture,
boundary characteristics, and anatomical context
[34]. Transformer-based models may also be
integrated  with networks
improve longrange feature relationships and
contextual understanding. Additional work is
required improve the and
classification of small, ground-glass, part-solid, and
juxta-pleural nodules. These lesion categories
remain difficult because of their low contrast,
limited spatial information, and similarity to
normal vessels or pleural structures. Specialized

convolutional to

to detection
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high-resolution branches, boundary-aware loss
functions, vessel-suppression techniques, and
lesion-specific attention mechanisms may reduce
false-positive and false-negative predictions.
Future studies should also combine deep imaging
features with radiomic, clinical, and demographic
information. Variables such as patient age,
smoking history, family history, previous
malignancy,  occupational  exposure,  and
laboratory findings may improve individualized
malignancy-risk estimation. The integration of
longitudinal CT scans could additionally support
the analysis of nodule growth, density variation,
and morphological changes over time. The
explainability and uncertainty-estimation
capabilities of the framework should be further
strengthened [35]. Methods such as integrated
gradients, SHAP, occlusion sensitivity, ensemble
learning, and Bayesian uncertainty estimation may
provide more reliable explanations and help
identify cases in which the model is uncertain.
Low-confidence predictions could then be referred
for detailed radiologist assessment. Prospective
clinical studies should evaluate the performance of
radiologists with and without assistance from the
proposed system. Important outcomes should
include diagnostic accuracy, reporting time,
workload reduction, inter-observer agreement,
and changes in clinical decision-making. Model
pruning, quantization, and
knowledge distillation should also be investigated
to reduce computational requirements and
support deployment on standard hospital
workstations [36]. Finally, future development
should address patient privacy, algorithmic
fairness, regulatory requirements, and continuous
performance monitoring. Federated learning may
enable collaborative model training across
hospitals without sharing raw patient data.
Regular recalibration and drift detection will also
be necessary to maintain reliable performance as
imaging technologies, clinical protocols, and
patient populations change over time.

compression,

Conclusion:

This study presented a novel multi-scale attention-
based deep learning architecture for automated
lung cancer screening, early pulmonary nodule

detection, and intelligent clinical decision support
using high-resolution computed tomography
images. The proposed framework combined
advanced image preprocessing, multi-scale feature
extraction, residual learning, channel-spatial
attention mechanisms, hierarchical feature fusion,
and a calibrated classification layer to improve the
accurate discrimination of benign and malignant
pulmonary nodules. The integration of these
components enabled the model to effectively
capture both fine local features and high-level
semantic information while preserving important
anatomical characteristics of lung lesions. The
experimental results demonstrated that the
proposed framework achieved excellent diagnostic
performance on the LIDCJIDRI and LUNAI16
datasets, with high accuracy, sensitivity, specificity,
Flscore, and ROCAUC. Comparative
experiments showed that the proposed model
consistently outperformed conventional
convolutional neural networks and widely used
deep learning architectures, including VGG16,
ResNet50, DenseNetl21, and EfficientNet-B4.
The ablation analysis further confirmed that
multi-scale feature extraction, channel-spatial
attention, and hierarchical feature fusion each
contributed  significantly to the overall
improvement in classification performance. In
addition, the use of Grad-CAM visualization and
calibrated probability estimation enhanced the
interpretability and reliability of the model,
making its predictions more suitable for clinical
decision support. Overall, the proposed
framework provides an accurate, robust, and
explainable approach for pulmonary nodule
analysis and lung cancer diagnosis. By combining
high diagnostic performance with computational
efficiency and visual interpretability, the model
has the potential to assist radiologists in early lung
cancer detection, reduce diagnostic errors, and
improve clinical workflow efficiency. With further
validation on larger multicenter clinical datasets
and prospective studies, the proposed framework
could become a valuable computer-aided
diagnostic tool for supporting timely and reliable
lung cancer screening in real-world healthcare
environments.
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