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 This study aims to classify lung cancer using deep learning-based methods and to interpret the 

obtained model results using explainable artificial intelligence (XAI) approaches. The dataset used 

in this study consisted of 1933 chest computed tomography images, which were classified as 

normal, benign, and malignant. In the classification process, EfficientNet-B4, MobileNetV3-

Large, and ResNet50 deep learning architectures were trained using a transfer learning approach, 

and their performance was evaluated using a 10-fold cross-validation method. The performance 

of the models was analyzed using accuracy, precision, recall, F1-score, and ROC-AUC metrics. 

According to the results obtained in the study, the MobileNetV3-Large model showed the highest 

overall performance with 97.05% accuracy and 99.70% ROC-AUC value. The EfficientNet-B4 

and ResNet50 models also provided high and balanced performance values, achieving effective 

results in lung cancer classification. Grad-CAM++ and LIME methods were used to make model 

decisions more clinically reliable and interpretable. Grad-CAM++ analyses reveal that the models 

primarily focus on anatomically significant regions within the lung parenchyma during 

classification. LIME analyses, on the other hand, have enabled the superpixel-level explanation of 

local regions that contribute most to classroom decisions. Explainability maps obtained for normal, 

benign, and malignant classes showed that each class exhibited distinct spatial attention and 

contribution patterns. In conclusion, this study demonstrates that deep learning-based lung cancer 

classification offers a more reliable and transparent framework for clinical decision support 

systems, not only when evaluated with high-performance metrics but also when considered in 

conjunction with Grad-CAM++ and LIME-supported explainability analyses. The findings 

demonstrate that explainable artificial intelligence approaches play a significant role in improving 

model reliability in medical image analysis. 
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1. Introduction 

Globally, lung cancer is one of the leading causes of 

death and morbidity among all cancer types. This type of 

cancer is increasing every year, with an average of 2.5 

million new cases diagnosed annually and causing an 

average of 2 million deaths per year [1, 2]. When lung 

cancer is diagnosed early and cancerous areas are 

removed, it becomes more difficult to treat in advanced 

stages [3]. In lung cancer, early diagnosis is as vital as 

identifying the type of nodule detected early and removing 

it surgically [4]. Patients with advanced disease that cannot 

be surgically removed are treated with radiation therapy 

and chemotherapy. Despite this treatment, survival 

generally does not exceed 12 months. Due to the difficulty 

of treatment and rapid spread, the average 5-year survival 

rate for lung cancer is less than 20%. Therefore, early 

detection of lung nodules and complete removal of the 

mass before metastasis is critically important to increase 

survival rates [1, 3]. 
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Lung cancer has four different clinical stages. Stage I is 

the early diagnosis stage. Intervention at this stage 

increases the survival rate to 90%. Stage IV, the final stage, 

is the late diagnosis stage. At this stage, if treatment is 

delayed, the mortality rate reaches 90% [5]. Before 

initiating treatment, accurately determining the stage of the 

disease is critical for selecting the appropriate treatment 

method [6]. The first step in diagnosing lung cancer is a 

chest X-ray, which uses radiographs (chest X-rays) [7]. If 

a nodule is suspected after radiological evaluation of lung 

images, diagnosis is attempted using computed 

tomography (CT) or high resolution computed 

tomography (HRCT). In addition to these methods, other 

imaging techniques are also used for nodule 

characterization [8]. No matter how advanced these 

imaging methods are, lung anomalies can still be missed 

due to human error during the radiological evaluation 

process. Therefore, the use of computer assisted diagnostic 

systems aims to minimize human error. One of the primary 

goals of computer assisted diagnostic systems is to detect 

anomalies in images by using quantitative features 

extracted from those images. Additionally, by 

autonomously classifying the anomalies detected in the 

images as malignant or benign, it aims to support the 

clinical decision-making process in cases of differing 

opinions among experts [9-11]. In addition, computer 

aided systems such as deep learning approaches help 

analyze more data in a shorter time and make more 

accurate diagnoses compared to traditional anomaly 

detection methods [12]. Therefore, the success of deep 

learning in radiological image analysis and diagnoses is 

critical [13]. 

Explainable Artificial Intelligence (XAI), which offers 

transparency to users in AI-powered computerized 

diagnostic systems, refers to technical methods that enable 

users to understand the predictions produced by the models 

and the resulting outputs. [14]. Today, explainable 

artificial intelligence models are being used effectively in 

important fields such as finance, defense, and medicine. 

[15]. Artificial intelligence approaches, often described as 

"black boxes," can potentially lead to serious 

consequences, especially when used in vital fields such as 

medicine, due to the lack of transparency in decision-

making processes and the inability to justify predictions. 

Therefore, the explainability of artificial intelligence 

models plays a significant role in medical applications. For 

healthcare professionals to trust artificial intelligence (AI) 

models during the diagnosis and treatment phase, the 

decision making capabilities of these AI models must be 

transparent, effective, and traceable [16]. 

This study aims to detect anomalies in the lungs using 

deep learning methods with computed tomography (CT) 

scans of the lungs. A deep learning model is used to first 

detect lung cancer and then determine whether the lung 

cancer is benign or malignant. It also aimed to ensure the 

explainability of the findings by interpreting the results. 

This will increase the reliability of diagnoses and assist 

healthcare professionals in their diagnosis [17]. 

2. Literature Review 

Lung cancer is one of the leading causes of cancer-

related deaths worldwide, and early diagnosis directly 

impacts patient survival. Radiological imaging techniques 

are used as primary diagnostic tools in the detection of 

nodules. In recent years, the use of deep learning models 

in the analysis of radiological images has enabled high 

success rates in this field. However, the black box nature 

of these models creates problems of reliability and 

transparency, especially in clinical applications. In this 

context, explainable artificial intelligence (XAI) 

approaches are gaining importance in making model 

decisions interpretable. 

In their 2017 study, Wang et al. developed a poorly 

controlled multi-label image classification and disease 

localization framework on the “ChestX-ray8” dataset, 

which contains 108,948 chest X-ray images from 32,717 

unique patients. Natural Language Processing (NLP) 

techniques were used to automatically extract eight 

different disease labels from radiology reports: 

Atelectasis, Cardiomegaly, Effusion, Infiltration, Mass, 

Nodule, Pneumonia, and Pneumothorax. In their study 

comparing different deep learning architectures, they 

achieved AUC values of 0.8141 for cardiomegaly, 0.7891 

for pneumothorax, and 0.7362 for effusion using the 

ResNet-50 based model [18]. In 2017, Li and colleagues, 

using computed tomography (CT) images that provide 

detailed visualizations for more thorough examination and 

diagnosis of lung diseases, achieved an 83.03% success 

rate in predicting malignant lung cancer nodules with a 

hybrid model using 2620 CT images [19].  Mohandass and 

colleagues achieved 99.43% accuracy for cancer 

classification and 99.34% accuracy for non-cancerous 

classification with their AtCNN-DenseNet-201-TL-

NBOA-CT hybrid model, developed using 888 CT scans 

and 1,186 lung nodules on the LUNA16 dataset [20]. 

In studies on lung cancer classification, Sivakumar et al. 

demonstrated high performance in 2024 by achieving 

99.87% accuracy and 99.75% sensitivity with their ADBN 

+ LightGBM (Adaptive Deep Belief Network) model 

applied to the LUNA16 and Kaggle DSB datasets [21]. 

Mohandass and colleagues achieved 99.43% accuracy in 

cancer classification and 99.34% accuracy in non-cancer 

classification with the AtCNN-DenseNet-201 TL-NBOA-

CT optimized hybrid model developed using 888 CT scans 

and 1186 images from the LUNA16 dataset in 2024 [20]. 

In the field of segmentation and nodule detection, Budati 

and Karumuri achieved a 99.75% CPM in 2024 with their 

SbYSF (Sailfish + YOLO) based detection model 

developed using the LUNA16 dataset [22]. In terms of 
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segmentation, Chen et al. (2020) achieved a segmentation 

accuracy of over 99% with their proposed LDDNet model 

on the LIDC-IDRI dataset [23]. 

Studies on model efficiency and the use of different data 

types also hold a significant place in the literature. In their 

2020 study, Masud and colleagues achieved 97.90% 

accuracy in terms of mobile device compatibility using a 

light CNN-based Light Deep Model on 1,279 images in 

the LIDC dataset [24, 25].  Focusing on multimodal 

imaging, Jose and her colleagues achieved 96.4% 

accuracy, 83.3% sensitivity, and 91.7% specificity with 

their DenseNet-based CNN model containing dilated 

convolutions, developed using 6,034 CT / X-ray images 

from the GitHub dataset [26]. In addition, Singh (2024), 

who investigated the effectiveness of hybrid architectures 

using attention mechanisms, obtained AUC values of 

0.8556 for ChestX-ray14 and 0.904 for five pathologies in 

the CheXpert dataset with the SA-DenseNet121 model she 

developed on ChestX-ray14 and CheXpert datasets [27]. 

In their study conducted on a dataset containing 7560 chest 

X-ray (CXR) images, Veeramani et al. (2025) achieved 

98% precision and 97% accuracy in diagnosing multi-class 

lung disease using an improved U-Net architecture for 

separating lung regions and an Inception-based XAI-

TRANS transfer learning model for classification. [28]. 

Megat Ramli et al. (2025), supporting these high success 

rates obtained in individual studies at the general literature 

level, evaluated 34 studies on the detection of lung nodules 

in chest X-ray images and found that artificial intelligence 

algorithms showed significant potential in detecting small 

nodules, especially compared to radiologists (average 

AUC of 0.81), with sensitivity ranging from 56.4% to 

95.7%, specificity ranging from 71.9% to 97.5%, and 

AUROC values ranging from 0.89 to 0.99 [29]. 

In studies to ensure the explainability of the models 

used, Naz et al. (2023) achieved a classification accuracy 

of 93% in the COVID-CT dataset and 97% in the COVID-

Net dataset with a ResNet50-based transfer learning model 

they trained using COVID-CT and COVID-Net datasets to 

interpret lung diseases such as edema, tuberculosis, 

nodules, and pneumonia. They used the LIME technique 

to visualize the regions the model focused on, explain the 

classification results, and build clinical confidence [30]. 

Using a similar explainable artificial intelligence 

approach, Alqhatani et al. (2025) classified lung cancer 

stages (benign, malignant, and normal) on 1190 computed 

tomography (CT) images from the IQ-OTH/NCCD dataset 

using the EfficientNet-B0 architecture, achieving a high 

accuracy and precision rate of 99%, while generating 

visual heat maps using the Grad-CAM technique to make 

the model's decision processes transparent [31].  

This study aims to analyze CT images of benign, 

malignant, and normal lung cancer using deep learning-

based methods and to interpret the resulting classification 

decisions using explainable artificial intelligence 

approaches. Although numerous classification studies on 

lung CT images exist in the literature, studies that explain 

the decision-making mechanism in a clinically transparent 

manner, as well as the model performance, are limited. In 

this context, the multi-class classification process, 

implemented using convolutional-based deep learning 

models, was supported by Grad-CAM++ and LIME 

methods, and the anatomical and pathological regions that 

the models focused on during decision-making were 

visually analyzed. The proposed approach contributes to 

the literature by not only improving classification success 

but also providing a explainable decision support 

framework that allows clinicians to evaluate the reliability 

of model outputs. 

This article is structured as follows. The first section 

discusses the clinical significance of lung cancer, the 

necessity of early diagnosis, and the role of deep learning-

based artificial intelligence approaches in this field. The 

second section summarizes current literature studies on 

lung cancer classification and explainable artificial 

intelligence. The third section details the dataset used, 

preprocessing steps, deep learning architectures, 

experimental environment, performance metrics, and 

explainability methods. In the fourth chapter, the 

experimental results obtained and the Grad-CAM++ and 

LIME-based explainability analyses are presented and 

discussed comparatively. The final section evaluates the 

overall results of the study and provides suggestions for 

future research. 

3. Material and Methods 

In this study, computed tomography (CT) images of 

lung cancer were obtained and analyzed using deep 

learning. In the first stage, the images were preprocessed 

to be compatible with deep learning models, and then 

multi-class classification was performed using 

EfficientNet-B4, MobileNetV3-Large, and ResNet50 

architectures. The models' performance was analyzed 

using standard evaluation criteria such as accuracy, 

precision, sensitivity, F1-score, and ROC-AUC. The 

accuracy and generalizability of the proposed approach 

were evaluated using a 10-fold cross-validation method. 

Furthermore, to improve the interpretability of model 

predictions, Grad-CAM++ and LIME explanatory AI 

methods were applied, and regions contributing to 

classification decisions were visually analyzed. 

3.1. Dataset Description  

The dataset used in this study was created from chest 

computed tomography (CT) images collected from the 

National Chest Diseases Hospital (NIDCH) in Dhaka, 

Bangladesh, with the aim of supporting medical imaging 

research focused on the classification and early diagnosis 

of lung-related diseases through artificial intelligence and 

deep learning methods. This dataset, divided into three 
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diagnostic categories, contains a total of 1933 images: 

1050 malignant, 467 benign, and 416 normal cases [32]. 

This dataset is important for training, validating, and 

comparing AI-based models developed for autonomous 

diagnosis to detect respiratory diseases and lung 

anomalies. In healthcare settings, the software contributes 

to the development of clinical decision support systems. 

3.2. Dataset Preprocessing 

In this study, a dataset consisting of lung computed 

tomography scans representing different pathological 

conditions was first obtained. The dataset, after being 

checked, was uploaded to Google Drive and transferred to 

the Google Colab platform. Next, the images were 

processed through standard data preprocessing steps to 

meet the input requirements of deep learning models, and 

the dataset was divided into training and validation 

subsets. Lung CT images were converted to RGB format, 

rescaled to fixed sizes depending on the architecture used 

(380×380 for EfficientNet-B4, 224×224 for 

MobileNetV3-Large and ResNet50), and converted to 

tensor format. To ensure compatibility with pre-trained 

ImageNet weights, the images were normalized using the 

mean and standard deviation values from the ImageNet 

dataset. 

 

Figure 1. Data preprocessing 

Figure 1 presents a deep learning and explainable 

artificial intelligence workflow (AI-generated) for 

autonomously distinguishing benign, malignant, and 

normal classes from lung CT images. 

In the classification phase, three different deep learning-

based convolutional neural network architectures—

EfficientNet-B4, MobileNetV3-Large, and ResNet50—

were used, and the models were trained using transfer 

learning. These architectures are optimized to 

autonomously learn distinctive structural and textural 

features in lung computed tomography images. Following 

the training process, the performance of the models was 

analyzed using evaluation metrics such as accuracy, 

precision, sensitivity, F1-score, and ROC-AUC. To 

improve the interpretability of model decisions, 

explainable artificial intelligence approaches have been 

utilized. Using the Grad-CAM++ method, a demonstrable 

artificial intelligence approach, critical regions that the 

models focused on during classification were visualized 

through heat maps. With the LIME method, images were 

analyzed on a superpixel basis to identify local regions that 

contributed most to classification decisions. These 

visualizations have allowed for a more transparent and 

meaningful clinical evaluation of the models' decision-

making mechanisms. In conclusion, these proposed 

approaches ensure not only high classification 

performance but also that the model outputs are 

explainable and reliable. 

Table 1. Model Structure and Training Parameters 

Parameter EfficientNet-B4 
MobileNetV3-

Large 
ResNet50  

Model 

Architectur

e 

EfficientNet-B4 
MobileNetV3-

Large 
ResNet50 

Pretrained 

Weights 

ImageNet 
(Imagenet1k_V1

) 

ImageNet 
(Imagenet1k_V1

) 

ImageNet 
(pretrained=Tru

e) 

Input 

Image 

Resolution 

380 × 380 224 × 224 224 × 224 

Number of 

Classes 

Dataset-derived 

(ImageFolder) 

Dataset-derived 

(ImageFolder) 

3 (Benign, 
Malignant, 

Normal) 

Loss 

Function 

CrossEntropyLo

ss 

CrossEntropyLo

ss 

CrossEntropyLo

ss 

Optimizer AdamW AdamW Adam 

Learning 

Rate 
1 × 10⁻⁴ 1 × 10⁻⁴ 1 × 10⁻⁴ 

Batch Size 16 16 16 

Number of 

Epochs 
3 5 5 

Cross-

Validation 

Strategy 

10-Fold 10-Fold 
10-Fold 

Stratified 

Evaluation 

Metrics 

Accuracy, F1-
score, Precision, 

ROC-AUC 

Recall,  

Accuracy, F1-
score, Precision, 

ROC-AUC 

Recall, 

Accuracy, F1-
score, Precision, 

ROC-AUC 

Recall, 

ROC-AUC 

Calculation 
OvR (multi-

class) 
OvR (multi-

class) 
OvR (multi-

class) 

Table 1 presents the model structure and training 

parameters of the EfficientNet-B4, MobileNetV3-Large, 

and ResNet-50 deep learning architectures used for multi-

class classification of computed tomography images of 

lung cancer. Each model is configured taking into account 

the input image resolution specific to its architectural 

structure. Computed tomography images have been 

rescaled to match the input dimensions expected by the 

relevant networks. The models were trained on the 

ImageNet dataset using pre-trained weights, and their 

performance was evaluated using standard grading 

measures such as accuracy, precision, sensitivity, F1-

score, and ROC-AUC. 

3.3. Experimental Environment and Application Details 
for Lung Cancer CT Imaging 

Analysis of lung computed tomography images using 

deep learning models was performed using data access 

provided via Google Drive and in the Google Colab 



Dogansah et al., International Journal of Applied Methods in Electronics and Computers 14(1): 34-48, 2026 

- 38 - 

 

environment with A100 GPU infrastructure. 

Table 2. Computing Environment and Software Structure 

Environment Details Specifications (According to the Code) 

Platform Google Colab 

Storage 
Google Drive (mounted dataset 

directory) 

Backend Framework PyTorch 

Programming Language Python 3.10 

GPU NVIDIA A100 (CUDA-enabled, Google 
Colab) 

Device Selection 
Automatic (CUDA if available, else 

CPU) 

Operating System Linux (Google Colab environment) 

Deep Learning Libraries Torch, TorchVision 

Data Processing TorchVision Transforms 

Visualization Library Matplotlib 

Evaluation & Metrics Scikit-learn 

Statistical Analysis SciPy (paired t-test) 

Cross-Validation Method 10-Fold Cross-Validation 

Table 2 shows that the analysis studies performed using 

CT images of lung cancer were carried out in the Google 

Colab environment using Python 3.10 and a PyTorch-

based deep learning infrastructure. TorchVision was used 

for data preprocessing, Matplotlib for visualization, Scikit-

learn for performance evaluation, and SciPy for statistical 

analysis. All experiments were conducted on a CUDA-

enabled NVIDIA A100 GPU using a 10-fold K-Fold cross-

validation approach. 

3.4. Performance Metrics 

Performance metrics are criteria used to measure the 

accuracy and effectiveness of the artificial intelligence 

model being used, and they vary depending on different 

machine learning tasks such as classification, regression, 

and clustering [33]. The success of artificial intelligence 

models used in lung cancer diagnosis and medical imaging 

analysis is typically evaluated using statistical metrics 

calculated from an error matrix [31]. This matrix consists 

of True Positive (TP), True Negative (TN), False Positive 

(FP), and False Negative (FN) values [21]. 

3.4.1. Accuracy  

Accuracy is a key evaluation metric that represents the 

percentage of correct predictions among all predictions 

made by the model and summarizes its overall 

performance (Veeramani et al., 2025). In medical 

diagnoses, it is calculated by dividing the number of 

correctly classified cases by the total number of cases [31]. 

The accuracy formula is presented in Equation (1)[34]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+TN+FP+FN
                 (1) 

3.4.2. Precision  

Precision identifies the percentage of true positives 

among all cases that an AI model classifies as positive, 

reflecting the model's ability to make accurate predictions 

[22]. This metric is used to evaluate the quality and 

reliability of the model, especially in situations where 

keeping the false positive rate low and preventing 

misdiagnosis is important [21, 22]. The equation of 

certainty is given in Equation (2) [35]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
                         (2) 

3.4.3. Recall  

Recall demonstrates how well a model can capture truly 

positive examples (Tian et al., 2024). Since it is vital not 

to miss a disease in medical diagnosis, the recall value is 

one of the most important parameters determining the 

sensitivity of the model, and the sensitivity equation is 

given in equation (3) [28, 36, 37]. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP+FN
                             (3) 

3.4.4. F1-Score 

The F1-Score is the harmonic mean of the precision and 

recall metrics, and the F1-Score equation is given in 

equation (4) [38]. It provides a more reliable performance 

measurement than accuracy rate alone, especially when the 

classes in the dataset are unevenly distributed [13, 39]. 

F1-Score=2 ×
Precision×Recall

Precision+Recall
 (4) 

3.4.5. Specificity  

Specificity is the model's ability to accurately identify 

true negative cases (Sivakumar et al., 2024). It is used to 

exclude the possibility of a healthy individual being 

mistakenly classified as ill [26]. The specificity equation 

is given in equation (5) [40]. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
TN

TN+FP
                       (5) 

3.5. Cross Validation 

Cross-validation improves the generalization 

capabilities of machine learning models by evaluating 

their performance. It is a resampling method that allows 

for the acquisition of statistically reliable results [41]. This 

approach works on the principle of dividing the dataset 

into K equal-sized subsets called folds [42].  Throughout 

the process, in each iteration, one of these subsets is 

reserved as the validation set, while the remaining K-1 

subsets are used for training the model [43]. This cyclical 

structure increases data utilization efficiency by ensuring 

that each instance in the dataset is included in both the 

training and testing phases throughout the process [9]. 

Furthermore, cross-validation allows the average of results 

obtained from multiple evaluations to minimize biases that 

may arise from irregularities in data distribution, thus 

ensuring that the model exhibits more stable and reliable 

performance [13]. 
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Figure 2. Schematic representation of the K-fold cross-
validation process on lung CT images. 

Figure 2 shows the k-fold cross-validation process. The 

dataset is divided into multiple folds. At each step, one fold 

is used for validation or testing, while the remaining folds 

are used for training. At each step, one fold is used for 

validation or testing, while the remaining folds are used for 

training. The images selected for validation or testing are 

changed in each iteration, ensuring the model is evaluated 

fairly and reliably across the entire dataset [44]. 

3.6. Explainable Artificial Intelligence (XAI) 

Explainable AI is a method that makes the closed, often 

described as black box, nature of complex deep learning 

models transparent and understandable to humans [28].  In 

life-threatening medical diagnostic processes, such as lung 

cancer, a model that only produces predictions is not 

sufficient. Allowing physicians to see the steps involved in 

reaching this result increases both trust in the system and 

clinical accuracy [30]. XAI techniques aim to transform 

artificial intelligence from a decision-maker into a system 

that can present its reasoning and support it with visual 

evidence [28]. This approach helps artificial intelligence 

gain wider acceptance in healthcare by solving critical 

issues such as reliability, transparency, and algorithmic 

bias detection in diagnostic processes [28, 30]. 

3.6.1. LIME 

Local Interpretable Model-Independent Explanations 

(LIME) is a model-independent method that explains the 

prediction of any AI model on a given sample at the local 

level. [31, 45]. This method divides a given image into 

smaller pieces that share similar visual characteristics and 

are called superpixels. Then, by randomly swapping these 

components, they analyze the model's responses [30, 31]. 

The LIME method creates a simple surrogate model that 

represents a complex pattern at the local level, highlighting 

the regions that contribute most to the prediction result 

through colored patches [30, 45]. In conclusion, LIME 

highlights key features of the model's decision-making 

process by directing the physician's focus to areas of 

pathological significance [30]. 

The mathematical optimization formula that forms the 

basis of the LIME architecture is given in equation (6) [30, 

45] 

𝜉(𝑥) =  𝑎𝑟𝑔 min
𝑔𝜀𝐺

𝐿  (𝑓, 𝑔, 𝜋𝑥)  +  Ω(𝑔) (6) 

Definitions of the components included in the formula; 

f : The actual black box that needs to be explained 

represents the classifier or model. 

g∈ G : It creates a simple surrogate model, such as linear 

regression, selected from the class of interpretable models 

(G), which represents the original model at the local level. 

L ( f, g, π x ) : The loss function measures the difference 

between the original model f and the surrogate model g, 

indicating how faithful the surrogate model is to the 

original model. 

πx : It is a weighting mechanism that determines the 

neighborhood and proximity of a given sample. 

Ω ( g ) : This term measures the complexity of a proxy 

model (e.g., number of rules or density of weights) so that 

the explanation remains understandable to humans [30, 

45]. 

3.6.2. Gradient Weighted Class Activation Mapping 
(Grad-CAM) 

Grad-CAM is an explainable artificial intelligence 

technique used to visualize complex decision-making 

processes in convolutional neural networks (CNNs) and 

reveal which regions directly influence model predictions 

[41]. In medical imaging, this method allows the model to 

move from being a black box to a transparent model by 

identifying pathological areas, such as nodules or lesions 

in the lung, that give rise to its prediction [12, 31].  

The Grad-CAM method combines feature maps with 

gradient signals by retrospectively tracing the model's 

decision-making process. This approach contributes to 

evaluating the reliability of the diagnosis by visually 

demonstrating that the network focuses on medically 

critical regions. The Grad-CAM method preserves the 

spatial features in the final convolutional layers of the 

model, revealing which pixels contribute to the prediction 

score via a transparent heat map [27, 30]. The integration 

of these visualization techniques hierarchically explains 

the black-box nature of AI, thereby increasing healthcare 

professionals' clinical confidence in the model [12]. Heat 

maps generated by Grad-CAM help to verify the reliability 

of diagnosis by visually proving whether artificial 

intelligence is focusing on medically significant tumor or 

lesion areas [28, 31].  

The Grad-CAM process mathematically takes place in 

two fundamental stages: 

Calculation of Neuron Significance Weights (𝛼𝑘
𝑐): First, 

the gradient of 𝑦𝑐, which is the score of a class such as the 

target, is taken with respect to the activations of feature 

map number k (𝐴𝑘) in the last convolutional layer of the 

model [28].  These gradients are subjected to a global 

average pooling process to obtain a single significance 

value for each feature map (Alqhatani et al., 2025). 
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The weight formula is given in equation (7). 

𝛼𝑘
𝑐 =  

1

𝑍
∑  𝑖 ∑  

𝜕𝑦𝑐

𝜕𝐴𝑖𝑗
𝑘𝑗                     (7) 

In equation (7), 𝐴𝑖𝑗
𝑘   k represents the activation map of 

the k convolution channel, 𝑦𝑐 represents the model output 

of the c class, Z represents the total number of pixels in the 

activation map, and 𝛼𝑘
𝑐   represents the class specific 

weight of the relevant channel [46]. 

Creating a Heat Map: Secondly, the calculated weights 

are multiplied by the corresponding feature maps and then 

summed. Based on the obtained result, the ReLU (Linear 

Smoothing Unit) activation function is applied 

(Veeramani et al., 2025). The ReLU function ensures that 

spatial regions that positively contribute to the prediction 

of the target class are preserved, preventing the inclusion 

of negative activations that reduce the class score in the 

visualization (Alqhatani et al., 2025). 

The heat map formula is given in equation (8) [47]. 

𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐 =  𝑅𝑒𝐿𝑈 (∑ 𝛼𝑘 

𝑐
𝑘 𝐴𝑘) (8) 

The heat maps generated through Equation (8) are 

overlaid on the original input image to visualize the critical 

regions that the model gives weight to in the decision 

mechanism [12]. In clinical practice, this visual evidence 

allows physicians to verify that artificial intelligence is 

focusing on medically relevant areas and to identify errors 

[9].  

3.6.3. Grad-CAM++ 

Grad-CAM++ is an enhanced extension of the standard 

Grad-CAM method, specifically designed to more 

precisely determine the position of objects within an image 

and to identify situations where multiple disease markers 

are present [9, 30]. This enhanced version uses higher 

order combinations of gradients to more clearly and 

comprehensively visualize complex pathological features 

in medical images, such as ground glass opacities. 

Compared to the standard method, it offers physicians a 

more detailed and explanatory visual analysis by marking 

the regions contributing to the model's prediction with 

more accurate coverage [30]. Especially in cases where 

multiple lesions are present in a single image, it provides 

superior interpretability in clinical decision support 

processes by better differentiating the contribution of each 

object [9]. 

3.7. Deep Learning Algorithms 

Deep learning algorithms with different architectural 

features have been used in the multi-class classification of 

CT images of lung cancer. The selected models were 

chosen for their ability to automatically learn distinctive 

features from images, effectively represent structural and 

textural information at different scales, and allow for 

comparative evaluation of their classification 

performance. Each architecture was structured according 

to its own design principles and trained on the same 

dataset, and its performance was analyzed using standard 

evaluation criteria. In this context, EfficientNet, which 

stands out with its combined scaling approach, ResNet50, 

which aims to reduce the gradient loss problem thanks to 

its deep network structures, and MobileNetV3 Large, 

which provides computational efficiency with its 

lightweight structure, have been examined. 

3.7.1. EfficientNet 

The EfficientNet architecture is built on a unique 

composite scaling strategy that scales the network's depth, 

width, and resolution simultaneously and in a balanced 

manner [31]. EfficientNet-B4, as a member of this model 

family ranging from B0 to B7, is a mid-to-high-end model 

that aims to deliver higher performance while optimizing 

the increase in computing cost [25, 31]. 

3.7.2. Residual Network 50 (ResNet50) 

ResNet50 is an advanced convolutional neural network 

architecture with a depth of 50 layers, developed in 2015 

by Kaiming He and colleagues at Microsoft Research 

Asia. This network structure consists of 48 convolution 

layers, one maximization pooling layer, and one averaging 

pooling layer  [28]. The most distinctive feature of the 

ResNet50 architecture, hopping connections, allows input 

to be passed directly to subsequent layers by skipping 

some layers. This solves the gradient disappearance 

problem encountered in deep networks [28, 48]. ResNet50 

has over 23 million trainable parameters and is commonly 

used for transfer learning with pre-trained weights on 

massive datasets like ImageNet [12, 28]. Thanks to its 

identity matching capability, the model reduces the risk of 

overfitting the dataset by bypassing layers it deems 

unnecessary during training [48]. In medical imaging 

studies, it is frequently used as a teaching model due to its 

high accuracy and rapid convergence capabilities, 

particularly in complex tasks such as the classification of 

lung cancer subtypes and pathological image analysis [12, 

13]. 

3.7.3. MobileNetV3-Large 

The MobileNetV3-Large architecture is built upon 

depth-based decomposable convolutions and linear 

bottleneck inverted residual structures, which formed the 

basis of its predecessors, the V1 and V2 models [42]. This 

architecture is structured to include more layers and 

parameters compared to the lighter, smaller version of the 

family, specifically to achieve high accuracy in complex 

visual recognition tasks. The NetAdapt algorithms used in 

the design process allow each layer of the network to be 

optimized to operate most efficiently on the hardware. 

This effectively reduces calculation costs and latency. 

Thanks to its lightweight and modular design, 

MobileNetV3-Large can offer high performance with low 

resource consumption in a wide range of applications, 

from medical diagnostics to industrial quality control 
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processes [41]. The architectural advantages offered by 

MobileNetV3-Large provide an effective solution, 

especially in environments with limited computing 

resources such as mobile devices, thanks to the balanced 

structure it establishes between accuracy and latency [13]. 

The depth-based decomposable convolution structure 

reduces mesh parameters, increasing speed in 

computationally intensive fields such as medical image 

analysis and enabling more efficient processing of 

complex data  [13, 20]. In critical clinical tasks such as 

lung cancer diagnosis, the use of such optimized models 

accelerates diagnostic processes, provides reliable 

opinions for radiologists, and strengthens decision support 

mechanisms [13]. 

4. Result and Discussion 

Computed tomography images of lung cancer were 

classified into benign, malignant, and normal categories, 

and EfficientNet-B4, ResNet50, and MobileNetV3-Large 

models were applied to these images. The experimental 

results obtained were compared using Accuracy, 

Precision, Recall, F1-Score, and ROC-AUC metrics in the 

multi-class classification problem and are presented in 

Table 3. 

Table 3 Average Performance Comparison of Models 

Model Accuracy Precision Recall 
F1-

Score 

ROC-

AUC 

MobileNetV3-

Large 

0.9705 ± 

0.0179 

0.9688 ± 

0.0206 

0.9744 
± 

0.0138 

0.9706 
± 

0.0165 

0.9970 
± 

0.0027 

EfficientNet-
B4 

0.9617 ± 
0.0161 

0.9592 ± 
0.0154 

0.9624 

± 

0.0266 

0.9599 

± 

0.0209 

0.9704 

± 

0.0193 

ResNet50 
0.9555 ± 

0.0174 

0.9577 ± 

0.0162 

0.9555 
± 

0.0174 

0.9555 
± 

0.0172 

0.9924 
± 

0.0045 

The MobileNetV3-Large model achieved the highest 

overall classification success among all models examined, 

with an accuracy rate of 97.05 ± 1.79%. The fact that the 

model's Precision (96.88% ± 2.06%), Recall (97.44% ± 

1.38%), and F1-Score (97.06% ± 1.65%) values are quite 

close to each other indicates a balanced distribution 

between false positive and false negative predictions and 

that the model has a consistent decision-making 

mechanism. Furthermore, the 99.70% ± 0.27 ROC-AUC 

value reveals that the MobileNetV3-Large model has a 

very high inter-class discrimination capability. 

The EfficientNet-B4 model achieved a performance 

close to MobileNetV3-Large with an accuracy rate of 

96.17% ± 1.61. The fact that the Precision (95.92% ± 

1.54%), Recall (96.24% ± 2.66%), and F1-Score (95.99% 

± 2.09%) metrics are close to each other indicates that the 

model exhibits balanced and stable classification behavior. 

However, the ROC-AUC value of 97.04% ± 1.93 indicates 

that the EfficientNet-B4 model successfully distinguishes 

between classes. 

The ResNet50 model, with an accuracy rate of 95.55 ± 

1.74%, offered a relatively lower overall accuracy 

compared to the other two models.  The fact that the 

Precision (95.77% ± 1.62%), Recall (95.55% ± 1.74%), 

and F1-Score (95.55% ± 1.72%) values are very close to 

each other indicates that the model exhibits stable 

classification performance. However, the ROC-AUC 

value (99.24% ± 0.45%) indicates that the ResNet50 

model demonstrates strong performance in terms of inter-

class discrimination. 

Overall, the MobileNetV3-Large model stands out in 

terms of overall performance, achieving both the highest 

accuracy and the highest ROC-AUC values. While the 

EfficientNet-B4 model offers balanced and high 

performance, the ResNet50 model provides a strong 

distinction, especially in the ROC-AUC metric. These 

results demonstrate that lightweight and efficient 

convolutional architectures (MobileNet and EfficientNet) 

offer effective solutions in terms of both accuracy and 

stability on the relevant dataset. 

4.1. Analysis of Lung CT Images Using Grad-CAM++ 
Method 

Explainable artificial intelligence approaches have been 

applied to make the predictions obtained from the deep 

learning-based classification model more reliable and 

interpretable from a clinical perspective. The Grad-

CAM++ method, which generates class-separated spatial 

attention maps to reveal which regions of the image the 

model focuses on when making decisions, was used. In 

addition, LIME analysis was performed by dividing the 

image into superpixel regions, locally explaining the 

contribution of each region to the classification result. 

Thus, for all three classes, Grad-CAM++ shows both 

where the model concentrates and how each region 

influences the class decision. With LIME, the model's 

decision-making mechanism is supported by visual 

evidence through comparative evaluation. 

 

Figure 3. Average Grad-CAM++ activation and density 
analyses belonging to the normal class. 

Figure 3 shows the average Grad-CAM++ activation 

maps generated from all lung CT images belonging to the 

Normal class (images without disease symptoms). The 

images obtained revealed low-intensity and diffuse 
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activation patterns throughout the lung parenchyma. The 

model does not appear to focus strongly on a specific 

anatomical region; the classification decision is based on 

the absence of pathological structural cues. This indicates 

that the model does not produce abnormal focuses or 

random attention areas when making decisions in normal 

cases. 

 

Figure 4. Example-based Grad-CAM++ visualizations 
belonging to the standard class. 

In Figure 4, it is observed that the average activation 

point (Average activation point: 124.16, 117.36) is 

concentrated in the coordinates of the model input scale. 

The fact that this point corresponds to the central regions 

of the lung area indicates that the model has developed an 

anatomically consistent and non-random attention 

mechanism for the normal class. In the images, the white 

dot represents the average activation center calculated 

from the Grad-CAM++ heatmap. The model shows the 

centroid of the region that contributes most spatially to the 

classification decision. 

 

Figure 5. Average Grad-CAM++ activation and density 
analyses belonging to the malignant class. 

Figure 5 presents the average images, Grad-CAM++ 

heat maps, and activation intensity analyses obtained from 

the analysis of malignant class lung CT images using a 

deep learning model. The average CT images and 

corresponding Grad-CAM heat maps presented in the 

upper panel demonstrate that the model focuses its 

decision-making attention on distinct, asymmetric, and 

localized pathological regions within the lung 

parenchyma. The activation point density and density 

overlay visualizations in the lower panel clearly show that 

the regions contributing most to the classification decision 

emerge as spatially consistent hotspots. This indicates that, 

in contrast to the homogeneous and symmetrical attention 

distribution observed in the normal class, the structural 

distortions and lesion-like morphological abnormalities 

specific to the malignant class are effectively distinguished 

by the model. The analysis reveals that by highlighting the 

critical regions focused on by the deep learning-based 

diagnostic model, both the model's transparency is 

increased and it is possible to interpret the locations where 

pathological findings are most frequently concentrated in 

a clinically meaningful way. 

 

Figure 6. Example-based Grad-CAM++ visualizations of the 
Malignant class. 

Figure 6 shows three different axial CT images of 

malignant lung cancer. The Grad-CAM results obtained 

from these images significantly reflect the model's 

decision-making mechanism. In the first example, the 

model's production of high red activation in the middle and 

lower regions of the lung parenchyma suggests that it is 

focusing on potentially malignant areas. The blue tones 

observed in extrapulmonary structures indicate that these 

regions have low importance in the decision-making 

process. In the second example, while significant 

activations were observed in pathological regions located 

in both lungs, the presence of low-level activations in 

peripheral and non-tumor-related areas indicates that the 

model exhibits careful and selective focusing. In the third 

example, the activations are predominantly concentrated 

within the lung parenchyma, with weaker activations on 

the opposite side. These findings demonstrate that the 
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model is able to accurately distinguish anatomical regions 

associated with malignancy and exhibits generally 

consistent classification behavior. 

Grad-CAM++ heat maps show that the model primarily 

focuses on regions corresponding to abnormal tissue 

patterns and potential lung nodules within the lung 

parenchyma. In malignant cases, highlighted areas 

generally overlap with regions where nodular structures 

are visually prominent, i.e., regions with varying densities. 

These findings are consistent with pathological patterns 

reported in the healthcare field for lung anomaly detection. 

This observation demonstrates that the model's decision-

making process relies on clinically significant image 

features (density differences) rather than irrelevant 

regions, thus supporting the reliability of the proposed 

explainable AI framework. 

 

Figure 7. Average Grad-CAM activation and intensity analyses 
belonging to the benign class. 

Figure 7 shows the average image obtained from benign 

class lung CT sections, the corresponding average Grad-

CAM++ heat map, overlay, and activation point density. 

The average Grad-CAM++ map reveals that, unlike the 

sharp, singular hotspot structure seen in the malignant 

grade, the model's attention is focused on a broader region 

extending into the central parenchymal areas of the lungs. 

Particularly in the overlay panel, it is observed that the 

activation largely corresponds to intrapulmonary 

structures, while there is no significant concentration in 

extrapulmonary regions such as the chest wall and 

background. The fact that the hot regions in the activation 

point density map exhibit a smoother, more balanced 

profile suggests that the model's decision in the benign 

class is supported by the overall textural arrangement of 

the parenchyma and widespread structural cues, rather 

than by a single mass-like focus. The calculated average 

activation point (mean activation point: 123.58, 110.73) 

quantitatively confirms that this focus corresponds to the 

middle sections of the lungs.  Thus, it appears that the 

benign class is represented by a more stable and diffused 

attention distribution compared to the malignant class. 

 

Figure 8. Example-based Grad-CAM visualizations belonging 
to the benign class. 

Grad-CAM++ based attention maps of three benign 

(non-cancerous) lung CT samples presented in Figure 8 

show that the model's classification decision is 

predominantly based on structures within the lung 

parenchyma. In the first example, although the dominant 

activation is more pronounced on one side, a secondary 

contribution is also observed in the opposite lung, 

suggesting that the decision is formed by a combination of 

features distributed throughout the parenchyma rather than 

a single, sharp focus. In the second example, the 

appearance of activation areas of similar size and intensity 

in both lungs suggests the adoption of a more balanced 

spatial attention pattern characteristic of the benign class. 

In the third example, although activation is more dominant 

in one lobe, it does not completely subside in the opposite 

lobe but persists at a moderate level, supporting the idea 

that the model makes its decision by evaluating bilateral 

tissue patterns together, rather than locking onto a local 

aggressive focus.  Overall, the concentration of the highest 

contribution in the parenchyma rather than in 

extrapulmonary structures indicates that the obtained 

Grad-CAM++ samples are anatomically consistent and 

strengthens the interpretability of the benign class. 

4.2. Analysis of Lung CT Images Using the LIME 
Method 

 

Figure 9. Average LIME activation and intensity analyses 
belonging to the Bening class. 
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Figure 9 shows the results of the average activation 

analysis obtained using the LIME method for the benign 

lung class. The average CT image in the upper left 

represents the spatial common structure of benign samples 

in the dataset, while the marked center point reveals the 

location most frequently referenced by the model in the 

decision-making process. The average LIME shows that 

the additive regions in the heat map exhibit a superpixel-

based distribution with smooth transitions, without 

forming sharp boundaries. This suggests that the model, 

when defining the benign class, relies on structural 

patterns formed by neighboring tissues rather than a single 

dominant lesion. In the overlay visualization, it is 

noteworthy that these contribution areas remain largely 

within the lung parenchyma and extend only minimally 

into surrounding anatomical structures. The activation 

point density map reveals that the high contribution is 

concentrated in a narrow and compact region, but exhibits 

a profile different from the aggressive and widely 

distributed foci observed in malignant classes. Finally, the 

density overlay panel shows that the model uses a central 

and repetitive spatial attention mechanism when making 

decisions for the benign class, but that this attention is 

widely and evenly distributed. These results indicate that 

LIME-based average analyses offer a more stable model 

and structurally-driven explainability in benign samples. 

Figure 10.  Bening class-specific example-based LIME 

visualizations 

Figure 10 shows an example of a benign lung computed 

tomography image, illustrating how the LIME-based 

explainability approach shapes model decisions. In the 

first example, the general structure of the lung parenchyma 

is preserved in the original CT scan, and no significant 

aggressive lesion pattern is observed. In contrast, the 

LIME heatmap shows the contributions spread across 

numerous small superpixels, with low to medium 

dispersion. The LIME visualization shows that the model's 

decision center is located in the central region of the lungs, 

but the decision is not based on a single dominant region. 

In the second example, while increased heterogeneity in 

the parenchyma is noticeable in the original image, it is 

striking that the contributions in the LIME heat map are 

mostly limited to intrapulmonary tissues, and peripheral 

areas are represented with low significance. This suggests 

that the model bases its definition of the benign class on 

structural tissue arrangement. The LIME output shows that 

the insertion center is located within the parenchyma, 

supporting anatomical consistency. In the third example, 

although there are more pronounced density differences in 

the original section, the LIME heat map shows that the 

contributions are spread over a wide area and do not form 

a sharp focus. In the images in the third column, the 

location of the maximum contribution, marked with a dot, 

reveals that the model based its decision on the combined 

effect of environmental superpixel groups rather than a 

specific local structure. Overall, these three examples 

demonstrate that the LIME method explains the model's 

decisions for the benign class in a piecemeal, distributed, 

and structurally-based manner, deviating significantly 

from the dense and localized contribution patterns 

expected in the malignant classes. 

 

 

Figure 11. Average LIME activation and intensity analyses 
belonging to the Maling class. 

Figure 11 shows the average activation analysis 

obtained using the LIME method for the maling class. The 

average CT image in the upper left panel represents the 

common spatial appearance of malignant specimens, while 

the marked point indicates the most frequently observed 

decision center within each class. In the average LIME 

heat map (upper center), the contribution regions are 

distributed with a superpixel-based and fragmented 

structure, but the most prominent contribution is 

concentrated in regions near the center of the image. This 

suggests that the model's decision is based on the 

combined effect of multiple neighboring structural 

components, rather than a single small region. The overlay 

panel in the upper right visually demonstrates how the 

model's attention is drawn to the central structures within 

the image by presenting these contribution areas 

superimposed on the anatomical structure. The activation 
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point density map in the lower left shows that activations 

are clustered distinctly in a single core region, and the 

calculated average activation point (average activation 

points: 116.52, 111.05) quantitatively confirms the center 

of this clustering. Finally, the density overlay panel (lower 

middle) clarifies where the high contribution is repeated 

on the image, demonstrating that the model has developed 

a more stable spatial focus in the lung malignant nodule 

class. 

 

Figure 12.  Example-based LIME visualizations of the 
malignant class. 

Figure 12 illustrates how the model justifies its decision 

in the malignant classification of lung cancer using LIME, 

through three different examples. The first original lung 

CT image is shown, followed by a LIME superpixel heat 

map, and finally, an overlay of the additives, showing the 

point of highest additiveness. In the first example, most of 

the hot superpixels are clustered in a narrow area near the 

central/hilar region of the lungs, and the spot is located 

very close to this cluster; this suggests that the model 

supports the malignant diagnosis more through a local 

focus. In the second example, the contributions are 

distinctly spread across both hemithoraxes. The 

widespread distribution of hot patches throughout the 

parenchyma on the LIME map and the concentration of 

these patches in intrapulmonary structures in the overlay 

image indicate that the model's decision is based on 

widespread tissue patterns/heterogeneity rather than a 

single lesion.  In the third example, hot superpixels are 

seen to be more dominant on one side and sparser on the 

other. The fact that the point falls within the dominant 

contribution region indicates that the model gives more 

weight to parenchymal changes showing asymmetry for 

the malignant class in this section. Overall, in all three 

examples, the strongest contributing areas remained within 

the lung parenchyma, and the marked point overlapped 

with these areas, suggesting that the LIME description 

indicates that the model's malignant classification is based 

not on randomness, but on the combined effect of specific 

parenchymal regions within the image. 

 

Figure 13. Average LIME activation and intensity analyses 
belonging to the normal class. 

 
Figure 13 shows the LIME description generated from 

the average of the samples belonging to the normal class. 

Since no obvious findings indicating pathology are 

expected in the original average image, the foci seen on the 

LIME map do not represent the location of the disease. The 

model highlights the anatomical cues it references here to 

define the normal class. The clustering of the heat map and 

density overlay panel, particularly in a region close to the 

center of the lungs, suggests that the model frequently 

checks structural features such as airway/mediastinum 

periphery, hilus line, and overall symmetry contrast 

scheme when making decisions. The clustering of 

activation point densities in a single core region indicates 

that the model repeatedly examines a similar control 

region across different normal samples, supporting the 

normal class decision through a consistent spatial pattern. 

Consequently, these focal points should be interpreted not 

as pathological lesions, but as stable anatomical reference 

regions that the model uses to confirm its normality. 

 

Figure 14. Example-based LIME visualizations belonging to 
the normal class. 
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Figure 14 illustrates the rationale behind the model's 

decision using the LIME method in three different axial 

thoracic CT sections belonging to the normal class. Each 

row contains the original image, a superpixel significance 

map, and an overlay of this map onto the image, along with 

a notation marking the point of highest contribution. Since 

no significant lesions are expected in the normal class, the 

highlighted areas reflect anatomical cues that the model 

confirms when making the normal decision, rather than a 

pathological focus. In the first example, the concentration 

of contributions around the upper central parenchyma and 

airway/bronchovascular structure suggests that the model 

references symmetry and typical tissue arrangement. In the 

second example, the peripheral contributions along the 

pleural line and parenchymal boundaries demonstrate that 

contour continuity and density transitions are distinctive 

for the normal class. Although the distribution is more 

diffuse in the third example, the fact that the highest 

contribution point remains in the intrapulmonary region 

supports the idea that the decision is based on anatomically 

significant areas. Overall, the model focuses not on a 

single focal point within the normal class, but on holistic 

normal anatomical features such as symmetry, borderline 

regularity, and typical parenchymal tissue. 

5. Conclusion  

This study aimed to automatically differentiate normal, 

benign, and malignant classes from lung CT scans. To 

improve the explanatory power of predictions obtained 

using a deep learning-based classification approach on a 

dataset containing a total of 1933 images, Grad-CAM++ 

and LIME methods were used together. The goal is not 

only to achieve highly accurate classification, but also to 

strengthen confidence in AI-based diagnostic support 

systems by making the model's decisions clinically 

interpretable. 

The dataset used in this study was obtained from an 

existing medical image source. Therefore, the class 

distribution was left as is, without any changes, preserving 

the original structure of the dataset. The dataset contains 

416 normal, 467 benign, and 1050 malignant CT images, 

resulting in a certain class imbalance. While such 

imbalances can affect model learning, different 

performance metrics such as precision, recall, and F1-

score were used in addition to the accuracy metric to more 

reliably evaluate model performance. 

When Grad-CAM++ outputs were evaluated on a class 

basis, it was observed that activations related to the normal 

class exhibited a low-intensity and diffuse distribution 

throughout the lung parenchyma, whereas the model did 

not tend towards a distinct pathological region. This 

suggests that, in normal cases, the decision is based not on 

the presence of a lesion, but on overall anatomical 

consistency supporting the absence of pathological 

findings. In contrast, the concentration of activations in the 

malignant tumor class as more localized, asymmetrical, 

and distinct hotspots indicated that the model focused 

more selectively on parenchymal changes that might be 

associated with malignancy. In the benign tumor class, a 

more widespread and balanced distribution of attention 

was observed compared to the malignant class, suggesting 

that the model considered broader structural cues together, 

such as the overall tissue arrangement of the parenchyma, 

rather than a single aggressive focus. This separation 

reveals that the three classes are represented by different 

spatial characteristics at different levels of explainability. 

Image analysis using the LIME method provided local 

annotations that complemented the Grad-CAM++ results. 

In the normal (disease-free) category, it was observed that 

the regions highlighted by LIME did not represent a 

pathological focus; the model checked normal anatomical 

cues such as symmetry, contour continuity, pleural border 

regularity, and expected density transitions when making 

its normal decision. In benign lung imaging samples, it 

was observed that the contributions remained fragmented 

but distributed within the parenchyma at the superpixel 

level, and the resolution was not reduced to a single region. 

In malignant lung imaging samples, it was observed that 

the contributions were more focused in some sections and 

more widespread in others, but the fact that the strongest 

contribution areas mostly remained within the lung 

parenchyma supported the anatomical consistency of the 

explanations. Thus, while LIME shows which regions the 

model's decision is locally fed from, Grad-CAM++ 

simultaneously reveals the class-separating distractibility 

of the decision-making process, demonstrating that using 

the two methods together significantly improves 

interpretability. 

In conclusion, the study findings demonstrate that deep 

learning-based lung CT classification becomes clinically 

more reliable and traceable when supported not only by 

performance outputs but also by explainability maps. The 

obtained Grad-CAM++ and LIME visualizations revealed 

that the model primarily referenced anatomically 

significant intrapulmonary regions when making 

decisions, and the observation of different 

attention/contribution patterns in normal, benign, and 

malignant classes increased the transparency of the 

model's decision-making mechanism. 

However, to improve the clinical generalizability of 

these findings, it is recommended that future external 

validation be performed with larger datasets from different 

centers, integration of 3D volumetric assessments (3D 

CT), analysis of class imbalance and sensitivity to imaging 

protocols, and quantitative comparison of XAI outputs 

with radiologist assessments. Accordingly, it was 

concluded that explainable AI-assisted classification 

approaches have significant potential in the early detection 

of lung nodules and in supporting clinical decision-making 
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