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Accelerated Genomics Ecosystem
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Full-Stack Solutions to Accelerating Healthcare Breakthroughs
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BioNeMo Blueprints: Generative Virtual Screening
Models: MSA-Search, AlphaFold2, GenMol, DiffDock

Benefits

Use generative Al to more
efficiently explore chemical space
to optimize molecular designs for
multiple features simultaneously

Accelerated NIMs allow rapid
evaluation of large molecule
databases to identify better drug
candidates faster

Test fewer molecules to identify
virtual hits, reducing the time and
cost of drug development
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The Al & GPU-Accelerated Software Suite for Omics Analysis

Higher Accuracy, Higher Speed, Lower Cost

@ NVIDIA Al Enterprise ]
ncrease Speed
(@ '

Experience 135x faster analysis
of WGS compared to CPU-only

- Giraffe DeepSomatic RAPIDS-singlecell

- BWA-MEM DeepVariant VISTA-2D $ Reduce Cost

BWA-Meth : HaplotypeCaller : Evo2 Up to 50% lower compute cost
\/ for WGS compared to CPU-only

: Minimap2 Mutect2 Geneformer

: STAR STAR-Fusion

Parabricks RAPIDS, MONAI, BioNeMo

Boost Accuracy

High accuracy deep learning and
pangenome alignment

On-Premise
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Germline workflow runtime per whole genome

Higher Speed: Germline Analysis from 18 hours to 8 minutes

(HG002, 30x Illlumina)
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Analyze Orders of Magnitude More Data with RAPIDS-singlecell

RAPIDS-singlecell RAPIDS-singlecell Overall Runtime
Introduces GPU-optimized versions of the
functions. 5000
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GPU-ACCELERATED Data Science

Ho FASTER PANDAS FASTER SCIKIT-LEARN <f FASTER NETWORKX
WITH CUDF WITH CUML WITH CUGRAPH

cuDF accelerates pandas with zero code changes and cuML brings huge speedups to ML modeling with an API cuGraph accelerates NetworkX with zero code changes
brings greatly improved performance. that matches scikit-learn. for much greater performance at scale.
Run this benchmark yourself 2 Run this benchmark yourself 7 Run this benchmark yourself 2
Performance on 100k-300K row x 2 col dataframes Performance on 100K samples and 256 features Performance on 4.8M nodes x 69M edges
80 30 500
70 450
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0 N o o _
soh oS wea™ 8s5\0
gV o U el e o™ group® e nearest e ® L\neaf Redf and®  oogeRe | guvel® et
* Benchmark on AMD EPYC 7642 (using 1x 2.3GHz CPU core) w/ 512GB and * Benchmark on AMD EPYC 7642 (using 1x 2.3GHz CPU core) w/ 512GB and * Benchmark on Intel(R) Xeon(R) w9-3495X w/ 250 GB and NVIDIA A100 80GB
NVIDIA A100 80GB (1x GPU) w/ pandas v1.5 and cuDF v23.02 NVIDIA A100 80GB (1x GPU) w/ scikit-learn v1.2 and cuML v23.02 (1x GPU) w/ NetworkX v3.4.1 and cuGraph/nx-cugraph v24.10; WCC = Weakly

Connected Components; Betweenness = Betweenness Centrality with k=100

Hash Maps Includes RF! GNN + LLM
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Data

DICOM

TEXT

EHR

VIDEO

VOICE

MONAI Multimodal

Data | Models | Agents

Radiology Agent

Chain of Thought Reasoning

Surgical Agent

Information Retrieval & Notes

Agent Framework
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Vision

Patient has an early indication of something wrong from

routine bloodwork
Standard phenotypic workup is done in parallel to additional

blood draw to be sent for WGS
Pharmacological intervention is indicated by paths through
graph(s), complementary to standard diagnosis criteria



The vast majority of diseases are multigenic
and/or multifactorial

nttps://www.ncbi.nlm.nih.gov/books/NBK20363/
nttps://pmc.ncbi.nlm.nih.gov/articles/PMC9945947/

nttps://www.ncbi.nlm.nih.gov/books/NBK20363/

nttps://www.annualreviews.org/content/journals/10.1146/a
nnurev-biodatasci-102022-120818
e
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Variant Annotation is Common but
Uncontextualized

> JCO Clin Cancer Inform. 2020 Mar:4:310-317. doi: 10.1200/CCI.19.00132. FULL TEXT LINKS
. . jco

Integrated Informatics Analysis of Cancer-Related |

. -
Variants Full text PMC
Kymberleigh A Pagel 7, Rick Kim 2, Kyle Moad 2, Ben Busby 2, Lily Zheng ' 4, Collin Tokheim °, KETIONE
Michael Ryan 2, Rachel Karchin 7

S ¢ Cite

Affiliations + expand
PMID: 32228266 PMCID: PMC7113103 DOI: 10.1200/CCI.19.00132 e
Abstract < Permalink

Purpose: The modern researcher is confronted with hundreds of published methods to interpret
genetic variants. There are databases of genes and variants, phenotype-genotype relationships, PAGE NAVIGATION




Multifactorial Disease

Polygenicity
Background genomic effects (cis- or trans-)
Environmental effects mediated by epigenetics

Direct environmental effects (immunological, receptor binding, etc)

B ow N

Humans do not like thinking about multifactorial causation.

Baker, C. L., & Tenenbaum, J. B. (2023). How Occam's razor guides human decision-making. Proceedings of the National Academy of Sciences, 120(5),
e2212351120.

Duttle, K., & Inukai, K. (2015). Complexity Aversion: Influences of Cognitive Abilities, Culture and System of Thought. Economics Bulletin, 35(2), 846-
855.



Data

We downloaded phased VCFs for 3 populations from The 1000Genomes Project (The 1000 Genomes
Project Consortium, 2015):

e British in England and Scotland (GBR): https://www.internationalgenome.org/data-

e Puerto Rican in Puerto Rico (PUR): https://www.internationalgenome.org/data-

portal/population/PUR

e Chinese Dai in Xishuangbanna, China (CDX): https://www.internationalgenome.org/data-

portal/population/CDX




Clustering for GRM from CDX in TNF and HLA-A

TNF




Genome graphs

Current human genome reference

[ Reference
Better human genome reference(s) : G U i d e d
Assembly

Image from
embl.org
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Accelerate Pangenome Alignment with Giraffe
Parabricks now supports UCSC’s Giraffe

Linear Reference Genome

ACGTACGT...

* Increase accuracy and improve variant calling—particularly
Pangenome Graph across genetic variations and diverse populations

X% of population have Y% of population have
insertion here SNP 1 here

* GPU-accelerated Giraffe with single-end and pair-end support

S ¢ Equivalent results to open-source version of Giraffe

ACGTACGT...

2% of population have
SNP 2 here
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Genome graphs

Current human genome reference

—_— Disease
| Specific
; Graphs

Better human genome reference(s)

Image from
embl.org
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Genome graphs = Hash Maps
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Clustering for GRM from CDX in TNF and HLA-A

TNF




Genome graphs = Hash Maps

NVIDIA. DEVELOPER Home Blog Forums Docs Downloads Training

Technical Blog

Data Science

Maximizing Performance with
Massively Parallel Hash Maps on GPUs

English v

<ANVIDIA I



Genome graphs = Hash Maps
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Computational approaches are helping medical
genomics

Accelerated Genomics (including graphs)
Single Cell and Proteomics

Agents and Models

Drug Prediction and Modification
Integration with imaging for testing
Federated Learning

Knowledge Graphs




o

O

Dynamic storage of data
“Pruning” of garbage
More advanced clustering of disease subtypes
m Prediction of adequate pharmacology for these subtypes

Validating Subtype Specific Oncology Drug Predictions

Jedrzej Kubica'?, Emerson Huitt?, Yusuke Suita*, Amanda S. Khoo?,
Hyonyoung Shin®, David Enoma’, Nick Giangreco®, and Ben Busby’

1 Laboratory of Structural Bioinformatics, Institute of Evolutionary Biology, Faculty of Biology,
University of Warsaw, 00-927, Warsaw, Poland 2 Laboratory of Theory of Biopolymers, Faculty of
Chemistry, University of Warsaw, 00-927, Warsaw, Poland 3 Snthesis Inc., 331 W Main St STE 611,
Durham, NC 27701, United States 4 Laboratory of Cancer Epigenetics and Plasticity, Therapeutic




graph TD
A["Malignant neoplastic disease (disorder)"] --> B["Malignant neoplasm (morphologic abnormality)"]
B --> C["Malignant neoplasm of breast (disorder)"]
C --> D["Invasive malignant neoplasm of breast (disorder)"]
C --> E["Non-invasive malignant neoplasm of breast (disorder)"]

C -- "Is a" --> F["Malignant tumor of anatomical site (disorder)"]
5 "Finding site" --> G["Breast structure (body structure)"]
"Associated morphology" --> H["Malignant neoplasm, primary (morphologic abnormality)"]

"Is a" --> C
"Is a" --> C




graph TD
subgraph Breast Cancer Hierarchy
A["Malignont neoplastic disease (disorder)"] --> B["Maolignant neoplasm (morphologic abnormality)”]
B --> C["Malignant neoplasm of breast (disorder)"]
C --> D["Invasive malignant neoplasm of breast (disorder)"]
--> E["Non-invasive malignant neoplasm of breast (disorder)"]
"Is @" --> F["Malignant tumor of anatomical site (disorder)"]

-- "Associated morphology" --> H["Malignant neoplasm, primary (morphologic abnormality)"]
== MTEIgN ==
==l O =G

G
2
C -- "Finding site" --> G["Breast structure (body structure)"]
C
D
E

end

subgraph Molecular Subtypes
C --» LUMA["Luminal A breast cancer (subtype)"]
C --> LUMB["Luminal B breast cancer (subtype)"]
C --> HER2E["HER2-enriched breast cancer (disorder)"]
C --> TNBC|[|"Triple-negative breast cancer (disorder)"]]|

LUMA -- "Has receptor status" --> ER POS["Estrogen receptor positive"]
LUMA "Has receptor status" --> PR _POS["Progesterone receptor positive"]
LUMA "Has receptor status" --> HER2 NEG["HER2 negative"]

LUMA "Has proliferation index" --> KI67_LOW["Ki-&67 low"]

LUME "Has receptor status" --> ER_POS

LUMB "Has receptor status" --> PR_POS_VAR["Progesterone receptor positive (variable)"]
LUMB "Has receptor status" --> HER2 _POS_VAR["HER2 positive (variable)"]

LUMB "Hos proliferation index" --> KI67_HIGH["Ki-67 high"]

HERZE -- "Has receptor status" --> HER2 POS["HER2 positive"]
HER2E -- "Has receptor status" --> ER NEG VAR["Estrogen receptor negative (variable)"]
HER2ZE -- "Has receptor status" --> PR _NEG VAR["Progesterone receptor negative (variable)"]




graph TD
subgraph Cancer Hierarchy
A["Malignant neoplastic disease (disorder)"] --> B["Malignant neoplasm (morphologic abnormality)"]
B --> CRC["Malignant colorectal neoplasm (disorder)"]
end

subgraph Colorectal Cancer Specifics
CRC --> COLON_CA["Malignant neoplasm of colon (disorder)"]
CRC --> RECTUM CA["Malignant neoplasm of rectum (disorder)"]

COLON CA --> ADENO COLON["Adenocarcinoma of colon (disorder)"]
RECTUM CA --> ADENO_RECTUM["Adenocarcinoma of rectum (disorder)"]

CRC -- "Finding site" --> COLON_STRUCT["Colon structure (body structure)"]
CRC -- "Finding site" --> RECTUM STRUCT["Rectum structure (body structure)"]
CRC -- "Associated morphology" --> MALIGNANT MORPH["Malignant neoplasm, primary (morphologic abnormality)"]

ADENO _COLON -- "Associated morphology" --> ADENO MORPH["Adenocarcinoma (morphologic abnormality)™]
ADENO_RECTUM -- "Associated morphology" --> ADENO_MORPH




graph TD
subgraph Cancer Hierarchy
A["Malignant neoplastic disease (disorder)"] =--> B["Molignant neoplasm (morphologic abnormality)"]
B --> CRC["Malignant colorectol neoplasm (disorder)"]
end

subgraph Colorectal Cancer Specifics
CRC --> COLON_CA["Malignant neoplasm of colon (disorder)"]
CRC --> RECTUM_CA["Malignant neoplasm of rectum (disorder)"]

COLON CA --> ADENO COLON["Adenocarcinoma of colon (disorder)"]
RECTUM CA --> ADENO RECTUM["Adenocarcinoma of rectum (discorder)"]

CRC -- "Finding site" --> COLON_STRUCT["Colon structure (body structure)"]
CRC -- "Finding site" --> RECTUM_STRUCT["Rectum structure (body structure)"]
CRC -- "Associated morphology" --> MALIGNANT MORPH["Malignant neoplasm, primary (morphologic abnormality)"]

ADENO _COLON -- "Associated morphology" --> ADENO_MORPH["Adenocarcinoma (morphologic abnormality)"]
ADENO_RECTUM -- "Associated morphology" --> ADENO_MORPH

end

subgraph Consensus Molecular Subtypes (CMS)
CRC --> CMS1["CMS1 (MSI Immune)"]
CRC --> CMS2["CMS2 (Canonical)"]
CRC --> CMS3["CMS3 (Metabolic)"]
CRC --> CMS4["CMS4 (Mesenchymal)" ]

CMS1 -- "Has characteristiec" --> MSI_H["Microsatellite instability-high (MSI-H)"]
CMS1 -- "Has characteristic" --> BRAF_MUT["BRAF gene mutation]
CMS1 -- "Has characteristic" --> IMMUNE ACT["Strong immune activation"]




A Glimpse into the Future
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This image aims to capture a futuristic landscape, blending advanced technology with a harmonious environment, symbolizing
progress and innovation.




A Glimpse into the Future
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RAG: VectorRAG vs GraphRAG

RAG = Retrieval Augmented Generation

VectorRAG: retrieve top K relevant docs based on their embedding vector

0]

Good enough when answer requires single doc

GraphRAG: retrieve relevant subgraph

0]

Good when answer requires multiple

docs with related entities
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GNN+LLM Graph RAG (GNN Feeds LLM)
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https://arxiv.org/abs/2402.07630
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https://arxiv.org/abs/2402.07630

GraphRAG+VectorRAG >R

e Validation, integrating
I experts, and garbage

collection

v

Retneve
» Subgraph

Context

GNN
Encoder

LLM Encoder ‘ -H

-

Doc
Retrieval




GNN+LLM Graph RAG (GNN Feeds LLM) rﬁ%ﬁ

e Options:
Knowledge 1) Full finetune (best test
Graph acc)
2) Lora for LLM (next
- Si?;faupeh beSt)
Context

3) Frozen LLM (least

good)
Retrieved GNN
MNode/Edge Encoder
Features
LaﬁgLuaE:e Concatenate

Query N\ Embeddings Natural
TextifietGraph LLM Decoder Language
Response

—-{ LLM Encoder :E—’
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Neo4j Case Study

>

NVIDIA.

https://developer.nvidia.com/blog/boosting-ga-accuracy-with-graphrag-

using-pyg-and-graph-databases/

NMame: GPANK1
Alias: DYRK1AP3,
PAHX-AP, PAHXAP1
Description:

This gene encodes
a protein which is
thought to play a
role in immunity.
Multiple alternatively
spliced variants,
encoding the same
protein, have been
identified.

carrier

interact with

carrier

Pathway

indication/contraindication

present/absent = Disease
Anatomy ﬁ_
expression
Phenotype present ;

associated
with

interact with
Molecular function

Prime Semi-structured Knowledge Base

Name: GM1
gangliosidosis type I
Definiton:

GM1 gangliosidosis
type 1 is the severe
infantile form of GM1
gangliosidosis with
variable neurological
manifestations...
Epidemiology:
Type 1 is the most
frequent form but the
exact prevalence is
not known.
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https://developer.nvidia.com/blog/boosting-qa-accuracy-with-graphrag-using-pyg-and-graph-databases/
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Computational approaches are helping medical
genomics

Accelerated Genomics (including graphs)
Single Cell and Proteomics

Agents and Models

Drug Prediction and Modification
Integration with imaging for testing
Federated Learning

Knowledge Graphs




Hash Maps = Models
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Hash Maps = Models

Phenotypic Knowledge Graph
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Take Home Messages

Changing genomic data structures will help analyze
multifactorial genomic etiologies

Building biological knowledge graphs of phenotypic data --
including derived phenotypes from other primary data sources
-- will help to contextualize phenotypic information

Putting effort into the above community initiatives is likely to
help us deliver more precise treatments faster.
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