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The cell is central to pan-omic
understanding of biology

Similar to molecular
analytes, cell morphology
is a rich source of
biological information
that is indicative of
phenotype and function.

REM-I Instrument

However, it is also highly dynamic,
complex, and subjective and
therefore hard to interpret.

To unlock the insights embedded
in cell morphology, multi-
dimensional morphological traits
must be turned into a quantitative,
high-dimensional “~-ome”.

Our approach:
high-resolution
single-cell imaging,
cutting-edge AI, and
label-free sorting

for high-dimensional
morphology analysis

Human Foundation Model Axon Data Suite
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REM-I: Benchtop instrument
for imaging and sorting

REM-I is an AI-powered benchtop instrument for
high-dimensional morphology analysis.

What makes REM-1I - High-resolution images of single - AI characterization of captured
innovative cells captured at high speed cellimages in real-time
- Completely label-free workflow - Flexible experimental designs for

- 6-way sorting of uncompromised imaging or imaging + sorting

cells of interest for downstream
analysis
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Human Foundation Model:

Leading-edge AT

The Deepcell Human
Foundation Model (HFM)
extracts features from
diverse cell images without
prior knowledge of specific
cell types, cell preparation,
or other application-specific
markers for an unbounded
approach to hypothesis
generation and testing.

Deep Learning Encoder

Computer Vision Encoder

algorithms

e © Convolutional neural —0—
REM-I Cell Image network

\0— Human-constructed —O—

What makes Deepcell
HFM truly unique

- Trained completely label-free

- Assesses 115 dimensions of
cell morphology

- Broadly applicable across human

applications/cell types

- Ready to use on day 1 with no
additional training needed

AI Dimensions

HFM:DLOO1
HFM:DLOO2

HFM:DLOG64

Cell Features

Position

Cell shape

Deep Learning Embeddings
64 dimensions

Pixel intensity
Texture

Focus

Morphometric Features
51 dimensions
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Axon: Deepcell’'s
data suite

Axon, our powerful data
suite, enables real-time
exploration of data from
the REM-I instrument.

What makes the Axon
data suite powerful

. Store, review, and organize runs

- Visualize AT embeddings as
morphology UMAPs

- View and/or overlay cell images directly
on the morphology UMAP

- Explore AT embeddings interactively
through comparative analytics graphs
- Train custom classification models

- Define cell populations of interest for
collectionin up to 6 wells

See the power of the REM-I platform
for yourself with our public datasets
and interactive software demo at:

exploredata.deepcell.com
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Screenshots of the Axon data demo demonstrating the ability to color
UMAPs based on ground truth labels (left), morphologically distinct
clusters (right). Individual cell images can also be overlaid directly on
the UMAP (right).
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Application and
research areas

Complex Tissues Cancer Biology
Morphological heterogeneity Cancer cell heterogeneity within
in complex tissues and across patients
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Effects on morphology in response
to treatments
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Deepcell
IN action
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A mixture of human melanoma

cell lines and primary tumor
samples analyzed on the REM-I
platform to identify tumor,immune,
and stromal cell populations.

Of note, melanoma cells are
morphologically distinct and
cluster separately from non-tumor

cells, while immune cells have (A) Embeddings UMAP colored by cell type and clustered by morphological features. (B) Embeddings
subtle but separable morphologies. UMAP colored by cluster (Leiden algorithm), with representative images from each cluster shown.

UMAP2

Cell health states

Correspond to distinct Untreated 3h 2uM Staurosporine 18h 2uM Staurosporine 5min 70°C

c. N wee | o o mee | (e tons
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Cell death was induced in S
Jurkat T lymphocytes with either g %l i by by . b -
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staurosporine or heat shock.
Cells occupying the same D. 8
flow cytometry gate segregate § ‘ i 0 0s 0s
in distinct clusters based on = % v 08 o8 o
morphological traits determined § 1 '
by the REM-I platform, ° oy AT
indicating the ability of multi- E ° ® - -
dimensional morphology to L

detect and/or monitor subtle
changes in sample health status

. (C) Flow cytometry profiles. (D) Embeddings UMAP generated from the REM-I platform imaging and
and assess sample quality. Y yprof & & 7 platf 88

colored by population density. (E) Representative images from the REM-I platform of each condition.
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