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Abstract
Lung cancer is a leading cause of cancer-related mortality due to delayed diagnosis 
and limitations of conventional screening methods. This study presents an artificial 
neural network-based computer-aided diagnosis system for automated lung 
cancer detection using computed tomography scans. The proposed methodology 
integrates advanced digital image processing techniques with machine learning-
based classification to improve diagnostic accuracy and reliability. The framework 
consists of multiple stages. Initially, computed tomography images are preprocessed 
using a two-dimensional median filter to suppress noise while preserving structural 
boundaries. Morphological operations and contrast enhancement techniques are 
applied, followed by adaptive thresholding to segment lung regions. A seeded 
region growing technique is then employed to identify suspicious regions and 
extract relevant image segments. From these segments, 25 texture features are 
computed using the gray level co-occurrence matrix, capturing statistical properties 
such as contrast, correlation, entropy, homogeneity, and energy. Two artificial neural 
network classifiers, namely the back propagation neural network and the radial basis 
function neural network, are trained using these features. A dataset of 500 computed 
tomography images, including both cancerous and non-cancerous cases, is used for 
performance evaluation. Experimental results demonstrate that both models achieve 
high classification accuracy, sensitivity, and specificity, while the radial basis function 
neural network consistently outperforms the back propagation neural network, 
achieving a maximum accuracy of 94%. These findings highlight the effectiveness of 
the proposed system as a reliable, non-invasive, and computationally efficient tool 
for early lung cancer detection, with potential applicability to other medical imaging 
domains.
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1. Introduction
Lung cancer is a global health issue, causing the death of 1.8 million people annually 
(World Health Organization, 2026). Although lung cancer treatment has improved, 
survival is still poor, seldom surpassing five years. Given that early-stage lung cancer 
includes low-grade, broad, or non-specific symptoms that delay clinical treatment, 
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late identification is a major risk. Improving survival, 
treatment planning, and mortality requires rapid and 
effective detection. Low-dose computed tomography 
(LDCT) is used for early lung cancer screening because it is 
more sensitive than chest radiography (Verma et al., 2025). 
LDCT can detect small pulmonary nodules, but its high 
false-positive rate causes unnecessary follow-up therapies, 
intrusive biopsies, higher healthcare expenditures, and 
emotional anguish  (Mathew et al., 2025). Smoking history, 
genetics, work-related exposures, and environmental 
factors are ignored in current screening guidelines. This 
slows screening and strains healthcare systems (Y. Liu et 
al., 2024). Artificial intelligence (AI) is revolutionary and 
can improve diagnostics. Using sophisticated computer 
models and data-driven learning, AI-based systems can 
interpret complex, high-dimensional medical data more 
effectively than humans. Radiomics and AI-based machine 
learning can detect trends in LDCT images that radiologists 
miss. With novel non-invasive diagnostic methods such 
as liquid biopsy (specifically circulating tumor DNA and 
exosomal RNA testing) and clinical data (demographic, 
lifestyle, and comorbidity), AI can assist with more 
personalized and comprehensive diagnostics (Alakwaa et 
al., 2017). Most AI technologies are black boxes, making 
management difficult and leading clinicians to distrust 
them. Many models trained on heterogeneous patient 
populations are trained on homogeneous or institution-
specific data, leading to bias, fairness, and generalizability 
issues. Risk profile-adaptive screening treatments that 
improve screening schedules and diagnostic cut points are 
similarly understudied (Anthimopoulos et al., 2016). AI 
improvements and increasing access to high-resolution CT 
imaging have increased lung cancer diagnosis. CT images 
show lung structures in cross-section, allowing detection of 
small nodules and early disease changes (Ardila et al., 2019). 
The rising amount and complexity of CT data load increase 
radiologists’ cognitive and operational stress, making 
manual interpretation time-consuming and variable. This 
has boosted the use of computer-aided diagnosis (CAD) 
systems to help clinicians improve diagnostic precision, 
consistency, and efficiency (Bhandary et al., 2020).

The contemporary CAD systems reduce noise, enhance 
contrast, and transform the structure of medical images 
through digital image processing. Preprocessing and 
partitioning of lung and suspected tumor regions should 
be performed properly, as these regions are designated as 
regions of interest for later analysis (Chen et al., 2025). 
Spatial continuity and intensity uniformity methods of 
regional segmentation have distinguished the aberrant 
tissue of lung CT very well. The machine learning models 
require feature extraction after segmentation to transform 
visual input into discriminative numerical information. 

Medical imaging relies on texture as an indicator of the 
spatial interactions and heterogeneity of malignant tissue 
(Chen et al., 2025). The old statistical texture analysis 
method, the gray level co-occurrence matrix (GLCM), 
extracts properties such as contrast, correlation, entropy, 
homogeneity, and energy, which have been widely studied 
in cancer detection. Pattern recognition, nonlinear 
classification, and decision-making are enhanced by 
brain-inspired artificial neural networks (ANNs) (Duan 
et al., 2025). They are particularly well-suited for medical 
diagnostics, as they can identify complex connections in 
high-dimensional, noisy data. Back propagation neural 
networks (BPNNs) and radial basis function neural 
networks (RBFNNs) are popular ANN architectures 
because they complement one another in terms of 
supervised learning, convergence, and generalization 
(Y. Wang et al., 2026). For these reasons, recent studies 
have developed an ANN-based CAD system to identify 
lung cancer in CT images  (Rajagopalan & Babu, 2020). 
Image preprocessing, region-based segmentation, GLCM 
texture feature selection, and ANN-based classification are 
used to differentiate malignant from non-cancerous lung 
images. BPNN and RBFNN classifiers are compared in 
terms of accuracy, sensitivity, specificity, and correctness 
with clinical CT data (Gao et al., 2024). Our objective is to 
develop a dependable, non-invasive, and computationally 
efficient diagnostic model to help radiologists identify lung 
cancer early and apply the model to other malignancies, 
imaging methods, and enhanced learning methods in 
future research (Hendrix et al., 2023).

1.1. Problem statement

The current methods of lung cancer diagnosis using 
CT have several limitations. High-resolution CT 
scans are difficult to interpret manually because they 
require substantial time, are cognitively taxing, and are 
prone to subjectivity. Although methods that use deep 
learning have demonstrated promising performance, 
in many cases, they require large-scale annotated 
datasets, substantial computational resources, and are 
not transparent in their decision-making process. By 
contrast, most classical machine learning methods either 
rely on poor feature representations or fail to adequately 
assess clinically meaningful performance metrics, such 
as sensitivity and specificity. Moreover, comparisons of 
various ANN structures are underrepresented within a 
single experimental design. These loopholes encourage 
the development of a powerful, understandable, and 
computationally effective CAD mechanism for detecting 
lung cancer.
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1.2. Motivation of the study

This work was motivated by a clinical need for a non-
invasive, reliable, and scalable diagnostic instrument to 
detect early lung cancer using readily available CT imaging. 
Texture heterogeneity is a well-known predictor of harmful 
tissue development, and quantitative statistics of texture 
descriptors can provide meaningful quantitative images 
of these changes. Since ANNs can estimate nonlinear 
relationships among features in high-dimensional feature 
spaces, they are well-suited for medical image classification. 
The combination of efficient image preprocessing, region-
based segmentation, handcrafted texture features, and 
ANN-based classification can be exploited to develop 
a CAD framework that balances diagnostic accuracy, 
interpretability, and calculability and can be adapted to the 
real-world clinical environment.

1.3. Novelty of the work

The proposed study is new in its methodical and comparative 
ANN-based CAD framework that combines classical 
image processing with discriminative texture analysis and 
neural network classification. In contrast to end-to-end 
deep learning models, the presented model focuses on 
controlled feature extraction using GLCM descriptors, 
enabling a more comprehensive interpretation of texture-
based patterns of malignancy. Additionally, this study 
provides a fair and comprehensive comparison between 
BPNN and RBFNN under the same preprocessing, feature 
extraction, and evaluation conditions. The framework 
is tested on multi-institutional clinical CT data, and 
performance is measured using clinically relevant metrics, 
thereby boosting its translational applicability.

1.4. Key contributions

While previous studies have explored combinations of 
image preprocessing, texture feature extraction, and neural 
network-based classification, the primary limitations are 
insufficient experimental rigor, limited reproducibility, 
and limited interpretability. This work addresses these gaps 
by focusing on (i) a reproducible radiomics pipeline with 
clearly defined acquisition and preprocessing steps, (ii) 
rigorous evaluation using patient-level data partitioning to 
avoid data leakage, and (iii) incorporation of explainable 
AI techniques to interpret model predictions. Thus, the 
contribution of this study lies not in proposing a new 
algorithmic paradigm but in providing a robust, transparent, 
and clinically interpretable framework for lung cancer 
detection. Although deep learning-based approaches 
such as convolutional neural networks (CNNs) (Aslan, 
2025) and three-dimensional CNNs have demonstrated 
high performance, their reliance on large datasets and 
computational complexity motivates the exploration of 

lightweight, interpretable alternatives. To enhance model 
transparency and clinical trust, explainable AI techniques 
are incorporated to interpret the contribution of texture 
features toward classification decisions.

The most important works of this work could be 
summed up as follows:

(i)	 Creation of a robust CAD system to detect lung cancer 
through CT images by incorporating preprocessing, 
segmentation, texture features mining, and ANN 
classification.

(ii)	 Application of an effective region-of-interest (ROI) 
extraction plan with seeded region growing to 
precisely localize suspicious lung regions.

(iii)	Selection of 25 discriminative GLCM-based texture 
features to represent the spatial and statistical 
heterogeneity of lung tissues.

(iv)	 Comparative analysis of BPNN and RBFNN classifiers 
on a common experimental protocol, with their 
strengths and weaknesses in diagnosis.

(v)	 Widespread performance evaluation based on 
accuracy, sensitivity, specificity, correctness, and 
quality ratio on a clinically verified dataset of 500 CT 
images.

2. Literature review
Early and correct diagnosis of cancer of the lungs is a known 
research topic because of its impact on patient survival and 
prognosis (Hussein et al., 2017). With increased access 
to medical imaging data and computational resources, 
automated diagnostic systems could improve radiological 
examinations and reduce diagnostic variability (Gaikwad 
et al., 2026). The literature on lung cancer detection can 
be divided into three categories: image-processing-
based, machine learning-based, and hybrid CAD systems 
(Jeyakumar et al., 2026).  An automated lung cancer 
diagnosis used classical image processing techniques to 
improve CT scans to identify suspicious nodules in the 
lungs  (Armato et al., 2001). Median filtering, histogram 
equalization, and morphological processes were also 
notable preprocessing techniques for reducing noise 
and enhancing image contrast (Thanoon et al., 2023). 
Thresholding, region growth, and edge-based techniques 
were used to segment lung regions and potential nodules  
(Zheng & Lei, 2018). These methods have been successful 
in controlled scenarios but have failed in most situations 
due to imaging artifacts, parameter selection, and inter-
patient variation (Jiang et al., 2018).

Scientists applied machine learning algorithms to 
categorize them, outperforming rule-based techniques. 
They mainly used feature-based techniques, with 
handcrafted features in dotted areas, to learn classifiers  
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(Pehrson et al., 2019). They are important because texture-
based features can model the heterogeneity associated 
with the development of malignant tissue. The statistical 
texture measures, which were common and promising for 
differentiating benign and malignant lung tissues, were the 
GLCM-based measures of contrast, correlation, entropy, 
and homogeneity (H. Wu et al., 2013).  One of the oldest 
and most effective machine learning models for classifying 
lung cancer is the ANN. They can model nonlinear 
associations and learn complex patterns from data, 
making them well-suited for medical image processing. 
Many studies employed feed-forward neural networks 
and BPNNs using the texture, shape, and intensity of CT 
images  (X. Wang et al., 2019). These models were found to 
perform better than earlier statistical classifiers, but their 
slow rates of convergence, sensitivity to initial weights, and 
tendency to overfit rendered them inapplicable for small 
datasets (Abiyev & Ma’aitah, 2018).

Radial basis function neural networks were subsequently 
studied as an alternative ANN architecture to correct the 
shortfalls of BPNNs. RBFNNs use localized activation 
functions, which train them faster and generalize to 
complex decision boundaries (Yang et al., 2022). RBFNNs 
are superior and more sensitive at detecting lung cancer 
than BPNNs, particularly when the features are nonlinearly 
separable. Studies highlighted the need to select the 
appropriate ANN design based on the data type and the 
depth of categorization  (Selvakumari & Deepa, 2016).  
As with ANN-based classifiers,  X. Wang et al. (2019) 
tested k-nearest neighbors, support vector machines, and 
decision trees. Support vector machines performed well in 
high-dimensional feature spaces, but kernel and parameter 
tuning were especially important. Such classifiers lacked 
the adaptive learning ability of neural networks; hence, 
they were unable to adapt to diverse clinical data. ANN-
based models were popular because of their versatility and 
power (J. Liu et al., 2024; Ma et al., 2025). 

Hybrid CAD systems that combine digital image 
processing with handcrafted feature extraction and ANN-
based classification continue to trade off performance, 
interpretability, and computational efficiency. These 
systems, unlike end-to-end deep learning models, can 
actively control feature selection, simplify training, 
and provide deeper insight into the decision-making 
process. Despite the achievements, there are gaps in these 
models (Bairagi et al., 2026). The use of homogeneous 
or institution-specific data is common in the literature, 
which limits its applicability to other populations. 
Additionally, comparisons of ANN architectures under 
similar experimental conditions have received inadequate 
attention. The concept of performance appraisals is often 

centered on precision rather than on sensitivity, specificity, 
and accuracy, which are clinically relevant.  The current 
research is based on a structured ANN-based CAD 
system with robust image preprocessing, region-based 
segmentation, GLCM-based texture features extraction, 
and BPNN and RBFNN classifiers. The proposed approach 
would apply clinically derived CT images to performance 
assessment, using features and systematic approaches to 
enable reliable, interpretable, and efficient real-world lung 
cancer diagnosis (Messay et al., 2010). Table 1 presents 
an organized overview of prior studies, highlighting their 
methodologies, key findings, and the gaps that underpin 
the current work.

3. Methodology

3.1. Proposed framework

The CAD system is based on preprocessed CT images, 
ROI-localized regions, extracted texture features, and 
finally recognized by an ANN. Figure 1 demonstrates 
a powerful, scalable, extensible, modular pipeline 
paradigm that optimizes all the steps without altering 
the workflow. Clinical lung CT images were obtained via 
supervised learning and classified as malignant or non-
cancerous. The images were then received by the system. 
Pulmonary components were disaggregated, and images 
were preprocessed to enhance quality and facilitate their 
analysis. A two-dimensional median filter removed 
sporadic noise while preserving edge data. Images were 
enhanced to be contrasty and vibrant, emphasizing the 
issue. Using erosion and dilatation, fine structures and 
structural boundaries were sharpened. Finally, methods 
based on thresholding segmented the lungs to differentiate 
anatomically significant parts, which were further analyzed. 
ROI extraction was used to detect worrisome tumor areas 
after preprocessing. The localization of abnormal tissue 
patches was performed using seeded region growth based 
on spatial connectivity and pixel intensity similarity. 
This aided in detecting candidate tumor locations and 
reduced interference from normal tissue. The GLCM 
was used to extract texture features of the extracted 
ROIs. The GLCM yielded the second-order statistical 
texture, which displays the intensities of spatial pixels. The 
heterogeneity of malignant tissues was characterized using 
25 discriminative textural features, including contrast, 
correlation, entropy, homogeneity, and dissimilarity. These 
features provided a compact representation for tissue 
classification. ANN models were subsequently evaluated 
for classification performance. The BPNN differs from 
the RBFNN in its learning approach: BPNN employs 
supervised learning with gradient-based optimization 
to minimize classification error through iterative weight 
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Table 1. Comprehensive comparison of existing studies

Study Dataset/
setting Task Method Core model/features Reported metric 

(High level) Limitations/gaps

Hendrix et 
al. (2023) 

Clinically 
indicated CT

Benign vs. malignant 
nodule detection/
diagnosis

Deep 
learning

AI system for nodule 
detection + diagnosis

High diagnostic 
performance in 
clinical CT

Requires careful 
external validation; 
workflow + calibration 
issues

Saied et al. 
(2023) 

CT nodule 
datasets

Nodule malignancy 
classification

Radiomics/
ML

Radiomics-based feature 
engineering + ML

Competitive 
performance reported

Feature stability 
and multi-center 
generalization remain 
challenging

Gao et al. 
(2024) 

CT nodule 
benchmarks

Nodule detection 
& segmentation 
comparison

Deep 
learning

Comparative evaluation 
of DL detection/
segmentation

Highlights 
methodological bias; 
performance varies 
by setup

Lack of standardized 
evaluation across 
studies

J. Liu et al. 
(2024) 

Synthetic 
LDCT + 
radiomics

Nodule malignancy 
classification

Radiomics/
ML

Radiomics model trained 
with synthetic LDCT

Feasibility shown; 
improved robustness 
claimed

Synthetic-to-real 
domain shift needs 
deeper validation

C. Wang et 
al. (2024) CT nodules Reliable + explainable 

nodule diagnosis
Explainable 
AI/CAD

Reliability- and 
explainability-oriented 
modeling

Improved 
trustworthiness focus

Explainability may 
trade off with accuracy; 
clinical validation is 
needed

Duan et al. 
(2025) LDCT Early lung cancer 

detection
Deep 
learning

Hybrid DL with 
3D segmentation + 
classification blocks

Strong early-detection 
performance reported

Annotation burden; 
compute + deployment 
complexity

Yang et al. 
(2022) 

LDCT 
(alternative 
training set)

Label-free risk 
prediction

Deep 
learning

Parenchyma-driven DL 
risk model

Effective risk 
prediction without 
large nodules

Clinical acceptance 
requires calibration, 
thresholds, and 
prospective studies

Ma et al. 
(2025) 

Review 
(clinical CAD 
synthesis)

CAD progress + 
bedside integration Review

Multimodal fusion, 
interpretability, privacy-
preserving learning

Summarizes AUC/
FP-scan ranges across 
systems

Points to translation 
gaps: fairness, 
generalization, 
interpretability

Javed et al. 
(2024) 

Review 
(2015–2024)

DL-based lung cancer 
detection/classification Review CNN-focused DL 

synthesis
Broad evidence 
consolidation

Notes heterogeneity 
of datasets/metrics; 
limited clinical 
validation

Abdullahi et 
al. (2025) 

Systematic 
review 
(PRISMA)

DL for lung cancer 
via CT Review 1,448-article synthesis; 

clinical implications
Consolidates trends + 
challenges

Emphasizes 
generalizability, 
data variability, and 
integration barriers

Proposed 
work

500 CT 
images 
(multi-
institute, 
India)

Malignant vs. 
non-cancerous 
classification

Hybrid 
CAD + 
ANN

Median filtering 
+ morphology + 
thresholding + SRG ROI 
+ 25 GLCM features + 
BPNN vs RBFNN

RBFNN is superior 
in the overall 
experiments

Future: external multi-
center validation, 
explainable AI layer, 
broader radiomics 
feature sets

Abbreviations: 3D: Three-dimensional; AI: Artificial intelligence; ANN: Artificial neural network; BPNN: Back propagation neural network; CAD: 
Computer-aided diagnosis; CNN: Convolutional neural network; CT: Computed tomography; DL: Deep learning; GLCM: Gray level co-occurrence 
matrix; LDCT: Low-dose computer tomography; ML: Machine learning; RBFNNs: Radial basis function neural networks; ROI: Region-of-interest. 
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adjustment, whereas RBFNN uses localized radial basis 
activation functions, enabling faster convergence and 
improved modeling. Classifiers were used to classify lung 
images as malignant or non-malignant. The analytics of 
the proposed framework rely on clinically meaningful 
measures to define true positives, true negatives, false 
positives, and false negatives. Diagnostic reliability and 
clinical usefulness are important measures of assessment 
based on accuracy, sensitivity, and specificity.

Figure 1. Proposed ANN-based computer-aided diagnosis framework 
for lung cancer detection using computed tomography (CT) images
Abbreviations: ANN: Artificial neural network; GLCM: Gray level 
co-occurrence matrix; ROI: Region-of-interest. 

3.2. Dataset description

An experimental analysis of 500 lung CT scans from 
various clinical origins was conducted to achieve diversity 

and realism. The sample contains supervised classification 
(malignant and non-cancerous cases). A total of 300 CT 
images from PGI Chandigarh, India, comprising 120 
malignant and 180 non-cancerous samples, and 200 
CT images from the medical college in Srinagar, India, 
consisting of 155 carcinogenic and 45 non-cancerous 
samples, were included. The sample comprised 275 
cancerous and 225 benign CT scans. All pictures were 
assessed and classified clinically to train and evaluate. To 
ensure a realistic and unbiased evaluation of the proposed 
model, the dataset was partitioned at the patient level 
rather than at the image level. All CT images from a single 
patient were grouped and assigned exclusively to either the 
training or the testing subset. This prevents any overlap 
of patient-specific characteristics between training and 
testing data. Such a patient-wise splitting strategy is critical 
in medical imaging studies, as image-level splitting can 
lead to data leakage, where images from the same patient 
appear in both the training and test sets (Ashames et al., 
2024). This can artificially inflate performance metrics by 
causing the model to learn patient-specific patterns rather 
than generalizable disease characteristics. By enforcing 
strict patient-level separation, the proposed framework 
ensures that the reported performance reflects true 
generalization capability on unseen patients. The dataset 
was split using a stratified hold-out approach, with 80% of 
patients allocated to the training set and 20% to the test set. 
This strategy preserves class distribution while preventing 
information leakage that could otherwise artificially 
inflate performance. In addition, five-fold cross-validation 
was performed on the training set to optimize model 
parameters and assess robustness. This approach ensures 
reliable generalization and prevents overfitting.

To ensure reproducibility and consistency of radiomic 
feature extraction, detailed CT acquisition parameters were 
considered. The dataset consists of 500 lung CT images 
collected from two Indian hospitals under standardized 
clinical protocols. The CT scans were acquired using 
multi-detector CT systems with the following parameters: 
slice thickness ranging from 1 mm to 2.5 mm, tube voltage 
of 120 kVp, and tube current ranging from 100–250 mA, 
depending on patient-specific adjustments. Images were 
reconstructed using a standard lung kernel to preserve 
high-frequency texture details, which are essential for 
radiomic analysis. The in-plane resolution was maintained 
at 0.5–0.8 mm, and all images were stored in DICOM 
format with 12- or 16-bit grayscale depth. Prior to feature 
extraction, images were resampled to a uniform spatial 
resolution to minimize inter-scanner variability. These 
acquisition and reconstruction parameters are critical 
as GLCM-based texture features are highly sensitive to 
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spatial resolution, noise characteristics, and reconstruction 
algorithms, as shown in Table 2.

Table 2. Computed tomography acquisition parameters

Parameter Value

Modality Multi-detector computed tomography

Slice thickness 1–2.5 mm

Tube voltage 120 kVp

Tube current 100–250 mA

Reconstruction kernel Standard lung kernel

In-plane resolution 0.5–0.8 mm

Image format DICOM

Bit depth 12–16 bit

3.3. Training and testing strategy

The dataset, consisting of 500 CT images, was divided 
into training and testing subsets using a stratified hold-
out validation strategy at the patient level to preserve class 
distribution across malignant and non-cancerous cases. 
Specifically, all images for a given patient were assigned 
exclusively to either the training or the testing set, ensuring 
no patient overlap between the sets. Specifically, 80% of 
the data (400 images) was used for training, while the 
remaining 20% (100 images) was reserved for independent 
testing.

To ensure robustness and reduce bias from random 
partitioning, a five-fold cross-validation procedure was 
also performed on the training set. In this approach, the 
training data was partitioned into five equal subsets, with 
four used for model training and one for validation in each 
iteration. The process was repeated five times, such that 
each subset served as validation exactly once. The final 
model performance was computed by averaging the results 
across all folds. This combined strategy of hold-out testing 
and cross-validation ensures reliable estimation of model 
generalization performance while minimizing variance in 
evaluation. During cross-validation, patient-wise grouping 
was maintained to ensure that images from the same 
patient did not appear in both training and validation folds 
within any iteration.

3.4. Preprocessing configuration

To ensure the integrity of the experimental evaluation, 
special care was taken to avoid data leakage during model 
development. Data leakage occurs when information from 
the test set is unintentionally used during training, leading 
to overly optimistic performance estimates. In the present 

research, the data were split before any preprocessing or 
feature extraction. Separation at the patient level was also 
rigorously enforced to ensure that no subject-specific 
imaging properties overlapped across the training, 
validation, and test sets, thereby removing a significant 
source of data leakage in medical imaging research. 
Filtering, segmentation, region-of-interest extraction, and 
GLCM feature computation were conducted separately on 
the training and testing sets. This is to ensure that the test set 
did not contain any information that affected the training 
process. Moreover, feature extraction and model training 
were performed within each fold during cross-validation, 
thereby avoiding cross-fold leakage. There was no overlap 
of samples in the training, validation, and testing subsets. 
Such precautions ensure that the reported performance 
measures reflect the true generalization ability of the 
proposed framework and are not influenced by accidental 
information leakage. All CT images were resampled to a 
uniform voxel spacing, and intensity standardization was 
applied to ensure consistency across images acquired 
with different scanners. This preprocessing step reduces 
the variability introduced by acquisition parameters and 
enhances the robustness of texture feature extraction.

The use of a standardized preprocessing pipeline 
enhances the quality of pictures and the extraction of 
features from all CT images prior to analysis. The impulse 
noise was suppressed with a two-dimensional median filter, 
and the edge information required in lesion diagnosis was 
retained. Image augmentation enhances the distribution 
of contrast and intensity, improving the visualization 
of tumor regions. Morphological interventions, such 
as erosion and dilation, removed smaller artefacts and 
polished the lung structure. Lastly, the lung segmentation 
method based on thresholding isolated the pulmonary and 
restricted processing to anatomically important regions. 
The preprocessing of CT images is represented in Figure 2.

3.5. Region-of-interest extraction and feature 
computation

After preprocessing, suspected tumor regions were 
localized. This enabled high-accuracy ROI extraction by 
leveraging spatial connectivity and similar pixel intensities 
to detect aberrant tissue areas. The GLCM is an extraction 
method that obtains ROI-based texture information. The 
25 GLCM texture features capture second-order statistical 
properties of pixel intensity distributions. These compact 
and discriminative features were used to classify tissue 
heterogeneity using classification input vectors related 
to malignant development. Figure 3 shows the region of 
interest in CT images.
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The 25 GLCM-based texture features were selected for 
their ability to fully describe the second-order statistical 
properties of pixel intensity distributions, which are 
important for characterizing tissue heterogeneity in lung 
cancer. These characteristics include contrast, homogeneity, 
entropy, correlation, and energy measures, and each is 
indicative of different spatial relationships in the image. The 
selected features are informed by the available radiomics 
literature, which indicates that GLCM descriptors exhibit 
high discriminative power in distinguishing malignant 
from benign tissues. A sufficiently rich set of features 
was used to retain significant structural information 
without excessive sparsity. This choice ensures that all 
local intensity variations and global texture patterns are 
well represented in the classification procedure. GLCM 
values were calculated for four directional offsets (0°, 
45°, 90°, and 135°) to capture spatial texture variations at 
different orientations. A pixel distance of 1 was used for 

constructing the co-occurrence matrix. GLCM matrices 
were created, and the texture features were computed in 
each direction. To ensure rotational invariance, the end-
feature values were calculated as the average over all 
directions. The GLCM was computed on quantized gray 
levels to a fixed number of levels to mitigate sensitivity to 
noise and complexity. This uniform method ensures the 
extraction of consistent and reliable texture features.

3.5.1. Feature correlation and redundancy analysis

To evaluate redundancy among the extracted GLCM 
features, a Pearson’s correlation analysis was performed. 
To measure pairwise relationships between the features, 
a correlation matrix was created. Features with high 
correlation (correlation coefficient > 0.9) can introduce 
redundancy into the model and reduce its generalization. 
The analysis showed that although some features showed 
moderate correlation, most provided complementary 

Figure 2. Preprocessing of the computed tomography images

A

Figure 3. Region-of-interest of computed tomography images. (A) A malignant lung computed tomography (CT) image showing a cancerous region. (B) 
A non-cancerous lung CT image with no malignant region detected.

B
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information; hence, they were included in the feature set. 
This analysis ensures that the chosen features provide 
varied, non-overlapping information for classification. 
Besides correlation analysis, the feature importance was 
estimated by permutation importance. This algorithm 
quantifies the effect of randomly shuffling a feature’s 
values on model performance, thereby approximating 
the contribution of each value to the classification task. 
The analysis has established that contrast, entropy, and 
homogeneity are very important for differentiating 
malignant and non-cancerous tissues. These characteristics 
are in line with established radiological features of tumor 
heterogeneity. The feature importance analysis was also 
introduced, making the offered model more interpretable 
and providing insight into the most appropriate texture 
descriptors.

3.5.2 Explainability analysis using local interpretable 
model-agnostic explanations and Shapley additive 
explanations

To enhance the interpretability of the proposed diagnostic 
framework, explainable artificial intelligence methods 
were included to examine the role of a single feature in 
model predictions. The local interpretable model-agnostic 
explanations (LIME) approach was used to provide 
instance-level explanations by locally approximating 
the model with an interpretable surrogate (Ribeiro et 
al., 2016). This approach emphasizes the most powerful 
characteristics that determine which input sample leads 
to a given classification. Moreover, Shapley additive 
explanations (SHAP) were used to measure feature 
importance globally using the cooperative game theory 
(Muhammad & Bendechache, 2024). SHAP values are 
a single measure of feature contribution that quantifies 
each feature’s marginal contribution to the model output. 
These methods of explainability allow both local and 
global model interpretation, enhancing transparency and 
facilitating clinical decision-making.

3.6. Artificial neural network model implementation

For comparison, the BPNN and RBFNN were applied. 
BPNN supervised gradient-based learning adjusts 
network weights to minimize classification error. Radial 
basis activation functions accelerate convergence and 
enhance generalization in an RBFNN with nonlinear class 
boundaries. The two models were trained using feature 
vectors extracted from the GLCM and class labels. The 
two classifiers used identical data partitioning and feature 
selection to ensure a fair comparison.

3.6.1. Back propagation neural network configuration

The BPNN was used as a fully connected feedforward 

neural network. The input layer consisted of 25 neurons 
representing the extracted GLCM features. The 
network contained a single hidden layer of 15 neurons, 
chosen empirically to balance model complexity and 
generalization. The hidden layer used a sigmoid activation 
function for nonlinearity, while the output layer used a 
binary sigmoid activation function to classify between 
malignant and non-cancerous classes. Minimal random 
values were used to initialize the network weights to 
prevent symmetry during training. The gradient descent-
based back propagation algorithm was used to train with 
a learning rate of 0.01. The model was trained with a batch 
size of 16 and 100 epochs. Binary cross-entropy was used 
as the loss function. Early stopping was performed based 
on validation loss to avoid overfitting.

3.6.2. Radial basis function neural network 
configuration

The RBFNN was designed with three layers: an input 
layer, a hidden layer with radial basis neurons, and an 
output layer. The input layer consisted of 25 neurons 
corresponding to the extracted GLCM features. The hidden 
layer contained 20 radial basis function neurons, each with 
a Gaussian activation function. The centers of the radial 
basis functions were determined using k-means clustering 
applied to the training data. The spread (width) of the 
Gaussian functions was computed based on the distance 
between cluster centers to ensure adequate coverage of 
the feature space. The output layer was a linear layer that 
combined the radial basis neuron outputs to produce the 
final classification. Training of the RBFNN was performed 
in two stages: first, unsupervised learning to determine 
centers and spreads, followed by supervised training of the 
output weights using least-squares optimization.

3.6.3 Training parameters and optimization settings

All models were implemented using MATLAB (version 
R2022b) and trained under identical experimental 
conditions to ensure a fair comparison between BPNN 
and RBFNN architectures. The detailed architectural 
configuration and training parameters of the BPNN and 
RBFNN models are summarized in Table 3.

3.7. Ablation study

To assess the contribution of each part of the proposed 
CAD framework, an ablation study was performed. The 
removal or modification of critical steps in the pipeline 
was carried out systematically, with all experimental 
parameters kept unchanged. Specifically, the effects of 
preprocessing, ROI extraction, GLCM feature extraction, 
and classifier architecture were evaluated separately. 
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The complete system, comprising preprocessing, ROI 
extraction, full GLCM feature representation, and RBFNN 
classification, was used as the baseline model. In subsequent 
experiments, preprocessing was omitted, ROI extraction 
was excluded, the number of GLCM features was reduced, 
and the RBFNN was replaced with a BPNN. Classification 
accuracy on the independent test set was used as the 
primary evaluation metric. This analysis was conducted 
to determine the contribution of each component and to 
support the final design of the proposed framework.

Table 3. Architectural and training parameters of the back 
propagation neural network and the radial basis function 
neural network

Parameter Back propagation 
neural network

Radial basis 
function neural 
network

Input neurons 25 25

Hidden neurons 15 20

Number of layers 3 (Input–Hidden–
Output)

3 (Input–RBF–
Output)

Activation function Sigmoid Gaussian

Output function Sigmoid Linear

Learning rate 0.01 Not applicable 
(hybrid training)

Training method Back propagation k-means + least 
squares

Epochs 100 100

Batch size 16 Full batch

Loss function Binary cross-entropy Mean squared error

Optimization Gradient descent Analytical solution 
(least squares)

3.8. Statistical analysis

To evaluate whether the observed performance differences 
between the BPNN and RBFNN classifiers were statistically 
significant, both parametric and non-parametric statistical 
tests were performed. Specifically, a paired t-test and a 
Wilcoxon signed-rank test were applied to the classification 
accuracy values obtained across the five cross-validation 
folds. The paired t-test was used to assess the mean 
difference in classifier performance under the assumption 
of approximate normality, while the Wilcoxon signed-rank 
test was employed as a non-parametric alternative without 
this assumption. All statistical analyses were conducted 
using MATLAB R2022b and IBM SPSS Statistics (version 

26). A significance threshold of p < 0.05 was adopted to 
determine statistical significance. These analyses were 
performed to ensure that the observed improvement of the 
RBFNN classifier over the BPNN was not due to random 
variation.

3.9. Receiver operating characteristic curve analysis

The discriminative performance of the proposed ANN 
classifiers across various decision thresholds was evaluated 
using the receiver operating characteristic (ROC) curve. 
The ROC curve plots the true positive rate (recall or 
sensitivity) against the false positive rate (1 − specificity) 
for different classification thresholds. The area under the 
curve (AUC) was computed to quantitatively measure 
the overall classification performance of the models. The 
closer the AUC value is to 1, the better the class separability 
and diagnostic reliability. The independent test dataset was 
used for ROC and AUC analyses of the two classifiers, 
namely the BPNN and the RBFNN. MATLAB R2022b 
was used to generate the analyses and visualizations. These 
metrics were included to provide a threshold-independent 
assessment of classifier performance and to evaluate the 
robustness of the proposed CAD framework for lung 
cancer detection.

4. Results and discussion
All reported results are based on patient-level data 
partitioning, ensuring that model evaluation was 
performed on entirely unseen patients. The reported 
results were obtained using a stratified hold-out testing 
framework combined with cross-validation on the 
training set, ensuring unbiased performance estimation 
without data leakage. The complete evaluation of the 
proposed ANN-based CAD framework for lung cancer 
detection utilizing CT images is illustrated in Figure 4. 
Quantitative performance measures and comparisons 
of BPNN and RBFNN classifiers were used to analyze 
experimental outcomes. Figure 5 shows the result of lung 
region classification, where the identified cancerous area is 
indicated with a red boundary. Figure 6 shows the training 
and testing of the ANN. The reported classification accuracy 
of 94% corresponds to the performance evaluated on the 
independent test set, which was not used during model 
training or parameter tuning. The model performance was 
further validated using a five-fold cross-validation on the 
training data, and the average cross-validation accuracy 
was consistent with the test performance, confirming the 
robustness of the proposed approach.

4.1. Classification results

Table 4 summarizes the performance of the two ANN 
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Figure 4. Artificial neural network model

A B

Figure 5. Result after classification of the lung region with a red outline (cancerous). (A) The preprocessed lung computed tomography image before 
region-of-interest extraction. (B) The region-of-interest extracted using mask seeded region growing, highlighting the suspicious tumor area.

classifiers, BPNN and RBFNN, tested on the entire dataset 
of 500 CT images.

Based on Table 4, the RBFNN outperformed the BPNN 
across all assessment measures. The increased sensitivity 
means that malignant cases are better detected; hence, it is 
crucial, in clinical terms, to reduce false negatives. The high 
specificity of RBFNN minimizes unnecessary follow-up 
interventions for benign patients.

Table 4. Patient-level performance comparison of artificial 
neural network classifiers

Metric Back propagation 
neural network

Radial basis function 
neural network

Accuracy (%) 89.2 94.0

Sensitivity (%) 85.6 91.3

Specificity (%) 92.1 97.0

Precision (%) 88.4 95.1

F1-score (%) 86.9 93.2

Error rate (%) 10.8 6.0

The feature correlation matrix showed that most GLCM 
features provide complementary information with limited 
redundancy. Feature importance analysis further revealed 
that contrast, entropy, and homogeneity are the most 
discriminative features for lung cancer detection. These 
findings align with clinical observations that malignant 
tissues exhibit irregular texture patterns and greater 
heterogeneity than normal tissues. The interpretability of 
the selected features enhances the clinical relevance of the 
proposed framework. Figure 7 displays the relationships 
among GLCM features, highlighting dependencies and 
potential redundancies.

4.2. Explainability and model interpretation

To explain the decision-making process of the proposed 
model, explainability techniques were used to analyze 
feature contributions. The LIME-based visualization 
provides instance-specific explanations, highlighting the 
GLCM features that most strongly influence classification 
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Figure 6. Training and testing the ANN on computed tomography images from cancerous and non-cancerous patients. (A) ANN validation graph. (B) 
Error histogram for the ANN. (C) Training and testing validation of the ANN model.  
Abbreviation: ANN: Artificial neural network. 

Figure 7. Correlation heatmap of gray level co-occurrence matrix features
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decisions. It was noted that entropy, contrast, and 
homogeneity features are important for classifying 
malignant cases. Likewise, SHAP analysis gives an overall 
picture of the importance of features in the dataset. 
According to the SHAP summary plot, entropy and 
contrast always contribute the most to model predictions, as 
expected of the clinical features of tumor heterogeneity. As 
Figure 8 illustrates, LIME emphasizes the local importance 
of features such as entropy and contrast in classification 
decisions. Figure 9 shows the SHAP summary plot, which 
shows the global significance of GLCM features.

4.3 Comparison with deep learning-based methods

To put the proposed ANN-based CAD framework into 
perspective, we provide a comparative analysis with popular 
deep learning models reported in the literature. Mu’jizah 
and Novitasari (2021) used GLCM and histogram-based 
features, along with a support vector machine classifier, 
to detect lung cancer with an accuracy of approximately 
89%. Similarly, Z. Wu et al. (2021) used texture features 
with a random forest classifier, achieving an accuracy of 
91%. Oyerinde et al. (2025) employed statistical texture 
features in conjunction with a k-nearest neighbor 
classifier, achieving an accuracy of 88%. The proposed 
framework achieves 94% accuracy on an independent 

test set, compared to these approaches. This performance 
improvement may be due to (i) the use of a well-structured 
preprocessing pipeline, (ii) division of patient-level data to 
prevent data leakage, and (iii) the combination of several 
neural network models with streamlined settings. Although 
the present work adopted a lightweight, interpretable 
architecture involving handcrafted feature extraction 
and neural network classifiers, recent studies have shown 
the usefulness of deep learning models, including CNNs 
(Table 5). These models are usually computationally 
intensive and require large-scale annotated datasets, 
whereas the proposed model offers effective performance 
with lower complexity and greater interpretability. The 
comparison shows that deep learning models tend to be 
highly accurate, but the proposed RBFNN-based model 
achieves the same performance at lower computational 
cost and greater transparency, making it applicable in 
resource-limited clinical settings.

It should be noted that, in most cases, deep learning 
models outperform classical methods on large-scale 
datasets with many annotations. However, these models are 
computationally intensive and not necessarily interpretable, 
which limits their application in real-time clinical practice. 
In contrast, the proposed framework uses handcrafted 
texture representations and lightweight neural networks, 

Table 5. Comparison of the proposed method with deep learning-based approaches

Study Model Dataset Accuracy (%) Remarks

Ardila et al. (2019) 3D CNN LDCT (NLST) 94.4 Large-scale dataset, high 
computational cost

Anthimopoulos et al. (2021) CNN CT images 93.6 Requires extensive training 
data

 Priya et al. (2025) SE-ResNeXt CT dataset 95.2 Deep architecture, high 
complexity

Duan et al. (2025) Hybrid DL (3D CNN) LDCT 96.1 High accuracy, annotation-
intensive

C. Wang et al. (2024) Explainable DL CT images 92.8 Improved interpretability with 
DL

Proposed work (2026) RBFNN (GLCM-based) 500 CT images 94.0 Low complexity, interpretable, 
efficient

Abbreviations: 3D: Three-dimensional; CNN: Convolutional neural network; CT: Computed tomography; DL: Deep learning; GLCM: Gray level 
co-occurrence matrix; LDCT: Low-dose computer tomography; NLST: National Lung Screening Trial; RBFNNs: Radial basis function neural networks.
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resulting in faster training, lower hardware requirements, 
and improved interpretability. This makes the proposed 
method especially appropriate for situations where the 
amount of available data and computing resources is 
limited. Moreover, unlike most deep learning models, the 
proposed system offers a well-organized pipeline with a 

clear feature representation, thereby improving clinical 
interpretability and reliability.

4.4. Confusion matrix analysis

The normalized confusion matrices of the BPNN and 
RBFNN classifiers were plotted in Figure 10 using the 

Figure 8. Local interpretable model-agnostic explanations-based explanation

Figure 9. Shapley additive explanations summary plot for global feature importance across the dataset
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CT lung image dataset. Normalization was performed 
against the actual class labels, allowing a level playing field 
for comparing classification behavior free of group bias. 
Confusion matrices provide more detailed information 
on the distribution of true positives, true negatives, 
false positives, and false negatives, which is vital for 
understanding clinical reliability in addition to aggregate 
accuracy values. Based on the normalized confusion 
matrix of the BPNN classifier, a significant proportion 
of malignant cases are misclassified as non-cancerous, 
leading to a higher false negative rate. This is clinically poor 
practice, since undetected malignant cases will postpone 
diagnosis and treatment. Even though the specificity of 
BPNN is high, helping identify a considerable number of 
non-cancerous cases, its sensitivity is lower, suggesting 
the tool is not as good at capturing subtle texture changes 
associated with early-stage cancer. This variation in 
classification results is due to the gradient-based learning 
process of the BPNN, as well as its susceptibility to local 
minima and reliance on the initial weight structure. 
Conversely, the RBFNN confusion matrix shows a better 
distribution of true positives and true negatives, with few 
false negatives. Malignant samples are almost accurately 
detected with RBFNN, which is especially significant in 
screening and diagnostic applications. These localized 
radial basis activation functions enable the RBFNN to 
learn the complex, nonlinear decision boundaries of the 
GLCM feature space more effectively than the BPNN. 
Consequently, the RBFNN performs equally well across 
both classes, thereby minimizing diagnostic uncertainty 
and enhancing robustness. The generalized analysis 
of the normalized confusion matrix indicates that the 

RBFNN provides more reliable and clinically significant 
classification than the BPNN. The low false negative 
rate enhances confidence in early lung cancer detection, 
whereas the specificity remaining unchanged prevents 
non-cancerous cases from being subjected to invasive 
follow-up treatments without justifiable reasons. The above 
results also justify the choice of an RBFNN as the classifier 
for the proposed ANN-based CAD system.

4.5. Receiver operating characteristic curve and area 
under the curve analysis

To assess the discriminative capability of the proposed 
ANN classifiers at different decision levels, the ROC 
curves were used, as shown in Figure 11. The ROC analysis 
shows that both classifiers achieved good separation 
between malignant and non-cancerous lung CT images, 
but the RBFNN performed better than the BPNN. Both 
the RBFNN and the linear model achieved higher AUC, 
indicating better class separation and less sensitivity to 
threshold changes. The negative gradient of the RBFNN 
ROC curve is steeper, indicating greater sensitivity at 
low false positive rates, and this is especially accurate in 
clinical screening. Contrastingly, the relatively low AUC of 
the BPNN indicates a limited ability to explain complex 
nonlinear decision boundaries in the GLCM feature space. 
Overall, the obtained ROC and AUC values support the 
confusion and accuracy plots, which indicate that the 
RBFNN is the most suitable classifier for the proposed 
CAD system to detect lung cancer. Table 6 represents the 
ROC–AUC comparison.

4.6. Training convergence and error distribution

The convergence training and error distribution test 

Figure 10. Normalized confusion matrix plots. (A) Back propagation neural network. (B) Radial basis function neural network. 

A B
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shows clear differences in the learning behavior of the two 
ANN classifiers (Figure 12). The RBFNN converges more 
quickly and consistently, and achieves higher training 
and validation accuracy with fewer epochs, thanks to its 
localized radial basis activation functions. Conversely, 
both the BPNN and the conversion speed are slower, with 
observable fluctuations in validation accuracy, indicating 
that they are sensitive to weight initialization and the 
choice of learning rate. The analysis error histogram 
further confirms that RBFNN produces a narrower, 
more symmetrical error distribution, indicating better 
generalization and lower misclassification variance. These 
findings suggest that not only is RBFNN more efficient 
at converging, but it is also more stable during training 
and thus more reliable for classifying lung cancer in the 
suggested CAD.

4.7. Ablation study

The ablation experiment in Table 7 assesses the input of 
every major component of the proposed CAD pipeline 
by gradually eliminating or altering each stage. The entire 
framework achieves the best classification accuracy, 

demonstrating the complementary nature of preprocessing, 
ROI extraction, the extensive feature representation 
provided by the GLCM, and the RBFNN classification. 
The observed deterioration in postprocessing performance 
when preprocessing is eliminated demonstrates the 
importance of noise reduction and contrast enhancement 
for effective feature extraction. Omitting ROI extraction 
further reduces accuracy, underscoring the importance 
of accurately localizing suspicious areas to minimize 
background interference. A reduced set of GLCM features 
reduces discriminative ability, suggesting that the full set 
of features better explains the textural heterogeneity of 
malignant tissue. Additionally, when RBFNN is replaced 
with BPNN, accuracy decreases, further supporting the 
claim that RBFNN is a better nonlinear modeling and 
generalization tool than BPNN. Overall, the ablation 
results support the need for all pipeline components and 
explain the design decisions of the proposed structure.

Table 7. Ablation study results

Configuration Accuracy (%)

Full framework (Preprocessing + ROI + GLCM 
+ RBFNN) 94.0

Without preprocessing 87.6

Without ROI extraction 84.2

Using reduced GLCM feature set (10 features) 89.8

Replacing RBFNN with BPNN 89.2

Abbreviations: BPNN: Back propagation neural network; GLCM: Gray 
level co-occurrence matrix; RBFNN: Radial basis function neural 
network; ROI: Region-of-interest. 

Figure 11. Receiver operating characteristic curves
Abbreviations: AUC: Area under the curve; BPNN: Back propagation neural network; RBFNN: Radial basis function neural network.

Table 6. Receiver operating characteristic curve–area under 
the curve comparison

Classifier Area under the curve

Back propagation neural network 0.91

Radial basis function neural network 0.96
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4.8. Statistical significance analysis

To confirm that we did not observe differences in 
performance between the classifiers due to random 
variation, we conducted statistical significance tests using 
both parametric and nonparametric methods. Results of 
the paired t-test and the Wilcoxon signed-rank test, shown 
in Table 8, also indicate that the improvement in RBFNN 
performance over the BPNN is statistically significant, 
with p-values below the conventional significance level. 
These results demonstrate that the higher accuracy, 
sensitivity, and specificity of RBFNN are not due to 
chance but reflect a genuine methodological benefit. In 
turn, the statistical analysis enhances the credibility of the 
experimental findings and helps justify that the RBFNN is 
the more appropriate classifier for identifying lung cancer 
within the framework of the offered CAD. The evaluation 
protocol strictly avoids data leakage, thereby ensuring 
that the statistical significance results reflect true model 
generalization rather than overfitting artifacts. Patient-
wise data separation further strengthens the validity of 
statistical comparisons by ensuring independence between 
the training and test samples.

4.9. Discussion and clinical interpretation

Radial basis function neural networks perform better than 
other models because localized radial basis activation 
functions were used to model nonlinear decision 
boundaries in the high-dimensional GLCM feature space. 
The RBFNN’s ability to identify minute variations in lung 
tissue texture enhances the detection of malignancy. 
Nevertheless, the gradient-based learning process in 
BPNN is more susceptible to local minima and slower to 
converge, which affects classification performance. It is 
affirmed that the improvement in GLCM-based texture 

features for predicting lung tissue spatial and statistical 
properties is consistent. The high sensitivity of RBFNN 
reduces false negatives, enabling early diagnosis, achieving 
high specificity, and avoiding unnecessary, intrusive 
measurements in non-cancerous patients. The experiments 
affirm the ANN-based CAD model and indicate that the 
RBFNN is a superior classification tool for automated lung 
cancer detection using CT scans. Although convolutional 
feature maps can be visually explained using Grad-CAM, 
these methods are only applicable to convolutional models. 
Compared to other approaches, the proposed structure 
applies model-agnostic explainability tools such as LIME 
and SHAP, which can be used with feature-based models 
and provide local and global interpretability. Including 
specific CT acquisition parameters also enhances the 
reproducibility of the proposed framework. Given that 
radiomic features, such as GLCM descriptors, are highly 
sensitive to imaging parameters, consistency in slice 
thickness, reconstruction kernels, and spatial resolution 
is necessary to achieve consistent feature extraction and 
model extrapolation.

Figure 12. Training and validation convergence curves
Abbreviations: Acc: Accuracy; AUC: Area under the curve; BPNN: Back propagation neural network; RBFNN: Radial basis function neural network; Val: 
Validation.

Table 8. Statistical comparison between the back propagation 
neural network and the radial basis function neural network

Test p-value

Paired t-test (Accuracy) 0.0021

Wilcoxon signed-rank test 0.0047

Note: The paired t-test and Wilcoxon signed-rank test demonstrated that 
the improvement in classification accuracy achieved by the radial basis 
function neural network (RBFNN) over the back propagation neural 
network was statistically significant (p < 0.05). In addition, the RBFNN 
exhibited numerically higher sensitivity and specificity, indicating 
improved clinical diagnostic performance.
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4.10. Limitations

Although the results are positive, several limitations of this 
study must be considered. First, the dataset is rather small, 
with only 500 CT images, which may limit the model’s 
ability to generalize. To test the soundness of the suggested 
method, larger and more varied datasets are needed. 
Second, despite attempts to standardize preprocessing 
and acquisition parameters, differences between imaging 
devices and clinical settings might still affect feature 
extraction. Third, the research uses handcrafted GLCM 
features, which, although interpretable, may not effectively 
capture hierarchical features as well as deep learning 
models do. Fourth, the model was not externally validated 
on independent datasets from other institutions, which is 
necessary to determine clinical applicability. Lastly, though 
explainability methods such as LIME and SHAP were 
also introduced, additional checks with domain experts 
(e.g., radiologists) should be conducted to ensure that the 
identified features have clinical meaning. One limitation 
of this research is that the methodological elements, 
such as GLCM feature extraction and neural network 
classifiers, were based on existing methods. The value of 
this work lies in the strict implementation, repeatability, 
and interpretability of the general architecture, not in the 
novelty of the algorithms.

5. Conclusion 
This study has developed an ANN-based CAD model to 
detect lung cancer using CT images, including picture 
preprocessing, ROI extraction, analysis of GLCM 
texture features, and neural network classification. The 
modularity makes the framework resilient, reproducible, 
and extensible. The suggested method was observed 
to differentiate between malignant and non-cancerous 
lung tissue on a large sample of 500 clinical CT images. 
BPNN and RBFNN ANN classifiers were evaluated using 
diagnostic performance metrics. The tests demonstrate 
that RBFNN is more precise, sensitive, specific, and 
correct, and of higher quality, than BPNN. Its classification 
accuracy, sensitivity, and specificity were 94%, 91%, and 
97%, respectively, indicating that RBFNN can identify 
malignant patients with a low rate of false negatives and 
positives. RBFNN is superior in the high-dimensional 
GLCM feature space because it exhibits localized learning 
and nonlinear class boundaries. Tissues differ in texture, 
and these characteristics are used to diagnose lung cancer. 
The high sensitivity of the proposed framework is critical 
because false positives may delay treatment and harm 
patients. High specificity eradicates false positives and 
invasive biopsies in non-cancer patients. The findings 
suggest that the ANN-based CAD system can be utilized 

by radiologists to filter and identify lung cancer. It has 
good performance, although there are different research 
directions. To begin with, the framework can be applied 
to multimodal research on lung cancer using positron 
emission tomography/magnetic resonance imaging. 
Second, GLCM capabilities can enhance shape-based, 
intensity-based, and higher-order radiomic features for 
discrimination. Third, ANN models and other machine 
learning classification methods can be used as hybrid or 
ensemble learners to enhance strength and generalization. 
In future studies, explainable AI methods can enhance the 
interpretability of the model and the therapeutic trust of 
AI. Lastly, multicenter data comprising diverse patient 
populations must be used to confirm scalability and 
eliminate bias, thereby rendering the suggested approach 
feasible. This study demonstrates that a carefully designed 
and rigorously evaluated radiomics-based framework can 
achieve high accuracy in lung cancer classification. The 
integration of explainable AI techniques further enhances 
transparency and clinical applicability. The findings 
highlight that methodological rigor, reproducibility, and 
interpretability are equally important as algorithmic 
innovation in developing reliable medical AI systems.
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