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Clustering v.s. Classification
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Clustering       v.s.          Classification

Goal of Classification: Extract features 
from the data that best assign new 
elements to ≥1 of well-defined classes.

Goal of Clustering: Group similar items 
that likely come from the same category, 
and in doing so reveal hidden structure.

Unsupervised learUPUN   Supervised learUPUN



Clustering v.s. Classification

Objects characterized by one or more features 

Classification (supervised learning) 
• Have labels for some points
• Want a “rule” that will accurately assign labels to

new points
• Sub-problem: Feature selection
• Metric: Classification accuracy

   Clustering (unsupervised learning) 

• No labels

• Group points into clusters based on how “near” they
are to one another

• Identify structure in data

• Metric: independent validation features



Clustering: K-Means clustering algorithm

• Randomly Initialize cluster centers

• E step:

 Assign data points to nearest clusters. 

• M step:

 Recalculate cluster centers. 

• Repeat... until convergence.
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Classification: random forest algorithm 
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Soft clustering and its application



What about assigning clusters “softly”?

Soft clustering assignment: /HYd clustering assignment: 
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Soft clustering: Gaussian mixture model

• Randomly Initialize Gaussian distribution parameters ( , ).

• E step:

 Assign data points to each Gaussian distribution by probabilities.  

• M step:

 Recalculate Gaussian distribution parameters (using weighted estimators). 

• Repeat... until convergence.

μ σ2

ℙ(xi |Ci = 3) = π3 f3(xi)
π1 f1(xi) + π2 f2(xi) + π3 f3(xi)
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Application of Gaussian mixture model
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Harmony 
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Differential expression analysis
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0UMLYence for difMLYential exprLZZPVU
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p-value: overcoming randomness
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Statistical Modeling: rethinking of data 

Head Tail
Coin 1 10 10000

Coin 2 25 15000

Read count on 
region x

Read count on 
other regions

NGS library 
1 10 10000

NGS library 
2 25 15000

Well understood 
process in 
probabilistic world:

Data we want to 
model in practice:

Can be used to 
represent



Statistical Modeling: formulation

We could write it down in the statistical modeling terms: 

count_1 ~ binomial( p = , N = total reads count in library 1) 

count_2 ~ binomial( p = , N = total reads count in library 2)


Or equivalently: 

count_1 ~ Poisson(  =   total reads count in library 1)


count_2 ~ Poisson(  =   total reads count in library 2)





• The hypothesis pair above can be evaluated by the exact test for binomial or
Poisson (c-test).


• This test can be used in DGEA of RNA-Seq when there are no replicates
available.

• It can also be used to determine the threshold for peak calling in CHIP-Seq
using a control sample.

p1

p2

λ p1 ×

λ p2 ×

H0 : p1 = p2; H1 : p1 ≠ p2



1st challenge of p-value: multiple 
hypothesis testing

*HU�1LSS`�)LHUZ�*H\ZL�(JUL&



Solution for the 1st challenge
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2nd challenge of p-value: we may fail to 
define the randomness accurately
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Solution for the 2nd challenge
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Summary of the commonly used 
statistical tests in genomics

Distribution 
family Data type Support Statistical test 

Binomial or 
multinomial

Binary or 
categorical

Fisher’s exact test; 
Chi-squared test

Gaussian Continuous t-test
(limma)

Poisson Count Fisher’s exact test; 
Exact binomial test

Negative 
binomial Count NB test  

(DESeq2, edgeR)

{0,1,⋯, n}

[−∞, + ∞]

{0,1,⋯, + ∞}

{0,1,⋯, + ∞}

Application in genomics

Test for 2 X 2 contingency table; 
Gene set enrichment analysis;  
GWAS

Differential expression analysis 
for micro-array data

Differential analysis for NGS 
without biological replicates���
�H�J��SHDN�FDOOLQJ�

Differential analysis for NGS 
with biological replicates�����������������������
�H�J��'*($�IRU�51$�6HT�



�YK�Jhallenge: limited sample size 
estimating gene variances
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