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Hypothesis test2



-Hypothesis test2
Empirical p-value
Multiple hypothesis correction
Effect size
Power analysis

-Data processing
Normalization
Clustering: k-mean, hierarchical, DBSCAN, Louvain, leiden, fuzzy (overlap clustering)

-Clustering evaluation 
Silhouette
LISI
NMI(normalized mutual information)
Adjusted rand index (ARI)



Empirical p-value

Am I significant?

-Sometimes there are no matching distributions
 But I want to know the p-value!
 Rank-based approach 



Empirical p-value

-Measure the cumulative probability for the given sample 
 Same as measuring the p-value from the distribution



Empirical p-value
*Assume 1000 permutation test
Each sample: 0.001 probability

-My data: 1st rank  p value < 0.001

-My data: 1st rank (has tie)  p value == #tie / 1000

-My data: n rank  p value < rank/1000 

-My data: n rank (has tie)  p value < (next rank -1)/1000

 P value: rank/1000 (or considering self: rank + 1 / 1000 + 1)



Empirical p-value

-Gene network
My geneset: significant connectivity?
Comparing between random geneset

Frequently used in random permutation



Multiple hypothesis correction



Multiple hypothesis correction
P value  Adjusted p value
- Multiple hypothesis correction
- Avoid lucky hits my multiple testing



Multiple hypothesis correction
N multiple hypothesis correction
*Bonferroni method
q-value (adjusted p-value) = p-value * N

*Benjamini-Hochberg (BH) method
q-value: p-value * (N/rank)
Sometimes order of p-value changes
Collapse the q-value



Effect size
*a value measuring the strength of the relationship between two variables

-Cohen’s D



Power analysis
*the calculation used to estimate the smallest sample size needed for an experiment, 
given a required significance level, statistical power, and effect size



Power analysis
*How to get enough p-value (usually 0.05)  increase sample size N



Power analysis



Data processing



Normalization

*Single data  no need to normalize
*Multiple data  each data may have 
different space
How to analyze them together?
Make them into the same “space”



Normalization
*min-max normalization

 Range into 0~1

*Z-score normalization (standardization)

 mean:0, s.d.:1, gaussian distribution

*Robust scaling

 Robust to outliers



Clustering



Clustering



Distance measurement for clustering

Sample X

Sample Y

Gene expression space
i: each gene
n: the number of genes



Distance measurement for clustering
*Jaccard coefficient  measure the overlap

*Cosine similarity

 Ignore the magnitude



Distance measurement for clustering
*Hamming distance
-binary data

10101, 11110  distance: 3 (different bit)

10101
11110



Clustering



K-mean clustering

K-mean clustering (linear approach)



K-mean clustering



Hierarchical clustering



Hierarchical clustering
Tree cutting



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)



• DBSCAN (Density-Based Spatial Clustering of Applications with Noise)

Nonlinear approach



Louvain Clustering
-Network-based clustering
-Modularity (given community)

M: # total edge
N: # node
a_ij: 0,1
t_ij: random node permutation  <t_ij>: expected value = ki * kj / 2m
C(i): community
δ: community: 0,1

Compare between real connection – random connection



Louvain Clustering
Pass1
-each node  each community
-each node  change into other communities 
Higher modularity
-each community  supernode
+ edges within each community: weighted edge
Repeat until modularity stops

Resolution parameter  control the granularity 
of the community

High resolution: many clusters



Louvain Clustering



Leiden Clustering
-Improve Louvain clustering having a low modularity community
(because poorly-connected communities 
merging of smaller communities into larger communities)

-Improvement: stable, good community, fast

*Iteration
-each node  each community
-each node  change into other communities 
Higher modularity
Refine the lower connectivity community

 Same as louvain



Overlapping clustering

*Fuzzy c-mean clustering
-k-mean  fuzzy (p>1)  (1: k-mean)
Maximize the probability of each k-cluster
K-mean algorithm

-x: each sample
-c: cluster centroid



Clustering evaluation
-Silhouette Coefficient
b: distance to closest neighbors
a: distance to self cluster
s  high: far from neighbors  separated



Clustering evaluation
-LISI(Local Inverse Simpson's Index)
N(x): k-nearest neighbors
C: label (1~L)

ni: # label i neighbor
k: # total neighbor 

High LISI  mixed
Low LISI  separated



Clustering evaluation
-Mutual information: 

0: two cluster: independent
<1: partial overlap
1: equal cluster

-NMI(normalized mutual information): H(x) high  I(x,y) will increase 
normalization by magnitude



Clustering evaluation
Supervised approach: comparing between real membership and clustering
-Rand Index (RI):  

-Adjusted rand index (ARI):

Vs  Expected RI (random)
Expected: true possible pairs * inferred possible pairs / all possible pairs
Max: mean(true possible pairs + inferred possible pairs)

1: perfect clustering
0: random
<0: poor



22

2

Possible pairs with 22 samples




