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Abstract: Lung cancer is still a major cause of cancer deaths globally, and there is a need for accurate and
early diagnostic systems. Although deep learning models have shown encouraging results in classifying
lung cancer from CT scans, most are computationally complex. This paper proposes the design of a
lightweight and accurate deep learning model for multi-class lung cancer classification from CT scans. A
new model called Lightweight Residual CNN with Squeeze-and-Excitation Lung Cancer Classification
(LRSE-LCC) is proposed. The model combines lightweight residual learning for stable gradient flow and
channel attention for improved feature representation. Dual global pooling is used by combining Global
Average Pooling and Global Max Pooling to enable complementary feature extraction. In addition, a
balanced batch training method is used to handle class imbalance. The proposed model was tested on the
IQ-OTH/NCCD lung CT image dataset, which includes normal, benign, and malignant images. Image
resizing and normalization were done before training. The proposed LRSE-LCC model achieved a test
accuracy of 98.19%. Sensitivity was 100.00%, indicating strong ability to detect malignant images. The
model achieved a specificity of 99.04%, reducing false-positive predictions. The macro-averaged AUC was
99.90%. The AUC values for all classes exceeded 99.80%, indicating outstanding classification
performance. The macro F1-score was 96.42%. The value of the Cohen’s kappa coefficient was 96.88%,
which ensured that the agreement was not by chance. The overall error rate was limited to 1.81%. In
conclusion, the proposed LRSE-LCC model has both high classification accuracy and efficiency. The
combination of residual learning, channel attention, and dual pooling helps to greatly improve the accuracy
of multi-class diagnosis. The proposed lightweight model has great potential for application in real-world
computer-aided lung cancer diagnosis systems.

Keywords Lung cancer classification, Computed tomography, Residual CNN, Squeeze-and-Excitation,
Deep learning, Medical image analysis

. Introduction

Lung cancer remains one of the most dangerous and
deadly diseases globally, contributing significantly to

on CT images [7]. CNN-based methods can reduce the
need for handcrafted features by directly learning
hierarchical feature representations from CT images

cancer-related mortality. The American Cancer Society
estimated that in 2024, there were roughly 2,34,580
new cases and 1,25,070 fatalities due to lung cancer in
the USA [1]. Globally, lung cancer accounted for over
2.48 million new cases and 1.82 million fatalities in
2022 [2], making it the leading cause of cancer-related
mortality [3][4]. Deep learning, specifically CNNs
(convolutional neural networks), has demonstrated a
very good results in automated medical image
processing in recent years [5], including the detection
and categorization of lung cancer [6]. Recent multi-
scale residual network frameworks have further
improved diagnostic accuracy for pulmonary nodules

[8]. Despite these advantages, a lot of current
techniques rely on extremely complex and parameter-
intensive architectures like DenseNet, and EfficientNet.
These architectures were first created for massive
datasets of natural images [9][10][11].

Many popular deep learning architectures in the
field of medical image analysis, such as ResNet50
(~25M parameters), DenseNet121 (~8M parameters),
and the EfficientNet family (~5-30M parameters), are
computationally expensive and memory-intensive.
These models typically require powerful computing
hardware to run. Furthermore, these types of models
may face the problem of overfitting and poor
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generalization when working with small and
unbalanced datasets in the field of medical image
analysis [12]. Beyond mortality statistics, early
diagnosis and structured screening strategies remain
fundamental to reducing lung cancer—related deaths
and improving patient prognosis [13].

Several studies have proposed CNN-based models
with different strategies to enhance the accuracy of
diagnosis [14]. Optimization-based models have also
been extensively investigated, such as CNN models
coupled with metaheuristic optimization techniques like
Snake Optimization [15] and the AlexNet model
optimized using Bowerbird optimization [16]. Ensemble
CNN models have also been found to possess high
accuracy and robustness even on small-sized datasets
[17]. Recent ensemble-based ResNet architectures
have demonstrated improved malignant-benign
discrimination performance on CT images [18].
Segmentation-based approaches have also made
great progress in model performance [19]. The UDCT
model integrated a modified U-Net with Differentiable
Architecture Search (DARTS) and multi-level Otsu
thresholding, and obtained competitive results [20].
YOLOvV8 (anchor-based) and Mask R-CNN (anchor-
free) detectors achieved better precision and recall by
applying an attention mechanism to lung nodule
segmentation [21]. These approaches show the key
role of segmentation in enhancing the reliability of
classification. More recently, advanced deep learning
strategies incorporating temporal and longitudinal
information have been explored to enhance
malignancy prediction in screen-detected lung nodules
[22]. Transfer learning has been another important
area. MobileNetV2 transfer learning with stacked GRU
layers and Grad-CAM explainability achieved the best
prediction results [23]. GooglLeNet transfer learning
also demonstrated substantial enhancement in
prediction accuracy [24], and hybrid transfer learning
frameworks such as VER-Net have further improved
lung cancer detection performance on CT datasets
[25]. Other CNN-based models, such as AlexNet [26]
and Google Al Studio model [27], achieved competitive
results but have some drawbacks in classifying benign
and malignant cases.

Conventional machine learning techniques, such as
SVM with manual feature extraction, achieved
moderate accuracy [28], thereby confirming the relative
superiority of deep learning. Other hybrid and feature-
engineered models, like AlexNet with Gabor wavelet
and GLCM features [16], as well as weakly supervised
and attention-based learning
[14][30][31][32][33][34][22][29], further substantiate the
diversity of approaches developed in this area.
Recently, multi-scale transformer-based architectures
such as MSM-VIT have been proposed for pulmonary
nodule classification on CT images, demonstrating

competitive performance compared to conventional
CNN-based approaches [35]. Ensemble-based deep
learning frameworks have also been proposed to
enhance robustness and generalization in lung cancer
detection tasks [36]. Recently, capsule-network—based
architectures have also been explored for lung cancer
classification on CT images, demonstrating enhanced
feature representation capabilities [37]. However,
despite these developments, many of the existing
models are still computationally expensive or rely on
extensive pre-processing, which makes them less
applicable in real-time clinical settings. Furthermore,
although attention mechanisms have been explored in
segmentation models, their incorporation into
lightweight CNN classifiers for direct lung cancer
classification remains underdeveloped.

To improve feature representation, CNN
architectures can utilize attention mechanisms to focus
on informative features while ignoring irrelevant ones.
The capability of the Squeeze-and-Excitation (SE)
attention mechanism to recalibrate features at the
channel level has made it unique among the others
[38]. However, the integration of SE attention into the
network often results in more complex structures,
which limit the applicability of the models in practical
implementations due to resource constraints.
Moreover, the majority of the current approaches to
lung cancer classification only employ a single global
pooling method to aggregate the features and have not
addressed the issue of class imbalance, which may
significantly affect the reliability of the diagnosis. To
overcome the limitations of the current classification
methods for lung cancer, such as high computational
complexity and poor sensitivity to subtle CT image
features, this paper proposes LRSE-LCC, a lightweight
residual CNN with SE attention. In this context, the term
"lightweight" refers to a model architecture with fewer
trainable parameters, a simpler structure, and efficient
mechanisms for feature learning. The LRSE-LCC
model that we propose has approximately 1.29M
parameters, which is much fewer compared to other
traditional deep CNN architectures. This is due to the
use of compact residual blocks and efficient channel
attention mechanisms. The proposed LRSE-LCC
model combines compact residual learning and
channel-wise attention with dual global pooling for
efficient and effective feature discrimination, and it can
be used in clinical decision support systems. The key
contributions of this work are summarized as follows:

1. A lightweight residual CNN with embedded SE
attention (LRSE-LCC) is proposed to improve
channel-wise feature recalibration and stable
gradient propagation without relying on deep or
parameter-heavy architectures.

2. A dual global feature aggregation strategy
using Global Average Pooling (GAP) and Global
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Max Pooling (GMP) is employed to capture
complementary global contextual and salient
lesion information.

3. A balanced batch training scheme is
implemented to handle class imbalance and
improve model robustness.

4. The proposed LRSE-LCC model is
evaluated using the “IQ-OTH/NCCD” lung cancer
dataset [39]. It achieved superior performance in
multi-class lung cancer classification.

The rest of the paper is organized as follows: In Section

Il, the dataset description/preprocessing, balanced

batch construction, training configuration, and the

model architecture are discussed. In Section lll, the
results are presented along with the performance
evaluation. In Section IV, the performance is compared
with state-of-the-art techniques, while the conclusion is
presented in Section V.

Il. Methods

A. Dataset Description

The experiments were conducted on the “lQ-
OTH/NCCD” lung cancer dataset. It is a publicly
available benchmark dataset. It is developed by two
specialized oncology institutions in Iraq. The dataset,
introduced in 2019, comprises thoracic CT images
collected from individuals diagnosed with lung cancer
at different stages, along with scans from healthy

15% to independent performance evaluation. The test
subset remained entirely unseen throughout the model
development process. Each of these images was
thoroughly annotated and individually validated by
experienced radiologists and oncologists from
respective hospitals. The study has obtained ethical
approval from the institutional review boards of the
respective medical centers involved in the study. The
dataset was provided in an anonymized fashion for
research purposes. The dataset represents a wide
spectrum of patients, including variations in their ages,
genders, living conditions, educational backgrounds,
and geographic origins. Some of the representative
images of CT scans from the “IQ-OTH/NCCD” dataset
are shown in Fig. 1. and include images from normal,
benign, and malignant cases.

B. Data Preprocessing

All the CT images are resized to a fixed resolution of
224 x 224 pixels. The resolution of 224 x 224 was
selected as it provides a balance between preserving
important anatomical details and maintaining
computational efficiency. It is also a commonly used
input size in CNN-based architectures, enabling stable
training and efficient processing. However, it is
acknowledged that resizing may lead to the loss of fine-
grained details in very small lesions, which remains a
potential limitation. Then, the grayscale CT images are

(a)

(b) (c)
Fig. 1. Representative CT Images from “IQ-OTH/NCCD” dataset (a) malignant, (b) benign, (c) normal [39]

subjects. This dataset includes 1,100 CT images. It
contains the various anatomical levels of the chest.
Based on professional clinical diagnosis, images are
divided into three classes: benign, malignant, and
normal. The dataset was partitioned into training,
validation, and test subsets using a 70:15:15 ratio.
Accordingly, 70% of the samples were allocated to
model training, 15% to validation, and the remaining

converted to a three-channel image representation to
maintain compatibility with standard CNN design
practices. Since CT images are inherently grayscale,
the single-channel data are replicated across three
channels. This does not introduce additional
information but ensures compatibility with conventional
convolutional frameworks. However, using a single-
channel input could also reduce the computational
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cost. The three-channel configuration was chosen to
ensure stable training behaviour. Investigating the
single-channel input to reduce the computational cost
without affecting performance is a potential future work.
To improve numerical stability and facilitate faster and
more stable convergence during training, the pixel
values are normalized to the range [0, 1] [40] by
dividing by 255. This preprocessing pipeline
standardizes the input data and preserves relevant
anatomical and pathological information. As a result,
the network can focus on learning discriminative lung
features rather than compensating for variations in
image scale or intensity distribution. No explicit data
augmentation techniques were applied in this study.
The preprocessing pipeline is limited to resizing,
channel conversion, and normalization.

C. Balanced Batch Construction

The “IQ-OTH/NCCD” dataset has a large-scale class
imbalance between normal, benign and malignant CT
images. To overcome this issue and improve the
representation of all three classes, a custom balanced
batch generation technique is used during training.
Instead of using random sampling at each mini batch,
an equal number of samples from each class is used.
For a batch size of 12, 4 images from each class are
used at each training step. This approach also makes
sure that all classes are represented equally in the loss
function and gradient updates, which in turn improves
training stability and also increases the model’s
performance on the smaller class samples. The
sampling process is performed with replacement to
ensure continuous availability of samples from all
classes during training. Each epoch is defined using a
fixed number of training steps to maintain stable

1
1
1
|
1
1 Normal
|
1
1
|

Benign Malignant
Dataset Dataset Dataset
\ )
_____________________________________ 1
....................................... f
1 [ Randomly select 4 | [ Randomly select 4 | [ Randomly select4 | :
1 Samples (with Samples (with Samples (with \
! replacement) replacement) replacement) |
: from Normal from Benign . from Malignant |
1
1

Sampling with replacement ensures continuous
availability of mipority class samples

'

Balanced Mini-Batch
(Batch Size = 12)

(4 Normal + 4 Benign + 4 Malignant)
Total = 12 samples

l

Model Training Step

(Equal class contribution in loss & gradients)

Fig. 2. Balanced batch construction with equal
sampling (with replacement) from normal, benign,
and malignant classes.

training dynamics. This strategy ensures consistent
class balance across batches and improves model
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Algorithm 1. Proposed LRSE-LCC Framework

(1) Input: CT lung images

(2) Output: Class label € {Normal, Benign, Malignant}

(3) Acquire CT lung images

(4) Normalize intensities to [0,1] and resize images to 224 x 224 x 3.

(5) Divide the dataset into test, validation, and training sets.

(6) Initialize the proposed LRSE-LCC network

(7) Extract initial features using Conv(3x3, 32) + BN + RelLU

(8) For Residual-SE blocks k = {64, 128, 256} filters do

(9) Apply Conv — BN — ReLU — Conv — BN — SE attention — shortcut addition — RelLU
(10) Apply 2x2 max-pooling after the first and second blocks

(11) End for

(12)  Apply GAP and GMP in parallel

(13) Concatenate pooled features

(14) Apply Dense(128) + ReLU

(15) Apply Softmax layer (3 classes)

(16)  Train the network using Adam optimizer and categorical cross-entropy loss

(17)  Validate during training and select the best model

(18)  Evaluate on the independent test set

(19) Evaluate performance using Accuracy, Precision, Recall, F1-score, and Cohen’s k
(20)  Output predicted lung cancer class labels

robustness. A schematic illustration of the balanced
batch construction process is shown in Fig. 2.

D. Proposed model Architecture

A lightweight residual CNN incorporating squeeze-and-
excitation attention is introduced for CT-based lung
cancer classification, and is termed LRSE-LCC. The
architectural overview of the LRSE-LCC model is
shown in Fig. 3. , and the step-by-step workflow of the
proposed method is described in Algorithm 1. The
model is designed to achieve an effective balance
between representational power and computational
efficiency by integrating residual learning and channel-
wise attention mechanisms within a compact CNN
framework. The model receives a CT lung image of
dimension 224 x 224 x 3 as input. Feature extraction
begins with a 3 x 3 convolutional layer comprising 32
filters, after which batch normalization and RelLU
activation are applied. This initial stage extracts low-
level structural patterns, such as edges and intensity
variations, while stabilizing the training process. Later,
the network consists of three consecutive Residual
Squeeze-and-Excitation blocks with 64, 128, and 256
filters, respectively. The progressive increase in filter
sizes follows standard CNN design principles, allowing
the network to capture increasingly complex and high-
level feature representations. These values were
empirically selected to achieve a balance between
classification  performance and computational
efficiency, thereby supporting the lightweight design of
the proposed model. In each Residual Squeeze-and-
Excitation block, there are two convolutional layers.
The initial convolutional operation is subsequently
normalized using batch normalization and activated

through a RelLU function. In contrast, the second
convolutional layer applies only batch normalization.
The extracted feature maps are passed through a
squeeze-and-excitation block, where channel weights
are dynamically refined based on inter-channel
correlations. The identity shortcut connection is applied
to facilitate the effective gradient flow and avoid
degradation in the deeper layers. When the number of
channels changes, a 1 x 1 convolution is applied along
the shortcut path to ensure dimensional consistency
before element-wise addition. Finally, a RelLU
activation function is applied to generate the block
output.

After the first and second Residual-SE blocks, 2 x 2
max-pooling layers are applied. It is used to
progressively reduce the spatial resolution while
preserving the discriminative features. This hierarchical
design allows our LRSE-LCC model to learn
increasingly abstract and semantically meaningful
representations relevant to lung lesion
characterization. After the final Residual-SE block,
GAP and GMP [41] layers are applied in parallel. The
feature vectors obtained from these two pooling
methods are concatenated to generate a combined
feature vector. While GAP operation gathers global
contextual information by taking the average of the
spatial feature responses, GMP is focused on the most
salient and discriminative feature activations in the
feature maps. Thus, by combining GAP and GMP, this
feature extraction mechanism is able to learn both
global contextual and local feature information, which
makes it more robust and discriminative compared to
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using either pooling method individually. This hybrid
pooling approach enhances the robustness of the
learned representation without incurring substantial
computational costs. The combined feature vector is
then fed into a fully connected layer with 128 neurons
and ReLU activation for high-level feature integration.
The final classification layer comprises a softmax-
activated dense layer with three outputs, representing
normal, benign, and malignant classes. Overall, the
proposed LRSE-LCC architecture combines residual
learning, squeeze-and-excitation attention, and hybrid
global pooling within a lightweight CNN design,
enabling effective and stable training while enhancing
discriminative feature learning for lung cancer
classification. It has a low parameter count of
approximately 1.29 million, making it computationally
efficient compared to conventional deep CNN
architectures. The lightweight nature of the proposed
architecture is achieved by limiting the number of
layers, using compact residual blocks, and
incorporating efficient attention mechanisms without
significantly increasing computational overhead.
E. Squeeze-and-Excitation Attention Mechanism
To improve the capability of the proposed LRSE-LCC
model, a squeeze-and-excitation attention module is
embedded within each residual block [38], as shown in
Fig. 4. The SE module improves feature representation
by adaptively adjusting channel importance based on
relationships among feature maps.
Let the input feature map to the SE module be
expressed as shown in Eq. (1) [38].

X € RHXWxC (1)
where H, W, and C represent the feature map height,
width, and channel dimension, respectively.

1) Squeeze operation

In order to create a channel descriptor, the squeeze
operation uses GAP to aggregate the spatial
information of each channel, as expressed in Eq. (2)
[38].

Z€eRC (2)
Each element of z is computed as shown in Eq. (3) [38].

Ze=——¥0, W X () c=12....C (3)
where Xc(i,j) denotes the activation at spatial location
(i,j) of the c-th channel. Global spatial information is
compressed into a small channel-wise representation
via this procedure.

2) Excitation operation

The excitation operation is defined as shown in Eq. (4)
[38]. It uses a gating mechanism made up of two fully
connected layers to simulate inter-channel
connections:

s =a(Wo8(W, z)), 4)

w, € R and w, € REXF are learnable weight
matrices of the excitation operation, where r denotes
the reduction ratio, which is set to 16 in this study. The
function 6 (.) denotes the ReLU activation function, and
o(.) represents the sigmoid activation function. The
value of r is commonly used as it provides a balance
between  computational  efficiency and the
effectiveness of channel-wise feature recalibration. A
smaller value of r increases computational cost,
whereas a larger value may reduce the ability of the
attention mechanism to capture channel
interdependencies. The output s € R¢ contains
normalized channel-wise attention coefficients.

3) Feature recalibration

Finally, the original feature maps are adaptively
recalibrated via channel-wise multiplication, as
expressed in Eq. (5) [38].

X. =s.* X, c=12,..,C (5)
where s, denotes the attention weight associated with
the c-th channel. This operation emphasizes
informative feature channels and suppresses less
relevant ones. The LRSE-LCC model is able to
selectively enhance diagnostically meaningful channel
responses, improve feature representation quality and
classification performance with minimal additional
computational cost by integrating this SE attention
mechanism into each residual block.

Table 1. Hyper-parameters settings of the
Proposed LRSE-LCC Model

Parameters Value
Image size 224 x 224 x 3
Batch size 12
Optimizer Adam
Learning rate 0.0001
Activation (output) Softmax
Epochs 50

Normalization Batch Normalization

Loss function Categorical Cross-Entropy

F. Training Configuration

The LRSE-LCC model is trained on the ‘“lQ-
OTH/NCCD?” lung CT dataset and is implemented using
TensorFlow and Keras. The preprocessing pipeline
resized all input CT images to 224 x 224 x 3 and
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Fig. 4. Structure of the squeeze-and-excitation attention module illustrating squeeze, excitation,

and channel-wise feature recalibration.

normalized them to the range [0, 1]. A custom balanced
batch generator mitigated class imbalance by ensuring
that each training batch contained equal numbers of
samples from the normal, benign, and malignant
classes. The training process used the Adam optimizer
with categorical cross-entropy loss and a learning rate
of 1 x 10™. The output layer employed SoftMax
activation for three-class classification. Training was
conducted for up to 50 epochs with a batch size of 12
for balanced training. Validation and testing were
performed using standard Keras data generators with
image rescaling. Table 1. provides a summary of the
proposed LRSE-LCC model's comprehensive
hyperparameter setup. Validation loss was monitored
with a patience parameter of 8 epochs, enabling early
stopping and restoration of the best-performing model
weights. In addition, model checkpointing was used to
save the network, achieving the highest validation
accuracy. Model performance was finally evaluated on
an independent test set using accuracy, classification
metrics, ROC-AUC, and Cohen’s kappa coefficient.

Table 2. Results of 5-Fold Cross-Validation for
the LRSE-LCC Mode

Metric Mean (%) Std (%)
Accuracy 98.70 0.59
Macro F1-score 97.73 0.85
Benign Recall 92.79 4.57
Malignant Recall 100.00 0.00
Normal Recall 98.62 1.29
Cohen’s Kappa 97.75 0.01

G. Cross- Validation Strategy

To ensure the robustness and stability of the proposed
LRSE-LCC model, a stratified 5-fold cross-validation
(CV) strategy [42] was performed on the training
dataset. The training data were partitioned into 5 equal
folds while preserving the class distribution across
benign, malignant, and normal categories. Four folds
were utilized for model training, and the remaining fold
was used for validation in each iteration. Each fold was
used as the validation set once, and this process was
done five times.

The model architecture, training configuration,
balanced batch generation strategy, and early stopping
criteria were kept consistent across all folds to ensure
a fair evaluation. Performance metrics, including
accuracy, macro-averaged F1-score, recall
(sensitivity), and Cohen’s kappa coefficient, were
computed for each fold. The mean * standard deviation
over the 5 folds was used to report the final cross-
validation performance. An independent test set was
not used during cross-validation and was reserved
exclusively for final performance evaluation.

lll. Result

To assess the robustness of the proposed LRSE-LCC
model, a stratified 5-fold cross-validation was
performed on the training dataset. The model achieved
a mean accuracy of 98.70% with a low standard
deviation of 0.59%, as shown in Table 2. The macro
F1-score was 97.73%, while Cohen’s kappa reached
97.75%, indicating excellent agreement between
predicted and true labels. The recall values for
malignant, normal, and benign cases were 100.00%,
98.62%, and 92.79%, respectively. The perfect recall
for malignant cases highlights the model's strong
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capability in detecting critical cancer cases, which is
essential for clinical applications. The slightly lower
recall for benign cases (92.79%) suggests minor
confusion between benign and early malignant
patterns, which is a known challenge in medical
imaging.

Several evaluation parameters were used to assess
the performance of the proposed LRSE-LCC model on
the "IQ-OTH/NCCD" lung cancer CT imaging dataset.
The accuracy curves of the training set and the
validation set are shown in Fig. 5 (a). The accuracy of
the training set rises rapidly and stabilizes, whereas the
accuracy of the validation set has a similar trend,
showing a stable learning curve and good
generalization ability. The accuracy of the LRSE-LCC

model on the training set, the validation set, and the
final test set was 100%, 98.28%, and 98.19%,
respectively. As shown in Fig. 5(b), the training and
validation curves have a smooth declining trend with
the increase of epoch numbers and remain steady at
low levels, indicating that the optimization of the
proposed architecture is efficient and there is no
phenomenon of overfitting. The classification report
indicates that the proposed model achieved high
precision (99.00%) and recall (100.00%) for malignant
cases, ensuring reliable detection of cancerous
samples. Normal cases also achieved strong
performance with recall values of 98.00%, while benign
cases showed slightly lower recall (89.00%), primarily
due to visual similarities between benign and malignant
nodules [31]. These results highlight the model’s strong
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Fig. 5. Performance curve of the proposed model (a) Training and validation accuracy, (b) Training
and validation loss, (c) ROC curves and AUC analysis.
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discriminative capability across all classes. Cohen’s
Kappa coefficient was used to assess agreement
between predicted and true labels. It achieved 96.88%,
indicating excellent agreement beyond random
chance. The receiver operating characteristic curves
shown in Fig. 5(c) indicate the strong discriminative
capability of the proposed LRSE-LCC model. Class-
wise AUC values were 99.80% (benign), 100.00%
(malignant), and 99.90% (normal), with a macro-
averaged AUC of 99.90%. These results indicate
excellent separability among the three categories.
Further analysis using the normalized confusion matrix
is shown in Fig. 6. The diagonal elements show that
89% of benign, 100% of malignant, and 98% of normal
cases are correctly classified, indicating high true
positive rates across all classes. The model achieves
perfect classification for malignant cases with no false
negatives, which is critical for clinical diagnosis. A small
proportion of benign cases (6%) are misclassified as
malignant, and normal, while 2% of normal cases are
misclassified as benign. These misclassifications are
primarily due to visual similarities between classes. The
overall distribution confirms that the model maintains
high classification accuracy with minimal error, as
reflected by the low error rate of 1.81%.

Normalized Confusion Matrix

True Label
Benign cases

Malignant cases
'

Normal cases
i

T
Malignant cases Normal cases

Predicted Label

T
Benign cases

Fig. 6. Normalized Confusion matrix.

IV. Discussion
A. Performance comparison with state-of-the-art
models

The performance of the proposed LRSE-LCC model is
compared with various state-of-the-art methods
published in the literature. These methods performed
lung cancer detection and classification using the “IQ-
OTH/NCCD” dataset. Table 3. summarizes this
comparison. The comparison was done using various

evaluation metrics, including accuracy, sensitivity,
specificity, precision, AUC, F1-score and error rate [43].
Among these published methods, some achieved
competitive model accuracy, including the UDCT model
(96.82%), MobileNetV2-SGRU (96.83%), and the
iISOA-based approach (96.58%). The proposed LRSE-
LCC model achieved the highest accuracy of 98.19%,
outperforming all comparative methods. The
lightweight nature of the proposed LRSE-LCC model is
supported by its low parameter count (~1.29 million). It
is significantly smaller than many commonly used deep
CNN architectures, which reduces computational
complexity and memory requirements. This compact
design makes the model particularly suitable for
deployment in resource-constrained environments.
Moreover, the model effectively learns discriminative
features from CT images while maintaining robust
generalization performance. This is also reflected in the
stable training and validation trends shown in Fig. 5(b).
Sensitivity is an important performance measure for
clinical screening tasks. The LRSE-LCC model
attained a sensitivity of 100.00%, performing better
than all other competing approaches. This result
indicates that no malignant samples were
misclassified, which is highly significant in clinical
settings. It ensures accurate identification of all cancer
cases, facilitating early diagnosis and treatment,
thereby improving patient outcomes and reducing the
risk of misdiagnosis. The classification report further
confirms the strong recall performance for malignant
cases. Certain approaches, namely UDCT and SVM-
Gabor-GLCM (Poly), attained a comparable sensitivity
of 97.50% and 97.14%, respectively. The proposed
LRSE-LCC model maintains a balance between
sensitivity, accuracy, and error rates. This is very
important for medical diagnosis tasks, where it is
necessary to minimize the number of missed cancer
cases while avoiding high false alarms.

Higher specificity always implies fewer false alarms,
which in turn avoids unnecessary follow-ups and
anxiety for patients. Certain approaches, namely UDCT
and DeepNodule-Detect, attained a comparable
specificity of 98.40% and 97.09%, respectively. Certain
approaches, such as CNN (Google Al Studio), attained
a significantly lower specificity of 76.40%, indicating
their poor validity for use in practical clinical settings.
The proposed LRSE-LCC model attained the highest
specificity of 99.04%, performing better than all other
competing approaches. The relatively low rate of false
positives (0.96%) may require additional follow-up
investigations and increase patient anxiety. However,
as illustrated in Fig. 6, the confusion matrix shows that
most predictions are correct, and the trade-off remains
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acceptable in clinical scenarios where missing
malignant cases is more critical. A detailed comparison
shown in TABLE 3. and Fig. 7. indicates that while
several existing models achieve competitive
performance in specific evaluation metrics, they often
exhibit trade-offs between accuracy, sensitivity, and
computational complexity. For example, the UDCT
model achieves slightly higher precision (98.70%) and
F1-score (98.24%) compared to the proposed LRSE-
LCC model. However, it has lower overall accuracy
(96.82%) and a higher error rate (3.18%). This
highlights a trade-off where improvements in certain
metrics may come at the cost of overall classification
performance. In contrast, the proposed LRSE-LCC
model achieves the highest accuracy (98.19%) along
with perfect sensitivity (100.00%), ensuring that no
malignant cases are misclassified. This is particularly
important in clinical diagnosis, where missing cancer
cases can have serious consequences. Additionally,
the model maintains high specificity (99.04%) and a low
error rate (1.81%), demonstrating balanced, reliable

performance across all evaluation  metrics.
Furthermore, unlike many deep CNN-based
approaches, the proposed model maintains a

lightweight architecture with approximately 1.29 million
parameters, significantly reducing computational
complexity. This makes it more suitable for deployment
in real-world clinical environments where
computational resources may be limited. Overall, the
proposed LRSE-LCC model provides a better balance

between accuracy, sensitivity, and efficiency compared
to existing methods. The proposed LRSE-LCC model
achieved an AUC of 99.90%, surpassing all
comparative methods. Some of the comparative
methods, including MobileNetV2-SGRU and CNN-
based approaches, such as Google Al Studio, achieved
(95.82%) and (82.40%). Several comparative methods
did not report AUC values, which Ilimits a
comprehensive evaluation of class separability across
different approaches. In contrast, the proposed LRSE-
LCC model reports high AUC values for all classes,
demonstrating its strong discriminative capability.
Furthermore, the Cohen’s kappa coefficient of 96.88%
indicates almost perfect agreement between predicted
and true class labels beyond chance, highlighting the
robustness and reliability of the proposed LRSE-LCC
model.

Overall, the comparative analysis shows that certain
methods perform well on specific parameters, but the
proposed LRSE-LCC framework achieves superior or
competitive performance across all key evaluation
parameters. The proposed method is more suitable for
reliable lung cancer classification systems due to its
ability to optimize all the parameters of evaluation
simultaneously. Although statistical significance testing
was not performed, consistent performance across 5-
fold cross-validation, with a low standard deviation,
indicates stable and reliable model behavior. A detailed
statistical comparison will be considered in future work.

B. Limitations

Table 3. Performance Comparison of the Proposed LRSE-LCC Model and State-of-the-Art Methods
Evaluation Parameters (%)
Methods Accuracy | Precision Sensitivity Specificity | F1- AUC | Error
Score

LRSE-LCC (Proposed) 98.19 97.00 100.00 99.04 96.42 | 99.90 | 1.81
UDCT [20] 96.82 98.70 97.50 98.40 98.24 - 3.18
iISOA Algorithm [15] 96.58 84.16 95.38 94.08 91.53 - 3.42
MobileNetV2-SGRU [23] 96.83 96.78 96.83 - 96.78 | 95.82 | 3.17

oy e . 9260 | 90.10 . . . .
CNN (Google Al Studio) [27] 75.50 - 74.50 76.40 - 82.40 | 24.50
DeepNodule-Detect [46] 95.43 - 93.40 97.09 - - 4.57
CNN with AlexNet [26] 93.55 97.10 95.71 95.00 96.40 - 6.45
GoogLeNet TL [24] 94.38 - 95.08 93.70 - - 5.62
SVM-Gabor-GLCM (Poly) [28] 89.89 98.55 97.14 97.50 97.84 - 10.11
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Despite the excellent performance that has been
achieved by the proposed LRSE-LCC framework, there
are some limitations that should be pointed out. The
study focuses on image-level classification and does
not consider lesion-level localization, which could
further improve the interpretability of the results.
Though the framework has promising discriminative
ability, the study can be further extended to consider
the integration of explainable Al, as the importance of
explainable deep learning frameworks in lung cancer
detection from CT scans has been demonstrated in

recent studies [44]. The integration of interpretable
artificial intelligence in radiology is increasingly
recognized as essential for enhancing clinical trust and
adoption [45]. Furthermore, the “IQ-OTH/NCCD”
dataset may have some inherent limitations in terms of
demographic distribution and imaging conditions. It
may have variations in scanner types and acquisition
protocols. Such factors may impact the generalization
capability of the proposed model in other clinical
environments.
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Fig. 7. Graphical comparison of the proposed LRSE-LCC model and state-of-the-art methods

V. Conclusion

This study introduced LRSE-LCC, a lightweight deep
learning framework for lung cancer classification from
CT images. The architecture combines residual
connections with Squeeze-and-Excitation attention to
enhance channel-wise feature learning while
maintaining computational efficiency. Preprocessing,
balanced batch training, and residual SE-based feature
extraction contribute to stable training and improved
generalization. In addition, the use of dual global pooling
strengthens global contextual representation prior to
classification. Experimental evaluation on the 1Q-
OTH/NCCD dataset demonstrates that LRSE-LCC
achieves strong performance with a low error rate.
Specifically, the model achieved accuracies of 100%,
98.28%, and 98.19% on the training, validation, and
testing sets, respectively, with an overall error rate of
1.81%. The model also attained a macro-average
precision of 97.00%, recall of 96.00%, and F1-score of
96.00%, while the weighted F1-score reached 98.00%.

The Cohen’s Kappa coefficient of 96.88% further
confirms the robustness and reliability of the proposed
approach. The model effectively captures discriminative
imaging features while preserving a compact structure
compared to conventional deep architectures. Overall,
LRSE-LCC provides an efficient and reliable solution for
automated lung cancer classification. Its lightweight
design supports practical integration into computer-
aided diagnostic systems. Future work will focus on
extending the proposed framework to lesion-level
analysis for precise localization of lung nodules, as well
as incorporating explainable Al techniques (e.g., Grad-
CAM) to enhance model interpretability. These
directions aim to address the current limitations and
improve clinical applicability in real-world diagnostic
settings.
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