Al-Driven stratification of cancer patients using The Cancer Genome Atlas whole-genome sequencing data
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DNAChunker?: Learnable Tokenization For DNA Language Models

Recent genomic foundation models (GFMs) based on large language model architectures enable DNAChunker adopts the dynamic chunking mechanism of H-net3 (1), allowing it to segment DNA sequences into variable-length chunks. This adaptive tokenization provides two key advantages: (1) robustness to nucleotide-level
contextual understanding of DNA sequences but remain limited in patient-level cancer analysis. We shifts and mutations, and (2) finer representation of functionally important regions. Trained on the human reference genome (HG38) and evaluated on the Nucleotide Transformer and Genomic Benchmarks datasets,
developed DNAChunker, a lightweight GFM using an H-net—based learnable tokenization method DNAChunker achieves performance comparable to the state-of-the-art GENERator? (2) with 1.2 billion parameters—while using only 156 million parameters.
optimized for long genomic sequences. Embeddings from DNAChunker are aggregated via a : : : Table 1: Nucleotide Transformer Benchmark. The reported values represent the Matthews
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transformer-based model and combined with copy-number variation (CNV) features to generate Correlation Coefficient (MCC; mean + standard error) averaged over 10-fold cross-validation.
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encodes functional regions (promoter, exon, intron) with fine resolution and compresses repetitive, non-functional regions with

Chunking with dynamic boundaries ] ] ] - -
DNAChunker adaptively segments DNA sequences into variable-length chunks using boundary Cancer Aggregation Model: Multimodal Sample-Level Representation for Clinical Applications
probabilities p; : The Cancer Aggregation Model integrates GFM-derived mutation embeddings with 1 Mb-binned CNV features to generate a unified, patient-level representation. * Built a SOTA Genomic Foundation Model
. Unsupervised clustering reveals clear separation by HRD and PAMS50 subtypes, while multi-task learning achieves high accuracy across cancer type, HRD, and PAM50 (GFM) with learnable tokenization.
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Positions with p; > 0.5 form a chunk; p; < 0.5 marks a boundary. Low-information regions are {_ - - -1 PAMSO HRD * Demonstrates the potential of Al-driven
compressed, while functional regions are preserved at high resolution via a two-stage Caduceus UMAP of PAWG somples coloured by class name o 20 — - precision oncology.
encoder capturing bidirectional genomic context. ‘ 128 Dim ' * | o a] § s | oo e * Applicable to primary origin of malignancy of
. T e v : v e unknown origin, survival, and treatment
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We performed tumor-normal WGS pair using CancerVisionTMl. Tumors were Sequenced at ~40x Somatic Mutation VCF ) i Figure 3. Overview and Evaluation of the Cancer Aggregation Model. (a) Model architecture. (b, C) UMAPs of Jonghoon Lee
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coverage, while normal were ~20x. To assess HRD, we used our proprietary algorithm by combining HRD- [ REF | ALT | CHR | POS ]x 5000 PCAWG and breast cancer datasets showing clear clustering according to each feature (cancer type, PAM50, and iy
: : : : : X 5000 seq length 1fi i - .
associated features, such as mutational signatures of point mutations, and copy number changes. - / HRD). (d) Classification performance on breast cancer and TCGA-BRCA cohorts. onghoonlee @inocras.com
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