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Abstract: In the current landscape of the COVID-19 pandemic, the utilization of deep learning in medical imaging, especially in chest computed tomography (CT) scan analysis for virus detection, has become increasingly significant. Despite its potential, deep learning’s “black box” nature has been a major impediment to its broader acceptance in clinical environments, where transparency in decision-making is imperative. To bridge this gap, our research integrates Explainable AI (XAI) techniques, specifically the Local Interpretable Model-Agnostic Explanations (LIME) method, with advanced deep learning models. This integration forms a sophisticated and transparent framework for COVID-19 identification, enhancing the capability of standard Convolutional Neural Network (CNN) models through transfer learning and data augmentation. Our approach leverages the refined DenseNet201 architecture for superior feature extraction and employs data augmentation strategies to foster robust model generalization. The pivotal element of our methodology is the use of LIME, which demystifies the AI decision-making process, providing clinicians with clear, interpretable insights into the AI’s reasoning. This unique combination of an optimized Deep Neural Network (DNN) with LIME not only elevates the precision in detecting COVID-19 cases but also equips healthcare professionals with a deeper understanding of the diagnostic process. Our method, validated on the SARS-COV-2 CT-Scan dataset, demonstrates exceptional diagnostic accuracy, with performance metrics that reinforce its potential for seamless integration into modern healthcare systems. This innovative approach marks a significant advancement in creating explainable and trustworthy AI tools for medical decision-making in the ongoing battle against COVID-19.
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1  Introduction

The COVID-19 pandemic has emerged as a defining global health crisis of the 21st century, with a staggering toll of over six million lives lost by 2023 [1]. In confronting this challenge, the medical community initially relied on Real-Time Reverse Transcription Polymerase Chain Reaction (RT-PCR) tests for detection, a method praised for its specificity in detecting the SARS-CoV-2 virus [2,3]. However, the RT-PCR test has several limitations. These include its sensitivity to sample quality and timing, with studies indicating a significant rate of false negatives, especially when samples are collected in the early or late stages of infection. Additionally, RT-PCR tests can have lengthy turnaround times, which is a critical factor in pandemic management. Moreover, the demand for RT-PCR testing can lead to resource constraints, impacting test availability and accessibility [4,5].

In the wake of these challenges, medical imaging has assumed a critical role as a supplementary diagnostic tool, especially when combined with clinical assessments, epidemiological information, and laboratory results [6]. Among the imaging modalities, chest computed tomography (CT) scans have been paramount in the rapid identification and isolation of infected individuals, offering greater detail in soft tissue contrast than X-rays, which are more accessible but less precise [7,8].

The surge in infection rates has underscored the necessity for automated analysis of CT images to accelerate the detection process. The manual interpretation of these detailed scans is a time-intensive task, emphasizing the imperative for automation in the diagnostic evaluation of COVID-19 [9]. Recent developments in deep learning (DL) for COVID-19 detection via chest CT images have shown promise, with a range of pre-trained models, including VGG19, RESNet50, and DenseNet169, delivering substantial accuracy improvements [3,10,11]. The integration of transfer learning has further refined these models, enabling approaches such as DenseNet201 to excel in classifying COVID-19 cases [12–16].

Yet, the opaque nature of DL models’ decision-making processes presents a significant barrier, which the field of Explainable AI (XAI) seeks to address by rendering the workings of AI transparent and intelligible to all stakeholders [17,18]. This is achieved through the implementation of various methodologies, including but not limited to model simplification [19–21], rule extraction [17,22–24], and the deployment of sophisticated visualization techniques [25–27]. Model simplification involves reducing the complexity of ML/DL models to make their internal mechanisms and decision-making processes more understandable. Rule extraction identifies and clarifies the rules and patterns classifiers use for predictions, illuminating their logic. Additionally, advanced visualization employs graphical methods to clarify data, features, and decision processes in these models, improving user understanding. Together, these methods demystify ML/DL classifiers, building trust and reliability in their applications. However, the application of XAI to the high-dimensional data of CT scans often necessitates more complex modeling approaches than those suitable for X-ray images.

In this context, our research contributes a comprehensive framework for COVID-19 classification from CT scans that synthesizes cutting-edge DL techniques with the latest in XAI. We implement feature extraction and data augmentation strategies with pre-trained deep convolutional neural network (CNN) models, leading to a high-performing, generalizable deep neural network (DNN) classification model. Our design incorporates a carefully curated selection of fully connected, dropout, and batch normalization layers to enhance the post-feature extraction classification efficacy.

We extend the capabilities of our framework by integrating the local interpretable model-agnostic explanations (LIME) technique, which explicates the decision-making process for AI-driven classifications. This innovative approach promises not only to set a new standard for COVID-19 detection from CT scans but also to advance the medical diagnostic field toward a future where AI decision-making is both interpretable and reliable. The key contributions of our work include:

•   The use of DenseNet201 architecture for extracting features indicative of COVID-19 from CT scan images can eliminate the vanishing gradient problem, improve feature reuse and feature propagation, and reduce the number of parameters. Moreover, the combination of extracted features by DenseNet201 with the average global pooling layer reduces the overfitting problem and unnecessary use of memory.

•   The employment of data augmentation to diversify the training data enhances the model’s ability to generalize and reduces overfitting.

•   The application of XAI methods to ensure transparent classification processes, particularly through the use of LIME to clarify distinguishing features of COVID-19 in CT scans.

•   The validation of our approach on a publicly available, extensive dataset of CT scans for SARS-CoV-2 detection [28].

•   The advancement of AI in medical diagnostics toward a model that combines accuracy with transparency and trustworthiness.

Through this multifaceted approach, we aim to establish a new benchmark for the detection and classification of COVID-19 from CT images and to push the field toward transparent, explainable, and reliable AI in medical diagnostics.

The rest of this paper is organized as follows. Section 2 presents the work done in the field of deep learning techniques and XAI methods for chest CT images. Section 3 describes background knowledge about CNN and DenseNet. The proposed technique is described in Section 4. The experimental results and discussions are given in Section 5. The concluding remarks are drawn in Section 6.

2  Related Work

Extensive research has been conducted to detect COVID-19 through radiological imaging, with chest CT scans demonstrating lower false positive rates compared to other techniques such as X-rays. In their pioneering work, Farjana et al. [3] harnessed transfer learning with pre-trained models such as VGG19, RESNet50, and DenseNet169 to diagnose COVID-19 from CT scans, overcoming challenges of limited data due to privacy constraints. The DenseNet169 model was distinguished by its exceptional performance, achieving 98.5% accuracy in binary classification, outshining its counterparts.

Joshi et al. [10] explored a transfer learning framework using the VGG16 model, concentrating on lung CT scans reflective of the virus’s primary impact. They employed preprocessing methods like CLAHE and data augmentation to enhance the dataset, culminating in a high degree of accuracy and precision, each marked at 95.

In response to the critical need for prompt diagnosis, Gupta et al. [29] developed a deep learning-based system for automated COVID-19 detection from CT scans. Leveraging a sizable dataset, their innovative approach utilized both established and new models, with the DarkNet19 model attaining an impressive 98.91% accuracy through rigorous validation.

Perumal et al. [30] introduced the DenSplitnet model, which utilized Dense blocks in conjunction with Self-Supervised Learning for pre-training. The model’s unique dual-pathway approach at the classification stage significantly enhanced generalizability, achieving notable accuracy and precision metrics on a dedicated dataset.

Ibrahim et al. [31] unveiled the COV-CAF framework, which integrates conventional and deep learning techniques to categorize COVID-19 severity from 3D chest CT volumes. Their two-phased methodology, combining fuzzy clustering for segmentation and a hybrid of automatic and manual feature extraction, demonstrated its potential by achieving high accuracy and sensitivity on diverse datasets.

Gaur et al. [32] proposed a system utilizing empirical wavelet transformation for CT image preprocessing, which showcased high classification accuracy and an impressive AUC score, signaling its clinical efficacy.

Soares et al. [28] constructed an explainable Deep Learning model (xDNN) that reported an accuracy of 88.6%. In a similar vein, Lu et al. [33] developed a CGENet model rooted in graph theory, which achieved an accuracy of 97.78%. Concurrently, Basu et al. [34] employed a feature selection strategy, attaining an identical peak accuracy and a substantial precision-recall curve score.

Jaiswal et al. [12] examined various deep learning architectures for COVID-19 patient classification, identifying DenseNet201-based deep transfer learning as the most accurate, achieving a 96.25% accuracy rate. Basu et al. [34] introduced a composite framework for COVID-19 detection from CT scans, which incorporated deep learning with optimization techniques, achieving high accuracy rates with their novel method.

Recent efforts have focused on employing explainable AI to demystify COVID-19 detection. Boutorh et al. [24] utilized CNNs for image analysis and machine learning algorithms for symptom data, employing LIME for greater transparency, with the CNN model exhibiting 96% accuracy and F1-score.

Ye et al. [22] proposed an explainable classifier that assists radiologists by using LIME and Shapley values to assess the contribution of individual superpixels in the diagnosis, enabling both local and global interpretability.

Chadaga et al. [19] put forward a decision support system that integrates machine learning and deep learning to diagnose COVID-19 using an ensemble of clinical and blood marker data, with a multi-level stacked model showcasing exceptional accuracy and interpretability.

Mahmoudi et al. [23] introduced a method to increase the interpretability of DL algorithms in image classification, with a focus on X-ray and CT scans for COVID-19 diagnosis, while Mercaldo et al. [17] proposed a transfer learning model that classifies CT scans across three categories, enhancing the diagnostic process. Rostani et al. [35] applied an explainable model for COVID-19 diagnosis, with their model achieving significant accuracy and specificity, guided by the XAI technique of random forest.

While these advancements signify progress, the current XAI methods still struggle with capturing the multifaceted three-dimensional interactions in CT images.

3  Background

The application of machine learning algorithms has been revolutionary across numerous sectors, particularly in healthcare for disease prognosis, diagnostics, image analysis, object detection, signal processing, and natural language processing. This study employs a sophisticated deep learning model known as DenseNet201, rooted in the Convolutional Neural Network (CNN) architecture. This background section aims to concisely describe the CNN and DenseNet frameworks to provide a foundational understanding for the subsequent discussions.

3.1 Convolutional Neural Network

The Convolutional Neural Network (CNN), often inspired by biological visual systems, is a multilayered neural architecture designed for processing data with a grid-like topology, such as images. In CNNs, initial layers are tasked with feature extraction identifying edges, textures, and other elementary patterns. These are then composed into higher-order features in subsequent layers [36,37]. To manage the high dimensionality of these features, pooling operations are employed, typically following the convolution layers. The resulting feature maps are then relayed into a fully connected neural network that classifies the images by employing back-propagation algorithms during training. The intricate layers of processing that include convolutional, pooling, and fully connected nodes, endow CNNs with the ability to achieve high accuracy and robust performance, particularly in image processing and computer vision applications.

One challenge in feature mapping within convolutional layers is the exact localization of features; minute shifts in the input image can lead to entirely different feature maps. This sensitivity is often mitigated through downsampling strategies, which while reducing resolution, retain essential structural elements, thereby enhancing classification robustness. Downsampling is commonly achieved by modifying the convolution stride or implementing pooling layersamax or average post-convolution. The application of nonlinear functions, such as the Rectified Linear Unit (ReLU), precedes pooling, adding to the network’s complexity and capacity for feature distinction. A standard CNN pipeline thus consists of sequential layers: input, convolution, nonlinearity application, and pooling. Network fine-tuning, an essential phase, optimizes the model’s hyperparameters for improved performance. The operations within a typical convolutional layer are mathematically represented as:

Convk(i+1)(m,n)=ReLU(p),(1)

ReLU(p)=∑g=1zΩ(m,(n−g+z+12))Wki(g)+αki,(2)

where Convk(i+1)(m,n) denotes the convolution operation at position (m, n) within the (i+1)th layer for the kth feature map. Wki is the kernel for the ith layers kth feature map, with αki as the corresponding bias term, and Ω signifies the feature map from the preceding layer. z indicates the kernel size, and ReLU serves as the activation function, summing the weighted inputs from the prior layer.

The max pooling operation for the (i+1)th layer, within the kth kernel at location (x, y), is defined as:

Poolki+1(x,y)=max1≤r≤s(Convolutionki(x,((y−1)∗s)))(3)

where s is the dimension of the pooling window. All CNN layers function similarly, except for the concluding dense layer, which is characterized by the following equation:

FullConnectj(l+1)=ReLU(∑iXilWijl+αjl),(4)

Here Wijl represents the weights connecting node i) from layer l) to node j) in layer l+1), with Xil denoting the activations at node i) from layer l)

3.2 Dense Convolutional Network (DenseNet)

DenseNet, a paradigm shift in deep learning network design, advances the foundational work of its precursor, ResNet, by enhancing feature propagation and reuse. Pioneered by Huang et al. [38], DenseNet’s architecture is lauded for its innovative connectivity and feature concatenation, which are its defining characteristics.

3.2.1 Key Characteristics

•   Layer Connectivity: DenseNet’s hallmark is its exhaustive connectivity, where each layer receives concatenated inputs from all previous layers, formalized as:

xl=Hl([x0,x1,...,xl−1]),(5)

where xl denotes the output of the lth layer, Hl represents a composite function of operations (e.g., batch normalization, ReLU, pooling), and [x0,x1,...,xl−1]) symbolizes the concatenation of the feature-maps produced in layers 0 through l−1).

•   Feature Integration: Utilizing concatenation rather than summation, DenseNet fortifies feature propagation within the network, thereby enhancing feature diversity and network capacity.

3.2.2 Mathematical Formulation

Mirroring the Taylor series expansion, DenseNet can be conceptualized as a series expansion of features, where the network depth equates to higher-order terms in the series. This is expressed mathematically as a multi-layer composite function:

xl=Hl(Hl−1(...H2(H1(x0)))),(6)

where each Hl potentially includes convolution (ConV), batch normalization (BN), and activation functions (ReLU), among others.

3.2.3 Structural Implementation

Dense Blocks: The ‘dense block’ is the cornerstone of DenseNet, where each layer within the block is a convolutional block that enriches the feature set for subsequent layers. This is captured by:

xl=Conv(Hl([x0,x1,...,xl−1])).(7)

Transition Layers: To control the model’s parameter growth, transition layers compress the channel dimension, often through convolution and pooling operations:

xl′=Pool(Conv(xl)).(8)

3.2.4 DenseNet Architecture

1.   The architecture initiates with a convolutional layer, which is succeeded by a max-pooling operation, reminiscent of the initial layers observed in ResNet.

2.   It is organized into four dense blocks, each potentially comprising a predetermined count of convolutional layers. A configuration analogous to that of ResNet-18 might feature four layers per block.

3.   Interspersed with transition layers, the network effectively manages the feature maps’ dimensionality throughout the depth of the model.

4.   The architecture culminates with a global pooling layer, which seamlessly transitions into a fully connected layer, producing the final classification output.

4  Methodology

The proposed methodology is to develop and train a deep learning framework, tailored to classify COVID-19 infection from chest CT-scan imagery. Subsequent to the classification process, an XAI technique is employed to elucidate the diagnostic rationale by highlighting the pertinent features within the image that underpin its categorization. This dual-step process not only provides a binary classification but also augments the interpretability of the model, offering a transparent window into the decision-making process that is vital for clinical validation and trust. The schematic architecture of the proposed methodology is depicted in Fig. 1. A detailed description of the proposed deep learning model and XAI method are given in the subsequent subsections.
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Figure 1: Schematic view of the proposed methodology

4.1 Proposed Deep Learning Model

Our proposed methodology integrates the use of a pre-trained Densenet-201 neural network model with XAI techniques to enhance the classification of COVID-19 from chest CT scans. The choice of DenseNet201 as the primary architecture for our deep learning model was driven by several factors. DenseNet201 is known for its efficiency in feature propagation and reuse, which is crucial for medical image analysis where subtle features can be significant for accurate diagnosis. This architecture, with its densely connected layers, ensures minimal information loss, an essential factor for the detailed and nuanced features present in CT scans. Additionally, DenseNet201 has a lower parameter count compared to other complex models like ResNet or VGG, which reduces the risk of overfittingaa vital consideration given the limited size of medical imaging datasets. Moreover, DenseNet201’s architecture, with its inherent feature reuse capability, allows for deeper network construction without a proportional increase in computational complexity. This characteristic is particularly beneficial for detecting COVID-19 in CT scans, where the identification of intricate patterns associated with the disease requires deep and complex network architectures.

As illustrated in Fig. 1, the process begins with the collection and pre-processing of CT images, which includes resizing, normalization, and formatting to meet the input specifications of the Densenet-201 model.

The dataset is partitioned into training and testing sets with an 80:20 ratio. Feature extraction is performed via the Densenet-201 model, yielding a feature set shaped into a 4 × 4 × 1920 matrix, which is then reduced in dimensionality through 2D Global Average Pooling. To further enhance the model’s predictive power, the training data undergoes augmentation to introduce a richer variety of patterns.

Following this, we fine-tune and adapt the pre-trained network on the COVID-19 dataset by adjusting the parameters of the last n layers, as per the equation:

θ′=θ−η∇θℒ(θ),(9)

where θ represents the given pre-trained network with parameters, η the learning rate and ℒ the loss function.

New layers are incorporated to replace the final classification layers, aligning the network’s output to the task at hand, described as:

y=f(Wnewh+bnew),(10)

with Wnew and bnew signifying the weights and biases of the new layers, h the output from preceding layers, and f the activation function.

Hyperparameters are meticulously tuned, and regularization strategies such as dropout are implemented to mitigate overfitting, formulated as:

h′=h⊙d,(11)

where h′ denotes the regularized output, h the original output, and d the dropout mask vector.

In this paper, we apply a combination of different fully connected layers, dropout layers, and batch normalization to achieve better classification performance for COVID-19 CT-scan data. In other words, we have designed and developed four different DenseNet201 architectures by varying the layers in a post-processing deep learning structure. These four distinct deep learning approaches are referred to as Model-1, Model-2, Model-3 and Model-4. The corresponding structure of each model is shown in Figs. 2–5. These configurations represent variations in the architecture intended to optimize the model’s performance by adjusting the depth and complexity of the network.
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Figure 2: Model-1 DenseNet201 architecture
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Figure 3: Model-2 DenseNet201 architecture
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Figure 4: Model-3 DenseNet201 architecture
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Figure 5: Model-4 DenseNet201 architecture

Model-1 (Fig. 2) presents the base architecture, where the feature set extracted from CT scan images is passed through a global average pooling layer, followed by a sequence of dense layers with activation functions and dropout layers to prevent overfitting. The final output layer uses a softmax activation function to produce the classification labels for COVID-19 or non-COVID-19.

Model-2 (Fig. 3) modifies the base architecture by adjusting the neuron count in the dense layers, potentially enhancing the model’s ability to capture more complex patterns in the data. This change aims to balance the model’s capacity with the available training data, seeking to improve generalization without significantly increasing the risk of overfitting.

Model-3 (Fig. 4) further adjusts the architecture by introducing additional dropout layers. These layers are strategically placed to introduce more robustness to the network, enabling it to maintain performance on unseen data by reducing the reliance on any single feature during training. This helps to ensure that the network’s predictions are based on a broader set of features, which can be particularly useful when dealing with medical images where certain features might be more subtle or nuanced.

Finally, Model-4 (Fig. 5) represents the most complex variant, with multiple dense and dropout layers. This configuration is designed to explore the network’s capacity to discern intricate and potentially abstract features within the CT scans that are indicative of COVID-19. By incorporating additional layers, the network has the potential to model more complex relationships within the data. However, this also increases the model’s parameters, requiring careful tuning to avoid overfitting, especially if the amount of training data is limited.

Each configuration’s contribution lies in its potential to identify the most effective architecture for the specific task of COVID-19 classification from CT images. By evaluating the performance of each model variation, we can determine the optimal balance between model complexity and predictive power. This systematic approach allows for an empirical assessment of how changes in the neural network’s structure affect its ability to diagnose COVID-19 accurately. The resulting insights can not only inform the development of more effective diagnostic tools for COVID-19 but also contribute to the broader field of medical image analysis, where model interpretability and reliability are of paramount importance.

4.2 Explainable Artificial Intelligence

Explainable Artificial Intelligence (XAI), a subset of artificial intelligence that focuses on clarifying the reasoning behind decisions made by AI models, has gained prominence. Take, for instance, a scenario where our developed AI system identifies a CT-Scan image as non-COVID. XAI would provide the rationale behind the system’s diagnosis as non-COVID. To illustrate the significance of interpretability/explainability, consider the following scenario.

Scenario: Imagine a deep learning algorithm correctly identifies an image as a cat. It is beneficial to understand the factors influencing this decision. The justification might be the presence of characteristics like fur, whiskers, and claws, which led to its classification as a cat. Such insights can enhance the confidence of users in the autonomous system’s decisions.

Various interpretive tools are available to elucidate the rationale behind a classifierâs judgments. In our research, we employ the well-known Local Interpretable Model-agnostic Explanations (LIME) technique. Here, we concisely expound on the LIME algorithm, as detailed in a referenced study.

Within LIME, the classification of the ith image, denoted as di, is analyzed based on its similarity to other images in the training or a synthetically created dataset. Datasets can be generated in multiple ways, such as by perturbing the non-zero attributes of di and selecting features based on a probability distribution. Suppose the synthetic examples are denoted as k and the closeness between k and di is measured by πdi(k). Our model, denoted as g, has an inherent complexity Ω(g), while the function it aims to replicate is represented as f(di). The discrepancy ℒ(f,g,πdi) quantifies how closely g emulates the desired function f within the specified proximity πdi. The objective is to minimize this discrepancy to ensure interpretability and fidelity within the local context, as shown in the equation:

arg ming∈G⁡ ℒ(f,g,πdi)+Ω(g)(12)

Here, G represents the class of potential interpretable models.

In the LIME framework, Eq. (12) explains the decision f(di) made by the model g. This explanation relies on the generation of data points that closely resemble the original input di. The LIME method generates these points through perturbation techniques, sampling features around the original data point to create a representative local dataset. Consequently, Eq. (12) is utilized to derive the explanation for the decision f(di).

Contrary to many XAI techniques such as Grad-Cam and Tylor decomposition [21] that provide overall understanding, LIME offers specific interpretability by providing explanations for particular forecasts. The emphasis on local attention is especially well-suited for medical imaging, as the analysis of individual instances, rather than overall patterns, is frequently more therapeutically significant. LIME’s capacity to identify the exact areas inside CT scans that influence the model’s judgments enables doctors to comprehend the diagnostic reasoning on an individual basis. This approach has an advantage over other strategies that may only provide a general measure of the value of elements without specifically identifying their spatial relevance within the image.

5  Experimental Setup and Findings

5.1 Dataset

In our research, we have utilized the SARS-CoV-2 CT scan dataset compiled by Soares et al. [28], which encompasses a total of 2481 2D CT images. This dataset is bifurcated into two subsets: one containing 1252 CT scans from patients diagnosed with COVID-19, and the other comprising 1229 CT scans from individuals not infected by the virus. We sourced our data from a cohort of 120 patients based in Sao Paulo, Brazil, with the COVID-19 positive group including 32 males and 28 females, and the uninfected group consisting of an equal number of males and females, 30 each. Access to the dataset is available at www.kaggle.com/plameneduardo/sarscov2-ctscan-dataset. The two classes of the dataset can be shown in Fig. 6.
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Figure 6: Representative sections from the SARS-COV-2 2D-CT-scan collection featuring both COVID-positive and COVID-negative cases

5.2 Implementation Details

The proposed COVID-19 XAI framework in this study is implemented on a Google Colab environment with Keras, TensorFlow, and some other required libraries built with Python 3.6. The resources offered to the active session are hardware accelerator T4 GPU, 78.2 GB disk, and 12.7 GB system RAM. The dataset of CT images is divided randomly into 80% for the training set and 20% for the test set. From the training set, 10% randomly is selected for the validation set. The distribution of classes within the training, validation, and test sets is given in Table 1.
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In our study, we modified the size of CT images to 128 × 128 pixels, diverging from the default 244 × 244 pixel input size of the pre-trained model. This resizing is critical for preserving the intricate details in the CT images without distortion, thereby enhancing both the efficiency and performance of the model. Our training set underwent a series of augmentation processes that retained the integrity of the original CT scans. These processes included random rotations within a 20-degree range, horizontal shifts up to a 0.2 ratio, vertical shifts up to a 0.2 ratio, and random horizontal flips.

For the classification phase, the models were trained over 100 epochs with a batch size of 32. The ImageDataGenerator class from the Keras library facilitated the augmentation of our training dataset. This tool generated a diverse set of augmented images for each epoch through random transformations applied to the training images. With a training set of 1785 images and a batch size of 32, we achieved 56 unique images per epoch. The entire training process for each model spanned approximately one hour. An adaptive learning rate was employed, initially set at 0.003 and decreasing by a factor of 0.7 when validation accuracy plateaued beyond a predefined patience number, set at 10. The minimum learning rate was capped at 0.0000001. The âadamâ optimizer was used for training the models. Regarding the training of the XAI model interpretation, the average duration was less than one minute.

Note that the study’s dataset, collected by Soares et al. [28] may not capture the global diversity in COVID-19 cases. Factors like age, gender, ethnicity, and underlying health conditions, which affect COVID-19’s radiographic presentation, could lead to variations in the model’s performance across different demographics. Furthermore, the dataset’s image quality, including variations in resolution and contrast of the 2D CT images, might impact the model’s generalizability and accuracy due to differences in imaging equipment and protocols.

5.3 Performance Metrics

To assess the performance of the COVID-19 detection part of the framework, we utilized the following performance metrics:

•   Accuracy is the proportion of true results among the total number of cases examined.

•   Precision measures the proportion of true positive identifications among all positive identifications made by the model.

•   Recall (also known as sensitivity) assesses the proportion of actual positives that were correctly identified.

•   F1-score is the harmonic mean of precision and recall, providing a single score that balances both concerns.

5.4 Experimental Results Analysis and Discussion

This section delineates and analyzes the performance outcomes of the proposed four models, specifically regarding precision, recall, F1-score, and accuracy. The trajectory of model accuracy throughout the training process is illustrated in Fig. 7.
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Figure 7: Accuracy of four models during the learning process (a) Model-1 (b) Model-2 (c) Model-3 (d) Model-4

Observations from Fig. 7 indicate an overall ascent in both training and validation accuracy across the models, notwithstanding minor fluctuations in validation accuracy. This enhancement in model performance, as reflected by an increasing number of epochs, suggests an improvement in learning efficacy. Concurrently, Fig. 8 displays the models’ loss during the learning progression.
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Figure 8: Loss of four models during the learning process (a) Model-1 (b) Model-2 (c) Model-3 (d) Model-4

Fig. 8 elucidates the models’ loss or cost, representing the errors encountered during learning. A trend is discerned where, across epochs, there is a decline in loss, implying enhanced model performance, despite nominal variances in validation loss.

The analysis of Figs. 7 and 8 indicates that Model 3 demonstrates a consistent alignment between the training and validation curves. This consistency suggests a substantial reduction in the overfitting issue during Model 3’s learning process, signifying an improvement in performance in comparison to the other models.

After the models’ training, the test dataset is employed to derive classification metrics. Fig. 9 delineates the confusion matrices for the four models in question.
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Figure 9: Confusion matrices of the four models (a) Model-1 (b) Model-2 (c) Model-3 (d) Model-4

Expounding on the data from the confusion matrices, additional evaluative metricsaprecision, recall, F1-score, and accuracyaare enumerated in Tables 2–5. These metrics provide a quantitative foundation for assessing the classification powers of the models post-training.
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Table 2 portrays the performance of Model-1, which demonstrates high precision and recall, particularly for the COVID-19 class, leading to a noteworthy overall accuracy of 98.19%. The near-perfect recall indicates the model’s sensitivity in correctly identifying COVID-19 cases. The weighted average scores closely mirror the high accuracy, underscoring the model’s balanced performance across both classes.

Table 3 details the evaluation of Model-2, where we observe a slight decline in precision for the COVID-19 class compared to Model-1. Nevertheless, the model maintains high recall and achieves an aggregate accuracy of 97.18%. This suggests that while Model-2 is slightly less precise, it continues to identify COVID-positive cases reliably.

Table 4 delineates the results for Model-3, which excels with an exceptional recall of 1.0000 for COVID-19, indicating that all COVID-positive cases in the test set were correctly classified. Coupled with perfect precision for non-COVID-19 and an overall accuracy of 99.20%, Model-3 stands out as the superior model among the four, showcasing an exemplary balance between sensitivity and specificity.

Table 5 provides insights into Model-4, which, akin to Model-3, achieves a recall of 1.0000 for COVID-19. However, it has a slightly lower precision for the COVID-19 class than Model-3. With an overall accuracy of 98.59%, Model-4’s performance is robust, yet marginally less optimal than Model-3.

The precision metric across the models indicates the proportion of true positives against all positive calls made by the model, while recall illustrates the model’s ability to find all relevant cases within the dataset. The F1-score provides a harmonic mean of precision and recall, offering a single measure of the model’s accuracy per class. The support denotes the number of actual occurrences of the class in the specified dataset.

In summation, these tables collectively highlight the strengths and limitations of each model, with Model-3 demonstrating the most promising results. The meticulous evaluation through these metrics is vital, as it ensures that the models are not only accurate but also equitable in their predictions, an essential consideration in the clinical deployment of AI tools. However, our methodology, while robust, relies on a pre-trained Densenet-201 neural network model, which might limit its ability to capture novel features specific to COVID-19 that were not present in the data used for its initial training. Furthermore, our model variations, designed to optimize performance, require extensive computational resources for training and evaluation, which may not be readily available in all clinical settings.

5.5 Performance Analysis with Other State-of-the-Art Depp Learning Models

We have also compared the proposed deep learning model with other state-of-the-art deep learning methods on the same SARS-CoV-2 CT scan dataset [28]. The results are presented in Table 6.

[image: images]

The proposed Model-3, as seen in Table 6, demonstrates superior performance compared to the other models presented in the table, achieving an accuracy of 0.9920. This implies that Model-3 exhibits a high level of accuracy in identifying cases of COVID-19, and its predictions hold significance and use.

Upon doing a comparative analysis between the suggested Model-3 and other models, namely VGG-19, ResNET-50, and different iterations of DenseNet, it becomes evident that Model-3 exhibits a higher level of performance. Model-3 consistently exhibits superior performance across all criteria, even when compared to more sophisticated models such as COV-CAF and xDNN. This finding suggests that the performance of Model-3 is notable in accurately detecting the proper condition while also mitigating the occurrence of false positives and false negatives. Consequently, the model exhibits a well-balanced and dependable nature, making it suitable for clinical diagnostics.

The exemplary performance in terms of precision and recall indicates that Model-3 exhibits a high level of proficiency in accurately detecting genuine instances of COVID-19 while minimizing errors. This attribute holds significant importance in a medical setting, where the consequences of false negatives can be quite detrimental. In a similar vein, the optimal F1-score demonstrates an optimal equilibrium between precision and recall, making it particularly suitable for medical diagnostics. In this context, it is imperative to avoid overlooking genuine cases (high recall) while simultaneously preventing an excessive number of false alarms (high precision).

In summary, Table 6 presents a comprehensive overview of the efficacy of the proposed Model-3 in the diagnostic process of COVID-19 using CT scans. This highlights the potential of Model-3 as a dependable instrument within the realm of medical imaging.

In our paper, we emphasize the importance of ethical considerations in deploying AI within healthcare, with a strong focus on patient privacy and data security. We detail the measures taken to ensure the confidentiality and security of patient data, acknowledging this as a crucial aspect of our AI system’s design and operation. Our approach is guided by ethical principles such as transparency, ensuring clear communication about the AI system’s decision-making processes, fairness, aiming to prevent any form of bias, and accountability, defining clear responsibilities for AI-driven outcomes.

5.6 Explanation of the Decision Made by Deep Learning Classifier Using LIME

In the medical domain, physicians and professionals often seek to understand why a patient is diagnosed as COVID-19 positive, in addition to simply classifying the patient as suffering from the virus. We applied an XAI approach to justify the classifications achieved using CT-Scan images. Our goal was to elucidate the decisions made by our automated computational method for each patient. For this purpose, we employed the LIME approach to explain the classification outcomes generated by the deep neural network used in our study.

The CT-scan images presented in Fig. 10 illustrate the original input CT-scan image alongside the regions of interest that led to a COVID-19 classification. The first column in Fig. 10 shows the actual CT-scan images inputted into our automated deep learning system. A typical radiologist would look for the following imaging characteristics in COVID-19 cases through CT scans:

[image: images]

Figure 10: Explanation for the decision of classifying as COVID or non-COVID using LIME

•   Ground-Glass Opacities (GGOs): These appear as hazy, opaque areas that do not obscure the underlying lung structures and are a common early finding in COVID-19.

•   Bilateral and Peripheral Distribution: COVID-19 often affects both lungs, with abnormalities more commonly found along the outer edges.

•   Multifocal Involvement: Multiple lung areas are often involved, indicated by several patches of ground-glass opacities.

•   Consolidation: In severe cases, ground-glass opacities may progress to consolidation, where the lung tissue becomes more solid.

•   Crazy-Paving Pattern: This is identified by ground-glass opacities with superimposed interlobular septal thickening and intralobular lines.

•   Vascular Enlargement: This is seen as enlarged blood vessels in the CT-scan image, part of the inflammatory response.

•   Absence of Features Typically Seen in Other Respiratory Diseases: Such as the lack of pleural effusions, lymphadenopathy, and cavitation.

As shown in column 2 of Fig. 10, the highlighted regions satisfy the majority of these characteristics. These annotations were made by a professional radiologist without prior knowledge of the patients’ COVID-19 status. Intriguingly, our computational approach accurately diagnosed these patients, and the XAI identified the correct region in the CT-scan image that a radiologist would find relevant.

The XAI process segments the raw CT-scan image into several partitions worthy of investigation. It then produces an image highlighting only the region of interest, as seen in column 3 of Fig. 10. This region contributes significantly to identifying a patient as COVID-19 positive using our automated approach. The identified region of interest aligns with what professional radiologists would consider a significant indication of COVID-19. Notably, the LIME approach emphasized the regions showing GGOs, leading to the classification of the patient as COVID-19 positive. Furthermore, the regions of interest annotated by the radiologist were also deemed important by the XAI approach.

What stands out in this analysis is that the LIME methodology appears to produce results that largely align with the regions marked by the radiologist, suggesting a high degree of accuracy. This alignment is crucial, as it not only validates the model’s diagnostic capabilities but also enhances radiologists’ trust in the AI system, providing a clear and interpretable rationale for its decisions. Such interpretability is essential in a clinical setting, where understanding the basis for AI-driven conclusions can directly inform patient care decisions and strategies.

Our model’s interpretability through LIME provides clinicians with understandable visual cues that delineate the AI’s reasoning, which is particularly beneficial in several key areas. Clinicians can corroborate AI-generated diagnoses with their expertise, enhancing diagnostic confidence, particularly in ambiguous cases. The visual cues provided by our model can assist in precise treatment planning by revealing the disease’s extent and guiding patient management strategies. Moreover, these explanations facilitate better communication with patients about their condition and the reasoning behind treatment recommendations, potentially improving compliance. Furthermore, the model serves as an educational tool, aiding in the professional development of less experienced radiologists by illuminating key radiographic features of COVID-19. Lastly, by highlighting critical areas in the scans, our model helps radiologists efficiently prioritize their review process, which is especially beneficial in high-volume clinical settings, reducing cognitive load and aiding in risk stratification for more personalized patient care.

6  Conclusion

This study presented an integrated framework that combined advanced deep learning techniques with Explainable Artificial Intelligence to identify COVID-19 from CT scan images. Leveraging LIME, our model demonstrated an ability to produce interpretable results that closely align with the annotations of clinical experts. Throughout the research, the effectiveness of our approach was systematically evaluated against multiple metrics, including precision, recall, F1-score, and accuracy. The model’s performance was meticulously recorded over numerous training epochs, revealing a consistent improvement in learning and an increase in the capacity to generalize from the training data to validation data.

The comparison of regions highlighted by the LIME algorithm against those marked by clinicians showed a significant overlap, substantiating the model’s diagnostic accuracy. This alignment is particularly noteworthy, as it suggests that the model is not only recognizing the correct features for COVID-19 identification but is also aligning with the clinical understanding of the disease’s radiographic manifestations. Our approach advanced the implementation of XAI in medical imaging, addressing the pressing need for models that are both accurate and transparent in their decision-making processes. The transparency achieved by applying LIME techniques facilitated a deeper understanding of the model’s reasoning, enabling clinicians to trust and interpret AI-driven diagnoses.

Validation of the model on a publicly available dataset confirmed its efficacy, showcasing the potential to integrate such AI systems into healthcare environments to support and enhance diagnostic processes. The results obtained suggest that our approach can serve as a benchmark for future studies aiming to refine the application of AI in detecting and understanding COVID-19 and other pathologies through medical imaging. Our research underscored the importance of XAI in the medical field, where explainability is not a luxury but a necessity. Our study contributes to the body of knowledge by providing a robust model that not only excels in diagnostic accuracy but also the clarity of its interpretative output, thus paving the way for future developments in AI-assisted healthcare diagnostics. We suggest future studies to compare the efficacy of LIME with other XAI techniques, which could provide a broader understanding of the model’s interpretability. Expanding the application of our model to other diseases presents another avenue for research, potentially broadening the scope of AI-assisted diagnostics in the medical field.
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Table 1: Distribution of classes within the training, validation, and test sets

Class name Training  Validation Test Total images
COVID-19 886 105 261 1252
Non-COVID-19 899 94 236 1229
Total 1785 199 497 2481
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Table 3: Results of evaluation metrics for Model-2

Class name Precision Recall F1-score Support
COVID-19 0.9557 0.9923 0.9737 261
Non-COVID-19 0.9912 0.9492 0.9697 236
Accuracy 0.9718 497
Macro avg. 0.9734 0.9707 0.9717 497
Weighted avg. 0.9725 0.9718 0.9718 497
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Table 6: Comparison of the results with state-of-the-art DL networks with CT images

Model Accuracy  Precision  Recall F1-score
VGG-19 [3] 0.927 0.930 0.925 0.924
ResNET-50 [3] 0.967 0.938 0.913 0.926
DenseNet169 [3] 0.985 0.983 0.967 0.988
DenseNet201 [12] 0.962 0.962 0.962 0.962
COV-CAF [31] 0.975 0.968 0.945 0.976
xDNN [28] 0.973 0.991 0.955 0.973
VGG 16 [10] 0.950 0.950 0.960 0.960
DenSplitnet [30] 0.919 0.965 0.963 0913
ResNet50 [16] 0.983 0.980 0.988 0.984

Proposed model (Model-3) 0.992 0.992 0.992 0.991
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Table 4: Results of evaluation metrics for Model-3

Class name Precision Recall F1-score Support
COVID-19 0.9849 1.0000 0.9924 261
Non-COVID-19 1.0000 0.9831 0.9915 236
Accuracy 0.9920 497
Macro avg. 0.9925 0.9915 0.9919 497
Weighted avg. 0.9921 0.9920 0.9919 497
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Table 2: Results of evaluation metrics for Model-1

Class name Precision  Recall Fl-score  Support
COVID-19 0.9701 0.9962 0.9830 261
Non-COVID-19 0.9956 0.9661 0.9806 236
Accuracy 0.9819 497
Macro avg. 0.9829 0.9811 0.9818 497
Weighted avg. 0.9823 0.9819 0.9819 497
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Table 5: Results of evaluation metrics for Model-4

Class name Precision Recall F1-score Support
COVID-19 0.9739 1.0000 0.9868 261
Non-COVID-19 1.0000 0.9703 0.9849 236
Accuracy 0.9859 497
Macro avg. 0.9869 0.9852 0.9859 497
Weighted avg. 0.9863 0.9859 0.9859 497






OEBPS/Images/copy.png





OEBPS/Images/CMES_47940-fig-5.png
2,
§28
285
i&ﬁ(V\ T -
i253
cmm

_ (X) (JOO1,=0UIBY ‘ XPUIYOS, = UONPATIOR °Z) ISUQ _

w |

(¥) (€°0) 1modoiq

w 1

(X) (;n[o1,=U0BEADOR ‘49) asUSQ

szr |

() (¢°0) modoiq

szt |

(X) (;njo1=U0NEANOE ‘§Z) dSUSQ

9sz |

(¥) (€°0) 1modoiq

9sz 1

(X) (npa1,=u0oneANOE ‘957) Isuaq

ozt |

(X) 0 @z8utjo0geBedAyeqo[D

*

e
m
:
.
B X
@
mt.
&





OEBPS/Images/CMES_47940-fig-1.png
Input Data Images of CT Scans with
their COVID-19 and Non-COVID-19
Class Labels

Resizing to "128x128x3",
Normalization, and Image Formatting

Dividing Data Images into 80:20

(80% Training Set and 20% Test Set.
[
v v
Data Aug
A Pre-trained Densenet-121 Model for Feature A Pre-trained Densenet-121 Model for Feature
Extraction Extraction
"Feature Set with Shape 4x4x1920" "Feature Set with Shape 4x4x1920"

2D Global Average Pooling

2D Global Average Pooling

Non-COVID-19 Class with COVID-19 Class with
Evaluation Results Evaluation Results

Model Interpretation for Abnormality in COVID-19 Image Using LIME





OEBPS/Images/CMES_47940-fig-10.png





