; : ; ; : : : : Dotmatics
Overcoming Analysis Paralysis: Comparing Dimension Reduction algorithms across Local and

Global Data Structure %5 OM IQ

Jamie S. McCarthy?!, Geoffrey Kraker?, JF Tirados!, Andrea Valle!, Chris Ciccolella®. .
1: OMIQ, Dotmatics Ltd. WWW.omig.al

Introduction Results

e Dimension reduction (DR) is widely used in Fig 6. Algorithm scalability by

h |gh_d imensional cytometry ana |y5|5; UMAP A. 10 Clusters Overlaid B. 30 Clusters Overlaid C. CD8 Expression Levels FIt-SNE PaCMAP PHATE input row count
and opt—SNE are the most Common ChOiceS in 5 4 files overlaid 4 files overlaid : 4 files overlaid 3 4 files overlaid - 4 files overlaid t-SNE
| * | ‘ oy 2 8 FENE CURA DR tasks were "titrated" in
OMIQ. ‘2 opt-SNE _
] P e SNE OMIQ to find the row count at

* Selecting the right tool is challenging: each
algorithm has settings that affect its output,
and the right choice depends on your analysis
question (local vs global phenotyping or

which each algorithm fails.
Absolute thresholds are
hardware-dependent, but the
relative ranking reflects each

UMAP
a PaCMAP

Geometry
umap_2
I
pacmap_2
|

2aD | w-508ANG
fitsne 2
|

EmbedSOM

UMAP
Preserves Global

: : : PCA 100M algorithm's memory
continuous gradients) and dataset size. _ . _ ot e complexity and is preserved
. . 1 A e S A S e s S | e Maximum rows (log scale) )
* Local structure captures relationships between " | e | e : across compute environments.
nearby cells (e.g. CCR7 expression on CD4+ T EmbedSOM PHATE
cells); Global structure preserves the overall ' ' ” ! i
geometry and relative positions of populations §§
w @
across the full dataset (e.g. the distinction 785 C luSi d Di .
R E 3
between B cells and monocytes). oL § ; onciusion an ISCUSSION
S = =
. . . g < 5
* Here we compared six DR algorithms in OMIQ, e UMAP vs opt-SNE (Fig 2): UMAP captures a more global view,
exploring how each performs across local vs .- combining subpopulations into broader islands; opt-SNE
global structure, hyperparameter (settings) 0 resolves local structure with distinct islands per subpopulation.
changes, input dimensionality, and scalability. * Settings matter (Fig 4): UMAP's Nearest Neighbours and opt-
Fig 2. UMAP vs. opt-SNE: Local versus Global Structure SNE's Perplexity both shift the local/global balance within a
. Fig 3. Other Dimension Reduction Methods single algorithm.
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samples with 40 parameters available for EmbedSOM: uses self-organising maps (like FlowSOM) to capture number Pf rows they handle before failure. Choose based on
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