ESP Journal of Engineering Technology Advancements [ESPJETA]
International Conference on Emerging Computational Technologies
Eternal Scientific Publication / Conference Proceedings - (ICECT-2024) / ISSN:

Original Article

Explainability and Interpretability of Liver Tumor
Segmentation Models Using TransUNet and Saliency Mapping

Amar Kabir
Faculty, Northwestern University in Qatar, Qatar.

Abstract: Liver tumor segmentation is a crucial task in medical image analysis, enabling clinicians to accurately
assess and treat liver cancer. While deep learning models like TransUNet have shown significant promise in achieving
high segmentation accuracy, the "black-box" nature of these models limits their interpretability and trust in clinical
practice. This research investigates the explainability and interpretability of TransUNet-based liver tumor
segmentation models by employing saliency mapping techniques. We explore methods such as Grad-CAM and
Integrated Gradients to visualize and understand the decision-making process of the model. Our experimental
evaluation, conducted on publicly available liver tumor datasets, demonstrates that saliency maps can effectively
highlight key tumor regions that the model focuses on during segmentation. By combining high segmentation
performance with interpretable visualizations, our approach improves the transparency of deep learning models,
fostering trust in Al-powered medical imaging systems. The results suggest that incorporating explainability
techniques into liver tumor segmentation models can enhance their clinical utility by providing a clearer
understanding of model behavior.
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I. INTRODUCTION

Liver tumor segmentation plays a critical role in medical image analysis, especially in the diagnosis and treatment
planning of liver cancer. The liver is a common site for various types of tumors, including hepatocellular carcinoma (HCC),
metastases, and benign lesions. Automated liver tumor segmentation is essential for early detection and precise treatment.
Traditional segmentation methods, such as thresholding and region-growing algorithms, have limitations in terms of
accuracy and robustness when dealing with complex medical images. Deep learning techniques, particularly Convolutional
Neural Networks (CNNs), have significantly improved the performance of liver tumor segmentation, providing high accuracy
and efficiency. However, these deep learning models, while effective, are often seen as "black boxes," meaning that the
decision-making process is not easily interpretable or explainable. This lack of transparency in Al models is a significant
barrier to their widespread acceptance in clinical settings, where trust and understanding are critical.

This research addresses the challenge of improving the explainability and interpretability of liver tumor segmentation
models. Specifically, we focus on TransUNet, a hybrid deep learning architecture that combines the strengths of
transformers and CNNs to capture both local and global context in medical images. TransUNet has shown promising
performance in medical image segmentation, but its decision-making process remains opaque. Therefore, this study explores
the integration of saliency mapping techniques to enhance the interpretability of the model’s outputs. The primary objective
of this research is to evaluate the effectiveness of saliency maps, such as Grad-CAM and Integrated Gradients, in visualizing
the regions of interest the model attends to during tumor segmentation. This will provide valuable insights into how the
model processes liver tumor images and help build trust in the use of Al for medical diagnostics.

II. RELATED WORK

The field of liver tumor segmentation has seen significant advancements with the rise of deep learning models. Early
works in this domain primarily focused on traditional machine learning techniques such as Support Vector Machines (SVM)
and Random Forests for segmentation tasks. However, these methods required extensive feature engineering and failed to
capture complex spatial relationships inherent in medical images. With the advent of deep learning, Convolutional Neural
Networks (CNNs) emerged as a dominant approach for image segmentation. U-Net, introduced by Ronneberger et al. in
2015, revolutionized the field by leveraging a fully convolutional architecture that can efficiently segment structures at
different scales. Since then, numerous adaptations and improvements of U-Net have been proposed to improve segmentation
accuracy, including 3D U-Net and attention-based U-Net models.

TransUNet, which combines the benefits of transformers and CNNs, represents a more recent advancement in this
area. Transformers, originally developed for natural language processing tasks, have shown exceptional performance in
handling long-range dependencies in image data, making them an ideal choice for medical image segmentation tasks.
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TransUNet integrates the transformer architecture with the U-Net model to better capture both global context and
local details in medical images, leading to improvements in segmentation performance. Despite its success, one of the
significant challenges with deep learning models like TransUNet is their lack of interpretability. This has led to the
development of various explainable Al (XAI) methods, which aim to provide insights into how models make predictions.
Saliency mapping techniques, such as Grad-CAM and Integrated Gradients, have become widely used for interpreting CNN-
based models. These methods highlight the regions of an image that the model focuses on when making a decision,
providing a way to explain model outputs in human-understandable terms.

The combination of high-performance segmentation models like TransUNet with explainability techniques represents
an exciting frontier in medical image analysis. However, there remains a lack of comprehensive research that specifically
addresses the interpretability of liver tumor segmentation models. This study seeks to bridge this gap by using saliency
mapping to visualize and explain the decision-making process of TransUNet in the context of liver tumor segmentation.

III. METHODOLOGY

This study utilizes TransUNet for liver tumor segmentation, an advanced model that leverages both CNNs and
transformers. TransUNet is particularly well-suited for medical image segmentation due to its ability to efficiently capture
both local and global dependencies in the data. The model consists of two key components: a convolutional encoder-decoder
structure and a transformer module that allows the network to attend to long-range contextual information. The CNN
encoder extracts hierarchical features from the input medical images, while the transformer module helps in understanding
global spatial relationships across the entire image. This dual architecture allows TransUNet to provide superior
segmentation performance compared to conventional CNN-based models, particularly in complex tasks like liver tumor
segmentation.

Saliency mapping techniques are employed to enhance the interpretability of the TransUNet model. These techniques
help visualize the parts of an input image that are most relevant to the model’s decision-making process. In particular, we
use Grad-CAM (Gradient-weighted Class Activation Mapping) and Integrated Gradients. Grad-CAM is a technique that
generates heatmaps to show which regions of the image most influence the model’s output by visualizing the gradients of the
target class with respect to the last convolutional layer. Integrated Gradients, on the other hand, computes the integral of
gradients along the path from a baseline image to the input image, providing a more robust attribution of the model's
decisions.

In the experimental setup, we use publicly available liver tumor datasets such as the Liver Tumor Segmentation
(LiTS) dataset and the MICCAI Liver Tumor Challenge dataset. These datasets contain annotated liver CT or MRI images,
which serve as ground truth for evaluating segmentation performance. The TransUNet model is trained on these datasets,
and performance is evaluated using standard metrics such as Dice Similarity Coefficient (DSC), Intersection over Union
(IoU), and sensitivity and specificity. Following model training, saliency maps are generated for each tumor image to identify
which regions the model focuses on when making predictions. The goal is to compare the saliency maps with the actual
tumor regions and assess the alignment between the model’s attention and the ground truth tumor locations.

IV. RESULTS AND DISCUSSION
The results of our experiments highlight the performance of TransUNet for liver tumor segmentation and its
interpretability when combined with saliency mapping techniques. In terms of segmentation accuracy, TransUNet
demonstrates competitive performance with other state-of-the-art models, achieving high Dice Similarity Coefficients and
Intersection over Union scores. The model shows particular strength in capturing both small and large tumors, which are
often challenging to segment due to the variability in shape, size, and contrast in medical images.

Saliency maps generated using Grad-CAM and Integrated Gradients reveal that the model tends to focus on the tumor
regions and surrounding areas, which aligns with the anatomical features of the liver. In many cases, the saliency maps
highlight the boundaries of the liver and the tumor, providing valuable insights into the model’s decision-making process.
For example, Grad-CAM heatmaps clearly show that the model attends to the edges of the tumor, which are critical for
accurate segmentation. This is an important finding because it suggests that the model is not just identifying any region of
the image, but is instead focusing on clinically relevant areas.

Additionally, we compare the saliency maps produced by TransUNet with those from other baseline models, such as
U-Net and 3D U-Net. While TransUNet outperforms these models in terms of segmentation accuracy, the saliency maps also
demonstrate a higher degree of specificity and accuracy, providing clearer insights into the model’s focus areas. This
suggests that the integration of transformers in the model architecture not only improves performance but also enhances
interpretability by helping the model attend to the most relevant features in the image.
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Despite these promising results, there are limitations to the saliency mapping techniques used in this study. For
example, saliency maps do not always perfectly align with the ground truth tumor regions, and some level of ambiguity in
the model’s attention may still persist. Furthermore, saliency maps only provide localized explanations and do not offer a
complete understanding of the model’s internal decision-making process. Future research could explore more advanced
techniques such as attention maps or feature attribution methods to gain deeper insights into the model’s reasoning.

V. CONCLUSION
This research demonstrates the potential of combining advanced deep learning architectures, such as TransUNet,
with saliency mapping techniques to improve the explainability and interpretability of liver tumor segmentation models. Our
experiments show that TransUNet achieves high performance in segmenting liver tumors, and the saliency maps provide
valuable insights into how the model identifies tumor regions. By using saliency mapping techniques like Grad-CAM and
Integrated Gradients, we can visualize the areas of an image that influence the model’s decision-making process, helping
clinicians understand why the model made a certain prediction.

The combination of high segmentation accuracy and clear interpretability makes TransUNet an attractive option for
clinical deployment, as it not only provides precise tumor segmentation but also offers a transparent view of the model's
decision-making. This transparency is crucial in medical applications, where trust in Al models is essential for their
acceptance and use. Future research could focus on enhancing the saliency mapping techniques to provide more
comprehensive and robust explanations of model behavior, further increasing the reliability of deep learning models in
medical image analysis.

In conclusion, this work highlights the importance of explainability in medical Al systems and demonstrates that the
integration of advanced explainable Al techniques, such as saliency mapping, can improve both the performance and the
trustworthiness of liver tumor segmentation models. The findings of this study can serve as a foundation for further
developments in the interpretability of deep learning models, ultimately leading to better integration of Al in clinical
decision-making.
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