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stakeholders. By providing insights into model reasoning, XAI enhances trust and
accountability, improving diagnostic transparency and accuracy, which is critical for
healthcare providers and patients alike. In this project, various XAl tools such as LIME,
GRAD-CAM were applied to improve reliability and interpretability in multi-disease
diagnosis using chest X-ray images. An open-source dataset comprising chest X-ray
images and associated metadata was used, and preprocessing techniques such as resizing,
normalization, and data augmentation were applied to ensure data quality and relevance.
Deep learning models were implemented, leveraging each model’s strengths to improve
diagnostic accuracy. The XAI methods LIME and GRAD-CAM were combined to
improve model transparency and offer comprehensible findings about how decisions are
made of the model. The interpretability aids various stakeholders, such as healthcare
professionals, patients and data analysts, in understanding the reasoning behind model
predictions, fostering trust and enabling more precise, data driven decisions in multi-
disease diagnostic scenarios.
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1. Introduction

Artificial intelligence has become a disruptive force in healthcare, particularly in medical imaging.
Chest X-rays are crucial for diagnosing various pulmonary and cardiovascular disorders, but
interpreting these images requires significant expertise. This study aims to develop a robust
Explainable AI model [2,3] that enhances interpretability, making Al-generated diagnoses more
understandable and reliable for patients, physicians, and data analysts. By integrating advanced deep
learning with explainability tools, the model supports informed, accurate medical decisions and fosters
trust in Al-driven healthcare solutions [5,6].

Healthcare requires not only precise Al predictions but also clear explanations behind those
predictions. Explainable Al addresses the “black box™ issue associated with com- plex Al models,
enhancing transparency and trust. Understanding Al decisions is crucial for accountability, high care
standards, and minimizing risks, encouraging clinicians to integrate Al into their workflows and
empowering patients to understand diagnoses and treatment recommendations [30]. The primary
objective of this project is to integrate XAl into a Multi-Disease Diagnostic Model [25] for Chest X-
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ray images, improving the clarity, interpretability, [8] and trustworthiness of Al-generated diagnoses
[10]. Using XAI tools like LIME, GRAD-CAM, and SHAP [19] the project aims to validate
explanations with interpretable models, assessing XAl techniques’ effectiveness and accuracy.

This project employs XAl outputs to guide attention-weighted segment selection, ensuring the model
focuses on clinically significant areas [29]. This comprehensive approach ensures Al-driven
diagnostics are reliable and transparent, empowering healthcare professionals with data-driven insights
and fostering trust in medical decision-making.

2. Interpretable Model

Interpretable models like Decision Trees and Random Forests are crucial for providing transparency
and clarity in machine learning, especially in healthcare.[14][15] These models help demystify
complex decision-making processes, making Al results more understandable for medical professionals
and patients. Decision Trees offer clear visualizations of decision paths, allowing clinicians to see
which factors lead to diagnoses or predictions [22]. This transparency builds trust and helps in
verifying Al decisions. Random Forests enhance this further by using an ensemble of Decision Trees,
improving prediction accuracy and reducing overfitting [20]. They provide a ranked list of feature
importance, helping clinicians understand significant factors across scenarios [18].

However, analyses have shown that while these interpretable models offer better transparency and
facilitate understanding, they often have slightly lower predictive accuracy compared to more complex
models. Deep learning models, leveraging advanced neural network architectures, have shown
superior performance in predictive tasks. To address the predictive accuracy gap while maintaining
transparency, we integrated deep learning models with Explainable Al (XAI) techniques such as LIME
(Local Interpretable Model agnostic Explanations), GRAD-CAM (Gradient-weighted Class
Activation Mapping).

Combining these XAl techniques with deep learning models allows us to maintain high predictive
performance while providing transparent insights. LIME helps explain individual predictions by
approximating the model behavior with an interpretable local surrogate model around each prediction.
GRAD-CAM provides visual explanations, high- lighting the regions in the input image that are most
influential in making a prediction [21]. SHAP values explain the contribution of each feature to the
final prediction, offering a comprehensive view of feature importance [19].

3. Deep Learning Model

Deep learning models [1,4] are powerful tools that leverage artificial neural networks with multiple
layers to process and analyze data effectively. These models have revolutionized various fields,
including healthcare, by improving the accuracy and efficiency of tasks such as medical image
analysis. In particular, deep learning architectures like ResNet50 and DenseNet121 [16,17] are widely
used for analyzing chest X-rays to diagnose multiple diseases. ResNet50 addresses this problem by
incorporating residual connections, which allow gradients to flow more easily through the network
[26]. These connections help maintain gradient strength, facilitating more efficient learning and
enabling the network to train deeper layers effectively. As a result, ResNet50 achieves high
performance in image classification tasks by learning complex features from large datasets. In
DenseNet121, each layer receives inputs from all previous layers, allowing the network to leverage
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previously learned features continuously. This dense connectivity reduces redundancy and promotes
the reuse of features, making the network more computationally efficient. By minimizing the need for
new feature extraction at each layer [12], DenseNet121 effectively reduces the number of parameters
and computational cost while maintaining high accuracy in classification tasks. These optimizers are
particularly effective in fine-tuning deep learning models, leading to quicker and more stable
convergence.

Loss functions such as categorical cross-entropy and binary cross-entropy are essential for guiding
model training. These functions measure the difference between the predicted outputs and the actual
labels, providing a quantitative assessment of prediction accuracy [23]. Categorical cross-entropy is
used for multi-class classification problems, where each sample belongs to one of several categories.
Binary cross-entropy is used for binary classification problems, where each sample belongs to one of
two categories. By minimizing these loss functions during training, the model learns to make more
accurate predictions, ultimately improving classification performance.

These advanced architectures and techniques significantly enhance the effectiveness of deep learning

models in medical image analysis. By leveraging ResNet50 and DenseNet121 [7], along with adaptive
optimizers and appropriate loss functions, deep learning models [9] can accurately classify chest X-
rays and diagnose multiple diseases. This capability is vital in healthcare, where precise and efficient
diagnostics can improve patient outcomes and streamline clinical workflows [13]. Overall, the
integration of these elements makes deep learning models highly effective tools for multi-disease
diagnostics using chest X-rays.

4. Explainable Al

Explainable Artificial Intelligence [ XAI] enhances the transparency and interpretability of Al models
[27], particularly in healthcare, where trust and reliability are essential. By providing insights into Al-
driven diagnostics, XAl enables clinicians to validate predictions, ensuring their accuracy and
fostering integration into clinical workflows to improve patient outcomes [11]. Its significance is
amplified in high-stakes environments, addressing ethical concerns, regulatory compliance, and
continuous model refinement. Various XAl techniques, such as LIME, SHAP, and Grad-CAM, offer
different perspectives on model interpretability [28].

LIME [Local Interpretable Model-agnostic Explanations] approximates complex models locally by
perturbing input data and analyzing output variations. When applied to chest X-rays, it highlights
critical regions influencing the diagnosis, aiding physicians in understanding Al decisions. LIME’s
flexibility and model-agnostic nature allow for granular insights into individual predictions, helping
detect biases and errors while guiding future improvements in ensemble models. Its consistency
ensures fair representation of feature contributions, aiding clinicians in making informed, evidence-
based decisions.

Grad-CAM [Gradient-weighted Class Activation Mapping] visually explains Al decisions by
generating heatmaps that highlight image regions most influential in predictions. Applied to chest X-
rays, it helps clinicians verify diagnoses by showing which areas contribute most to the model’s output.
Grad-CAM also detects model biases, ensuring the Al focuses on medically relevant regions. By
integrating LIME, SHAP, and Grad-CAM, this project enhances Al interpretability in chest X-ray
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diagnostics, providing complementary insights that enable medical professionals to validate and trust
Al-driven decisions, ultimately improving healthcare outcomes [24].

5. Experiments and Discussions

The experiments aimed to evaluate various machine learning models in the context of medical imaging,
particularly chest X-ray interpretation. Models tested included traditional techniques like logistic
regression, random forest, and decision trees, alongside a complex architecture like Multi-Layer
Perceptron. Additionally, deep learning models such as ResNet50 and DenseNet121 were incorporated
for their advanced feature extraction capabilities. Interpretability was assessed using XAl techniques:
LIME was applied to traditional and simpler neural network models, while GRAD-CAM was used
with deep learning models. These techniques made model predictions more transparent and
understandable, crucial for medical applications where trust and accuracy are paramount.

LIME was used to provide explanations for models like Decision Trees and Random Forests. LIME
achieves this by perturbing different image sections and observing changes in model predictions,
thereby identifying regions influential to the outcome. For Decision Trees, visualized decision paths
allowed clinicians to understand the factors leading to predictions. LIME visualizations for Decision
Trees outline key areas that affect the model’s decision, highlighting important regions for
classification. GRAD-CAM heatmaps and overlays further illustrate where the model focused its
attention.

Random Forests, on the other hand, enhance interpretability by aggregating results from multiple trees,
thus improving prediction accuracy and reducing overfitting. LIME visualizations for Random Forests
identify specific pixel ranges significant for the model’s decision. GRAD-CAM visualizations for
Random Forest highlight influential regions in the X-ray images, representing areas where pixel
intensities significantly contributed to the model’s classifications. These visualizations help to
understand how the random forest model identifies diagnostic features. Class imbalance in the NIH
Chest X-ray dataset was addressed to improve model performance. Ensuring equal representation for
all classes reduced bias towards the dominant class and enhanced the model’s ability to accurately
detect examples from minority classes. This adjustment led to more balanced and precise predictions,
which is crucial for detecting rare diseases in medical imaging.

For deep learning models, LIME was employed to highlight regions supporting specific diagnoses.
LIME visualizations identify areas positively supporting diagnoses of conditions like Atelectasis and
Emphysema, assigning weights to regions to signify their importance in the model’s decision process.
These visual explanations show the features consistent with the conditions, making the model’s
decisions clearer. GRAD-CAM overlays highlight specific areas of the chest X-rays that the model
focused on during diagnosis, enhancing the interpretability and reliability of the model’s predictions.
By integrating these interpretable models and deep learning techniques, the study ensured reliable Al-
driven insights without the "black box" effect. This approach fostered trust and accountability,
enabling healthcare professionals to make better informed decisions and improving patient outcomes.

6. Conclusion

Data augmentation significantly improved model performance by increasing the size and diversity of
training data, enhancing generalization and robustness. This was particularly beneficial for
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interpretable models, which achieved lower accuracy. Despite their simplicity, these models, combined
with XAl techniques like LIME and Grad-CAM, provided valuable insights into decision-making,
aiding in visualization and transparency. Class imbalance, a common issue leading to biased
predictions, was effectively mitigated using oversampling, undersampling, and cost-sensitive learning.
These techniques ensured balanced attention to all classes, resulting in more accurate and reliable
predictions. Deep learning models further boosted accuracy higher and beyond by capturing com plex
patterns in the data. XAl methods, including LIME and Grad-CAM, were also applied to these models,
enhancing interpretability. The use of more expressive LIME explanations provided clearer insights
into model predictions, making even complex models more transparent. Overall, integrating data
augmentation, class balancing strategies, and explainable Al techniques contributed to improved
model performance, interpretability, and accountability in decision making.
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