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Results (ART Data

¢ The acute response to toxin (ART) dataset consists of
66,662 control and toxin-stimulated immune cells. Its
purpose 1s to examine the underlying molecular basis of
TCRyo cell activation. Upon infection, a special type of
T cell, TCRyo, 1s activated immediately, subsequently

Results (Benchmark Data

¢ All dimension reductions were performed using the statistical
computing software R [2]. The benchmark data set consists of
167,044 cells from healthy human bone marrow. Its purpose 1s
to measure healthy human hematopoiesis [1].

Methods
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Introduction

“* Mass cytometry is a newly developed technology for
quantification and classification of immune cells that can
analyze up to 100 markers per cell. High dimensional data
resulting from these experiments require 1nnovative
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they best preserve the local structure of the data.

¢ In 2D visualization, t-SNE showed well-defined phenotypic
clustering, and Diffusion Maps showed structure indicative of
cell differentiation.

“* PCA and Isomap displayed low residual variance, indicating
that they preserve the most information globally.

¢ Overall, Diffusion Maps and t-SNE provide the best insights
into cell phenotype and differentiation.
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mass cytometry data set

Compare techniques using 3 metrics: Computation Time,
Neighborhood Proportion Error, and Residual Variance
Apply best techniques to non-gated mass cytometry data

where 7 1s the Pearson correlation coefficient between a distance
matrix in the original space (D,, ) and a distance matrix in the
dimension reduced space (D, )[7].




