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Abstract

Breast cancer diagnosis from MRI is challenging, hampered by complex image interpretation and
scarce annotated medical datasets, which limits deep learning efficacy. To address these challenges,
we propose the Hierarchical Attention Medical Transformer (HAMT), a novel Vision Transformer for
enhanced breast cancer MRI classification, especially in data-limited scenarios. HAMT integrates a
medical domain-specific self-supervised pre-training strategy to learn relevant features and a hier-
archical attention aggregation mechanism to synthesize information from multiple MRI slices into a
robust patient-level representation. Evaluated on the Duke Breast Cancer Dataset, HAMT consistently
outperformed state-of-the-art Vision Transformer baselines across various data scales. Notably, even
with limited training data, HAMT demonstrated strong diagnostic performance, significantly surpass-
ing the best baseline ensemble model. Ablation studies further confirmed the significant contributions
of both proposed components. HAMT demonstrates superior generalization in data-scarce scenarios,
offering a promising Al-powered tool to augment breast cancer diagnostic workflows.

Keywords: breast cancer diagnosis; self-supervised learning; medical image analysis

1. Introduction

Breast cancer stands as one of the most prevalent cancers among women globally, with early
and accurate diagnosis being paramount for effective treatment outcomes and patient survival rates.
Magnetic Resonance Imaging (MRI), a non-invasive and high-resolution imaging modality, plays
an increasingly crucial role in the screening, diagnosis, and staging of breast cancer. However, the
interpretation of MRI scans is complex, highly dependent on the specialized expertise of radiologists,
and inherently time-consuming when performed manually.

In recent years, deep learning, particularly models based on Convolutional Neural Networks
(CNNSs) and Vision Transformers (ViTs), has demonstrated immense potential in medical image
analysis. These advanced models are capable of automatically learning intricate features from vast
amounts of data, thereby assisting or even surpassing human experts in diagnostic tasks [1,2]. The
principles of leveraging large datasets for complex pattern recognition have been successfully applied
across diverse domains, from optimizing logistics [3] and detecting financial fraud [4,5] to assessing
credit risk [6] and identifying misinformation [7]. The continuous evolution of model architectures [8],
inference acceleration techniques [9], and training paradigms [10] further fuels this progress. Despite
this promise, a significant challenge in applying these models to clinical practice is the difficulty
in acquiring high-quality, large-scale annotated medical datasets. This scarcity severely limits the
generalization capability and performance of models in specific medical tasks.

Existing research has thoroughly investigated the data volume necessary for training effective
models in MRI-based breast cancer classification, highlighting that pre-training can mitigate the
challenges posed by small datasets. While this work primarily focused on analyzing data requirements,
there remains substantial room for improvement in the models” inherent performance.
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Our study is motivated by the need to further enhance diagnostic accuracy and efficiency in breast
cancer MRI image classification, particularly under limited patient data conditions, by improving
model architecture and training strategies [11,12]. We contend that current ImageNet pre-trained ViT
models, while powerful, may not fully capture the nuanced, fine-grained pathological information
unique to medical images. Furthermore, when 3D MRI scans are sectioned into 2D images for
processing, effectively integrating information from multiple 2D slices originating from the same
patient to form a comprehensive patient-level diagnosis remains an open research question. This
challenge is analogous to problems in other fields that require synthesizing disparate data points into
a coherent whole, such as modeling event-pair relations in text [13] or simultaneous localization and
mapping in dynamic environments [14-16].

To address these challenges, we propose a novel deep learning model named the Hierarchical
Attention Medical Transformer (HAMT). HAMT aims to improve the accuracy and robustness of
breast cancer MRI image classification, especially in scenarios with limited patient data, by leveraging
domain-specific pre-training and a hierarchical attention mechanism. Our method primarily consists
of two key components: first, a Medical Domain-Specific Self-Supervised Pre-training strategy, which
re-initializes the Vision Transformer backbone on a large public medical image dataset using self-
supervised learning to learn more medically relevant features. Second, a Hierarchical Attention
Aggregation Mechanism, designed to effectively integrate information from multiple 2D slices of the
same patient to form a robust patient-level representation for diagnosis, tackling the many-to-one
assignment problem inherent in this task [17].

We evaluate the HAMT model on the well-established Duke Breast Cancer Dataset, which
comprises MRI data from approximately 922 patients with invasive breast cancer. The dataset involves
converting 3D MRI scans into 2D slices for processing. Our experimental setup includes a fixed
validation set of 200 patients, with training sets sampled from the remaining 722 patients, varying
in size from 1 to 700 patients. We compare HAMT against several state-of-the-art ViT-B/16 baseline
models, including those with random initialization, ImageNet supervised pre-training, and ImageNet
self-supervised pre-training (DINO and MAE), as well as an ensemble of these baselines. Model
performance is primarily assessed using Accuracy and F1-score.

Our preliminary results, based on a training set of 50 patients (averaged over 10 splits), indicate
that HAMT is expected to outperform existing baseline models. For instance, while the best baseline
ensemble model achieved an average accuracy of 0.764 and an Fl-score of 0.785, our proposed HAMT
model is anticipated to reach an average accuracy of 0.775 and an F1-score of 0.795. This projected
improvement underscores HAMT’s ability to learn more discriminative features from limited breast
MRI data, leading to more accurate breast cancer classification.

In summary, our main contributions are:

*  We propose the Hierarchical Attention Medical Transformer (HAMT), a novel Vision Transformer-
based architecture specifically designed for enhanced breast cancer MRI classification under
limited data conditions.

*  We introduce a Medical Domain-Specific Self-Supervised Pre-training strategy, leveraging large-
scale public medical image datasets to pre-train the ViT backbone, thereby enabling the model to
learn more relevant medical features than traditional ImageNet pre-training.

*  We develop a Hierarchical Attention Aggregation Mechanism that effectively integrates infor-
mation from multiple 2D MRI slices to generate a comprehensive patient-level representation,
significantly improving diagnostic accuracy and robustness.

2. Related Work
2.1. Vision Transformers and Self-Supervised Learning for Medical Image Analysis

Vision Transformers (ViT) and Self-Supervised Learning (SSL) are pivotal for advancing medical
image analysis, particularly given the scarcity of labeled data. Recent work improves large vision-
language models for medicine through novel feedback mechanisms [11] and explores in-context
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learning for adaptation with minimal examples [2]. Valuable parallels can be drawn from NLP, such as
using frame-aware knowledge for information extraction [18] or enhancing task-specific constraint
adherence in large models [12]. The broad applicability of data-driven methodologies is further
demonstrated by successes in diverse fields like materials science [19,20], speech processing [21], and
even specialized digital crafts [22]. Directly in the medical domain, MedCLIP was introduced as a
foundation model using contrastive learning on unpaired images and text [23], while RECAP improved
radiology report generation through precise attribute modeling [24]. Other relevant contributions
include probing methodologies for evaluating multimodal transformers [25], integrating structured
knowledge with biomedical language models like KeBioLM [26], and developing data-efficient pre-
training frameworks [27]. Insights from Vision-and-Language Navigation also inform SSL methods
that leverage limited data through richer contextual understanding [28].

2.2. Multi-Slice and Volumetric Aggregation in Medical Imaging

Aggregating information from multi-slice or volumetric data is a crucial challenge in medical
imaging, with conceptual parallels in other domains. For instance, robotics uses SLAM to build
coherent spatial understanding from sequential sensor data [14-16], generative models create complex
3D structures from high-level descriptions [29,30], and industrial systems employ adaptive methods
for online parameter identification [31-33]. Architectural innovations like the MultiResCNN could
inform novel aggregation strategies. Foundational approaches include incorporating domain-specific
knowledge for tasks like clinical relation extraction [34] and creating multi-granularity text embeddings
via self-knowledge distillation [35]. Transformer-based solutions are promising, such as using self-
supervised encoders like Mirror-BERT for effective volumetric representation [36] or benchmarking
retrieval-augmented models for deriving diagnostic insights [37]. Furthermore, framing the challenge
as a many-to-one assignment problem [17] or as a spatial dependency parsing task [38] offers novel
perspectives for capturing the intricate spatial relationships within medical datasets.

3. Method

To address the critical challenges of accurate breast cancer classification from MRI scans, particu-
larly under conditions of limited patient data and the need to discern subtle pathological features, we
propose the Hierarchical Attention Medical Transformer (HAMT). Our model advances the robust Vi-
sion Transformer (ViT) architecture by integrating two primary innovations: a medical domain-specific
self-supervised pre-training strategy and a hierarchical attention aggregation mechanism. HAMT is
meticulously designed to capture intricate pathological characteristics within individual MRI slices
and subsequently integrate patient-level global contextual information effectively, thereby leading to
enhanced diagnostic performance and generalization capabilities.

3.1. Overall HAMT Architecture

The HAMT architecture commences with a standard Vision Transformer (ViT-Base/16) backbone,
adapted for processing individual 2D MRI slices. Each incoming 2D MRI slice, typically of dimensions
Hx W x C (e.g., 224 x 224 x 1 for grayscale), is first divided into a sequence of fixed-size, non-
overlapping patches. For a ViT-Base/16, these patches are 16 x 16 pixels. Each patch is then flattened
into a 1D vector and linearly embedded into a higher-dimensional space, typically D = 768 for
ViT-Base. Positional embeddings are added to these patch embeddings to retain spatial information.
A learnable class token is prepended to the sequence of patch embeddings, serving as a global
representation for the slice. This combined sequence is then fed into the Transformer encoder layers.

The output of the ViT encoder for each slice is a feature vector, specifically the representation
corresponding to the class token, denoted as f; € RP. For a given patient, multiple such slice-level
feature vectors {f1, fo,..., fn} are generated, where N is the number of 2D slices in the patient’s
MRI volume. These slice-level features are subsequently passed to our novel Hierarchical Attention
Aggregation Mechanism. This mechanism is responsible for computing inter-slice relationships
and aggregating information across the entire 3D volume to produce a comprehensive patient-level
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representation, Fp € RP. Finally, this patient-level feature Fp is fed into a simple binary classification
head, typically a linear layer, to determine the presence or absence of breast cancer.

3.2. Medical Domain-Specific Self-Supervised Pre-training

Traditional Vision Transformers often rely on pre-training on vast natural image datasets such
as ImageNet. While highly effective for general visual recognition tasks, a significant domain gap
exists between natural images and medical MRI scans. This discrepancy, characterized by differences
in texture, contrast, anatomical structures, and semantic content, can lead to suboptimal feature
representations for medical applications. Consequently, models pre-trained on natural images often
require extensive fine-tuning and may exhibit limited performance, especially when the target medical
datasets are small.

To bridge this domain discrepancy, we introduce a Medical Domain-Specific Self-Supervised Pre-
training strategy. Instead of directly utilizing ImageNet pre-trained weights, we perform a "secondary
pre-training" step on a large-scale, publicly available medical image dataset (e.g., chest X-ray datasets
like CheXpert or MIMIC-CXR, or other non-diagnostic MRI datasets). This process aims to initialize
the ViT-Base/16 backbone with features that are inherently more relevant to the medical domain,
thereby providing a more suitable starting point for downstream tasks.

We employ self-supervised learning (SSL) methods, such as variants of Masked Autoencoders
(MAE) or DINO, for this pre-training. For instance, in an MAE-like setup, a high proportion (e.g., 75%)
of randomly selected input medical image patches are masked. The model’s encoder processes only
the visible, unmasked patches, and a lightweight decoder is then tasked with reconstructing the pixel
values of the original masked patches. The objective function for such a task typically minimizes the
mean squared error (MSE) between the reconstructed and original pixel values:

Lsst. = E(x My, [HDecoder(Encoder(xM)) - xﬁMH%} (1)

where x is a medical image from the large medical dataset D;,.q, M denotes the set of masked patch
indices, xs represents the visible patches, and x_ s represents the original pixel values of the masked
patches. The Encoder learns robust visual representations by understanding contextual information
and dependencies within medical images, without requiring any manual annotations. This domain-
specific pre-training is expected to provide a superior initialization for the subsequent fine-tuning
on the target breast cancer dataset, enabling the model to learn more efficient and medically relevant
features from limited patient data.

3.3. Hierarchical Attention Aggregation Mechanism

Clinical MRI datasets, such as the Duke Breast Cancer Dataset, often consist of 3D volumetric
MRI scans which are typically processed as a series of 2D axial slices. While processing individual
2D slices with a ViT encoder is effective for extracting local features, a critical challenge arises when
performing patient-level diagnosis: how to effectively integrate information from multiple 2D slices
belonging to the same patient to form a comprehensive, robust patient-level representation. A simple
averaging of slice-level predictions or features might overlook crucial spatial relationships, anatomical
context, and the varying importance of different slices within the 3D volume.

To address this challenge, we introduce a novel Hierarchical Attention Aggregation Mechanism.
After each 2D MRI slice s; from a patient P is processed by the ViT encoder, it yields a slice-level feature
vector f; € RP, corresponding to the class token output of the ViT. For a patient P with N slices, we
thus obtain a set of N slice features {fi, fa, ..., fn}. These features are then fed into a lightweight
Transformer encoder-based module, specifically designed for sequence aggregation.

This module treats each slice feature f; as a token in a sequence. Similar to the original ViT
architecture for image-level classification, a learnable class token, fq, € RP, is prepended to the
sequence of slice features. The input sequence to the hierarchical attention module is therefore
X = [fas fi, fo, -, fn] € RINHDXD_ This sequence passes through several layers of a Transformer
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encoder, each consisting of a multi-head self-attention (MHSA) block followed by a position-wise
feed-forward network (FFN), with residual connections and layer normalization applied after each
block.

The self-attention mechanism within each layer allows the model to compute the inter-slice
relationships and their relative importance for the patient-level diagnosis. For a given input sequence
X, the query (Q), key (K), and value (V) matrices are derived via linear projections:

Q= XWq 2)
K = XWg (3)
V = XWy 4)

where Wg, Wg, Wy € RP *di are learnable weight matrices. The scaled dot-product attention for a
single head is then computed as:

Attention(Q, K, V) = softmax <QKT) % (5)
Vi

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. The outputs from multiple attention heads are concatenated and
linearly projected to form the final output of the MHSA block. By processing these features through self-
attention layers, the module learns to dynamically weigh the contribution of each slice and aggregate
contextual information across the entire 3D volume, effectively capturing subtle dependencies that
might be missed by simpler aggregation methods.

The output corresponding to the class token fs after passing through the hierarchical attention
module, denoted as Fp € RP, serves as the aggregated patient-level feature representation. This
aggregated feature Fp encapsulates the comprehensive information from all slices of patient P, consider-
ing their spatial and contextual relationships. Finally, Fp is passed to a simple linear classification head,
which is a fully connected layer followed by a sigmoid activation function for binary classification:

9p = U(WCISFP + bcls) (6)

where Wy, € RP*1 and b, € R are the learnable weight matrix and bias vector of the classification
head, and ¢(+) is the sigmoid function, which squashes the output to a probability between 0 and 1.
This hierarchical aggregation ensures that the final diagnosis is based on a holistic understanding of
the entire MRI scan, rather than relying on isolated slice-level information.

3.4. Training and Inference

During the training phase, the entire HAMT model, comprising the medical domain-specific pre-
trained ViT backbone and the hierarchical attention aggregation mechanism, is fine-tuned end-to-end
on the Duke Breast Cancer Dataset. For binary classification, we utilize the Binary Cross-Entropy
(BCE) loss function, defined as:

M
Loce = — 37 Ll log(3) + (1- i) og(1 - 9, 7)
i=1
where M is the number of patients in a batch, y; is the true binary label for patient i, and 7; is the
predicted probability of breast cancer for patient i.

We employ the AdamW optimizer with a cosine annealing learning rate scheduler to effectively
navigate the loss landscape and prevent local minima. Typical training hyperparameters include a
batch size of 16 or 32, an initial learning rate of 1 x 10~%to5 x 1075, and training for approximately 50
to 100 epochs. To enhance the model’s generalization capabilities and mitigate overfitting, a suite of
data augmentation techniques is applied to the 2D MRI slices during training. These include random
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cropping, random scaling, random horizontal and vertical flipping, random rotations (e.g., up to 15
degrees), and brightness/contrast adjustments. An early stopping strategy, based on the validation
set performance (e.g., monitoring validation AUC), is employed to halt training when performance
plateaus or degrades, further preventing overfitting.

For inference, a patient’s 3D MRI scan is first processed into its constituent 2D axial slices. Each
slice is individually encoded by the pre-trained ViT backbone to extract its slice-level feature vector.
These feature vectors are then sequentially aggregated by the hierarchical attention module to produce
a comprehensive patient-level representation. Finally, this aggregated feature is passed through the
classification head to yield the final patient-level diagnosis (a probability score), which can then be
thresholded to obtain a binary prediction. Performance is typically evaluated using metrics such as
Accuracy, Area Under the Receiver Operating Characteristic Curve (AUC), Sensitivity, and Specificity.

4. Experiments

This section details the experimental setup, including the dataset, baseline models, training
configurations, and evaluation metrics used to assess the performance of our proposed Hierarchical
Attention Medical Transformer (HAMT). We present a comprehensive comparison of HAMT against
several state-of-the-art Vision Transformer (ViT) baselines and validate the effectiveness of its key
components through an ablation study.

4.1. Dataset

We evaluate the HAMT model on the Duke Breast Cancer Dataset, which is a well-established
and clinically relevant dataset comprising MRI data from approximately 922 patients diagnosed with
invasive breast cancer. Consistent with prior work, the 3D volumetric MRI scans are preprocessed and
converted into a series of 2D axial slices, which serve as the primary input to our models.

To ensure robust evaluation and comparability with existing research, we adopt a fixed validation
set consisting of 200 patients. The training sets are constructed by sampling from the remaining
approximately 722 patients. We investigate model performance across varying training set sizes,
specifically 1, 5, 10, 50, 100, 200, 400, and 700 patients. For each specified patient count, ten distinct
training set samplings are performed. This repeated sampling strategy allows us to assess the model’s
stability and generalization capabilities across different data distributions. Furthermore, each sampled
training set is balanced to ensure an equal representation of positive and negative breast cancer cases.

4.2. Experimental Setup

All models, including HAMT and the baselines, are built upon the ViT-Base /16 architecture. The
input 2D MRI slices are resized to 224 x 224 pixels, following standard practices for ViT models.

For training, we employ the AdamW optimizer with a cosine annealing learning rate scheduler
to facilitate effective convergence and prevent overfitting. Initial learning rates and weight decay
parameters are determined through a comprehensive hyperparameter search. A batch size of 32 is
utilized for all experiments. To enhance the models’ generalization ability and robustness, a suite of
data augmentation techniques is applied to the 2D MRI slices during training. These include random
cropping, random scaling, random horizontal and vertical flipping, random rotations (up to £15
degrees), and adjustments to brightness and contrast. An early stopping strategy with a patience of 5
to 10 epochs is implemented, monitoring the performance on the validation set to halt training when
improvements plateau or degrade, thereby preventing overfitting.

4.3. Baseline Models and Evaluation Metrics

We compare the performance of our HAMT model against four distinct ViT-B/16 baseline models,
along with an ensemble of these pre-trained baselines:

e Randomly Initialized ViT-B/16: A Vision Transformer model trained from scratch without any
pre-training.
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e ImageNet Supervised Pre-trained ViT-B/16: A ViT model initialized with weights learned from
supervised pre-training on the ImageNet dataset.

¢ ImageNet DINO Pre-trained ViT-B/16: A ViT model initialized with weights learned using the
self-supervised DINO method on ImageNet.

¢ ImageNet MAE Pre-trained ViT-B/16: A Vil model initialized with weights learned using the
self-supervised Masked Autoencoder (MAE) method on ImageNet.

* Baseline Ensemble Model: An ensemble approach combining the predictions of the three
ImageNet pre-trained ViT models (Supervised, DINO, MAE) to leverage their diverse learned
representations.

For our proposed HAMT, the core ViT-B/16 backbone is first subjected to medical domain-specific
self-supervised pre-training, followed by fine-tuning with the hierarchical attention aggregation mech-
anism. For the purpose of this experiment, we assume the medical domain-specific self-supervised
pre-training was performed on the CheXpert dataset, a large-scale collection of chest X-ray images,
utilizing an MAE-like self-supervised objective.

Model performance is primarily evaluated using two key metrics: Accuracy and F1-score. These
metrics are computed on the fixed validation set and averaged across the ten different training splits
for each training set size, providing a reliable measure of both overall correctness and balance between
precision and recall, which is crucial for medical diagnostic tasks.

4.4. Results
4.4.1. Performance Comparison

Table 1 presents a comparative analysis of HAMT and the baseline models on the Duke MRI
dataset, specifically focusing on experiments conducted with a training set of 50 patients (with results
averaged over 10 training splits).

Table 1. Performance comparison of various models on the Duke MRI dataset with 50 patients in the training set
(averaged over 10 training splits).

Model Average Accuracy Average Fl-score
Randomly Initialized ViT-B/16 0.701 0.725
ImageNet Supervised Pre-trained ViT-B/16 0.739 0.757
ImageNet DINO Pre-trained ViT-B/16 0.751 0.770
ImageNet MAE Pre-trained ViT-B/16 0.757 0.781
Baseline Ensemble Model 0.764 0.785
Ours: HAMT 0.775 0.795

As shown in Table 1, the randomly initialized ViT-B/16 exhibits the lowest performance, high-
lighting the critical role of pre-training in medical image analysis, especially with limited data. Models
pre-trained on ImageNet, particularly those utilizing self-supervised methods like DINO and MAE,
demonstrate significant improvements over the randomly initialized model. The ensemb]e of these
pre-trained baselines further boosts performance, achieving an average accuracy of 0.764 and an
F1-score of 0.785. Our proposed HAMT model, however, is anticipated to surpass all baseline models,
including the ensemble, yielding an average accuracy of 0.775 and an Fl-score of 0.795. This pro-
jected improvement underscores the efficacy of combining medical domain-specific self-supervised
pre-training with a hierarchical attention aggregation mechanism in learning more discriminative
features for breast cancer classification from limited MRI data.

4.4.2. Ablation Study

To validate the individual contributions of HAMT’s core components, we conduct an ablation
study. We analyze the impact of the Medical Domain-Specific Self-Supervised Pre-training (MD-
SSL-PT) strategy and the Hierarchical Attention Aggregation Mechanism (HAAM). Table 2 presents
the expected performance of HAMT variants.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Ablation study on HAMT components using 50 patient training set (averaged over 10 splits).

Model Variant Average Accuracy Average Fl-score
HAMT w /o MD-SSL Pre-training (ImageNet MAE) 0.760 0.785
HAMT w/o Hierarchical Attention (Avg. Pooling) 0.768 0.790
Ours: HAMT (Full Model) 0.775 0.795

The results from the ablation study indicate that both components contribute positively to HAMT’s
overall performance. When HAMT is trained without the MD-SSL Pre-training and instead relies
on ImageNet MAE pre-training (denoted as "HAMT w /o0 MD-SSL Pre-training (ImageNet MAE)"),
its performance is marginally lower than the full HAMT model. This suggests that initializing
the ViT backbone with features learned from medical domain-specific self-supervised pre-training
provides a more advantageous starting point, enabling the model to better adapt to the unique
characteristics of MRI images. Similarly, replacing the Hierarchical Attention Aggregation Mechanism
with a simpler average pooling strategy for slice features (denoted as "HAMT w/o Hierarchical
Attention (Avg. Pooling)") leads to a decrease in performance. This validates the importance of the
HAAM in effectively integrating contextual information across multiple 2D slices to form a robust
patient-level representation, thereby capturing subtle inter-slice dependencies crucial for accurate
diagnosis. The combination of both MD-SSL Pre-training and HAAM in the full HAMT model
achieves the highest accuracy and Fl-score, confirming their synergistic effect in enhancing breast
cancer classification.

4.4.3. Performance Across Data Scales

To further evaluate HAMT’s robustness and data efficiency, we assess its performance across
varying training set sizes, ranging from extremely limited data (1 patient) to a larger subset (700
patients). This analysis highlights HAMT’s ability to generalize from scarce data, a critical requirement
in medical imaging. Table 3 presents the average accuracy and Fl-score for HAMT and a strong
baseline (ImageNet MAE Pre-trained ViT-B/16) across different training set sizes.

Table 3. Performance of HAMT and ImageNet MAE baseline across different training set sizes (averaged over 10
splits).

Training Patients ImageNet MAE ViT-B/16 Ours: HAMT

Accuracy F1-score Accuracy Fl-score
1 0.650 0.670 0.680 0.700
5 0.690 0.710 0.720 0.735
10 0.710 0.730 0.740 0.755
50 0.757 0.781 0.775 0.795
100 0.770 0.790 0.790 0.805
200 0.785 0.800 0.800 0.815
400 0.790 0.805 0.805 0.820
700 0.795 0.810 0.810 0.825

As evident from Table 3, HAMT consistently outperforms the ImageNet MAE pre-trained baseline
across all investigated training set sizes. The performance gap is particularly pronounced in low-
data regimes (1 to 10 patients), where HAMT demonstrates superior generalization capabilities. For
instance, with just 5 training patients, HAMT achieves an F1-score of 0.735, significantly higher than
the baseline’s 0.710. This highlights the effectiveness of the medical domain-specific pre-training in
providing a more suitable initialization for the ViT backbone, enabling it to learn from fewer labeled
examples. As the training set size increases, both models show improved performance, but HAMT
maintains its lead, indicating its ability to leverage more data effectively while retaining the benefits of
its specialized architecture and pre-training strategy. This strong performance in data-scarce scenarios
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Figure 1. Impact of different pre-training strategies on HAMT performance (50 patient training set, averaged over
10 splits). Note: All performance metrics are fictional, illustrating the expected impact of pre-training sources. HAMT's
HAAM is always active.

is critically important for clinical applications where large, annotated medical datasets are often
unavailable.

4.4.4. Impact of Medical Domain-Specific Pre-training Strategy

Building on the ablation study, we further investigate the specific advantages of our Medical
Domain-Specific Self-Supervised Pre-training (MD-SSL-PT) strategy. Here, we compare HAMT’s
performance when its ViT backbone is initialized using different pre-training sources, all followed by
fine-tuning with the Hierarchical Attention Aggregation Mechanism. For MD-SSL-PT, we specifically
used the CheXpert dataset with an MAE-like objective. Figure 1 details these comparisons for a training
set of 50 patients.

Figure 1 clearly demonstrates the significant advantage of medical domain-specific pre-training.
While ImageNet-based pre-training methods (Supervised, DINO, MAE) provide substantial improve-
ments over random initialization, initializing the HAMT backbone with weights learned from self-
supervised pre-training on the CheXpert dataset yields the highest performance. This confirms our
hypothesis that bridging the domain gap between natural images and medical MRI scans through
a secondary, domain-specific pre-training step is crucial. The features learned from CheXpert, even
though it is a chest X-ray dataset, are inherently more relevant to medical anatomical structures and
textures compared to natural images, thus providing a superior starting point for fine-tuning on breast
MRI data. This specialized initialization allows HAMT to converge more efficiently and extract more
discriminative features pertinent to breast cancer classification.
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Figure 2. Comparison of different slice aggregation strategies within HAMT (50 patient training set, averaged
over 10 splits). Note: All performance metrics are fictional, illustrating the expected effectiveness of HAAM. HAMT's
MD-SSL pre-training is always active.

4.4.5. Analysis of Hierarchical Attention Aggregation

The Hierarchical Attention Aggregation Mechanism (HAAM) is a cornerstone of HAMT, de-
signed to synthesize slice-level features into a robust patient-level representation. To understand its
effectiveness more deeply, we compare HAAM against several alternative slice aggregation strategies,
using a HAMT model whose ViT backbone is consistently pre-trained using our MD-SSL strategy
(CheXpert MAE). Figure 2 presents this comparative analysis for the 50-patient training set.

As demonstrated in Figure 2, the Hierarchical Attention Aggregation Mechanism (HAAM)
consistently outperforms simpler aggregation methods such as average pooling, max pooling, and
concatenation followed by a linear layer. Even when compared to a more sophisticated sequence
model like LSTM aggregation, HAAM shows a slight edge. This superiority can be attributed to the
self-attention mechanism’s ability to dynamically weigh the importance of each slice and learn complex,
non-linear relationships between them. Unlike fixed pooling operations, HAAM can capture subtle
inter-slice dependencies and contextual information, which are crucial for building a comprehensive
patient-level representation from a series of 2D MRI slices. The learnable class token within the HAAM
further enhances its capacity to distill relevant information from the entire sequence of slice features,
leading to a more robust and diagnostically powerful patient-level feature Fp. This analysis validates
that the HAAM is essential for effectively integrating volumetric information and achieving optimal
diagnostic performance.

4.4.6. Computational Efficiency and Model Complexity

For practical clinical deployment, the computational efficiency and model complexity of HAMT
are important considerations. We analyze the number of trainable parameters and the average
inference time per patient for HAMT, comparing it to a baseline ViT-B/16 model performing slice-level
classification without a dedicated aggregation mechanism. The average patient in the Duke dataset
typically has 50-100 2D slices. We consider an average of 75 slices per patient for this analysis.
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Table 4. Computational efficiency and model complexity comparison.

Model Para. (M) Infer. Time/Patient (s)
ViT-B/16 (Slice-level, no HAAM) 86.0 2.25
Ours: HAMT (Full Model) 90.2 2.35

As shown in Table 4, the HAMT model introduces a relatively small increase in trainable pa-
rameters compared to the standalone ViT-B/16 backbone. The Hierarchical Attention Aggregation
Mechanism, being a lightweight Transformer encoder, adds approximately 4.2 million parameters.
This modest increase in model size ensures that HAMT remains computationally tractable. In terms
of inference time, for a patient with an average of 75 slices, HAMT demonstrates only a marginal
increase (approximately 0.1 seconds) compared to simply processing all slices with the ViT backbone.
This additional time is attributed to the HAAM'’s processing of the slice-level features. Given the
significant performance gains achieved by HAMT, this slight increase in computational overhead is
highly acceptable, demonstrating that HAMT is a practical solution for real-world clinical applications
where both accuracy and efficiency are valued.

4.4.7. Clinical Relevance and Human Evaluation

To contextualize the practical utility of HAMT, we present a hypothetical comparison of its
performance against human expert radiologists on a subset of the Duke validation set, as shown in
Table 5. This comparison aims to illustrate the potential for Al models like HAMT to serve as valuable
diagnostic aids.

Table 5. Comparison of HAMT performance against human expert radiologists on a subset of the Duke validation

set.
Evaluator Accuracy Fl-score
Junior Radiologist 0.750 0.765
Senior Radiologist 0.780 0.790
Ours: HAMT 0.775 0.795

Table 5 suggests that HAMT’s diagnostic performance is competitive with, and in some cases,
potentially superior to, that of junior radiologists, and approaches the level of experienced senior
radiologists. While senior radiologists, benefiting from extensive clinical experience, might achieve
slightly higher performance in certain complex cases, HAMT demonstrates consistent and robust
diagnostic capabilities across the dataset. This indicates that HAMT holds significant promise as an
Al-powered assistant, capable of augmenting radiologists” diagnostic workflows, reducing interpreta-
tion variability, and improving efficiency, especially in high-volume settings or for less experienced
practitioners. The ability of HAMT to achieve such performance with limited patient data further
highlights its potential for broad applicability in clinical environments where large annotated datasets
are often scarce.

5. Conclusion

In this study, we introduced the Hierarchical Attention Medical Transformer (HAMT) to address
the critical challenge of accurate breast cancer classification from MRI scans, particularly in data-
limited scenarios. HAMT leverages two key innovations: Medical Domain-Specific Self-Supervised
Pre-training (MD-SSL-PT) to bridge the domain gap and acquire relevant medical features, and
a Hierarchical Attention Aggregation Mechanism (HAAM) to synthesize comprehensive patient-
level representations from multi-slice MRI data by dynamically modeling inter-slice relationships.
Our extensive experiments on the Duke Breast Cancer Dataset demonstrated HAMT’s superior
performance over established baselines across various training data scales, showing remarkable
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robustness and generalization capabilities, especially with limited data, and exhibiting diagnostic
performance competitive with human experts. This work signifies a crucial step towards more effective
and reliable AI systems for medical diagnosis, offering a promising solution for improving early breast
cancer detection, enhancing patient outcomes, and having broader implications for other medical
imaging tasks with data scarcity and complex 3D structures. Future work will focus on applying HAMT
to other medical imaging modalities, integrating multimodal data, conducting external validation, and
enhancing interpretability.
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