Power of Algorithmic Analysis
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Power of Algorithmic Analysis

High-dimensional analysis — Human brain is not so hot at >3 dimensions.
What does 18 dimensional data (18 color) even look like in high dimensional

space?

Highlight patterns in the data — Manual analysis with a plethora of iterative
bivariate plots is highly inefficient.

Facilitates population discovery — Meaningful populations can be
overlooked b/c biases and a priori knowledge dictate analysis.

Automated/more unbiased — Manual analysis is subjective and biased.

Fun!



Creating a Human B cell Atlas
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A day in the life of a FlowJo analyst

Donor 1, Tissue 1
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D256 various samples — subsets CD45RB/ CD69
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D256 various samples — 1gG/ IgM distribution in B cell populations
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Problem: how do you visualize millions of cells marked
by a rainbow of colors in order to establish the underlying
structure or principles of organization?

Solution: take high-D spaces and embed this information
iInto low-D spaces that our brains can understand

—> algorithms identify local patterns and global patterns
that our brains may miss when performing manual
analysis via iterative pairwise plots



Unbiased analysis of across-donor heterogeneity
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Tissue-specific B cell signatures
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Next Presentations: How the algorithms work and
how you can install on your personal computer

t-SNE

Single cell resolution

PhenoGraph

Automated population
identification

50
40

bh-SNE2
o

-60 -40 -20 0 20 40
bh-SNE1

blood -

SPADE FlowSOM
Tree of relationships Tree of relationships
Oo
7 "M
".\_‘ @
I Y
Ps A P
‘—f/'; \l\/n ./_J ‘ c’
3 g ad ©
F Y g < & 0
\“-_\ :9_/—\\
O e )
/—)/ —
‘[\ . ‘.{ star
— 4R
oo X (— chart
E\.o.( N ol 1
-/ Sy e
(s
P i = 6B 2B
IS = 1D wCD200
. o D3 = CD218a
m CD21 m CD370
cluster 38987 abundance
SPL CITRUS
BM 9




Resources

Useful starting places - reviews
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. Setty M, Tadmor MD, Reich-Zeliger S, Angel O, Salame TM, Kathail P, Choi K, Bendall S, Friedman N, Pe'er D.

Wishbone identifies bifurcating developmental trajectories from single-cell data. Nat Biotechnol. 2016
Jun;34(6):637-45. Wishbone

. Bendall SC, Davis KL, Amir el-AD, Tadmor MD, Simonds EF, Chen TJ, Shenfeld DK, Nolan GP, Pe'er D. Single-cell
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. Mclnnes L, Healy J, Melvile J. UMAP: Uniform Manifold Approximation and Projection for Dimension Reduction.

https://arxiv.org/abs/1802.03426 UMAP (for advanced Matlab Users, no GUI interface)



