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This report summarizes the key achievements and contributions of the research project focused on
advancing data analysis in cancer prognostication and genetic variant effect prediction through th
e application of deep learning and artificial intelligence. The project yielded three significant
publications, each addressing distinct yet interconnected challenges within the field.

1. Dual-stream Multi—dependency Graph Neural Network Enables Precise Cancer Survival Analysis
This paper, published in Medical Image Analysis (Wang et al., 2024), introduces a novel deep lear
ning framework for enhancing cancer survival analysis by leveraging whole slide images (WSIs). Tra
ditionally, cancer prognosis heavily relies on histopathological examination and clinical factors
However, the inherent complexity and high dimensionality of WSI data pose significant chal lenges
for traditional analytical methods. This research addresses these |imitations by proposing a dual-
stream multi-dependency graph neural network (DSMD-GNN) .

The core innovation lies in the network’s ability to model not only the local morphological featu
res within WSIs but also the intricate dependencies between different regions and cellular compone
nts. The dual-stream architecture allows for the extraction of complementary information: one stre
am focuses on capturing fine—grained pathological features, while the other emphasizes global arch
itectural patterns and their spatial relationships. Crucially, the integration of a multi-dependen
cy graph neural network enables the model to explicitly learn and represent complex interactions Wl
ithin the tumor microenvironment. This goes beyond simple patch-level analysis, allowing the model

to understand how different cellular arrangements and tissue structures collectively influence pa
tient outcomes.

The application of this deep learning approach to cancer survival analysis has demonstrated super
ior performance compared to existing methods. By precisely modeling the multi—faceted information
embedded within WSIs, the DSMD-GNN provides more accurate and robust prognostic predictions, which

can significantly aid in personalized treatment strategies for cancer patients. This work represe
nts a substantial step forward in extracting actionable insights from complex medical imaging data

using advanced Al techniques

2. Deep Learning Approaches for Non—-coding Genetic Variant Effect Prediction: Current Progress an
d Future Prospects

This review article, featured in Briefings in Bioinformatics (Wang et al., 2024), provides a comp
rehensive overview of the rapidly evolving landscape of deep learning applications for predicting
the effects of non-coding genetic variants. Non-coding regions, despite not directly coding for pr
oteins, play crucial roles in gene regulation, and variants within these regions can have profound
impacts on disease susceptibility and progression, including cancer. However, deciphering their f
unctional consequences has been a long-standing challenge due to their complex regulatory mechanis
Ims and the vastness of the non-coding genome.

The paper systematically surveys the latest deep learning models and methodologies employed to ta
ckle this challenge. It highlights the strengths and limitations of various approaches, including
convolutional neural networks (CNNs), recurrent neural networks (RNNs), and more recently, transfo
rmer—-based architectures, in learning intricate patterns from DNA sequences, chromatin accessibili
ty, and other epigenetic features. The review meticulously discusses how these models are being us
ed to predict the impact of variants on transcription factor binding, enhancer activity, gene expr
ession, and ultimately, phenotypic outcomes

Beyond summarizing current progress, the article delves into future prospects and identifies crit




ical areas for further research. These include the need for more diverse and comprehensive trainin
g datasets, improved interpretability of deep learning models to elucidate the underlying biologic
al mechanisms, and the development of multimodal integration strategies that combine genetic, epig
enetic, and phenotypic data more effectively. This review serves as a valuable resource for resear
chers in genomics, bioinformatics, and AlI, outlining the significant opportunities and chal lenges

in harnessing deep learning for a deeper understanding of non-coding genetic variation and its imp|
lications for human health

3. Histo—Genomic Knowledge Association for Cancer Prognosis From Histopathology Whole Slide Image

S

Published in IEEE Transactions on Medical Imaging (Wang et al., 2025), this research introduces a
h innovative approach to integrate genomic knowledge into the analysis of histopathology whole sli
de images (WSIs) for improved cancer prognosis, even when genomic data is not directly available f
or inference. While multi-modal histo—-genomic approaches have shown promise, their clinical applic
ability is often l|imited by the widespread accessibility of genomic sequencing

To overcome this, the paper proposes a novel Genome-informed Hyper—Attention Network (G-HANet). T
he key insight of G-HANet is its ability to effectively learn histo-genomic associations during th
e training phase and then leverage this learned knowledge to enhance uni—-modal WSI-based inferenc
e. This is achieved through a unique cross—-modal associating branch (CAB) and a hyper—attention su
rvival branch (HSB). The CAB is designed to reconstruct genomic data from WSIs, thereby distilling

the complex relationships between morphological phenotypes and functional genotypes. This allows
the model to gain insights into gene expression patterns and other genomic characteristics directl
y from the histopathological images. The HSB then utilizes this learned histo—genomic association
to refine survival predictions

The G-HANet distinguishes itself from traditional knowledge distillation strategies by providing
an end-to—end framework that is superior in both training efficiency and its capacity to learn pro
found cross—-modal interactions. This means that the model implicitly understands and integrates th
e genomic context into its interpretation of histopathological features, leading to more robust an
d biologically informed prognostic predictions. This work represents a significant advancement in
Imaking the benefits of multi—-modal analysis accessible even in settings where genomic data is not
routinely collected, thereby broadening the clinical utility of Al in cancer prognostication

In summary, the research conducted under this grant has made substantial contributions to the fie
Id of Al and deep learning in biological and medical data analysis, particularly within the contex
t of cancer research. The developed methodologies and insights, ranging from advanced graph neural

networks for survival analysis to innovative strategies for integrating genomic knowledge into im
aging analysis, and comprehensive reviews of genetic variant prediction, collectively push the bou
ndaries of what is possible with Al in understanding and predicting complex biological phenomena
These achievements hold significant promise for improving patient outcomes and accelerating genomi
c discoveries.




