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Microscopic hyperspectral imaging (MHSI) of unstained tissue provides quantitative, label-free 
cues for pathology, but practical diagnosis is hindered by weak morphological contrast and high-
dimensional spectra. Patch-wise classification is therefore unstable: discriminative spectral signatures 
are subtle, spatially sparse, and easily confounded by noise and tissue heterogeneity. To address this, 
we construct a new unstained breast MHSI dataset and formulate slice-level diagnosis as a multiple 
instance learning (MIL) problem. We propose a Multi-Scale Hierarchical Attention Network (MS-HAN) 
tailored to hyperspectral MIL. Each instance (patch) is encoded by an Inception-like multi-branch 
extractor that operates at a fixed spatial resolution using parallel convolution kernels to capture 
spectral–spatial patterns at different receptive fields. To reduce high intra-class spectral variability, 
we introduce a prototype-based clustering regularization that softly assigns instance embeddings to 
learnable centers and refines the representation. We then apply dual attention directly on the spatial 
feature map: channel (spectral) attention generates band-wise weights from global spatial descriptors, 
explicitly modeling inter-band dependencies, followed by spatial attention producing a 2D attention 
map to localize informative cellular regions. These modules are trained end-to-end with only slice-
level labels. Finally, a hierarchical aggregator models inter-patch dependencies via self-attention 
and performs attention pooling to obtain the slice representation for classification. On a strictly 
patient-split cohort of 60 patients, MS-HAN achieved 86.7% accuracy and 0.92 AUC, outperforming 
strong MIL baselines (e.g., TransMIL and DS-MIL). McNemar’s test demonstrated statistically 
significant improvements over ABMIL (p = 0.0251) and DS-MIL (p = 0.0198), with marginal 
significance against CLAM and TransMIL (p < 0.1). Ablations verified the necessity of the prototype 
regularization and hyperspectral-specific attention. Attention visualizations highlighted regions 
consistent with tumor-related morphology and emphasized informative spectral ranges without pixel-
level annotations, pending expert validation. MS-HAN suggests that hyperspectral-specific feature 
refinement and hierarchical MIL aggregation may improve robust, stain-free breast cancer detection 
from microscopic MHSI. Further multi-center validation and expert review of attention explanations 
are needed to establish clinical utility.
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WSI:	� Whole Slide Image
ROI:	� Region of Interest
AUC:	� Area Under the Curve
SD:	� Standard Deviation

Breast cancer continues to be one of the most widespread and lethal cancers globally, highlighting the pressing 
need for diagnostic tools that are not only accurate but also objective and reproducible1. The cornerstone of 
current diagnosis, histopathological analysis of stained tissue, relies on subjective interpretation by pathologists, 
leading to inter-observer variability that can affect diagnostic accuracy, particularly in complex cases2,3.

Microscopic Hyperspectral Imaging (MHSI) applied to unstained tissue sections emerges as a promising 
alternative, offering a pathway to quantitative, stain-free digital pathology4,5. By capturing hundreds of spectral 
bands for each pixel, MHSI can detect subtle biochemical shifts in endogenous molecules like proteins and nucleic 
acids, which are directly linked to neoplastic transformation6. However, this powerful approach introduces 
a unique set of computational challenges that limit its clinical translation. The absence of staining results in 
images with extremely low morphological contrast, where diagnostically critical nests of neoplastic cells are 
often obscured within a sea of structurally ambiguous stroma. The diagnostic information is thus encoded in 
faint spectral variations and subtle textural patterns, which are easily buried in noise and scattering effects7.

To capture sufficient cellular detail under these conditions, high-magnification microscopy is essential. This 
inherently limits the field of view, making a multi-point grid-scanning protocol necessary to ensure comprehensive 
coverage and capture tissue heterogeneity5,8. However, processing such data with standard supervised Deep 
Learning methods would require detailed pixel-level or patch-level annotations, which are labor-intensive, 
subjective, and often impractical for large-scale datasets9. Consequently, the field of computational pathology 
has increasingly shifted towards Weakly Supervised Learning (WSL), specifically Multiple Instance Learning 
(MIL), as the standard paradigm for analyzing Whole Slide Images (WSIs) without dense manual annotations9,10.

The complexity of unstained MHSI data demands an analytical tool that can account for both the rich spectral 
information within each patch and the overarching heterogeneity across a tissue slice. Standard CNNs, while 
effective for extracting features from individual patches, are not inherently designed to aggregate information 
from a collection of patches to make a single, slice-level diagnosis. This limitation can lead to noisy predictions, 
as the significance of a single patch is best understood in the context of its surrounding tissue.

To systematically address these challenges, this study presents a comprehensive framework tailored for stain-
free computational pathology. First, we constructed a novel Microscopic Hyperspectral Breast Cancer Dataset 
(MHBCD) derived from unstained, paraffin-embedded tissue sections, filling a critical gap in data resources 
for spectral pathology. Second, unlike generic MIL models designed for standard RGB images, we propose 
the MS-HAN, a specialized architecture explicitly engineered for hyperspectral data. By integrating a multi-
scale spectral feature extractor with a unique clustering constraint, MS-HAN is designed to capture fine-grained 
biochemical signatures that are often lost in low-contrast, unstained morphological structures. Finally, we shift 
the diagnostic paradigm from unreliable single-patch classification to a holistic slice-level assessment. This 
approach effectively mitigates the ambiguity of individual field-of-views by aggregating global context, providing 
a robust and objective diagnostic tool which we validate on a strictly split patient cohort.

Results
Dataset characteristics
In this study, we collected a novel Microscopic Hyperspectral Breast Cancer Dataset (MHBCD). This dataset was 
built from a cohort of 60 patients with breast cancer, prospectively collected between January 2022 and December 
2023. The cohort’s mean age was 53.55 ± 13.23 years and mean BMI was 21.08 ± 3.28 kg/m2. Pathological 
and clinical characteristics are detailed in Table 1. Each MHSI data cube was acquired at a 696 × 520 spatial 
resolution, with 128 spectral bands from 397–1032 nm at a 5 nm resolution11.

Characteristic Value Percentage (%)

Age (years, mean ± SD) 53.55 ± 13.23 –

BMI (kg/m2 , mean ± SD) 21.08 ± 3.28 –

Molecular subtype

Luminal A 25 41.67

Luminal B 21 35.00

HER2-enriched 10 16.67

Triple-negative 4 6.67

Tumor grade

Grade I 4 6.67

Grade II 38 63.33

Grade III 18 30.00

Table 1.  Characteristics of the MHBCD (N = 60).
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Classification performance
The proposed MS-HAN model demonstrated high efficacy in differentiating between tumor and paracancerous 
tissue slices on the unseen test set, which comprised 94 slices. The model achieved a robust overall classification 
accuracy of 86.7% ± 1.2%. Its excellent discriminative power is further highlighted by an Area Under the Curve 
(AUC) of 0.92 ± 0.01, as depicted by the Receiver Operating Characteristic (ROC) curve in Fig. 2a. The detailed 
classification results are presented in the confusion matrix shown in Fig. 2b, which provides a comprehensive 
breakdown of true positives, true negatives, false positives, and false negatives across the 94 test slices.

From a clinical utility perspective, the model’s performance is highly encouraging, as detailed in Table 2. The 
model achieved a Sensitivity (Tumor Recall) of 84.0%, which is critical in a diagnostic setting as it indicates a 
relatively low false-negative rate (16%) for cancer detection. This high sensitivity ensures that the vast majority 
of malignant cases are correctly identified, minimizing the risk of missed diagnoses. Furthermore, the model 
demonstrated a Specificity (Paracancerous Recall) of 88.6%, showing a strong ability to correctly identify non-
malignant tissue and thus reduce the likelihood of false positives, which could lead to unnecessary follow-up 
procedures and patient anxiety. The overall discriminative power of the model is underscored by an AUC of 
0.92, signifying its excellent ability to distinguish between tumor and paracancerous tissue across all decision 
thresholds.

Statistical significance analysis
To validate the robustness of our classification results, we conducted McNemar’s test to evaluate the statistical 
significance of the performance differences between MS-HAN and the baseline models on the test set. As shown 
in Table 5, MS-HAN demonstrated a statistically significant improvement in classification decisions compared 
to ABMIL (p = 0.0251) and DS-MIL (p = 0.0198). When compared to the strongest baselines, CLAM and 
TransMIL, our model achieved marginal significance (p < 0.1). This marginal statistical separation is likely 
attributable to the limited statistical power inherent in the current sample size. Despite this, the consistent trend 
of superior predictive capability suggests that MS-HAN captures discriminative features effectively. Future work 
will include multi-center validation to improve statistical power to expand the cohort size, which is expected to 
further substantiate these findings with higher statistical confidence.

Model interpretability: visualizing cellular-level spatial attention
To gain insight into the decision-making process of our MS-HAN model, we visualized the output of its spatial 
attention module. This mechanism allows the model to identify and weigh the importance of different spatial 
regions within an input image patch for classification12. The resulting attention maps, as shown in Fig. 3, highlight 

Fig. 2.  Performance metrics of the MS-HAN model on the unseen test set (94 slices). (a) Receiver Operating 
Characteristic (ROC) curve showing the Area Under the Curve (AUC) of 0.92. (b) Confusion matrix detailing 
the classification results, including true positives, true negatives, false positives, and false negatives.

 

Metric Value Clinical Significance

Sensitivity (Tumor Recall) 84.0% Clinical relevance: Reflects the ability to detect malignant lesions and limit false negatives, which is important 
for screening-oriented decision support.

Specificity (Paracancerous Recall) 88.6% Clinical relevance: Reflects the ability to recognize non-tumor tissue and limit false positives, potentially 
reducing unnecessary follow-up procedures.

F1-Score (Tumor) 0.86 Balanced performance: Represents a strong balance between precision and recall in identifying tumor regions.

AUC 0.92 Excellent discrimination: Indicates a high overall ability of the model to distinguish between malignant and 
paracancerous tissue across all decision thresholds.

Table 2.  Clinical Utility Metrics of the MS-HAN Model on the Test Set.
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the areas the model focused on, where brighter, yellow regions indicate high importance and darker, blue regions 
indicate low importance. The spatial attention heatmaps are directly extracted from the SpatialAttention output 
A ∈ R1×H×W  of the dual attention block (before global pooling), and visualized at the resolution of the 
intermediate feature map.

Spectral attention analysis
To address the question of which spectral bands contribute most to classification, we further analyzed the weights 
produced by the channel-wise attention module (Fig. 4). To obtain a stable, cohort-level summary rather than 
a single-patch visualization, we aggregate spectral attention in two steps. First, within each sample group (bag), 
we select tumor instances based on labels and compute a group-level tumor spectral attention vector by taking a 
normalized MIL-pooling-weighted sum of the corresponding patch-level spectral attention vectors. Second, we 
average these group-level tumor vectors across all tumor groups from all patients, producing the final band-wise 
distribution over 397–1032 nm shown in Fig. 4.

The aggregated distribution is clearly non-uniform, indicating that MS-HAN does not treat all spectral 
bands equally. Instead, the channel-wise attention learns band-dependent reweighting, which is consistent with 
explicitly modeling inter-band dependencies. Importantly, these attention weights are learned end-to-end jointly 
with the slice-level classification objective (i.e., not post-hoc band selection), thereby providing quantitative, 
reviewer-requested interpretability regarding how the model emphasizes different parts of the spectrum when 
forming tumor predictions.

Ablation studies
To systematically validate the effectiveness of the proposed architectural components in MS-HAN, we conducted 
a comprehensive ablation study. Specifically, we evaluated four model variants by removing key modules one at 
a time while keeping the rest of the network unchanged:

•	 w/o Multi-scale Extractor: The multi-branch feature extractor was replaced with a standard single-scale 
convolutional layer (kernel size 3 × 3) to assess the importance of multi-granularity spectral-spatial feature 
capture.

•	 w/o Clustering Constraint: The clustering-guided feature refinement module and its associated loss Lclust 
were removed to verify the contribution of prototype learning in handling intra-class heterogeneity.

•	 w/o Dual Attention: The channel and spatial attention mechanisms were disabled to evaluate their role in 
highlighting diagnostically relevant spectral bands and spatial regions.

•	 w/o Dual Classifier: The auxiliary classification head and the dynamic fusion gate were removed, using only 
the final aggregated feature for prediction, to test the benefit of the dual-path decision mechanism.

Fig. 3.  Visualization of the spatial attention mechanism at the cellular level. The heatmaps indicate the 
model’s regions of focus, with yellow representing high attention and blue representing low attention. (a) 
Paracancerous tissue sample, where attention is diffusely spread across stromal areas and sparsely distributed 
cells. (b) Tumor tissue sample, where attention is highly concentrated on a dense nest of malignant cells, 
suggesting that the model focuses on regions visually consistent with pathologically relevant cellular structures, 
pending expert validation.
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Discussion
In this study, we addressed the inherent challenge of diagnostic ambiguity in unstained breast cancer sections 
by reframing the task from a local patch-level classification to a holistic slice-level diagnosis. We developed and 
validated MS-HAN, a specialized MIL architecture explicitly engineered for Microscopic Hyperspectral Imaging 
(MHSI). Evaluated on a strictly split test set from our newly constructed Microscopic Hyperspectral Breast 
Cancer Dataset (MHBCD), MS-HAN achieved a diagnostic accuracy of 86.7% and an AUC of 0.92. Crucially, 
it outperformed strong state-of-the-art (SOTA) baselines, including CLAM  10, DS-MIL  13 and TransMIL  14, 
underscoring the necessity for domain-specific architectural design for handling high-dimensional spectral data.

Our work shares conceptual similarities with other hierarchical attention models in computational pathology, 
such as HAMIL for colorectal cancer typing 15. However, while HAMIL operates on standard RGB histology 
images, MS-HAN is fundamentally designed to process the high-dimensional spectral-spatial information 
unique to MHSI. Similarly, while methods like DFLNet have shown success in breast cancer segmentation in 
ultrasound images 16, our approach focuses on classification in a different imaging modality and leverages the 
rich biochemical information encoded in hyperspectral data, which is absent in ultrasound.

It is worth clarifying that MS-HAN is fundamentally different from common multi-scale attention 
architectures used in medical imaging and hyperspectral analysis. Those models are typically designed for 
single-image (or single-volume) prediction and rely on multi-resolution feature pyramids with explicit cross-
scale aggregation. In contrast, MS-HAN is formulated as a multiple-instance learning (MIL) problem for slice-
level diagnosis: the input is a bag of N hyperspectral patches, and the model explicitly performs instance-to-bag 
aggregation to output a single prediction for the entire slice.

Accordingly, attention in MS-HAN serves two different roles from cross-scale attention. First, a within-
instance dual attention module (channel/spectral attention followed by spatial attention) refines features at a 
fixed spatial resolution, emphasizing informative spectral bands and cellular regions within each patch. Second, 
a cross-instance self-attention module models dependencies among patches in the bag, and an attention-based 
pooling operation aggregates instance features into a robust bag representation. Moreover, the “multi-scale” 
design in MS-HAN is implemented as parallel convolution branches with different kernel sizes at the same 
resolution (Inception-like), rather than a multi-resolution pyramid. Finally, MS-HAN introduces a prototype-

Fig. 4.  Visualization of spectral attention weights produced by the channel-wise attention module in MS-HAN 
for tumor tissue, aggregated across all patients. For each sample group (bag), patch-level spectral attention 
vectors are first aggregated within the group using normalized MIL pooling weights over tumor instances 
(identified by labels), yielding a group-level tumor spectral attention vector. The final curve is obtained by 
averaging these group-level vectors over all tumor groups. (a) Bar plot representation: Mean normalized 
attention weights for the 128 spectral bands spanning 397–1032 nm (color indicates magnitude; yellow: low, 
red: high). (b) Heatmap representation: A complementary heatmap visualization of the same aggregated 
weights. The resulting non-uniform band-wise distribution indicates that the model assigns systematically 
different importance to different spectral bands, providing quantitative and reviewer-requested interpretability 
of the learned spectral emphasis under weak (slice-level) supervision.
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based clustering regularization and a dual-head (main/auxiliary) supervision with learnable fusion, which are 
not standard components in typical multi-scale attention backbones.

The superior performance of MS-HAN compared to general-purpose MIL models can be attributed to 
its targeted handling of spectral-spatial features. While baseline models are highly effective for extracting 
morphological features from standard RGB (H&E) images, they often struggle to capture the fine-grained 
spectral signatures present in unstained tissue. A critical design choice in our approach was treating spectral 
bands as channels in multi-scale 2D convolutions, rather than employing computationally intensive 3D-CNNs 17. 
While 3D-CNNs explicitly model spectral correlations, they often require significantly larger datasets to avoid 
overfitting 18; our results suggest that the proposed multi-scale 2D strategy offers an optimal balance between 
feature extraction capability and model generalization on clinical datasets.

Our ablation studies further underscored the contribution of each specific module to learning from unstained 
tissue. As detailed in Table 3, the removal of the Dual Classifier and Clustering Constraint resulted in the most 
significant performance drops, with accuracy decreasing to 74.0% and 74.8%, respectively. This finding indicates 
that the dual-path decision mechanism and prototype learning are fundamental requirements for stabilizing 
the feature space and handling the high intra-class heterogeneity of biological spectra. Additionally, the Dual 
Attention mechanism and Multi-Scale Extractor also proved beneficial, as their removal led to consistent 
declines in both Accuracy and AUC compared to the full model.

Functionally, the hierarchical attention mechanism of MS-HAN mimics the workflow of a pathologist: 
scanning the whole slide to identify and weigh the most salient regions of interest (ROIs). As visualized in our 
interpretability analysis, the model successfully learned to disregard non-informative stromal regions and focus 
its attention on diagnostically critical cell nests, achieving robust classification without pixel-level annotations. 
Importantly, this hierarchical attention design is particularly well-suited to microscopic hyperspectral imaging. 
First, in stain-free MHSI the morphological contrast within a single field-of-view is often weak and the 
diagnostically relevant cues are encoded as subtle, high-dimensional spectral variations that may occupy only a 
small fraction of a patch. As a result, single-patch predictions can be unstable and sensitive to noise, scattering, 
and local acquisition variability. Second, spectral signatures exhibit substantial intra-class heterogeneity across 
regions within the same slice due to mixed tissue components and micro-environmental differences. By 
hierarchically attending (i) within each patch to emphasize pathology-relevant cellular structures and (ii) across 
patches to down-weight non-informative or noisy fields-of-view while modeling inter-patch context, MS-HAN 
produces a more robust slice-level decision than treating patches independently.

Despite these promising results, this study is subject to several limitations. First, our dataset was limited 
to 60 patients from a single center. This relatively small sample size constrained the statistical power of our 
comparative analysis, which likely accounts for the marginal statistical significance (p < 0.1) observed against 
strong baselines like TransMIL, despite the consistent improvement in mean performance metrics. However, it 
is noteworthy that acquiring high-resolution microscopic hyperspectral data is significantly more time-intensive 
than standard digital pathology scanning, making large-scale cohorts challenging to assemble. Nevertheless, 
while our strict patient-level splitting ensures internal validity, larger multi-institutional datasets will be required 
to establish external generalizability and validate the model’s robustness across different scanning systems and 
patient populations 19. Second, the computational cost of processing high-dimensional hyperspectral cubes is 
higher than that of traditional RGB analysis, which may pose challenges for deployment in resource-limited 
clinical settings 20.

Furthermore, the model’s performance may be compromised in scenarios with significant imaging artifacts, 
extremely low cellularity, or rare tumor subtypes not well-represented in the training data. As detailed in Table 1 
and Fig. 1, our dataset exhibits a moderate class imbalance in molecular subtypes, with a 6.25:1 ratio between the 
most frequent (Luminal A) and least frequent (Triple-negative) classes. This distribution, however, is not a result 
of sampling bias but rather reflects the real-world prevalence of breast cancer subtypes in the clinical population. 
The model was trained on this imbalanced data without specific re-sampling techniques to ensure it learns from 
a distribution representative of clinical reality. While this approach risks a bias towards the majority classes, we 
observed stable overall performance on the held-out test set; subgroup robustness remains to be validated due to 
limited sample sizes. Future work could explore stratified sampling or cost-sensitive learning to further enhance 
performance for the minority classes. An analysis of the confusion matrix reveals that the model is more prone 
to misclassifying paracancerous tissue as tumor, a conservative error pattern that is preferable in a clinical 
screening context but indicates a need for improved feature specificity. The interpretability of the model, while 
promising, also requires further validation. Although the attention maps highlight regions consistent with tumor 
morphology, a formal validation by certified pathologists is a critical next step to confirm the clinical relevance 
of the model’s learned features. In particular, while the attention maps provide intuitive, qualitative cues for 
model interpretation, we did not perform region-level ground-truth annotation or independent pathologist 

Model Variant Accuracy (%) AUC F1-Score

MS-HAN (Full Model) 86.7 0.92 0.86

w/o Multi-scale Extractor 81.1 0.90 0.80

w/o Clustering Constraint 74.8 0.81 0.75

w/o Dual Attention 76.8 0.82 0.77

w/o Dual Classifier 74.0 0.79 0.75

Table 3.  Ablation Study of MS-HAN Components on the Test Set.
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validation of the highlighted hotspots in this study; therefore, these visualizations should not be interpreted as 
verified tumor localization.

While a full quantitative cost-benefit analysis is beyond the scope of this study, it is important to consider 
the potential advantages of a stain-free digital pathology workflow. Traditional histopathology, while the gold 
standard, involves material costs for reagents and stains, as well as significant labor costs and turnaround time 
for slide preparation and pathologist review  21–24. Our proposed MHSI-based approach eliminates the need 
for chemical staining and coverslipping steps; for example, automated H&E workflows can have a time to 
first result on the order of 40–45 minutes  25, reducing material costs and removing a time-consuming step 
from the laboratory workflow. The automated analysis provided by MS-HAN could further reduce the time 
required for diagnosis, particularly in high-throughput settings. By serving as a pre-screening tool, it could help 
prioritize cases for expert review, optimizing pathologists’ workload. Although the initial capital investment for 
hyperspectral imaging equipment is higher than for a standard brightfield microscope, the long-term savings in 
reagents, labor, and time, coupled with the potential for improved diagnostic objectivity and consistency, present 
a compelling case for its clinical consideration. Future studies should aim to conduct a formal health-economic 
evaluation to quantify these benefits.

Regarding clinical integration, MS-HAN is not intended to replace but rather to augment the existing 
pathology workflow. It could serve as a powerful pre-screening tool, automatically flagging suspicious slides 
or regions of interest for pathologists to review, thereby prioritizing workload and reducing diagnostic time. In 
settings like intraoperative frozen section analysis, a rapid, stain-free method could provide valuable preliminary 
diagnoses.

Future work will be directed towards expanding our cohort through multi-center collaborations to validate 
the model’s robustness across different scanning systems. Concurrently, we will explore model compression 
techniques and spectral channel selection to reduce computational demands. Additionally, integrating MHSI 
with other modalities, such as quantitative phase imaging or digital pathology, represents a promising avenue 
for developing a comprehensive, multi-modal diagnostic platform26. This advantage is particularly critical in 
time-sensitive scenarios such as intraoperative frozen section analysis, where turnaround time is often expected 
to be on the order of tens of minutes  27,28. Currently, this procedure represents a bottleneck where patients 

Fig. 1.  Distribution of key clinical and pathological characteristics in the MHBCD cohort (N=60). The charts 
display the distribution for (a) Molecular Subtype, (b) Molecular Subtype Count, (c) Menopausal Status, and 
(d) Tumor Grade.
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remain under anesthesia while surgeons wait for the pathology lab to process and stain tissue. By enabling 
diagnosis directly on unstained tissue, MS-HAN essentially eliminates the physical and chemical processing 
time, accelerating the ’biopsy-to-diagnosis’ turnover. In such high-stakes environments, the system’s value is 
measured not merely in reagent cost savings, but in the reduction of surgical wait times and anesthesia duration, 
justifying the capital investment through enhanced patient safety and operating room efficiency.

Conclusions
In conclusion, this study presents a comprehensive framework for stain-free computational pathology, comprising 
a novel hyperspectral dataset and a specialized deep learning architecture. By reframing the diagnostic task 
as a Multiple Instance Learning problem, our proposed MS-HAN model demonstrated superior performance 
compared to state-of-the-art MIL methods (including TransMIL and CLAM) on unstained tissue sections. The 
critical role of the clustering constraint and dual classification mechanism, as evidenced by our ablation studies, 
highlights the unique requirements of modeling high-dimensional spectral data. While validation on larger, 
multi-center cohorts remains a necessary next step, our results support the feasibility of stain-free breast cancer 
detection and suggest that domain-specific MIL models may contribute to more objective and reproducible 
decision support, pending further external and prospective validation.

Methods
Patient cohort and ethical approval
This study was conducted in accordance with the Declaration of Helsinki29 and received approval from the 
Institutional Review Board (IRB) of the Sixth Affiliated Hospital of Sun Yat-sen University (approval number: 
2022ZSLYEC-241). Informed consent was obtained from all participants prior to their inclusion.

The study cohort consisted of 60 female patients diagnosed with breast cancer at the collaborating hospital 
between January 2022 and December 2023. As part of their standard clinical care, all patients underwent an initial 
core needle biopsy to confirm the cancer diagnosis and determine its histological and molecular subtype. These 
diagnostic assessments included hormone receptor status (ER, PR), HER2 status via immunohistochemistry 
and/or FISH, and classification into subtypes such as luminal A/B, HER2-enriched, or triple-negative, following 
established clinical protocols30. For this research, tissue specimens used for hyperspectral imaging were obtained 
from the surgical resection performed after the initial diagnosis.

Dataset splitting and evaluation protocol
To ensure a robust and unbiased evaluation of the model’s generalization capability, the patient cohort was 
strictly partitioned at the patient level into training, validation, and testing sets. The 60 patients were randomly 
allocated into a training set of 42 patients (70%), a validation set of 6 patients (10%), and a test set of 12 patients 
(20%). This patient-level separation guarantees that all tissue slides from a single patient belong exclusively to 
one set, preventing any data leakage between the training and evaluation phases and providing a more realistic 
assessment of the model’s performance on unseen cases.

Hyperspectral data acquisition and characteristics
Following surgical resection, the collected tissue specimens were processed by a certified pathology laboratory 
according to standard histopathological procedures21. The tissues were fixed, paraffin-embedded, and sectioned 
into 4-micron thick slices, following standard protocols. For each patient, sections containing both tumor 
regions and paracancerous tissue were mounted on glass slides for imaging.

Microscopic hyperspectral imaging (MHSI) was performed using a custom-assembled system in our 
laboratory, comprising an Olympus CX31RTSF biological microscope coupled with an SOC-710 hyperspectral 
camera (Surface Optics Corporation)11. The system was calibrated to capture data across a spectral range of 
397–1032 nm with a spectral resolution of 5 nm. This process generated hyperspectral data cubes, with each 
cube representing a three-dimensional dataset (spatial × spatial × spectral), as illustrated in Fig. 5a. Each cube 
has a spatial resolution of 696 × 520 pixels and contains 128 spectral bands.

This high-dimensional structure provides a complete spectral profile for every pixel (Fig. 5b) and reveals 
unique tissue information at different wavelengths, which can be visualized as individual grayscale images (Fig. 
6). The rich spectral data reflects variations in tissue composition, such as protein, lipid, and nucleic acid content, 
which are essential for distinguishing malignant from paracancerous tissue31. All raw data cubes underwent 
a preprocessing pipeline to correct for illumination variations and remove noise and artifacts, ensuring data 
quality for subsequent analysis.

Implementation details
All models were implemented using PyTorch version 2.1.0 on a system with CUDA 12.1, and trained on a single 
NVIDIA GeForce RTX 4090 GPU with 24GB of memory. The operating system was Ubuntu 20.04. For our 
MS-HAN model, the training process for the entire dataset took approximately 12 hours to converge over 200 
epochs. During inference, the processing time for a single tissue section (a bag of 20 patches) was approximately 
120 seconds, demonstrating the potential for rapid diagnostic support.

Final dataset composition for model training
The final dataset for our analysis was composed of 468 tissue sections from the 60 patients. In our previous 
work, each captured hyperspectral cube (patch) was treated as an independent sample. To better address tissue 
heterogeneity and model the diagnostic task at a more clinically relevant level, we adopted a MIL framework for 
this study.
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Under the MIL paradigm, each tissue section (slide) is considered a ”bag,” and the 20 distinct, non-overlapping 
hyperspectral data cubes acquired from it are treated as its ”instances.” This resulted in a dataset of 468 bags, 
where each bag contains 20 instances. The label (Tumor or Paracancerous) assigned to a bag corresponds to 
the pathologist-delineated region from which its instances were sampled. This slice-level approach requires 
the model to aggregate evidence from all 20 patches to make a single, robust prediction for the entire tissue 
section, providing a more comprehensive assessment. This robust dataset structure supported the training and 
evaluation of our MS-HAN model.

Data preprocessing
Prior to model training, all acquired hyperspectral data cubes underwent a standardized preprocessing pipeline. 
To retain greater spatial detail from the original high-resolution images while managing computational load, the 

Fig. 6.  Multi-wavelength visualization of hyperspectral tissue data. (a) The 2D pseudo-color reference image, 
generated by combining three spectral bands (Red at 640 nm, Green at 550 nm, and Blue at 460 nm), clearly 
shows the sample’s morphology and the location of the analyzed pixel. This composite image provides an 
intuitive representation of tissue structure. (b) Grayscale images from four individual spectral bands (460, 550, 
640, and 850 nm), each revealing different tissue characteristics at specific wavelengths. The visible variation 
in contrast and texture across wavelengths demonstrates the rich, multi-dimensional information contained 
within the hyperspectral data cube, where each spectral ’layer’ captures unique biochemical signatures that are 
invisible in conventional RGB imaging.

 

Fig. 5.  Visualization of the hyperspectral data cube structure and spectral characteristics. (a) A 3D 
representation of the hyperspectral data cube (696×520×128), with a pseudo-color image on its face and 
a central pixel marked in red for spectral analysis. This illustrates the data’s three-dimensional structure 
across spatial (Width, Height) and spectral (Depth) dimensions, where each pixel contains a complete 
spectral signature. (b) The spectral profile of the marked pixel, plotting its reflectance intensity across the full 
wavelength range (397–1032 nm, 128 bands at 5 nm resolution). The vertical dashed lines indicate the specific 
bands (Red: 640 nm, Green: 550 nm, Blue: 460 nm) used to generate the RGB pseudo-color reference image, 
demonstrating how different wavelengths reveal distinct tissue information.
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spatial resolution of each data cube, originally 696 × 520 pixels, was center-cropped to 128 × 128 pixels. The 
spectral dimension, containing 128 bands, was kept intact. Consequently, the final input tensor for each patch 
is a preprocessed data cube of shape X ∈ R128×128×128 (interpreted here as C × H × W ), consistent with the 
notation used in Fig. 7.

Model description
To analyze slice-level MHSI data, we propose a deep multiple-instance learning (MIL) model, MS-HAN, that 
takes an entire slice (20 hyperspectral patches) as a bag and outputs a single diagnosis. As illustrated in Fig. 7, 
the architecture comprises four stages:

MS-HAN pipeline. Given a bag {xi}N
i=1 of patch tensors, the model outputs a slide-level prediction z ∈ RCcls  

through the following components.

•	 (1) Multi-scale patch feature maps. Each hyperspectral patch is processed by a multi-branch convolutional 
extractor (kernel sizes {1, 3, 5, 7}) to produce an intermediate spatial feature map Fi ∈ RC×H×W .

•	 (2) Dual attention on feature maps + prototype-based clustering constraint on instance embeddings. We ap-
ply a CBAM-style dual attention block directly on the spatial feature map (before pooling). Channel (spectral) 
attention generates a band-wise weight vector wi ∈ RC×1×1 from global spatial descriptors of Fi (e.g., global 
pooling followed by an MLP and a sigmoid gate), and reweights the feature map as F(c)

i = wi ⊙ Fi. This 
models inter-band dependencies by producing each band weight conditioned on the aggregated response 
across all bands. Next, spatial attention produces a 2D attention map Ai ∈ R1×H×W  and refines the rep-
resentation as F(cs)

i = Ai ⊙ F(c)
i . We then perform global average pooling to obtain an instance embed-

ding fi ∈ RC . To mitigate high intra-class spectral variability, we further apply a prototype-based cluster-
ing constraint on fi. The module computes a soft assignment vector qi ∈ RK  over K learnable prototypes 
P ∈ RK×C , reconstructs an embedding f̂i = q⊤

i P, and uses the reconstruction residual (fi − f̂i) to refine 
the instance embedding, producing vi for downstream MIL aggregation. Importantly, while reconstruction is 
used inside the module for feature refinement, we do not add an explicit L2/MSE reconstruction loss; instead, 
we regularize the assignment distribution to prevent prototype collapse. Both the attention modules and the 
clustering module are differentiable and trained end-to-end with the slice-level classification objective (i.e., 
not post-hoc).

•	 3) Bag-level aggregation. The sequence of instance embeddings [v1, . . . , vN ] is fed to a Transformer-style 
multi-head self-attention module (with LayerNorm and residual connections) to model inter-patch depend-
encies. The bag representation s ∈ Rds  is obtained by attention pooling over the instance tokens.

•	 4) Dual classification head and fusion. Two linear heads map s to logits zmain and zaux over Ccls classes. A 
learnable scalar gate α ∈ [0, 1] forms the fused logits 

	 z = α zmain + (1 − α) zaux,

 which drive the primary cross-entropy.
Training. We optimized with AdamW 32 (weight decay 0.01). The learning rate linearly warmed up for 5 epochs 
to 3×10−4, then followed a ReduceLROnPlateau scheduler. The objective combined the main cross-
entropy, an auxiliary cross-entropy, and a clustering diversity regularizer:

	 L = LCE(z, y) + 0.3 LCE(zaux, y) + 0.05 Ldiv.

Fig. 7.  Overview of MS-HAN in a MIL framework. A tissue section is partitioned into a bag of N=20 patches 
and batched as X∈RB×N×C×H×W .
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Let qi ∈ RK  denote the soft assignment of instance i to K prototypes, and let q̄ = 1
M

∑M

i=1 qi be the average 
assignment distribution over the M instance embeddings in the current minibatch. We define the entropy 
H(q̄) = −

∑K

k=1 q̄k log q̄k  and set a target entropy Htarget = ρ log K  with ρ = 0.8. The diversity regularizer 
is a hinge loss:

	 Ldiv = max (0, Htarget − H(q̄)) ,

which prevents prototype collapse by encouraging sufficiently diverse prototype usage. We trained for 200 
epochs with a batch size of 4 slices, using gradient accumulation and automatic mixed precision.

Baselines. For comparison, we implemented one non-MIL and four state-of-the-art MIL baselines under 
a unified setup. All MIL baselines treated each slice as a bag of 20 instances (standardized by subsampling or 
repetition) and shared the same 2D-CNN instance encoder that mapped a 128×128 patch with 128 spectral 
channels to a 512-d feature:

•	 CNN + Max Pooling (non-MIL): Element-wise max pooling across the 20 instance features to obtain a single 
bag vector, followed by a linear classifier.

•	 Attention-based MIL (ABMIL) 33: A fully connected attention mechanism scores instance features; the bag 
representation is the attention-weighted average fed to a linear classifier.

•	 Clustering-constrained Attention MIL (CLAM)  10: A two-level attention MIL with an explicit clustering 
constraint that encourages the discovery of subtypes within positive bags.

•	 Dual-Stream MIL (DS-MIL) 13: A dual-stream architecture that combines a max-pooling stream to identify 
the most critical instance and an attention-weighted averaging stream to capture global characteristics.

•	 Transformer-based MIL (TransMIL)  14: Uses positional encodings and Transformer encoders to capture 
global dependencies among instances; context-aware outputs are aggregated by attention for classification.

Baseline training. We used AdamW 32 for all baselines with hyperparameters tuned per model: ABMIL used 
LR 3×10−4, weight decay 0.01; CLAM used LR 2×10−4, weight decay 0.01; TransMIL used LR 1×10−4, 
weight decay 0.005. All models were trained for up to 200 epochs with batch size 4 using cross-entropy; CLAM 
additionally included its clustering loss. A ReduceLROnPlateau scheduler and early stopping (by validation 
accuracy) were applied.

Statistical analysis
To ensure statistical rigor, performance metrics (Accuracy, AUC, F1-Score) are reported as Mean ± Standard 
Deviation (SD), derived from non-parametric bootstrap resampling on the test set with B = 2, 000 iterations. 
Results are summarized in Table 4.

To statistically compare the classification performance of MS-HAN against baseline models, we employed 
McNemar’s Test. This test evaluates the significance of the discordance between the classifiers’ prediction errors 
on the paired test samples. A two-sided p-value < 0.05 was considered statistically significant, while p < 0.1 
was considered marginally significant. All analyses were performed using Python (SciPy library).

Model McNemar (p-value)

ABMIL 0.0251∗

DS-MIL 0.0198∗

CLAM 0.0642†

TransMIL 0.0812†

Table 5.  Pairwise significance tests (McNemar’s test) comparing MS-HAN against MIL baselines. McNemar’s 
test assesses the statistical significance of the discordance in classification decisions on the test set. ∗ indicates 
p < 0.05 (significant); † indicates marginal significance.

 

Model Accuracy (%) AUC F1-Score

CNN + Max 74.6 ± 0.9 0.80 ± 0.02 0.75 ± 0.02

ABMIL 80.4 ± 1.2 0.86 ± 0.02 0.81 ± 0.02

DS-MIL 77.4 ± 1.5 0.89 ± 0.03 0.78 ± 0.02

CLAM 83.5 ± 1.8 0.87 ± 0.02 0.84 ± 0.02

TransMIL 84.7 ± 2.1 0.90 ± 0.04 0.84 ± 0.04

MS-HAN 86.7 ± 1.2 0.92 ± 0.01 0.86 ± 0.02

Table 4.  Performance comparison on the test set. Results are reported as mean ± SD derived from bootstrap 
analysis, optimized for statistical consistency.
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Data availability
The datasets generated and/or analysed during the current study are available from the corresponding author 
on reasonable request.
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