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Abstract

Artificial intelligence (AI), particularly deep neural networks (DNNs), has driven major advances

across various sectors, including education, transportation, finance, entertainment, and commu-

nication. Yet in high-stakes domains such as healthcare, adoption remains limited due to their

black-box nature, which obscures decision-making processes and hinders human interpretation.

This lack of transparency undermines trust, restricts clinical use, and prevents clinicians from

validating predictions. To mitigate this issue, post-hoc attribution methods attempt to gener-

ate visual explanations that approximate model reasoning. However, these approaches are often

unreliable in medical imaging, failing to reflect the model’s true decision process faithfully, and

are vulnerable to spurious correlations. While inherently interpretable or self-explainable models

embed explanations directly into their architecture, they often trade off accuracy, offer limited

transparency, and lack generalizability or quantitative evaluation. Thus, transforming black-box

models into self-explainable systems without sacrificing classification predictive performance re-

mains a key challenge.

This thesis addresses these challenges through three main contributions. First, we introduce

Sparse BagNet, a self-explainable DNN built upon BagNet—that already provides patchwise lo-

cal explanations—and further enhances transparency by removing the average pooling layer and

replacing the classification layer with a convolutional layer. This modification produces class evi-

dence maps that preserve spatial information, while a lasso penalty enforces sparse explanations.

Evaluated in a retrospective clinical study, Sparse BagNet’s explanations improved ophthalmolo-

gist’ diagnostic accuracy by 17% while reducing their decision time by approximately 25%.

Second, to extend local explanation toward global interpretability, we developed ProtoBagNet,

which combines BagNet’s small receptive fields with prototype learning. ProtoBagNet provides

both local explanations through prototype similarity maps and global explanations via learned

prototypes. By incorporating a dissimilarity loss, it encourages diverse and non-redundant proto-

types, overcoming limitations of prior prototype-based models and producing more precise, faithful

explanations that better capture the model’s underlying reasoning.

Finally, we generalized the Sparse BagNet into SoftCAM, a protocol for converting standard

convolutional neural networks (CNNs) into self-explainable models. Like Sparse BagNet, Soft-

CAM systematically replaces the average pooling and fully connected layers with a convolutional

classifier, but extends the sparsity regularization from Lasso to ElasticNet, allowing explanations

to adapt to dataset-specific characteristics. Evaluated on several medical imaging datasets against

established post-hoc attribution methods, SoftCAM consistently produced more precise and faith-

ful explanations while maintaining performance comparable to black-box baselines. Building on

this framework, we further designed a fully convolutional hybrid CNN-Transformer architecture

for retinal disease detection, combining the locality of convolution with the long-range dependency

modeling of transformers while preserving inherent interpretability.

Together, these contributions advance the development of transparent, trustworthy, and clini-

cally useful AI systems, while establishing rigorous standards for evaluating model explainability,

with principles that can be extended beyond medical imaging to other high-stakes vision tasks.
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Zusammenfassung

Künstliche Intelligenz (KI), insbesondere künstliche neuronale Netzwerke, hat zu großen Fortschrit-

ten in verschiedenen Sektoren geführt, darunter Bildung, Transport, Finanzen, Unterhaltung und

Kommunikation. In anderen Bereichen, wie zum Beispiel dem Gesundheitswesen, werden diese

Technologien jedoch noch immer zurückhaltend eingesetzt, da es oft schwer ist, die Entschei-

dungsprozesse von Diagnosen nachzuvollziehen. Diese fehlende Transparenz untergräbt das Ver-

trauen in KI-Systeme, limitiert den klinischen Einsatz und macht es Ärzten schwer, die Vorher-

sagen der Modelle zu überprüfen. Um dieses Problem zu lösen, wurden Attributionsmethoden

entwickelt, die post-hoc visuelle Erklärungen generieren, um den Entscheidungsprozess nachvol-

lziehbar zu machen. In der medizinischen Bildgebung erweisen sich diese Ansätze jedoch häufig als

unzuverlässig. Sie spiegeln nicht wirklich wider, wie das Modell tatsächlich zu seiner Entscheidung

gelangt, und neigen dazu, simple Korrelationen als Begründungen hervorzuheben. Zwar gibt es

auch Modelle, die von Grund auf dafür konzipiert sind, interpretierbar zu sein und Erklärungen di-

rekt über ihre Architektur zu integrieren, doch diese gehen oft zulasten der Genauigkeit, bleiben in

ihrer Transparenz beschränkt und lassen sich weder gut auf andere Problemstellungen übertragen

noch quantitativ bewerten. Die zentrale Herausforderung besteht daher darin, aus schwer zu

interpretierenden Modellen selbsterklärende Systeme zu machen, ohne dabei Einbußen bei der

Genauigkeit von Klassifikationen hinnehmen zu müssen.

Die vorliegende Dissertation begegnet diesen Herausforderungen mit drei wesentlichen Ansätzen.

Zunächst wird das Sparse BagNet vorgestellt, ein selbsterklärendes neuronales Netz, das auf der

BagNet-Architektur aufbaut. Das Sparse BagNet verbessert die bereits vorhandenen lokalen

Erklärungen von BagNet, indem das sogenannte Pooling im Netzwerk entfernt wurde und die

finale Klassifikation im Netzwerk durch eine Faltungsschicht ersetzt wird. Dadurch entstehen vi-

suelle evidenzbasierte Abbildungen der medizinischen Bilder, während eine Lasso-Regularisierung

dafür sorgt, dass die Felder für die Erklärung lokal und sparse sind. In einer retrospektiven klinis-

chen Studie konnte gezeigt werden, dass die Erklärungen von dem Sparse BagNet die diagnostische

Genauigkeit von Augenärzten um 17% steigerten und gleichzeitig deren Entscheidungszeit um etwa

25% verkürzten.

Die zweite Studie erweitert die lokale Erklärbarkeit um eine globale Perspektive: Das Pro-

toBagNet kombiniert die kleinen rezeptiven Felder von BagNet mit prototypbasiertem Lernen.

Dadurch liefert ProtoBagNet sowohl lokale Erklärungen mittels Abbildungen, die Ähnlichkeiten

zu Prototypen anzeigen, als auch globale Erklärungen durch die gelernten Prototypen selbst. Eine

spezielle Verlustfunktion, die sich auf Unähnlichkeiten zwischen Bildern konzentriert, sorgt dafür,

dass die Prototypen vielfältig und nicht redundant sind (ein Problem, das frühere prototypbasierte

Ansätze plagten) und führt so zu präziseren Erklärungen.

Die dritte Studie verallgemeinert den Ansatz des Sparse BagNet zur SoftCAM-Anwendung.

Mit dieser lassen sich herkömmliche konvolutionale künstliche neuronale Netzwerke in selbsterklärende

Modelle umwandeln. Ähnlich wie das Sparse BagNet ersetzt auch SoftCAM systematisch den

Pooling-Schritt im Netzwerk durch einen konvolutionalen Klassifikator. Zusätzlich wird in Soft-

CAM jedoch auch die Lasso-Regularisierung durch ein ElasticNet ersetzt, welches es erlaubt,

die Erklärungen besser an die spezifischen Eigenschaften verschiedener Datensätze anzupassen.

In Evaluationen auf mehreren medizinischen Bildgebungsdatensätzen lieferte SoftCAM durch-

weg präzisere und verlässlichere Erklärungen als etablierte Post-hoc-Methoden, während es eine
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vergleichbare Genauigkeit wie klassische nicht-selbsterklärende Modelle liefert. Darauf aufbauend

wurde eine Methode entwickelt, die sich vollständig auf konvolutionale Netzwerke und Transformer

stützt. Diese neue Methode kombiniert die Vorzüge von konvolutionalen künstlichen Netzwerken

mit Transformern und kann globale Abhängigkeiten modellieren, ohne dabei die inhärente Inter-

pretierbarkeit zu verlieren.

Zusammengefasst tragen die genannten Studien zur Entwicklung transparenter, vertrauenswürdiger

und klinisch nutzbarer KI-Systeme bei und etablieren strenge Bewertungsstandards für die Mod-

ellerklärbarkeit. Dabei ist die Anwendbarkeit auch über die medizinische Bildgebung hinaus zu

denken und lässt sich auf andere sicherheitskritische Anwendungen, wie zum Beispiel im Bereich

Computer Vision, übertragen.
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1 INTRODUCTION

1 Introduction

This cumulative thesis summarizes the key contributions of my Ph.D. research, presented through

five first-author papers. Three of these have been published in international peer-reviewed con-

ferences [1, 2] and a journal [3], a fourth has been accepted for publication in an international

peer-reviewed workshop [4], and the fifth is currently available as a preprint [5]. All were com-

pleted during my doctoral studies at the Data Science Department of the Hertie Institute for AI

in Brain Health, University of Tübingen.

1.1 Overview of machine learning techniques

The rapid advancement of artificial intelligence (AI) over the past two decades has enabled ma-

chines to perform complex tasks with remarkable accuracy and efficiency [6–8]. In computer

science, AI broadly refers to methods that mimic aspects of human intelligence, ranging from

rule-based systems and decision trees to modern machine learning (ML) approaches [9, 10]. Ma-

chine learning, which allows computers to learn from data and generalize to unseen cases, has

become one of the most transformative areas of AI [7,11]. Within ML, deep learning (DL) based

on deep neural networks (DNN) uses large data sets and computational resources to achieve

state-of-the-art performance in domains such as healthcare, finance, computer vision, and natural

language processing [7, 12,13].

Machine learning methods are commonly categorized into supervised, unsupervised, and rein-

forcement learning [10]. Supervised learning—the primary focus of this work—trains models on

labeled input-output pairs to learn mappings from data to predictions. It has been widely applied

across domains: in computer vision for medical image diagnosis (e.g., detecting diabetic retinopa-

thy from retinal fundus images [14, 15] or pneumonia from chest x-rays [16, 17]); in finance for

fraud detection and customer risk assessment [7,18], in language technology for natural language

processing and speech recognition [8, 13]; and in transportation for traffic flow and congestion

prediction [8,13]. Supervised learning encompasses both classification (predicting discrete labels)

and regression (predicting continuous values) [10,13]. By contrast, unsupervised methods seek to

uncover hidden patterns in unlabeled data [10,19], while reinforcement learning focuses on agents

that learn optimal strategies through interaction with an environment [10,20].

Among ML approaches, supervised learning remains the most widely adopted [12, 18], driven

by the increasing availability of labeled data across diverse domains, as well as its conceptual

simplicity, practical effectiveness, and broad applicability. This is especially evident in healthcare,

where most ML models are built on supervised frameworks [11,21]. Supervised learning excels in

tasks with well-labeled data, such as fraud detection [7,22], image classification [8,13], and disease

diagnoses [11,21]. Moreover, the transparency of some supervised models—such as decision trees

and linear regression [23, 24]–enhances their value in high-stakes fields where interpretability is

critical [22,25]. Within supervised learning, classification tasks are particularly prevalent [13,18],

especially in healthcare domains [11, 12, 21]. Classification involves assigning categorical labels

to input data and has diverse applications, from spam filtering and sentiment analysis to facial

recognition and disease detection [8,13,26]. Its popularity reflects the intuitive nature of categorical

decisions, the interpretability of classical algorithms commonly used (e.g., decision trees [23],

logistic regression [24]), and the growing availability of labeled datasets.

Despite its widespread adoption, supervised learning in practice often relies on black-box deep

1



1.2 Requirements for explainable models

learning models (Fig. 1) that obscure their internal mechanisms and decision-making processes [27–

29]. These models, particularly convolutional and transformer-based architectures [30–32], achieve

high predictive accuracy but provide little insight into “why” a specific decision was made. Their

reliance on millions of parameters distributed across complex non-linear transformations makes it

difficult to trace outputs back to meaningful input features. As a result, the predictions, while

accurate, remain largely opaque to human users [33–35]. This opacity severely limits their utility

in real-world settings, particularly as the demand for interpretability grows in domains where

machine learning models guide and inform decisions with direct human consequences [33, 36, 37].

In such contexts, individuals have ethical and legal rights to an explanation, ensuring that decisions

are transparent and made fairly [38,39]. Without such explanations, many supervised models risk

non-compliance in sensitive domains like healthcare or finance.

Figure 1: Example of a black-box classifier applied to medical imaging. The black-box model
produces a binary classification outcome without offering insight into the underlying decision process,
limiting transparency and hindering clinical trust in its predictions.

1.2 Requirements for explainable models

In machine learning, the terms explainability and interpretability are most often used interchange-

ably [40,41]. According to Miller [41], interpretability is the degree to which a human can under-

stand the cause of a decision. Explainability is essential in machine learning, as it fosters trust,

supports accountability, and enables the safe deployment of models in real-world applications. By

providing insights into model behavior (Fig. 2), explanations allow users to identify limitations,

uncover potential biases, understand underlying data patterns, and recognize opportunities for

model improvement or further investigation. The ultimate goal of explanation is to provide suffi-

cient context for humans to assess automated decisions critically—especially to detect and correct

potentially harmful or erroneous outcomes [42, 43]. This becomes particularly important when

machine learning models are deployed in high-stakes domains like healthcare, where decisions

directly impact individuals [36,38].

Beyond its practical utility, interpretability is increasingly recognized as a legal and ethical

imperative. As highlighted by [38,44], the development and deployment of trustworthy and trans-

parent machine learning systems is not merely desirable—it is mandated by law in many jurisdic-

tions [39,44,45]. Recent legislative frameworks, particularly within the European Union [38,39,45],

reflect this priority. For instance, the General Data Protection Regulation (GDPR) enshrines a so-

called “right to explanation”, more accurately described as “right to information” about the logic

and consequences of automated decision-making (Articles 13–15) [46]. Building upon the GDPR,

the EU Artificial Intelligence Act (AIA) introduces further requirements for interpretability, par-

ticularly in high-risk domains [45, 47]. These regulations mandate not only technical robustness

but also human oversight, demanding that AI systems remain under meaningful human control

2



1 INTRODUCTION

Figure 2: Example of an explainable classifier applied to medical imaging. The model provides
interpretable predictions by highlighting the image regions that are most relevant to the predicted outcome,
offering insight into the potential decision process and fostering clinical trust. The explanation maps, which
indicate region relevance, are overlaid on the corresponding images.

for informed intervention. As Pavlidis [48] emphasizes, explanations are “a prerequisite for ac-

countability, fairness, public trust, and effective regulation and supervision”.

To meet these regulatory expectations, model interpretability must be approached from both

a technically rigorous and user-centric perspective [49–51]. This is essential not only for tasks

such as model auditing and validation, but also for ensuring that explanations are meaningful

and actionable to diverse stakeholders. Consequently, achieving meaningful interpretability and

transparency in machine learning is not solely a technical challenge but a central requirement for

the responsible use of AI [39,45], ensuring that models are accessible, auditable, and aligned with

societal and legal expectations.

1.3 Challenges in supervised classifiers

Traditional machine learning models, such as decision trees and logistic regression, are often

preferred for their transparency and interpretability. By explicitly linking input features to pre-

dictions, these models provide clear reasoning—a key advantage in high-stakes domains such as

healthcare and finance [22, 25]. However, their simplicity limits their effectiveness in complex

tasks, such as image classification, where the data are high-dimensional and patterns are often

hierarchical, making it difficult to capture them through decision trees or linear decision bound-

aries. To overcome these limitations, deep neural networks have emerged as a powerful alternative,

capable of learning meaningful abstract representations from unstructured data [10, 19]. DNNs

have achieved state-of-the-art results in numerous vision tasks, including object recognition [8]

and medical image classification [14,21], which has driven their widespread adoption. Despite this

success, deep learning models are often criticized for their lack of interpretability [27,29,36]. Un-

like classical models, deep supervised networks operate largely as black boxes [27, 28, 41], making

it difficult to understand how inputs influence outputs—a critical concern in domains that require

transparency and accountability.

Beyond their opacity, deep supervised classification models face several practical limitations.

They typically require large volumes of labeled training data [52,53], which can be costly and time-

consuming to obtain, especially in medical imaging, where expert annotations are essential. Class

imbalance presents another challenge, as rare but critical classes may be underrepresented, leading

to degraded model performance [53]. Furthermore, these models often struggle to generalize to

out-of-distribution data [54]; for instance, a classifier trained to detect retinal disease in one
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population may fail when applied to another due to distribution shifts [54, 55]. Finally, the

classification paradigm inherently restricts outputs to predefined categories, limiting the model’s

ability to capture continuous variation, subtle distinctions, or previously unseen patterns.

To address these limitations, this thesis focuses on improving the transparency and inter-

pretability of supervised deep learning models for medical image classification, aiming to develop

models that are not only accurate but also explainable and trustworthy (Fig. 2).

1.4 Contributions

The primary contribution of this thesis lies in the design and evaluation of supervised deep learn-

ing classifiers for medical image classification, with a strong emphasis on enhancing model trans-

parency and interpretability. This research addresses several critical challenges in the field, in-

cluding the limitations of current explainable deep learning models in providing faithful and trans-

parent outputs [56, 57], the lack of quantitative evaluation of self-explainable models in clinical

settings, the interpretability–accuracy trade-off inherent in self-explainable architectures [34], and

the difficulty of generalizing explainability approaches across different model architectures due to

their model-specific design.

The main contributions of this thesis are as follows.

1. The development of Sparse BagNet [1], an improved variant of the BagNet model designed

to enhance transparency by incorporating a convolutional classifier head and enforcing spar-

sity in its explanations.

2. A retrospective clinical study evaluating the utility of Sparse BagNet to assist ophthal-

mologists with the detection of early diabetic retinopathy, demonstrating its positive impact

on both diagnostic performance and decision-making time [3].

3. The development of ProtoBagNet [2], an architecture that combines BagNet’s localized

receptive field for feature extraction with prototype-based learning, providing both local and

global interpretability within a unified framework.

4. The design of a novel protocol, SoftCAM, which leverages inherent properties of convo-

lutional operations—such as locality, spatial alignment, and translational invariance—to

transform standard black-box CNNs into inherently self-explainable models [5].

5. The generalization of SoftCAM to standard hybrid CNN-Transformer architectures,

making them fully convolutional and self-explainable [4].

We believe that these contributions will be of significant value to researchers in computer

vision, policymakers, and practitioners currently utilizing supervised black-box models in medical

imaging. By highlighting the potential benefits of self-explainable deep learning classifiers, this

research aims to inform and guide future developments in the field. The findings presented here

can support the design of more effective and transparent deep learning models for medical image

analysis. Although primarily evaluated in the context of medical imaging, the methods and insights

introduced are broadly applicable and may extend to other data modalities and tasks.

In addition to the work presented in this thesis, I have also contributed to several related

projects extending the application of the Sparse BagNet model to other clinical tasks [58, 59].

These include its integration into a deep survival model for disease progression risk prediction—

specifically for predicting the conversion risk to late-stage age-related macular degeneration (AMD)
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from fundus images [58]. The model has also been applied to epiretinal membrane (ERM) and

related pathology detection in optical coherence tomography (OCT) images [59]. Furthermore,

I have contributed to a federated learning framework that offers interpretability through proto-

type learning while addressing statistical heterogeneity using lightweight adapter modules that

act as compressed surrogates of local models, enabling clients to generalize across diverse data

distributions [60].

1.5 Outlines

The remainder of this thesis is structured as follows. Chapter 2 (Background) provides a

review of explainability in machine learning, introducing key concepts, methods, and challenges.

It also briefly discusses applications of machine learning in medical imaging, with emphasis on the

disease and imaging modalities considered in this thesis. Chapter 3 (Publications) constitutes

the core of the work and presents five papers: three published, one accepted for publication, and

one available as a preprint. These contributions cover: (1) the development of the Sparse BagNet

model, (2) its clinical evaluation for early diabetic retinopathy detection, (3) the ProtoBagNet

architecture for local and global explainability, (4) the SoftCAM approach for transforming black-

box CNNs into inherently interpretable models, and (5) a self-explainable, fully convolutional

hybrid CNN-Transformer architecture. Each paper is summarized with attention to its motivation,

methods, key findings, and contributions, followed by a brief discussion. Chapter 4 (Discussion

and conclusion) synthesizes the main findings and limitations, explores broader implications,

and outlines promising directions for future research.
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This chapter introduces the relevant concepts and background knowledge to understand the con-

text and relevance of this thesis’s contributions to explainable machine learning in medical imaging.

2.1 Supervised deep neural network classifiers

Supervised learning, particularly classification, is the most widespread application of deep neural

networks (DNNs), thanks to the growing availability of labeled data in various fields and their

practical effectiveness across tasks. This is especially true in vision-based domains, such as the

diagnosis of medical images [12, 21]. Given a labeled dataset D = {Xi, yi}Ni=1, where Xi ∈ Rd

denotes an input sample and yi ∈ {1, . . . ,K} the corresponding class label, a supervised DNN

classifier learns a parameterized mapping function f̂θ(.) : Rd → RK to approximate the true

underlying function f :

ŷi = f̂θ(Xi) ≈ f(Xi) = yi, (1)

where θ denotes the model parameters optimized during training. The output value ŷi, known as

“logit”, represents unnormalized class scores. The predicted label ȳi corresponds to the class with

the highest logit value, defined as:

ȳi = arg max
c∈{1,...,K}

ŷci . (2)

The learning process involves passing input images through multiple layers that apply succes-

sive linear and non-linear transformations, allowing the model to extract increasingly meaningful

feature representations. Training is usually performed using gradient-based optimization meth-

ods, such as stochastic gradient descent (SGD) [61], in combination with the backpropagation

algorithm [62]. The models used in this thesis are mainly feed-forward architectures [56, 63–65],

meaning data flows unidirectionally from input to output. We focus on two prominent families:

convolutional neural networks (CNNs) [66] and vision transformers (ViTs) [64], both of which

have shown strong performance in computer vision and are increasingly applied to medical imag-

ing tasks [32,66,67].

2.1.1 Convolutional neural networks

Convolutional neural networks are a class of deep neural networks designed specifically to process

image data (Fig. 3). Using convolutional filters, CNNs automatically learn spatial hierarchies of

features, making them highly effective for vision tasks, including object recognition and medical

image analysis [21, 66]. Their accuracy, scalability, and computational efficiency—particularly

with large datasets—have established CNNs as a standard in computer vision. Among the most

widely used architectures are ResNet [65] and VGG [63].

VGG. Developed by the Visual Geometry Group at the University of Oxford, the VGG networks

[63] achieved widespread recognition after a strong performance in the ImageNet Large Scale

Visual Recognition Challenge (ILSVRC) 20141 [68]. Their architecture is composed of stacked

3 × 3 convolutional filters with ReLU activations and max-pooling layers, creating a uniform and

straightforward design that allows for deep models with manageable parameter sizes. VGG-16,

1https://www.image-net.org/challenges/LSVRC/2014
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Figure 3: Overview of the Convolutional Neural Network architecture. The input image is
processed through a series of convolutional blocks, each composed of convolutional layers followed by
pooling layers that progressively extract higher-level and more abstract feature representations. As the
spatial resolution decreases across the network, the number of feature maps increases, capturing richer
semantic information. The final feature maps are flattened and passed through a fully connected (dense)
classification layer that produces the final prediction.

consisting of 13 convolutional layers and 3 fully connected layers, remains widely used despite

its high computational cost, particularly as a baseline in transfer learning [66]. However, the

very depth that made VGG successful also exposed limitations, such as the vanishing gradient

problem [69], which later architectures like ResNet explicitly addressed.

ResNet. Deep neural networks are prone to the vanishing gradient problem, in which gradients

decrease as they are back-propagated through multiple layers [69]. This hinders effective weight

updates, slows convergence, and can make training unstable. Residual Networks (ResNets) miti-

gate this through residual learning [65]. Instead of learning a direct mapping, each residual block

learns a residual function R(xi) relative to its input xi, which is then combined with the input via

a skip connection: xi+R(xi). This design facilitates gradient flow, stabilizes training, and enables

the construction of much deeper networks. ResNet gained prominence by winning the ILSVRC

challenge in 20152 [68]. Among its variants, ResNet-50 offers a strong balance between depth and

computational cost, making it a popular choice for classification and detection tasks [66].

2.1.2 Vision transformers

Vision Transformers [64] represent a significant shift in deep learning for visual tasks by adapting

the transformer architecture—originally developed for natural language processing [70]—to image

analysis (Fig. 4). Unlike CNNs, which rely on convolution to capture local spatial patterns, ViTs

partition an image into fixed-size non-overlapping patches and treat each patch as a token, similar

to words in a sentence. These tokens are embedded into vectors and processed using self-attention

(SA) mechanisms [70], enabling the model to capture long-range dependencies and global context.

When trained on large-scale datasets with sufficient computational resources, ViTs achieve per-

formance on par with, and in some cases surpass, CNNs [31,32]. Prominent architectures include

the original Vision Transformer [64] and the Swin Transformer [71].

2https://www.image-net.org/challenges/LSVRC/2015
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Figure 4: Overview of Vision Transformer models. The input image is split into fixed-size, non-
overlapping patches that are linearly projected into embeddings. A learnable classification token [CLS]
and positional encodings are then added to these patch embeddings. The resulting token sequence is
processed through a stack of transformer encoder layers, each consisting of multi-head self-attention and
feed-forward blocks with normalization and residual connections. Finally, the output corresponding to
the [CLS] token from the last encoder layer is passed through a multi-layer perception (MLP) head to
generate the final prediction. This figure was inspired by Dosovitskiy et al. [64].

Standard Vision Transformer. The standard vision transformer [64] applies the standard

transformer encoder architecture with self-attention [70] directly to the image patches. An input

image is divided into non-overlapping patches (e.g., 16 × 16 pixels), which are flattened and

linearly projected into embedding vectors. Positional encodings are added to preserve spatial

information, and the resulting sequence is processed by transformer layers using multi-head self-

attention (MHSA). This global attention mechanism enables ViT to effectively capture long-range

dependencies across image regions. Although ViTs achieve strong performance, they generally

require large-scale pretraining and substantial computational resources to match CNNs [31,32].

Swin Transformer. The Swin Transformer (Shifted Window Transformer) [71] was proposed to

overcome key limitations of vision transformers by introducing a hierarchical and computationally

efficient architecture. Instead of applying global self-attention across the entire image, Swin par-

titions feature maps into non-overlapping windows and performs local self-attention within each

window, greatly reducing computational cost. To allow information exchange across windows,

the windows are cyclically shifted in subsequent layers, enabling global context modeling through

Shifted Window Multi-Head Self-Attention (SW-MHSA). Furthermore, Swin adopts a multiscale

representation strategy similar to that of CNNs, capturing fine-to-coarse spatial hierarchies that

are crucial for dense prediction tasks such as segmentation. Thanks to these scalable and flexible

designs, the Swin Transformer has demonstrated state-of-the-art performance in various vision

tasks, including image classification, object detection, and semantic segmentation [30,67].

2.2 Machine learning for medical imaging

Machine learning has become an essential component in medical imaging, where accurate and

efficient analysis is crucial for disease diagnosis and clinical decision-making. Among various

paradigms, supervised learning—especially classification tasks [11, 21]—is the most prevalent,

leveraging labeled datasets to train models capable of detecting and categorizing pathological pat-

terns. Such models have reached and, in some cases, exceeded human expert performance [6, 12],

particularly in areas such as radiology [17,72,73] and ophthalmology [14,15,74].

8



2 BACKGROUND

2.2.1 Machine learning in radiology and ophthalmology

Radiology was the first medical specialty to integrate artificial intelligence into disease diagnosis

[75, 76], with early work in the 1970s applying computer-aided detection and pattern recognition

techniques on chest X-rays (CXR) [76]. Today, it remains the leading field for regulatory-approved

AI devices [12,37,77], reflecting its central role in the clinical adoption of machine learning models.

Among radiological modalities, CXR (Fig. 5a) is the most widely used, with more than 2 billion

scans performed globally each year [77]. Its ubiquity, low cost, and high diagnostic value for

common conditions such as pneumonia, tuberculosis, and lung cancer make it a prime target

for AI applications [17, 72, 78]. Supervised learning models trained on large-scale CXR datasets

now deliver strong performance in automated detection, risk stratification, and clinical decision

support, positioning them at the core of radiology-focused machine learning research.

Figure 5: Example of image modalities in radiology and ophthalmology. The first column
(a) shows chest X-ray images from the RSNA dataset [79], the second column (b) presents color fundus
photographs from the Kaggle dataset [80], and the third column (c) displays retinal OCT images from
the Kermany dataset [81]. The top row depicts healthy cases, while the bottom row illustrates disease
examples. In the chest X-ray, red bounding boxes highlight pneumonia-related opacities. The diseased
fundus image includes annotated retinal lesions characteristic of diabetic retinopathy, where red points
denote microaneurysms, blue indicate hemorrhages, yellow represent soft exudates, and green correspond
to hard exudates. Red markers on the OCT image identify drusen lesion deposits typical of AMD.

In parallel, ophthalmology has rapidly emerged as another major domain for medical AI [12,77].

The early and widespread digitization of retinal imaging [82], together with large-scale screening

programs such as EyePACS [83] facilitated the development of deep learning systems that achieved

impressive accuracy in eye disease detection [14, 15, 74], placing ophthalmology among the lead-

ing specialties with multiple regulatory-approved AI medical devices [12, 49]. Ophthalmologists

primarily rely on two imaging modalities: color fundus photography (Fig. 5b) and optical coher-

ence tomography (OCT) (Fig. 5c). Fundus imaging provides two-dimensional views of the retina,

capturing key structures such as the optic disc, macula, and blood vessels. In contrast, OCT

produces high-resolution cross-sectional scans of retinal layers, enabling detailed structural as-
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sessment. Together, these modalities are used for the diagnosis of retinal diseases [81, 82, 84, 85],

including diabetic retinopathy (DR), age-related macular degeneration (AMD), diabetic macular

edema (DME), and epiretinal membrane (ERM).

Beyond ocular diseases, retinal images can also reveal systemic health conditions [86], pro-

viding insights into cardiovascular disease, diabetes, hypertension, and even neurodegenerative

disorders. Similarly, chest X-ray imaging, traditionally used for pulmonary diagnoses, has been

shown to capture systemic information [87,88], including cardiovascular disease, hypertension and

vascular health, metabolic disorders, and even biological age and mortality risk. This broader

diagnostic potential makes both ophthalmology and radiology rich domains for supervised ma-

chine learning, enabling the detection of localized pathology, systemic health markers, and even

protected attributes such as gender predictions [89,90].

In this study, we focus specifically on using retinal images and chest radiographs for the

detection of lesions and pathology, as well as the classification of diseases within their respective

imaging domains.

2.2.2 Challenges of machine learning classifiers

Despite their widespread success in computer vision, deep neural networks face several key chal-

lenges that can compromise their reliability and hinder their adoption in real-world applications.

• Data requirements. DNN classifiers, particularly ViTs and CNNs, typically require large

amounts of labeled data to achieve good generalization and avoid overfitting [9,31]. In fields

like medical imaging, the acquisition of such datasets is costly and time-intensive due to the

need for expert annotations [52].

• Computational cost. Training and deploying deep learning models often require substan-

tial computational resources, including high-performance GPUs [9, 32]. Consequently, their

deployment is less feasible in resource-constrained environments such as mobile devices, edge

platforms, or real-time applications.

• Robustness. DNNs are highly sensitive to small perturbations in input data [91, 92], such

as noise, adversarial attacks, and distribution shifts (e.g., changes in lighting, background,

or acquisition devices) [9,55]. These vulnerabilities can substantially degrade model perfor-

mance in real-world settings, where data is rarely independently and identically distributed.

• Interpretability. Most DNNs are black boxes that provide little insight into their decision-

making processes [27, 28]. In healthcare, this opacity hinders clinicians’ ability to verify or

trust the model outputs, compromising safety and accountability. The lack of transparency

also raises ethical and legal concerns, particularly regarding compliance with the EU Artifi-

cial Intelligence Act [45] and the General Data Protection Regulation (GDPR) [39,46].

• Bias and fairness. Models trained on unbalanced or biased datasets can propagate and

even amplify these biases, resulting in unfair and unreliable outcomes for underrepresented

groups [93,94]. This issue persists despite the use of large-scale datasets, which often fail to

capture the full diversity of real-world data.

• Overfitting. Deep models are prone to overfitting [9], particularly when trained on small,

imbalanced, or low-diversity datasets [52, 53]. Without appropriate mitigation strategies,
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they may memorize the training samples instead of learning patterns that are generalized

to unseen examples.

Addressing these challenges remains a central research focus of ongoing research. Current

strategies include data-efficient learning [95, 96], model compression [95, 97], adversarial training

[91,92], fairness-based training [93,94], and interpretability methods [25, 29, 36]. This thesis aims

primarily to enhance model interpretability by developing self-explainable supervised deep learning

classifiers for medical image diagnosis. In parallel, it addresses data and computational constraints

through the design of hybrid CNN-Transformer models that are both efficient and inherently

interpretable.

2.3 Explainability of DNN classifiers

As machine learning models become increasingly complex, understanding their decision-making

processes has become crucial, particularly in sensitive domains that require transparency, account-

ability, and trust. This section introduces the foundations of Explainable AI (XAI), highlighting

its motivations, key concepts, and commonly used terminology.

2.3.1 Motivations for interpretable AI models

The rise of deep learning has introduced powerful, yet opaque, models. Although mathematically

well-defined, DNNs are highly non-linear and complex, often described as “black boxes” [27, 28,

48]. This lack of transparency raises concerns in high-stakes fields where trust, accountability,

and ethical responsibility are essential [38, 49, 51]. Explainable AI aims to address these issues

by making model decisions more transparent and interpretable. Instead of simply producing

predictions, explainable models provide human-understandable justifications through language

[98,99], visualizations [28,29], or logical reasoning [23,24]. Effective explanations require not only

interpretable outputs but also insight into the model’s internal reasoning.

The prevalence of black-box models comes from the test set paradigm [100], which prioritizes

predictive accuracy on held-out data over interpretability—ultimately fostering the development

of increasingly opaque systems. In sensitive applications such as medical diagnosis, this opacity

is particularly concerning, as unexplained errors or biases can have serious consequences [45, 46].

Without interpretable outputs, the detection of bias or validating decisions becomes challenging,

hindering the deployment of trustworthy AI [25, 49, 94]. In response, explainable AI has emerged

as a critical research area, driven by interpretability and transparency, scientific discovery, and

regulatory compliance.

Interpretability and transparency. As machine learning systems increasingly inform deci-

sions across diverse domains, the need for interpretability and transparency has become paramount.

Although black-box models often achieve strong predictive performance, their opacity can under-

mine human trust and hinder adoption—particularly in applications that directly impact indi-

viduals [36, 38]. Explainability seeks to address this challenge by clarifying how and why models

make their predictions, providing insight into their underlying reasoning. Moreover, it facilitates

a more effective human–AI interaction [50,74,101], allowing users to interpret better and evaluate

model outputs. In clinical settings, interpretability not only fosters trust [102] but also strengthens

collaboration between AI systems and healthcare professionals [74, 101], ultimately supporting a

safer and more ethical deployment.
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Scientific discovery. Beyond interpretability and transparency, scientific discovery requires

not only accurate predictions but also a clear understanding of how those predictions are made.

Researchers aim to validate hypotheses and uncover new insights, yet black-box models often

hinder this process, limiting their value in discovery-driven research. Explainable AI can address

this gap by offering tools that reveal how models make decisions, providing interpretable insights

while maintaining strong predictive performance. For example, feature attribution methods have

allowed discoveries in cancer pharmacology [103]. More broadly, explainable AI supports critical

tasks such as model debugging [42, 104], bias detection [94, 104], and error analysis [43, 104],

improving the model development pipeline and fostering new avenues for scientific findings.

Regulatory compliance. Legal and ethical standards are increasingly shaping research on

explainable AI. Regulatory frameworks such as the EU GDPR [39,46] grant individuals the right

to meaningful information on the logic involved in automated decision-making (Articles 13–15)

and limit the use of automated decisions that significantly affect individuals (Article 22). Similar

requirements are emerging around the world, including the US and the UK [44]. These regulations

provide a strong compliance-driven incentive for organizations to develop AI systems that are not

only accurate but also explainable, transparent, and aligned with ethical and legal standards.

Taken together, these motivations highlight that explainability is no longer optional but a

fundamental requirement for the responsible and trustworthy deployment of AI systems.

2.3.2 Key concepts in explainable AI

Explainable and interpretable AI, along with the related concepts of “explainability” and “in-

terpretability”, have gained significant attention in the machine learning community. Although

often used interchangeably [40], these terms generally refer to approaches that enable humans

to understand the rationale behind a model’s decisions [40, 41]. While there is no universally

accepted definition, explainability is commonly described as the ability to describe, in human-

understandable terms, how a model processes input data to produce learned representations and

outputs. Despite their widespread use, these concepts remain imprecisely defined and are subject

to ongoing debate in the academic literature [29, 40, 41, 105]. In this thesis, the terms are used

interchangeably to denote the degree to which a human can understand the internal reasoning or

decision process of a machine learning model [41].

The interpretability of machine learning models can be characterized along three primary

dimensions [25, 27, 28, 40] (Fig. 6): (i) intrinsic vs. post-hoc, (ii) global vs. local, and (iii) model-

specific vs. model-agnostic.

Intrinsic vs. Post-hoc Interpretability. This dimension differentiates models that are in-

herently interpretable from those that require external explanations after training. Intrinsi-

cally interpretable (or interpretable-by-design) models integrate transparency into their architec-

ture [34,106], often through constrained or modular designs that make their decision-making pro-

cess explicit [56, 57, 107]. Such models are often referred to as self-explainable, as interpretability

is an intentional design feature rather than post-hoc. In contrast, post-hoc interpretability meth-

ods aim to explain already-trained black-box models [27, 28] using techniques such as saliency

or feature attribution maps [108–110], which highlight discriminative image regions to a model

prediction. However, inherently interpretable models often trade off predictive performance [34].
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Figure 6: Types of interpretability. Overview of XAI methods, including post-hoc and self-
explainable approaches. Leaf nodes provide specific examples corresponding to each category.

Global vs. Local Explanation. The scope of interpretability can be either local or global. Lo-

cal explanations clarify the rationale behind a model’s decision for specific input instances, for ex-

ample, by highlighting the salient image regions most relevant to a classification outcome [111,112].

Global explanations, in contrast, characterize the general behavior of a model throughout the

entire dataset, identifying features that are consistently important or describing decision bound-

aries [57,113]. While local interpretability aids in understanding and validating individual predic-

tions, global interpretability provides a broader perspective on the model’s overall logic.

Model-specific vs. Model-agnostic Methods. Explainability techniques can also be catego-

rized based on their reliance on a model’s internal structure. Model-specific methods are tailored

to particular model families and require access to internal components such as parameters, activa-

tions, or gradients. By leveraging this internal knowledge, they can produce precise and efficient

explanations aligned with the model’s architecture. Examples include Grad-CAM for CNNs [108],

attention maps for Vision Transformers (ViTs) [67], and built-in feature importance scores for

decision trees [110]. In contrast, model-agnostic methods treat the model as a black box, relying

solely on its inputs and outputs to infer which features influence predictions. Methods such as

LIME [114] and SHAP [115] illustrate this category, offering broad applicability across diverse

architectures. However, this flexibility often comes at the expense of computational efficiency

and explanation precision compared to model-specific approaches, which are often derived from

self-explainable models [56,57].

In summary, deep learning models often operate as “black boxes”, raising concerns about trust,

accountability, and reliability in high-stakes domains. Explainable AI addresses these issues by

promoting model transparency, supporting scientific discovery, and facilitating regulatory com-

pliance. Interpretability can be achieved either intrinsically—built into the model—or post-hoc,

derived after training. In this thesis, the terms “self-explainable” and “interpretable-by-design”

are used interchangeably to emphasize that interpretability is an intentional property arising from

a model’s architecture and learning process. The next section introduces commonly used post-hoc

explanation techniques for black-box models, alongside self-explainable model architectures.
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2.4 Post-hoc explanations

Post-hoc interpretability methods aim to explain the predictions of already-trained black-box

models without modifying their internal structure. These approaches are particularly suitable for

complex black-box models such as CNNs and are widely adopted due to their flexibility, which

does not affect model performance [27,28,116]. Most post-hoc methods provide local explanations,

focusing on “why” a particular prediction was made, although a few also offer global insight into

the model’s behavior throughout the entire dataset. A prominent category of post-hoc techniques

is feature attribution maps (Fig. 7), which assign importance scores to the input features based

on their potential contribution to the output. These techniques span various data modalities,

including scalar attributions for tabular data [114,115] and saliency maps for images [108,111,117].

Figure 7: Example of Grad-CAM attribution maps from a VGG-16 model on disease medical
imaging. The VGG-16 model was trained for pneumonia detection on chest X-ray images (a), diabetic
retinopathy detection on fundus images (b), and drusen detection on retinal OCT scans (c). Grad-CAM
was then applied post-hoc to generate attribution maps for disease-positive images, highlighting in red
the regions strongly associated with pathological features or lesions. The resulting maps were upsampled
and overlaid on the corresponding images, providing visual explanations of the model’s predictions.

Post-hoc methods can be broadly grouped into several major categories: feature attribution

methods [108,111], concept-based explanations [118–120], and example-based reasoning [28,121].

2.4.1 Feature attribution methods

Feature attribution—also known as feature importance—methods quantify how much each input

feature contributes to a model’s prediction (Fig. 7). They are typically grouped into gradient-

free, gradient-based, and perturbation-based approaches [114–116, 122, 123]. Gradient-free meth-

ods [111, 112] rely on specific CNN architectures, such as models with a global average pooling

(GAP) layer before the final fully connected (classification) layer. They compute class-specific

attribution by taking a weighted sum of the final convolutional feature maps, where the learned

class weights act as importance scores. Gradient-based methods, such as Grad-CAM [108] and

Layer-CAM [109], instead use the gradient of the class score with respect to convolutional feature

maps as importance weights, producing heatmaps that highlight the regions most relevant to the

model’s prediction. However, raw gradients can be noisy and unstable [112], which has motivated

the development of improved techniques such as Integrated Gradients [117], Guided Backprop-

agation [124], and Layer Relevance Propagation [125]. These methods improve the faithfulness,

smoothness, and human interpretability of gradient-based explanations. Perturbation-based meth-

ods determine importance by systematically modifying or masking part of the input and observing

changes in the model’s output [126]. Being model-agnostic, they can explain any black-box model.
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Prominent examples include LIME (Local Interpretable Model-agnostic Explanations) [114], which

builds local surrogate models; SHAP (Shapley Additive Explanations) [115], which uses Shapley

values to estimate feature contributions; and RISE (Randomized Input Sampling for Explana-

tion) [116], which randomly perturbs image regions to assess their influence on predictions. While

intuitive and widely applicable, perturbation-based methods are often computationally intensive

and less scalable for high-dimensional inputs [126].

2.4.2 Concept-based explanations

Concept-based methods explain predictions through high-level human-understandable concepts

rather than low-level input features [118], bridging the gap between learning representations and

domain knowledge. A concept can be defined as a semantic unit of meaning that connects hu-

man understanding to model representations—such as edges, color, texture, or lesion boundary in

medical imaging—and serves as an interpretable building block that links low-level model features

to high-level human reasoning. Concepts are typically applied post-hoc, and can be manually de-

fined, automatically discovered, or generated through a combination of both approaches [127,128].

Concept-based methods assess whether a model’s decisions are driven by meaningful semantic at-

tributes or other domain-relevant features, rather than raw input patterns. Prominent approaches

include TCAV (Testing with Concept Activation Vectors) [120], which quantifies the sensitivity

of internal activations to predefined concepts by averaging activations across concept examples to

form concept activation vectors that directly link model behavior to expert knowledge; another

well-known example is ACE (Automated Concept-based Explanations) [119], which automatically

discovers interpretable concepts by clustering similar image patches without manual labeling and

then applies TCAV to quantify their influence; and ConceptSHAP [128], which extends SHAP

to the concept-level, providing explanations in terms of human-meaningful attributes rather than

raw features. By grounding explanations in semantically meaningful terms, concept-based meth-

ods enhance post-hoc interpretability, making model reasoning more intuitive, transparent, and

aligned with human understanding.

2.4.3 Example-based explanations

In contrast to concept-based approaches that explain model decisions through high-level seman-

tic concepts, example-based explanations justify predictions using specific data instances, such

as influential or similar training samples [121, 129]. These methods provide concrete, case-based

reasoning by identifying examples that the model referenced or learned from when making a

prediction, offering an interpretable rationale in the form of “the model predicted this because it

resembles these examples”. This approach shifts the focus from abstract feature importance to

concrete evidence, helping users understand decisions through relatable examples [129,130]. Com-

mon techniques include nearest neighbor (KNN) methods [121], which retrieve training instances

most similar to a given input in the model’s embedding space; prototype and criticism [130], which

search representative examples (prototypes) for each class and identify outliers where the model

performs poorly; and influence functions [129], which estimate how individual training samples

affect specific predictions, thus providing traceability between training data and model outcomes.

Summary. Post-hoc explanation methods are widely used to interpret supervised black-box

models. Among them, feature attribution–based methods are the most commonly used, as they in-
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dicate “where” the model focuses by highlighting discriminative regions or features, while concept-

based and example-based approaches explain “why” a decision is made by linking predictions to

meaningful concepts or influential training examples. Another post-hoc approach is counterfactual

explanations [90,90,131], which identify the minimal input changes needed to alter a prediction but

can be computationally expensive, particularly in high-dimensional spaces. However, post-hoc ex-

planations often approximate rather than faithfully reflect model reasoning and can be sensitive to

factors like learning rate or initializations [43,132], leading to instability and inconsistent attribu-

tions [43,132]. In contrast, self-explainable models provide interpretability by design [33,34,106],

generating predictions and explanations within a unified framework, which mitigates approxima-

tion errors and improves trustworthiness in high-stakes decision-making [33,38,51].

2.5 Self-explainable models

Inherently interpretable models embed explanations directly into their design, eliminating the

need for external post-hoc methods. This is achieved through architectural constraints or training

objectives that promote transparency [33, 34, 106], although such design choices sometimes come

at the cost of predictive performance. Classical interpretable models, such as linear regressors

and decision trees [23,24], are straightforward to understand but lack the capacity and flexibility

of deep neural networks—which are universal function approximators [133]—making them less

suitable for complex tasks like image analysis. To address this limitation, recent research has

developed self-explainable deep learning architectures that aim to balance interpretability and

predictive performance [34]. In computer vision, promising approaches include part-prototype

networks [57,134] and bag-of-local-features models [56,135].

2.5.1 Part-prototype networks

Part-prototype networks (Fig. 8) are a class of interpretable-by-design deep learning models that

explain their predictions by comparing parts of an input (e.g., image patches) to a set of learned

prototypes—representative patterns derived from the training data that correspond to meaningful

local concepts—following the principle of “this looks like that” [57]. Each prototype captures a

semantically relevant visual feature, such as a lesion type like drusen, microaneurysms, or hemor-

rhages in retinal disease classification. The model then predicts by quantifying how similar regions

of a new input are to these learned prototypes, producing similarity maps that highlight discrimina-

tive regions. This framework enhances transparency by allowing users to inspect which prototypes

guided a decision. Conceptually, prototype networks are closely related to concept-based expla-

nations, as both aim to provide human-interpretable reasoning; however, part-prototype models

automatically learn visual concepts from the latent feature space during training [134,136], rather

than relying on predefined semantic concepts as in Concept Bottleneck Models [107]. Prototypes

can be either explicit—directly corresponding to real image patches—or implicit [137], learned

from the latent space without direct correspondence to input images or patches.

A foundational explicit part-prototype model, ProtoPNet [57], learns class-specific prototypes

and links them to the most similar patches from the training data for interpretability. Several

extensions refine this idea: ProtoCAPs [138] combines prototype learning with capsule networks

to leverage privileged information; MProtoNet [139] adapts ProtoPNet for 3D multi-parametric

MRI brain tumor classification; and XProtoNet [16] introduces spatial flexibility to improve in-

terpretability in chest radiography. By grounding predictions in visual examples, part-prototype
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Figure 8: Overview of part-prototype networks. A typical part-prototype model comprise in three
main components: (i) a feature extractor—commonly a CNN—that encodes input images into deep feature
representations; (ii) a prototype layer that learns a set of class-specific prototypes by optimizing feature
embeddings to represent interpretable parts, such that prototype closely matches real image patches from
its class while remaining dissimilar to others; and (iii) a classification layer that linearly combines the
similarity scores between input features and class-specific prototypes so that classes and class-specific
prototypes, assigning highest logits to classes with the most strongly activated prototypes. This design
enables simultaneous classification and interpretation. This figure was inspired by Djoumessi et al. [2]

networks provide intuitive and transparent decision reasoning, although challenges such as proto-

type redundancy [140] and spatial imprecision in explanations [141,142] persist.

2.5.2 Bag-of-local-features models

Bag-of-local-feature models make predictions by analyzing small, localized regions of an input

rather than relying on global representations [135]. This localized design enhances interpretabil-

ity by allowing decisions to be directly traced to specific image patches—a valuable property for

fine-grained visual tasks where discriminative features are spatially distributed, such as in diabetic

retinopathy detection [84, 143]. A leading model in this category is BagNet [56], which modifies

the ResNet-50 architecture [65] to restrict its receptive field to small patches (e.g., 9×9, 17×17, or

33×33 pixels). It achieves this by replacing most 3×3 convolutions with 1×1 filters and reducing

the stride, producing an implicit grid of high-dimensional, patch-level features in the penultimate

layer (Fig. 9). These local features are then average-pooled and passed through a linear classifier

to obtain the final prediction. Because the final operations are linear, BagNet can compute class

logits independently for each patch, allowing patch-wise contribution to be visualized directly as

heatmaps—providing built-in interpretability without post-hoc explanations. Conceptually, Bag-

Net extends the traditional bag-of-visual-words paradigm [135], treating an image as a collection

of local patches whose individual scores are averaged to form the overall prediction. Despite

its limited receptive field, BagNet performs competitively on challenging vision tasks [144–146],

illustrating that interpretability can be achieved without a substantial loss in accuracy.

However, the model’s focus on local features limits its ability to capture global context and

long-range dependencies [147], which can hinder performance in tasks that require global under-

standing or larger receptive fields. Additionally, performing average pooling on the penultimate

feature map followed by a fully connected classification layer discards spatial relationships (Fig. 9),

which could otherwise improve transparency, and sometimes necessitates explicit patch splitting

with extra forward passes to generate explanations. Nonetheless, the model’s reliance on patch-
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Figure 9: Overview of the BagNet architecture. During training, the model extracts features from
small image patches, which are averaged across the channel dimension via global pooling and then passed
to a linear classifier to predict class probabilities. During inference, the image can be explicitly split into
patches and processed individually, producing one logit per class that represents local evidence. These
logits can be spatially combined and visualized as class-specific saliency maps, providing explanations of
the model’s prediction.

level aggregation, architectural simplicity, and strong empirical performance make bag-of-local-

feature models a compelling choice for applications where localized evidence and interpretability

are essential for decision-making.

Summary. Self-explainable models provide inherent interpretability, offering a strong alterna-

tive to post-hoc explanation methods. Prototype-based models ground decisions in representa-

tive example patches but can suffer from redundancy and coarse explanations [140, 142], while

bag-of-local-features models enable patch-level interpretability via feature map attributions but

may miss global context crucial for complex tasks [147]. Another family, dynamic alignment

networks [148, 149], offer fully decomposable, theoretically faithful explanations by aligning the

learned weights with the input features during training, although they remain computationally

expensive and less effective in capturing nonlinear interactions. This thesis primarily builds upon

bag-of-local-features models and part-prototype models. More broadly, explainable models are

often tied to specific design choices, limiting their generalizability to other architectures. More-

over, the diversity of interpretability paradigms—from part-prototypes to local-feature models

and post-hoc methods—makes evaluation challenging, as no single metric can comprehensively

capture their varied explainability objectives.

2.6 Evaluating explanations

The spectrum of explainable AI techniques—ranging from post-hoc methods to self-explainable

models—demonstrates that explanations can be provided in fundamentally different ways. Post-

hoc methods, such as counterfactuals, attribution maps, and example-based explanations, provide

interpretability after model training, often approximating rather than faithfully revealing the

model’s internal reasoning [27,28]. In contrast, self-explainable models—including prototype-based

architectures, and bag-of-local-features models—embed interpretability into their architecture,

enabling explanations that are inherently tied to the model’s computations [34,106].
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Evaluating explanations across diverse approaches—particularly in medical imaging—remains

a major challenge [150, 151]. A central difficulty is the lack of a universally accepted ground

truth for what constitutes a “correct” explanation. Furthermore, differences in model archi-

tecture and explainability techniques hinder the establishment of standardized and compara-

ble evaluation frameworks. Current evaluation strategies are commonly grouped into two cat-

egories: [150–152]: (1) human-centered evaluations, which rely on expert or user judgment to

assess the clarity, trustworthiness, and clinical relevance of explanations in real-world contexts,

and (2) functionality-grounded evaluations, which use automated, quantitative metrics to measure

explanation properties—such as faithfulness or localization—independent of human assessment.

2.6.1 Human-centered evaluation

Human-centered evaluations assess the quality of explanations from the perspective of end-users—

especially domain experts—to determine whether they are understandable, useful, trustworthy,

and clinically meaningful (especially in medical contexts). Qualitative approaches include human

interpretability [150, 152, 153], which measures how easily users understand explanations through

user studies, structured interviews, or questionnaires; usefulness or actionability [150,153], which

evaluates whether explanations assist users in making better or more informed decisions (e.g.,

identifying model errors or verifying predictions); trust and satisfaction [150, 153], which assess

whether explanations increase users’ confidence in the model’s predictions; plausibility [150, 153],

which examines whether explanations appear reasonable and consistent with human intuition;

domain expert validation [150, 152, 153], which checks alignment with expert knowledge and clin-

ically relevant features; and faithfulness perception [154], which captures whether users believe

explanations truly reflect the model’s reasoning.

While these assessments are inherently qualitative, they can be quantified through structured

methodologies such as rating scales, task-based performance metrics (comparing accuracy, speed,

or confidence with and without explanations), expert agreement measures, and survey-based aggre-

gation, which translate open-ended feedback into numerical or frequency-based summaries [153].

2.6.2 Functionality-grounded evaluation

Functionality-based approaches automate evaluations without requiring direct human input, mak-

ing them particularly valuable for benchmarking large numbers of models or methods efficiently.

These approaches are widely used to evaluate both post-hoc and self-explainable models, quan-

titatively assessing whether the explanations faithfully reflect true decision-making process of

the model and are consistent with expert or domain knowledge. Two key quantitative metrics

frequently used fidelity (or faithfulness) [116, 153, 155] and localization precision [73, 156], both

assessing how accurately an explanation reflects the model’s true reasoning or aligns with domain

knowledge. A typical approach involves feature occlusion, in which features identified as important

are removed to observe the resulting drop in model confidence [126]. In contrast, the complemen-

tary insertion metric progressively adds features back in order of their importance, measuring

the improvement in prediction confidence [116]. Localization precision, on the other hand, evalu-

ates the spatial precision of attribution maps by comparing them with ground truth annotations

to determine whether class-relevant regions are correctly identified [73, 156]. However, obtaining

detailed annotations can be expensive and time-consuming, especially in medical domains.

Although functionality-based metrics offer objectivity, reproducibility, and scalability, they
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primarily evaluate how well explanations align with model behavior rather than human reasoning,

indirectly capturing domain alignment through the use of ground truth labels.

Summary. Explanations are crucial for both post-hoc and self-explainable models, ensuring that

interpretability aligns with expert knowledge and clinical reasoning [26, 35]. Effective XAI meth-

ods should balance qualitative and quantitative evaluations [126, 152], although standardization

is challenging due to the architectural diversity of approaches. Post-hoc methods require fidelity

assessments to verify that explanations faithfully reflect model reasoning, whereas self-explainable

architectures must demonstrate that their built-in interpretability faithfully represents their com-

putations. Evaluation criteria also vary by paradigm: concept-based methods are assessed by

the clarity and relevance of learned concepts [118]; prototype-based models by the quality and

diversity of prototypes [157], and example-based methods by the stability and consistency of ex-

planations across similar inputs [158]. Human-centered evaluations offer practical insight, but are

inherently subjective and resource-intensive, while functionality-grounded metrics offer objectivity

and scalability, but may overlook human perspectives. Ultimately, the choice of the evaluation

approach should align with the application: trust-critical domains benefit from human-based stud-

ies, whereas large-scale benchmarking favors automated assessments. Combining qualitative and

quantitative metrics ensures that explanations are both faithful to the model and meaningful and

actionable for end users. Developing standardized, architecture-agnostic frameworks that integrate

both perspectives remains a key research challenge.

2.7 Advancing self-explainable AI

Explainable AI has become a crucial research area in computer vision, driven by the need to make

complex models more transparent and understandable to human users [36]. Psychological studies

emphasize that explanations are fundamental to human reasoning and learning, enabling users to

understand how predictions are formed and to integrate new information with previous knowl-

edge [41, 51, 159]. This reinforces the growing importance of XAI—particularly self-explainable

models—in medical image analysis, where interpretability and transparency are essential for clini-

cal adoption. However, despite their advantages over post-hoc approaches, self-explainable models

face several challenges including slower development due to design constraints, inherent trade-offs

between accuracy and interpretability, overstated claims of explainability, and limited generaliz-

ability across architectures like CNNs and ViTs.

Building on this foundation, this thesis advances the field of self-explainable AI by enhancing

the interpretability and transparency of explainable models, with a particular focus on BagNet

and prototype-based architectures. We improve BagNet’s transparency and demonstrate its clin-

ical relevance by showing that its explanations can improve clinician performance. Furthermore,

we introduce a unified interpretability framework that integrates BagNet’s localized receptive field

with part-prototype networks, while proposing a systematic protocol to transform black-box mod-

els into self-explainable systems. The resulting model and explanations are rigorously evaluated

using both human-centered and functionality-grounded metrics to ensure faithfulness, usability,

and clinical alignment.

The following chapter elaborates on these contributions, with the methodology, experimental,

and key results summarized.
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3 Publications

Based on the interpretability challenges outlined in the previous chapter, this chapter summarizes

the four first-author peer-reviewed papers and one preprint that form the core contributions of

this thesis. The peer-reviewed works include: an article published in a leading digital health

journal [3], two papers presented at major international conferences on medical image analysis [1,2],

including one selected for oral presentation [1]; and one paper accepted for oral presentation at an

international workshop on interpretability in medical imaging [4]. While the models developed in

these studies were primarily evaluated on medical imaging datasets, their underlying architectures

can be broadly applicable to a variety of imaging modalities and domains. Full versions of all

articles are provided in the Appendix A.

The chapter follows a logical progression. It begins with a sparsity-driven activation constraint

to enhance interpretability in disease grading, followed by a clinical evaluation of our inherently

sparse interpretable architecture (Sparse BagNet) for efficient and accurate diabetic retinopathy

screening. We then present a prototype-based model that combines local and global reasoning.

Next, a method is introduced to adapt existing black-box CNN models for self-explainability in

high-stakes decisions, and finally, the approach is extended to hybrid architectures that combine

the strengths of convolutional neural networks and vision transformers.

The articles in the appendix can be read in the order given below:

1. Kerol Djoumessi, Indu Ilanchezian, Laura Kühlewein, Hanna Faber, Christian F. Baum-

gartner, Bubacarr Bah, Philipp Berens, and Lisa Koch. Sparse activations for interpretable

disease grading. In Medical Imaging with Deep Learning, 2023. [1]

2. Kerol Djoumessi, Ziwei Huang, Laura Kühlewein, Annekatrin Rickmann, Natalia Simon,

Lisa Koch, and Philipp Berens. An inherently interpretable AI model improves screening

speed and accuracy for early diabetic retinopathy. PLOS Digital Health, 2025. [3]

3. Kerol Djoumessi, Bubacarr Bah, Laura Kühlewein, Philipp Berens, and Lisa Koch. This

actually looks like that: Proto-bagnets for local and global interpretability-by-design. In

International Conference on Medical Image Computing and Computer-Assisted Intervention

(MICCAI), pages 718–728, 2024. [2]

4. Kerol Djoumessi and Philipp Berens. Soft-CAM: Making black box models self-explainable

for high-stakes decisions. arXiv preprint arXiv:2505.17748, 2025. [5]

5. Kerol Djoumessi, Samuel Mensah, and Philipp Berens. A Hybrid Fully Convolutional

CNN-Transformer Model for Inherently Interpretable Disease Detection from Retinal Fundus

Images. Accepted and presented at the International Workshop on Interpretability of Machine

Intelligence in Medical Image Computing (IMIMIC), 2025. [4]

The first paper introduces Sparse BagNet [1], an extension of the original BagNet model that

enhances interpretability by producing transparent evidence maps and promoting sparsity in ex-

planations. The model is regularized to focus on the most salient regions, yielding localized and

transparent rationales for its predictions. Building on Sparse BagNet, the second study applies it

in a retrospective clinical setting to detect early diabetic retinopathy [3]. It evaluates the model’s

generalizability across multiple publicly available fundus image datasets and assesses the clinical
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utility of its explanations in supporting and improving clinician performance. The third work

proposes Proto-BagNet [2], which combines the BagNet framework with prototype learning [57].

The model provides both local (image-specific) and global (prototypical) explanations, offering

interpretable evidence at multiple semantic levels. The fourth article presents Soft-CAM [5],

a method that transforms standard black-box CNN classifiers into self-explainable models. By

incorporating explicit class activation maps into the architecture, the models are inherently inter-

pretable without compromising accuracy. Finally, the fifth paper leverages SoftCAM to introduce

a hybrid architecture [4] that combines the spatial inductive biases of CNNs with the long-range

dependency modeling capabilities of transformers. This hybrid model is designed for inherent in-

terpretability, providing both high accuracy and explainable outputs suitable for clinical decision

support. All results of this thesis are reproducible, with the corresponding code of each project

publicly available on GitHub3.

The remainder of this section is organized as follows: each section corresponds to a specific

publication, outlining its motivation, methodology, and key results, followed by a discussion of the

main findings and a concise summary of the research contributions. Each section concludes with

a brief description of my individual contributions and the venue in which the work was published.

Authors contribution statement

To evaluate my contributions to each paper, my role is summarized using descriptive terms, also

presented in tabular form. Specifically, contributions can be categorized as significant, major,

medium, or minor. To clarify, significant denotes a contribution of paramount importance,

representing critical foundational work for the project’s success. Major indicates a crucial involve-

ment without which the submission might not have been possible. Medium reflects meaningful

contributions that improve the quality of the paper and potentially influence its acceptance. Mi-

nor refers to supportive input or refinements that improved the paper. This framework provides

a transparent and structured guide for communicating the varying degrees of my impact on each

published work. The full quantitative contribution details are provided in a separate document

alongside the thesis.

3.1 Sparse activations for interpretable disease grading

Published as: Kerol Djoumessi et al. (2023) In Medical Imaging with Deep Learning (MIDL).

3.1.1 Motivation

Interpreting deep learning models often relies on post-hoc saliency maps, which often do not

provide actionable feedback or clear insight into the model’s decision-making process [43,132,160].

Inherently interpretable models offer a promising alternative for safety-critical applications [33,

34], yet few achieve the high predictive performance of black-box models. The BagNet model

[56], an implicit patch-based architecture that independently scores image patches and aggregates

them for classification, has demonstrated strong performance on various vision tasks [144, 161].

However, its application in medical imaging—especially ophthalmology—remains limited [145,

146]. Originally, BagNet averages patch features via pooling before classification and generates

explanations by scoring each patch individually, then combining these into an attribution map.

3 All code is publicly available at https://github.com/kdjoumessi?tab=repositories
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While interpretable, this approach is computationally expensive, often produces cluttered maps

with irrelevant activations, and cannot enforce sparsity constraints on the explanations due to

its fully connected classifier head. To address these limitations, we proposed Sparse BagNet,

which preserves BagNet’s local feature extraction while removing the average pooling layer and

replacing the fully connected classifier with convolutional layers. This architectural change allows

the generation of explicit explanation maps directly integrated into the prediction process and

enables the use of lasso regularization to promote sparsity, resulting in more sparse and spatially

localized explanations.

3.1.2 Results

We validated our approach using the publicly available Kaggle diabetic retinopathy (DR) detection

dataset [80], where DR severity ranges from 0 (no DR) to 4 (proliferative DR). Diabetic retinopathy

is a microvascular complication related to diabetes and is characterized by progressive retinal

lesions that can lead to vision loss [84].

Sparse BagNet was evaluated on two tasks: referable DR detection (binary classification: 0, 1

vs. 2, 3, 4) and multiclass DR grading. Despite its inherent interpretability, the model achieved

classification performance comparable to a ResNet-50 baseline [65] on both tasks. We then as-

sessed the model’s explanations both qualitatively and quantitatively through class evidence maps

extracted from the penultimate layer. Compared to GradCAM saliency maps [108] generated

post-hoc from the ResNet—which were coarse due to the large receptive field—the sparse Bag-

Net produced significantly sparser heatmaps. Lasso regularization encouraged the model to make

decisions based on fewer, more localized retinal regions. Quantitatively, clinical relevance was

evaluated using the Top-K precision localization metric on 15 clinically annotated test images.

This metric measures the proportion of top-scoring patches overlapping with true lesions, ex-

tending the “pointing game” metric [156] to multiple image regions—a critical consideration in

DR grading, where disease features are often widespread. Sparse BagNet achieved high Top-K

precision (0.791 ± 0.1, SD), significantly outperforming the dense BagNet (0.219 ± 0.1), by fo-

cusing almost exclusively on clinically relevant regions. In contrast, the dense BagNet—without

sparsity—exhibited lower localization precision, producing more false activations in healthy areas.

3.1.3 Discussion

This work introduced a self-explainable classification model that generates sparse, high-resolution

class evidence maps in a single forward pass without compromising predictive performance. En-

forcing sparsity reduced false positive activations and simplified model explanations by limiting

the contributing regions. The model efficiently produced informative class-wise explanations for

multiclass tasks in a single forward pass. Both quantitative and qualitative results demonstrated

that Sparse BagNet provides clinically meaningful explanations by accurately localizing DR le-

sions. For healthy images, the model consistently produced “healthy” heatmaps, characterized by

predominantly negative or absent disease evidence, reflecting a low likelihood of disease.

A clinical review of positively activated patches—without prior lesion annotations—revealed

that many corresponded to subtle or previously overlooked DR features, highlighting the model’s

potential to detect early and subtle pathology. Preliminary clinician feedback suggests that Sparse

BagNet’s interpretable outputs can support validation of predictions, facilitate understanding of

failure modes, and build trust in AI-driven decisions. The bounding boxes predicted by the model
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were also valuable in highlighting subtle anomalies that might otherwise be missed. These findings

underscore the utility of Sparse BagNet as a reliable clinical decision support tool and motivate

future human-in-the-loop evaluation of frameworks that allow clinician interaction with the model.

Research contribution: This study introduces Sparse BagNet, an inherently interpretable

deep learning model designed to overcome black-box AI limitations in clinical decision-making.

Unlike post-hoc methods, it provides human-understandable explanations through explicit class

evidence maps. By incorporating a sparsity constraint during training, Sparse BagNet achieved a

balance between high predictive performance and transparency. Validated on diabetic retinopathy

detection, the model matched state-of-the-art performance while producing localized, clinically

meaningful explanations, advancing the development of trustworthy AI in healthcare.

Author contribution: I led this project as first author, co-developing the core idea and method-

ology with my advisors. I implemented the full codebase, conducted all experiments, analyzed

the results, and generated figures. I contributed significantly to the writing, suggested reviewer

responses, managed the paper submission, and presented the work at the conference (oral and

poster). Additionally, I prepared the preprint and made the final code publicly available3.

Publication 1: My contributions are summarized as follows:

Ideas Implementation Experiment Analysis Writing

Kerol Djoumessi significant significant significant significant significant

Venue: Medical Imaging with Deep Learning (MIDL), established in 2018, is a leading conference

that brings together researchers, clinicians, and industry experts in deep learning and medical

imaging. It serves as a platform for advancing automated image analysis in areas such as disease

screening, diagnosis, prognosis, treatment planning, and monitoring.

3.2 An inherently interpretable AI model improves screening speed and

accuracy for early diabetic retinopathy.

Published as: Kerol Djoumessi et al. (2025) In PLOS Digital Health.

3.2.1 Motivation

Diabetic retinopathy screening represents one of the first successful applications of artificial intelli-

gence in medicine [14], providing fast and cost-effective access to care even in settings with limited

clinical resources. Several AI systems have received regulatory approval, enabling effective patient

triage by distinguishing those requiring specialist attention from those who do not [12, 37], and

may also improve screening adherence [14,15,84]. However, most state-of-the-art models function

as black-boxes [27, 28], offering clinicians limited interpretability and often only binary recom-

mendations [14, 15]. Despite their strong predictive performance, these systems typically require

verification by human graders [14,15], a process that would benefit from transparent explanations

of AI decisions. Clinical adoption is further facilitated when clinicians can understand the ratio-

nale behind the model recommendations [15, 34, 51]. In prior work, we introduced an inherently

interpretable deep learning model—the Sparse BagNet [1]—for DR detection. Preliminary feed-

back from ophthalmologists indicated that its explanation could help validate predictions, identify
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failure modes, and strengthen trust in AI outputs. Building on this foundation and addressing the

limited clinical evaluation of self-explainable models and the prevalent lack of transparency in cur-

rent ophthalmic AI systems, we conducted a formal evaluation of Sparse BagNet for early diabetic

retinopathy detection through a retrospective reader study with experienced ophthalmologists.

3.2.2 Results

The Sparse BagNet was trained on the publicly available Kaggle dataset [80] to classify early

DR as {grade 0} (no DR) vs. {grades 1–4} (any DR). To assess generalizability, the model

was evaluated on ten additional public fundus image datasets spanning diverse cameras, patient

populations, and acquisition settings. Five of these datasets included lesion-level annotations,

allowing the assessment of explanations through localization performance. In addition, expert

lesion annotations were collected for 65 randomly selected fundus images from the Kaggle test set,

independently labeled by four ophthalmologists.

Sparse BagNet achieved classification performance comparable to the non-interpretable ResNet-

50 baseline [65] in both internal and external datasets, evaluated through accuracy, sensitivity,

specificity, and precision. Importantly, it generated class evidence maps that highlighted the

discriminative image regions driving its predictions. To assess the clinical relevance of these ex-

planations, bounding boxes were placed around highly activated patches and compared with lesion

annotations from both internal and external datasets. Localization performance was benchmarked

against two strong post-hoc explanation methods applied to ResNet-50—Guided Backprop [124]

and Integrated Gradients [117]—previously shown to perform well on fundus images [162]. Sparse

BagNet consistently outperformed these approaches, achieving a localization precision of 0.960

vs. 0.656 (Guided Backprop) on the internal dataset, and 0.965 vs. 0.249 on the external DDR

dataset [163]. Analysis of false positives (images misclassified as DR with high confidence > 0.75)

revealed that most activated patches contained subtle anomalies related to DR, such as microa-

neurysms and exudates that were below diagnostic thresholds. The review by two clinicians

confirmed these findings, suggesting that the model may detect early pathological signals over-

looked by manual annotations, thereby also highlighting potential incompleteness in ground truth

labels.

Finally, a retrospective reader study with six experienced ophthalmologists evaluated the clini-

cal impact of AI support under three conditions: absence of AI assistance (“H”), AI prediction with

confidence only (“H+AI”), and AI prediction with localized explanations (“H+XAI”). The aver-

age diagnostic accuracy improved from 0.611 (H) to 0.758 (H+AI) and further to 0.786 (H+XAI).

The gains were more pronounced in mild DR cases (grade 1), where accuracy increased from

0.483 (H) to 0.617 (H+AI) and 0.733 (H+XAI). For healthy cases, any AI support substantially

improved performance (H: 0.567; H+AI: 0.842; H+XAI: 0.817). Beyond accuracy, explanations

accelerated decision-making: average times were 15.2s (H), 15.9s (H+AI), and 11.7s (H+XAI),

with the largest speed-up again observed in mild DR cases (H: 15.2s; H+AI: 17.5s; H+XAI:

12.1s). Together, these results demonstrate that interpretable AI support from Sparse BagNet

improves both accuracy and efficiency, particularly in challenging early DR detection—grade 1, a

challenging task even for experienced ophthalmologists.
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3.2 Sparse BagNet improves screening speed and accuracy for early DR

3.2.3 Discussion

This study demonstrated that the inherently interpretable Sparse BagNet achieves classification

performance comparable to a black-box baseline model on internal and ten external datasets, show-

ing strong zero-shot generalization across diverse devices, populations, ethnicities, and imaging

conditions. Unlike conventional DR screening models that provide only binary outputs, Sparse

BagNet generates highly precise evidence maps that localize image regions driving its predic-

tions. Interestingly, despite being trained solely with image-level labels (without pixel-level anno-

tations), the highlighted regions consistently aligned with clinically relevant DR lesions such as

microaneurysms, drusen, or hemorrhages. Even when predictions diverged from reference labels,

explanations often revealed clinically suspicious features, providing additional diagnostic insight.

The retrospective reader study further confirmed that providing ophthalmologists with visual

explanations significantly improved grading accuracy, particularly for challenging cases, while

also reducing decision time. These results demonstrate that interpretable AI support can improve

screening performance. The effectiveness of Sparse BagNet’s explanations suggests that embedding

such models into AI-driven workflows could strengthen human verification and foster greater

clinician trust in automated recommendations [15, 74]. Unlike prior human-AI studies reporting

adverse effects of model errors on clinician decisions [101], our findings did not show any such

negative influence. Future work could include prospective clinical trials to assess the impact of

explainable AI on screening quality and efficiency in real-world practice, with potential extensions

to other diagnostic tasks, such as breast cancer and pneumonia detection [17,24].

Research contribution: This work demonstrated that deep learning models can achieve

inherent interpretability without compromising predictive performance, addressing a major barrier

to clinical adoption of AI systems. Leveraging Sparse BagNet architecture, the model produced

transparent and reliable explanations that improved diagnostic accuracy by up to 17.5% for mild

diabetic retinopathy and reduced the screening time by approximately ≈ 25%. These inherently

interpretable outputs can be seamlessly integrated into existing clinical workflows and reporting

systems, fostering transparency, clinical trust, and earlier, more accurate diagnoses in applications

such as diabetic retinopathy screening.

Author contribution: I led this project as the first author, co-developed the study in collab-

oration with my PhD advisors. Together, we formulated the research question and designed the

clinical user study. I implemented the full codebase, conducted all experiments, including the user

study analysis, and generated most of the figures. I was heavily involved in manuscript writing

and journal formatting, and also provided feedback on the study’s software4. In addition, I pre-

pared the preprint version, uploaded the final code to GitHub3 to ensure public accessibility, and

coordinated the overall project execution.

Publication 2: My contributions are summarized as follows:

Ideas Implementation Experiment Analysis Writing

Kerol Djoumessi significant significant significant significant significant

Venue: PLOS Digital Health is an open-access, interdisciplinary journal that publishes inno-

vative research that uses digital tools, technologies, and data science to advance human health.

4Available at https://github.com/berenslab/retimgtools/releases/tag/v1.1.0
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Committed to open science, the journal promotes equitable and unbiased healthcare through eth-

ically conducted and impactful studies. It brings together contributions from a global community

of engineers, clinicians, researchers, social scientists, and industry leaders.

3.3 This actually looks like that: Proto-BagNets for local and global

interpretability-by-design

Published as: Kerol Djoumessi et al. (2024) In International Conference on Medical Image Com-

puting and Computer-Assisted Intervention (MICCAI).

3.3.1 Motivation

Post-hoc explainability methods often fail to reflect a model’s actual reasoning process. Inherently

interpretable approaches—such as BagNets [1,56], concept-based models [107,118], and prototype-

based networks [57,134]—offer a promising alternative. BagNets leverage small receptive fields to

provide fine-grained explanations [1], but lack global interpretability [147]. Concept-based mod-

els [107] incorporate human-aligned predictions at a higher level, enabling globally interpretable

predictions, but typically depend on predefined concept sets [118, 127]. Prototype-based net-

works [57], a subclass of concept-based models, overcome this by learning prototypes directly

from training data, and classifying inputs based on similarity to them, yielding both local (via

similarity maps) and global (via prototype visualization) explanations. Although prototype-based

models are gaining attention [134,136,141] for their intuitive, human-aligned reasoning, their use

in medical imaging remains limited [16, 73, 134]. A key limitation lies in their receptive fields,

which produce overly broad prototypes [141,142], reducing their ability to capture subtle but clin-

ically relevant features, particularly when they are relatively small compared to the image size. To

address this gap, we introduced Proto-BagNet, which combines BagNet’s localized interpretability

with the global reasoning capabilities of prototype learning, delivering interpretable and faithful

explanations at both local and global levels.

3.3.2 Results

Proto-BagNet was validated on 2D retinal OCT images for drusen detection using a publicly

available dataset [81]. Drusen are subretinal deposits and key indicators of retinal diseases such as

age-related macular degeneration (AMD) [81,85]. In OCT scans, their size, number, and location

are critical for disease staging and guiding early interventions to prevent vision loss [85].

Proto-BagNet integrates several interpretability and performance improvements, including a

soft aggregation module to prevent interference from cross-class prototype [158], a top-K similar-

ity scoring mechanism to capture multiple relevant regions [73], a sparsity constraint to focus on

disease-relevant features [1, 120], and a novel dissimilarity loss to promote diverse non-redundant

prototypes. Classification performance was benchmarked against ProtoPNet (ResNet-50 back-

bone) [57] and non-prototype models (dense BagNet [1] and ResNet-50 [65]). Proto-BagNet

achieved comparable classification performance, demonstrating that its interpretability enhance-

ments did not compromise performance. For interpretability evaluation, ProtoPNet’s large proto-

types (covering most of the retina, receptive field 427×427) were contrasted with Proto-BagNet’s

fine-grained prototypes (33 × 33), which localized clinically relevant drusen features. An inde-

pendent ophthalmologist review confirmed their clinical significance. A small set of 40 annotated
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3.3 Proto-BagNets for local and global interpretability-by-design

test images for drusen was used to assess the localization precision of prototypical activations,

showing that the disease prototypes activated on these images effectively captured and localized

drusen-related lesions with high precision (0.84±0.20), demonstrating strong alignment with clin-

ically meaningful features. Faithfulness was assessed by masking all but the top-5 prototypical

regions, which nearly preserved classification performance (AUC: 0.9918 vs. 0.9916), confirming

that predictions relied exclusively on these regions and that the explanations accurately reflected

the model’s internal decision process.

3.3.3 Discussion

We introduced Proto-BagNet, a novel prototype-based interpretable-by-design model that pro-

vides highly localized, faithful explanations alongside global interpretability through meaningful

prototypes. Clinical evaluation by an ophthalmologist confirmed that the learned prototypes

captured diverse and clinically relevant features and accurately localized drusen lesions in OCT

images. Interpretability-enhancing components—soft-aggregation, top-K selection, sparsity, and

dissimilarity loss—may slightly trade off classification performance, emphasizing the importance

of task-specific parameter tuning. This highlights the importance of tuning some parameters ac-

cording to the clinical context. Unlike standard classification tasks with large, centered objects,

medical imaging often involves small, spatially distributed features [17,85,163], requiring attention

to multiple regions. For instance, drusen and some diabetic retinopathy lesions are relatively small

and scattered [85,163], requiring prototype-based models to consider multiple regions rather than

focusing on the most relevant area. The optimal receptive field is also task-dependent: in this

study, 33 × 33 patches effectively captured drusen features [85], but the size of the receptive field

can be adapted based on clinical knowledge or image resolution. Regularizing the similarity maps

enforced focus on relevant regions, while the dissimilarity loss reduced redundancy, promoting

diversity, and improving interpretability. Nevertheless, the lack of global attention in architecture

with limited receptive fields can constrain predictive performance in tasks where important fea-

tures span larger areas [147], such as advanced DR and pneumonia detection [1,17]. Furthermore,

prototype-based approaches can be challenging to train effectively, highlighting the need for more

easily trained, generalizable, and model-agnostic architectures.

Research contribution: This work introduces Proto-BagNet, a prototype-based model specif-

ically designed for fine-grained detection in medical imaging that addresses key limitations of prior

approaches, including imprecise explanations and redundant prototypes [140–142]. By leverag-

ing BagNet’s small receptive field, Proto-BagNet learns informative, fine-grained prototypes that

provide precise and faithful explanations without sacrificing predictive performance, thereby ad-

vancing interpretability and trust in clinical AI. The model incorporated constraints to promote

prototype diversity and achieved high explanation faithfulness, representing a significant advance

toward more interpretable and trustworthy clinical AI systems.

Author contribution: I led this project as the first author, co-developing the core idea with

my PhD advisors. I implemented the codebase, performed all experiments, analyzed the results,

and generated figures. I contributed substantially to the manuscript and drafted responses to the

reviewer’s comments. Additionally, I managed the paper submission, presented the work at the

conference (poster), prepared the preprint, and made the final code publicly available on GitHub3.
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Publication 3: My contributions are summarized as follows:

Ideas Implementation Experiment Analysis Writing

Kerol Djoumessi significant significant significant significant significant

Venue: The Medical Image Computing and Computer-Assisted Intervention (MICCAI) confer-

ence is the leading international forum for medical image computing, machine learning in medical

imaging, and computer-assisted interventions and robotics. Established in 1998, it fosters the ex-

change of cutting-edge knowledge, expertise, and experiences among leading scientists, clinicians,

and educators from top academic, clinical, governmental, and industry institutions worldwide.

3.4 Soft-CAM:Making black box models self-explainable for high-stakes

decisions

Published as: Kerol Djoumessi and Philipp Berens (2025), arXiv preprint.

3.4.1 Motivation

Convolutional neural networks (CNNs) are widely used in high-stakes domains such as medicine,

often surpassing human performance [6]. Yet, their limited interpretability poses a major barrier

to adoption, where transparency and trust are critical. Post-hoc methods such as class activation

maps (CAM) [111] and their numerous variants [108,112,117,124] attempt to approximate model

reasoning after training, but their explanations are often sensitive, unreliable, and not very faithful

to the underlying decision process. To address these shortcomings, inherently interpretable models

have been proposed [34], embedding interpretability directly into the architecture [57, 107, 149],

yielding more faithful and trustworthy explanations [106]. However, these models typically require

specialized designs [56, 57], limiting their generalization and compatibility with standard CNNs.

Motivated by this gap, we proposed SoftCAM, a simple yet effective method that makes back-box

CNN architectures inherently interpretable. By removing the global average pooling (GAP) layer

and replacing the fully connected head with a convolution-based class evidence layer, SoftCAM

preserves spatial information and generates explicit class activation maps that directly inform

predictions. This design also supports ElasticNet penalties to tailor explanations to specific tasks.

3.4.2 Results

We evaluated SoftCAM on three public medical imaging datasets covering different modalities:

Kaggle Diabetic Retinopathy [80], Retinal OCT [81], and RSNA Chest X-Ray (CXR) [79]. Each

dataset included lesion annotations for subsets of images, allowing an objective evaluation of the

explanations. SoftCAM was implemented on two standard CNN backbones—ResNet-50 [65] and

VGG-16 [63]—which differ in their classification head: ResNet uses a single fully connected layer,

whereas VGG uses multiple layers. For comparison, we benchmarked SoftCAM against popu-

lar post-hoc saliency approaches: gradient-based methods (GradCAM [108], LayerCAM [109]), a

gradient-free method (ScoreCAM [112]), and backpropagation-based techniques (Integrated Gra-

dients [117], Guided Backpropagation [124]), each on their respective black-box models.

To introduce inherent interpretability, we systematically replaced the fully connected heads

of ResNet and VGG models with convolutional layers and applied lasso regularization to the

class-evidence layers. Both sparse (lasso) and dense (no penalty) SoftCAM variants preserved
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3.4 Making black box models self-explainable for high-stakes decisions

classification performance comparable to the original backbones. Qualitative comparisons re-

vealed that SoftCAM—particularly the sparse variant—produced sharper and more interpretable

evidence maps, with high-activation regions aligning closely with annotated lesions. Quantitative

assessment confirmed these findings: SoftCAM consistently outperformed post-hoc methods in

both lesion localization precision and faithfulness to model decision-making. Given the larger

bounding boxes in CXR compared to retinal datasets, we extended the evaluation by introducing

activation sensitivity, which measures the proportion of explanation within ground-truth bounding

boxes. This complements the activation precision [73] by focusing on the model to avoid false neg-

atives. Across datasets, SoftCAM achieved superior performance in both precision and sensitivity.

Finally, we investigate the impact of different regularization strategies. Lasso promoted sparsity

by eliminating irrelevant activations, producing cleaner maps, while ridge retained small values,

yielding denser but less focused explanations. Despite these differences, all SoftCAM variants

outperformed post-hoc methods across metrics. In multi-class tasks, SoftCAM generated class-

specific explanations in a single forward pass, achieving state-of-the-art predictive performance

while improving efficiency and explanation faithfulness compared to post-hoc saliency techniques.

3.4.3 Discussion

SoftCAM provides a straightforward yet effective protocol for transforming standard black-box

CNNs into inherently interpretable models. Evaluation in various medical imaging tasks—including

retinal and chest X-rays images—using two widely adopted backbones, ResNet-50 [65] and VGG-

16 [63], showed that SoftCAM preserves classification performance while delivering more faithful

and precise explanations than post-hoc methods. By replacing the classification head with a

convolution-based class evidence layer, SoftCAM generates explicit class activation maps in a sin-

gle forward pass, enabling efficient and trustworthy explanations. Its design supports ElasticNet

regularization, allowing users to balance localization precision and sensitivity without significantly

sacrificing predictive accuracy, and in some cases even improving it. The results confirmed that

convolutional classifiers can simultaneously achieve high predictive performance and interpretabil-

ity, making SoftCAM a compelling solution for self-explainable CNN models. Beyond predictive

performance, it provides valuable insights into model decision-making, helping to identify errors

and spurious correlations in standard CNNs without relying on post-hoc attribution methods.

Future work may extend SoftCAM to additional datasets and CNN architectures, as well as to

other black-box models, such as hybrid CNN-Transformer designs [31,32].

Research contribution: This work introduced SoftCAM, a simple yet effective approach that

transforms standard CNNs into inherently interpretable models by replacing their classification

head with convolutional layers. Extensive experiments on medical imaging tasks showed that

SoftCAM preserves high predictive performance while producing faithful, class-specific explana-

tions. Thanks to ElasticNet regularization, which enables task-specific control over precision and

sensitive localization, offering an efficient and trustworthy self-explainable alternative to black-box

CNNs.

Author contribution: I led this project as the first author and came up with the core idea. I

implemented the full codebase, conducted all experiments, analyzed the results, and generated the

figures. I contributed substantially to writing the manuscript and managed submission to arXiv,

in addition to uploading the final code to GitHub3 to ensure reproducibility and public access.
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Publication 4: My contributions are summarized as follows:

Ideas Implementation Experiment Analysis Writing

Kerol Djoumessi significant significant significant significant significant

Venue: ArXiv is the world’s largest open-access repository for scientific research, widely used

in fields such as mathematics, and computer science, and beyond. It enables rapid dissemination

of preprints and working papers without the delays of traditional peer review, fostering open

collaboration, accelerating scientific discovery, and serving as an essential resource for researchers.

3.5 A Hybrid fully convolutional CNN-Transformer model for inher-

ently interpretable disease detection from retinal fundus images

Published as: Kerol Djoumessi et al. (2025) In International Workshop on Interpretability of

Machine Intelligence in Medical Image Computing (IMIMIC) at MICCAI.

3.5.1 Motivation

Convolutional neural networks (CNNs) are widely used in medical imaging for their ability to

hierarchically extract local features. While effective in capturing fine spatial features, CNNs are

often constrained by limited receptive fields [56, 147], making them less effective at modeling

long-range dependencies between image regions. Vision transformers (ViTs) [64] overcome this

limitation through self-attention (SA) mechanisms [70], enabling global context modeling. How-

ever, ViTs lack the inherent spatial localization provided by convolutions, demand large-scale

datasets and substantial computational resources [31,32], and introduce new challenges for inter-

pretability [30–32]. Hybrid CNN–ViT architectures aim to combine the spatial precision of CNNs

with the global attention of transformers [30,31]. Despite promising results, their interpretability

remains limited [30,32,164], often relying on post-hoc tools, including transformer-specific visual-

ization techniques. Existing interpretability approaches extend CNN-based attribution techniques

to ViTs [117,125] or design ViT-specific explanation methods [165,166]. Both are typically post-

hoc and may not faithfully capture the model’s decision process. To address these challenges,

we proposed an interpretable hybrid fully convolutional CNN-Transformer architecture for med-

ical image analysis, with a focus on the detection of retinal disease. Unlike standard post-hoc

saliency methods for ViT-based models, our approach generates faithful, localized class-evidence

maps directly integrated into the prediction pipeline, eliminating the need for external explanation

techniques.

3.5.2 Results

We validated our approach on two clinically relevant tasks: Diabetic Retinopathy (DR) detection

and Age-Related Macular Degeneration (AMD) severity classification, using publicly available

color fundus image datasets [80, 167]. The proposed hybrid model integrates recent advances

to enhance both performance and interpretability. It combines dual-resolution self-attention

(DRSA) [164] to model multi-scale (fine- and coarse-grained) dependencies with convolutional

vision transformers (CvTs) [168], replacing linear attention layers with convolutions to preserve

spatial information. Built-in interpretability was achieved by replacing the standard classifica-
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3.5 Hybrid CNN-Transformer model for self-explainable retinal disease detection

tion head with a convolutional class-evidence layer [1,5], allowing sparsity regularization for more

localized and clinically relevant explanations.

We evaluated the framework using ResNet-50 [65] and BagNet-33 backbones [56], both with

and without sparsity, and compared it against state-of-the-art CNNs (ResNet-50 [65], dense Bag-

Net [1]) and transformer-based models (ViT [64], Swin [71]). Ablation studies replacing dual-

resolution SA with fully connected layers (FCL) confirmed its critical contribution. Despite spar-

sity constraints, our interpretable hybrid models achieved state-of-the-art predictive performance

on both tasks. Qualitative comparisons with GradCAM [117] on the ViT baseline showed that it

produced cluttered, hard-to-interpret heatmaps, while our class-evidence maps clearly highlighted

class-relevant retinal features. Sparsity further refined the focus on smaller, clinically meaningful

regions. Quantitatively, we assessed the lesions’ localization capability of our models on the IDRiD

dataset [143] by measuring the proportion of positively activated regions that overlap with anno-

tated lesions [1]. The sparse BagNet–Transformer achieved the highest precision, outperforming

all baselines—including the dense BagNet and GradCAM applied to ViT—indicating that convo-

lutional attention improved both classification and interoperability. Faithfulness was assessed by

removing top-ranked patches from evidence maps and measuring the drop in class confidence [155].

For DR detection, the sparse BagNet–Transformer showed the highest faithfulness, while for AMD

severity classification, the sparse ResNet-Transformer performed best. This difference likely re-

flects CNNs’ larger receptive fields, which better capture the broader lesion patterns typical of

AMD, highlighting differences in lesion sizes between tasks. Finally, class-specific evidence maps

visualizations on the Kaggle DR dataset demonstrated that the sparse BagNet–Transformer pro-

duced localized explanations, closely aligned with prediction and relevant features, while dense

models generated broader, less informative explanations.

3.5.3 Discussion

We presented the first inherently interpretable hybrid CNN-Transformer architecture for medical

image classification, demonstrated on DR detection and AMD severity classification using retinal

fundus images. The model is backbone-agnostic, allowing the selection of architectures suited

to specific disease characteristics. Two CNN backbones were evaluated: ResNet-50 [65], which

capture global spatial patterns relevant to AMD, and BagNet [56], emphasizing fine-grained local

features critical for DR. The hybrid ResNet–Transformer yielded coarser, yet informative evidence

maps aligned with larger AMD lesions, while the BagNet–Transformer produced more localized

explanations suitable for DR detection. The DRSA effectively expanded BagNet’s limited receptive

field and enhanced ResNet’s ability to model long-range multi-scale dependencies. Unlike typical

hybrid models with fully connected classifier heads, our architecture used an explicit class-evidence

layer that outputs spatial heatmaps directly tied to predictions [1, 5], allowing interpretation

without post-hoc methods. All variants achieved comparable predictive performance, with the

sparse BagNet–Transformer providing the most informative explanations for DR detection, while

the sparse ResNet–Transformer performed best for AMD. The model produced class evidence

maps and predictions in a single forward pass, in contrast to post-hoc methods like GradCAM,

which require an additional backward pass for each class. Strong alignment was observed between

attention and evidence maps, particularly in sparse variants, highlighting the model’s ability

to interpret long-range dependencies. Consistent with previous findings [1], increased sparsity

occasionally reduced sensitivity to late-stage DR, likely due to underrepresentation in training
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data. Although validated on fundus images, this framework can generalize to other medical

imaging tasks and modalities, with the potential to incorporate diverse CNN backbones and

attention mechanisms.

Research contribution: This work presents, to the best of our knowledge, the first inherently

self-explainable, fully convolutional hybrid CNN-Transformer for image analysis. The proposed

approach preserves spatial information and provides built-in interpretability while effectively cap-

turing long-range dependencies across multiple resolutions. Unlike prior hybrid models that rely

on post-hoc explanations [78, 169] or use complex self-explainable frameworks [170], our method

offers a simpler and more effective solution for clinical imaging applications.

Author contribution: I led this project as the first author, developing the core idea and

implementing the codebase, conducting experiments, analyzing results, and generating figures.

I contributed extensively to manuscript writing and prepared responses to reviewer comments.

Additionally, I managed the paper submission, presented the work at the Workshop (both poster

and oral sessions), prepared the preprint, and uploaded the final code to GitHub3 for public access.

Publication 5: My contributions are summarized as follows:

Ideas Implementation Experiment Analysis Writing

Kerol Djoumessi significant significant significant significant significant

Venue: The Interpretability of Machine Intelligence in Medical Image Computing (IMIMIC)

workshop, held annually since 2018 as part of the MICCAI conference series with proceedings,

focuses on advancing the transparency and interpretability of machine learning models in medical

imaging. It brings together researchers and clinicians to explore methods that improve model

understanding, foster trust, and support the safe clinical deployment of AI in healthcare.
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4 Discussion and conclusion

In this thesis, we addressed the challenge of opacity in supervised deep learning classifiers for

image analysis, with a particular emphasis on medical imaging. This final chapter first summarizes

the findings, highlights the strengths and limitations of the proposed models, and then outlines

directions for future research. More specifically, it explores how the presented approaches tackle

key interpretability challenges, offering practical value for both general computer vision tasks and

high-stakes applications such as clinical decision support.

4.1 Summary and contributions

Deep learning has achieved remarkable success in medical image analysis, often matching or even

surpassing expert-level [12, 21, 37], driving a growing interest in AI-assisted decision-making for

high-stakes clinical applications [12, 37, 49]. However, the widespread adoption of such systems

remains limited by their lack of transparency [33, 34, 51]. Most deep learning models operate

as black boxes, offering little insight into their reasoning, which poses barriers to clinical trust,

interpretability, and regulatory approval [38, 44]. Post-hoc explanation methods attempt to mit-

igate this opacity by approximating models’ reasoning [27, 28, 126], using various approaches in-

cluding gradient-based [108, 109], gradient-free [111, 112], perturbation-based [114, 115], concept-

based [118,119], and example-based techniques [28,121]. Although these methods are widely used

in and beyond medical imaging, they remain limited by key shortcomings [43, 132, 160]: their

explanations can be unstable, unfaithful to the model’s true decision process, and sensitive to

spurious correlations.

Inherently interpretable models provide a compelling alternative for safety-critical domains [34,

106], as they integrate interpretability directly into the model architecture, making explanations

an intrinsic feature rather than an optional post-hoc add-on. This thesis contributes to this

approach by developing self-explainable classifiers and adapting existing black-box architectures

to incorporate built-in interpretability. The proposed models include:

• Sparse BagNet [1], which enforces sparsity in its explanations, encouraging the model to

focus on localized, clinically meaningful image regions;

• Proto-BagNet [2], integrating BagNet’s localized receptive fields with prototype learning

to provide local and global interpretability;

• SoftCAM [5], a lightweight protocol that modifies standard CNNs to produce interpretable,

class-specific evidence maps in a single forward pass; and

• Hybrid CNN-Transformer [4], the first fully convolutional and inherently interpretable

CNN-Transformer hybrid for medical imaging.

Some proposed approaches, such as Sparse BagNet and Proto-BagNet, extend existing inter-

pretable baselines (e.g., BagNet [56], ProtoPNet [57]), while others combine complementary

strengths (e.g., Proto-BagNet, Hybrid CNN-Transformer) or introduce effective modifications to

standard CNNs to make them inherently explainable and more transparent (SoftCAM, Sparse

BagNet). Together, these contributions provide a foundation for developing more trustworthy

and interpretable AI systems for image analysis and promote a rigorous, meaningful evaluation of

model explainability.
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4 DISCUSSION AND CONCLUSION

4.1.1 Sparse BagNet and applications

Built on the inherently interpretable BagNet architecture [56], Sparse BagNet [1] improves trans-

parency by generating explicit class evidence maps that explain its predictions. By combining

deep feature extraction with the interpretability of simpler linear models, a sparsity constraint is

applied in the loss function, promoting localized and clinically meaningful explanations without

sacrificing performance. The model was initially validated on diabetic retinopathy detection for

both multiclass classification and referable DR screening, achieving results comparable to black-

box baselines while providing interpretable outputs. Collaboration with ophthalmologists showed

that Sparse BagNet could identify early and subtle signs of presymptomatic DR—often challeng-

ing even for experts—, leading to an 17.5% increase in diagnostic accuracy and roughly a 25%

reduction in the screening time for difficult cases (grade 1, corresponding to midl detection) [3].

Sparse BagNet was later extended to other ophthalmology applications, including Epiretinal

Membrane (ERM) detection from OCT images [59] and age-related macular degeneration (AMD)

progression prediction from color fundus images [58]. For ERM detection, the model achieved

performance comparable to a ResNet-based black-box baseline, generalized effectively to external

datasets, and, in a multitask setting, identified additional related pathologies. A user study con-

firmed that its visual explanations were consistent with clinical reasoning. In AMD progression

modeling, Sparse BagNet was used to parameterize the hazard function [171] for deep survival anal-

ysis, accurately predicting the risk of developing late-stage AMD. Salient image regions highlighted

by its sparse evidence maps closely aligned with established clinical markers and outperformed

standard post-hoc saliency methods applied to black-box models.

Finally, the dense BagNet model was submitted to the MIDRC XAI Challenge 20245, which

focused on classifying pneumonia-related opacities in chest radiographs. Despite being self-

explainable and trained with minimal supervision, it achieved the 7th place6, outperforming most

approaches based on post-hoc explanations. Notably, many top-performing solutions relied heav-

ily on ground-truth segmentations and lacked inherent transparency, highlighting dense BagNet’s

ability to achieve competitive performance while providing interpretable outputs without addi-

tional annotation supervision.

However, while dense and sparse BagNet improve transparency through local attribution maps,

they remain limited in capturing global disease patterns. Furthermore, their constrained recep-

tive field can reduce performance in tasks where relevant lesions exceed the patch size, such as

pneumonia detection or advanced diabetic retinopathy.

4.1.2 Proto-BagNet: a step forward in prototype learning

Prototype-based models have emerged as a promising framework for self-explainable systems

[57,134,136], yet their application in medical imaging—particularly in retinal diagnosis—remains

limited compared to applications in natural image analysis [136, 144, 158]. Earlier models faced

several challenges, most notably large receptive fields [141, 142], which led to low-resolution ac-

tivation maps due to excessive downsampling and feature aggregation in the backbone network.

These coarse similarity maps, typically upsampled to match the input resolution, often produce

imprecise spatial explanations [141,142], commonly visualized by drawing bounding boxes around

the most discriminative image region [57]. The combination of large receptive fields and naive

5MIDRC XAI Challenge: https://qtim-challenges.southcentralus.cloudapp.azure.com/competitions/36/
6MIDRC XAI Challenge rankings: https://www.midrc.org/xai-challenge-2024
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upsampling frequently obscured subtle localized disease features, highlighting the critical impor-

tance of receptive field size in prototype-based interpretability [136, 141]. Additionally, previous

models often exhibited redundant and semantically irrelevant prototypes [136,140], thus reducing

both interpretability and clinical relevance.

Proto-BagNet addressed these challenges by leveraging BagNet’s inherently small receptive

field to generate high-resolution activation maps, allowing precise and localized explanations with-

out the need for post-hoc methods. It further enhances interpretability through a dissimilarity

constraint that promotes diverse, non-redundant, and semantically meaningful prototypes. Conse-

quently, its learned prototypes are both disentangled and clinically representative, offering faithful

and transparent insight into the model’s reasoning. Faithfulness analysis confirmed that Proto-

BagNet’s explanations accurately reflect its internal decision process, representing a significant

advancement towards trustworthy, interpretable prototype-based models in medical imaging—

where relevant clinical signals are often subtle and spatially localized.

Compared to Sparse BagNet, which provides only local explanations for individual predictions,

Proto-BagNet extends interpretability by offering both global and local explanations. Globally, it

replaces the learned prototypes from the embedding space with their closest patch representations

in the training set and retrains the classification head using the features of these prototypes,

enabling a global understanding of class-level reasoning. Locally, it computes patch-wise similarity

between each prototype and the test image, producing fine-grained attribution maps—termed

prototype similarity maps—that highlight relevant image regions.

However, despite offering complementary local and global interpretability, both Proto-BagNet

and Sparse BagNet shared an inherent limitation: their constrained receptive fields limit the ability

to capture large lesions, which can negatively impact classification performance. Furthermore,

prototype-based models present additional training challenges: the prototype replacement step

requires retraining the classification layer, increasing training complexity and computational cost.

Their architecture design also often demands task-specific optimization strategies and careful

hyperparameter tuning, such as the number of prototypes per class and the receptive field size,

which can affect model convergence and hinder scalability across datasets and clinical applications.

4.1.3 Fully convolutional architectures for advancing model explainability

Convolutional neural networks are widely used in high-stakes vision tasks due to their strong induc-

tive biases—such as locality and translation invariance—which make them effective at capturing

fine-grained image features [21, 66]. However, standard CNN architectures typically rely on fully

connected layers in their classifier heads, which obscure the decision-making process and require

post-hoc interpretability methods. This opacity limits their applicability in safety-critical domains

where transparent and human-understandable reasoning is essential. With regulatory frameworks

such as the European AI Act and the General Data Protection Regulation increasingly mandating

explainability [38,44,47], models must not only achieve high accuracy, but also provide clear and

reliable insights into their predictions. Beyond compliance, explainability helps uncover model

shortcuts, highlight relevant features, and foster trust in real-world applications [12,50,51].

Vision Transformers [30,64,71,168] have emerged as strong alternatives to CNNs in both gen-

eral and medical imaging tasks [30,32,67]. However, they face similar interpretability challenges,

as their transformer blocks and classification heads often rely on linear multilayer perceptrons

that do not preserve spatial locality. Even convolutional variants, such as Convolutional Vision

36



4 DISCUSSION AND CONCLUSION

Transformers [168] and Swin Transformers [71], incorporate inductive biases for improved per-

formance, but still rely on post-hoc explanations due to their inherently opaque architectures,

thereby limiting their clinical applicability.

To address these issues, we showed that both CNN and hybrid CNN-Transformer models can

achieve inherent interpretability by leveraging the theoretical equivalence between the linear and

1× 1 convolutional layers [172]. Fully connected layers can be reformulated as 1× 1 convolutions,

preserving model complexity while producing spatially resolved class evidence maps [1, 172]. By

replacing global average pooling and fully connected classifier layers with convolutional operations,

standard CNNs can be converted to fully convolutional networks that preserve spatial information,

eliminating the need for approximate post-hoc explanations [1, 5]. This principle was further ex-

tended to hybrid CNN-Transformer models [4] by substituting linear layers in attention blocks and

classifier heads with convolutional counterparts, maintaining performance while producing inher-

ently interpretable outputs. When using BagNet [56] as the CNN backbone, the resulting model

generates high-resolution evidence maps that provide fine-grained, spatially precise explanations,

which can be regularized during training to further enhance interpretability [5].

Overall, this framework introduces a practical and generalizable protocol for building inher-

ently interpretable vision models—spanning CNNs and hybrid CNN-Transformer—designed for

safety-critical domains. By removing reliance on post-hoc methods while maintaining strong pre-

dictive performance, it advances the development of trustworthy AI systems capable of transpar-

ent decision-making. Moreover, integrating CNNs with transformers mitigates BagNet’s localized

receptive field limitation by enabling the model to capture long-range dependencies through self-

attention. However, the granularity of the resulting attribution maps remains dependent on the

receptive field size: models with smaller receptive fields, such as BagNet, produce fine-grained

explanations, whereas those with larger receptive fields, such as ResNet, yield coarser attributions

even under sparsity constraints.

4.2 Outlook and future work

In this thesis, we introduced inherently self-explainable deep learning classifiers for medical im-

age analysis, namely Sparse BagNet [1], Proto-BagNet [2], SoftCAM [5], and a hybrid CNN-

Transformer model [3]. Although primarily evaluated in medical imaging, the underlying principles

and architecture can be generalized to broader vision tasks. Through this work, we demonstrated

that (1) the interpretability of existing self-explainable models can be systematically enhanced for

greater transparency and usability; (2) combining complementary strengths from different self-

explainable architectures within a unified framework further improves interpretability; and (3)

standard black-box CNNs can be systematically transformed into inherently interpretable models

without sacrificing predictive performance.

Despite these advances, several opportunities remain for further refinement and expansion.

Future research could focus on improving generalizability across heterogeneous datasets, scaling

to complex clinical workflows, and integrating multimodal data or explicit domain knowledge.

Advancing in these directions will be essential to enhance both accuracy and interpretability,

ultimately fostering the deployment of self-explainable AI systems in real-world healthcare settings.

Clinical validation and broader applications of Sparse BagNet in medical imaging.

The sparse BagNet model has demonstrated strong potential to support clinicians in medical
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imaging, as shown by its successful retrospective application in multiple ophthalmic tasks, in-

cluding diabetic retinopathy detection [1,3], age-related macular degeneration progression model-

ing [58], and epiretinal membrane detection from OCT images [59]. While these studies involved

clinicians in the evaluation process, they were conducted retrospectively, underscoring the need

for prospective investigations to rigorously evaluate generalization, clinical utility, and impact in

real-world—particularly for diabetic retinopathy and other retinal diseases. Beyond ophthalmol-

ogy, Sparse BagNet’s architectural design makes it well-suited for medical imaging tasks featuring

small, localized disease patterns that align with its receptive field. Promising areas of applica-

tion include skin lesion classification in dermoscopy [101, 145, 169]; disease detection in thoracic

imaging [16, 17, 72, 138]—such as lung nodule or pneumonia detection in chest X-ray and CT

scans—neurological disorders identification from brain imaging [78, 139, 147], and breast cancer

detection from mammography and related modalities [24, 73]. Comprehensive retrospective and

prospective validation across these diverse domains will be essential not only to establish Sparse

BagNet as a generalizable and interpretable diagnostic model but also to uncover domain-specific

limitations and guide future architectural and methodological refinements.

Expanding and enhancing explanations in Sparse BagNet. A key limitation of the Sparse

BagNet lies in its reliance on visual evidence maps as the primary form of explanation. Although

these effectively localize discriminative regions, their interpretation often requires clinical expertise

and may not be intuitive for non-expert users. Several complementary strategies could address this

limitation. One promising direction involves integrating Automated Concept-based Explanation

(ACE) [119], which can identify semantically meaningful concepts from the patch-wise features

space of a pretrained Sparse BagNet. The resulting concept representative cluster can then be

linked to class predictions using techniques such as TCAV [120] to quantify the relevance of each

concept, thereby producing global post-hoc summaries that complement the model’s local attri-

bution maps. Another approach involves annotating and classifying the high-attribution patches

using an auxiliary CNN trained on lesion-level annotations—available in several diabetic retinopa-

thy datasets [143,163]—to improve the clinical clarity and granularity of the explanations. Beyond

purely visual approaches, large language models (LLMs) offer a compelling avenue for translat-

ing evidence maps and predictions into coherent textual explanations, as demonstrated in recent

works such as GraphXAIN [98] and LLMExplainer [99]. In such frameworks, an LLM could serve

as a decoder, taking as input the image, evidence map, predicted, and true labels to generate

natural-language justifications or clarifications of misclassifications. Finally, interpretability could

be further enriched through diffusion-based counterfactual generation [90], wherein targeted modi-

fications to high-attribution regions simulate alternative outcomes—enabling contrastive reasoning

“what-if” and offering a more complete picture of model behavior.

Prototype learning: challenges and perspectives. Prototype learning has emerged as

another promising paradigm for self-explainable models [134, 136], but its systematic applica-

tion and evaluation in medical imaging remain limited [134], leaving unresolved challenges and

questions about clinical utility. A primary limitation lies in the model complexity, as numerous

hyperparameters—such as the number of prototypes, receptive field size, and component-specific

training settings—must be carefully tuned. This complicates optimization, hinders transferability

to new tasks, and increases the risk of suboptimal performance. While human-centered evaluations

have been explored in natural image domains [173], clinical validation involving healthcare profes-
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sionals remains difficult, limiting practical applicability. Among these challenges, receptive field

size is particularly influential in determining the spatial precision and faithfulness of prototype

explanations. This parameter depends on both the choice of backbone architecture and the chosen

prototype-based variants (e.g., ProtoPNet [57], ProtoCAPs [138], ProtoEval [158]), thereby requir-

ing multi-level tuning. Such intertwined dependencies make prototype-based models difficult to

adapt across tasks, as adjusting one hyperparameter can cascade into changes in both performance

and interpretability. To address these limitations, an automated self-configuring framework—

analogous to nnU-Net [174]—could be envisioned, which might be termed “nn-ProtoNet”. Build-

ing on ProtoPNet principles and integrating strengths from its existing variants, such a system

would automatically optimize key design parameters (e.g., receptive fields, prototype numbers,

training configurations) for a given dataset. This approach would lower the barrier to adoption,

enhance robustness and generalization, and pave the way toward reliable, prototype-based models.

Hybrid CNN-Transformer models for self-explainable medical imaging. By reformu-

lating classifier heads and attention components as convolutional operations, we extended inher-

ent interpretability to hybrid CNN-Transformer architectures, enabling them to produce spatially

resolved and faithful explanations without relying on post-hoc methods. The proposed hybrid

CNN-Transformer achieved strong predictive performance on color fundus images for tasks such

as diabetic retinopathy detection and age-related macular degeneration classification. Its frame-

work naturally generalizes to other ophthalmic modalities, including retinal OCT for epiretinal

membrane detection, as well as to broader clinical applications such as pneumonia detection from

chest radiography and neurological disorder classification from brain imaging [16, 78, 79]. Future

work could explore alternative CNN backbones to improve robustness across datasets and clinical

contexts, while within the transformer component, architectural parameters such as attention win-

dow sizes, scaling factors in dual-resolution attention, and the number of pyramidal feature levels

for multi-scale aggregation warrant systematic evaluation. Although the current implementation

uses a single transformer block for computational efficiency, the convolution-based interpretability

mechanism can be generalized to full-scale vision transformers, including ViTs [64], Swin [71],

and ReTFound [175], a leading foundation model in ophthalmology. Extending this approach

to large-scale foundation models will represent an important step toward clinically trustworthy

AI, ensuring that high-performing vision transformer models also deliver transparent and reliable

explanations.

Structured sparsity and smoothness in explanation maps. Sparse BagNet and SoftCAM

leverage ElasticNet regularization to enhance interpretability by combining lasso penalties, which

promote sparsity in explanations, with ridge penalties, which prevent omission of relevant disease

features. Although this formulation effectively encourages soft sparsity, it does not explicitly ac-

count for the structured image patterns that are often needed in clinical contexts. For example, in

Retinopathy of Prematurity classification [176], clinically meaningful explanation should exhibit

both the sparsity and the spatial smoothness characteristic of retinal vessel—properties that Elas-

ticNet cannot enforce. While the ℓ1 norm promotes sparsity, it overlooks spatial continuity, poten-

tially producing attribution maps misaligned with anatomical structures. A promising direction is

to incorporate hard sparsity via ℓ0 regularization, combined with explicit smoothness constraints,

to generate explanations that more faithfully capture domain-specific structures [177]. Despite

the inherent non-convexity of ℓ−0 regularization, optimization techniques such as the Alternating
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Direction Method of Multipliers (ADMM) [178] offer practical solutions by reformulating it into

a tractable convex optimization problem. Such a structured regularization could yield smoother

and anatomically consistent explanations, thus improving interpretability.

Uncertainty and faithfulness in explainable models. Although the proposed interpretable

models achieve classification performance comparable to black-box baselines while providing inher-

ent explanations, true clinical applicability requires more than interpretability alone. In particular,

it requires well-calibrated uncertainty estimates for both model predictions and their associated

explanations [39,45]. However, deep neural networks are notoriously overconfident and lack inher-

ently probabilistic foundations [179], compromising their reliability in safety-critical settings. Our

proposed models—SoftCAM, sparse BagNet, Proto-BagNet, and the hybrid CNN-Transformer—

could be further enhanced by integrating advanced probabilistic frameworks capable of quantifying

uncertainty in both class-evidence maps and predicted labels [179,180]. This integration would al-

low clinicians not only to interpret the model’s reasoning but also to assess its confidence, providing

an additional safeguard against diagnostic errors. Beyond uncertainty estimation, our experiments

revealed a fundamental challenge: the misalignment between faithfulness metric, which assesses

how well explanations reflect the model’s internal reasoning [181] and top-k precision metrics de-

rived from the pointing game [156], which evaluate alignment with human or expert knowledge.

Interestingly, the models that achieved the highest faithfulness scores were not always those whose

explanations aligned best with expert annotations [5], consistent with earlier findings that high-

light a systematic divergence between these evaluation dimensions [155]. Moreover, faithfulness-

based metrics are not always sufficiently discriminative, as different explanation methods can lead

to similar fidelity scores despite producing qualitatively distinct and clinically meaningful out-

puts [160]. These limitations underscore two key risks: relying solely on human-alignment metrics

can overlook the model’s actual reasoning process, while faithfulness metrics alone may fail to cap-

ture clinical interpretability. Therefore, we advocate for a multi-dimensional combined evaluation

framework that jointly assesses both faithfulness and human alignment, ensuring that the expla-

nations remain simultaneously faithful to the model’s reasoning and practically useful to clinicians.

In conclusion, this thesis demonstrates that inherently self-explainable models can achieve com-

petitive predictive performance while providing transparent, localized, and clinically meaningful

explanations. By embedding interpretability directly into model architecture, these approaches

address many of the shortcomings of post-hoc explanation methods, producing explanations that

are faithful to the model’s reasoning and actionable for end users. The findings emphasize the crit-

ical role of receptive field design, prototype diversity, convolutional layers, and structured sparsity

in advancing interpretability for safety-critical applications. Together, these contributions estab-

lish a practical foundation for the design and rigorous evaluation of interpretable deep learning

classifiers in medical imaging and beyond. They also outline clear future directions, including

automated prototype optimization, prospective clinical validation, and the extension of inherent

interpretability to large-scale foundation models—paving the way toward more trustworthy and

deployable AI systems.
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[31] José Mauŕıcio, Inês Domingues, and Jorge Bernardino. Comparing vision transformers and

convolutional neural networks for image classification: A literature review. Applied Sciences,

13(9):5521, 2023.

[32] Satoshi Takahashi, Yusuke Sakaguchi, Nobuji Kouno, Ken Takasawa, Kenichi Ishizu, Yu Ak-

agi, Rina Aoyama, Naoki Teraya, Amina Bolatkan, Norio Shinkai, et al. Comparison of vision

transformers and convolutional neural networks in medical image analysis: A systematic re-

view. Journal of Medical Systems, 48(1):1–22, 2024.

[33] Cynthia Rudin. Why black box machine learning should be avoided for high-stakes decisions,

in brief. Nature Reviews Methods Primers, 2(1):81, 2022.

[34] Cynthia Rudin. Stop explaining black box machine learning models for high stakes decisions

and use interpretable models instead. Nature machine intelligence, 1(5):206–215, 2019.

[35] Amina Adadi and Mohammed Berrada. Explainable ai for healthcare: from black box to

interpretable models. In Embedded systems and artificial intelligence: proceedings of ESAI

2019, Fez, Morocco, pages 327–337. Springer, 2020.
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2 Institute of Ophthalmic Research, University of Tübingen, Germany
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Abstract

Interpreting deep learning models typically relies on post-hoc saliency map techniques.
However, these techniques often fail to serve as actionable feedback to clinicians, and they
do not directly explain the decision mechanism. Here, we propose an inherently inter-
pretable model that combines the feature extraction capabilities of deep neural networks
with advantages of sparse linear models in interpretability. Our approach relies on straight-
forward but effective changes to a deep bag-of-local-features model (BagNet). These mod-
ifications lead to fine-grained and sparse class evidence maps which, by design, correctly
reflect the model’s decision mechanism. Our model is particularly suited for tasks which
rely on characterising regions of interests that are very small and distributed over the image.
In this paper, we focus on the detection of Diabetic Retinopathy, which is characterised
by the progressive presence of small retinal lesions on fundus images. We observed good
classification accuracy despite our added sparseness constraint. In addition, our model
precisely highlighted retinal lesions relevant for the disease grading task and excluded irrel-
evant regions from the decision mechanism. The results suggest our sparse BagNet model
can be a useful tool for clinicians as it allows efficient inspection of the model predictions
and facilitates clinicians’ and patients’ trust.

Keywords: interpretability, sparse activations, diabetic retinopathy
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1. Introduction

While machine learning (ML) tools have been approaching expert-level performance in many
medical imaging tasks thanks to progress in deep learning (De Fauw et al., 2018; Shen et al.,
2019; Mahoro and Akhloufi, 2022), they lack interpretability thereby posing ethical concerns
(Grote and Berens, 2020) and preventing wide adoption in clinical practice (Teng et al.,
2022). Deep ML models are most commonly explained by identifying image regions that
influence the output of the trained model with post-hoc saliency maps (Simonyan et al.,
2013; Zhou et al., 2016; Springenberg et al., 2014; Selvaraju et al., 2020). However, using
saliency maps has been recently shown to be problematic for medical images as they only
poorly localize disease-related lesions and are highly variable (Arun et al., 2021; Saporta
et al., 2022). Furthermore, they do not provide actionable insights, given that they do not
directly reflect the network’s actual decision mechanisms. Instead, inherently interpretable
models could provide a path forward for safety-critical tasks (Rudin, 2019), but few such
models achieve sufficiently high prediction accuracy at the same time. In particular, classical
linear models perform poorly when directly applied to medical images.

In this paper, we develop an inherently interpretable deep learning model that combines
the feature extraction capabilities of deep neural networks with the advantages in inter-
pretability of sparse linear models. Our model is especially suited for clinically relevant
tasks which require identifying and characterising small lesions or other anomalies in large
search regions. Examples of such tasks include screening for certain retinal diseases, breast
or lung cancer. We focus here on the detection and grading of Diabetic Retinopathy (DR)
on retinal fundus images.

DR is a microvascular complication of diabetes characterized by the progressive presence
of one or more small retinal lesions such as microaneurysms, hemorrhages, or hard and soft
exudates (ICO, 2017). It is the leading cause of blindness in the working-age population and
the third leading cause of visual impairment worldwide, and early diagnosis and treatment
can slow its progression (ICO, 2017; Wong et al., 2018). It is therefore recommended that
diabetes patients undergo regular monitoring, and ML could facilitate mass screening and
help clinicians use their time more efficiently (Ting et al., 2016).

Numerous high-performing black-box DR detection methods have been proposed (Rao
et al., 2020; Alyoubi et al., 2020; Tavakoli and Kelley, 2021; Huang et al., 2021). For such
methods, interpretation is mostly aided by saliency maps (Wang and Yang, 2019; Chetoui
and Akhloufi, 2020) or the generation of counterfactual images (González-Gonzalo et al.,
2020; Boreiko et al., 2022). A more interpretable approach for detecting DR is a multiple-
instance learning model which combines features extracted from different image patches
with attention weights (Papadopoulos et al., 2021). These weights can be visualised as a
heatmap showing the contribution of different image regions to the prediction. Although all
these methods provide some visual evidence of suspicious image regions, the saliency maps
do not directly explain the decision mechanism, making their interpretation unintuitive.
Further, they are often too cluttered and dense to be useful as feedback for clinicians and
may be too coarse to identify small lesions.

We overcome these key limitations and propose a model for DR detection and grad-
ing which performs comparably to state-of-the-art models, despite being interpretable-by-
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Figure 1: Overview of the proposed interpretable model. (a) Input image. The black patch
illustrates the small receptive field of (b) the modified ResNet-50 backbone. (c)
The resulting feature map of size N ×N ×D, where D is the number of features.
(d) The class evidence map A is obtained with C kernels of size 1 × 1 where
C is the number of classes. A sparsity constraint can be placed on A. (e) Top
to bottom: class probabilities obtained by spatial average pooling and softmax;
example class evidence map; suspicious input patches based on the heatmap.

design1. Our approach is based on a bag-of-local-features model (BagNet) (Brendel and
Bethge, 2019), which has already been shown to be effective in ophthalmology (Ilanchezian
et al., 2021). The BagNet relies solely on local evidence, which makes it relevant for classi-
fication or detection tasks where the regions of interest are very small and distributed over
the image, as is the case in DR. We propose straightforward but effective changes to the
BagNet model which lead to fine-grained class evidence maps which directly and correctly
reflect the neural network’s decision mechanism. Importantly, our approach allows us to en-
force sparse heatmaps, which further aids interpretability and allows the model to precisely
identify disease related image regions.

2. Developing an interpretable-by-design disease classification network

2.1. Backbone architecture and baseline model

We used a BagNet (Brendel and Bethge, 2019) as a baseline classification model. The
BagNet is a variant of ResNet-50 (He et al., 2016) and is obtained by replacing many 3× 3
convolutions with 1 × 1 convolutions and reducing the strides. This leads to a final feature
map F of size N × N × D where D is the number of feature channels (Fig. 1c, typically
D = 2048). Spatial average pooling reduces these features to 1×D, and a linear layer then
provides the final prediction logits l of size 1 × C where C is the number of classes.

These architecture modifications in the BagNet have two effects: First, due to the
replaced filters, each image pixel has an effective receptive field of size q × q in the final
feature layer. Therefore, the model makes its predictions based on small image patches
of size q × q, implicitly. Secondly, reducing the stride in the convolutional layers prevents

1. Our code is available at https://github.com/kdjoumessi/interpretable-sparse-activation
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downsampling effects and results in relatively high-resolution (i.e. fine-grained) feature
maps compared to the original ResNet.

2.2. Enhancing the architecture with an interpretable decision-making stage

To interpret predictions in the BagNet model described above, one cannot directly examine
the final feature maps (Fig. 1c), as these represent high-dimensional features rather than
class evidence at each location. Rather, it is necessary to construct activation maps with
multiple forward passes for individual image patches of size q× q since the original BagNet
architecture is not fully convolutional.

Therefore, we introduced class evidence layers to obtain actual class evidence maps Ac

per class c with a single forward pass and make the local information representation explicit.
To this end, we reorganised two network operations. As the spatial average pooling and the
final fully connected layer are sums, they can be swapped without affecting the final logits:

lc =

D∑

d=1

wdc


∑

i,j≤N

1

N2
Fij
d


 =

∑

i,j≤N

1

N2

(
D∑

d=1

wdcF
ij
d

)
=
∑

i,j≤N

1

N2
Aij

c . (1)

Importantly, Eq. 1 can be implemented by replacing the (swapped) FC layer by a 1 × 1
convolution with c output channels. The final class-wise evidence maps Ac directly represent
the contribution of individual input patches to the final prediction. The final class score
is then obtained by simple spatial averaging (Fig. 1d), resulting in a c-dimensional logits
vector. Applying the softmax function finally leads to the class probabilities py (Fig. 1e).

2.3. Introducing sparsity constraints on class evidence maps

We found that the original BagNet produces dense heatmaps with many positive and nega-
tive activations, indicating that clinically irrelevant input patches contribute to the predic-
tion. This behavior makes it difficult for a human to discern how the prediction was formed
and to efficiently verify its correctness.

By introducing explicit class evidence layers (Sec. 2.2) we can directly place constraints
on the class evidence map containing per-patch scores (Fig. 1d) to induce spatial sparsity.
To achieve that, we propose to place an ℓ1 regularisation constraint on the class evidence
maps Ac, leading to the following loss function:

Loss(y,py) = CE(y,py) + λ
∑

i,j,c

|Aij
c |. (2)

Here, CE denotes the cross-entropy and y are the reference class labels. The sparsity of the
activation maps depends on the hyperparameter λ. Enforcing sparsity in class evidence in
this way is not a post-hoc measure, but rather forces the classification model to focus on
the most relevant image regions. This is particularly suitable for tasks such as DR grading
where the detection and characterisation of few lesions in the image is sufficient for an
accurate diagnostic result and in line with clinical workflows.
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Table 1: Classification performance for referable DR detection on the test set.
Accuracy AUC Specificity Sensitivity

ResNet-50 0.942 0.960 0.993 0.810
Dense BagNet 0.936 0.957 0.991 0.779
Sparse BagNet 0.928 0.937 1.0 0.750

2.4. Advantages of the new architecture and use in a clinical workflow

The proposed modification of the architecture improves the transparency of the model by
providing readily interpretable activation maps which show the contribution of each patch
to the final prediction without further post-processing. Furthermore, it provides a different
class evidence map for each class in a multi-class scenario, directly showing the contribution
of each patch to the classification of the input into that class. Importantly, it does so while
being less computationally intensive than the original BagNet.

As we will show below, the class activation maps extracted from the sparse BagNet
(Fig. 1d) can be upsampled to the input size and overlaid on the input (Fig. 1e) for easy
visualisation and interpretation by clinicians. Further, based on activation scores from
the class evidence map, suspicious patches (Fig. 1d) can be extracted and presented to the
clinician for further investigations (see Sec. 3.4). In contrast to classical saliency maps,
one can directly and straightforwardly report how strongly each patch contributes to the
network’s decision. A clinician can use the global prediction, the class evidence maps, and
suspicious patches to either strengthen their trust in the model or reject a decision.

3. Results

3.1. Dataset

We used retinal fundus images from the Kaggle Diabetic Retinopathy challenge (Kaggle,
2015) with reference DR grades ranging from 0 (no DR) to 4 (proliferative DR). We removed
poor-quality images from the dataset using an ensemble of EffcientNet models (Tan and Le,
2019) trained on the ISBI20202 challenge dataset. The resulting dataset after the quality
filtering contained 45, 923 images with class proportions (0.73, 0.15, 0.08, 0.03, 0.01), which
we split into training (75%), validation (10%) and test folds (15%). We preprocessed the
images by fitting a circular mask to the field of view and cropping its bounding box. All
images were resized to 512 × 512 and the image intensities were normalised by the mean
and standard deviation of the training set. For additional analyses, an experienced in-house
ophthalmologist provided detailed lesion annotations on a selection of 15 test images.

3.2. Sparse BagNets yield good accuracy on referable DR detection

We first evaluated our method for the clinically relevant case of (binary) referable DR de-
tection (combining class labels {0, 1} vs {2, 3, 4}). We configured the backbone architecture
(Sec. 2.1) such that the receptive field size was q = 33 as in Ilanchezian et al. (2021). The

2. https://isbi.deepdr.org/challenge2.html
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Figure 2: Heatmaps for two example cases with referable DR (top rows) and a healthy case
(bottom row). From left to right, heatmaps are shown for the ResNet-50 (using
GradCAM), the dense and the sparse BagNet. Red regions provide evidence for
the diseased class, while blue regions provide evidence for the healthy class.

regularisation coefficient (Eq. 2) was set to λ = 5·10−5 based on the tradeoff between classifi-
cation performance on the validation set and sparsity (see App. A). In a realistic application
setting, a device manufacturer might define clinically relevant performance thresholds which
must be met, and select the maximum sparsity coefficient accordingly.

We compared our sparse BagNet against its dense baseline (λ = 0) and a ResNet-50 as a
black-box state-of-the-art reference. As DR detection has been widely studied classification
performance was not our main goal, the training procedures for all models were adopted from
Huang et al. (2021), who systematically evaluated hyperparameter choices (see App. B).

We found that the sparse BagNet achieved high accuracy and AUC, which were slightly
lower than the respective measures of the dense BagNet and the ResNet50, mainly because
of lower sensitivity (Tab. 1). This established that the sparse BagNet was a good candidate
for a high-performing interpretable-by-design model, and disease detection performance was
not severely hampered by the sparseness penalty on the class activation map.

3.3. Sparsity constraints declutter class evidence maps

We next compared local evidence heatmaps indicating important image features obtained
from the different models. For ResNet-50, we used the post-hoc technique GradCAM (Sel-
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Table 2: Heatmap evaluation on the test set. The first columns show the local-to-global
correspondence for images of healthy and diseased eyes, respectively. The third
column shows the localisation precision. For all measures, we report mean (std)
per image (higher is better).

r−LG r+LG Precision

Dense BagNet 0.922 ± 0.03 0.145 ± 0.06 0.219 ± 0.1
Sparse BagNet 0.991 ± 0.04 0.374 ± 0.33 0.791 ± 0.1

varaju et al., 2020). For the BagNet variants, we used class evidence maps directly from
the penultimate layer (Sec. 2.2). The ResNet heatmaps were coarse due to the model’s large
receptive field and some highlighted regions were similar to regions identified by the dense
BagNet (Fig. 2, more examples in App. C). However, as the ResNet’s heatmaps do not rep-
resent the specific local contribution to the model’s decision-making process, we focused on
the inherently interpretable BagNet versions for further analysis.

Interestingly, the constraints we imposed on our model led to much sparser heatmaps
compared to the original BagNet (see right columns in Fig. 2), showing that the decision
was formed from few small regions of the retinal fundus. These regions seemed to be mostly
a subset of the salient regions used by the dense model. On healthy images, the sparse
model led to an almost complete absence of positive activations, in contrast to the mix of
positive and negative evidence suggested by the dense model (see bottom row in Fig. 2).

To assess this quantitatively, we measured how consistently the local class evidence (i.e.
the heatmap values) corresponded to the global model prediction. For healthy images,
we counted all pixels with negative scores and calculated the ratio of pixels with negative
scores among all pixels with non-zero scores, which we call local-to-global correspondence
r−LG. This confirmed the qualitative assessment (dense vs. sparse BagNet: 0.922 vs. 0.991;
Tab. 2). The same analysis for diseased eyes also further showed a large increase in local-to-
global correspondence r+LG compared to the dense model (0.145 vs. 0.374; Tab. 2). However,
on diseased eyes, there remained a large proportion of evidence for healthy tissue, likely
because much of the fundus background did not contain any lesions.

3.4. High evidence regions correspond to lesions in sparse BagNet

To assess whether the highlighted regions were clinically relevant for diagnosing DR, we
quantified the precision of the BagNets’ heatmaps at localising DR lesions on the subset
of 15 clinically annotated test images. On these, we extracted input patches with positive
scores and calculated precision as the proportion of patches that contained a lesion.

The dense BagNet model contained many positive activations in healthy areas without
lesions, resulting in low lesion localisation precision (0.219; Tab. 2). In contrast, the sparse
BagNet showed considerably increased precision, almost exclusively extracting patches with
lesions (0.791). When we visually inspected the patches identified by the sparse model on
the annotated images (Fig. 3), we found that almost all patches with positive scores (red
boxes, magnified on the right) contained suspicious spots.
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Figure 3: Lesions extracted from the class activation map from the sparse BagNet on two
referable DR examples. The green markers indicate reference lesion annotations,
whereas the red boxes denote suspicious patches identified by the sparse model
(enlarged on the right sorted with decreasing evidence scores).

In fact, when we showed the few seemingly false positive patches (that did not contain
an annotation in form of a green marker) to the clinician a second time, she determined
that almost all of them likely contain a lesion that had been missed in the original clinical
screening.

3.5. Sparse BagNets enhance interpretability for multi-class DR grading

Finally, we applied our method to the multi-class setting of DR grading, where individual
severity grades were predicted. We used the same training parameters as for the binary
task and set the number of output classes to 5. We set the regularisation coefficient of the
sparse model to λ = 6 ·10−6, again choosing an appropriate accuracy trade-off (see App. A).
We found that the dense and sparse models achieved comparable accuracy (resp. 0.864,
and 0.850) to the baseline ResNet50 model (0.862).

Again, our sparse BagNet model led to more focused heatmaps that were generally
consistent with the predicted class (Fig. 4, more examples in App. D). For the example shown
in Fig. 4, a clinician retrospectively confirmed that the image appeared healthy except for
diffuse bleeding in line with moderate DR in the area highlighted by our sparse model.

Interestingly, further analysis also helped us to uncover a failure mode of the sparse
BagNet: We noticed that sparse BagNets always failed to detect grade 3 and most often
grade 4 DR cases (Fig. 4). Instead, it tended to classify these cases as moderate DR (grade
2), likely because the sparse BagNet architecture was not designed to detect the larger
lesions occurring in these grades.

4. Discussion and Conclusion

In this paper, we proposed an inherently interpretable classification model which provides
sparse high-resolution class evidence maps. Enforcing sparse activations directly caused
fewer input regions to contribute to the classifier decision. We showed that the remain-
ing relevant regions in the sparse model identified lesions with high precision, which is a
considerable advance of classical saliency map techniques (Saporta et al., 2022). Further,
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Figure 4: Application to multi-class DR detection shows usefulness of class-specific sparse
activation maps of the sparse model over the dense model (bottom row vs. top
row; middle column). The example image with moderate DR and predicted
probabilities are shown on the left. The confusion matrices (right) show that for
the sparse model, severe DR is systematically graded as moderate DR.

healthy images yielded heatmaps with consistently negative evidence. The sparse model
was therefore easier and potentially less time-consuming to inspect.

Preliminary feedback from our clinical collaborators suggests that our approach can be
a useful tool to verify predictions, understand failure modes of and facilitate their trust
in the ML model. Interestingly, they also found the predicted bounding boxes helpful for
guiding their attention to subtle anomalies otherwise missed. This suggests future research
on ideal ways to let clinicians interact with our model in a human-in-the-loop setting. In a
next step, we also plan to apply our approach to other problem settings with local regions
of interest such as breast or lung cancer screening.
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Cristina González-Gonzalo, Bart Liefers, Bram van Ginneken, and Clara I. Sánchez. Iter-
ative augmentation of visual evidence for weakly-supervised lesion localization in deep
interpretability frameworks: Application to color fundus images. IEEE Transactions on
Medical Imaging, 39(11):3499–3511, 2020.

Thomas Grote and Philipp Berens. On the ethics of algorithmic decision-making in health-
care. Journal of medical ethics, 46(3):205–211, 2020.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep Residual Learning for Im-
age Recognition. In 2016 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), pages 770–778, 2016.

Yijin Huang, Li Lin, Pujin Cheng, Junyan Lyu, Roger Tam, and Xiaoying Tang. Identifying
the key components in resnet-50 for diabetic retinopathy grading from fundus images: a
systematic investigation. arXiv preprint arXiv:2110.14160, 2021.

ICO. International council of ophthalmology (ico) guidelines for diabetic eye care, 2017.
URL https://icoph.org/eye-care-delivery/diabetic-eye-care/.

Indu Ilanchezian, Dmitry Kobak, Hanna Faber, Focke Ziemssen, Philipp Berens, and Mu-
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Appendix A. Effect of the sparsity hyperparameter λ

The regularisation coefficient λ (see Eq. 2) is the hyperparameter that controls the sparsity
of the class-specific activation map in the sparse BagNet. It was chosen based on a tradeoff
between performance on the validation set according to each task (Fig. 5). Specifically, we
manually selected the highest sparsity coefficient for which the performance did not drop
too strongly.
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Figure 5: Comparison of validation performance with different regularization values. (a)
The regularization coefficient λ affects the AUC and accuracy on the binary refer-
able task. (b) Same as (a), but for the multiclass task with accuracy and kappa.
The red points indicate the selected values, which are a trade-of between sparsity
and accuracy.

Appendix B. Training details

We adopted the training regime and hyperparameter choices optimised by Huang et al.
(2021), who systematically evaluated relevant hyperparameters for DR detection on fun-
dus images, such as the influence of data preprocessing and augmentation, optimiser and
learning rate configurations. The final settings are described below.

We performed data augmentation during training by flipping, rotating, randomly crop-
ping, and translating with a given probability. We also used Krizhevsky color augmentation
(Krizhevsky et al., 2017), as suggested by Huang et al. (2021).

To train the networks, we used the cross-entropy loss (unless specified otherwise) as
the objective function with the SGD optimizer where the initial learning rate was set to
0.001. Next, the cosine learning schedule was used and the minimum learning rate was set
to 0.0001. We also used Nesterov’s momentum (Nesterov, 1983) with a constant momentum
factor of 0.9 with a weight decay of 0.0005 for regularization.

Models were initialized with weights obtained on the ImageNet and fine-tuned on the
Kaggle dataset for 100 epochs with a mini-batch size of 8. The best model was saved on
the validation set depending on the task (binary referable DR detection or multiclass DR
grading).
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For simplicity, and as our goal was not to push the boundaries of classification perfor-
mance, we did not incorporate features from opposite eyes for image grading (as suggested
by Huang et al. (2021)), and also omitted ensembling multiple models.

Appendix C. Additional examples of class evidence maps

An additional selection of class evidence maps for correctly classified and misclassified ex-
amples is provided in Fig. 6.

Appendix D. Additional results for multiclass setting

The classification performance of our sparse model was comparable to its dense baseline and
the ResNet (see Tab. 3). The multiclass task (Fig. 7) shows the advantages of having class-
specific activation maps: For example in the last row, small lesions are detected arguing for
moderate DR, but larger deteriorations towards the edge of the image argue for proliferate
DR. .

Acc. Kappa

ResNet-50 0.862 0.826
Dense BagNet 0.864 0.830
Sparse BagNet 0.850 0.780

Table 3: Comparison of the classification performances on multiclass DR detection between
the proposed approaches and the baseline ResNet-50 model on the test set.
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Figure 6: Heatmaps for example of correctly and misclassified cases with referable and
healthy DR images. From left to right, heatmaps are shown for ResNet-50 (using
GradCAM), the dense and sparse BagNet. Below each heatmap, we also show
the predicted probability for referable DR.
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Figure 7: Multi-class evidence maps for images of different DR grades. From left to right,
we show the fundus image, the ResNet-50 heatmap (using GradCAM), and the
class-specific map for different grades for the dense (top) and sparse (bottom)
BagNet. Below each heatmap, we also show the predicted probability for each
class, as well as the predicted class and probability for the ResNet-50 model.
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Abstract
Diabetic retinopathy (DR) is a frequent complication of diabetes, affecting millions world-
wide. Screening for this disease based on fundus images has been one of the first suc-
cessful use cases for modern artificial intelligence in medicine. However, current state-
of-the-art systems typically use black-box models to make referral decisions, requiring
post-hoc methods for AI-human interaction and clinical decision support. We developed
and evaluated an inherently interpretable deep learning model, which explicitly models
the local evidence of DR as part of its network architecture, for clinical decision support
in early DR screening. We trained the network on 34,350 high-quality fundus images
from a publicly available dataset and validated its performance on a large range of ten
external datasets. The inherently interpretable model was compared to post-hoc explain-
ability techniques applied to a standard DNN architecture. For comparison, we obtained
detailed lesion annotations from ophthalmologists on 65 images to study if the class evi-
dence maps highlight clinically relevant information. We tested the clinical usefulness of
our model in a retrospective reader study, where we compared screening for DR with-
out AI support to screening with AI support with and without AI explanations. The inher-
ently interpretable deep learning model obtained an accuracy of .906 [.900–.913] (95%-
confidence interval) and an AUC of .904 [.894–.913] on the internal test set and simi-
lar performance on external datasets, comparable to the standard DNN. High evidence
regions directly extracted from the model contained clinically relevant lesions such as
microaneurysms or hemorrhages with a high precision of .960 [.941–.976], surpassing
post-hoc techniques applied to a standard DNN. Decision support by the model high-
lighting high-evidence regions in the image improved screening accuracy for difficult
decisions and improved screening speed. This shows that inherently interpretable deep
learning models can provide clinical decision support while obtaining state-of-the-art
performance improving human-AI collaboration.
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Author summary
AI systems designed to support clinical decision making use black-box deep learning
models for many medical applications. This includes AI-based screening systems for
diabetic retinopathy, a sight threatening complication of diabetes. This hinders clinical
uptake of such methods, as clinicians and patients do not have a way to validate the AI
systems decisions. Sometimes, post-hoc methods are used to generate heatmaps that
supposedly explain the AI systems decision. However, these methods are problematic
as the generated explanations do not reflect the actual decision-making process of the
model and are prone to spurious correlations. In our paper, we take a big step forward
for enabling trustworthy AI systems for supporting clinical decision making in screen-
ing for diabetic retinopathy: We introduce an inherently interpretable deep learning
model which provides human-understandable explanations for its decisions. The model
combines the power of deep learning with the interpretability of simpler models such
as logistic regression by computing an explicit evidence map. This map forms the basis
of the model’s decisions, alleviating the issues of post-hoc techniques. We validate the
clinical potential of this model for improving diabetic retinopathy screening showing
highlighting regions with high disease evidence during clinical grading decreased the
grading time significantly and improved grading accuracy for difficult borderline cases.

Introduction
Diabetic retinopathy (DR) screening has been one of the first successful use cases for artificial
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intelligence (AI) in medicine [1], promising fast, cost-effective access even where insufficient
clinical personnel is available. By now, multiple AI systems have received regulatory clearance
[2,3] and have been found useful to triage patients not requiring specialist attention and those
with vision-threatening DR, potentially contributing to increased screening adherence [4].

However, current state-of-the-art models use black-box deep learning approaches to make
referral decisions, providing clinicians only with limited binary recommendations to either
refer a patient for further examination or not. Yet, the performance of current systems still
typically makes some level of human grader verification necessary [3], which could be guided
by an useful explanation of the AI system’s decision. Also, clinical implementation would
benefit from clinicians being able to understand the rationale behind the recommendation of
the algorithm [5–7].

Typically, an AI system’s decision are explained with heatmaps obtained post-hoc using
gradient-based approaches [8–10]. However, such explanations are not trustworthy, as the
produced heatmaps do not reflect the actual decision-making process of the model, and are
prone to spurious correlations [11]. Therefore, their results cannot be easily integrated into
the clinical decision-making process [7,12].

We address this issue and validate an inherently interpretable deep learning architecture
for providing clinical decision support for screening for early DR in a retrospective reader
study. Our approach uses a deep learning architecture called sparse BagNets [13,14], which
explicitly models the local evidence for the presence of DR as part of its network architec-
ture (Fig 1B). Most studies so far have considered the task of screening for moderate non-
proliferative DR or more advanced stages [1], although even mild non-proliferative dia-
betic retinopathy (NPDR) is recommended for close monitoring and careful control of
hyperglycemia [15,16]. We reasoned that the benefit of AI-based explanations and decision
support would be most clearly visible for this challenging diagnostic task. Trained on a large

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 2/ 18
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Fig 1. Overview of the development data and proposed inherently interpretable deep learning framework evaluated in this study. (A) Summary of the devel-
opment dataset used to build the model, as well as the data used in the retrospective reader study. (B) Sparse BagNet architecture. 1. As a preliminary step, the
retinal fundus image is implicitly split into many overlapping small patches of size 33 × 33. 2. All patches are fed to the model backbone, which processes them in
parallel. 3. The BagNet backbone generates a heatmap that depicts the local disease evidence of individual patches. 4. The values of the heatmap are averaged and
used as the final logit for classification. 5./6. The logits are fed into a softmax function which provides the probability distribution of the output, and then patches
of suspect regions based on the heatmaps can be requested and viewed by a clinician to understand the classification results.

https://doi.org/10.1371/journal.pdig.0000831.g001

publicly available dataset, our model shows high specificity and sufficient sensitivity in detect-
ing mild DR across a large array of datasets. Importantly, we show that the obtained class evi-
dence maps highlight clinically relevant lesions such as microaneurysms or hemorrhages with
high precision, making them useful for verifying the AI system’s decisions. Finally, we show
that the system can be effectively used to guide clinical decision-making, leading to 17.5%
improvement in diagnostic accuracy for mild DR and overall about ≈ 25% improvement in
screening time.

Methods
Dataset description and data preparation
We used eleven publicly available retinal image datasets, consisting of color fundus images
from various sources, to develop and evaluate an inherently interpretable deep learning model
for early DR detection (Table 1). For all datasets, fundus images had assigned reference grades
based on the International Clinical Diabetic Retinopathy classification scale [17], which pro-
vides a grading scheme ranging from 0 (no DR), 1 (mild NPDR), 2 (moderate NPDR), 3
(severe NPDR) to 4 (proliferative DR) according to DR severity. As our goal was to develop
an AI system for early DR screening, we combined class level {0} vs {1,2,3,4}. At stage 1, DR
is in most cases asymptomatic, and challenging to detect even for experienced ophthalmol-
ogists. As all fundus datasets were fully anonymous, no approval from an Ethics Board was
needed for this part of the study.

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 3/ 18
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Table 1. Summary of the internal and external validation datasets used to evaluate the models. “Origin” refers
to the country where the data was collected. “Lesion” refers to the number of images in the dataset with lesion
annotations.The Kaggle dataset (first row, shaded in gray) is the internal dataset used to evaluate the model,
while the other datasets were used for external validation to assess the generalization properties of the trained
model.
Dataset Origin Number of images Lesion

All Healthy DR
Kaggle [18] USA 6,956 5,118 1,838 65
IDRiD [19] India 512 168 348 81
E-Ophtha [20] France 434 260 174 174
FGA-DR [21] UAE 1,841 101 1,740 1,740
DIARETDB1 [22] Finland 89 05 84 84
DDR [23] China 12,513 6,265 6,248 755
DR2 [24] Brazil 445 300 145 -
APTOS [25] India 3,662 1,805 1,857 -
FCM-UNA [26] Paraguay 757 187 570 -
Messidor-1 [27] France 1,200 546 654 -
Messidor-2 [27,28] France 1,744 1,017 727 -

https://doi.org/10.1371/journal.pdig.0000831.t001

Development dataset.
The dataset used to develop the inherently interpretable deep learning model was obtained
from the Kaggle Diabetic Retinopathy challenge [18] which initially contained records of
44,351 subjects with 88,702 retinal fundus images from both eyes (Fig 1A). This dataset was
originally provided by EyePacs Inc., a diabetes screening program in California. A compa-
rable dataset also obtained from EyePacs Inc. included ethnicity information and contained
about 70% images from patients with Latin American ethnicity [29]. We automatically qual-
ity filtered the fundus images using an ensemble of 10 EfficientNets models [30] trained on
the DeepDRiD dataset [31]. This model achieved a quality filtering accuracy of 87.5% [32].
After quality filtering, we retained 45,923 images from 28,984 subjects for training, with 73%
of images in the healthy class and 27% in the DR class. The dataset was split into training,
validation, and test folds with 75%, 10%, and 15% of images, respectively, making sure that all
images from the same subject were allocated to the same fold. The training fold was used for
model fitting, the validation fold for model selection and hyperparameter tuning, and the test
fold for internal evaluation.

To evaluate the explanations provided by the explainable sparse BagNet model, three oph-
thalmologists (authors AR, LaK, and NS with 5, 9, and 14 years of experience respectively)
marked the location of DR-related lesions on 65 randomly selected fundus images from the
test set (20 grade 1 and 45 grade 2) using a custom-written annotation browser interface
(S1 Fig) based on the Python web framework Django, version 4.2.1, with a secure PostgreSQL
database, version 15.3, and a Javascript front-end (available at https://github.com/berenslab/
retimgtools/releases/tag/v1.1.0). Annotators were asked to mark “Microaneurysms (MA)”,
“Hemorrhages (HE)”, “Exudates (EX)”, “Soft Exudates (SE)” or “Other” for lesions visible on
the fundus image. We combined the annotations of all graders into a consensus annotation
for each image (S1 Table). We also assessed the consistency between ophthalmologists’ anno-
tations by calculating the dice between their annotations, showing that annotating DR-related
lesions exhaustively is a challenging task (S2 Table).

External datasets.
Additional fundus data sets were obtained from various sources (Table 1) and were used for
external evaluation of the model to assess the generalization performance. In addition to

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 4/ 18
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reference DR grades, some of these external datasets [19–23] contained pixel-wise annota-
tions for disease-related lesions. We used these additional annotations to evaluate the perfor-
mance of the interpretable deep-learning model at localizing DR-related lesions.

Preprocessing.
Raw fundus images were preprocessed by cropping them to a square size of 512 x 512 pixels
using a circle fitting method [33]. Then, image intensities were normalized by the mean and
standard deviation of the training set. We applied this preprocessing procedure to all the
fundus images from all datasets with the same parameters.

Inherently interpretable deep learning model for Diabetic Retinopathy
detection
Architecture.
We trained and evaluated an inherently interpretable deep convolutional neural network
(sparse BagNet [13,14]) for early DR detection. The sparse BagNet is an implicitly patch-
based model based on bag-of-local features and aggregates local evidence from interpretable
heatmaps to make predictions (Fig 1B). It takes a two-dimensional fundus image as input
(Fig 1B.1) and outputs a binary prediction, which indicates the absence or presence of DR,
together with the confidence as the probability score.

In contrast to other deep learning models, the sparse BagNet architecture is designed to
be inherently interpretable, as the input image is implicitly split into many small, overlapping
patches (size q = 33x33 pixels corresponding to the size of the model’s effective receptive field
with stride s = 8; Fig 1B.1), which are independently processed in parallel (Fig 1B.2) to com-
pute the local evidence for the presence of DR. The patchwise predicted local evidence values
are combined into a single class evidence map corresponding to a downsampled version of the
input image (Fig 1B.3), which then is aggregated using average pooling and passed through a
softmax function (Fig 1B.4) to output the probability distribution of DR (Fig 1B.5). Crucially,
we employ a ℓ1-penalty on the local evidence to encourage a sparse class evidence map.

After inference, the model can support screening not only with the final prediction but also
with the class evidence map (Fig 1B.3) highlighting the contribution of small local regions to
the final prediction. To this end, the evidence map is upsampled to the full image resolution
and overlaid on the input image. In contrast to post-hoc gradient-based methods [11], the
class evidence map provided by the sparse BagNet is a transparent part of the actual decision-
making process and faithfully captures the local evidence. We supplement the class evidence
map by extracting patches from regions with high DR evidence (Fig 1B.5).

Training procedure.
We trained the model on the training set by minimising the following loss function including
the ℓ1-penalty:

L((X,𝜃), y) = CE(f(X,𝜃), y) + 𝜆∑
i,j,c

|Aij
c |. (1)

Here, X∈ℝH×W×C denotes the input image with H,W,C being height, width, and the num-
ber of channels, CE is the cross-entropy, y are the reference class labels, f is the model with
parameters 𝜃, and Ac denotes the evidence map of class c. The sparsity of the evidence maps
depends on the hyperparameter 𝜆.

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 5/ 18
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We initialized the model with weights pre-trained on ImageNet and then retrained and
optimized for accuracy on the Kaggle DR dataset for 100 epochs. We used the stochastic gra-
dient descent optimizer with an initial learning rate of 10–3, and a clipped cosine learning rate
scheduler with a minimum value set to 10–4. We performed data augmentation during train-
ing by applying random cropping, flipping, color jitter, translation, and rotation following
[34]. The sparsity hyperparameter 𝜆 was chosen based on the classification accuracy on the
validation set (S2 Fig).

Baseline model and post-hoc interpretability
For comparison, we trained a standard black-box ResNet-50 [35] for early onset DR detec-
tion using the same training procedure as described above. We evaluated the classical inter-
pretability techniques Integrated Gradients and Guided Backpropagation due to their high
performance in identifying clinically validated DR lesions [36].

Clinical user study for AI-based decision support
Study dataset.
The user study was designed to evaluate the usefulness of the explanations provided by the
inherently interpretable deep learning model in clinical practice. The dataset for each grad-
ing task (see below) consisted of 60 fundus images from the internal test set, where 20 images
were sampled from grade 0, grade 1, and grade 2 respectively. For each grade, 15 images were
correctly classified by the network and 5 falsely, making this a challenging screening task for
clinicians. Thus, the fraction of images with DR in the user study was 66% and the deep learn-
ing model achieved an accuracy of 75% by design. Image grading was based solely on the
fundus image and AI support, but no additional clinical data were provided.

Study design.
Six trained ophthalmologists with a median clinical experience of 9 years (4–17 years) partici-
pated in the reader study (including authors LaK, AR, and NS). We did not perform a formal
power calculation. The study consisted of three tasks: In task 1 (referred to as “H”), partic-
ipants were asked to grade fundus images without AI support (S3 Fig). In task 2 (“H+AI”),
participants were additionally provided with the class predicted by the deep learning model
and its confidence (S4 Fig). Finally, in task 3 (“H+XAI”), participants were additionally
shown model explanations in the form of up to 12 bounding boxes around the regions from
the class evidence map with the highest evidence, with bounding boxes matching the effective
receptive field size and depicting the local image patches that contribute most to the global
class evidence (S5 Fig).

For the three grading tasks, readers were instructed to classify each fundus image into two
classes (“No DR” and “DR”). They were told to classify an image as “DR” even if they thought
it only contained signs of mild non-proliferative DR (grade 1). None of the readers had access
to the true labels. For task 3, readers were told that some bounding box explanations may
contain healthy regions, as the algorithm also generated bounding boxes for healthy images
erroneously classified as DR by the sparse BagNet model. In addition to the assigned class,
we recorded the time it took for the reader to grade each image and asked them to rate their
confidence on a scale from 1 to 5. Ethical approval for the study was obtained from the Ethics
Committee at the University Hospital Tübingen (Ref No. 249/2023BO2).

A custom-written browser interface based on the Python web framework Django
(version 4.2.1) with a secure PostgreSQL database (version 15.3) and a JavaScript front-end

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 6/ 18
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was used to carry out the study (S3 Fig, S4 Fig, S5 Fig). The tool showed the fundus image,
and response options and provided a digital magnifier to enlarge small image regions.

Evaluation criteria and statistical analysis
Criteria for evaluating the performance of the inherently interpretable deep learning model
were specified before the start of the study based on previous work [13]. We evaluated three
aspects of the model’s quality:

1. DR screening performance compared to a regular deep learning model, within and
across datasets.

2. The quality of the class evidence maps and derived bounding boxes in terms of lesion
localization.

3. The usefulness of the inherently interpretable deep-learning model and the derived
bounding boxes for decision support.

DR screening performance.
The primary measure of DR screening performance was the accuracy of the model for
early DR detection using the reference labels. Additionally, we evaluated the area under the
receiver-operating curve (AUC), sensitivity, specificity, and precision. All measures were
computed on the internal test set as well as on the ten external datasets (Table 1). The model
was not retrained or fine-tuned before assessment on the external datasets. All measures were
computed using the scikit-learn package (v 1.0.2) and confidence intervals were computed
using a bootstrap procedure with 1000 unstratified resamples [37].

Quality of class evidence maps.
To measure the quality of the class evidence maps and the derived bounding boxes for lesion
localization, we calculated the proportion of highlighted regions (regions within the bound-
ing box) that contained annotated lesions (“localization precision”). To this end, we used
the annotations collected for this study on 65 images from the test set, as well as those exter-
nal datasets containing pixel-level annotations (Table 1). We did not evaluate the fraction of
lesions detected by our model (“recall”), as we did not train the model for lesion detection,
and diagnostic support does not require an exhaustive detection of all lesions.

Statistical analysis of decision support.
Wemeasured the performance of the readers in our clinical user study as the accuracy of the
reader’s decision with respect to the reference labels. To assess the effect of the task and DR
reference grade statistically, we fit the responses with a generalized linear model (R, func-
tion glm, v 4.0.3) with predictor task or with predictors task and DR grade including interac-
tions. If we found significant predictors at the 𝛼 = 0.05 level, we computed the marginal means
and 95%-confidence intervals (package emmeans, v 1.5.3) as well as the respective contrasts
between conditions for post-hoc testing. Tukey’s method was used for correcting for multiple
comparisons. We used the same procedure for analyzing the measured grading time and the
reported confidence, but used a linear model (function lm) instead.

Role of the funding source
The funders of this work had no role in the study design, collection, analysis, and interpreta-
tion of data, the writing of the report, nor in the decision to submit the paper for publication.
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Results
We trained and evaluated an inherently interpretable deep learning model (“sparse Bag-
Net”) for early DR screening (Fig 1B). We first evaluated screening performance for early DR
against the state-of-the-art non-interpretable black-box model (“ResNet50”) on the internal
test set of the development dataset and on a large number of additional datasets (see Table 2).
The sparse BagNet performed well and was comparable to the state-of-the-art model on the
internal test set (accuracy: 0.906, 95% CI [0.900–0.913]; AUC: 0.904 [0.894–0.913]; sensitiv-
ity: 0.709 [0.688–0.729]; specificity: 0.977 [0.973–0.981]; precision: 0.918 [0.903–0.932]) and
generalized well to a number of external datasets (Table 2).

The key advantage of our inherently interpretable model is that the local disease evidence
is explicitly represented in a class evidence map (Fig 1B.3 and Fig 2B). During training, the
class evidence map is encouraged to be sparse, such that the final loss function balances pre-
diction accuracy and an interpretable map. For the model studied above, the regularization
parameter trading-off accuracy and sparseness was heuristically chosen such that sparseness
was encouraged at a minimal loss of accuracy (S2 Fig). At each location in the class activa-
tion map, the color indicates the model output for an individual image patch. We detected the
regions with the highest evidence and placed bounding boxes corresponding to the patch size
around these points (Fig 2A).

Table 2. Summary of the classification performance with confidence intervals (CIs) computed at 95% using bootstrapping (n=1000). “AUC” refer to the
receiver-operating curve. “Loc Bag” and “Loc GBP” respectively refer to the localization precision of the sparse BagNet and Guided Backpropagation on
ResNet-50 at localizing lesions from annotated images. For each dataset, the first row shows the performance of the interpretable sparse BagNet model,
while the second row shows the performance of the baseline black-box ResNet-50 model. The Kaggle dataset (first row) is the internal dataset used to train
and evaluate the model, while the other datasets were used for external validation to assess the generalization properties of the trained model. The low
classification performance on the FCM-UNA and FGA-DR datasets can be explained by the relatively low quality of most images in the FCM-UNA dataset
and the large intensity variation of the FGA-DR dataset (S6 Fig). The low localization precision (0.664) on the E-Ophtha dataset is likely due to annotations
only being provided for “Microaneurysms” and “Exudate” lesions, while the images could contain other DR-related lesions.
Dataset Accuracy AUC Sensitivity Specificity Precision Loc Bag LocGBP
Kaggle Bag. .906 (.900 - .913) .904 (.894 - .913) .709 (.688 - .729) .977 (.973 - .981) .918 (.903 - .932) .941 -

Res. .914 (.907 - .921) .935 (.927 - .943) .765 (.745 - .784) .967 (.962 - .972) .894 (.878 - .908) - .656
.891 (.864 - .917) .879 (.838 - .913) .951 (.927 - .972) .768 (.699 - .828) .895 (.861 - .925) .804 -

IDRiD .882 (.851 - .909) .864 (.822 - .902) .963 (.942 - .981) .714 (.639 - .781) .875 (.84 - .908) - .140
.903 (.864 - .917) .944 (.838 - .913) .920 (.927 - .972) .892 (.699 - .828) .851 (.861 - .925) .656 -

E-Ophtha .933 (.851 - .909) .972 (.822 - .902) .966 (.942 - .981) .912 (.639 - .781) .880 (.840 - .908) - .030
.799 (.781 - .819) .789 (.752 - .823) .811 (.793 - .830) .594 (.500 - .687) .972 (.963 - .980) .872 -

FGA-DR .763 (.743 - .781) .816 (.768 - .858) .764 (.743 - .783) .743 (.653 - .819) .981 (.973 - .987) - .336
.831 (.753 - .899) .931 (.870 - .981) .821 (.733 - .898) 1 1 .881 -

DIARETDB1 .742 (.652 - .831) .811 (.715 - .900) .738 (.640 - .829) .800 (.333 - 1.00) .984 (.950 - 1.00) - .000
.825 (.818 - .832) .926 (.922 - .931) .669 (.657 - .681) .980 (.977 - .984 .971 (.966 - .976) .965 -

DDR .887 (.881 - .892) .963 (.960 - .966) .800 (.790 - .810) .973 (.968 - .977) .967 (.962 - .972) - .249
.879 (.847 - .908) .922 (.889 - .951) .662 (.584 - .742) .983 (.968 - .997) .950 (.905 - .990) -

DR2 .876 (.845 - .906) .866 (.825 - .905) .669 (.591 - .742) .977 (.959 - .993) .933 (.884 - .975) -
.973 (.968 - .979) .995 (.992 - .996) .982 (.975 - .987) .965 (.956 - .973) .966 (.958 - .974) -

APTOS .949 (.942 - .956) .972 (.965 - .978) .942 (.931 - .952) .956 (.946 - .965) .956 (.947 - .966) -
.773 (.744 - .802) .936 (.918 - .952) .702 (.664 - .738) .989 (.972 - 1.00) .995 (.987 - 1.00) -

FCM-UNA .877 (.853 - .900) .967 (.954 - .979) .840 (.811 - .868) .989(.971 - 1.00) .996 (.989 - 1.00) -
.889 (.871 - .907) .943 (.929 - .955) .832 (.804 - .859) .958 (.939 - .974) .959 (.941 - .975) -

Messidor-1 .893 (.876 - .909) .954 (.942 - .965) .852 (.823 - .878) .943 (.923 - .963) .947 (.928 - .964) -
.829 (.812 - .847) .876 (.859 - .894) .750 (.719 - .785) .886 (.865 - .906) .825 (.794 - .853) -

Messidor-2 .851 (.835 - .869) .925 (.912 - .938) .794 (.763 - .823) .893 (.875 - .913) .841 (.815 - .868) -

https://doi.org/10.1371/journal.pdig.0000831.t002
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Fig 2. Inherently interpretable deep learning framework highlights clinically relevant image regions. (A) Exam-
ples of retinal fundus images from different DR grades (top to bottom: mild NPDR, moderate NPDR and severe
NPDR). (B) Class evidence map extracted from the inherently interpretable model without further processing. Red
regions indicate evidence for the presence of at least mild DR. (C) Bounding boxes drawn around suspicious regions
in the class evidence map. In some cases, the bounding boxes are placed in regions for which there is no visible evi-
dence due to the scaling of the color map. Yet, these evidence values are also strictly positive. (D) Suspicious regions
from (C) enlarged and sorted with decreasing evidence scores. Depending on the image grade, the suspicious regions
contain various DR-related lesions such as microaneurysms, hemorrhages, or drusen.

https://doi.org/10.1371/journal.pdig.0000831.g002

Although the model was never trained with pixel-level annotations or supervision sig-
nals other than the image-level DR reference label, the highlighted regions typically con-
tained DR-related lesions such as microaneurisms, drusen, or hemorrhage with high precision
(Fig 3).

We quantitatively evaluated how well the class evidence maps provided information about
the location of disease-related lesions using a subset of images from the test set of the devel-
opment dataset (Fig 3) as well as external datasets with pixel-level annotations (Table 1).
The class evidence maps precisely localized DR lesions, as most regions flagged as suspicious
indeed contained annotated lesions (Table 2, last column). For the images from the devel-
opment dataset, we obtained a precision of 0.960 (95% CI [0.941–0.976]), with minor differ-
ences between images with mild and moderate NPDR (0.783 vs. 0.970). Notably, our model
generalized well to external test sets, with precision ranging from 0.656 to 0.965 (Table 2, last
column).

We also evaluated suspicious regions extracted from images the algorithm falsely classi-
fied as DR with high confidence (>0.75). To this end, we showed two clinicians 30 images
falsely classified as DR with bounding boxes (S8 Fig). Sometimes, these image patches showed

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 9/ 18
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Fig 3. Extracted high evidence images patches contain DR-related lesions. Example fundus images with DR, with DR lesions identified by three clinicians
(cyan). Bounding boxes (blue) were extracted from the class evidence maps based on regions of high evidence for DR. Note that all bounding boxes contain
annotated lesions, but – as the number of bounding boxes per image was restricted to twelve – not all lesions are contained in bounding boxes.

https://doi.org/10.1371/journal.pdig.0000831.g003

unclear or ambiguous lesions unrelated to DR, but they typically contained anomalies related
to DR such as microaneurysms or exudates, but not in a number or severity sufficient for
clinical DR diagnosis (S8 Fig).

We next compared the localization performance of the inherently interpretable sparse
BagNet to classic post-hoc methods such as Integrated Gradients [38] or Guided Backprop
applied to the state-of-the-art model (Fig 4A–4C). These methods were chosen because they
performed well in a clinical validation of post-hoc explainability techniques for DR [36]. We
found that bounding boxes obtained from Guided Backprop or Integrated Gradients were
much less precise in localizing DR-related lesions (0.941 vs. 0.656, Fig 4D, Table 2), especially
for out-of-sample test datasets.

We then investigated whether our interpretable deep learning model could effectively aid
clinicians in detecting DR via a retrospective reader study with six experienced ophthalmolo-
gists screening fundus images for the presence of early DR with various levels of AI assistance
(see Methods). Without AI assistance (labeled “H”) ophthalmologists reached a mean classi-
fication accuracy of 0.611 (95% CI [0.560–0.660]; Fig 5A). Their accuracy increased signifi-
cantly to 0.758 ([0.711–0.800], p= 0.0001, post-hoc test with Tukey’s correction for multiple
comparisons, see Methods) when they had access to the deep learning model’s prediction and
confidence (“H+AI”). They achieved similar performance with additional access to AI expla-
nations in the form of bounding boxes around suspicious regions extracted from the class
evidence maps (“H+XAI”) at an accuracy of 0.786 [0.741–0.825].

We studied ophthalmologists’ performance in screening for DR in fundus images of dif-
ferent disease grades in more detail (Fig 5B). Without AI support, detecting images with mild
DR (grade 1) was the most challenging with comparably low performance, which improved
with AI support. For healthy images, screening performance improved significantly with any
form of AI decision support (H: 0.567, [0.477–0.652]; H+AI: 0.842, [0.765–0.897]; H+XAI:
0.817, [0.737–0.876]; H vs. H+AI: p < 0.0001; H vs. H+XAI: p= 0.0001; H+AI vs. H+XAI:
p= 0.8645), while for images with mild DR, we observed that screening only improved sig-
nificantly for AI support with explanations (H: 0.483, [0.395–0.572]; H+AI: 0.617, [0.527–
0.699]; H+XAI: 0.733, [0.647–0.805]; H vs. H+AI: p= 0.0962; H vs. H+XAI: p= 0.0003; H+AI
vs. H+XAI: p= 0.1326). For images with moderate DR, AI support had no significant effect on
screening performance. Taken together, this provides evidence that giving ophthalmologists
access to AI support led to superior DR screening performance, with explanations based on
the sparse BagNet model being most effective for difficult diagnostic decisions.

PLOS Digital Health https://doi.org/10.1371/journal.pdig.0000831 May 12, 2025 10/ 18
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Fig 4. Inherently interpretable deep learning framework highlights lesions more precisely than post-hoc techniques applied to a standard DNN. (A)
Suspicious regions (blue) marked with bounding boxes extracted from the heatmap obtained with Integrated gradients from the standard DNN. Clinically rele-
vant DR lesions are marked in cyan. (B) As in (A) extracted from the heatmap obtained with Guided backpropagation. (C) For comparison, suspicious regions
were obtained from the SparseBagNet. (D) Systematic comparison of localization precision for clinically annotated DR lesions as a function of the number of
considered patches.

https://doi.org/10.1371/journal.pdig.0000831.g004

Fig 5. Providing AI-based clinical decision support based on the inherently interpretable deep learning model
improves DR screening. (A) Screening accuracy with different levels of AI assistance. Six ophthalmologists graded
fundus images without AI assistance (“H”), with access to the AI prediction (“H+AI”), and with additional access
to AI explanations (“H+XAI”). AI assistance improved screening accuracy, but access to AI explanations had only
a small additional effect. (B) Screening accuracy for DR on fundus images of different disease grades. For healthy
images, accuracy improved significantly with any form of AI decision support (“H+AI” or “H+XAI”), while for
images with mild DR, screening improved significantly for AI support with explanation (“H+XAI”). For images with
moderate DR, AI support had no significant effect on screening performance. (C) Screening time in screening DR
with different levels of AI assistance. The decision time is significantly reduced with AI support (“H+XAI”) with
explanation compared to the other tasks (“H”, and “H+AI”). (D) Screening time in screening for DR on fundus
images of different disease grades. Screening time reduces at all disease stages with a significant effect of AI decision
support with explanation for healthy images (“grade 0”), mild DR (“grade 1”), and moderate DR (“grade 2”).

https://doi.org/10.1371/journal.pdig.0000831.g005

We next studied whether AI decision support would not only allow ophthalmologists to
make more accurate screening decisions but also reach their decisions faster. We found that
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the decision time was significantly reduced when providing ophthalmologists AI support
with explanations compared to both other tasks (Fig 5A, H: 15.2 s [14.1-16.4]; H+AI: 15.9
s [14.7-17.1]; H+XAI: 11.7 s [10.8-12.6]; H vs. H+AI: p = 0.7435; H vs. H+XAI: p < 0.0001;
H+AI vs. H+XAI: p < 0.0001). This reduction was present at all disease stages, with a signif-
icant effect of AI decision support with explanations for healthy images (Fig 5A; H: 15.8 s[14.1-17.7]; H+AI: 16.3 s [14.5-18.3]; H+XAI: 11.2 s [10.0-12.6], H vs. H+AI: p = 0.9153;
H vs. H+XAI: p < 0.0001; H+AI vs. H+XAI: p < 0.0001), mild DR (H: 15.2 s [13.5-17.0];
H+AI: 17.5 s [15.6-19.7]; H+XAI: 12.1 s [10.8-13.6], H vs. H+AI: p = 0.1843; H vs. H+XAI:
p = 0.180; H+AI vs. H+XAI: p < 0.0001), as well as moderate DR (H: 13.8 s [12.3-15.5]; H+AI:
11.7 s [10.4-13.1]; H+XAI: 10.1 s [9.0-11.3]; H vs. H+AI: p = 0.1058; H vs. H+XAI: p = 0.004;
H+AI vs. H+XAI: p = 0.1724). In summary, this indicates that decision support with accu-
rate explanations provided by the sparse BagNet model could reduce screening times across
all disease levels.

We also analyzed whether AI decision support would change the confidence with which
the ophthalmologists could grade the images, but did not find a significant effect of AI sup-
port (H: 3.8 [3.7-3.9]; H+AI: 3.7 [3.6-3.9]; H+XAI: 3.6 [3.5-3.7], H vs. H+AI: p = 0.6806;
H vs. H+XAI: p = 0.0543; H+AI vs. H+XAI: p = 0.3023). We conclude that self-reported con-
fidence may not be a reliable measure of grader uncertainty compared to recorded decision
time.

We finally analyzed whether the positive effect on accuracy was dependent on whether
the deep learning model had classified the image correctly or not, as AI support has been
reported to be detrimental in case of model errors [39]. In line with the results above, we
found that screening performance and decision time significantly improved for cases in
which the deep learning model had made a correct decision (S5 Fig; accuracy, H vs. H+AI:
p<0.0001; H vs. H+XAI: p<0.0001; H+AI vs. H+XAI: p<0.0001; time, H vs. H+AI: p = 0.8178;
H vs. H+XAI: p<0.0001; H+AI vs. H+XAI: p<0.0001). For cases in which the model had made
an incorrect decision, we neither detected positive nor negative effects on accuracy (H vs.
H+AI: p<0.3216; H vs. H+XAI: p = 0.4953; H+AI vs. H+XAI: p = 0.9480) and slightly positive
effects on decision time (H vs. H+AI: p = 0.4557; H vs. H+XAI: p = 0.0941; H+AI vs. H+XAI:
p = 0.0031) meaning that the decision time was still smaller despite the wrong prediction of
the model.

Discussion
In this study, we trained and evaluated an inherently interpretable deep-learning model for
early diabetic retinopathy detection. This is a challenging task even for experienced ophthal-
mologists. Our model achieved a classification performance comparable to the black-box
baseline model in the internal test set and on ten publicly available external datasets. While
the training dataset contained a large fraction of images from patients of Latin American eth-
nicity, the external datasets were acquired in diverse world regions and different devices, thus
that our model showed a good generalization across different ethnic groups and patient pop-
ulations. While some of these datasets also contained patients of African ancestry, none of the
datasets were acquired on the African continent.

In addition to a binary diagnostic decision that is commonly communicated in DR screen-
ing settings, our model provides explanations via interpretable evidence maps, which high-
light regions of the image used by the network in making its decisions. We found that the
inherently interpretable framework precisely located disease-related lesions in the image,
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more so than post-hoc techniques applied to a state-of-the-art DNN, in particular for out-of-
sample test datasets. Even in case of incorrect model predictions according to the reference
labels, model explanations proofed to be useful and highlighted suspicious regions.

In a retrospective reader study, we found that highlighting these regions during grading
helped ophthalmologists improve their grading performance, especially for difficult cases,
while reducing their decision time. This indicates that current paradigms used in AI-based
screening scenarios may benefit from including explanations for easier human verification
and enhanced trust in the algorithms decision [3,5]. Our study further showed that the errors
of the AI model did not negatively affect decision-making by ophthalmologists, in contrast
to earlier human-AI studies on clinical decision support [39,40]. A limitation of our model
is that it was trained on a dataset from North America, and may need to be fine-tuned on
data from the intended target population, although its generalization results on ten additional
datasets were promising.

As the potential of AI for medical image analysis has become evident [41,42], such systems
have reached performance close to, or even superior to, those of clinical experts in a vari-
ety of tasks [43]. More recently, the focus has shifted towards AI systems assisting clinicians
in making better decisions [39]. In this setting, clinicians need to understand how decisions
are formed by the AI model, such that transparency and interpretability of medical AI sys-
tems have become important aspects [7,11,12,44]. In agreement, the need for trustworthy and
transparent AI systems and effective human/AI collaboration has been identified in standard-
ized guidelines to facilitate their adoption in clinical practice [44]. While this generally poses
challenges in balancing high performance and interpretability [45], our study has shown that
inherent interpretability can be achieved without significant performance trade-offs if the
inductive biases of the interpretable model are met – in our case, as early DR causes only very
localized lesions in the retina. Other inherently interpretable models include prototype-based
networks [46], which are difficult to use for diseases with many small, distributed lesions, for
which the training procedure is more complex and for which interpretability is not straight-
forward [47].

In a clinical setting, such an inherently interpretable model could assist clinicians in miti-
gating the challenge of early and accurate diagnosis of presymptomatic diseases, such as dia-
betic retinopathy detection. Given several approved AI systems for DR screening, clinical
implementation could be comparatively straightforward. The trained model can efficiently
generate predictions, on a time scale not impeding on clinical practice (≪ 1s/image), requires
relatively little memory (∼ 350mb), and does not require additional models to run to create
explanations. Such explanations could be added to existing reporting templates in commer-
cial AI systems, allowing screeners to quickly ascertain the plausibility of the models predic-
tion. In this setting, real-world prospective studies could be conducted to test the impact of
the explanations obtained from our model on screening quality and speed, in particular for
patient with beginning DR.

One limitation of our model is that it may not provide good explanations if its inductive
bias is not matched to the disease, e.g. when lesions cover large parts of the retina as in more
advanced DR grades [13]. Future applications also include time-to-progression prediction for
diseases like DR [48] through interpretable-by-design deep survival models [49].

Supporting information
S1 Fig.Web interface for the annotation task. A fundus image is shown and based on it, the
annotator is asked to annotate lesions related to Diabetic Retinopathy. By moving the mouse
over a region of the image, an enlarged version of that region is displayed. All images are from
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patients with DR of grade 1 (“mild DR”) or 2 (“moderate DR”). Each lesion is marked by
selecting the type (Microaneurysms: MA, hemorrhages: HE, exudates: EX, soft exudate: SE,
artifact, or any other lesions) and clicking on the image location.
(TIF)

S1 Table. Summary of model performance on localizing DR-related lesions from graders’
annotationsThe precision of the model on each clinician annotation is calculated as the pro-
portion of bounding boxes from regions highlighted on heatmaps containing lesions anno-
tated by a grader. The random precision is obtained by drawing 20 random bounding boxes
over each annotated image, excluding those falling in regions containing more than 10%
black pixels. The union “∪” gives the precision of the model with the combined clinicians’
annotation masks, while the intersection “∩” gives the precision of the model with reference
annotation masks obtained as the intersections of clinicians’ annotation over each image.
(PDF)

S2 Table. Inter-grader performance on 65 fundus images from the internal Kaggle test set
annotated by three ophthalmologists “Grader X - Grader Y” refers to the dice score between
grader X and grader Y. The Dice score is calculated for each pair of graders as the overlap
between their annotation using a patch size of 33×33 pixels corresponding to the receptive
field of the model and considering different strides (s = 8, 32 for overlapping patches and
s=33 for non-overlapping patches). “Grader X - Grader Y ∪ Grader Z” refers to the dice score
between grader X, Y, and Z while “Grader Y ∪ Grader Z” is the union between grader Y and
Z, and “Grader Y ∩ Grader Z” is the intersection between grader Y and Z.
(PDF)

S2 Fig. Comparison of the sparse BagNet performance with different regularization val-
ues on the validation datasetThe regularization coefficient 𝜆 affects the classification perfor-
mance (accuracy and AUC) of the model. The red points indicate the selected value, which
is a compromise between sparsity and both accuracy and AUC. It also defines the trade-off
between the model’s interpretability and classification performance.
(TIF)

S3 Fig.Web interface for the grading task without AI support (“H”) A fundus image is
shown and based on it, the grader is asked to decide whether the corresponding patient has
Diabetic Retinopathy (DR) of any severity, including mild DR. In addition, the grader is asked
to rate the confidence of his/her decision on a scale from 1 (least confident) to 5 (most confi-
dent). By moving the mouse over a region of the image, an enlarged version of that region is
displayed. The time taken to reach each decision (grading and confidence) is recorded.
(TIF)

S4 Fig.Web interface for the grading task with AI support (“H + AI”) A fundus image is
shown with the model’s prediction and its confidence level (from 0% to 100 %, with 100%
being the highest confidence score). Based on this, the grader is asked to decide whether the
corresponding patient has Diabetic Retinopathy (DR) of any severity, including mild DR.
In addition, the grader is asked to rate the confidence of his/her decision on a scale from 1
(least confident) to 5 (most confident). By moving the mouse over a region of the image, an
enlarged version of that region is displayed. The time taken to reach each decision (grading
and confidence) is recorded.
(TIF)

S5 Fig.Web interface for the grading task with AI support and explanations (“H + XAI”).
A fundus image is shown with the model’s prediction, its confidence level (from 0% to 100 %,
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with 100% being the highest confidence score), and explanation in the form of blue bound-
ing boxes around the regions for which the AI model believes that they contain signs of DR.
Based on this, the grader is asked to decide whether the corresponding patient has Diabetic
Retinopathy (DR) of any severity, including mild DR. In addition, the grader is asked to rate
the confidence of his/her decision on a scale from 1 (least confident) to 5 (most confident). By
moving the mouse over a region of the image, an enlarged version of that region is displayed.
The time taken to reach each decision (grading and confidence) is recorded.
(TIF)

S6 Fig. Examples of fundus images from each dataset.
(TIF)

S7 Fig.Heatmap with combined clinicians’ annotations of four examples of fundus cases
with DR. For each example, the left side shows the heatmap with clinicians’ annotations and
bounding boxes around the regions of positive activation, while the right side shows the fun-
dus image with clinicians’ annotations and bounding boxes around the regions of positive
activation.
(TIF)

S8 Fig. Examples of high-confidence false positives analyzed by two clinicians. On the left
side of each example, the image displays bounding boxes highlighting regions with positive
activation. On the right side, the suspicious regions from the left are enlarged and arranged
in descending order of evidence scores. (A) A false-positive image where the clinicians inter-
preted the suspicious regions as “vitreous opacities” and “uveitis vitreous cells,” respectively.
(B) A false-positive image where one clinician identified the suspicious regions as “synchisis
scintillans,” while the other suggested the patient may have recently received an intravitreal
steroid injection. (C) A false-positive image where both clinicians identified the suspicious
regions as “microaneurysms” possibly associated with bleeding. (D) A false-positive image
where both clinicians recognized the suspicious regions as “microaneurysms” and “hard exu-
dates”. (E, F) False-positive images where one clinician classified the image as DR while the
other classifies it as no DR, citing the presence of only a single microaneurysm lesion in the
suspicious regions.
(TIF)

S9 Fig. Analysis of errors of the AI model on accuracy and decision times for different
tasks during the retrospective reader study. (a) For all tasks, ophthalmologists’ accuracy is
higher when the deep learning model makes the correct decision. For correct classifications,
the AI assistance improves grading accuracy. For incorrect classification, it does not make it
worse. (b) Ophthalmologists’ decision time decreases overall when the deep learning model
makes the correct decision. When the AI model is correct, the explanation decreases decision
time significantly, while it does not increase the decision time for incorrect decisions.
(TIF)
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Abstract. Interpretability is a key requirement for the use of machine
learning models in high-stakes applications, including medical diagno-
sis. Explaining black-box models mostly relies on post-hoc methods that
do not faithfully reflect the model’s behavior. As a remedy, prototype-
based networks have been proposed, but their interpretability is limited
as they have been shown to provide coarse, unreliable, and imprecise ex-
planations. In this work, we introduce Proto-BagNets6, an interpretable-
by-design prototype-based model that combines the advantages of bag-
of-local feature models and prototype learning to provide meaningful,
coherent, and relevant prototypical parts needed for accurate and in-
terpretable image classification tasks. We evaluated the Proto-BagNet
for drusen detection on publicly available retinal OCT data. The Proto-
BagNet performed comparably to the state-of-the-art interpretable and
non-interpretable models while providing faithful, accurate, and clini-
cally meaningful local and global explanations.

Keywords: Interpretability-by-design · Optical Coherence Tomography
· Part-prototype networks

1 Introduction

For adopting deep learning models in safety-critical applications such as med-
ical diagnosis, it is crucial that users can understand why a model produced
a specific output [16]. This form of interpretability is usually obtained either
through post-hoc explanations of black-box models [20] or through architec-
tural design [4,13]. Post-hoc methods [17,20] interpret an approximation of the

6 Code available at https://github.com/kdjoumessi/Proto-BagNets
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true decision mechanism [11] through saliency maps. These highlight the most
discriminating regions in the input, but often provide inaccurate and unfaith-
ful explanations [1, 16]. To remedy this, several approaches have been proposed
with structurally built-in interpretability, such as bag-of-local-features models
(BagNets) [3], concept-based models [15], and prototype-based models [4].

The BagNet [3] is an implicitly patch-based interpretable-by-design model
with a small receptive field, where predictions solely rely on local evidence.
Its recent modification [13] provides sparse and fine-grained local class acti-
vation maps, but does not allow humans to gain a global understanding of the
model’s decision. Concept-based models [15] follow a case-based reasoning pro-
cess where high-level representations of the data (concepts) are learned and used
to classify new images. Prototype-based networks [4] can be seen as a special
case of concept-based models, in which learned concepts are replaced by the
representative training image parts (prototypes) to improve interpretability. In
these models, similarities to the learned prototypes are used to classify new ex-
amples. Explanations can be obtained during inference by highlighting, for a
query image, its prototypical parts most similar to each learned prototype, thus
providing both local explanations thanks to the similarity map and global ex-
planations through the visualization of the learned prototypes. ProtoPNet [4],
the first prototype-based network, has gained considerable attention due to its
easy-to-understand architecture and high-level reasoning process close to that of
humans in solving complex tasks. Although numerous variants have been pro-
posed to improve its performance and interpretability [2, 7, 10, 14], applications
in medical imaging remain relatively limited. This may in part be due to the fact
that the interpretability of prototype-based models is more limited than appears
at first glance, as it has been shown that they do not actually provide faithful
explanations [7, 19].

We propose Proto-BagNet, an interpretable-by-design prototype-based model
that combines the local and fine-grained interpretability of BagNet with the
global interpretability of prototype learning. We integrated recent advances in
training prototype-based models and proposed an additional prototype diversity
constraint. We evaluated our model for detecting drusen lesions on Optical Co-
herence Tomography (OCT) images and showed that the Proto-BagNet preserves
high predictive performance while providing faithful, clinically meaningful, and
precise explanations. Our model explanations accurately localized drusen both
in the learned prototypes and query test images.

2 Developing a faithful prototype-based network

2.1 Baseline ProtoPNet model

We built on the ProtoPNet [4] as a baseline, which consists of three main compo-
nents: a backbone feature extractor f , a prototype layer gp, and a classification
layer h. Given an input image X ∈ RH×W×C (with height H, width W , and
number of channels C), the backbone first extracts a meaningful feature repre-
sentation Z = f(X) ∈ RM×N×D. The prototype layer gp consists of b = m × c
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Fig. 1. Architecture of the Proto-BagNet. (a) Example OCT B-scan image. The red
patch illustrates the small receptive field of (b) the BagNet backbone. (c) Feature map
and (d) Prototype layer with m prototypes per class. (e) Resulting similarity maps
from each prototype to the input. (f) The soft aggregation layer aggregates the average
top-k scores from each similarity map into their allocated categories for classification.

learnable prototypes P = {pij ∈ RHP×WP×D}mj=1 (typically HP = WP = 1)
where m denotes the number of prototypes per class, c the number of classes,
and pij the j-th prototype of class i. For each prototype pij , the prototype

layer computes a similarity map Mx
pi

j
= Sim(Z,pij) ∈ RM×N . The similarity

score between a prototype pij and the feature vector z(h,w) ∈ Z is defined as

s
(h,w)
i,j = log

(
(dh,wi,j + 1)/(dh,wi,j + ϵ)

)
, where dh,wi,j = ∥pij − z(h,w)∥22. The similarity

maps contain positive scores indicating where and to what extent prototypes
are present in an image. ProtoPNet uses the highest value of the similarity map
gpi

j
= max(Mx

pi
j
) as the final similarity score between pij and X, indicating how

strong the prototype pij is present in X. Finally, the b similarity scores from the
prototype layer gp are aggregated in the fully connected layer h to generate the
final classification logits. To make the prototypes visualizable as specific proto-
typical parts of a sample, the learned prototypes are replaced with the closest
feature representation from real training images to ensure interpretability.

ProtoPNet explains its predictions for a given image (“local explanation”) by
(1) visualizing the similarity map for each prototype pij and (2) by computing
the smallest bounding box enclosing the 95th percentile of all similarity val-
ues [4], providing the corresponding cropped region as the most similar part to
the learned prototype to imply ’this part of the input looks like that learned proto-
type’. The same approach is used to provide explanations of the concepts learned
by the model (“global explanations”) by cropping the prototypes from the most
similar training image. However, ProtoPNet provides only coarse-grained simi-
larity maps due to the large receptive field size of the model [7]. Furthermore, the
explanation is not faithful to the model, as the cropped area does not correspond
to the model’s receptive field. As a result, ProtoPNet provides both imprecise
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local and global explanations of its decisions. These issues are likely to be shared
by all prototype-based models derived from ProtoPNet [19].

2.2 Enhancing interpretability with the BagNet backbone

As prototypes are learned in the feature space, the backbone feature extractor
plays a crucial role for interpretability. It implicitly determines the size of the
learned prototypes through its receptive field and thus the size of the explanation.
The ProtoPNet and its variants use classical architectures such as ResNet-50
[4, 10, 14], resulting in large receptive fields (e.g. 427 × 427 for a ResNet-50
backbone) with variable explanation size. Here, we propose to replace the feature
extractor with a BagNet architecture [3, 13] (Fig. 1b), leading to a model we
called Proto-BagNet (Fig. 1). The feature map Z = f(X) is extracted from the
BagNet’s penultimate layer (Fig. 1c, typically D = 2048). This architecture leads
to a small fixed receptive field and prototypes of size r × r independent of the
input size. It also allows for higher-resolution feature and prototype similarity
maps, and can therefore provide localized, fine-grained explanations.

2.3 Integrating recent advances in training prototype-based models

In addition, we implemented recent advances in prototype-based networks train-
ing [2, 10, 14]. (1) To prevent prototypes of one class from contributing to the
prediction of other classes, we replaced the fully connected classification layer of
ProtoPNet with a soft aggregation (SA) layer (Fig. 1f) [10], which aggregates the
prototypes’ similarity scores only in their assigned classes, setting weights be-
tween classes to zero. (2) To enable the model to consider multiple image regions
for the classification task instead of considering only the region with the high-
est score of each similarity map as in ProtoPNet, we considered the top-k scores
through average pooling as gpji = AvgPool

(
topk(M

pi
j
)
)

[2]. Thus, our similarity

map indicates to what extent a prototype is present on average in the k most
similar prototypical parts of the input. (3) We regularized the prototype layer
by adding a sparsity constraint to each similarity map as in [13,14], to constrain
activation to discriminative input regions. (4) Finally, as we noticed redundant
prototypes (often extracted from the same training image, see Suppl. Fig. 1), we
introduced a dissimilarity loss (see below) to prevent the network from learning
duplicate prototypes while promoting their coherence and uniqueness. Thus, the
total loss function was:

L = Lce + λclstLclst + λsepLsep︸ ︷︷ ︸
ProtoPNet

+λL1,cLL1,c + λL1,sLL1,s − λdiss
∑

pi,pj

∥pi − pj∥2

Here, Lce is the cross-entropy loss; Lclst and Lsep the cluster and separation losses
from ProtoPNet [4], LL1,c is the ℓ1 regularization of the classification layer as

in [4]; LL1,s regularizes the similarity maps [13,14]. Finally,
∑
pi,pj

∥pi − pj∥2 is
our proposed dissimilarity loss with pi,pj ∈ P, i ̸= j.
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Our architectural changes alongside with the modified loss function led to
an interpretable-by-design prototype-based model (Proto-BagNet) that is easier
to interpret, relying on the small receptive field of the model for predictions
and explanations. In addition, Proto-BagNet provides accurate local and global
explanations (see Sec. 3.3, and 3.4) in the form of ’this part of the input actually
looks like that learned prototype’.

3 Results

3.1 Dataset

We used a publicly available, anonymized dataset [12] consisting of retinal OCT
B-scans from patients with various diseases (drusen, DME, CNV). We focused
on the binary task of drusen detection and filtered out images with DME and
CNV diagnoses, as well as low-resolution images (width < 496). To counter the
class imbalance, we removed half of the healthy images, leading to a dataset of
34, 962 images (8, 616 drusen, 26, 346 healthy). We split the resulting dataset into
training (80%) and validation (20%) sets, preserving the imbalance proportion
(73% vs 27%) and ensuring that all B-scans from each patient were assigned
to the same set. We then used the separate test set included in the dataset
for evaluation, consisting of 250 healthy and 248 drusen images (51% vs 49%),
reflecting the high variability of drusen prevalence according to age group [18].
All images were resized to 496 × 496 and normalized by the mean and standard
deviation of the training set. To evaluate the relevance of the learned prototypes,
an experienced in-house ophthalmologist provided detailed drusen annotations
on a selection of 40 test images.

3.2 Proto-BagNet yields good accuracy on drusen detection

We first evaluated the classification performance of our method for a clinically
relevant binary task of detecting patient’s OCT-B scans with drusen lesions (lipid
deposits under the retina [6]), characteristic of age-related macular degeneration
and diabetic retinopathy [6,12]. For Proto-BagNet, we configured the backbone
feature extractor (BagNet model) to a receptive field size r = 33 as in [13].
Hyperparameters including regularization coefficients, data augmentation, and
the number of prototypes were optimized on the validation dataset using a grid
search, while λsep and λclst were set as in [4]. Based on the validation perfor-
mance, we set k = 5 considering the average top-5 and used m = 5 prototypes
per class, which lead to a total of b = 10 prototypes.

We compared Proto-BagNet against ProtoPNet with a ResNet-50 backbone
[4] and with non-prototype classification networks such as a dense BagNet [13]
and ResNet-50 [9]. We followed the same training procedure for ProtoPNet (with
λL1,s =λdiss= 0, K=1) and Proto-BagNet (with λL1,s= 4 · 10−2, λdiss= 5 · 10−3,
K= 5), as well as for dense BagNet and ResNet-50. Our Proto-BagNet performed
comparably to the state-of-the-art models (Tab. 1, see confidence intervals in
Suppl. Tab. 1), showing that our modifications towards better interpretability
did not substantially impair classification performance.
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Fig. 2. Example explanations of ProtoPNet and Proto-BagNet. (a,d) show two learned
prototypes with the highest classification weights. Proto-BagNet’s prototypes were
magnified for visualization only. (b,e) show bounding boxes around regions of highest
activation using the visualization technique provided by ProtoPNet (green) and the
model’s receptive field (yellow). (c,f) show prototypes activations of the query image.

3.3 Proto-BagNet provides understandable localized explanations

To qualitatively assess explanations provided by our model, we visualized the two
learned prototypes with the highest classification weights for our Proto-BagNet
as well as ProtoPNet (Fig. 2a,d). ProtoPNet learned very large prototypes cov-
ering almost the entire retina, while Proto-BagNet learned prototypes of small
regions of interest with fixed sizes corresponding to its receptive field. For a
query image, we then displayed bounding boxes (Fig. 2b,e) around the most
similar prototypical part to the learned prototypes. For both models, we first
computed the explanation of the prototypical part as the receptive field around
the location of the highest prototype similarity (yellow boxes). Due to the large
receptive field in ProtoPNet, the explanations were not informative, while the
Proto-BagNet yielded small localized patches of the same size as the prototypes
themselves. We then computed the explanation as the bounding box around
the 95th percentile of the similarity map as in [4], which is not faithful to the
model’s predictions, as it usually leads to large and similar explanations (green
bounding boxes, Fig. 2b,e). In both models, this again led to large bounding
boxes around the entire retina, indicating that such prototype explanations may

Table 1. Classification performance for drusen detection on validation and test sets.

Validation set Test set
Accuracy AUC Recall Precision Accuracy AUC Recall Precision

ResNet-50 0.991 0.999 0.982 0.986 0.994 0.999 0.992 0.996
dense BagNet 0.990 0.999 0.978 0.985 0.988 0.999 0.976 0.999

ProtoPNet 0.987 0.996 0.975 0.974 0.998 0.999 0.996 0.999
Proto-BagNet 0.978 0.990 0.935 0.981 0.968 0.992 0.940 0.996
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Fig. 3. We show (a) the five learned disease prototypes and (b) suspicious regions
(green boxes, enlarged below) extracted from each prototype similarity map on an
example image. Drusen (annotated with red markers) are detected with high precision.

not be useful when evidence may be spread in an image (see similarity maps
in Fig. 2c,f), as is often the case in medical images. To summarize, the coarse
explanations provided by ProtoPNet were not informative as already highlighted
in [7, 19], while the small receptive field of Proto-BagNet leads to fine-grained
and localized explanations.

3.4 Proto-BagNet learns meaningful and relevant prototypes

We assessed the clinical meaning and relevance [5, 8] of the prototypes learned
by Proto-BagNet by evaluating (1) their interpretability and (2) their coherence
as the precision of their corresponding similarity maps at localizing drusen.

We first evaluated the interpretability of the learned prototypes by show-
ing the prototypes without additional context (Fig. 3a) to a clinical expert and
asking her if she could understand the concepts encoded in each of them. She
described each prototype despite their low resolution as: (1) soft drusen; (2)
two drusen in transformation; (3) typical drusen; (4) drusen with RPE 7 thin-
ning and dense substance inside; and (5) drusen with RPE thinning probably in
transformation, showing that the learned prototype where semantically mean-
ingful even when seen in isolation, and diverse due to the enforced dissimilarity
(Suppl. Fig. 1). Next, we obtained annotations of the 5 training images from
which the learned prototypes were extracted (Suppl. Fig. 2). We found that all
learned prototypes (i.e. 100%) were extracted from regions labeled as drusen,
confirming that Proto-BagNet learns interpretable and meaningful prototypes.

Subsequently, we evaluated the relevance of the learned prototypes on a
subset of 40 test images where an ophthalmologist annotated the presence of
drusen. On this subset, we calculated the precision of the prototype similarity
maps at localizing drusen lesions to assess whether the highlighted prototyp-
ical parts contain similar concepts (drusen related) to those encoded by the
learned prototypes. We extracted the k = 5 prototypical parts as the most
discriminative regions similar to each disease prototype (Fig. 3b, more exam-
ples in Suppl. Figs. 3, 4), which were also used in the classification mechanism.

7 Retinal Pigment Epithelium



8 K. Djoumessi et al.

1
a

1
b

1
c

2
d

3
e

1.0

0.5

0.0

0.5

1.0

Fig. 4. (a) Example drusen image with overlaid prototype similarity map. (b) Oc-
cluded image keeping only the top five regions most similar to each prototype. (c-e)
Images resulting from occluding the most five regions similar to a prototype (1,2,3).

From these, we calculated the precision as the proportion of the prototypi-
cal parts (green boxes, magnified on the bottom) which contained annotated
drusen lesions (red markers) [13]. The top-k prototypical parts highlighted by
the prototype heatmaps contained drusen lesions with high precision ranging
from 0.83 (k = 2) to 0.87 (k = 1) depending on k ∈ {1, . . . , 5}, with p = 0.84±0.2
(mean ± SD) for k = 5.

3.5 Proto-BagNet relies on a faithful decision-making process

Finally, we verified that Proto-BagNet makes decisions based solely on the visual
explanation it provides (i.e. on the k input prototypical parts most similar to
each prototype). To assess the faithfulness of our model, we applied the model
to the test set (example image in Fig. 4a) and then masked all image regions ex-
cept the top-k prototypical parts identified by the model (Fig. 4b). We reapplied
the model to these occluded images and compared the classification output to
the output on the original data. The distribution of predicted logits on original
images (0.03 ± 0.06, and 0.96 ± 0.15) was similar to that on occluded images
(0.03±0.07, and 0.96±0.15), respectively, for healthy and diseased images. The
AUC after occlusion was almost similar (0.9918 vs 0.9916) to that obtained with-
out occlusion. We conclude that Proto-BagNet really makes decisions based only
on the prototypical parts, and that the explanations provided by the extracted
regions are faithful representations of these prototypical parts.

We quantified the importance of each prototype by additionally masking
its k prototypical parts in the occluded test images (Fig. 4c-e) and measuring
the change in classifier predictions. The predicted drusen probability on healthy
images increased by 0.27 ± 0.14 on average when removing healthy prototypical
parts (i.e. the region similar to healthy prototypes), while it decreased by 0.42±
0.17 when removing disease prototypical parts on drusen images. To summarize,
the prototypical parts extracted by the model are indeed evidence for healthy
and diseased tissue, respectively, as can be seen by the changes in classifier
predictions when occluding them.
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4 Discussion and Conclusion

In this work, we proposed Proto-BagNet, an interpretable-by-design prototype-
based model that provides faithful and highly localized explanations as well as
global interpretability through meaningful prototypes. We evaluated the inter-
pretability of our model through feedback by an ophthalmologist who identified
diverse and clinically relevant concepts in the learned prototypes. Furthermore,
the model explanations precisely detected drusen lesions in the images. We eval-
uated the Proto-BagNet for drusen classification on OCT, a solved task in terms
of predictive performance (Tab. 1), which lends itself for studying interpretable
models due to identifiable and well-characterized regions of interest. However,
we noticed that some design choices (e.g., SA layer, k-values) and introduced
loss components (dissimilarity and sparsity) enhance interpretability but com-
pete with classification performance (Tab. 1), suggesting that determining the
ideal tradeoff might depend on the specific clinical setting. Additionally, the ap-
propriate receptive field size may vary depending on the clinical task and image
resolution. In our case, the drusen are small (< 63µm [18]) and fit into a patch
of size 33 × 33 and can be changed for other tasks to inject clinical knowledge
and adjust for resolution. In a next step, we believe our approach could also
be applied to more challenging tasks, and could be useful for the discovery of
unknown relevant concepts. In summary, our work may enable prototype-based
networks to take a more central stage for realistic task settings, as a promis-
ing alternative to post-hoc explanations of black-box models, in particular on
medical images.
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Abstract

Convolutional neural networks (CNNs) are widely used for high-stakes applications
like medicine, often surpassing human performance. However, most explanation
methods rely on post-hoc attribution, approximating the decision-making process
of already trained black-box models. These methods are often sensitive, unreliable,
and fail to reflect true model reasoning, limiting their trustworthiness in critical
applications. In this work, we introduce SoftCAM, a straightforward yet effective
approach that makes standard CNN architectures inherently interpretable. By
removing the global average pooling layer and replacing the fully connected classi-
fication layer with a convolution-based class evidence layer, SoftCAM preserves
spatial information and produces explicit class activation maps that form the basis
of the model’s predictions. Evaluated on three medical datasets, SoftCAM main-
tains classification performance while significantly improving both the qualitative
and quantitative explanation compared to existing post-hoc methods. Our results
demonstrate that CNNs can be inherently interpretable without compromising
performance, advancing the development of self-explainable deep learning for
high-stakes decision-making.

1 Introduction

Convolutional Neural Networks (CNNs) have revolutionized computer vision by efficiently capturing
local patterns, reducing parameters, and accelerating convergence, enabling superior performance
in tasks like image recognition and object detection [35, 40]. However, their lack of interpretability
limits adoption in high-stakes fields like medicine, where transparency and trust are crucial. To
explain CNNs, numerous saliency-based methods have been proposed, including class activation
maps (CAM) [61] and their variants [14, 47, 56, 59], gradient-based techniques [48, 50, 51, 53],
and even perturbation- or occlusion-based methods [22, 56, 59]. These methods have been widely
adopted to explain the decisions of trained black-box models.

Such saliency map-based techniques offer explanations for CNN classifiers that claim to highlight
regions in the input image most relevant to the model’s prediction. These explanations are generated
post-hoc, typically after a model is trained [10, 27]. Studies have shown significant limitations in their
effectiveness, especially in clinical settings [5]. Post-hoc saliency methods often lack faithfulness,
reliability, and consistency, resulting in explanations that may not accurately reflect the model’s
decision-making process [3, 58]. Moreover, they struggle to localize relevant regions in medical
imaging [4], where the limited availability of ground-truth annotations makes it difficult to assess
their trustworthiness. To overcome these challenges, inherently and/or self-explainable models
have been introduced [45], designed explicitly to provide interpretable insights by incorporating
explanations within their architecture [11, 13, 16, 18, 52]. These models generate more trustworthy
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and faithful explanations that align closely with the model’s actual reasoning [28]. However, self-
explainable models generally use specific architectures [13, 16, 52], which limits their applicability
and generalization to widely used CNN architectures.

Motivated by these challenges, we propose SoftCAM, a straightforward generalization of Class Acti-
vation Maps (CAM) that uses a convolution-based classifier to transform any black-box CNN into a
self-explainable model. By removing the final pooling layer and replacing the fully connected classifi-
cation layer with 1x1 convolutions, SoftCAM turns classical CNNs into fully convolutional networks,
generating class-specific evidence maps that are directly used for predictions. Our contributions are:

• We introduced SoftCAM, a simple modification to CNNs that enables self-explainability, and
experimentally demonstrate that the resulting model preserves classification performance
across three clinically relevant medical datasets spanning different imaging modalities.

• We showed that regularizing evidence maps using ElasticNet, a regularizer combining both
ridge and lasso penalties, enhances the model’s explanations.

• We evaluated five widely used traditional CAM-based post-hoc explanation methods, show-
ing that SoftCAM most often outperforms them across a broad range of explainability
metrics and across all three considered medical imaging datasets and modalities.

2 Related work

Deep neural networks (DNNs) are widely used in a variety of fields. However, regulatory frame-
works such as the European AI Act require AI-based decisions to be explainable to ensure fairness,
transparency, and accountability, allowing users to understand their decision-making process [2, 41].
Explainability can help verify and even improve performance by detecting shortcuts and identifying
clinically relevant features, ultimately fostering greater trust in decision-making, especially in fields
like healthcare [17].

Existing explainable AI (XAI) methods for image analysis can be broadly categorized into attribution-
based and non-attribution-based approaches [10, 27, 57]. Attribution-based methods explain “where”
important features exist in the input by generating saliency or heatmaps that assign importance
scores to individual pixels or regions, helping visualize their contribution to the model’s decision.
These include perturbation-based methods [29] and class activation maps [26], which consist of both
gradient-based [47, 51, 53] and gradient-free approaches [44, 56, 61]. In contrast, non-attribution-
based approaches explain “why” a decision was made without relying on importance scores, instead
using techniques such as concept-based (ACE [23], TCAV [32], CBM [33]), prototype-based [15, 16],
or counterfactual-based [7, 12, 24, 52] methods to analyze model behavior from different perspectives.
These approaches also differ in how explanations are obtained and which architectures they can be
applied to. Attribution-based methods typically provide post-hoc, local explanations by offering
input-specific insights into black-box CNN models after training. In contrast, non-attribution-based
methods are generally inherently interpretable by design, promoting transparency and enabling global
understanding of the model’s decision-making process across the entire dataset [45]. However, in
some cases, self-explainable models may be less effective for complex tasks, highlighting a tradeoff
between interpretability and performance, where increasing transparency may sometimes come at the
cost of classification performance [57].

Our method, SoftCAM, relies on an explicit class-evidence layer based on convolutional operations
for classification, offering class-specific, attribution-based explanations while remaining inherently
interpretable, unlike post-hoc approaches. Moreover, it maintains predictive performance comparable
to its corresponding non-interpretable black-box models. Closely related work includes [6] and [18].
In [6], a dual-branch approach is used, where one branch leverages a traditional black-box CNN model
(ResNet-18) for classification, and the second branch uses weight-sharing for post-hoc explanations,
requiring two forward passes for inference. In the second branch for post-hoc explanation, the global
average pooling layer (GAP) is removed, and the linear classifier is replaced by convolutional layers
that share weights during inference to generate class-specific activation maps. In contrast, SoftCAM is
trained end-to-end, providing both predictions and explanations in a single forward pass, eliminating
the need for additional computational overhead or weight sharing. Furthermore, while [18] uses
explicit class-evidence maps to enhance the explanation of a self-explainable bag-of-local-feature
model (BagNet [13]), our method transforms black-box models into self-explainable models. We
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evaluated our approach on a range of medical datasets, comparing the resulting explanations to various
post-hoc attribution-based methods, including both gradient-free and gradient-based techniques.

3 Method

Preliminaries Given an input image X ∈ RHX×WX×CX with height HX , width WX , and the
number of channels CX , consider a CNN network fθ that maps X to a probability distribution
ŷ = fθ(X) ∈ RC , where C is the number of classes, and yc ∈ y represents the predicted probability
for class c. The network consists of a feature extractor gϕ, and a classifier layer hψ, with learnable
parameters ϕ and ψ. The feature extractor generates a feature map Z = gϕ(X) ∈ RN×M×D,
where N ×M denotes the spatial size and D is the feature dimension (e.g., D = 2048 for most
ResNet variants). The classifier then predicts the final output based on the extracted features. Let
A = {Ak}Dk=1, the set of activation maps obtained from the feature extractor, where Ak is the
activation of the k-th neuron. Let, ScMap ∈ RN×M be the 2D saliency map, providing a visual
explanation of the model’s prediction for class c. This paper explores how to train self-explainable
CNNs to simultaneously generate both the prediction yc and its corresponding explanation ScMap.

Traditional CNN architectures employ a GAP layer to reduce the feature map to 1 ×D, followed by
a classification module consisting of one or more linear fully connected layers (FCLs) to generate the
final prediction. Post-hoc methods are then typically used to explain the model’s decision.

3.1 CAM-based methods

Class Activation Maps (CAMs) [61] are closely related to our approach, offering local visual
explanations of CNN predictions by generating saliency maps for individual inputs. CAM achieves
this by linearly combining the feature maps from the final convolutional layers with importance
coefficients from the FCL classifier, thereby producing class-wise attribution maps as follows:

ScCAM(x1, x2) =
D∑

k=1

wckAk(x1, x2), (1)

where Ak(x1, x2) is the activation of neuron k in the feature map at spatial location (x1, x2), and wck
denotes the importance weight associated with class c for unit k in the fully connected layer.

Originally, CAM was designed for CNNs with GAP and FCL, but has been extended to gradient-
based methods using class score gradients to compute importance weights [14, 47, 48]. This
extension enabled CAM-based techniques to be applied to a broader range of CNN architectures,
particularly those where the GAP layer is followed by multiple FCLs, as seen in models like VGG
[49] and InceptionV3 [54]. For example, GradCAM [47] extends the original CAM approach by
backpropagating the gradient from a target class to the input layer to highlight the image regions that
strongly influence the model’s prediction. GradCAM is formulated as

ScGrad-CAM(x1, x2) = ReLU

(
D∑

k=1

wckAk(x1, x2)

)
, (2)

where the weight coefficients are computed as wck = 1
N×M

∑N
i

∑N
j

∂yc

∂Ak(i,j)
. Here, Ak(i, j) is the

activation value at location (i, j) on Ak, and the rectified linear unit (ReLU) is applied to ensure
that the final activation map considers only the features that positively influence class c. Following
GradCAM, several variations have been proposed, including gradient-based approaches such as
SmoothGrad [50], GradCAM++ [14], guided-backpropagation [51], and integrated gradients [53], as
well as gradient-free methods like ScoreCAM [56], LayerCAM [30], and OptiCAM [59]. Gradient-
based methods primarily differ in how gradients are aggregated to compute importance weights,
while gradient-free methods mainly vary in how the weights are computed.

Despite the success of class activation map-based methods in explaining CNN classifiers, including
medical applications [8], they have a key limitation: they rely on already trained models and provide
post-hoc explanations, which may not accurately reflect the model’s true decision-making process.
Additionally, gradient-based methods face inherent challenges such as gradient saturation, where
DNN gradients tend to diminish, and false confidence, where the highest activation map weight does

3



L(y, p𝑦) = CE(y, p𝑦) + 𝜆1
∑

𝑖, 𝑗 ,𝑐 |A𝑖 𝑗
𝑐 | + 𝜆2

∑
𝑖, 𝑗 ,𝑐 ∥A𝑖 𝑗

𝑐 ∥2

CNN
Backbone

N ×M ×D

Conv2D
C × 1 × 1

N ×M × C

∑
1 × C

a b

𝑔Φ(.)

c

Z

d

ℎ𝜓(Z) A

e f g

Figure 1: Overview of softCAM for making black-box CNNs inherently interpretable. (a) Input
image. (b) The CNN backbone consists of all layers before the global average pooling layer. (c)
Feature map generated by the backbone. (d) Classifier module with C convolutional kernels of size
1 × 1. (e) Self-explainable class activation maps A, obtained from the classifier with ElasticNet
penalty applied to it to enhance interpretability. (f) Final predictions are derived directly from the
evidence maps via spatial average pooling followed by the softmax function. Class-specific evidence
maps (g) are upsampled and overlaid on the input to visualize the model’s decision-making process.

not necessarily correspond to the greatest increase in confidence [56]. On the other hand, gradient-free
methods are computationally and memory-intensive, as they often require multiple forward passes on
perturbed inputs. Finally, CAM-based methods are easy to implement in CNNs with clearly defined
spatial feature maps, but face challenges in multi-branch architectures like InceptionV3 due to the
complexity of integrating diverse feature maps from parallel convolutional paths.

3.2 Improving CAMs for self-explanability

Motivated by the limitations of post-hoc class activation map-based methods in interpreting CNN
classifiers, we introduce SoftCAM (Fig. 1), a straightforward modification of black-box CNN clas-
sifiers that makes them self-explainable and inherently interpretable. SoftCAM achieves this by
replacing the fully connected classification layer in classical CNNs with an explicit class-evidence
convolutional layer, preserving spatial information and providing explanations in a single forward
pass, eliminating the need and computational overhead for post-hoc techniques.

We make black-box CNN architectures self-explainable by modifying how predictions are obtained.
Any FCL of size b1 × b2, where b1 and b2 denote the number of input and output features, respec-
tively, can be equivalently expressed as a 1 × 1 convolutional layer with b1 input channels and b2
output channels [18]. This allows us to replace FCL classifiers in standard CNN architectures with
convolutions, removing the GAP layer before classification, while preserving model complexity and
spatial localization. The new classifier module h consists of convolutional layers (Fig. 1d) with C
convolution kernels of size 1 × 1 and unit stride, producing class evidence maps (Fig. 1e)

A = hψ(Z) ∈ RM×N×C , (3)

where ψ is a learnable parameter. Indeed, hψ can be viewed as an explainable, soft generalization of
classical post-hoc attribution methods (Eq. 1, 2), mapping the low-dimensional feature volume Z into
an interpretable, class-wise activation volume A whose reduced channel dimension corresponds to
the number of target classes. Unlike CAM (Eq. 1) and GradCAM (Eq. 2), which generate post-hoc
heuristic explanations, our approach leverages the feature map volume from the backbone and applies
a parameterized function hψ to directly produce class activation maps that are used for prediction. In
contrast to classical CAM-based methods, the importance weights are not explicitly defined but are
implicitly learned and encoded within the classifier’s parameters.

The resulting architecture is a fully convolutional, self-explainable model, where the final predicted
probabilities are computed from the evidence map (Fig.1e), without introducing additional parameters:

ŷ = Softmax
(

AvgPool
(
hψ
(
gΦ(X)

)))
∈ R1×C . (4)
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Additionally, the class evidence maps A serve as built-in explanations, directly representing the
contribution of individual input regions to the final prediction (Fig. 1g). Replacing linear FCL
layers with convolutional operations offers several advantages. Due to the shift-invariance and
position-agnostic properties of CNNs, all image regions are weighted equally when forming the final
classification (Fig. 1f). As a result, input feature patches with high activations in the evidence maps
contribute most significantly and linearly to the prediction. This behavior mirrors that of simple linear
models, where each value in the activation map has a direct and interpretable impact on the output.

3.3 Regularizing SoftCAM for interpretability

By using explicit class-evidence maps, the model can be trained directly with regularization applied to
these maps to enhance interpretability. In practice, we apply an ElasticNet regularization [62], which
linearly combines the ℓ1 (Lasso) and ℓ2 (Ridge) penalties, leading to the following loss function:

L(y, ŷ) = CE(y, ŷ) + λ1
∑

i,j,c

|Aij
c | + λ2

∑

i,j,c

||Aij
c ||2. (5)

Here, CE denotes the cross-entropy loss, and y represents the reference class labels. When λ2 = 0,
the ElasticNet penalty becomes the Lasso penalty, which promotes sparsity in the class evidence
maps [18] by removing less informative activations, making it particularly useful for tasks where
precision in explanations is crucial. In contrast, when λ1 = 0, the ElasticNet reduces to the Ridge
penalty, which reduces irrelevant activations without forcing them to zero, which is beneficial when
minimizing false negatives is a priority. ElasticNet thus provides a balance between Lasso and Ridge
penalties, balancing sparsity and smoothness in the resulting activation maps.

Visualizing explanations. The evidence map generated by SoftCAM is upsampled to the input
resolution for visualization (Fig. 1g). Like most CAM-based methods, such as GradCAM [47],
ScoreCAM [56], and LayerCAM [30] that operate on the final convolutional layer, SoftCAM’s
explanations are limited by the resolution of the backbone (e.g., 16×16 for VGG-16/ResNet-50 with
512×512 input) due to pooling and striding, leading to lower-resolution saliency maps. However, by
introducing the class evidence and classification layer directly atop features, SoftCAM regularizes the
evidence map, making it less coarse and thereby enhancing localization. In contrast, gradient-based
methods like Integrated Gradients [53] and Guided Backpropagation [51] produce high-resolution
saliency maps by computing pixel-level gradients, which may lead to noisy maps, especially when
the region of interest spans a broader area, as commonly observed in Chest X-ray images.

Comparison with other approaches. Unlike post-hoc attribution-based approaches, our method is
inherently interpretable from the classification layer and maintains performance comparable to its
black-box counterpart, without a significant trade-off, even when regularization is applied to enhance
explainability. Compared to [18], our method extends from the concept of interpretable bag-of-local
models to general black-box CNN architectures and generalizes the regularization from Lasso to
ElasticNet, with extensive evaluations across multiple datasets using a broad range of explanability
metrics. Compared to [6], our method is trained end-to-end and does not require post-hoc processing,
weight sharing between branches, or an additional forward pass to generate explanations.

4 Experimental setup

Datasets. We evaluated our approach on three publicly available medical datasets spanning three
imaging modalities: the Kaggle Diabetic Retinopathy (DR) [20], Retinal OCT [31], and the RSNA
Chest X-Ray (CXR) [1]. The first dataset comprised high-resolution retinal color fundus images, each
labeled with a DR severity score ranging from 0 (No DR) to 4 (Proliferative DR). The second dataset
included retinal OCT B-scans images categorized into Drusen, Diabetic macular edema, Choroidal
neovascularization, and Normal cases. The final dataset consisted of high-resolution frontal-view
chest radiographs labeled for pneumonia detection, with bounding box annotations for pneumonia
cases. Additionally, lesion annotations were obtained for 65 DR images from the Kaggle dataset
[17] and 40 Drusen images from the retinal OCT dataset [16]. Each dataset was split into training,
validation, and test sets using different dataset-specific train-validation-test proportions, ensuring that
all samples from the same patient were assigned to the same split to prevent data leakage. For full
details, see Appendix A.1.
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Table 1: Classification performance for binary disease detection on the test sets. We denote the
SoftCAM versions of ResNet and VGG with a ∗.

Kaggle Fundus OCT retinal RSNA CXR
Binary Multi-class Binary Multi-class Binary

Acc. AUC Acc. κ Acc. AUC Acc. κ Acc. AUC
VGG-16 0.907 0.938 0.863 0.835 0.994 1.0 0.967 0.955 0.952 0.989
dense VGG∗ 0.915 0.942 0.861 0.834 0.994 1.0 0.963 0.947 0.957 0.999
sparse VGG∗ 0.911 0.938 0.859 0.827 0.988 0.999 0.947 0.929 0.953 0.990
ResNet-50 0.899 0.923 0.850 0.800 0.994 0.999 0.970 0.963 0.953 0.988
dense ResNet∗ 0.899 0.926 0.851 0.811 0.994 1.0 0.974 0.960 0.942 0.983
sparse ResNet∗ 0.895 0.923 0.851 0.801 0.996 1.0 0.963 0.955 0.941 0.979

Baseline models. The effectiveness of our method was evaluated using two widely used black-box
CNN architectures: ResNet-50 [25] and VGG-16 [49]. They differ primarily in the design of their
classification heads, where ResNet employs a single fully connected layer, while VGG uses multiple.
In both models, we explicitly replaced the classification head with our convolutional evidence map
layer, adapting the architecture to enable interpretability (see Appendix A.2). The models were
sourced from Torchvision [36], initialized with pre-trained weights from ImageNet, and fine-tuned
using a consistent setup1. Training was performed over 70 epochs with a mini-batch size of 16 on an
NVIDIA A40 GPU using PyTorch [42]. A range of data augmentation and preprocessing techniques
was applied (see Appendix A.3). For complete training details, see Appendix A.4.

Baseline CAM-based methods. We qualitatively and quantitatively assessed the explanations
generated by our method (SoftCAM) against post-hoc explanation techniques from several state-of-
the-art class attribution map-based methods, applied to their respective black-box models. Specifically,
we compared our approach with gradient-based methods, including GradCAM [47], Integrated
Gradient (Itgd Grad.) [53], Guided Backpropagation (Guided BP) [51], as well as gradient-free
methods such as ScoreCAM [56] and LayerCAM ([30]). Guided BP and Itgd Grad. have consistently
performed well in producing saliency maps for explaining black-box CNN classifiers on retinal images
[8, 17], while GradCAM has shown strong localization performance for chest X-ray interpretation
[46]. Gradient-based methods were implemented from Captum [34], whereas gradient-free methods
were implemented via TorchCAM [21]. For full descriptions of these methods, see Appendix A.5.

Evaluation metrics. Models were evaluated on both classification performance and explainability.
For binary tasks, performance was measured using accuracy and AUC, while for multi-class tasks,
accuracy and the quadratic Cohen’s kappa score were used. AUC reflects class separability, whereas
the kappa score captures agreement beyond chance. To assess explainability, we employed several
quantitative metrics: Top-k localization precision [18], activation precision [9, 43], activation consis-
tency [18], and faithfulness [16, 39]. We further extended activation precision to define activation
sensitivity. For full descriptions of the explainability metrics, see Appendix B.

5 Results

5.1 Making black box CNNs self-explainable maintains classification performance

We first evaluated our method on clinically relevant classification tasks, including retinal disease
classification from color fundus and OCT retinal images, as well as pneumonia detection from
chest X-rays. For the fundus and OCT retinal datasets, both binary classification ({0} vs. {1-4}
for fundus and Normal vs. Drusen for OCT) and multi-class classification tasks were considered,
as reference labels were available. In contrast, the RSNA CXR dataset only included labels for
pneumonia detection, restricting the evaluation to the binary task. For each CNN architecture, the
“dense” model corresponds to our method without regularization (λ1 = λ2 = 0), while the “sparse”
model is obtained by applying a lasso penalty (λ2 = 0) and choosing an appropriate value for λ1 (e.g.
λ1 = 1.10−6 for VGG and λ1 = 5.10−5 for ResNet on the fundus dataset). The sparsity parameter
was selected by balancing classification accuracy and AUC on the validation set (see Appendix C).

1Our code with datasets is available at https://anonymous.4open.science/r/SoftCAM-E1A3/
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Figure 2: Example explanations generated by different methods from ResNet-50. The first column
shows disease images with reference annotations, indicated by green markers or bounding boxes.
Each row, from top to bottom, corresponds to fundus, OCT, and Chest X-ray images, respectively. The
next five columns present saliency maps generated by post-hoc explanation methods, gradient-free
(ScoreCAM, LayerCAM) and gradient-based (GradCAM, Guided BP, Itgd Grad). The final two
columns showcase our proposed inherently interpretable dense and sparse SoftCAM explanations.

Our results show that SoftCAM models, which use explicit self-explainable class evidence maps,
preserve classification performance comparable to their corresponding black-box counterparts (Tab. 1).
Moreover, introducing the Lasso regularization penalty on the class evidence map did not significantly
degrade performance; in some cases, it even led to slight improvement. These findings suggest that
using convolutional layers in the classification head is an effective and promising approach for
developing high-performing, self-explainable CNN models.

5.2 SoftCAM provides inherently interpretable visual explanations

We qualitatively compared the evidence maps of SoftCAM variants with saliency maps generated
by the five state-of-the-art CAM-based methods. Overall, our method produced more visually
interpretable maps with high evidence regions centered on annotated lesions (Fig. 2). We observed
that the regions highlighted by the sparse SoftCAM models are mostly a subset of those identified
by the dense SoftCAM, reflecting the effect of the sparsity constraint. Additional results, including
those for VGG-16 and other illustrative examples, are provided in Appendix D.1.

On healthy images, sparse SoftCAM evidence maps exhibited overall more negative activations,
in contrast to the positive activations observed on disease images. To assess this quantitatively,
we computed the activation consistency [18], calculating the proportion of positive and negative
activations across disease and healthy samples. These findings were consistent with the qualitative
observations (e.g. dense vs. sparse SoftCAM on the fundus dataset using ResNet: 0.55 vs. 0.27 for
the proportion of positive activation on disease images). For full analysis, see Appendix D.2.

5.3 SoftCAM provides localized and faithful explanations

To quantitatively assess the explanations provided by our SoftCAM evidence maps in comparison
to post-hoc saliency methods, we first evaluated their localization precision, which measures how
well the highlighted regions in the explanation maps align with human-annotated ground truth.
Following [18], we computed the Top-k (k=30) localization precision by upsampling each explanation
map to the input resolution, splitting it into non-overlapping 33x33 patches, and calculating the
proportion of positively activated patches that overlap with ground truth annotations. Despite
being inherently interpretable, SoftCAM explanations performed competitively overall in terms of
localization precision (Fig. 3; Appendix D.3). Notably, the sparse SoftCAM with the ResNet backbone
outperformed all other methods with the highest top-k precision (see Appendix D.3, D.4), and ranked
second only in top-3 precision on the fundus dataset (Fig. 3), behind Guided BP, which benefits from
high-resolution saliency maps. Furthermore, we observed that SoftCAM typically achieved higher
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Figure 3: Quantitative evaluation of explanations generated by different methods. The first row
shows the localization precision of the saliency maps on the Fundus and OCT datasets, evaluated
against their respective ground truth. The second row presents the sensitivity analysis assessing the
faithfulness of the generated explanations. Columns a,b show ResNet results, while c,d correspond to
VGG. Higher precision means better localization; lower sensitivity implies more reliable explanations.

precision with fewer top-K regions, particularly on the Fundus and OCT datasets. This suggests that
SoftCAM more consistently highlighted fewer, yet truly relevant regions, whereas post-hoc methods
tended to produce broader and less specific activations, resulting in higher false-positive rates.

Subsequently, we evaluated the faithfulness (also referred to as sensitivity) of the evidence maps
generated by our SoftCAM approach, in comparison to post-hoc saliency maps. Sensitivity analysis
evaluates how much the highly activated regions in an explanation map contribute to the model’s
prediction [39], thereby assessing whether the highlighted areas actually influence the model’s
decision-making process. To do this, we split the input images into non-overlapping 33x33 patches,
then progressively removed the top-ranked patches (based on attribution scores) and observed the
relative change in model confidence. We conducted this evaluation on samples that were correctly
predicted by both the black-box CNNs and their corresponding dense and sparse SoftCAM variants
in the test sets. We found that the sparse SoftCAM generally outperformed other methods, notably
on the OCT and RSNA datasets (Fig. 3; Appendix D.3, D.4). On the fundus dataset, both the dense
and sparse SoftCAM models performed slightly below the best-performing post-hoc methods, with
Guided BP yielding the highest sensitivity scores, followed by Integrated Gradients (Fig. 3). On the
OCT dataset, sparse and dense SoftCAM outperformed all post-hoc methods when using the ResNet
model and ranked second and third, respectively, with the VGG model. Finally, on the RSNA dataset,
sparse SoftCAM achieved the best sensitivity scores, outperforming all other methods, while dense
SoftCAM ranked second with ResNet and third with VGG (see Appendix D.4).

5.4 Ridge regularization improves explanation for large disease regions

Since the CXR dataset provided larger bounding boxes localizing disease regions, unlike the point-
wise lesion annotations available in the fundus and OCT datasets, we computed activation precision
[9, 43], which measures the proportion of the class-guided explanation that fall within the ground-
truth bounding boxes, emphasizing precision by penalizing only false positives. However, it does
not account for sensitivity or penalize false negatives. To address this limitation, we extended this
metric to activation sensitivity (see Appendix B.2), which penalizes false negatives to better assess
the explanation completeness, especially important in clinical imaging tasks where missing relevant
regions can be critical, such as in multi-focal infectious diseases like pneumonia like pneumonia
[37]. We further investigated how different regularization strategies affect explanation quality. While
Lasso regularization promoted sparsity by shrinking some activations to zeros, ridge regularization
encouraged small (but nonzero) values, resulting in denser evidence maps. To evaluate this, we trained
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Figure 4: Example of localization evaluation on the CXR dataset for pneumonia detection. The
first row shows saliency maps generated by different methods from the ResNet model, and the second
row from the VGG model. Ground-truth bounding boxes are overlaid on each map, with the top-right
value indicating the activation precision, while the top-left value indicates the activation sensitivity.

a ridge SoftCAM model (λ1 = 0) and compared its performance to dense and sparse SoftCAM,
as well as to the post-hoc explanation methods. The ridge penalty values were selected to balance
classification performance (λ2 = 7.10−5 vs. λ2 = 2.10−4 for ResNet and VGG; see Appendix E.1).

Under comparable classification performance (Acc.=0.95 for Ridge ResNet*, and VGG*), we found
that all SoftCAM variants (dense, sparse, and ridge) generally outperformed the evaluated posthoc
methods in both activation precision and activation sensitivity (Fig. 4; Appendix E.2, E.3). Specifically,
sparse SoftCAM achieved the highest activation precision, while ridge SoftCAM excelled in activation
sensitivity. Dense SoftCAM consistently performed in between, underscoring the importance of
balancing lasso and ridge regularization via ElasticNet to adapt to varying interpretability needs.

5.5 SoftCAM provides resource-efficient and faithful explanations for multi-class tasks

Finally, we extended our method to the multi-class setting for retinal disease diagnosis. We retrained
the same training setup as for the binary tasks, adjusting the output classes in the evidence layer to 5
for DR grading (fundus dataset) and 4 for retinal disease classification (OCT dataset). Given the small
size of retinal lesions, we used Lasso regularization, selecting λ1 values that balanced performance
(e.g. λ1 = 9.10−4 vs. λ1 = 3.10−6 for ResNet and VGG on the OCT dataset; Appendix F.1). Both
dense and sparse models achieved performance comparable to their respective black-box baselines
(Tab.1), with a slight improvement in Kappa on the fundus dataset when using the ResNet backbone.

As no ground-truth lesion annotations were available for the multi-class tasks, we evaluated the
faithfulness of the explanations by measuring their contribution to model predictions. For correctly
classified test samples, we progressively removed top-k (k = 30) ranked patches (based on the
explanation maps; see Sec.5.3) and tracked the average drop in class confidence. In both tasks, the
dense and sparse SoftCAM achieved superior performance, with sparse SoftCAM yielding the lowest
area under the deletion curve, indicating the highest faithfulness (see Appendix F.2, F.3).

Notably, the sparse SoftCAM produced class-wise explanations that aligned well with class model
confidence, showing minimal evidence in healthy classes (Fig.5; Appendix F.4, F.5 for VGG and more
examples). In the case of DR detection, a progressive disease, it is expected that images labeled with
grade x, where 1 < x < 5, may still exhibit features from earlier stages, consistent with explanations.
Unlike post-hoc CAM-based methods, which require backpropagation or perturbation for each class,
SoftCAM generates class-specific explanations during prediction in a single forward pass, making it
more resource-efficient.

6 Discussion

Here, we introduced SoftCAM, a straightforward yet effective approach for transforming black-box
CNN models into inherently interpretable architectures. We tested SoftCAM on a diverse range of
medical imaging tasks, including color fundus photographs, retinal OCT scans, and Chest X-rays
for disease diagnosis. Importantly, SoftCAM-variants maintained performance comparable to that
of the original CNN models for classification and generally outperformed post-hoc explainability
techniques. SoftCAM produces explicit class evidence maps that directly contribute to the model’s
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Figure 5: Examples of multi-class explanations using ResNet. For a severe DR example from the
Kaggle dataset, the first row shows class-specific dense SoftCAM evidence map explanations, while
the second presents explanations from the sparse SoftCAM.

prediction. This integration enables single forward-pass generation of explanations aligned with the
classification output, resulting in resource-efficient and self-explainable CNNs.

We evaluated our method for two widely used CNN backbones: ResNet-50 and VGG-16, assessing
both classification performance and explainability. Despite some differences, both ResNet and VGG
models employ large receptive fields, resulting in low-resolution feature maps. Consequently, the
class-evidence layer operates on coarse feature maps, producing coarse-grained explanations. In the
future, we could explore the integration of SoftCAM with other standard architectures like ViT [19].

Our work presents a major step forward in the development of powerful self-explainable models,
demonstrating that interpretable-by-design architectures can preserve, and in some cases even improve
upon, the classification performance of state-of-the-art models by modifying standard, well-tested
CNN architectures without the need for complicated additional concepts such as prototypes [15].
Beyond performance, SoftCAM provides deeper insights into the model-decision-making process,
offering a powerful tool for understanding mistakes and detecting spurious correlations, without
relying on widely used post-hoc explanation methods. By leveraging ElasticNet regularization, which
is task-specific, user can flexibly balance localization precision and sensitivity according to their
application needs. This is especially relevant for CNN-based classifiers deployed in high-stakes
decision-making contexts. We hope this contribution will pave the way toward designing more
accurate and interpretable CNN models, ultimately fostering trust, adoption, and integration in critical
real-world settings such as in medicine.
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A Implementation Details

A.1 Datasets

We evaluate our approach on three publicly available medical imaging datasets spanning three
different modalities: the Kaggle Diabetic Retinopathy (DR) [20], the Retinal OCT dataset [31], and
the RSNA Chest X-ray (CXR) dataset [1].

• Kaggle DR Dataset. This dataset comprises 88, 702 high-resolution retinal fundus images
labeled for DR severity on a 5-point scale from 0 (No DR) to 4 (Proliferative DR). After
applying an automated quality filtering pipeline using an ensemble of EfficientNet models
[55] trained on the ISBI20202 challenge dataset, we retained 45, 923 images from 28, 984
subjects. The resulting class distribution was 73% (class 0), 15%, 8%, 3%, and 1%. For
binary classification (early DR detection), we grouped class {0} vs. {1,2,3,4}, yielding an
imbalance of 73% vs. 27%. Additionally, lesion annotations for 65 images were obtained
from [17] for evaluating the model’s explanations at localizing DR-related lesions.

• Retinal OCT Dataset. This dataset consists of 108, 315 B-scans categorized into four
classes: Drusen, Diabetic macular edema (DME), Choroidal neovascularization (CNV), and
Normal. A separate test set of 1, 000 B-scans is provided. Following [16], we excluded
low-resolution scans (width ≤ 496). As preliminary experiments showed that using the
full dataset did not significantly improve performance, we subsampled the training set
(by randomly removing half of the healthy images [16]) to 34, 962 scans (8, 616 Drusen,
26, 346 Normal) for binary classification (Drusen vs. Normal), preserving the original
class imbalance (73% vs 27%). Additionally, we used 40 drusen-annotated B-scans from
[16] to evaluate the model’s explanations at localizing drusen lesions. For the multi-class
classification task, the training was randomly reduced to 17, 200 images while maintaining
the original class distribution: 45% Normal, 34% CNV, 10% DME, and 9% Drusen.

• RSNA Chest X-ray Dataset. This dataset includes 30, 227 frontal-view chest radiographs
labeled as “Normal”, “No Opacity/Not Normal”, and “Opacity” (indicative of pneumonia).
Pneumonia cases come with bounding box annotations, which facilitate the evaluation of the
model’s explanations. For our binary classification task, we selected images labeled as either
“Normal” or “Opacity”, resulting in 14, 863 images with a 60% vs. 40% class distribution.

Each dataset was split into training (75%), validation (10%), and test (15%) sets, except for the
Retinal OCT dataset, which followed an 80%-20% training-validation split, due to its predefined test
set ( 250 images per class). All training splits used in our experiments are provided in CSV format
and publicly available via the project’s GitHub3 repository.

A.2 Baseline models

The effectiveness of our method was evaluated using two widely adopted black-box CNN architec-
tures: ResNet-50 [25] and VGG-16 [49]. These models were chosen due to their distinct architectures,
such as depth, theoretical receptive field size, and classification head design, which allow for a broad
assessment of our method’s generalizability. In both models, the standard classification head was
replaced with our proposed convolutional evidence map layer to enable inherent interpretability. For
ResNet50, we removed the global average pooling layer and final fully connected layer, substituting
them with a class evidence layer consisting of C convolutional filters (1 × 1, stride 1), where C is the
number of output classes. This layer directly produces class-specific evidence maps (Sec. 3.2).

For VGG-16, which uses a series of fully connected layers (FCLs) in its classifier head, each FCL
was replaced by an equivalent 1 × 1 convolutional layer. Specifically, an FCL of size b1 × b2 was
transformed into a convolutional layer of size b1 × b2 × 1 times1, preserving the original parameter
count and model capacity. These architectural adjustments maintain model complexity and capacity
while introducing interpretability directly into the classification mechanism.

2https://isbi.deepdr.org/challenge2.html
3Code and CSV files are available at https://anonymous.4open.science/r/SoftCAM-E1A3/
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A.3 Data preprocessing

Fundus images were preprocessed by cropping them to a square shape using a circle-fitting method
as described in [38]. All datasets were then resized to 512 × 512 pixels, except for the retinal OCT
dataset, which was resized to 496×496 to better match its original lower resolution. Image intensities
were normalized using the mean and standard deviation computed from the respective training sets.

During training, consistent data augmentation strategies were applied across all datasets. These
included flipping, rotation, random cropping, and translation, each applied with a fixed probability.
For the Kaggle dataset, which contains color fundus images, additional color augmentations were
introduced to improve generalization.

A.4 Training setup

All models were obtained from Torchvision and initialized with pretrained ImageNet weights. They
were subsequently fine-tuned on each dataset using a consistent training setup. Following [16, 18], we
employed the cross-entropy loss function and optimized model parameters using stochastic gradient
descent (SGD) with Nesterov momentum (momentum factor of 0.9). The initial learning rate was set
to 1.10-3, and a clipped cosine annealing learning rate scheduling was applied with the minimum
learning rate set to 1.10-4. Weight decay was set to 5.10-4. Training was conducted for 70 epochs
with a mini-batch size of 16 on an NVIDIA A40 GPU using PyTorch [42].

A.5 Baseline CAM-based methods

Gradient-based methods primarily differ in how gradients are aggregated to compute importance
weights, while gradient-free methods mainly vary in how the weights are computed.

ScoreCAM [56]. A gradient-free method that eliminates the need for gradient information by
assessing the importance of each activation map based on its forward-pass contribution to the target
class score, and produces the final output via a weighted sum of these maps.

LayerCAM [30]. A gradient-based method that generates class activation maps by leveraging the
element-wise product of ReLU-activated gradients and feature maps at any convolutional layer,
enabling fine-grained, spatially precise visual explanations without requiring global average pooling.

GradCAM [47]. A gradient-based approach that uses the gradients of the target class flowing into
the final convolutional layer to produce a coarse localization map, highlighting important regions in
the image by upsampling the resulting map.

Guided backpropagation (Guided BP) [51]. A gradient-based approach that modifies the standard
backpropagation process to propagate only positive gradients through positive activations, producing
fine-grained visualizations that highlight features strongly activating specific neurons in relation to
the target output.

Integrated Gradient (Itgt Grad.) [53]. A gradient-based method that attributes model predictions
to input features by computing the path integral of gradients along a straight-line path from a baseline
to the actual input, yielding fine-grained explanations.

B Explainability metrics

B.1 Activation consistency

The activation consistency [18] quantifies how well local explanations (e.g., individual activations
within explanation maps) globally reflect the disease and healthy samples across a dataset. Specifically,
it measures whether the activation patterns in the explanation maps consistently reflect the underlying
disease or healthy class labels.

Following [18], we evaluated activation consistency by computing the proportion of positive activa-
tions (indicative of disease evidence) in saliency maps of disease samples, and negative activations
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(indicative of the absence of disease) in those of healthy samples. These proportions were calculated
over the test set to assess whether the heatmaps consistently highlight pathological features in diseased
cases and suppress activations in healthy ones. This metric thus captures the alignment between the
semantic meaning of activations and the ground truth labels, offering a dataset-level evaluation of the
coherence of local explanations with the global classification objective.

B.2 Activation precision and activation sensitivity

Let X = {X}ni=1 denote a set of input images, M = {M}ni=1 the corresponding binary segmentation
masks, and S = {S}ni=1 the associated explanation or saliency maps generated by any method.
Activation precision measures the proportion of the saliency map’s positive mass that lies within the
annotated region (the segmentation mask) [9, 43]. To compute it, saliency maps are first preprocessed
by setting negative values to zero while retaining all positive values. This highlights how much of the
explanation signal aligns with human-annotated ground truth, effectively quantifying the precision of
an explainability method. The activation precision is defined as:

AP (M,S) =

∑
M,S

∑
i,jMi,j .Si,j∑
i,j Si,j

. (6)

However, activation precision does not penalize false-negative (i.e. missed relevant regions). To
address this, we introduce activation sensitivity, which captures the completeness of the explanation
by evaluating how much of the annotated region is covered by the saliency map. The activation
precision is defined as:

AS(M,S) =

∑
M,S

∑
i,jMi,j .Si,j∑
i,jMi,j

. (7)

Unlike activation precision, activation sensitivity penalizes low saliency values within the mask. For
example, if Mi,j = 1 but 0 < Si,j < 1, the low activation will contribute little to the numerator,
reflecting reduced confidence in that region. This makes activation sensitivity especially relevant in
clinical tasks where completeness is critical, such as identifying multi-focal infectious diseases like
pneumonia [37].

B.3 Top-k localization precison

Top-k localization precision [18] measures the ability of an explanation map to correctly highlight
salient regions that overlap with ground-truth annotations. Specifically, it quantifies the proportion of
the top-k positively activated regions within an explanation that match with annotated areas. In our
implementation, each explanation map is first upsampled to the input resolution and then split into
non-overlapping patches of size 33 × 33. These patches are ranked based on their average activation,
and the top-k (k=30) most salient patches are selected. The precision is then computed as the fraction
of these patches that overlap with the annotated ground-truth regions.

This metric can be viewed as a generalization of the pointing game metric [60], where only the
single most activated region (top-1) is considered, to multiple regions, making it more suitable for
medical imaging tasks. In such contexts, disease-relevant features (e.g., retinal lesions or pathological
markers) are often spatially distributed across the image, rather than confined to a single localized
area.

B.4 Failthfulness

Faithfulness, also referred to as sensitivity or fidelity [39], is a widely used metric to evaluate how
accurately an explanation reflects the model’s true decision-making process. It assesses whether the
importance scores (attributions) assigned to input features correspond to the actual impact of those
features on the model’s prediction.

In our implementation, we focus on correctly classified samples from the test set. For each, the
corresponding explanation map is upsampled to the input resolution and split into non-overlapping
patches of size 33 × 33. These patches are ranked based on their mean activation values, and the
top-k (k=30) most salient patches are iteratively occluded. After each occlusion step, we recorded
the relative drop in the model’s confidence score for the predicted class. This process yields a
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deletion curve, from which we compute the Area Under the Deletion Curve (AUDC). A lower AUDC
indicates a more faithful explanation, as it reflects a greater decline in model confidence when the
most important regions (as indicated by the explanation map) are removed, suggesting that those
regions were indeed critical to the model’s prediction.

C Effect of Lasso regularization on model performance for the binary tasks

The Lasso regularization coefficient λ1 in Eq. 5 controls the sparsity of the class evidence map,
encouraging the model to localize disease regions with high precision. For each task, λ1 was selected
based on a trade-off between accuracy and AUC on the corresponding validation set, choosing the
highest values for which classification performance did not degrade significantly.
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Figure 6: Model selection on validation sets under varying Lasso regularization strengths. The
regularization coefficient λ influences model performance, with notable effects on some datasets
but minimal impact on the OCT dataset. The red markers indicate the selected λ values, chosen to
balance sparsity and classification performance.
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D Additionnal Results

D.1 SoftCAM provides inherently interpretable visual explanations

ScoreCAM LayerCAM GradCAM Guided BP Itgd Grad. dense SoftCAM sparse SoftCAM

Figure 7: Example explanations generated by different methods from VGG-16. The first column
shows disease images with reference annotations, indicated by green markers or bounding boxes.
Each row, from top to bottom, corresponds to fundus, OCT, and Chest X-ray images, respectively. The
next five columns present saliency maps generated by post-hoc explanation methods, gradient-free
(ScoreCAM, LayerCAM) and gradient-based (GradCAM, Guided BP, Itgd Grad). The final two
columns showcase our proposed inherently interpretable dense and sparse SoftCAM explanations.
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Figure 8: Additional example explanations of disease images from the ResNet model.
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ScoreCAM LayerCAM GradCAM Guided BP Itgd Grad. dense SoftCAM sparse SoftCAM

Figure 9: Additional example explanations of disease images from the VGG model.

D.2 Activation consistency

We quantify activation consistency only for the SoftCAM variants, as post-hoc methods are not
inherently explainable, meaning their explanations do not directly influence the model’s decision-
making process.

The results align well with qualitative visualizations. On the Fundus dataset, the sparse SoftCAM
model exhibits a higher proportion of positive activations with the ResNet backbone, attributed
to reduced false positives from the dense model, and fewer negative activations, reflecting the
suppression of low-importance activations to zero. On the VGG backbone, regularization primarily
reduces false-positive activations from the dense model but leads to a slight increase in activations on
healthy samples. Similar result can be observed on the RSNA dataset.

On the OCT dataset, the dense SoftCAM with the ResNet backbone generally produces coarse-grained
evidence around lesion areas. In contrast, the sparse variant refines these explanations, resulting
in lower positive and negative activations across both disease and healthy samples, suggesting
more selective and focused localization. However, with the VGG backbone, a higher proportion of
negative activations is observed, reflecting the impact of the regularization strength, highlighting the
importance of appropriately tuning this parameter for different architectures.

Table 2: Activation consistency on the ResNet model. r+LG denotes the proportion of positive or
disease activations from disease images, while r−LG refers to the proportion of negative or healthy
activations from healthy images.

Fundus OCT RSNA
r+LG ↑ r−LG ↑ r+LG ↑ r−LG ↑ r+LG ↑ r−LG ↑

dense SoftCAM 0.28± 0.1 0.86± 0.1 0.30± 0.1 0.85± 0.1 0.75± 0.1 0.47± 0.1
sparse SoftCAM 0.55± 0.2 0.76± 0.2 0.23± 0.1 0.83± 0.1 0.79± 0.1 0.45± 0.1

Table 3: Activation consistency on the VGG model. r+LG denotes the proportion of positive or disease
activations from disease images, while r−LG refers to the proportion of negative or healthy activations
from healthy images.

Fundus OCT RSNA
r+LG ↑ r−LG ↑ r+LG ↑ r−LG ↑ r+LG ↑ r−LG ↑

dense SoftCAM 0.32± 0.2 0.93± 0.1 0.75± 0.11 0.51± 0.1 0.75± 0.1 0.51± 0.1
sparse SoftCAM 0.28± 0.2 0.94± 0.1 0.35± 0.14 0.95± 0.1 0.35± 0.1 0.95± 0.1

Overall, the effect of regularization on the explanations varies depending on the backbone architecture.
Nevertheless, the activation consistency metric aligns well with the qualitative explanations, generally
capturing the impact of regularization across the dataset for a given architecture.
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D.3 Precision and sensitivity analysis

We quantitatively evaluate the explanations generated by various methods using the ResNet and VGG
backbones on the RSNA dataset. With the ResNet model, the dense SoftCAM achieves the highest
localization precision, whereas the sparse SoftCAM yields the best results in terms of sensitivity. This
discrepancy underscores the importance of developing evaluation metrics that balance human-aligned
localization quality with model fidelity, capturing both interpretability and decision relevance.
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Figure 10: Precision vs. sensitivity analysis on the RSNA dataset. Quantitative evaluation of
explanations generated by different methods from the ResNet and VGG models on the RSNA dataset.
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D.4 SoftCAM provides localized and faithful explanations

Table 4: Top-k localization precision and sensitivity. Sensitivity is quantified as the Area Under the
Deleted Curve (AUDC), where lower values indicate greater faithfulness—that is, a larger drop in
the model’s confidence when the most relevant patches are removed. For precision, higher values
indicate better alignment between saliency maps and ground truth annotations. We refer to AUDC as
“Del” and Top-K as “Top” with K = 30.

ResNet (Topk ↑, AUDC ↓) VGG (Topk ↑, AUDC ↓)
Fundus OCT RSNA Fundus OCT RSNA

Top Del Top Del Top Del Top Del Top Del Top Del
ScoreCAM 0.16 0.67 0.07 0.73 0.66 0.97 0.20 0.67 0.08 0.55 0.62 0.88
LayerCAM 0.22 0.65 0.08 0.74 0.65 0.97 0.23 0.64 0.08 0.56 0.65 0.84
GradCAM 0.37 0.64 0.14 0.73 0.67 0.95 0.65 0.68 0.14 0.58 0.61 0.86
Guided BP 0.30 0.57 0.23 0.68 0.55 0.97 0.43 0.57 0.23 0.40 0.58 0.85
Itgd Grad. 0.28 0.63 0.20 0.70 0.52 0.98 0.33 0.62 0.2 0.51 0.55 0.88
dense SoftCAM 0.39 0.69 0.46 0.61 0.65 0.92 0.54 0.63 0.72 0.45 0.64 0.84
sparse SoftCAM 0.52 0.68 0.86 0.31 0.73 0.93 0.65 0.674 0.82 0.43 0.63 0.82

E Activation precision and sensitivity on the RSNA dataset
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Figure 11: Model selection on validation sets under varying Lasso and Ridge regularization
strengths. The regularization coefficients λ1 and λ2 influence model performance. The red markers
indicate the selected regularization values, chosen to balance classification performance.
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E.2 Activation precision vs. activation sensitivity

Table 5: Activation Precision (AP) vs. Activation Sensitivity (AS) for different SoftCAM variants
and baseline post-hoc methods. The dense SoftCAM consistently lies between the lasso and ridge
variants, highlighting the importance of balancing the two regularization terms to achieve an optimal
trade-off between precision and completeness in the explanations.

ResNet VGG
AP ↑ AS ↑ AP ↑ AS ↑

ScoreCAM 0.470 0.318 0.403 0.303
LayerCAM 0.456 0.300 0.401 0.120
GradCAM 0.525 0.252 0.373 0.260
Guided BP 0.381 0.033 0.364 0.044
Itgd Grad. 0.286 0.040 0.322 0.039
dense SoftCAM 0.526 0.251 0.461 0.355
sparse SoftCAM 0.654 0.182 0.519 0.320
lasso SoftCAM 0.440 0.316 0.412 0.396
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Figure 12: Additional examples of localization evaluation on the RSNA dataset for pneumonia
detection. Each column shows explanation maps generated by different methods. Ground-truth
bounding boxes are overlaid on each map, with the top-right value indicating the activation precision,
while the top-left value indicates the activation sensitivity. The high precision from the lasso model
and the more complete explanations from the ridge model emphasize the importance of balancing the
two regularization terms to achieve an optimal trade-off.
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F Multi-class analysis

F.1 Regularization

Given the small size of retinal lesions, we used Lasso regularization, selecting λ1 values that balanced
performance (Fig. 13)
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Figure 13: Model selection on validation sets under varying Lasso regularization strengths. The
regularization coefficients λ1 influence model performance. The red markers indicate the selected
regularization values to balance classification performance.

F.2 Faithfulness

As no ground-truth lesion annotations were available for the multi-class tasks, we evaluated the
faithfulness of the explanations by measuring their contribution to model predictions. For correctly
classified test samples, we progressively removed top-k (k = 30) ranked patches (based on the
explanation maps) and tracked the average drop in class confidence (Fig. 14).
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Figure 14: Sensitivity analysis.

F.3 Area Under the Deleted Curve

The area under the deletion curve (AUDC) was computed from the sensitivity analysis (Fig. 14). In
both tasks, the dense and sparse SoftCAM achieved superior performance, with sparse SoftCAM
yielding the lowest AUDC, indicating the highest faithfulness (Tab. 6).

Table 6: Area Under the Deleted Curve (AUDC ↓).

ResNet VGG
Fundus OCT Fundus OCT

ScoreCAM 0.894 0.819 0.880 0.852
LayerCAM 0.889 0.817 0.869 0.850
GradCAM 0.887 0.815 0.872 0.847
Guided BP 0.899 0.793 0.905 0.823
Itgd Grad. 0.907 0.821 0.901 0.833
dense SoftCAM 0.870 0.825 0.905 0.826
sparse SoftCAM 0.856 0.609 0.882 0.806
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F.4 Qualitative explanation on retinal fundus images

For the multi-class tasks on DR detection from fundus images, SoftCAM variants produced more
focused and class-consistent explanations. In addition to the sparse and dense evidence maps, we
also provide visualizations for post-hoc methods.
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Figure 15: Class-specific explanation with the ResNet backbone. The application of our method
to multi-class DR detection demonstrates the utility of class-specific explanations produced by the
sparse SoftCAM, which more precisely highlight disease-relevant regions compared to the dense
SoftCAM and the best-performing post-hoc method, GradCAM. In the example shown, the image is
labeled as severe DR, and the highlighted regions correspond to suspicious areas, reflecting relevant
DR lesions.
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Figure 16: Class-specific explanation with the VGG backbone. The application of our method
to multi-class DR detection demonstrates the utility of class-specific explanations produced by the
sparse SoftCAM, which more precisely highlight disease-relevant regions compared to the dense
SoftCAM and the best-performing post-hoc method, ScoreCAM. In the example shown, the image is
labeled as severe DR, and the highlighted regions correspond to suspicious areas, reflecting relevant
DR lesions.

F.5 Qualitative explanation on retinal OCT images

For the multi-class tasks on retinal disease classification from OCT images, SoftCAM variants
produced more focused and class-consistent explanations. In addition to the sparse and dense
evidence maps, we also provide visualizations for GradCAM and Guided BP, as these were the
best-performing post-hoc methods for the ResNet and VGG backbones, in terms of the Area Under
the Deletion Curve (Tab. 6).
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Figure 17: Class-specific explanation with the ResNet backbone. SoftCAM applied to multi-class
retinal disease classification demonstrates the utility of class-specific explanations, with the sparse
SoftCAM variant more precisely highlighting disease-relevant regions compared to both the dense
SoftCAM and the best-performing post-hoc methods, GradCAM and Guided Backpropagation. In
the example shown, the image is labeled as Diabetic Macular Edema (DME), and the highlighted
regions produced by sparse SoftCAM highlight suspicious areas, reflecting relevant retinal lesions.
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Figure 18: Class-specific explanation with the VGG backbone. SoftCAM applied to multi-class
retinal disease classification demonstrates the utility of class-specific explanations, with the sparse
SoftCAM variant more precisely highlighting disease-relevant regions compared to both the dense
SoftCAM and the best-performing post-hoc methods, GradCAM and Guided Backpropagation. In
the example shown, the image is labeled as Diabetic Macular Edema (DME), and the highlighted
regions produced by sparse SoftCAM highlight suspicious areas, reflecting relevant retinal lesions.
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Abstract. In many medical imaging tasks, convolutional neural net-
works (CNNs) efficiently extract local features hierarchically. More re-
cently, vision transformers (ViTs) have gained popularity, using self-
attention mechanisms to capture global dependencies, but lacking the
inherent spatial localization of convolutions. Therefore, hybrid models
combining CNNs and ViTs have been developed to combine the strengths
of both architectures. However, such hybrid models are difficult to inter-
pret, which hinders their application in medical imaging. In this work,
we introduce an interpretable-by-design hybrid fully convolutional CNN-
Transformer architecture for retinal disease detection. Unlike widely used
post-hoc saliency methods for ViTs, our approach generates faithful and
localized evidence maps that directly reflect the model’s decision pro-
cess. We evaluated our method on two medical tasks focused on disease
detection using color fundus images. Our model achieves state-of-the-art
predictive performance compared to black-box and interpretable models
and provides class-specific sparse evidence maps in a single forward pass.

Keywords: Self-explainability · interpretable-by-design · Hybrid CNN-
Transformer · Dual-Resolution Self-Attention · Retinal fundus image.

1 Introduction

Convolutional neural networks (CNNs) are at the heart of many successful ap-
plications in medical image analysis [9], but more recently, vision transformers
(ViTs) have emerged as a competitive alternative [11], demonstrating strong per-
formance in medical imaging tasks [3, 26]. Although CNNs are highly effective
at capturing complex local patterns in images, the size of their receptive field is
smaller than some disease-related lesions [17]. In contrast, vision transformers
leverage self-attention (SA) [27] to capture long-range dependencies, providing
a more global understanding of the image. Despite these advantages, ViTs re-
quire substantial computational resources, often demanding large-scale datasets
for effective training [20,26], while also facing challenges in interpretability [16].
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To address the weaknesses of both approaches, a promising alternative are
hybrid CNN-Transformer architectures. Several studies have used such architec-
tures [15,18,20,26], improving performance for tasks that require combining local
features with global relationships for classification. Yet, the interpretability of
such hybrid approaches has remained a challenge [18,20,26], as they require ei-
ther techniques tailored to transformer architectures or the development of novel
visualization methods [18]. To this end, either CNN-based methods have been
adapted to ViTs [4, 24] or ViT-specific techniques have been proposed [1, 7, 8].
The most commonly used ViT-specific approach has been to visualize attention
maps across layers, as these capture interactions between input regions. However,
attention is not class-specific and merely illustrates relationships between input
patches rather than their direct contribution to the model prediction [5, 16, 25].
Alternatively, post-hoc CNN-based methods like LRP [4] and GradCAM [24]
have been successfully adapted to ViT by integrating gradients within the self-
attention layers, offering class-wise explanations [8]. Yet, these are model-specific
and struggle with hierarchical architectures like the Swin Transformer [21].

Here, we propose a novel, inherently interpretable-by-design hybrid CNN-
Transformer architecture for retinal fundus image classification, combining the
feature extraction strengths of CNNs with the ability of ViTs to capture long-
range dependencies from dual-resolution features. Dual-resolution self-attention
(DRSA) allows the model to capture both fine-grained details and global con-
text by attending to representations at two distinct spatial resolutions. Our
design integrates recent advancements such as convolutional ViTs [29], dual-
resolution self-attention [15], and sparse explanations [10, 17]. We evaluated
our model using two backbone CNNs—ResNet and BagNet—on two clinically
relevant tasks: Diabetic Retinopathy (DR) detection and Age-Related Macu-
lar Degeneration (AMD) severity classification, using publicly available color
fundus image datasets. Our hybrid model provides self-interpretability with-
out sacrificing classification performance, challenging the myth of the accuracy-
interpretability tradeoff [23]. It maintained predictive performance compared to
both interpretable and non-interpretable state-of-the-art models while offering
faithful explanations that accurately localize disease-related lesions—even under
distribution shift—outperforming traditional post-hoc methods.

2 Developing a self-explainable hybrid CNN-ViT model

2.1 Hybrid CNN-ViT architecture

In our hybrid architecture (Fig. 1), CNN and ViT modules are used sequen-
tially, with the output of the CNN module serving directly as the input to the
transformer module. Specifically, the CNN module acted as a feature extrac-
tor, capturing local patterns. The ViT module modeled long-range dependencies
between the extracted features, enhancing the model’s ability to understand
broader contexts. Given an input image X ∈ RH×W×C—where H, and W , de-
note height and width, and C is the number of channels—the CNN backbone f
extracts a spatial feature representation Z = fθ(X) ∈ RM×N×D, where θ denotes
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Fig. 1. Interpretable-by-design hybrid CNN-Transformer model. (a) Input
image. The black patches illustrate the small receptive field of the CNN backbone
(BagNet). (b) Two window-based SA modules are applied separately to the high and
downsampled low-resolution feature maps, followed by feature fusion. (c) The high-
dimensional attention map is transformed into the class evidence map A by applying
a 1 × 1 convolutional classifier with C kernels, where C is the number of classes. (d)
Spatial averaging of the class evidence maps yields predictions, whereas upsampling A
provides explanations.

the model parameter, M × N represents the spatial size, and D is the feature
dimension. We used either a ResNet50 (with a receptive field of 427×427) or a
BagNet-33 (33×33) as the backbone network. Unlike the ResNet, the BagNet
aggregates only local features in a bag-of-words manner [6]. The transformer
module (Fig. 1b) uses a dual-convolutional window self-attention (Conv-wSA)
mechanism that operates on both high- and low-resolution versions of the original
feature maps to produce an attention map W = gϕ(Zh,Zl) ∈ RM×N×D. Here,
Zh = Z denotes the high-resolution feature map, while Zl = d(Z, r) ∈ RM

r ×N
r ×D

is the low-resolution counterpart, obtained via the downsampling function d(.)
with reduction factor r. The function gϕ, parametrized by ϕ, jointly encom-
passes the parameterized projection and the Gated-Dconv Feed-Forward Net-
work (GDFN) [31]. The attention map produced by the transformer module
maintains the spatial resolution of the input feature map. The classification
module (Fig. 1c) comprises a convolutional layer with C kernels of size 1 × 1
and unit stride, producing an evidence map A = hψ(W) ∈ RM×N×C , where C
represents the number of classes and ψ denotes the parameter of the classifier h.
The final prediction ŷ ∈ R1×C is obtained by applying spatial average pooling
to A, followed by a softmax operation: ŷ = Softmax

(
AvgPool(A)

)
. This yields a

C-dimensional probability distribution representing the likelihood of each class.

2.2 Learning long-range dependencies with convolutional DRSA

To learn long-range dependencies between the convolutional features, we used a
transformer module with dual-resolution self-attention (DRSA) [15], for which
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a convolutional layer had replaced the linear fully connected layer (FCL) [29] as
follows: SAh = Softmax

(QhK
⊤
h

α

)
Vh, SAl = Softmax

(QlK
⊤
l

α

)
Vl where α is the

scaling factor, and Qh,Kh,Vh and Ql,Kl,Vl are the queries, keys, and value
embeddings generated for Zh and Zl using convolutional operations. The final
self-attention representation is computed as: SAfinal = GDFNδ

(
Projβ(SAh +

Up(SAl))
)
, with W = SAfinal, where Up(SAl) denotes the upsampled version

of SAl. This upsampled map is aggregated with SAh and passed through a con-
volutional projection parametrized by β. The resulting representation is subse-
quently refined using a GDFN parametrized by δ, which enhances spatial struc-
tures while suppressing irrelevant features. This refinement ensures that only
salient information contributes to the final predictions, thereby improving the
generalization performance of the model.

2.3 Enhancing interpretability with a sparse convolutional classifier

In standard ViT and hybrid CNN-Transformer models, the classification head
includes a FCL, which discards spatial information, limiting interpretability.
Our architecture addressed this by preserving spatial information using con-
volutional operations in the self-attention module, generating attention maps
that capture long-range dependencies between regions in the same window. To
enhance interpretability, we replaced the FCL with a convolutional classifier,
referred to as the class evidence layer. This layer leverages spatial information
to produce class-wise evidence maps (Fig. 1), where each pixel reflects the local
contribution of input regions to the final prediction. Following classification, the
evidence maps are upsampled and overlaid on the input image for visualization
purposes (Fig. 1d). Furthermore, the inclusion of an explicit class evidence layer
enables the application of an ℓ1 sparsity constraint on the class evidence maps
Ac, thereby enhancing interpretability [10, 17]. This leads to the following loss
function:

L(y, ŷ) = CE(y, ŷ) + λ
∑

i,j,c

|Aij
c |. (1)

Here, CE denotes the cross-entropy loss, and y represents the reference class
labels. The sparsity of the evidence maps is controlled by the hyperparameter
λ. The entire model is trained end-to-end using gradient descent.

3 Results

3.1 Datasets

We used two publicly available retinal fundus datasets, the Kaggle Diabetic
Retinopathy (DR) [12] and the Age-Related Eye Disease Study (AREDS) [13].
The Kaggle DR dataset had 45,923 images from 28,984 subjects after apply-
ing a custom quality filtering with class distributions: 73% No DR, 15% Mild,
8% Moderate, 3% Severe, and 1% Proliferative DR. The AREDS dataset con-
tained 34,079 images from 4,757 participants. AMD severity was grouped into
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six categories [2,13]: 49%, 19%, 14%, 3%, 12%, 1% for early, moderate, advanced
intermediate, early late, active neovascular, and end-stage AMD.

Images were resized to 512 × 512, normalized, and augmented with crop-
ping, flipping, color jitter, and rotation. Datasets were split into 75% training,
10% validation, and 15% test, keeping each participant’s records in the same
split. We evaluated our model’s ability to localize DR-related lesions against
ground-truth human annotations using the IDRiD dataset [22], which provides
81 fundus images with pixel-level labels for microaneurysms (MA), hemorrhages
(HE), soft exudates (SE), and hard exudates (EX). This enabled the assessment
of interpretability through localization performance.

3.2 Self-explanaible hybrid models achieved SOTA performance

We first evaluated our models on multiclass DR detection and AMD severity
classification. Using the ResNet50 and BagNet-33 as backbone, our model incor-
porated dual-resolution convolutional self-attention (DR-Conv-SA) and a GDFN
module [31]. We set the reduction factor to r = 2, following [15], and applied max
pooling. The window size was tuned (w = 10 for BagNet, w = 8 for ResNet),
along with the regularization coefficient λ (Eq. 1), to balance classification ac-
curacy and evidence map sparsity. Classification metrics are reported with 95%
confidence interval (CI) lengths from bootstrapping, while inference time is re-
ported with standard deviation (SD) over 1,000 runs on the same input.

We compared our sparse models to the dense counterparts (λ = 0), a variant
using linear self-attention (SA) with fully connected layer (FCL) classifier, and
several other baselines: ResNet50, BagNet33, ViT32 (input size 384), and Swin
Transformer (input size 384, patch size 4, window size 12). All models were
initialized with pre-trained weights from ImageNet and trained with the same
setup: data augmentation, cross-entropy loss, cosine learning rate schedule, and
SGD optimizer (learning rate 10−4, weight decay 5 × 10−4) on an NVIDIA A40
GPU, using PyTorch, with model selection based on the best validation accuracy.

Table 1. Classification performance on the test sets. Reported computational costs
include: parameters (M), memory (MB), and average inference time (s).

Computational Cost AREDS AMD Kaggle DR
Par. Mem. Time Acc. κ Acc. κ

ViT [11] 86, 094 341 09.5± 0.1 .76± .03 .90± .02 .81± .02 .71± .04
Swin [19] 86, 883 358 15.5± 1.1 .78± 0.2 .92± .02 .85± .02 .81± .03
ResNet [14] 23, 518 101 04.2± 0.5 .78± .03 .89± .02 .85± .02 .81± .03
BagNet [17] 16, 271 193 15.1± 0.1 .75± .03 .88± .02 .86± .02 .83± .03

ResNet-FCL-SA 69, 732 281 06.2± 0.2 .78± .03 .90± .02 .86± .02 .82± .03
BagNet-FCL-SA 62, 501 306 27.3± 0.2 .77± .03 .89± .02 .85± .02 .83± .03

ResNet-Conv-SA 69, 735 285 06.3± 0.6 .78± .03 .91± .02 .85± .02 .83± .03
BagNet-Conv-SA 62, 913 310 27.3± 0.3 .77± .03 .90± .02 .87± .02 .84± .02

sResNet-Conv-SA 69, 735 285 06.3± 0.6 .79± .02 .90± .02 .85± .02 .80± .03
sBagNet-Conv-SA 62, 913 310 27.3± 0.3 .77± .03 .91± .02 .85± .02 .81± .03
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Fig. 2. Examples explanations. From left to right, heatmaps for the correctly pre-
dicted class. The first row shows an example (grade 1) from the Kaggle dataset, while
the second row shows an example (grade 2) from the AREDS dataset.

Our interpretable-by-design hybrid models achieved state-of-the-art perfor-
mance on both tasks. The dense model with BagNet backbone yielded the best
results for DR classification, while the model with the ResNet backbone achieved
the highest Cohen’s kappa (κ) for AMD severity classification (Tab.1). Despite
the sparsity penalty on the class activation map, the sparse models maintained
competitive accuracy, with only a slight reduction in κ. Notably, for AMD de-
tection, κ exceeded accuracy, likely due to misclassifications occurring predomi-
nantly between adjacent severity levels (Fig. 3d). Overall, the computational cost
varies depending on the backbone but remains lower than that of ViTs.

3.3 Sparsity constraints enhance class evidence maps

We next compared evidence maps from our model to attribution maps gener-
ated with GradCAM [24] on the ViT baseline. As these were multiclass tasks, we
only showed class evidence maps from the correctly predicted class. Our class
evidence maps, obtained from the convolutional layer before average pooling,
clearly highlighted input features relevant to the predicted class (Fig. 2). We no-
ticed that GradCAM on ViT produced cluttered, hard-to-interpret heatmaps.
In contrast, the hybrid ResNet-Transformer generated coarser heatmaps due to
its large receptive field, while the hybrid BagNet-Transformer provided more
localized explanations. The sparse models further refined this by producing
sparser heatmaps, focusing decisions on smaller yet relevant retinal regions. For
AMD severity classification, we observed that both the dense and sparse ResNet-
Transformer models focus mainly on the macular region.

3.4 Evidence maps provide faithful and localized explanations

We quantitatively assessed the alignment of the explanations with clinical lesion-
wise ground truth annotations by evaluating their precision in identifying DR
lesions. Following the International Clinical Diabetic Retinopathy Scale [28],
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Fig. 3. Quantitative evaluation of heatmaps and confusion matrices. (a-c)
Precision evaluation on IDRiD dataset. (e,f) Sensitivity analysis of different heatmaps
for DR detection and AMD severity classification. (d,g,h) Confusion matrices of dif-
ferent models for DR detection and AMD severity classification on the test sets.

we evaluated three cases: (a) binary evaluation (Fig. 3a), averaging disease-class
heatmaps and combining all lesion annotations; (b) severe DR (Fig. 3b), where
MAs, HEs, and SEs were combined, and the precision was computed from the
severe grade heatmap (c) proliferative DR (Fig. 3c), where all lesions were com-
bined and precision was evaluated from the heatmap from the proliferative grade
heatmap. Precision was measured as the proportion of positively activated re-
gions containing lesions [17], using 33 × 33 non-overlapping patches to match
BagNet’s receptive field. For ViT and hybrid FCL models, GradCAM-generated
heatmaps were used. Patches were extracted from positively activated regions.
In all cases, the sparse BagNet-Transformer showed considerably higher preci-
sion than all other models and outperformed the base BagNet, suggesting that
incorporating attention improved both classification and interpretability. The
ResNet-Transformer with an explicit class-evidence layer performed worse, likely
due to its larger receptive field producing coarser localizations (Fig. 2).

Subsequently, we additionally measured the faithfulness of the explanations
by evaluating their ability to identify relevant regions for classification [30]. Us-
ing correctly classified test images, we progressively removed top-ranked patches
highlighted in the heatmap and measured the resulting drop in class confidence.
For DR detection, the sparse BagNet-Transformer performed best, while stan-
dard ViTs performed worst, followed by the ResNet-Transformer (Fig. 3e). In
contrast, for AMD severity classification, the hybrid sparse ResNet outperformed
the sparse BagNet-Transformer (Fig. 3f), likely due to the larger lesion sizes in
AMD, which favor CNNs with larger receptive fields. Notably, this trend was
consistent with classification results, where the ResNet backbone also excelled.
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Fig. 4. Examples of multi-class explanations. Class-specific heatmaps for a Severe
DR example from the Kaggle dataset. The first row displays the attention map and
corresponding heatmaps from the dense hybrid model with the BagNet backbone, while
the second row shows the attention map and heatmaps from its sparse version.

3.5 Our model enhances interpretability for multi-class tasks

Finally, we visualized class-specific explanations for the dense and sparse BagNet-
Transformer. For DR prediction on the Kaggle dataset, both models correctly
classified the example (Fig. 4). For our hybrid model, heatmaps and class prob-
ability distributions were generated in a single forward pass, with the sparse
model producing more focused and localized explanations aligned with both the
predicted class and clinical ground truth. In contrast, post-hoc explanations re-
quired multiple forward passes, increasing the overall inference cost. In other
classes, the sparse model showed almost no positive activations, unlike the dense
model, which presented a mix of positive and negative evidence. Interestingly,
we observed a strong correlation between attention maps and predicted evidence
maps, particularly in the sparse model. This suggests that the model effectively
captures long-range dependencies in an interpretable way.

4 Discussion and Conclusion

We introduced the first inherently interpretable hybrid CNN-transformer archi-
tecture for medical image classification3, applied to DR detection and AMD
severity classification from retinal fundus images. The approach is backbone-
agnostic, allowing backbone selection to be guided by disease-specific prior. We
evaluated the model with two CNN backbones: ResNet50, which captured global
spatial relationships relevant to AMD, and BagNet, which aggregates small lo-
cal features important for DR detection. The latter is particularly noteworthy,
as the SA mechanism helps overcome BagNet’s limited receptive field. Con-
versely, ResNet’s larger receptive field is better suited for AMD, which involves
larger lesions. In both cases, SA enhances the model’s focus on the most relevant
features. Our transformer module employs dual-resolution convolutional SA to
3 Code at https://github.com/kdjoumessi/Self-Explainable-CNN-Transformer
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capture both global and fine-grained features while preserving strong local in-
ductive biases. Unlike standard models with FCL classifiers, our model includes
an explicit class evidence layer that produces spatial class-evidence heatmaps,
enabling direct interpretability without post-hoc methods.

Interestingly, the interpretability–accuracy trade-off was relatively small, chal-
lenging the myth of the accuracy-interpretability tradeoff in self-explainable
models [23]. All evaluated models achieved comparable performance, with high
balanced accuracy and κ. Notably, the sparse BagNet-Transformer produced
the most informative explanations for DR detection, while the sparse ResNet-
Transformer yielded the best explanations for AMD severity classification.

Preliminary experiments showed that multi-head SA increased training time
without improving classification, while multi-scale resolution had limited impacts
and further increased both the training and inference time—particularly with the
BagNet backbone (Tab. 1), due to its larger feature maps and the resulting higher
SA computation cost. Following [17], we also observed that higher sparsity often
led to missed detection of late-stage DR, likely due to their underrepresentation
in the training set (Fig. 4h). However, our hybrid architecture mitigated this
issue more effectively, demonstrating robustness in low-data settings. Overall,
our findings underscore hybrid CNN-Transformer models as a strong alternative
to post-hoc ViT explanations, particularly for medical imaging.
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Fig. 1. Examples of some learned prototypes without adding the dissimilarity loss to
prevent the model from learning redundant prototypes. (a,b) Prototypes 2,3, and 4
are duplicated. (c,d) Prototypes 2 and 4 are duplicated.

1 2 3 4 5

Fig. 2. Annotated training images from which the disease prototypes were extracted.
The green boxes indicate the region where the learned prototypes were extracted,
which are enlarged at the bottom. The red markers denote the reference annotations
of drusen lesions. The number at the top indicates the prototype ID. For prototype 4,
the bounding box is slightly above the lesion, probably due to a mistake when clicking
on the lesion.
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Fig. 3. Example of suspicious regions highlighted by Proto-BagNet on a disease image
where the ophthalmologist did not find drusen lesions. The region highlighted near
the Retinal Pigment Epithelium are sub-retinal deposits which are not typical drusen
lesions but wringing of the ganglion cell layer.

Fig. 4. Two examples of suspicious lesions extracted from each prototype similarity
map on disease images. Drusen (annotated with red markers) are detected with high
precision.

Table 1. Classification performance with confidence intervals (CIs) for drusen detec-
tion on validation and test sets. CIs are derived from bootstrapping with n=1000.

Validation set Test set
Accuracy AUC Recall Precision Accuracy AUC Recall Precision

ResNet-50 .99± 1e-4 .99± 1e-4 .98± 2e-4 .99± 2e-4 .99± 1e-4 .99± 1e-4 .98± 2e-4 .99± 2e-4
dense BagNet .99± 1e-4 .99± 1e-4 .98± 2e-4 .98± 2e-4 .99± 1e-4 .99± 1e-4 .98± 2e-4 .98± 2e-4

ProtoPNet .99± 1e-4 .99± 1e-4 .98± 2e-4 .97± 2e-4 .99± 1e-4 .99± 1e-4 .98± 1e-4 .97± 1e-4
Proto-BagNet .98± 1e-4 .99± 1e-4 .94± 3e-4 .98± 2e-4 .98± 1e-4 .99± 1e-4 094± 3e-4 .98± 2e-4
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