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What is an “EPC”?

Markers and precise
identification currently
unclear

Nomenclature and
Identification in the
literature inconsistent

Are circulating cells
identical to bone marrow
resident cells?

Are one or many
different cells involved?
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How Adult Stem Cell Population are
|solated: FACS Profiles
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ldeal FACS Scenario:
Stem Cell Surface Marker “X”
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Heterogeneity in Adult Stem Cells




How can we Isolate and
understand rare stem cell
subsets In the absence of
discrete markers?

...nheed to understand stem
cell heterogeneity



The Problem of Heterogeneity

Tedious, but solvable

Unsolvable(?)



Single Cell Transcriptional Analysis
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Single Cell Transcriptional Analysis:
Microfluidic Technology
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Raw Chip Data

Microfluidic chip accurately
mixes reagents on the
nanoliter scale

Parallel processing of 2,304
gPCR reactions

Simultaneously measure
expression of 48 genes
across 48 single cells



Single Cell Transcriptional Analysis:

gPCR Data Processing

Population X

Population Y

For comparison of multiple
populations, data from
individual chips are pooled
and “blinded.”

genes

Multiple chip runs for
different cell
populations

Data is pooled and
normalized to median
expression of each
gene

Data blinded to
population of origin for
clustering



Single Cell Transcriptional Analysis:
Clustering Algorithm

« Mathematical algorithm

e /g?ﬂ o ,,, based on fuzzy logic
" WEE L S principles
i Pein
.. ..
—_— — « Use objective criteria to
Parameters . minimize information loss

In the clustering process

Akaike Information
Criterion

AIC=-2log(6)

we-frodle | o Each cell is assigned
membership to a cluster
based on similar
transcriptional profiles




Single Cell Transcriptional Analysis:
Cell Clustering

e Cells grouped into
“clusters” based on
similar transcriptional
patterns

e Clusters unblinded to
population of origin

 Data converted to visual
display




Single Cell Transcriptional Analysis

Need to validate new methodology

Difficult to validate unproven methodology in ill-defined
cell population

Solution: validate methodology in well-defined cell type



Hematopoletic Stem Cells
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Population of Interest

e Defined as KLS/CD150+/48-/135-/34-
— Subset of SLAM cells split into CD34-/34+
— CD34-. Cycle once every 145 days
— CD34+: Cycle once every 20 days

Hematopoietic Stem Cells Reversibly
Switch from Dormancy to Self-Renewal
during Homeostasis and Repair

Anne Wilson,? Elisa Laurenti,’® Gabriela Oser,'? Richard C. van der Wath,*®2 William Blanco-Bose,'? Maike Jaworski,!
Sandra Offner,’ Cyrille F. Dunant,® Leonid Eshkind,® Ernesto Bockamp,® Pietro Lio,* H. Robson MacDonald,?
and Andreas Trumpp!2.7.*

pate in homeostasis and therefore exam-

— Edltorlal I\/Ientlons. ined the dormant cells under the stress
conditions generated by destruction of

dividing cells. ERE =R E S =Ryl
preted with caution given that only popu-
lations and not individual cells could be

CUEIERR but the results are consistent
with recrumment of this population into
cycle {though death was not excluded).



How Do We Define a Stem Cell?
Construction of Microfluidic Chip

Housekeeping Surface Markers
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Clustered Data

Cluster 1

=High transcriptional
activity

sLikely cycling
sHighest expression of
p107, myb, p53, runxl
*Predominantly CD34H!
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CD34-

Cluster 2

=Low transcriptional
activity

sLargely quiescent
sLow expression of
CD34, p107, myb, scl,
cyclin D1

Clusters 3,4, 5

*Intermediate transcriptional activity

»Each cluster primarily defined by minimal expression of
a single gene (e.g., p107 [3], cyclin D1 [4], cmyc [5])
*Roughly equal membership between CD34"' and
CD34te
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Cluster Membership
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Summary

1. Can group individual cells based on similarities
IN gene expression profiles

2. Considerable transcriptional heterogeneity
exists within both CD34+ and CD34- HSC
populations



How can we leverage this single-
cell data to permit prospective
Isolation of rare stem cell
populations?

...need a method to identify novel
combinations of robust surface
markers



Linear Discriminant Analysis

* ldentify subset of genes P ———
Capable of identifying Training Phase ! Application Phase
specific subpopulations | |
(“fingerprints”)

« Effectively “opens up”
space on chip for other

genes - allows us to
screen for expression of
surface antigen genes.

e Achieved through

recursive application of
fuzzy c-means clustering
and linear discriminant
analysis (LDA)



Conclusions

1. Pluripotent stem and progenitor cells are minority
populations following isolation using existing techniques

2. Since pluripotency is defined by gene expression (i.e.,
IPS cells), isolated cells can be partitioned into sub-
populations using single cell microfluidic gPCR

3. Linear discriminant analysis can prospectively identify
new and better combinations of existing surface markers
to more precisely isolate pluripotent populations for
therapeutic or investigational purposes
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