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Astroinformatics from the perspective of bioinformatics
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Gaussian fitting in biology

Spatial ordering of fluorophores on mMRNAs can be resolved by Gaussian centroid localization
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What else is there in the intersection?

t-SNE
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t-distributed stochastic neighborhood embedding

* Introduced by van der Maaten and Hinton in 2008.

- Minimizes the Kullback-Leibler divergence between a Gaussian distribution used to
model distances in the ambient space, and a Student t-distribution modeling
distances in low dimension.

- Theorem (Linderman and Steinerberger, 2017): There are parameters for this
algorithm that ensure rapid convergence. The algorithm behaves like spectral
clustering (under some assumptions), allowing for a rigorous analysis of clustering
properties.



igh dimensional astronomical t-SNE
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t-SNE to visualize stellar chemical abundance space
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Coloring by chemical abundances

t-SNE manifold learning for the HARPS sample (Delgado-Mena et al. 2017)
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Testing robustness to abundance estimation errors

Testing the influence of abundance uncertainties
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t-SNEs are also used in biology... so what”?

with Jase Gehring
Brady Weissbourd, David Anderson
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Biological t-SNE:

Neurogenic
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Clark et al. 2019
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The standard “t-SNE workflow”

Seurat v3.0 Command List

Compiled: 2019-04-04

Seurat Standard Worflow seurat | Object Interaction Data Access Visualization in Seurat v3.0

Multi-Assay Features Seurat v2.X vs v3.X

The standard Seurat workflow takes raw single-cell expression data and aims to find clusters within the data. For full details,
please read our tutorial. This process consists of data normalization and variable feature selection, data scaling, a PCA on
variable features, construction of a shared-nearest-neighbors graph, and clustering using a modularity optimizer. Finally, we use
a t-SNE to visualize our clusters in a two-dimensional space.

pbmc.counts <- ReadlOX(data.dir = "~/Downloads/pbmc3k/filtered gene bc matrices/hgl9/")
pbmc <- CreateSeuratObject(counts = pbmc.counts)

pbmc <- NormalizeData(object = pbmc)

pbmc <- FindVariableFeatures(object = pbmc)

pbmc <- ScaleData(object = pbmc)

pbmc <- RunPCA(object = pbmc)

pbmc <- FindNeighbors(object = pbmc)

pbmc <- FindClusters(object = pbmc)

pbmc <- RunTSNE (object = pbmc)

DimPlot (object = pbmc, reduction = "tsne")



Why single-cell?
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Clytia hemisphaerica

Clytia anatomy
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—xperiment: single-cell

RNA-seq
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A view of the results

Organism Cell yield
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Biological interpretation of mathematically meaningful clusters
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UMAP2

A hint at dynamics: neuronal differentiation
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owards a Clytia hemisphaerica cell atlas
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Questions relevant to extracting information

* What is the “right” approach to dimension reduction?

« PCA, t-SNE, column subset selection, ... ?

* What is the “best” clustering algorithm?
« Louvain, k-means, k-medoids, ...

* How should cell imputation be performed?
- NNMF, affinity propagation, ...

* How should differential expression be applied to identifying
markers?

* Linear regression, negative binomial modeling ...
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