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ABSTRACT: Artificial Intelligence (AI) is increasingly being applied in the healthcare field through Machine Learning (ML) and 

Deep Learning (DL) models. However, the complexity of modern black-box models creates a need for transparent interpretation 

methods. Explainable AI (XAI) emerges to bridge this gap by providing better understanding of model performance. This study 

implements the Local Interpretable Model-agnostic Explanations (LIME) method to visualize the classification results of a DL 

model based on the ResNet18 architecture on Chest X-ray (CXR) images across three classes: normal, COVID-19, and pneumonia. 

The model achieved a precision of 97%, recall of 97%, and F1-score of 97%, with an accuracy of 98%. LIME visualizations highlight 

the image regions that significantly contribute to the classification and effectively distinguish among the three classes. The results of 

this study demonstrate that applying XAI specifically LIME with a ResNet18-based DL model can provide interpretability in CXR 

image classification tasks. 
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I. INTRODUCTION  

Artificial intelligence has experienced significant growth 

across various fields in recent years. Along with this 

development, numerous methods have been reported that 

leverage machine learning (ML) and deep learning (DL) 

models. However, the majority of these models are complex 

in nature and do not provide clear insights into their decision-

making processes, and are therefore often referred to as black-

box models. This condition poses particular challenges, 

especially in critical domains such as healthcare, where the 

interpretability and transparency of system decisions are 

essential to ensure trust and safety for end users [1]. 

 

Figure 1. Black-box models are not transparent in their 

decision-making   processes. 

 

In the healthcare domain, lung diseases exhibit various 

variations with clinical symptoms that are often similar, 

making it difficult for the general public to accurately identify 

the type of disease being suffered. One of the most commonly 

encountered lung diseases is pneumonia, which is an acute 

infection of the lower respiratory tract caused by 

inflammation of lung tissue and alveoli (air sacs) [2]. 

COVID-19, caused by the SARS-CoV-2 virus, is a lung 

disease that has gained global attention since it was first 

identified in Wuhan, China, in December 2019 [3]. 

Artificial Neural Networks (ANNs), as one of the major 

breakthroughs in machine learning (ML), are models inspired 

by the functioning of biological nervous systems and have 

been shown to outperform conventional AI approaches in 

various machine learning tasks. One of the most prominent 

ANN architectures is the Convolutional Neural Network 

(CNN), which is widely used for visual pattern recognition, 

particularly in image analysis. CNNs are known for their 

efficient yet effective structure, making them an ideal starting 

point for neural network modeling [4][5]. One of the most 

widely used variants of CNN architectures is the Residual 

Neural Network (ResNet). Although based on the same 

fundamental principles, CNN architectures such as ResNet 

vary in terms of the number of layers and parameters used [6]. 

Research conducted by Salih Sarp et al. [7] demonstrated that 

the ResNet model is capable of achieving very high 

classification performance, with an F1-score of 98%. These 

findings indicate that ResNet is one of the most effective and 

accurate methods for detecting COVID-19 from chest X-ray 

images. 

https://doi.org/10.47191/etj/v11i02.18
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As the complexity of modern ML models that operate as 

black-box systems continues to increase, the need for 

transparent and interpretable methods has become 

increasingly urgent. This has driven the growth of the field of 

Explainable Artificial Intelligence (XAI), which aims to 

provide better insights into how ML models operate for users 

and decision-makers [8]. XAI is particularly relevant for 

models with complex architectures, such as deep neural 

networks, where transparency in decision-making is a critical 

aspect [9]. One of the most well-known XAI approaches is 

Local Interpretable Model-agnostic Explanations (LIME), 

which is designed to enhance the interpretability of black-box 

models. LIME works by constructing interpretable local 

models around individual predictions through the generation 

of synthetic data with random perturbations to identify the 

most influential features contributing to the prediction 

outcomes [10]. 

CNN-based approaches integrated with LIME have been 

successfully applied in various studies. Research by Mesut 

Togacar et al. [11] showed that the combination of CNN and 

LIME was able to accurately distinguish COVID-19 from 

pneumonia caused by bacterial and viral infections through 

medical image analysis. Furthermore, a study by Natasha 

Nigar et al. [12] developed a ResNet-18–based model trained 

using transfer learning techniques on the ISIC 2019 dataset. 

The model was able to accurately classify eight types of skin 

lesions, achieving accuracy, precision, recall, and F1-score 

values of 94.47%, 93.57%, 94.01%, and 94.45%, 

respectively. LIME was employed in the study to provide 

explanatory visualizations that support rational decision-

making, as well as to reveal the model’s generalization 

capability and potential biases toward the image data used. 

This research provides several important contributions to 

the development of interpretable deep learning–based 

medical image classification systems. The identified 

contributions of this study are as follows: this research 

employs the ResNet-18 architecture to classify chest X-ray 

(CXR) images into three classes, namely normal, COVID-19, 

and pneumonia. In addition, this study integrates the LIME 

method as an XAI approach to provide interpretations of the 

deep learning model’s classification results. 

 

II. METHOD 

The conduct of a scientific study requires a systematic and 

well-structured methodological design. Research 

methodology not only serves as a conceptual framework but 

also functions as a strategic foundation that guides each stage 

of the research in a sequential manner. In this study, the 

implementation was carried out using the Python 

programming language within the Windows 11 operating 

system environment. 

 
 

Figure 2. Stages of classification 

 

Figure 3. Stages of XAI implementation 

 

Figures 2 and 3 show that this study consists of two 

main stages. The first stage is the classification process, 

which begins with the collection of training and validation 

data, followed by CXR image preprocessing and model 

training using deep learning techniques. The second stage is 

the testing phase, in which the test data are processed using 

the trained model to generate predictions, which are then 

visually explained using Explainable Artificial Intelligence 

(XAI) methods. 

A. Data Collection 

Data collection in this study was carried out by searching 

for public data obtained from Sachin Kumar et al. [13]. 

The data collected consisted of 3009 images of normal 

chest CXR, pneumonia, and COVID-19, of which 3000 

were used for training and validation, divided equally for 

each class. Each class consists of the following: 1,000 

normal images, 1,000 pneumonia images, and 1,000 

COVID-19 images. Then, 9 images from 3 different 

classes were used for the test data for XAI implementation. 

The following are examples of images from the 3 classes 

of CXR images used: 

             (a)                             (b)                              (c)  

Figure 4. CXR images of the lungs: (a) Normal, (b) 

COVID-19, and (c) Pneumonia 

 

B. Pre-Processing 

Resize, at this stage, the input image dimensions are 

adjusted to 224 × 224 pixels. This adjustment aims to 

ensure image compatibility with the deep learning 

architecture used, while facilitating computational 

efficiency during the training and validation processes. In 

addition, this size change is designed to adjust the image 

format to the input standards commonly used in various 

deep learning models, particularly CNN architectures, 
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which generally accept 224 × 224pixel images as default 

input 

Data splitting, data splitting is a fundamental step in 

the machine learning model training process. Datasets are 

usually divided into two main subsets: training data for 

building models and validation data for evaluating their 

performance. The splitting ratio can vary, such as 90:10, 

80:20, or 70:30, depending on the needs and size of the 

dataset. The main purpose of this division is to avoid 

overfitting and to measure the model's ability to generalize 

to data it has never seen before [14]. 

C. Deep Learning Models 

Model development, the model developed in this study 

uses one of the CNN architectures, namely ResNet18, 

which is initialized without pre-trained weights, in an 

effort to ensure that the learning process starts from a 

neutral condition without the influence of external 

parameters. Architectural adaptation is carried out 

strategically by replacing the fully connected layer at the 

end of the network with a linear layer that is adjusted to the 

number of target classes [15]. In addition, a dropout 

mechanism was added as a form of regularization to 

minimize the risk of overfitting and improve the model's 

generalization ability to previously unseen data [16]. The 

model development process was carried out using the 

Adam optimization algorithm combined with weight 

regularization, aiming to maintain stability and accuracy 

during the parameter update process [17]. As a further 

strategy to control learning dynamics, learning rate 

scheduling was applied, where the initial learning rate was 

set at a high value to accelerate initial convergence, then 

gradually decreased to refine the model parameters. This 

approach was designed to produce a medical image 

classification model that is not only efficient, but also 

adaptive and reliable in dealing with the complexity of 

clinical visual data [18]. 

Model training, DL model training in CXR image 

classification is carried out through a gradual training 

cycle that is repeated over a number of epochs. At the 

beginning of each cycle, the model is activated in training 

mode to process the entire image batch, where each image 

is analyzed to produce an initial prediction [19]. Using too 

many epochs can cause overfitting, while using too few 

epochs can cause underfitting. Therefore, it is very 

important to determine the appropriate number of epochs 

[20]. During the training process, the model parameters 

are iteratively optimized to minimize the loss function. 

The loss values for the training and validation data are 

evaluated at each epoch to monitor the model's 

performance. The model is automatically saved whenever 

there is a decrease in the loss value in the validation data, 

as an indication of improved generalization to unseen data 

[21]. 

Model evaluation, the confusion matrix is a classic 

evaluation tool that has long been used in testing the 

performance of classification models, both in scientific 

and technical applications. This matrix is an essential 

component in various disciplines such as computer vision, 

natural language processing, and speech recognition. In its 

most basic form, a confusion matrix is used to describe 

binary classification results through a two-row, two- 

column table, which represents the distribution of four 

possible model outputs:  

Figure 5. Confusion matrix table 

 

True Positive (TP), False Positive (FP), True Negative 

(TN), and False Negative (FN). Each of these components 

provides important information about the model's success 

and failure rates in distinguishing between correct and 

incorrect classes [22]. 

 
D. XAI Implementation  

XAI is a branch of research that focuses on uncovering and 

explaining the decision-making processes of artificial 

intelligence systems [23]. As model architectures become 

increasingly complex, especially deep neural networks, 

XAI has emerged as a crucial element in the modern 

machine learning ecosystem, addressing the need for 

transparency and accountability in the prediction process 

[9]. Various XAI approaches have been developed to 

explore the internal mechanisms of models, with the aim 

of interpreting how neural networks process and respond 

to input data, thereby providing insights that can be 

understood by users and decision makers [24]. 

Local Interpretable Model-Agnostic Explanations 

(LIME) is an approach that explains complex model 

predictions by building simple models around the analyzed 

data. This method is model-agnostic, so it can be used on 
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various types of models, including those whose structure 

is inaccessible or black-box. LIME focuses on explaining 

a single prediction locally, resulting in easy-to-understand 

visual interpretations [25]. To generate an explanation for 

a prediction, LIME generates a number of synthetic data 

that resemble the original examples and evaluates them 

using a black-box model. The prediction results from the 

model are then used as training data for a simple, 

interpretable linear model. This linear model acts as a local 

explainer that approximates the behavior of the complex 

model around that data point. From this model, LIME 

forms a saliency map that highlights the areas in the image 

that most influence the prediction [26]. 

The explanation of various approaches to black box 

model interpretability can be summarized as follows. 

Feature maps enable the system to identify and highlight 

specific areas of the input that most influence the final 

decision [25]. The visualization is usually displayed in the 

form of an original image overlaid with a feature map, 

which represents the intensity of each region's contribution 

to the prediction result. Meanwhile, the post-hoc approach 

aims to interpret complex models, such as neural networks, 

using external techniques to gain interpretive insights into 

trained models [8][25]. Finally, the model-agnostic 

approach serves to explain various types of black box 

models without requiring information about the model's 

internal structure. This approach also falls under the post-

hoc category because understanding is gained through 

analysis of the output generated from controlled 

perturbations of the input data [8][25][27]. 

Next, the local approach is used to explain the reasons 

behind the model's decision for a particular instance. This 

approach considers the model as a non-transparent entity 

and focuses on the local variables that most influence the 

prediction results [8][25]. The saliency map method aims 

to interpret the model's decision by assigning a relevance 

score to each input component, which is visualized in the 

form of a heatmap or probabilistic map, highlighting the 

most informative input areas [28]. Finally, the feature 

importance approach is one of the most common forms of 

explanation in local interpretation, by assigning 

importance values to each feature that indicate how much 

influence that feature has on the prediction being analyzed 

[29]. 

 

 
F.6. LIME XAI Method 

F.7. LIME stages 

 

The LIME procedure identifies labels with the highest 

probability based on the model's prediction results for the 

input image. LIME estimates the parts of the image that 

are most relevant to the model's decision by comparing the 

influence of image segments on the output. The estimation 

results are presented in the form of a visual map showing 

the contribution of each image part to the classification. 

The importance map is visualized by displaying it as an 

overlay on the original image, so that the parts that 

influence the model's decision can be intuitively 

recognized. The following is the calculation for the LIME 

operation: 

                      𝑎𝑟𝑔𝑚𝑖𝑛!𝜖𝐺  {𝐿 (𝑓, 𝑔, 𝜋) + Ω (𝑔)} 

 

Explanation: 

𝑥: An example of the data space we want to explain for the 

predicted target value. 𝐿 (𝑓, 𝑔, 𝜋𝑥): A fidelity function 

that measures how unfaithful g is when approaching f 

in the locality defined by𝜋𝑥. This is a loss that 

recognizes locality. 

Ω(𝑔): Measures the complexity of the model from the 

explainer (𝑔) 

𝑓: The black-box model to be explained 

𝑔: The explainer 

𝐺: Total set of interpretable models 

𝜋𝑥: Proximity measure [7] 

 

III. RESULTS AND DISCUSSION 

A. Hyperparameter Testing Results 

Hyperparameters are important components that determine 

the architectural configuration and training behavior of 

convolutional neural networks (CNNs). The main 

challenge in optimizing them lies in finding the optimal 

combination of parameters, which not only maximizes 

model accuracy but also considers training time efficiency 

[30]. This study applies data splitting to the dataset. Data 

splitting is applied to the training and validation processes. 
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The training and validation data will be divided in the deep 

learning stage with ratios of 90%:10%, 80%:20%, and 

70%:30%, which are divided manually. 

  

Table 1. Best data splitting 

Dataset Class Training Data Validation Data 

Chest X-ray Normal 900 100 

 COVID-19 900 100 

 Pneumonia 900 100 

Total  2700 300 

 

Based on the parameter testing results in Table 1, the 

optimal configuration was obtained in a data split scenario 

of 90% for training and 10% for validation. 

 

Table 2. Hyperparameter testing results 

No. Data 

Splitting 

Ep

- 

oc

h 

Learnin

g  

Rate 

Loss % Accuracy

% 

Train Va

l-

ida

tio

n 

Train Valida

t- ion 

Train Valid

a-te 

Exp 1 70 30 25 0.001 0.1216 0.088

0 

96.25 96.83 

Exp 2 70 30 25 0.0001 0.0812 0.096

2 

97.25 96.33

% 

Exp 3 70 30 25 0.0000

1 

0.1482 0.109

6 

95.25 96.50

% 

Exp 4 70 30 50 0.001 0.4507 0.356

8 

83.83 90.00 

Exp 5 70 30 50 0.0001 0.0679 0.106

9 

97.33

% 

96.17

% 

Exp 6 70 30 50 0.0000

1 

0.0324 0.067

1 

98.88 97.83

% 

Exp 7 80 20 25 0.001 0.0842 0.089

9 

97.04 96.83

% 

Exp 8 80 20 25 0.0001 0.2782 0.227

2 

91.21 92.83

% 

Exp 9 80 20 25 0.0000

1 

0.0625 0.097

1 

97.67 96.78

% 

Exp 10 80 20 25 0.0000

01 

0.1033 0.100

8 

96.62 96.78 

Exp 11 80 20 50 0.001 0.1424 0.108

3 

95.29 96.78

% 

Exp 12 80 20 50 0.0001 0.0710 0.325

0 

97.67 86.89

% 

Exp 13 80 20 50 0.0000

1 

0.0388 0.092

1 

98.52 96.89

% 

Exp 14 80 20 50 0.0000

01 

0.0987 0.097

1 

97.10 96.56

% 

Exp 15 90 10 25 0.001 0.1245 0.088

2 

95.74

% 

97.67

% 

Exp 16 90 10 25 0.0001 0.0842 0.063

8 

97.15 98.00

% 

Exp 17 90 10 25 0.0000

1 

0.1442 0.088

1 

95.33 98.33

% 

Exp 18 90 10 25 0.0000

01 

0.4016 0.337

8 

85.67 90.00 

Exp 19 90 10 50 0.001 0.0679 0.086

1 

97.37 97.00 

Exp 20 90 10 50 0.0001 0.0249 0.071

1 

99.19

% 

98.00

% 

Exp 21 90 10 50 0.0000

1 

0.0998 0.077

7 

96.81 98.33

% 

Exp 22 90 10 50 0.0000

01 

0.2711 0.205

2 

91.11 92.67 

 

Based on the results in Table 2, the optimal 

configuration was obtained in the scenario with 50 epochs 

and a learning rate of 0.00001. This combination of 

parameters produced the highest validation accuracy, 

which was 98.33%, reflecting the model's excellent 

predictive performance in recognizing patterns from the 

input data. 

 

Figure 8. Plot of loss and accuracy of the best 

hyperparameters 

B. Evaluation Metrics 

From the hyperparameter testing results, it was found that 

each class has different precision, recall, and f1-score 

values for each dataset. 

 

Table 3. Evaluation Results 

Class Precision Recall F1-Score Support 

COVID-19 100% 100% 100% 100 

Normal 99% 93% 96% 100 

Pneumonia 93% 99% 96% 100 

 

Based on Table 3, we can see that the COVID-19 class 

has a higher value than the other classes. This indicates 

that the model classifies the COVID-19 class well. 

However, overall, the model has classified well, with the 

evaluation values for the normal and pneumonia classes 

being close to those of the COVID-19 class. 

C. LIME Visualization 

In this study, to see the LIME visualization results, 3 data 

per class were taken without prior training. The aim was 

to see the performance of the model that had been built and 
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trained previously. Then, to see whether LIME highlighted 

the test data images well and correctly. This paper will 

display LIME visualizations of 3 data per class. 

 

COVID-19, based on the visualization results, it can be 

seen that LIME highlights the inferior lobe area in both 

lungs, particularly in the peripheral zone or outer edge of 

the lungs, as the main contributor in the model's decision 

to classify this image as COVID-19. 

 
Figure 9. LIME visualization of COVID-19 

 

Normal, based on the LIME interpretation results for 

normal predictions, it can be seen that the highlighted area 

is in the middle to lower part of both lungs. This area 

appears symmetrical and shows no signs of abnormality. 

LIME shows that the model considers this clean and 

normal-looking part of the lung to be the main reason for 

determining that this image belongs to the normal 

category. 

 
Figure 10. LIME Visualization for Normal 

 

Pneumonia, based on the LIME results for pneumonia 

prediction, it can be seen that the highlighted areas are 

located in several areas of the upper to middle lungs. LIME 

indicates that the model relies on these areas to determine 

that this image shows pneumonia. 

 
Figure 11. LIME Visualization of Pneumonia 

 

Figures 9, 10, and 11 present the model's prediction 

results on the test data, accompanied by explanations using 

the LIME method. Each figure shows yellow superpixel 

regions that represent significant contributions to the 

classification decision, as well as red bounding boxes that 

indicate the ground truth areas of COVID-19, normal, and 

pneumonia in the lungs. This LIME explanation provides 

visual insight into the parts of the image that the model 

considers important in generating predictions. All trained 

models successfully classified the CXR images in the three 

figures accurately into classes. This reflects the model's 

ability to detect the presence of disease and extract 

relevant features from the lung structure. In particular, the 

ResNet18 architecture shows consistency between the 

LIME superpixel regions and the ground truth areas, 

indicating a valid interpretation. However, there are still 

explanatory superpixels that appear in areas outside the 

lungs, which are not directly related to pathology, 

suggesting that although the model's interpretation is 

largely correct, there is room for improvement in 

increasing the model's focus on clinically relevant areas. 

 

CONCLUSIONS  

Based on the results of interpretation using LIME, there 

are differences in the attention patterns of the model in 

classifying chest CSR images as normal, COVID-19, or 

pneumonia. In images with a normal prediction, the areas 

highlighted by LIME are in the middle to lower parts of 

both lungs and appear symmetrical, indicating that the 

model relies on the appearance of clean lung structures as 

the basis for classification. Conversely, in COVID-19 

cases, the highlighted areas tend to be in the peripheral and 

lower parts of the lungs. Meanwhile, in pneumonia 

predictions, LIME highlights several areas in the upper to 

middle parts of the lungs. 
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