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Abstract. There is an increasing demand for medical image classifiers
that deliver both high diagnostic accuracy and clinically actionable in-
terpretability. Existing post-hoc explanation methods, such as saliency
maps and Grad-CAM, can highlight discriminative regions but often pro-
vide limited insight into the underlying decision logic, which can reduce
clinical confidence. Prototype learning offers a promising case-based al-
ternative; however, conventional prototype-based models are often lim-
ited by single-scale feature representations and sensitivity to class im-
balance, which can degrade accuracy and yield less stable explanations.
To address these limitations, we propose MDPNet, a Multi-Scale De-
formable Prototype Network that improves classification performance
while providing prototype-grounded interpretability. MDPNet integrates
a multi-scale feature extraction module to capture both fine-grained mor-
phological patterns and global contextual semantics, and introduces a
deformable prototype learning mechanism that adaptively aligns proto-
types with spatial variability in clinical images. In addition, we adopt a
logit-adjusted loss to mitigate the impact of class imbalance during train-
ing. Extensive experiments show that MDPNet achieves 93.2841.54%
accuracy on a private premature ventricular contraction (PVC) dataset,
97.904+0.37% accuracy on the public OCT dataset, and 87.654+2.54%
accuracy on the public CT dataset, consistently outperforming strong
CNN/Transformer baselines and recent prototype-learning approaches.

Keywords: Interpretability - Medical Image Classification - Proto-

type Learning - Premature Ventricular Contractions - Optical Coher-
ence Tomography.

1 Introduction

Deep learning frameworks have demonstrated impressive performance in learn-
ing complex patterns from medical data. A typical model (e.g., a convolutional
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neural network) is optimized end-to-end to map an input image to a diagnostic
label, and these approaches have achieved strong results across modalities, such
as ECG images, MRI, and OCT analysis [1,2,5, 16]. Despite these successes,
learned representations typically function as opaque black boxes, where decision
logic is embedded in complex nonlinear transformations and is difficult to audit.
Consequently, unlike evidence-based medical practice, standard predictions pro-
duced by these models frequently lack transparency, case-aligned rationales and
are difficult to reconcile with clinical evidence, which limits their suitability for
high-stakes clinical use requiring physician trust [17].

Recent studies suggest that this limitation can be partially mitigated by
incorporating interpretable inductive biases. While post-hoc methods such as
Grad-CAM [10, 13, 18] are widely used, they may not reflect causal decision
factors and can be sensitive to model perturbations [9]. In contrast, prototype
learning (comparing an input with a set of learned representative cases) models
can provide case-based explanations that are easier to align with clinical rea-
soning [3,8,20,21,24]. Despite the promise of prototype learning, many existing
prototype-based methods are limited by their spatial rigidity and single-scale
representation. Typically, a prototype corresponds to a fixed, contiguous patch
extracted at a single feature scale. This design has two key limitations. First, a
rigid contiguous patch assumes diagnostic evidence is spatially adjacent, which
can miss multi-focal evidence distributed across the image. For instance, ECG
diagnosis often relies on spatially separated P-waves and T-waves, while OCT
lesions appear as discrete spots. Second, single-scale features struggle to simul-
taneously preserve fine-grained detail and global context [6]. As a result, existing
models may miss subtle lesions at low resolution or include excessive background
due to inflexible receptive fields.

We argue that reliable interpretability in complex medical scenarios requires
(i) multi-scale representations that capture both local details and global seman-
tics, and (ii) spatial flexibility that allows different parts of a prototype to deform
and align to non-adjacent evidence regions. To this end, we propose MDPNet,
an interpretable framework for medical image classification with two key innova-
tions. First, a Multi-Scale Feature Extraction Module (MSFEM) hierarchically
captures features, preserving low-level morphological details for tiny anomalies
and high-level contextual semantics for global pathological patterns. Second,
MDPNet adopts a deformable prototype learning strategy [7] that allows sub-
parts of each prototype to shift independently, enabling a single prototype to
represent multiple non-adjacent critical regions. In PVC classification, such ev-
idence may appear across multiple ECG leads and local waveform segments,
making flexible evidence matching important for both accuracy and case-level
interpretability. This design enables the model to integrate evidence across loca-
tions and scales in a unified similarity-based reasoning process, yielding traceable
decision rationales that better match diagnostic practice rather than a simple
combination of independently acting modules. Moreover, MDPNet incorporates
logit adjustment [15] to reduce the impact of class imbalance during training.
The key contributions of this work can be summarized as follows:
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1. We propose MDPNet, an interpretable medical image classification frame-
work that integrates deformable prototype learning with case-based reason-
ing.

2. We design a MSFEM module to hierarchically capture both fine-grained mor-
phological details and global contextual patterns, and introduce a deformable
prototype learning strategy that adapts prototype matching to spatial vari-
ability in clinical images.

3. To mitigate the impact of class imbalance, we incorporate a logit-adjusted
loss that calibrates decision boundaries without re-sampling.

2 Methods

2.1 Overview

The overall architecture of the proposed MDPNet is illustrated in Figure 1. The
network consists of three key modules: a multi-scale feature extraction module,
a deformable prototype learning module, and a classification module.
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Fig. 1: The illustration of our proposed MDPNet framework for PVC classifica-
tion in 12-lead ECG images.

2.2 Proposed Architecture

Multi-Scale Feature Extraction Module. Inspired by the multi-scale spatial
pyramid attention mechanism [22], we insert a multi-scale feature extraction
module into DenseNet bottleneck blocks to enhance multi-scale representations.
Formally, given an intermediate feature map F € RE*HXW  we evenly split F
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Fig. 2: The illustration of the enhanced DenseNet bottleneck structure integrat-
ing a multi-scale feature extraction module for ECG images.

along the channel dimension into n subsets F; € R*#*W ‘where ¢ = C/n. Each
subset is processed hierarchically as

G — Conv2D(F;), 1=1, ()
L Conv2D(F; + G,_1), 1<i<n.

This hierarchical formulation allows each convolution to leverage both current
inputs and previously extracted features, progressively enlarging the receptive
field and capturing multi-scale ECG patterns.

To adaptively emphasize informative channels, we compute a descriptor for
each subset by combining global and local pooling:

where o and 3 are learnable weights, LAP(-) denotes local average pooling imple-
mented as a sliding-window average with kernel size 3 x 3, stride 1, and padding 1
(i.e., AvgPool,, 5). Each descriptor is passed through a two-layer transformation
to produce channel-wise weights that quantify the relative importance of differ-
ent channels. We normalize these weights across subsets so that multiple scales
compete for contribution, preventing redundant amplification across scales. The
normalized weights rescale the corresponding feature maps channel-wise and the
reweighted features are concatenated along the channel dimension to form the
final representation.

Deformable Prototype Learning Module. To accommodate the variability
in PVC patterns across 12-lead ECG images, we adopt deformable prototype
learning, allowing prototype parts to adapt to different ECG morphologies. A
deformable prototype for class ¢ is defined as p(©) € RP1*P2Xd where each of
the p; X p2 prototypical parts represents a local semantic pattern in the feature
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space. In our setting, we use p; = p2 = 5 and a dilation rate r = 2, so that the
effective span of an undeformed prototype along each axis is (p; — 1)r +1 =9,
matching a 9 x 9 feature map. The offsets are predicted by a convolutional offset
head, A = fp(2), and we regularize them with an L? penalty A|| A2 to avoid
excessive deformation. For out-of-bound sampling, we adopt zero padding, and
use bilinear interpolation for fractional sampling locations in the deformable
operator. To further ensure interpretability, we periodically perform a push step
that updates each prototype by replacing it with the most activated real feature
patch from the training set.

During matching, each prototype part computes cosine similarity with the
feature map at its offset location, and the responses from all parts are aggregated
to form a prototype-level similarity map:

P1 P2
ke (i>¢(zc,22 = Z Z f)%?n “Zatm+ A, bbntAs- (3)
m=1n=1

Because both prototypes and features are L? normalized, the dot product cor-
responds to cosine similarity. This formulation allows spatial deformation while
preserving semantic consistency of the prototype. The final similarity score for
each prototype is obtained by max-pooling over all spatial locations:

ko(2)(© = max k(2)'). (4)

a,b

Classification Module. The classification module maps prototype-level simi-
larity scores to class logits. To mitigate class imbalance at the decision level, we
apply logit adjustment during training before computing the loss. Specifically,
each class logit z. is adjusted using the empirical class prior, 7. estimated from
the training set:

2l =2.— 1 logme. (5)

We follow Menon et al. [15] and apply logit adjustment during training only, with
the temperature parameter 7 being tuned on the training set. This adjustment
reduces bias toward majority classes when learning decision boundaries. The
adjusted logits are used only during training, while the original logits are retained
at inference time. We optimize the model with a composite loss:

éd(z/? :0) = Eée_) + )\lgclst + >\2£sep + )\3£orth07 (6)

where Eg;) enlarges inter-class angular margins, and the auxiliary losses encour-
age alignment with class-specific prototypes, suppress responses to non-matching
classes, and promote prototype diversity. We follow the loss-weight settings in [7]
unless otherwise specified.

3 Experiments and Results

We evaluated MDPNet on three diverse medical imaging datasets using five-fold
cross-validation. The private PVC dataset, collected from The First Affiliated
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Hospital of Soochow University under an approved institutional ethics applica-
tion (Ethics No. 2024320), contains 785 expert-validated, 12-lead ECG images
from 486 patients, classified into five anatomical origins: RVOT, LVOT, PM,
VA, and HPS. The OCT dataset (NEH) [19] consists of 12,649 B-scans across
three categories (Normal, Drusen, and CNV) following the preprocessing criteria
n [19]. Finally, the COVID-CT-Dataset [25] comprises 746 chest CT images
formulated as a binary classification task.

3.1 Experimental Setup

We implement MDPNet in PyTorch and train it on a single NVIDIA GeForce
RTX 3080Ti GPU with 12GB memory. We use the Adam optimizer with an
initial learning rate of 10, weight decay of 1073, batch size 4 for training and
batch size 8 for inference. For PVC classification, ECG images are resized to
3 x 1500 x 300, and the multi-scale feature extraction module produces latent
representations of size 1024 x 9 x 9. For NEH OCT images, inputs are resized
to 512 x 768 with data augmentation (rotation: £10°, translation: up to 15%,
scaling: 0.95-1.05, and shearing: +10°). For the COVID-CT-Dataset, images are
resized and cropped to 224 x 224 with random resized cropping and horizontal
flipping for training, and center cropping for validation. We use 100 prototypes
per class for PVC and 50 per class for NEH and CT. We use following metrics to
evaluate classification performance: accuracy, precision, recall (sensitivity), and
F1-score.

3.2 Overall Performance

Table 1 summarizes MDPNet’s classification performance on three datasets.
Across ECG, OCT, and CT modalities, MDPNet consistently outperforms or
matches strong baselines, including CNN /Transformer models and recent proto-
type learning approaches. In addition to improved accuracy, MDPNet achieves a
more favorable precision-recall balance, indicating better robustness under data
heterogeneity and class imbalance, particularly on the multi-class PVC task.

3.3 Ablation Experiments

We conduct ablation experiments(Table 2) to assess the contributions of the
Multi-Scale Feature Extraction Module (MSFEM), the Deformable Prototype
Learning Module (DPLM), and the Logit Adjustment (LA). On the PVC dataset,
MSFEM+DPLM achieves 93.02% accuracy, consistently outperforming MSFEM-
only (91.65%) and DPLM-only (91.86%). With all modules enabled, MDPNet
reaches 93.28% accuracy with reduced variance across folds (£1.54), suggest-
ing more stable performance. On the OCT dataset, MSFEM improves accuracy
from 96.79% to 97.26%, while DPLM yields a smaller gain (96.79% to 97.18%),
likely due to lower spatial variability and a more balanced class distribution. LA
provides a larger benefit on PVC than OCT, consistent with the stronger class
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Table 1: Overall classification performance (in %) on three datasets.

Recall
Model Accuracy |(Sensitivity)|Precision |F1
PVC (5 classes)
ResNet50 [11] 76.74+4.04 |76.57£8.97 |74.03+9.63 |74.42+8.66
DenseNet121 [12] 86.37£1.89 |86.33+5.62  [86.08+£4.74 |86.05+5.10
CrossViT [4] 83.84£2.90 |83.84+9.39 85.25+4.00 |84.36+5.50
Swin Transformer [14] 75.134+3.50 |50.63+5.01  [65.77£6.95 [57.01+4.61
Deformable ProtoPNet [7]|91.86+£2.06 {92.08+4.51 90.5945.00 |91.184+4.40
MedMamba [23] 89.90£1.86 |89.54+4.40 89.47+3.22 |89.13+3.65
MDPNet (ours) 93.28+1.54(93.26+4.00 (93.65+3.65|93.42+3.70
NEH (3 classes)
ResNet50 [11] 96.59£0.18 {96.331+0.28 96.83+0.17 |96.58+0.22
DenseNet121 [12] 96.81+0.21 (97.04+0.23  [96.75+0.51 |96.90+0.37
CrossViT [4] 90.984+0.37 |90.29+0.44 91.614+0.42 |90.95+0.43
Swin Transformer [14] 80.224+0.69 |78.99+0.59 80.814+1.08 |79.47+0.61
Deformable ProtoPNet [7]|97.18+0.39 [97.384+0.45 |96.88+0.38 [97.13+£0.41
MedMamba [23] 97.78+0.16 |97.61+0.19  |97.85+0.24 (97.66+0.21
MDPNet (ours) 97.90+£0.37|97.71+0.41 [98.021+0.34|97.87+0.38
COVID-CT-Dataset (2 classes)

ResNet50 [11] 71.954+2.98 |71.874+2.94 71.914+£2.98 |71.8942.96
DenseNet121 [12] 79.33+£3.34 |79.36+£3.57  |79.43£3.49 |79.25+3.41
CrossViT [4] 75.97+4.36 |75.78+4.78 76.37+£4.17 |76.07+4.46
MedMamba [23] 83.89+1.71 |83.58+1.84 84.34+1.70 |83.96+1.71
Swin Transformer [14] 85.37£2.90 |85.42+2.80 [85.57£2.87 |85.49+2.80
Deformable ProtoPNet [7]|87.11£1.98 |87.16+2.05 |87.12+2.06 |87.14+2.06
MDPNet (ours) 87.65+2.54|87.74+2.65 (87.721+2.42|87.73+2.49

Table 2: Ablation studies (in %) on PVC

and OCT datasets.

MSFEM|DPLM|LA

PVC Dataset

OCT Dataset

Accuracy

F1

Accuracy

F1

89.86+£2.15

89.70+£1.17

96.79£0.39

97.09+0.56

91.65£2.67

91.76£0.77

97.26+£0.14

97.75+0.13

91.86+2.06

91.324+1.12

97.18+0.39

97.13+0.41

90.63£2.17

91.87+0.68

96.23£0.30

96.41+0.40

93.02£1.64

91.53£1.31

97.63+0.63

98.194+0.40

91.824+2.08

91.124+1.27

97.74+0.33

97.69+0.35

91.00+£1.67

90.70+2.19

97.15+0.45

97.08+0.48

L XL X X X
< e x e x|< | x| x
<o x e x| x | x

93.28+1.54

92.59+2.27

97.90+0.37

97.87+0.38

imbalance in PVC. We tune the temperature parameter 7 for logit adjustment
on the PVC dataset, as shown in Figure 3 (Left), and observe that the balanced
error rate (BER) decreases as 7 increases, reaching a minimum at 7=0.8, after
which performance degrades, indicating over-calibration.
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Fig.3: (Left) Balanced Error Rate across different values of the temperature
scaling parameter 7, with the lowest BER at 7 = 0.8. (Right) Correctly and
incorrectly classified ECG images, each with corresponding prototypes.

3.4 Interpretability

Figure 3 (Right) illustrates the reasoning process of MDPNet on representative
PVC test images. Classification predictions are supported by similarity scores to
the nearest learned prototypes, providing case-based evidence in the embedding
space. Despite strong performance on five-class PVC origin classification, we
observe two representative failure modes: (1) Prototype-feature mismatch
under ambiguous morphology: PVC patterns from adjacent origins may
activate visually similar prototypes, yielding prototype matches that are less
clinically aligned even when predictions are correct. Such cases typically arise
when the available discriminative cues are weak or incomplete. (2) Confusion
under subtle inter-class differences: overlapping QRS morphologies (e.g.,
PM vs. VA or LVOT vs. RVOT) can produce similar similarity scores across
classes and lead to misclassification. These observations motivate anatomically
sensitive prototype designs that better capture clinically meaningful differences.

4 CONCLUSION

In this paper, we propose MDPNet, a prototype-based framework that inte-
grates a multi-scale spatial pyramid attention module, deformable prototype
learning, and a logit-adjusted loss to improve both diagnostic accuracy and inter-
pretability in medical image classification. MDPNet could support clinician-in-
the-loop review by retrieving similar historical cases (prototypes) together with
the evidence-bearing regions. Extensive experiments on three datasets demon-
strate that MDPNet consistently outperforms strong baselines while provid-
ing prototype-grounded explanations, highlighting its potential for trustworthy
computer-aided diagnosis. Nevertheless, the additional computational cost in-
troduced by multi-scale attention, the uniform allocation of prototypes across
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classes, and the abstract nature of prototype-based explanations for non-specialists
remain important limitations. Future work will therefore focus on improving effi-
ciency for deployment, developing adaptive prototype allocation strategies, and
incorporating multimodal information (e.g., clinical text) to enhance explanation
accessibility.
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