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The revolution of single-cell biology
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The throughput of single-cell sequencing increased

by > 1,000,000 times in a decade (2010-2020)

Integrated Liquid handling In situ
Manual Multiplexing fluidic circuits robotics Nanodroplets Picowells barcoding Spatial transcriptomics methods
oz il o
%\ 1,000,000 10x Genomics SPLIT-Seq
S 100,000 — % _indro S SRNA
o CytoSeq P Q@ sci- -seq
2 10,000 MARS-Seq O DroNC—Seq
£ ' o O
= 1.000 i o) 10 Seqg-Well
= ’ STRT-Seq cELseqg  ooamel gl o Q)
g 100 Tang etal O O 0© @O
o 10 & fe} o© o\Smart -seq2
= Tang etal SMART-Seq O
n 1 o=
S O RS ¥ > e o o <)
R R T T D R R ¥

Study Publication Date



The throughput of single-cell sequencing increased

by > 1,000,000 times in a decade (2010-2020)
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The rapid rise of single cell atlases
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Exhibit — Broad Center for Human Brain Variation

BICAN Center for Human Brain Variation
200 human brains, 50 brain regions
20k-50k cells per region spatial gene expression and chromatin accessibility
200M-500M multimodal cell state measurements
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Exhibit — Broad Center for Human Brain Variation

é 1*% BICAN Center for Human Brain Variation
é’ 200 human brains, 50 brain regions

N 20k-50k cells per region spatial gene expression and chromatin accessibility :
200M-500M multimodal cell state measurements Y

Steven McCarroll
co-Pl

Gene expression \ . . . .
(MRNA) Key scientific questions:

- What is the nature of human brain variation across individuals
at the resolution of individual cells and molecular processes?

Evan Macosko
co-PI

~ 20’000 channels\

- How genetics influences such variability?

- What are the molecular mechanisms underlying psychiatric,
neurodegenerative, and aging-related diseases?
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Exhibit — Deorphanizing rare diseases through CRISPR

perturbation experiments

Project RADICAL (“RAre DlIsease Cures Accelerator”) Representation Learning,
Predictive Modeling

Phase 1 — Profiling and Identification of Nodal Pathways
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10 billion single cells

Phase 2 — Identification of Therapeutic Targets via Perturbation Screens

200 genome-wide perturbation screens for a representative cell line x variant per nodal pathway
10’s or 100’s rare genetic

response
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Al is changing the way we conduct research

e As more data is generated, conducting biomedical research becomes increasingly more complex

e Our traditional analysis methods do not scale to the pace of data generation
o No single measurement can fully capture the complex and high-dimensional reality of cellular states
o No single dataset is sufficient to satisfactorily evaluate a complex hypothesis
o No single human expert can fully intuit and internalize the patterns lying within high-throughput
biological measurements

e Itis only a matter of time before we generate enough data across all spatiotemporal scales,
molecular modalities, and contexts to “contain the answer” to our most complex biological
questions

e This trajectory parallels all informational fields
o Internet — Large volume of texts, images, movies, etc.
— Development of increasingly capable Al models/agents of natural language
o Genomics — Large volume of genomes, transcriptomes, tissue slides, etc.
— Development of increasingly capable Al models/agents of biomedicine



Beyond natural language: learning the intrinsic language of cells
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Large Natural
Language Model
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What humans know about the
world— e.g. cell biology




Beyond natural language: learning the intrinsic language of cells
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MRNA Protein ATAC Methylation
cell 1 meta | cell 1 UUID counts counts fragments locations
cell 2 meta | cell 2 UUID counts counts fragments locations
cell 3 meta | cell 3 UUID counts counts fragments locations
cell 4 meta | cell 4 UUID counts counts fragments locations
cell 5 meta | cell 5 UUID counts counts fragments locations

Interface
Large Natural Large Biology
Language Model Language Model
(e.g. GPT-4)
What humans know about the The intrinsic “language” of
world— e.g. cell biology cells— free from impositions

of experience and cognitive biases



We envision a future where biomedical research is largely

driven by Al research assistants and scientists
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Broad is building an Al platform for cell biology research

Cellarium Al Platform
A cloud-native data and machine learning operations infrastructure
for single-cell biology data inspired by modern Al practices

- storage and querying of billion-scale single-cell omics data

- rapid model development, model training, model serving,
and building/serving applications
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Large language models (of natural language)

you has the highest probability | you, they, your....

T

Output [CLS] how are today | | doing | | [SEP]

BERT masked language model
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|nput [CLS] how are [MASK] | | today doing [SEP]




Large language models (of cell biology)

you has the highest probability | gene X, gene Y, gene Z, ...

T

Output [CLS] gene A| | gene B geneD | |geneE [SEP]

I

BERT masked language model
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CellariumGPT reveals cell-type specific gene function




CellariumGPT reveals cell-type specific gene function

respiratory electron transport chain
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(GO:0006986)

MT-ND4
MT-ND1
MTND6., & o——MT-ND3
,.MT-CO1
MT-ATPG
. MT-CO2
v
MENDs MT-CYB
mr-co3 MTND4L
.
MT-ATPS
MT-ND2
L
p=11/13

_DNAJB4
HSPB1
g
SNAjB1  HSPA1B
ZFAND2A
DNAJAZ ¢ .
HSPA6
K
DNAJAL
.
BAG3 SISPATA
!
p=7/10

nuclear-transcribed mRNA catabolic
process, nonsense-mediated decay
(G0:0000184)

nuclear-transcribed mRNA catabolic
process, nonsense-mediated decay
(G0:0000184)

RPS28
-
RPS29
s
RPS21 RPL36
i
RPS11
U'EEASZ. R
RPL23
RPL37
RPL37A
RPL2L RpL26  °
RP:
RPL38 JRPS6
- RPL23A
i
p=14/14

JRPL31
«RPL7
RPS20
R
RPL13A
.RPL361\ RPLP2
RBS16
-
RPL35 RPL27A
. .
RPS17
RPL27
=
p=11/11

muscle contraction (GO:0006936)

myofibril assembly (G0O:0030239)
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mitochondrial ATP synthesis coupled
electron transport (GO:0042775)

cell-cell junction organization
(G0:0045216)
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We envision a future where biomedical research is largely

driven by Al research assistants and scientists

Data Completion Modifying Cellular States Tissue Remodelling
mRNA — protein diseased state + compound/CRISPR — healthy state diseased tissue phenotype + compound/CRISPR
chromatin accessibility — mRNa pluripotent stem cell + TF cocktail — desired endpoint — healthy tissue phenotype

mMRNA — mRNA isoforms
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Al models of the intrinsic language of cells and tissues will allow us
to perform many more experiments and test many more hypotheses in silico



We envision a future where biomedical research is largely

driven by Al research assistants and scientists

Genomics and Al are accelerating every stage of the
drug development process
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Discovery & Preclinical Clinical
Development Research Research
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e Precise identification of e  Comprehensive in silico e Significantly improved
therapeutic targets evaluation of therapeutic design of clinical trials
agents through personal genomics

e  Precise design of

therapeutic agents o off-target effects o patient stratification
o  pharmacodynamics o heterogeneity of
o  small molecules o toxicity clinical benefit
o antibodies o clinical benefit

o peptides



