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Outline of Clustering Methods

GMM: Gaussian Mixture Model
LDA: Latent Dirichlet Allocation
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NMF

NMF: Non-negative matrix factorization



Each element of matrix is non-negative 
X >= 0; W >= 0; H >= 0

Lee and Seung, Nature 1999; 401:788–791

Xmn Wmk Hkn

Mathematic Model of Non-Negative Matrix Factorization

tall
wide

k << min(m,n) Dimension reduction

Xmn:  m features; n samples 
Wmk: m features; k latent variables 
Hkm:  k latent variables; n encodings 

latent variables:
basis images
topics
centroids
signatures 



Understanding NMF from Topic Modeling (Mixture Model)

Xmn:  m words; n documents 
Wmk: m words; k topics 
Hkm:  k topics; n documents 

Topic modeling:
Si Xij = 1 (column sums to 1)
Si Wij = 1 and Si Hij = 1 

Xmn Wmk Hkn

xij ~ Sk wikhkj



Understanding NMF from Topic Modeling (Mixture Model)

I will talk about spectral clustering, which is a graph-based 
method and consists of dimension reduction with Laplacian 
Eigenmap and k-means clustering in the reduced dimension
space.  I will also talk about Louvain algorithm, which is used 
in Seurat package to cluster single cell RNAseq data.  
Louvain algorithm is a network community approach.  It is 
very fast and has capacity to do clustering analysis for million 
nodes in a network.  I will provide practical examples to 
illustrate how each method works and how to interpret the 
results of clustering analysis and explain the pros and cons of 
each method.

H=0.4*clustering+0.2*dimension+0.2*algorithm+0.2*network



Understanding NMF from Topic Modeling (Mixture Model)

Topic modeling:
Si Xij = 1 (column sums to 1)
Si Wij = 1 and Si Hij = 1 

Xmn Wmk Hkn

Limitations:
n >> m
Documents need to be large



Xmn Wmk Hkn

Latent Dirichlet Allocation (LDA)

D. Blei, A. Ng, M. Jordan. Journal of Machine Learning Research, 3: 993-1022, 2003

Bayesian Hierarchical Model and Generative Statistical Model 

Si Xij = 1 (column sums to 1)
Si Wij = 1 and Si Hij = 1 



cisTopic: LDA Model

González-Blas et al. 2019 Nature Methods 16:397–400



Regulatory Pathways in Melanocyte Lineage



Regulatory Landscape of Melanoma 

Verfaillie et al Nat Commun. 2015, 6:6683



Regulatory Landscape of Melanoma 

Verfaillie et al Nat Commun. 2015, 6:6683
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Heatmap of H3K27Ac ChIP-Seq Data

LineType cellLine freq

Melanocyte MM001 20

Melanocyte MM011 20

Melanocyte MM034 20

Mesenchymal MM029 20

Mesenchymal MM047 20

Proliferative Melanocyte

Invasive Mesenchymal

Data matrix  
Row: 1135772 peaks  
Column: 100 samples



Model Selection from Number of Topics
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Best model: 10 topics



Topic contribution per cell
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TF Binding Sites of Topic 6

TF binding sites analyzed with homer



TF Binding Sites of Topic 7

TF binding sites analyzed with homer



TF Binding Sites of Topic 10

TF binding sites analyzed with homer



Algorithm of Latent Dirichlet Allocation (LDA) 

D. Blei, A. Ng, M. Jordan. Journal of Machine Learning Research, 3: 993-1022, 2003

LDA is a Bayesian Hierarchical Model and 
a Generative Statistical Model 



Traditional Statistics: Frequentist Approach
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Bayes’ Theorem

Thomas Bayes in 1763 



Bayesian Analysis



Bayesian Analysis for Binary Variable



Beta Prior
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Beta Posterior

D = (4, 1)
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D = (40, 10)
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Bayesian Hierarchical Model



Multinomial Distribution



Dirichlet Distribution



Algorithm of Latent Dirichlet Allocation (LDA) 

D. Blei, A. Ng, M. Jordan. Journal of Machine Learning Research, 3: 993-1022, 2003

LDA is a Bayesian Hierarchical Model and 
a Generative Statistical Model 



Algorithm of Latent Dirichlet Allocation (LDA) 

D. Blei, A. Ng, M. Jordan. Journal of Machine Learning Research, 3: 993-1022, 2003

For each document, update parameters till converge
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NMF: Non-negative matrix factorization


