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Ontology-driven omics data mining

Bio-LDM (Biological Large Data Model) MetaDB

Core ontology-grounded intelligence engine for Over 1 billion multi-omics data point
discovering context-specific gene relationships, 30 billion cross-associations reinforced by
functional modules and disease mechanisms. CONSEeNsUs Scores.
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OmixMind & LLMs

Programmable LLM interface orchestrating Bio-LDIM,
MetaDB and NetCrafter for fully customized, project-
specific analyses.

Bio-LDM discovers the hidden biology; MetaDB
validates it, NetCrafter explains it and OmixMind =
turns it into a fully customized discovery workflow. N ? - @
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Outputs Applications © NetCrafter: Ontology-derived quantitative gene network modeling

Curated ontology » _ _ _
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Meta DB prioritizes © Bio-LDM: Ontology-guided Bio-Al archiecture

reproducible targets and biomarkers

© Consensus scoring on >30 billion associated data pairs in MetaDB
— Reliable targets and biomarkers across lineages and subtypes

Problem: Sparse omics data and incomplete ontology context

limit conventional Bio-Al

Solution: Bio-LDM™ learns structured biological context through

NetCrafter-derived 7n-gated attention
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Lineage and sampling consensus analysis of PD-1 Prioritizing
: : : : : target-biomarker pairs Omics data prediction = Paper published (Briefings in Bioinformatics, 2026)
expression associated with patient survival £ % c 0.5 = Patent application filed in Korea, USA & China
ol o Qo
« PDCD1 expression was significantly associated with patient survival in 28 of 34 TCGA cancer types (p-values < 0.05). O 1 % qL) Py 04
Each lineage's result is itself backed by many sampling conditions. 8 10 e c 0.3
* Higher PDCD1 was favorable across these lineages, holding up best in SKCM (135 of 216 conditions), then UCEC at -§ §<)- _8 (é) 0.2 I
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Next step: Open the Consensus view to see where the signal holds, or draw a Kaplan—Meier plot for a specific gene. ) < 8 0.0 . . 10
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OmixMind: Text-to-Data mining
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Research digest - Essential findings & trends from recent literature :
Mapping ge
papers from 159 results - 5 research clusters reveals potential synthetic lethal vulnerabilities specitic to BRUAT-deticient breast
cancers. These candidate dependencies are consensus-validated within the breast
cancer lineage to ensure technical reproducibility acrogssssaussalllina camaline.o
Computational Prediction of Cancer Genetic Interactions 25 papers selected R
et = BH-AOBS
Keywords: Knowledge graphs, Graph neural networks, Transcriptomic buffering, Multi-omics ing link prediction | 5 ; .44 0ld change
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integration, Genetic dependency biomedical knowledge graphs with . . a
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Advanced computational models, particularly knowledge graph-based neural networks ~Group 1 =
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Low (=25%) expression of &) 7
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synthetic lethal gene pairs for targeted cancer therapy. By integrating multi-omics profiles, L ow (225%) expression of REP3 < d
transcriptomic buffering signatures, and high-order network structures, algorithms like 1.0 4 et ow a i
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Multiplexed CRISPR Platforms for Genetic Interactions 12 papers selected s | | This box plot compares CIP2A abundance between normal and
_ ) _ tumor tissue in BRCA. Abundance was measured in 111 normal
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Diverse applications including:

 Functional interpretation for underlying » Undruggable targets and new modalities

mechanisms and disease phenotypes in drug discovery
» Biomarkers in immunotherapy response ¢ Al-assisted analysis of user data

» Synthetic lethal gene pairs

Connect LLMs to Q-omics

Al agents for research & drug discovery pipelines

Is TP53 a consistent hit in BRCA across survival, tumor-vs-normal expression,

and drug response?

Architected multi-pronged analysis strategy for TP53 significance across three cancer dimensions

Orchestrated multi-dimensional analysis of TP53 across BRCA datasets

All three pillars are now measured, and the picture is clear. Let me pull the yiesatimasian
guidance so I can summarize cleanly.
No — TP53 is not a consistent hit across these three axes in BRCA. It's a strg C I a u d e a n Swe rs
mechanistically clean hit in drug response, but it falls short of significance il
and tumor-vs-normal expression in this cohort. Here's the whole picture at{

with real Q-omics
data & insights
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Availability & Collaboration

* Drug target and biomarker discovery » Tumor- antigen discovery » Explore Q-omics Saa$ at https://qomics.ai, AWS Cloud and via
MCP on Claude and ChatGPT

 For collaboration, we offer partner-specific Evidence Sprint,
cloud/API integration and confidential PoC options
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   𝑻 𝑾 ( A , B ) =


    {   ∑   x i ∈ A ∩ B  w ( x i ) }  {   ∑   y i ∈ A ∪ B  w ( y i )   }


  w = −  log ⁡  ( P v a l u e )


  𝛼  


  p   v a l u e : O n t o l o g y   e n r i c h m e n t ,


  𝛼 :  


  O n t o l o g y   g a t i n g :    f  i j ≈ T  w  i j (  Q i ⋅  w  T w +  K j ⋅  w  T w )


  G e n e − G e n e     score  i j =    Q i  K j T    d k + f  ( T  w  i j )

