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SINGLE-CELL DATA

 Advantages: 

Challenges:  

Single-Cell RNA sequencing

Information of each cell individually
. 

Extract valuable information from
sparse but high dimensional data to
reveal new cell types, dynamics and
regulation.
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WORKFLOW



library("scater")
library("splatter")
library("scran")
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CLUSTERING: FIVE ORIGINAL SIMULATED GROUPS
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CLUSTERING: THREE ORIGINAL SIMULATED TRAJECTORIES
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ASSESSMENT: JACCARD SCORE



ASSESSMENT: BOXPLOTS OF JACCARD'S SCORE

KNN + LOUVAIN



 UMAP makes the best representations in low 
dimensions when the simulated data are closer to 
a real experiment. 

It is valid to use different clustering algorithms 
depending on prior information available to 
correctly use the dimensionality reduction of 
UMAP.

Obtaining hyperparameters is crucial for the 
dimensionality reduction methods and also to 
clustering algorithms.

DISCUSSION
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SIMULATIONS AND DIMENSIONALITY REDUCTION
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UMAP CONSTRUCTION



 PCA AND T-SNE



KNN/SNN GRAPH CONSTRUCTION


