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-network
nw, degree centrality
-spatial
autocorrelation, ripley k, tda, convex hull
-extra
NMF, KL-divergence, earth movement, optimal transport,
synthetic data: smoth



Network analysis



• Network analysis
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Expression

Sample  

Sample  

High correlation

Low correlation

Gene pair: correlation (Pearson correlation coefficient: PCC / Spearman correlation coefficient (SCC)

SCC: rank-based (non-parametric)

























• Network analysis

Centrality by node degree Centrality by betweenness

-Node degree: number of edges for each node  highest
-Betweenness: find shortest path for each node pair  sort by how many shortest paths pass each node  highest







Spatial analysis



Moran’s I
Spatial autocorrelation (colocalization)
-1: perfect symetric
0: random
1: clusterized



Colocalization pattern within radius “t”
-K(t) > 𝜋𝑟ଶ : clusterized
-K(t) < 𝜋𝑟ଶ : dispersed
-K(t) > 𝜋𝑟ଶ : random

Ripley’s K function



More than a slight detour into pure mathematics ….

● Topology is concerned with geometric properties of objects
● Topological data analysis (TDA) applies these methods to noisy data



Persistent homology
● Compute topological features using a Rips complex
● Summarize using a persistence diagram

Persistent homology  arrangement of coordinates



ds = pairwise(Euclidean(), d, dims=2);

ripserer(ds, dim_max=0)
# calculate the rips complex
 Persistent diagram

Euclidian space  grow radius threshold  overlap: death  sample color (identity)
New death 

Born: threshold =0; 
all the connected component

Birth: new homology
Death: disappearing homology
Persistent: maintains homology for long time

Persistent homology



ripsH0[l,:] = [rips[1][l].birth, rips[1][l].death];

Birth     death

Persistent homology



High-order persistent homology
-H1 persistent homology
Birth: loop: closed topology
Death: when the loop disappear

-H2: sphere with hole inside



Persistent images allows for ML applications
● Convert the persistence diagram into a vector
● This vector can be plugged into traditional ML approaches for classification



Persistent diagram  persistent image
(Dimension reduced matrix)

Persistence = death - birth

Persistent images allows for ML applications

T(B)  gaussian smoothing
H0: birth  0  persistent image: 1 dimension
H1: persistent image: 2 dimension



Convex Hull 

-Make a polygon (smallest convex set covers every data point)



Extra



• cNMF
(consensus non-negative matrix factorization)

*Unsupervised approach
NMF: Decomposition method
Make W,H be close to X
Gradient descending  



• cNMF
X = WH

-X: gene expression (N x M)
N: cell, M: gene

-W: program usage (activity): N x k
k: number of program

-H: gene expression program: weight of each gene
k x M

Consensus  robustness
Take median value of each gene



Optimal transport
-Transport plan γ(x,y): measure the distance between two distributions 
 define how to transport each sample point
-Cost function c(x,y): cost for x  y



-Cost function: distance
 User can define!



Transport plan (for optimal transport)

-KL-divergence
-Earth mover’s distance

 How to move one distribution to another



KL-divergence (Kullback-Leibler)

-Difference between two probability distributions

-Cross entropy(p,q) – entropy(p)

-It is not a “distance”  not symmetric



-Perfect overlap  KL = 0



Earth mover's distance (Wasserstein Distance)

-γ: joint distribution



X

Y

-γ distribution1  cost:19



-γ distribution2  cost: 21

 Find the minimum cost transport plan



Synthetic data (SMOTE: Synthetic Minority Over-sampling Technique)
-Artificial data (does not exist in the real data) is not same as random sampling
 Generate from “real” distribution




