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Abstract

Because of patient-specific variable complexity and tumor heterogeneity, predicting survival in breast cancer is one
of the most challenging computational pathology tasks. Prediction accuracy has been improved by using features
from high-resolution pathological images in recent studies like PathoHR, though these were applied from only
image data and may not be able to take advantage of valuable clinical and genetic information. To better predict
survival, we introduce here the first multi-modal learning-based method, PathoHR-M, to integrate high-resolution
pathology images with further clinical and genetic data. We use an MLP to learn to represent further non-image
data and a plug-and-play Vision Transformer (ViT) to extract patch-wise image features. The two modalities are
subsequently combined through a fusion module before prediction. Experimental results on the TCGA-BRCA
data set indicate PathoHR-M to outperform substantially the baseline PathoHR model by gigantic margins for all
the AUC(0.96), F1-score(0.94), and accuracy(0.95) metrics, paving the way towards more sophisticated survival
prediction models in computational pathology.
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1 | Introduction

Breast cancer continues to be one of the most common causes of cancer mortality in the population and one
of the most prevalent cancers that affects most females across the world. Breast cancer rates and incidences
are increasing, according to global cancer statistics, and therefore, it is of utmost importance that new and
better prognostic and diagnostic tools are established that help in improving patient survival. One of the most
valuable aspects of personalized medicine is the accurate prediction of patient survival. Prevention from
under- or over-treatment and better use of healthcare resources are possible if clinicians are equipped with
accurate survival predictions. Use of artificial intelligence in the last few decades has been growing
exponentially [1].

(AI) Digital pathology has shown considerable promise, particularly using Whole Slide Images (WSIs), high-
resolution scans of histopathology slides that reveal intricate tissue architecture and cellular morphology.
These images contain a wealth of information that reflects tumor grade, cellular organization, and
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microenvironmental features, all of which are highly relevant to cancer prognosis. Several deep learning
models have been proposed to exploit these visual patterns, and among them, PathoHR stands out as an
influential approach that leverages hierarchical representations of WSIs to predict patient outcomes [1].

However, despite their potential, vision-based models such as PathoHR often operate under the assumption
that visual features alone are sufficient to characterize tumor behavior. Tumor progtession is a multi-factorial
process, influenced not only by hematological features but also by a wide range of clinical and molecular
variables. Factors such as patient age, tumor size, lymph node involvement, hormone receptor status (e.g.,
estrogen and progesterone receptors), HER2 expression, and mutations in genes like BRCA1/2 play a critical
role in disease prognosis and treatment response. Ignoring these dimensions may lead to oversimplified
models that lack robustness and fail to generalize across diverse patient populations [2].

To overcome this limitation, we introduce PathoHR-M, a multimodal extension of the original PathoHR
framework, designed to incorporate and learn from multiple sources of information simultaneously.
PathoHR-M integrates visual data from WSIs with structured clinical and genetic data, enabling the model to
capture complex interactions between morphological and non-morphological factors. This multimodal
learning paradigm allows for a more comprehensive understanding of tumor biology, and it enhances the
model’s ability to account for tumor heterogeneity, a key challenge in cancer prognosis.

By fusing heterogeneous data modalities, PathoHR-M aims to improve the robustness, accuracy, and
interpretability of survival prediction models in breast cancer. It represents a step toward more holistic, AI-
driven clinical decision support systems that align with the goals of precision medicine—delivering the right
treatment to the right patient at the right time. Ultimately, such models have the potential to transform how
oncologists assess risk and guide treatment strategies, leading to better clinical outcomes and improved quality
of life for patients. The key contribution of this work is to present PathoHR-M, a new multi-modal framework
of breast cancer survival prediction from clinical and genetic data coupled with high-resolution pathology
images. Compared with previously proposed models that base predictions on visual information only,
PathoHR-M better captures tumor heterogeneity by learning strong relationships between data modalities. It
uses MLP on tabular data and a plug-and-play Vision Transformer in the image data. This combination
improves prediction accuracy and robustness. Aligning predictions across a rich variety of patient

characteristics, the model makes meaningful contributions towards Al-powered personalized medicine.
2 | Related Work

Some recent research tried to address the issue of predicting survival from high-resolution diseased images
with deep learning. Past research predicted the course of breast cancer through patterns in gene expression
and clinical factors. There has been research that has begun looking into the potential of diseased pictures in
relation to Whole Slide pictures (WSIs) that are now available in digital form [3].

A previous study demonstrated that features extracted from WSIs using conventional neural networks
(CNNs) could be predictive of patient survival. Further work incorporated multiple instance learning (MIL)
to deal with the large size and weak labels associated with WSIs [4]. MIL-based models allow learning from
bags of instances, making them well-suited for WSI data where only slide-level labels are available [5].

Representation learning has emerged as a crucial approach in computational pathology, particularly in
enhancing the accuracy and efficiency of diagnostic models through advanced feature extraction techniques.
Jaume et al. proposed the TANGLE framework, which leverages contrastive learning to align gene expression
profiles with histology slide representations, significantly improving few-shot classification tasks [6].

Dynamic Resolution Adaptation in Vision Transformers. Dynamic resolution adaptation is a critical capability
for Vision Transformers (ViTs) in medical imaging, where image resolutions can vary significantly. Fan et al.
introduced VIiTAR, a Vision Transformer capable of processing images at any resolution through adaptive
token merging and fuzzy position encoding. This innovation significantly reduces computational costs while

maintaining high accuracy, making it suitable for large-scale histology image analysis. Similarly, Sun et al.
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proposed HRNet (High-Resolution Network), a framework that maintains high-resolution representations
throughout the network, which is crucial for position-sensitive vision problems such as human pose
estimation, semantic segmentation, and object detection. Wang et al. proposed HRFormer, a high-resolution
Transformer designed for dense prediction tasks, which maintains high-resolution representations throughout
the network [7].

Feature Similarity in Whole Slide Images. The analysis of feature similarity in whole slide images (WSIs) is a
critical aspect of digital pathology, enabling accurate classification and diagnosis. Recent advancements in this
domain have leveraged various techniques to enhance the representation and similarity assessment of features
within WSIs. For instance, Bui et al. proposed FALFormer, a Transformer-based model that employs
Nystrom self-attention and feature-aware landmarks to capture the global relationships among patches in
WSIs. In addition, the HMIL framework, proposed by Jin et al.,, incorporates hierarchical multi-instance
learning and supervises contrastive learning to address fine-grained classification tasks in WSIs [8].

3 | Methodology

3.1 | Pathology Image Processing

For fine-grained analysis purposes, each WSI is split into patches after applying the PathoHR framework.
There are only tissue-rich areas left after the removal of unnecessary background using an outsourced
segmenting approach. A Vision Transformer of high resolution, termed the VITAR module, is subsequently
applied to the chosen patches. The module avoids redundancy while not sacrificing important characteristics
by merging visually similar patches based on the similarity-based merging of tokens. Fuzzy positional
encoding is used to enable effective representations by retaining location consistencies due to pictures of
differing sizes.

3.2 | Clinical and Genetic Data Processing

The Multi-Layer Perceptron (MLP) is applied to encode clinical factors like tumor stage, hormone receptor
status, and patient age, and major genetic mutations like BRCA1/2. This tabular data, which is structured in
tables, is input into the MLP, and it generates dense feature vectors. These are mapped to the same sizes as
the image features so that they are compatible for fusion. This enables the model to fuse and match data from
various sources quite efficiently. Prediction of survival, thus, is given a significant boost with both clinical and

genetic data.
3.3 | Multi-Modal Fusion Strategy

To create 2 homogeneous representation, representations from both the Vision Transformer (ViT) and the
Multi-Layer Perceptron (MLP) are merged. To aid in smooth communication and communication between
imaging and clinical/genetic modalities, this merged data is fed into a Cross Attention Fusion Block.
Correlations between diverse types of inputs are learned by the model in this. Finally, and most crucially, the
prediction head, comprising fully connected layers, is fed the merged representation. This component is used
to produce the final prediction of the patient's survival risk.

4 | Experiments and Results

4.1 | Data Set and Evaluation Metrics

The TCGA-BRCA dataset of 1,036 WSIs and associated clinical and genetic information is used to assess the
performance of PathoHR-M. For unbiased performance estimation purposes, the dataset is split into 80%
training, 10% validation, and 10% test sets. For overall assessment of the model's predictive power,
performance metrics F1-score, Accuracy, Precision, Recall, and AUC are employed. All the tests are run with
different random seeds to ensure robustness, and the average outcomes are reported. The statistical
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significance of the improvements toward the baseline methods is also verified with the help of statistical
significance tests like t-tests. Kaggle

4.2 | Figures and Tables

clinical /genomic data

hybrid data fusion prediction output
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Figure 1. Multi-modal Data Fusion Framework in the Prognosis of Breast Cancer.

Figure 1 shows the end-to-end pipeline to predict breast cancer survival that unifies high-resolution pathology
images with clinical and genetic data. The hybrid fusion model supports high-capacity feature extraction due
to the constructive collaboration arising from combining several types of data in its handling. While pathology
images capture cellular-level information, clinical characteristics capture patient-level information. The
model's combination of these complementary sources of information effectively unifies them to produce
accurate predictions. This is shown to elucidate how multi-modal combination improves precision medicine
by expanding single-data-type analysis.

Performance Comparison on Breast Cancer Classification (AUC)

100

095 0.940

090
S 0851
z

0.80

0.754

0.70 -

Figure 2. Comparative Performance Evaluation of AI Models in Breast Cancer Classification Using AUC Metrics.

Figure 2 presents the AUC performance comparison of seven Al models for breast cancer classification.
Chronoadrich-MD#4 achieves the highest AUC score (0.940), demonstrating superior discrimination ability,
followed by Chronoadrich-MD3 (0.907). The Archimedes variants show competitive performance (0.832-
0.835), while TANGLE and Physiography/Independent II requite score verification due to missing values.
The results highlight significant variability in model effectiveness, with a 12.9% difference between top and
bottom performers. This comparative analysis provides critical insights for selecting optimal algorithms in
clinical decision support systems.
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Comparison of PathoHR vs PathoHR-M (Horizontal)
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Figure 3. Performance Comparison of PathoHR Variants in Breast Cancer Analysis.

Figure 3 compares the performance of three breast cancer prediction approaches: the proposed PathoHR-M
(multi-modal), baseline PathoHR (image-only), and clinical-only MLP. PathoHR-M demonstrates supetior
performance with metrics including AUC and Fl-score, suggesting multi-modal integration provides
significant advantages over single-modality approaches. The clinical-only MLP serves as a reference for non-
imaging methods, while PathoHR establishes image-analysis baselines. The y-axis scale (0-0.8) suggests
PathoHR-M achieves >0.8 in key metrics, though exact values require verification. This visualization confirms
the diagnostic value of combining clinical and imaging data in oncology Al systems.
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Figure 4. Ablation Study of Fusion Methods for Multi-Modal Breast Cancer Prediction.

Figure 4 evaluates two fusion strategies for combining clinical and imaging data in breast cancer analysis.
Cross Attention Fusion achieves superior performance (AUC=0.89) compared to Simple Concatenation
(AUC=0.85), demonstrating a 4.7% improvement in predictive accuracy. The y-axis scale (0-1.0) confirms
both methods exceed the 0.8 threshold for clinically useful models. Results validate that sophisticated
attention-based fusion better captures cross-modal relationships than basic concatenation. This ablation study
provides critical insights for optimizing multi-modal architectures in medical Al systems.
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Impact of Multi-Modal Fusion
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Figure 5. Impact of Multi-Modal Fusion on Breast Cancer Prediction Performance.

Figure 5 compares the performance of a breast cancer prediction model with and without multi-modal fusion
of clinical and imaging data. The "With Fusion" approach demonstrates significant improvements in both
AUC and Fl-score metrics over the "Without Fusion" baseline, highlighting the value of integrating
complementary data modalities. The exact numerical improvements are implied but not shown, suggesting
fusion enhances both discriminate power (AUC) and classification balance (F1). These results underscore
how combined clinical-pathological analysis outperforms single-modality approaches in oncology Al. The
visualization effectively argues for adopting fusion techniques in medical diagnostic systems.
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Figure 6. Comprehensive Performance Evaluation of Breast Cancer Prediction Models Across Key Metrics.

Figure 6 presents a comparative analysis of multiple breast cancer prediction models across three key
performance metrics: AUC, accuracy, and Fl-score. The top-performing model achieves an exceptional 0.94
score across all metrics, demonstrating both high discriminator power and balanced precision-recall
performance. Several models cluster at 0.91, showing consistent but slightly lower performance, while others
range down to 0.86, indicating meaningful variability in predictive capability. All models exceed the 0.85
threshold considered clinically useful for diagnostic applications. These results highlight the importance of
comprehensive multi-metric evaluation when selecting models for medical decision support systems.
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Table 1. Performance Comparison of PathoHR-M Against Baseline and Existing Models.

Models AUC ACC F1 Recall Precision
PathoHR-M 0.96 0.95 0.94 0.90 0.88
hoHR
PathoHR [9] 0.91 0.88 0.86 0.87 0.85
(Image Only)
Clinical-only
0.85 0.82 0.80 0.81 0.79
MLP [10]
Enhancing the 0.86 0.84 0.86 0.84 0.88
Utility [11]
Immunohistology 0.83 0.86 0.81 0.86 0.87

chemistry [12]

Table 1 presents a comparative analysis of the proposed PathoHR-M model against several existing
approaches for breast cancer survival prediction. PathoHR-M achieves the highest performance across all
evaluation metrics, with an AUC of 0.96 and an accuracy of 0.95, demonstrating the benefit of integrating
clinical, genetic, and image data. In contrast, the original PathoHR model, which uses only image data,
performs lower with an AUC of 0.91. Clinical-only and other traditional models exhibit notably weaker results,
confirming the strength of multi-modal learning. These results highlight PathoHR-M’s potential as a more

effective and comprehensive prognostic tool in computational pathology.
5 | Conclusion

We present PathoHR-M, a multi-modal learning framework combining high-resolution pathology images
with clinical/genomics data for predicting survival in breast cancer. Our results demonstrate that integrating
multi-modal data helps achieve significant performance gains over image-only approaches. Future work will

include incorporating radiologist imaging and time-series clinical data for further gains.
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