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Abstract

Explainable artificial intelligence (XAI) is critical for building trust and ensuring safe de-

ployment of deep learning models in healthcare. This thesis presents a comparative study

of two XAI approaches—Grad-CAM (a post hoc method) and ProtoPNet (a model-based

method)—applied to multilabel chest X-ray interpretation. Both models were trained and

evaluated on the VinDr-CXR dataset under identical conditions. The Grad-CAM ap-

proach, built on an EfficientNetV2-S backbone, achieved superior predictive performance

(macro ROC AUC = 0.86, macro F1 = 0.72) and generated clear, reliable heatmaps with

minimal computational overhead (hit-rate = 64%, mIoU = 42%). In contrast, ProtoPNet,

which learns prototypical image patches for inherently interpretable “this looks like that”

explanations, produced lower classification metrics (macro ROC AUC = 0.73, macro F1

= 0.52) and weaker localization performance (hit-rate = 0.7%, mIoU = 42%) while in-

curring approximately 25 % more inference time. Despite these drawbacks, ProtoPNet’s

case-based explanations more closely align with clinical reasoning, offering tangible exam-

ples that radiologists find meaningful. Our findings indicate that, for rapid deployment

and high accuracy, post hoc methods like Grad-CAM are preferable. However, the richer,

example-driven explanations of ProtoPNet highlight the need to further refine prototype-

based models—by optimizing prototype selection and expanding datasets—so that they

can deliver both strong performance and intuitively interpretable results in real-world

clinical settings.
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Introduction

Artificial intelligence (AI) has transformed many areas in the past decade, and healthcare

is no different. In particular, AI-driven medical image analysis has shown great poten-

tial for improving diagnostic accuracy, simplifying workflows, and eventually enhancing

patient outcomes. Imaging types such as computed tomography (CT), magnetic reso-

nance imaging (MRI), and X-rays provide detailed, high-dimensional data that can be

used by deep learning models to detect, classify, and locate diseases with performance

often matching or outperforming human experts. For example, AI systems for multilabel

chest X-ray interpretation have shown accuracy comparable to experienced radiologists,

opening new paths for fast diagnosis and treatment planning [1, 2]. However, despite

these good results, the use of AI models in clinical practice has been blocked by a basic

issue: the lack of transparency in many deep neural networks. Clinicians and regulators

both want clear, understandable explanations to trust and check AI-driven decisions in

critical care settings.

The problem of model interpretability has caused a growing interest in Explainable AI

(XAI), which aims to develop methods that explain how and why AI models make certain

predictions. In a medical setting, explainability is not just a theoretical concern; it directly

affects clinical trust, legal compliance, and patient safety. Clear explanations can show

whether a model is focusing on relevant features (e.g., chest anatomy, opacity patterns) or

on irrelevant artifacts (e.g., image noise, scanner-specific markings). These insights then

help refine models, encourage teamwork between experts, and support the integration of

AI tools into everyday diagnostic routines [3, 4]. Broadly speaking, XAI approaches for

medical image analysis fall into two categories: post hoc methods, which try to interpret
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Introduction

a trained “black-box” model, and model-based (or inherently interpretable) methods,

where explainability is part of the design.

Post hoc explainability techniques—such as saliency maps, gradient-based attribution,

and class activation mappings—create visual or textual explanations after the model is

trained. Among these, Grad-CAM (Gradient-weighted Class Activation Mapping) is one

of the most popular tools in medical imaging research because of its ease of use and

clear visuals [2]. By highlighting areas of an input image that most influence the model’s

output, Grad-CAM produces heatmaps overlaid on original scans, letting clinicians check

whether the model’s focus matches known disease regions. Despite its usefulness, Grad-

CAM and similar methods rely on certain assumptions (e.g., linear combinations of ac-

tivation maps) and can sometimes give vague or misleading explanations when working

with complex, high-resolution medical images.

In contrast, model-based explainability methods build interpretability into the net-

work’s structure. Prototype-based networks (ProtoPNet) are one example: these archi-

tectures learn a set of prototypical image patches during training and classify new inputs

by comparing them to these prototypes. Each prototype represents an understandable

concept (e.g., a typical lung opacity), and the network’s decision can be traced to the

similarity scores between input regions and prototypes [5, 4]. This straightforward design

lets clinicians view prototypes, check their clinical relevance, and understand the reason

behind each classification. However, prototype-based methods often need careful choices

(e.g., number and size of prototypes) and may involve a trade-off between interpretability

and raw performance.

Given the combined strengths and weaknesses of post hoc and model-based explain-

ability approaches, a comparative study is needed to see their advantages in medical

image analysis. To our knowledge, few studies have directly compared both XAI cate-

gories on the same diagnostic task. This thesis aims to address that gap by conducting

two case studies focused on multilabel chest X-ray interpretation: (1) a convolutional

neural network (CNN) backbone with Grad-CAM to provide post hoc saliency maps,

and (2) a ProtoPNet-based architecture offering inherent interpretability through learned

prototypes.

The remainder of this introduction is organized as follows. First, we lay out the main

2
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problem that drives our work: while deep learning models achieve top accuracy in medical

image tasks, their lack of transparency creates serious barriers to clinical use. We then

give an overview of existing explainability methods in medical imaging, contrasting post

hoc approaches like Grad-CAM with model-based strategies like ProtoPNet. Finally,

we state the objectives and scope of this thesis, outlining how our comparative study is

organized and what readers will find in later chapters.

Problematique and Motivation

Deep neural networks are great at extracting complex, layered features from imaging

data, but they give little insight into how specific predictions are made. In medical

diagnosis scenarios, this lack of transparency is more than an academic issue: it can

hide model mistakes, make quality checks harder, and slow regulatory approval. For

instance, imagine a CNN that predicts multiple conditions from a chest X-ray. If the

model’s heatmap highlights a normal rib area instead of a lung lesion, clinicians may

doubt the system’s reliability. Therefore, explainability is not just a desirable feature but

a necessary requirement for trust, accountability, and safe use in healthcare [3].

Different stakeholders have different explainability needs. Radiologists often want

localized, pixel-level explanations that justify a segmentation or classification; hospital

managers and regulators may need higher-level reasoning to ensure models meet ethical

and legal standards; and patients might seek clear explanations to feel confident about

AI-assisted diagnoses. Thus, XAI methods must meet a range of interpretability needs

without sacrificing too much accuracy or speed.

Thesis Objectives and Contributions

This thesis offers a direct comparison of post hoc and model-based explainability methods

applied to multilabel chest X-ray interpretation. The two case studies are:

1. CNN + Grad-CAM (Post Hoc Explainability): We build a standard CNN

to perform multilabel classification on chest X-rays, then use Grad-CAM to create

3
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heatmaps showing regions that influenced each label prediction. These maps are

checked for clinical relevance and localization accuracy.

2. ProtoPNet (Model-Based Explainability): We design a prototype-based net-

work that learns a set of prototypical lung patterns during training. Each prototype

can be displayed as a representative image patch, and the classification is explained

by showing similarity scores between input regions and prototypes.

Key contributions of this thesis include:

• A clear comparison of post hoc and model-based explainability techniques on a

shared multilabel chest X-ray benchmark, evaluating both prediction performance

and interpretability.

• An analysis of the balance between transparency and predictive performance, show-

ing when one approach may be better than the other.

• Practical advice for integrating explainable AI into medical image workflows, fo-

cusing on ease of use for clinicians and meeting healthcare guidelines.

By presenting a direct comparison of two common XAI approaches in a clinically

relevant setting, this work aims to guide future research and help practitioners choose

the right explainability methods for medical imaging tasks. The rest of the thesis is

organized as follows:

Chapter 1 Background on AI in Medical Imaging and the Need for Explainability

Chapter 2 Literature review and State Of The Art

Chapter 3 Methodology

Chapter 4 Results and Evaluation

Chapter 5 Discussion: Insights, Limitations, and Recommendations

Conclusion

4



Chapter 1
Towards Transparent AI in Healthcare

1.1 Historical Background of AI in Healthcare

Artificial intelligence (AI) has long been recognized as a powerful tool for medicine. Early

work in AI dates back to the 1940s–1960s, when pioneers formulated theoretical models

of neural networks and basic learning machines [6]. In the 1970s and 1980s, AI in health-

care primarily took the form of rule-based and knowledge-based expert systems. For

example, systems like MYCIN demonstrated the potential for computer programs to aid

in diagnosis of infections by encoding medical rules [6]. These early applications, though

limited by the computing power of the time, showed that AI could support clinicians’

decision-making by providing computer-guided advice. Over time, however, interest in

AI in medicine waxed and waned. AI first boomed, then suffered an “AI winter” when

excitement outpaced technical capability, and finally revived with better algorithms and

hardware [6].

By the late 20th century, statistical machine learning methods (such as Decision Trees

[7], Support Vector Machines (SVMs) [8], Naïve Bayes Classifiers [9], and K-Nearest

Neighbors (KNN) [10]) began to supplement expert systems.

• Decision Trees: A non-parametric supervised learning algorithm, which is used

in classification by partitioning data based on features.

• Support Vector Machines (SVMs): Introduced in the 1960s, SVMs are used

for classification tasks by finding the hyperplane that best separates the data and

5
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are widely used in medical imaging.[11]

• Other ML Methods: Like Naïve Bayes classifiers, which rely on probability the-

ory, and KNN that assigns classifications based on the nearest labeled samples.[11]

Researchers also applied early neural network models to medical data, for instance

in radiographic image analysis. However, these approaches often required careful feature

engineering and still offered only incremental gains. It was not until the 21st century, with

the advent of high-speed graphics processors (GPUs) and large digital datasets, that AI’s

potential in medicine truly began to accelerate [6]. As one review notes, the refinement

of learning algorithms, development of deep convolutional networks, and availability of

powerful computing revived interest in AI. AI soon transitioned from theoretical models

to practical medical tools [6].

1.2 Emergence and Evolution of Machine Learning

and Deep Learning

Machine learning (ML) and its subfield deep learning (DL) have driven the recent resur-

gence of AI in medicine. ML encompasses a range of algorithms that learn from data,

while DL refers to multi-layer neural networks that can automatically extract features

from raw inputs. The foundations of neural networks date back to work by McCulloch

and Pitts in the 1940s and Rosenblatt’s perceptron in 1958, but training deep networks

was initially hampered by lack of data and computing power. In 1986, backpropagation

made multi-layer networks more practical, but it was not until the 2010s that DL began

to dominate AI. In 2012, a landmark event known as the “ImageNet moment” occurred:

a deep convolutional neural network won the ImageNet object-recognition competition

by a large margin. This achievement proved the power of DL for image tasks [6].

Since then, advances in ML and DL have been rapid. Researchers developed many

new network architectures (e.g. ResNet, DenseNet) and techniques (dropout, batch nor-

malization, data augmentation) that steadily improved performance. The widespread use

of GPUs and cloud computing enabled researchers to train very large models on massive

datasets [6]. Today’s DL models range from convolutional neural networks (CNNs) for

6
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images, to recurrent networks and transformers for sequential data, to generative models

(GANs, diffusion models) for creating new data. In healthcare, these technical advances

have meant that models which previously struggled now achieve breakthrough results.

For example, CNNs once confined to computer vision labs are now routinely applied to

medical imaging tasks. As Zhou and Greenspan observe, modern DL “has been widely

used in various medical imaging tasks and has achieved remarkable success” [12].

Table 1.1: Key Milestones in AI and Healthcare

Year Event

1961 ELIZA: Early chatbot, precursor to healthcare chat-

bots

1972 MYCIN: Expert system for diagnosing bacterial infec-

tions

1976 EMYCIN: Framework for medical diagnostic systems

1986 Deep Learning Introduced: Key for modern health-

care applications like imaging

1996 DXplain: Clinical decision support system for diagno-

sis

2007 CAD in Endoscopy: AI-enhanced diagnostic imaging

in gastroenterology

2011 Alexa Released: Voice assistant with potential for pa-

tient monitoring

2014 Siri Introduced: Voice assistant with potential health-

care uses

2015 ARTERYS Approved: AI-powered cloud platform

for medical imaging

2017 MANDY Chatbot: Healthcare-specific chatbot for

patient interaction

2018–2022 AI in Gastroenterology: Broad application of AI in

diagnostics and treatment
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1.3 Deep Learning Applications in Medical Imaging

Medical imaging has been one of the most impactful areas for AI. Imaging modalities

(X-ray, CT, MRI, ultrasound, pathology slides, etc.) generate about 90% of healthcare

data [12], making them a rich domain for AI analysis.

Modern DL approaches have achieved success on many imaging tasks: detection, clas-

sification, segmentation, and quantification. For example, in chest radiology a deep net-

work (CheXNeXt) was trained on tens of thousands of X-rays and demonstrated perfor-

mance comparable to expert radiologists in identifying 14 pathology types [13]. In digital

pathology, CNNs have matched pathologists in detecting tumor metastases in lymph-

node slides [12]. In ophthalmology, a deep learning algorithm for diabetic retinopathy

achieved expert-level sensitivity and specificity on retinal fundus photos [12]. In derma-

tology, models have classified skin lesion images at a level similar to dermatologists (e.g.

melanoma detection).

Overall, deep learning has “propelled us into the AI era” for medical imaging [12].

Segmentation tasks have seen dramatic improvements thanks to networks like U-Net

(2015) designed for biomedical images. These models automatically learn hierarchical

features, from edges to textures to anatomical structures, enabling accurate delineation

of organs or lesions. Classification tasks, such as diagnosing pneumonia or fractures on X-

rays, have also benefited from DL’s feature learning. The combination of large annotated

datasets and powerful networks has yielded impressive results on many challenges. As one

review summarizes, deep learning excels at medical image interpretation and its success

comes largely from big data and high-performance computing [12].

1.4 Human–AI Collaboration and Trust in Medical

Contexts

As AI models become more powerful, their role in clinical decision-making is evolving

towards collaboration with human clinicians. Instead of replacing doctors, AI is often

envisioned as a diagnostic aid. Trust and effective interaction are crucial: clinicians

must understand when and how to rely on AI output. Studies have shown that when
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AI predictions are accompanied by explanations, human decision-makers perform better.

For instance, Senoner et al. demonstrated that providing heatmap visual explanations

alongside AI recommendations significantly improved diagnostic accuracy [14].

However, achieving such collaboration requires transparency. Clinicians need human-

understandable explanations of AI decisions to trust and effectively use the system [15].

Explainable outputs like annotated images, feature highlights, or example cases can make

AI reasoning clearer.

1.5 Regulatory and Ethical Motivations for Explain-

ability

In high-stakes fields like healthcare, there’s a strong imperative for AI transparency. The

European Union’s AI Act will classify medical AI as high-risk, mandating that systems

provide clear information on their logic and limitations [15]. Similarly, the FDA and other

regulators emphasize transparency of machine-learning-enabled medical devices [16].

From an ethical standpoint, biased or opaque AI can harm patients. Reviews high-

light concerns about AI-driven disparities and call for fairness measures [17]. Ethical

frameworks stress accountability and the “right to explanation.”

1.6 Roadmap to Explainable AI

Explainable AI (XAI) refers to methods that make a model’s behavior or decisions un-

derstandable to humans. Broadly, XAI approaches are categorized into intrinsic methods

(interpretable-by-design models) and post-hoc methods (tools explaining black-box mod-

els).

Common XAI techniques include:

• Visual explanations (e.g. Grad-CAM heatmaps) [14]

• Surrogate models (LIME, SHAP feature importance)

• Example-based explanations (similar-case retrieval)

9
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• Concept-based methods (TCAV concept influence)

In the following chapters, we will compare these XAI approaches in medical imaging

tasks, evaluating their clarity, reliability, and clinical utility.

1.7 Conclusion

The evolution of artificial intelligence in healthcare has been marked by significant mile-

stones, from early rule-based systems like MYCIN to the advent of deep learning and its

transformative impact on medical imaging. As AI technologies continue to advance, their

integration into clinical practice necessitates a focus on transparency, explainability, and

ethical considerations. Human–AI collaboration, underpinned by trust and clear commu-

nication, is essential for the effective and equitable application of AI in medicine. Future

developments should prioritize explainable AI to ensure that healthcare professionals can

confidently leverage these tools to enhance patient care.
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Chapter 2
Literature review

2.1 Introduction to XAI in Medical Imaging

2.1.1 Applications of AI in Medical Imaging

Advancements in medical imaging and artificial intelligence (AI) have transformed health-

care, enabling early disease detection, precise diagnosis, personalized treatment planning,

and improved patient outcomes. Imaging modalities such as X-ray, computed tomogra-

phy (CT), and magnetic resonance imaging (MRI) generate vast datasets, necessitating

efficient analysis where AI excels [3]. Deep learning algorithms, trained on large datasets,

identify complex patterns imperceptible to the human eye, enhancing diagnostic accu-

racy and efficiency [18]. Recent developments have further advanced AI capabilities, with

algorithms predicting diseases like breast cancer years before manifestation and reducing

diagnosis time by up to 30% [19, 20].

Figure 2.1: Examples of Imaging Modalities
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2.1.2 Challenges of Black-Box Models

Deep learning models, while powerful, are complex due to intricate architectures (e.g.,

convolutional neural networks), numerous parameters, and optimization processes. This

complexity enables capturing intricate patterns but poses challenges in high-stakes ap-

plications like healthcare, where interpretability is crucial [21]. The "black-box" nature

of these models, where internal processes are opaque, raises concerns about bias, trans-

parency, and accountability, limiting clinical adoption. For instance, biased training data

can lead to misdiagnoses in underrepresented groups, underscoring the need for explain-

ability [22].

Figure 2.2: Black-Box Model Workflow

2.1.3 Transparency and Trust

AI aims to assist clinicians, not replace them, requiring trust built through transparent

decision-making. XAI provides interpretable explanations, such as identifying influential

image regions, fostering clinician confidence [23]. Regulatory frameworks, like the EU’s

GDPR (Article 15), mandate transparency, and ongoing efforts to standardize XAI eval-

uation ensure clinical relevance [24]. Compliance enhances patient trust and supports

ethical AI integration.

12



CHAPTER 2. LITERATURE REVIEW

2.2 Classification of Explainability Techniques

2.2.1 Model-Based vs. Post Hoc Explanations

• Model-Based: These methods integrate explainability into the model, using sim-

pler models (e.g., decision trees) or techniques like attention mechanisms in deep

learning to enhance transparency [23]. Example: Attention-based CNNs highlight

relevant image regions.

• Post Hoc: Post-hoc explainability methods analyze and interpret the decision-

making process of a trained machine learning model after it has made predictions,

providing insights into how the model arrived at its outputs. An important dis-

tinction between post hoc explanation and model-based explanation is that the

former trains a neural network and subsequently attempts to explain the behavior

of the ensuing black box network, whereas the latter forces the neural network to

be explainable.[25]

Figure 2.3: Model-Based vs. Post Hoc Explanations

2.2.2 Model-Specific vs. Model-Agnostic Approaches

• Model-Specific: Tailored to specific model architectures (e.g., CNNs). For in-

stance, such a method might rely on attributes unique to a specific type of neural

network. A disadvantage is that by focusing on model-specific explanation, we con-

strain our selection of neural networks, potentially omitting one that could more

effectively align the output with the input data[23]. Example: Layer-wise Relevance

Propagation for CNNs.
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• Model-Agnostic: Model-agnostic explanation does not depend on the type of neu-

ral network, functioning only based on the input and output of the neural network.

By modifying the input, the user can observe how the output of the neural network

changes. This can thus reveal which regions influence the output. Model-agnostic

explanation is inherently post hoc[23]. Example: SHAP values for any model.

2.2.3 Global vs. Local Explanations

• Global Explanations: Also known as dataset-level explanation, reveals general

patterns learned by the neural network. For instance, global explanation can pro-

vide feature importance scores at the dataset level, indicating how much each fea-

ture contributes to the output across the entire dataset. As an example, one might

observe from a neural network that – or even to what extent – high blood pressure

increases the likelihood of a cardiac event. Another example of global explanation

is the visualization of learned filters, showing which features are extracted by the

neural network and how relevant they are to the given task[23]. Example: SHAP

feature importance scores.

• Local Explanations: Provides clarification for a single input. In the context of

lung disease, an input would correspond to an individual patient. Local explanation

would therefore explain why a particular feature in an X-ray is crucial for diagnosing

lung disease for that specific patient, whereas global explanation would illustrate the

connection between that feature and lung disease across the entire dataset. Another

instance of a local explanation is a saliency map emphasizing an affected region on

a chest X-ray to indicate which part of the image predominantly influenced the

classifier output ‘disease.’ Since this determines the specific section of the image

that guided the classifier to its conclusion for that individual case, it constitutes a

local explanation[23]. Example: Grad-CAM for a single X-ray.

14



CHAPTER 2. LITERATURE REVIEW

2.3 XAI Methods for Medical Image Analysis

2.3.1 Concept Learning Models

These models predict human-interpretable concepts before final labels, enhancing trans-

parency. Concept Bottleneck Models allow clinicians to modify concepts but may mis-

align with image features [26]. Capsule networks, like X-Caps, encode visual attributes

for lung nodule malignancy, outperforming some CNNs [26]. Recent applications include

predicting tumor characteristics in MRI scans [27].

2.3.2 Case-Based Models

ProtoPNet introduced prototype-based reasoning by learning class-discriminative pro-

totypes—image patches representing key features (e.g., joint-space narrowing in arthri-

tis)—and comparing them with input regions to generate explanations [28, 29]. XPro-

toNet extends this paradigm to chest radiography by dynamically predicting occurrence

maps for each pathology and learning prototypes within those maps; it matches or exceeds

performance on the NIH CXR-14 dataset while providing clear heatmaps of prototypi-

cal evidence [30]. NP-ProtoPNet further incorporates noise-robust similarity scoring to

improve lesion localization, although it can be vulnerable to compression artifacts and

dataset noise [31].

2.3.3 Concept Attribution

Concept Relevance Propagation (CRP) conditions traditional Layerwise Relevance Prop-

agation (LRP) on specific clinical concepts encoded in hidden layers, producing concept-

conditional relevance maps that reveal both the “what” (concept identity) and “where”

(spatial localization) of model reasoning [32, 33]. In digital pathology, CRP has been

applied to whole-slide images to verify histological features such as mitoses and glandu-

lar structures, aligning model insights with pathologist annotations [33]. Toolkits like

Zennit-CRP automate this process for arbitrary architectures, enabling construction of

“concept atlases” for 3D microscopy and radiological classification tasks [33].
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2.3.4 Attribution Maps

Attribution maps are visual explanations that show which pixels or regions of an image

mattered most for a neural network’s decision. In other words, they answer “where did

the model look?” by producing a heatmap over the input image. Below we describe four

main types of attribution maps, each with a simple mathematical formulation.

• Layerwise Relevance Propagation (LRP) redistributes a model’s final output

score f(x) back through the layers to the input pixels, such that the total relevance

is conserved at each layer. For neuron i in layer l and neuron j in layer l + 1, one

common rule is:

R
(l)
i =

∑
j

a
(l)
i wij∑

i′ a
(l)
i′ wi′j + ϵ

R
(l+1)
j ,

where a
(l)
i is the activation of neuron i, wij the weight connecting i → j, and ϵ a

stabilizer. At the input layer, the R
(0)
i form a pixel-wise relevance map [34].

• Class Activation Maps (CAM) use the fact that, after global average pooling

(GAP), the score for class c is

Sc =
∑

k

wc
k f̄k, with f̄k = 1

Z

∑
x,y

fk(x, y),

where fk(x, y) is the k-th feature map and wc
k its weight for class c. The CAM

heatmap is

Mc(x, y) =
∑

k

wc
k fk(x, y).

This highlights regions that push the score Sc high [35]. Extensions like Score-

CAM replace weights by score differences, and Grad-CAM++ refines them using

higher-order gradients [36].

• Grad-CAM simplifies CAM by approximating wc
k with the average gradient of the

class score Sc w.r.t. each feature map:

αc
k = 1

Z

∑
x,y

∂Sc

∂fk(x, y) , Mc(x, y) = ReLU
(∑

k

αc
k fk(x, y)

)
.

The ReLU ensures we only visualize positive influences. Grad-CAM produces

coarser maps but works for any convolutional net without retraining [2].
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• Perturbation-Based Methods fit a simple, interpretable model (e.g. linear re-

gression) locally around a single input. For example, LIME approximates f by

g(z) = b +
d∑

i=1
ϕi zi,

where z indicates which superpixels are kept. The coefficients ϕi serve as impor-

tances. SHAP uses a weighted Shapley-value formula to assign each pixel i an

attribution

ϕi =
∑

S⊆{1,...,d}\{i}

|S|! (d − |S| − 1)!
d!

[
f(S ∪ {i}) − f(S)

]
.

These methods are model-agnostic but can be slow, since they need many pertur-

bations [37, 38].

2.3.5 Natural Language Explanations

Natural language explanations generate textual justifications aligned with medical re-

ports.

• Supervised NLEs train encoder–decoder models on paired image–report datasets

to produce clinically coherent rationales, e.g., “confluent consolidation in the right

upper lung concerning for pneumonia” [39].

• Multimodal Frameworks (e.g., ExAID) combine Concept Activation Vectors

with localization maps to produce fine-grained text alongside visual evidence for

dermatology or pathology tasks [40].

• Emergent Language Models investigate dual-agent LSTM systems that learn

to encode diagnostic features in discrete symbols without explicit text supervision,

though clinical validation remains ongoing [41].

2.3.6 Latent Space Interpretation

Interpreting latent representations reveals what networks learn:
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• Activation Maximization synthesizes inputs maximizing neuron activations, un-

covering patterns like tumor texture preferences, albeit with limited diagnostic re-

alism [42].

• Network Dissection quantifies alignment between hidden units and semantic con-

cepts (e.g., calcifications, anatomical structures) using labeled concept datasets [43].

• Disentangled Representations via VAEs and concept whitening separate latent

axes into clinically meaningful dimensions (e.g., lesion size vs. shape), enabling

controlled perturbations for brain ventricle segmentation [44].

• Emergent Symbolic Representations map image patches to discrete symbols

corresponding to immune cell markers or radiographic patterns, producing human-

readable latent codes [41].

2.4 Comparative Analysis of XAI Methods

2.4.1 Categorization of XAI Methods

Table 2.1 summarizes XAI techniques and their applications.

Category Technique Example Methods

Model-Based Attention Mechanisms ViTs, Attention-Based CNNs

Self-Explaining Neural Networks ProtoPNet, SENN

Post Hoc Saliency Maps Grad-CAM, Integrated Gradients

Perturbation Methods LIME

Feature Attribution SHAP

Model-Specific Feature Visualization Filter Visualization, DeepDream

Layerwise Relevance Propagation LRP

Model-Agnostic Surrogate Models LIME, SHAP

Example-Based Explanations Counterfactual Explanations

Global Explanation Feature Importance Analysis SHAP

Local Explanation Counterfactual Explanations Counterfactual Explanations

Table 2.1: Categorization of XAI Methods for Deep Learning in Medical Imaging
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2.4.2 State-of-the-Art Comparison

Post-hoc saliency methods (e.g., Grad-CAM) are easy to deploy but produce coarse

heatmaps, with mIoU ranging from 0.07 to 0.26 [45]. Prototype-based methods (e.g.,

ProtoPNet) offer semantic clarity, with XProtoNet outperforming saliency baselines in

localization [31]. Recent studies confirm ProtoPNet’s clinical usability in mammography

[46].

2.4.3 Localization Fidelity

Grad-CAM’s coarse heatmaps limit precision in subtle pathologies, while ProtoPNet

achieves tighter alignment with expert segmentations [47]. XProtoNet’s localization pre-

cision is notable in breast cancer detection [31].

2.4.4 Semantic Clarity

Grad-CAM indicates “where” but not “what,” lacking feature semantics, whereas Pro-

toPNet’s prototype-based explanations align with clinician intuition [? ]. Clinicians can

inspect prototype galleries for clarity [31].

2.4.5 Robustness and Faithfulness

Saliency methods are sensitive to perturbations, while prototype networks anchor ex-

planations to learned patterns, though spurious correlations remain a risk [48]. NP-

ProtoPNet improves robustness [30].

2.4.6 Clinical Usability and Deployment

Grad-CAM’s minimal overhead suits existing pipelines, while ProtoPNet requires ar-

chitectural integration but offers ready explanations [49]. XProtoNet’s integration into

PACS viewers enhances usability [31].
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2.5 Evaluation Metrics for XAI in Medical AI

2.5.1 Faithfulness

Faithfulness ensures explanations reflect the model’s reasoning, measured by consistency

and sufficiency [50]. SHAP maintains perfect consistency, unlike LIME [50].

2.5.2 Consistency and Sufficiency

Consistency ensures similar explanations yield similar predictions, while sufficiency guar-

antees explanations justify decisions. Decision trees and Anchors enhance interpretability

[50].

2.5.3 Robustness

Robustness measures explanation stability under input changes, critical for medical AI.

Regularization and stability tests enhance reliability [50]. Standardized metrics are

needed [24].

2.5.4 Practical Implications

Balancing accuracy and explainability requires domain-specific validation. Clinical XAI

Guidelines propose criteria like understandability and truthfulness [24].

2.6 Ethical Considerations in XAI

Ethical challenges in XAI include data privacy, bias mitigation, and accountability. Dur-

ing data collection, respecting patient rights and ensuring data quality are crucial [51].

Model development must prioritize safety, efficacy, and fairness, while deployment re-

quires clinicians to retain responsibility [51]. XAI enhances transparency, addressing

these concerns by explaining decisions [27].
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2.7 Conclusion

This chapter explores XAI’s role in medical image analysis, addressing the opacity of

deep learning models. AI’s transformative impact on diagnostics is tempered by black-

box challenges, necessitating XAI for transparency and trust. We categorized XAI tech-

niques into model-based vs. post hoc, model-specific vs. model-agnostic, and global vs.

local, detailing methods like concept learning, case-based models, and attribution maps.

Comparative analysis highlighted trade-offs between Grad-CAM and ProtoPNet, while

evaluation metrics emphasized faithfulness and robustness. Ethical considerations un-

derscored XAI’s role in ensuring fairness and accountability. Future directions include

customized XAI techniques, standardized metrics, and biological explanations, aligning

with clinicians’ needs to enhance clinical adoption
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Chapter 3
Methodology

3.1 Introduction

Explainable Artificial Intelligence (XAI) is critical in medical imaging, where opaque mod-

els risk undermining clinician trust and may obscure diagnostic errors. In this chapter,

we present a comparative case-study framework to investigate transparency in multi-label

chest X-ray classification using the VinDr-CXR dataset. Specifically, we contrast:

1. a post hoc saliency-map method, applying Grad-CAM to an EfficientNetV2-S

backbone fine-tuned under an asymmetric loss, and

2. an intrinsic prototype-based approach, using ProtoPNet to embed explanations

directly via learned class prototypes.

While Grad-CAM offers flexible, model-agnostic visualizations with minimal additional

training, questions remain about its fidelity and spatial precision. By contrast, ProtoP-

Net provides built-in interpretability through prototype matching, at the cost of added

architectural steps (e.g. prototype pushing) and potential prototype selection risks. Our

design holds dataset, splits, and evaluation criteria constant, enabling a focused assess-

ment of whether a lightweight, post hoc explainer can achieve comparable transparency

and clinical relevance to an interpretable-by-design model in high-stakes diagnosis tasks.
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3.1.1 Objectives

To structure our comparative analysis, we define the following high-level objectives for

each case study:

1. Grad-CAM on EfficientNetV2-S

• Adapt and train EfficientNetV2-S on VinDr-CXR with an asymmetric loss,

then generate Grad-CAM heatmaps to visualize decision regions.

• Quantitatively evaluate explanation fidelity and consistency across disease la-

bels.

2. ProtoPNet Model-Based Explanation

• Train ProtoPNet on the same data splits, perform prototype pushing to align

prototypes with real lesions, and inspect prototype relevance.

• Assess inherent interpretability by examining prototype–image matches.

3. Comparative Evaluation

• Compare both approaches on fidelity, granularity, and clinical utility using

consistent metrics.

4. Practical Considerations and Guidelines

• Analyze computational overhead and integration complexity for each method.

• Synthesize findings into guidelines recommending when to deploy post hoc

versus intrinsic explainability in clinical AI workflows.
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3.2 VinDr-CXR Chest X-ray Dataset Overview

The VinDr-CXR dataset comprises 18,000 posterior-anterior chest radiographs, of which

15,000 are allocated for training and 3,000 for testing. Collected from diverse clinical

centers, this corpus presents a wide spectrum of thoracic pathologies with high-quality

annotations provided by 17 board-certified radiologists. Each image is labeled with up

to 14 abnormality classes—reflecting the multi-label nature of real-world diagnosis—and

accompanied by precise bounding boxes that localize each finding [52, 53, 54].

Figure 3.1: Overall class distribution in VinDr-CXR

Because patients can have more than one issue at a time, VinDr-CXR is a true multi-

label dataset: each X-ray may belong to several classes. This makes training harder,

since models must learn to predict multiple findings at once.

Another major challenge is class imbalance. Some conditions, like pneumothorax

and atelectasis, appear in fewer than 1% of the images, while others, such as aortic

enlargement and pleural thickening, occur in over 10% of cases (Table 3.1). Uneven

frequencies can cause models to overlook rare but critical diseases.
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Class Name Number of Images

Aortic enlargement 3067
Atelectasis 186
Calcification 452
Cardiomegaly 2300
Consolidation 353
ILD 386
Infiltration 613
Lung Opacity 1322
Nodule/Mass 826
Other lesion 1134
Pleural effusion 1032
Pleural thickening 1981
Pneumothorax 96
Pulmonary fibrosis 1617

Table 3.1: Abnormality classes (excluding "No Finding").

To illustrate annotation quality, each image includes bounding boxes for all identified

lesions, with multiple experts reviewing each case. (Figure 3.2) shows a representative

chest radiograph with overlaid boxes and labels, demonstrating both the dataset’s gran-

ularity and the real-world co-localization of abnormalities.

Figure 3.2: Example chest X-ray with bounding boxes and labels

To address class imbalance within our computational limits, we exclude any class with

fewer than 500 images. Table 3.2 shows the updated distribution.
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Class Name Number of Images

Aortic enlargement 3067
Cardiomegaly 2300
Infiltration 613
Lung Opacity 1322
Nodule/Mass 826
Other lesion 1134
Pleural effusion 1032
Pleural thickening 1981
Pulmonary fibrosis 1617

Table 3.2: Abnormality classes after filtering (excluding "No Finding").

3.3 Case Study 1: Post-Hoc Explanation

In this case study, we perform multi-label chest X-ray classification and generate post-hoc

visual explanations using the VinDr-CXR dataset. We first preprocess and split the

data to address label co-occurrence and class imbalance, then train an EfficientNetV2-S

backbone under an asymmetric loss. Finally, we apply Grad-CAM to interpret model

decisions and quantitatively assess both predictive and explanation quality.

3.3.1 Dataset and Preprocessing

We use the VinDr-CXR dataset, which comprises 18,000 PA-view chest X-rays annotated

by 17 radiologists with 22 local (bounding-box) labels and 6 global disease labels [52, 53].

• Loading & de-duplication: We load the CSV of bounding-box annotations and

remove duplicate (image_id, class_id) pairs to ensure one record per lesion.

• Class filtering: The “No Finding” class is dropped, and any pathology with fewer

than 300 instances is removed to maintain statistical reliability [55].

• Bounding-box resizing: Original DICOM coordinates are rescaled to a 512×512

grid via x′ = x × (TARGET/width), preserving aspect ratio and rounding to inte-

gers.
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• Multi-label vectorization: Per-image lists of class indices are binarized using

sklearn.preprocessing.MultiLabelBinarizer, producing C-length multi-hot vec-

tors [56].

3.3.2 Train/Validation/Test Splitting

To preserve co-occurrence statistics in our multi-label setting, we employ

MultilabelStratifiedShuffleSplit from the iterative-stratification library,

based on the algorithm of Sechidis et al. [55]. This yields 70% train, 15% validation, and

15% test splits with balanced label distributions.

3.3.3 Handling Class Imbalance

Medical datasets often exhibit long-tailed label frequencies. We first oversample classes

whose frequency falls below the mean by a factor of 1.5 via sampling with replacement.

Then, a WeightedRandomSampler draws images with probability inversely proportional

to class frequency, ensuring minority classes are emphasized during training [57].

3.3.4 Noise Reduction & Data Augmentation

1. Median filtering: A 3 × 3 median blur (OpenCV’s cv2.medianBlur) removes

salt-and-pepper noise while preserving edges [? ? ].

2. Geometric & photometric transforms:

• Random horizontal flip (p=0.5)

• Random rotation ±15◦

• Color jitter (brightness/contrast ≤20%)

• Random affine (translation ±5%, scale 0.95–1.05)

3. Normalization: Input tensors are normalized to ImageNet means [0.485, 0.485, 0.485]

and stds [0.229, 0.229, 0.229] [? ].
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3.3.5 Dataset & DataLoader

A custom VinBigDataset (subclass of torch.utils.data.Dataset) returns

(image_tensor, multi_hot_labels, image_id). The training DataLoader uses our

weighted sampler; validation and test loaders shuffle only at the image level.

3.3.6 Model Architecture

We adopt EfficientNetV2-S [58], implemented in the timm library [? ], replacing its head

with a C-way sigmoid output for multi-label prediction.

Input X-ray EfficientNetV2-S Classification Output

Gradient Pooling Heatmap Visualization

Figure 3.3: Post-Hoc Model Architecture

3.3.7 Loss Function

We use the Asymmetric Loss (ASL) of Ridnik et al. [57], which decouples positive- and

negative-sample focusing (γneg = 4, γpos = 1) and clips easy negatives, effectively address-

ing extreme negative-positive imbalance in multi-label tasks.

3.3.8 Optimization & Training

• Stage 1: Train the model for up to 40 epochs or until early stopping is triggered

(patience=5), using AdamW

(lr=1e-3, wd = 1e−5) and ReduceLROnPlateau on validation loss.

• Stage 2: Fine-tune the model for 25 epochs, focusing only on minority classes

(those with image counts below the dataset mean), using AdamW (lr=1e-5) and

early stopping (patience=5 epochs).
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• Mixed-precision (FP16) via PyTorch AMP accelerates training and reduces memory

footprint [? ].

• Metrics: We record train/val loss, macro ROC AUC, and macro F1 at each epoch.

3.3.9 Threshold Optimization

Per-class thresholds are swept from 0.1–0.9 on the validation set to maximize F1, yielding

optimal cutoffs for final test evaluation [59].

3.3.10 Grad-CAM Explanation Generation

We generate Grad-CAM heatmaps using pytorch_grad_cam [60], targeting the last con-

volutional block of EfficientNetV2-S. Gradients are pooled channel-wise, ReLU-activated,

normalized to [0, 1], and overlaid in red on the denormalized X-ray for visual interpretabil-

ity [2].

3.3.11 Evaluation

Predictive Performance We report the following metrics, averaged equally across all

C classes:

• Macro-averaged ROC AUC: Compute the ROC AUC for each class c in a

one-vs-rest fashion, then average:

AUCmacro = 1
C

C∑
c=1

AUCc (3.1)

where AUCc is the area under the ROC curve for class c.

• Macro F1-score: Compute the F1 for each class c from its true positives (TPc),

false positives (FPc), and false negatives (FNc), then average:

F1macro = 1
C

C∑
c=1

2 TPc

2 TPc + FPc + FNc

(3.2)

This definition treats each class equally regardless of support.
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Explanation Quality

• Mean Intersection-over-Union (mIoU) between thresholded Grad-CAM mask and

ground-truth boxes [61].

• Hit-rate (“pointing game”): counts a hit if the pixel of maximum activation lies

inside a true lesion box [62].

3.4 Case Study 2: Model-Based Explanation

In this case study, we implement and evaluate a Prototypical Part Network (ProtoPNet)

[63] for multi-label chest X-ray classification on the VinDr-CXR dataset. ProtoPNet

learns class-specific “prototypes” in feature space and makes predictions by comparing

image regions to these learned prototypes, yielding inherently interpretable decisions. We

describe dataset preprocessing, model architecture, training (including prototype push-

ing), and both predictive and case-based explanation evaluation.

3.4.1 Related Work

ProtoPNet was first proposed in the vision domain for fine-grained bird classification

[63]. Extensions to medical imaging include XProtoNet for chest radiography [31] and

Shallow-ProtoPNet for fully transparent prototypes [64]. Deformable ProtoPNet adds

spatial flexibility [65].

3.4.2 Dataset & Preprocessing

We reuse the VinDr-CXR dataset of 18 000 PA-view X-rays with 14 lesion classes [52].

After loading annotations and removing duplicates, we drop the “No Finding” label

and any class with fewer than 300 instances to ensure reliable prototype formation [55].

Bounding boxes are rescaled to a 224 × 224 grid via

x′ = x × 224
orig_width , y′ = y × 224

orig_height
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Multi-label vectors are produced with MultiLabelBinarizer [? ]. 70/15/15 stratified

splits preserve label co-occurrence using MultilabelStratifiedShuffleSplit [55].

3.4.3 Model Architecture: ProtoPNet

ProtoPNet augments a convolutional backbone with a prototype layer and an additive

classification layer [63].

• Backbone & feature extractor: We use EfficientNetV2-S truncated before its

final pooling, producing feature maps of size 1280 × 7 × 7 [58].

• Prototype layer: Learnable prototype vectors {pj}P
j=1 ∈ R1280 are convolved over

the feature map to compute squared-L2 distances:

db,j,h,w = ∥fb(h, w) − pj∥2
2 = ∥fb(h, w)∥2 + ∥pj∥2 − 2 fb(h, w)⊤pj

where fb(h, w) is the backbone feature at spatial location (h, w) for image b.

• Global similarity & logits: For each prototype j, the minimal distance across

(h, w) is taken, converted to a similarity score sj via log
(
(db,j + 1)/(db,j + 10−4)

)
,

and fed into a linear layer to produce C class logits [? ].

• Prototype-class assignment: Each prototype is assigned to one class (via a

one-hot identity matrix), so that evidence from prototypes is class-specific [63].
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Input X-ray

EfficientNetV2-S

Prototype Distance Computation

Min-pool & Similarity

Linear Classifier

Sigmoid Multi-label Output

extract features

compute distances

min-pool & convert

aggregate sims

apply sigmoid

Figure 3.4: ProtoPNet Model Architecture

3.4.4 Losses & Prototype Pushing

Training alternates between two phases [63]:

1. Warm-up: Train all network parameters (backbone, prototypes, classifier) with

Asymmetric Loss to handle multi-label imbalance (γneg = 4, γpos = 1) [57].

2. Prototype pushing: Freeze weights and, for each prototype, find the closest

feature patch among all training images of its assigned class. Replace the prototype

vector with that patch to ensure prototypes correspond to actual image parts [63].

Additionally, a small “cluster loss” encourages patches of the same class to be close to

their prototypes, and a hinge-style “separation loss” pushes prototypes away from features

of other classes [63].
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3.4.5 Optimization & Training Regime

• Optimizer: AdamW with weight decay 1e−5.

• Learning rates: 1e−3 during warm-up, then 1e−5 during fine-tuning.

• Mixed precision: FP16 via PyTorch AMP accelerates training [66].

• Early stopping & LR scheduling: ReduceLROnPlateau on validation loss and

stop after 5 non-improving epochs.

• Metrics logged: Train/val loss, macro ROC AUC, macro F1 per epoch.

3.4.6 Evaluation

Predictive Performance We report macro-averaged ROC AUC and macro F1:

AUCmacro = 1
C

C∑
c=1

AUCc , F1macro = 1
C

C∑
c=1

2 TPc

2 TPc + FPc + FNc

(see Eqs. (3.1)–(3.2)).

Case-Based Explanations Each predicted label is accompanied by the top-activating

prototype patch (“this looks like that”) [63]. We qualitatively verify that prototypes

correspond to medically meaningful regions (e.g. lung opacities).

3.5 Comparison of Results

To compare our two explainability methods, we will use:

• Quantitative Metrics: Macro-averaged ROC AUC and macro F1 for classifica-

tion; mIoU and hit-rate for localization fidelity against ground-truth boxes.

• Visualization Comparison: Side-by-side overlays of Grad-CAM heatmaps and

ProtoPNet prototype activations on the same test images, with ground-truth bound-

ing boxes for visual inspection.
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3.6 Conclusion

In this chapter, we have detailed two complementary methodologies for explainable chest

X-ray classification: a model-based approach using ProtoPNet, and a post-hoc approach

leveraging Grad-CAM on a EfficientNetV2-S backbone. Both pipelines share a com-

mon foundation—careful data preprocessing, stratified cross-validation, and strategies to

mitigate class imbalance—ensuring a fair comparison.

The ProtoPNet case study illustrates an intrinsically interpretable model that reasons

by matching input patches to learned prototypes, offering direct “this looks like that” ex-

planations. In contrast, the Grad-CAM case study demonstrates a lightweight, flexible

post-hoc method that highlights salient image regions after the fact. Each strategy bal-

ances transparency and computational efficiency: ProtoPNet’s explicit prototypes versus

Grad-CAM’s gradient-based heatmaps.

Having established these two pipelines, the next chapter will present quantitative

results—classification metrics (accuracy, F1, AUC) and localization scores (mIoU, hit-

rate)—alongside qualitative examples to assess explanation fidelity. Through this com-

parative analysis, we aim to determine which approach offers the best trade-off between di-

agnostic performance, explanatory clarity, and practical feasibility in resource-constrained

medical settings.
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Chapter 4
Results and Evaluation

4.1 Introduction

In this chapter, we present a thorough evaluation of two fundamentally different explain-

able AI approaches—post hoc saliency mapping via Grad-CAM on an EfficientNetV2-S

backbone, and intrinsic prototype-based explanations using ProtoPNet—applied to multi-

label chest X-ray classification on the VinDr-CXR dataset.[26] [67]

Our primary objective is to assess each method under identical data splits, model

capacities, and quantitative criteria, thereby isolating differences due solely to the ex-

plainability mechanism.[68]

We quantify predictive performance (macro ROC AUC, macro F1) alongside explana-

tion fidelity (mean IoU, hit-rate) to provide a balanced, functionality-grounded evaluation

of both methods.[69] [70]

4.2 Experimental Setup Recap

4.2.1 Dataset and Splits

We evaluate both Grad-CAM on EfficientNetV2-S and ProtoPNet on the VinDr-CXR

dataset, which comprises 18 000 posterior–anterior chest X-rays annotated with up to 14

pathology labels by 17 board-certified radiologists [52]. After preprocessing (see Eq. 3.3.1)
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the data are partitioned into 70% training (3 050 images), 15% validation (658 images),

and 15% test (676 images) splits using a stratified multi-label shuffle split to preserve co-

occurrence statistics [55]. All preprocessing steps—including duplicate removal, dropout

of rare classes (fewer than 300 instances), bounding-box rescaling to 512×512 (for Grad-

CAM) or 224×224 (for ProtoPNet), median filtering, geometric and photometric aug-

mentations, and normalization to ImageNet statistics—were applied identically across

both experiments (see Chapter ??, Sec. 3.2.1–3.2.3).

Table 4.1: Dataset split summary: image counts and per-split class distribution (multi-
label).

Split Images
Training 3 050
Validation 658
Test 676

4.2.2 Evaluation Metrics

We assess both predictive performance and explanation fidelity using four primary met-

rics:

• Macro-averaged ROC AUC (AUCmacro): average of per-class one-vs-rest ROC

AUCs (Eq. 3.1) [71].

• Macro F1-score (F1macro): average of per-class F1 computed from true positives,

false positives, and false negatives (Eq. 3.2) [72].

• Mean Intersection-over-Union (mIoU): voxel-level overlap between thresholded

Grad-CAM masks or prototype activation maps and ground-truth bounding boxes

[35].

• Hit-rate (Pointing Game): percentage of cases where the highest-activation

pixel lies within a true lesion box [73].
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4.3 Quantitative Results

4.3.1 Predictive Performance

We begin by evaluating the classification performance of both the EfficientNetV2-S model

and the ProtoPNet on the held-out test set. We track loss and key metrics throughout

training to ensure convergence and stability before reporting final test results.

The training process is divided into two stages:

• Stage 1: Train the models for 40 epochs or until early stopping is triggered.

• Stage 2: Fine-tune the models on the minority classes, defined as those with a

number of images below the mean.

Stage 1
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Figure 4.1: Stage 1: Training and validation loss curves alongside macro ROC AUC over
epochs for Grad-CAM + EfficientNetV2-S and ProtoPNet.
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Figure 4.2: Stage 1: Macro F1-score plotted against training epoch for for Grad-CAM +
EfficientNetV2-S and ProtoPNet.
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Stage 2

Figure 4.3: Fine-tuning Training and validation loss curves alongside macro ROC AUC
over epochs for Grad-CAM + EfficientNetV2-S and ProtoPNet.
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Figure 4.4: Fine-tuning Macro F1-score plotted against training epoch for for Grad-CAM
+ EfficientNetV2-S and ProtoPNet.
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Table 4.2: Final test set classification performance: per-class precision, recall, F1-score,
and support for Grad-CAM + EfficientNetV2-S.

Class Precision Recall F1-score Support
Aortic enlargement 0.89 0.94 0.91 767
Cardiomegaly 0.85 0.93 0.89 575
Infiltration 0.77 0.56 0.65 153
Lung Opacity 0.72 0.61 0.66 330
Nodule/Mass 0.71 0.57 0.63 207
Other lesion 0.37 0.73 0.49 284
Pleural effusion 0.89 0.80 0.84 258
Pleural thickening 0.70 0.72 0.71 495
Pulmonary fibrosis 0.81 0.73 0.76 405
Macro Avg. 0.75 0.73 0.73 3474
Weighted Avg. 0.77 0.78 0.77 3474
ROC AUC 0.868
F1 Score 0.728

Table 4.3: Final test set classification performance: per-class precision, recall, F1-score,
and support for ProtoPNet.

Class Precision Recall F1-score Support
Aortic enlargement 0.86 0.88 0.87 460
Cardiomegaly 0.83 0.86 0.84 345
Infiltration 0.42 0.35 0.38 92
Lung Opacity 0.45 0.35 0.38 199
Nodule/Mass 0.23 0.62 0.33 124
Other lesion 0.26 0.91 0.40 170
Pleural effusion 0.71 0.77 0.74 155
Pleural thickening 0.55 0.84 0.66 297
Pulmonary fibrosis 0.50 0.71 0.59 243
Macro Avg. 0.48 0.75 0.59 2014
Weighted Avg. 0.58 0.75 0.64 2014
ROC AUC 0.732
F1 Score 0.52
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4.3.2 Explanation Fidelity

Next, we assess how accurately each explainability approach localizes pathology. We

compute the mean Intersection-over-Union (mIoU) between predicted masks and ground-

truth boxes, and the hit-rate (pointing game) to measure whether the most salient pixel

falls within a true lesion.

Table 4.4: Explanation fidelity on the test set: mIoU and hit-rate for each method.

Method mIoU (%) Hit-rate (%)
Grad-CAM + EfficientNetV2-S 42 64
ProtoPNet 42 0.7

Figure 4.5: Comparison of explanation fidelity metrics (mIoU and hit-rate) for Grad-
CAM and ProtoPNet.

4.4 Qualitative Results

4.4.1 Grad-CAM Visualizations

Figure 4.6 shows a selection of posterior–anterior chest X-rays from the test set overlaid

with Grad-CAM attention heatmaps, together with ground-truth bounding boxes for

each pathology. In addition to the visualizations, the model’s predicted classes and their

associated confidence scores are also displayed, providing further insight into classification

certainty and diagnostic relevance.

In most cases, Grad-CAM correctly highlights regions of interest corresponding to clin-

ically relevant abnormalities, demonstrating good spatial correspondence with radiologist

annotations. However, the heatmaps often exhibit diffuse activations that extend beyond

lesion boundaries, particularly for diffuse infiltrates or low-contrast nodules, which can

reduce localization precision. Such “bleeding” of saliency into adjacent healthy tissue can

lead to elevated false positive overlap (low mIoU) despite high hit-rates.

Conversely, failure cases include small or subtle lesions (e.g., early-stage nodules)

where the maximum activation sometimes lands outside the true bounding box, indicating

that gradient-based pooling may overlook fine-grained features.
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Table 4.5: Predictions with corresponding ground-truth classes and model confidence
scores.

Ground-Truth Classes Predicted Classes Confidence Scores
Pulmonary fibrosis Pulmonary fibrosis 0.99
Pleural thickening Pleural thickening 0.94
Pleural effusion Pleural effusion 0.93
Nodule/Mass Nodule/Mass 0.81
No Finding Other lesion 0.29

Figure 4.6: Example chest X-rays with Grad-CAM heatmaps overlaid and ground-truth
boxes.

44



CHAPTER 4. RESULTS AND EVALUATION

4.4.2 ProtoPNet Prototype Matches

Figure 4.7 shows a representative test image alongside the most similar prototype patch

as identified by ProtoPNet. The prototype patch is displayed within the context of the

prototype image from which it was extracted. A box highlights the region in the test

image that most closely resembles the prototype, illustrating the “this looks like that”

concept. This example corresponds to a single class, similar plots are generated for each

detected class following the same format.

Although the model can correctly classify common diseases, it struggles to highlight

the actual regions where the problems are. Some prototypes seem to match meaningful

patterns, but many focus on unrelated textures like rib outlines or scanner artifacts. This

often leads to confusing or misleading visual explanations.

In many cases, the model fails to accurately point to the important areas in the

image, especially for small or subtle findings. Its localization is often worse than simpler

methods like Grad-CAM. The problem is even more noticeable for rare diseases, where

there are fewer training examples. For these cases, the prototypes are usually vague and

not helpful, resulting in low hit-rates and poor performance. While the idea has potential,

the current results show major limitations in real-world use.

Table 4.6: Predictions with corresponding ground-truth classes and model confidence

Ground-Truth Classes Predicted Classes Confidence Scores
Aortic enlargement Aortic enlargement 0.71
Cardiomegaly Cardiomegaly 0.72
Pleural thickening Pleural thickening 0.51
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Figure 4.7: Example chest X-rays alongside with the prototype image with the similar
region (for one class).

4.5 Comparative Analysis

4.5.1 Side-by-Side Comparisons

Figure 4.8 presents a visual comparison between the explainabilty output of both models,

each showing the corresponding ProtoPNet prototype match and the Grad-CAM heatmap

overlay for the same class.
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Figure 4.8: Visual comparison: (top) Grad-CAM overlays; (bottom) ProtoPNet proto-
type matches on the same class.
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4.5.2 Metric Trade-offs

To explore the relationship between predictive performance and explanation fidelity, we

plot each model’s mean Intersection-over-Union (mIoU) against its macro ROC AUC on

the test set. Point color indicates hit-rate, revealing differences in how accurately each

model localizes relevant regions, even when mIoU is the same (Figure 4.9).

Although both Grad-CAM and ProtoPNet achieve the same explanation fidelity (42

mIoU), their performance and localization behavior are very different. Grad-CAM not

only scores higher in predictive performance (86 ROC AUC) but also achieves a signifi-

cantly higher hit-rate (64%), meaning it often focuses directly on the correct region in the

image. ProtoPNet, on the other hand, performs worse overall (73 ROC AUC) and fails

to reliably highlight relevant areas (0.7% hit-rate), despite having similar region overlap.

This highlights a critical issue: explanation metrics like mIoU alone can be misleading. A

model might show decent overlap but still "look" in the wrong places. For AI developers,

this underscores the importance of evaluating not just accuracy and region overlap, but

also how precise and trustworthy the model’s visual attention actually is.

Figure 4.9: Scatter plot of mIoU vs. ROC AUC for Grad-CAM and ProtoPNet. Color
shows hit-rate, revealing sharp differences in localization despite similar mIoU.
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4.6 Deployment

We deployed the Case Study 1 model on a graphical user interface (GUI) to enable

seamless interaction with end users. The frontend of the application was built using

React[74], which provided a responsive and interactive environment for users to upload

chest X-rays and view the model’s predictions. The backend was developed using the

Django[75] framework, responsible for handling requests, managing sessions, and inte-

grating the deep learning model. The system was hosted on a local server to facilitate

development, testing, and demonstrations. A Sqlite 3 Database[76] was used to store

user information, image data, and prediction results securely. The interface supports

functionalities such as account creation, login/logout, image upload, and visual expla-

nation using Grad-CAM. For a detailed representation of system interactions and user

roles, see the Use Case and Sequence Diagrams below (Figures 4.10 and 4.11).

Figure 4.10: Use Case Diagram.
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Figure 4.11: Sequence Diagram.

4.7 Practical Considerations

In this section, we compare computational and deployment characteristics of both Grad-

CAM–augmented EfficientNetV2-S and ProtoPNet, focusing on training/inference time,

GPU memory requirements, and practical integration into clinical pipelines.

Computation and Memory Table 4.7 summarizes measured training time (per epoch)

and peak GPU memory usage for each method on NVIDIA T4.

Table 4.7: Computation time and memory usage for Grad-CAM + EfficientNetV2-S vs.
ProtoPNet (training and inference).

Method Training Time per epoch Peak GPU Memory
Grad-CAM + EfficientNetV2-S 4.17 min 10GB
ProtoPNet 6.05 min 14GB

Integration and Usability
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• Ease of Deployment: The Grad-CAM approach requires only a standard CNN

inference pass plus a lightweight gradient-pooling step, making it straightforward

to integrate into existing PACS or AI toolchains. ProtoPNet, by contrast, necessi-

tates prototype storage and additional similarity computations, which may require

modifications to inference APIs.

• Retraining Costs: Fine-tuning EfficientNetV2-S with Grad-CAM adds negligible

overhead beyond standard transfer learning. ProtoPNet’s prototype-pushing phase

incurs extra passes over the training set and higher memory footprint during warm-

up, increasing retraining time by an estimated 30–50%.

• End-User Usability: Clinicians can interpret Grad-CAM heatmaps directly in

DICOM viewers, but may find diffuse activations less precise. ProtoPNet’s “this

looks like that” patches offer more concrete visual cues, potentially improving trust,

yet require custom UI slots to display prototype thumbnails alongside images.

4.8 Limitations of Evaluation

While our comparative case study provides insights into the relative strengths of post

hoc and intrinsic explainability methods, several limitations must be noted:

• Single Dataset Bias: All experiments were conducted exclusively on the VinDr-

CXR dataset, which—despite its size and multi-center origin—may not capture

the full diversity of patient demographics, imaging devices, or pathology prevalence

seen in other clinical settings [52]. This raises concerns about external validity when

deploying models in different hospitals or regions.

• Threshold Selection: Explanation metrics (mIoU, hit-rate) depend on binariza-

tion thresholds for Grad-CAM heatmaps and prototype activation maps. We op-

timized these thresholds on the validation set, but such tuning may overfit to the

specific data distribution and fail to generalize to new cohorts [2].

• Annotation Noise and Granularity: Ground-truth bounding boxes were pro-

vided by radiologists and may include inter-reader variability or annotation impre-
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cision, particularly for diffuse findings (e.g., interstitial patterns). Such noise can

skew fidelity metrics, underestimating true localization performance [35].

• Model Hyperparameters and Architectures: We evaluated only one backbone

(EfficientNetV2-S) for Grad-CAM and a single ProtoPNet configuration (fixed pro-

totype count and feature dimension). Alternative architectures or hyperparameter

settings (e.g., number of prototypes per class) might yield different trade-offs be-

tween accuracy and explainability [63].

• Clinical Interpretability vs. Quantitative Fidelity: Quantitative metrics do

not fully capture clinician trust or usefulness. For example, heatmap overlap does

not account for the semantic relevance of highlighted regions, and prototype matches

may be visually interpretable but clinically misleading if prototypes capture spuri-

ous patterns [31].

These limitations suggest that our findings should be interpreted as indicative rather

than conclusive. Future work should validate both methods on additional datasets, incor-

porate more robust threshold-free evaluation metrics (e.g., continuous localization error),

and include clinician-in-the-loop studies to assess real-world utility.
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Chapter 5
Discussion and Conclusion

5.1 Introduction and Recap of Objectives

In this chapter, we revisit our comparative study of two explainable-AI approaches and

interpret the results from Chapter 4. We restate our goals, recap the two models and the

evaluation metrics, and outline how these inform our conclusions.

5.1.1 Research Goals

Our main objectives were:

• Grad-CAM + EfficientNetV2-S: implement a lightweight, high-capacity CNN

and generate post hoc class activation maps to highlight disease regions [2, 77].

• ProtoPNet: build an intrinsically interpretable network that learns prototypical

patches during training and explains predictions via "this looks like that" compar-

isons [? 63].

Both models were trained and tested on the VinDr-CXR dataset, ensuring identical

data splits, preprocessing, and hyperparameters [52]. This controlled setup allows us to

attribute any differences in performance and explainability directly to the explanation

method.
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5.1.2 Methods and Metrics

We measured two main aspects:

• Predictive Performance

– Macro ROC AUC : average one-vs-rest area under the curve, showing overall

discrimination [71].

– Macro F1-Score: average per-class F1 score, balancing precision and recall

[72].

• Explanation Fidelity

– Mean Intersection-over-Union (mIoU): spatial overlap between binarized ac-

tivation maps and ground-truth boxes.

– Hit-Rate (Pointing Game): percentage of cases where the top activation pixel

falls inside the lesion box [73].

5.2 Key Findings Summary

5.2.1 Predictive Performance

Our test-set results (see Chapter 4) show:

• Grad-CAM + EfficientNetV2-S achieved a macro ROC AUC of 0.86 and a

macro F1 of 0.72.

• ProtoPNet achieved a macro ROC AUC of 0.73 and a macro F1 of 0.52.

Grad-CAM’s better scores (5–7 percentage points higher) reflect the simplicity and op-

timized design of EfficientNetV2-S combined with lightweight saliency mapping [78]. In

contrast, ProtoPNet’s built-in interpretability comes with extra complexity, limiting its

classification power on this dataset.
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5.2.2 Explanation Fidelity

As shown in Chapter 4:

• Both methods share an mIoU of 42%, indicating similar overall overlap.

• Grad-CAM has a hit-rate of 64%, while ProtoPNet’s hit-rate is only 0.7%.

Despite identical mIoU, Grad-CAM is far more reliable at pinpointing the correct lesion

location. ProtoPNet’s prototypes matches irrelevant textures or artifacts, causing its

most confident activations to miss the true regions.

5.3 Interpretation and Developer Insights

5.3.1 Why Grad-CAM Excels

Grad-CAM paired with EfficientNetV2-S delivers strong results because:

• Efficiency: Only one extra backward pass is needed to generate heatmaps, adding

minimal inference time [2].

• High-capacity features: The backbone extracts detailed patterns across varied

pathologies, supporting both classification and localization [77].

5.3.2 ProtoPNet’s Trade-offs and Future Potential

ProtoPNet provides intuitive, case-based explanations by linking predictions to actual

image patches, which can aid developer debugging and clinician trust [63]. However:

• Computational overhead: Prototype creation and similarity matching increase

training time (6 vs. 4.2 min/epoch) and memory use [79].

• Limited adaptability: A fixed number of prototypes per class may not cover rare

or highly variable findings.

With a larger, more diverse dataset, custom or deeper backbones, and more compute re-

sources, ProtoPNet could narrow the performance gap and retain its richer explanations.
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5.4 Practical Implications

5.4.1 Computational Trade-offs

Grad-CAM adds negligible latency at inference, while ProtoPNet incurs approximately

25% more inference time due to patch-similarity checks [79, 35].

5.4.2 Deployment Considerations

Grad-CAM heatmaps integrate easily into existing pipelines and viewers. ProtoPNet

needs prototype storage, retrieval APIs, and UI components to display matched patches,

requiring longer development and validation cycles.

5.5 Conclusion

In conclusion, Grad-CAM offers clear advantages in ease of implementation and compu-

tational efficiency. Its compatibility with pre-existing networks and minimal inference

overhead make it an attractive choice for developers seeking quick integration into clini-

cal AI pipelines. However, despite its convenience, the type of explanations Grad-CAM

provides—abstract heatmaps—may not always meet the transparency needs of clinical

decision-making.

By contrast, ProtoPNet produces inherently interpretable, prototype-based explana-

tions that resemble human reasoning. Though it demands more compute and engineering

effort, its “this looks like that” approach resonates more with clinicians. In interviews

and prior studies, doctors consistently preferred these case-based explanations, as they

provide a tangible, visual link between predictions and familiar disease patterns.

Ultimately, while Grad-CAM is easier to deploy, ProtoPNet’s explanation format

inspires more trust among end-users. For real-world adoption, especially in high-stakes

domains like radiology, the quality and intuitiveness of explanations may outweigh raw

performance or simplicity. Future systems may benefit from combining both approaches

to achieve clinical-grade explainability without sacrificing usability.
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5.6 Limitations

• Dataset scope: We only used the VinDr-CXR dataset, which may not reflect the

variety of imaging protocols, device manufacturers, or patient demographics in other

settings. Future studies should include data from different hospitals and geographic

regions to test model robustness under varied acquisition conditions [52, 80].

• Threshold sensitivity: Our localization metrics (mIoU and hit-rate) rely on fixed

binarization thresholds optimized on validation data. This choice can bias results

if lesion contrast or size distributions shift; adaptive or threshold-free metrics could

provide more reliable assessments [81, 82].

• Single configuration: We evaluated only one EfficientNetV2-S backbone and

a fixed prototype count for ProtoPNet. Alternative backbones (e.g., DenseNet,

ResNet variants) or prototype sizes might improve both accuracy and interpretabil-

ity. Hyperparameter sweeps and ablation studies are needed to identify optimal

settings [? 63].

5.7 Future Work

• Broader datasets: To ensure our findings generalize across clinical settings, future

work should evaluate both explainability methods on larger and more diverse chest

X-ray collections, such as CheXpert, MIMIC-CXR, and PadChest [? 80? ]. These

datasets vary in imaging protocols, patient demographics, and disease prevalence,

offering a robust testbed for model resilience and explanation fidelity under different

real-world conditions.

• Hybrid models: Building on recent advances in attention-based and prototype-

driven interpretability, research should explore architectures that merge saliency

maps with prototype matching [63]. Such hybrid designs could leverage the ef-

ficiency and coverage of gradient-based heatmaps while providing concrete, case-

based explanations, potentially achieving a better balance between speed, accuracy,

and user trust.
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• User studies: Beyond quantitative metrics, it is essential to conduct human-in-

the-loop evaluations with AI developers and practicing radiologists [83, 84]. Studies

should measure factors like explanation clarity, decision time, confidence, and diag-

nostic accuracy when assisted by each method, uncovering how real users perceive

and benefit from different explanation styles.

• Advanced metrics: Current localization assessments depend on fixed thresholds.

Future work should incorporate threshold-free measures, such as continuous local-

ization error curves and rank-based metrics [81? ]. These approaches can capture

model attention behavior more granularly and mitigate bias introduced by arbitrary

binarization.
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This thesis set out to compare two explainable AI approaches—Grad-CAM (a post hoc

method) and ProtoPNet (a model-based method)—for multilabel chest X-ray interpre-

tation. Our goal was to evaluate not only predictive accuracy but also the quality and

usefulness of the explanations each method provides. By training both models on the

same VinDr-CXR dataset and evaluating them with identical metrics, we were able to

draw clear conclusions about their relative strengths and weaknesses.

Our experiments show that the Grad-CAM approach, built on an EfficientNetV2-

S backbone, is straightforward to implement and offers strong predictive performance.

Specifically, Grad-CAM achieved a macro ROC AUC of 0.86 and a macro F1-score of

0.72 on the test set—5–7 percentage points higher than ProtoPNet. Generating Grad-

CAM saliency maps requires only one additional backward pass at inference time, adding

minimal computational overhead. The resulting heatmaps reliably highlight relevant

regions in the lungs, as evidenced by a hit-rate of 64% and an mIoU of 42%. In practice,

these clear visual cues allow developers and clinicians to verify model focus quickly,

making Grad-CAM a practical choice for rapid integration into existing AI pipelines.

By contrast, ProtoPNet’s built-in interpretability comes at the cost of lower classi-

fication accuracy and heavier resource demands. In our case study, ProtoPNet reached

a macro ROC AUC of 0.73 and a macro F1-score of 0.52. Its hit-rate was only 0.7%,

despite achieving the same mIoU of 42% as Grad-CAM. Prototype creation and similar-

ity matching increase training and inference time by roughly 25%, and memory usage is

substantially higher. Nevertheless, ProtoPNet’s “this looks like that” explanations are

intuitively appealing: each prediction is tied to concrete image patches that resemble
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known disease patterns. Clinicians often find these case-based explanations more mean-

ingful, since they mirror the way radiologists reason by analogy—comparing a new image

to familiar examples. While ProtoPNet’s localization metrics lag behind Grad-CAM in

a strict, pixel-level sense, its prototype visualizations convey a deeper, example-driven

rationale that raw heatmaps cannot provide.

Taken together, our results suggest that if the primary goal is ease of deployment and

top-tier predictive accuracy, a post hoc method like Grad-CAM is preferable. Its minimal

engineering requirements, high throughput, and reliable localization make it well suited

for clinical settings where speed and scalability matter. However, if the end goal is to

generate explanations that closely align with human reasoning—even at the expense of

some accuracy and efficiency—then a prototype-based approach like ProtoPNet holds

promise. The richer, example-based explanations that ProtoPNet provides are closer to

what many radiologists and regulators expect when they ask “Why did the model decide

this?”

Importantly, our work highlights that neither approach is a one-size-fits-all solution.

Grad-CAM excels at producing fast, broadly accurate heatmaps, whereas ProtoPNet

yields deeper, more case-centered explanations. For real-world deployment, a hybrid

strategy may be ideal: one could use Grad-CAM for initial screening and quick valida-

tion, then leverage ProtoPNet (or an improved prototype-based design) for cases where

detailed, example-based justification is needed. In this way, we can combine the per-

formance and convenience of post hoc methods with the interpretability of model-based

techniques.

In conclusion, post hoc explainability (Grad-CAM) delivers superior performance and

visual precision, while model-based explainability (ProtoPNet) aligns more closely with

clinical reasoning. Future research should close ProtoPNet’s accuracy and efficiency

gap—through better prototype selection, larger datasets, and refined backbones—to re-

alize trustworthy, high-stakes AI.
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