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Introduction
Disease Subtypes
Identifying Subtypes: Clustering

Many complex, heterogeneous diseases are comprised of
biologically distinct subgroups
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Introduction
Disease Subtypes
Identifying Subtypes: Clustering

|dentifying biologically informative subgroups

o ldentify biologically distinct subgroups within a disease based
on a subset of variables (genes) using unsupervised learning
techniques (clustering)

@ Biological meaning related to pathways, GO terms

@ Two major methods:
© C(luster data, then use gene set enrichment analysis to get
biological interpretation
@ Use dimensional reduction to get biologically meaningful data,
then cluster.
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Introduction

Disease Subtypes
Identifying Subtypes: Clustering

Traditional clustering approaches

Cancer Subtypes

Gene Expression
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Proposed Method

Method Overview

A network-based co-clustering algorithm to discover cancer
subtypes based on gene expression

Develop a novel cluster technique which incorporates network
structure information
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Proposed Method

Network-based clustering

Network-assisted co-clustering for the identification of cancer
subtypes (NCIS)

Network Gene Expression

.

Cancer Subtypes

A

Assigning Weights
to Genes Weight
(based on impactin f=»{ for each
the network and gene
expression variation)

NCIS: Weighted
Co-Clustering to
Identify
Subtypes

Liu et al, 2014
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Proposed Method

Google's PageRank Algorithm

Initialize all nodes to have
PageRank of ﬁ

where j is the node(s) which
point to node i

wikipedia

The algorithm is iterated until convergence.
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Proposed Method

Gene Weights: PageRank and GeneRank

Web pages are ranked according to the number (and importance)
of pages which point to them.

@ Weight gene i according to the number of genes which gene i
regulates.

= (1 — a)NMAD; + az i
ng

@ « determines whether the weight relies more on variation in
the data or network structure

Convergence is guaranteed to be:

w=(1-a)x(l—aED™ 1) x NMAD

Yiyi Liu, Quanquan Gu, Jack P Hou, Jiawei Han, Jian Ma A network-assisted co-clustering algorithm to discover cancer suk



Proposed Method

Determining interaction networks

Liu et al. used interactions from:

@ Reactome

o 23,545 interactions
o KEGG

o 12,728 interactions Ej = L, if i regulates |
@ NCI-Nature Curated Protein 0, else

Interaction Database
e 44,657 interactions

Interactions contain protein-protein interactions, gene regulatory
interactions and signaling network interactions
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Proposed Method

NCIS Method

Given fixed « and a specified number of sample clusters ¢ and gene
clusters m, we can identify the clusters in a data set with d genes
and n samples by:

d
min Y [|Xix — (GSFT),,|I* x Wj
i=1
where W;; is a diagonal matrix of the gene weights from the
modified GeneRank algorithm and G and F are binary cluster
memberships

W:dxd G:dxm F:nxc

S represents the centroid of each subset of the data, S: mx ¢
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Proposed Method

Optimization

m (o
Gi=1 Y Fj=1
j=1 i=1
d
min 3" | Xie — (GSFT),, 1% x Wi
i=1
J=tr(X"WX —2XTWGSF™ + FSTGTWGSFT)
% =0—-S=(G"WG)'GTWXG(FTF)™*
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Proposed Method

Algorithm

Repeat until J converges:
S=(GTWG) *GTWXF(FTF)™!

(A+ + FB_),'J'
(A_ + FB+)U

- - (CJr + WGDf),J
Gij G”\/(C— + WGDY);

F," < FU

where,
M|+ M M| - M
= —| |2 and M~ = —‘ ‘2

Assign genes and samples to cluster with max value from Fand G

M+
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Proposed Method

Determining «r, m and ¢

a: trade-off between network information and expression data
variability

@ Choose a based on how much the weights should rely on
network information versus data

m: number of gene clusters, c. number of sample clusters

@ m and c are determined by choosing values where clustering is
the most robust/stable

e cophenetic correlation coefficient
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Proposed Method

Cophenetic Correlation Coefficient

1, if samples i and j belong to the same cluster
571.'/ =
0, else
1, if genes i and j belong to the same cluster
g =
0, else

o Calculate Ms and M, over 50 iterations for given values of m
and ¢

o Use 1-M; and 1-M, as distance metric.

o Calculate pearson coefficient between 1-M; and hierarchical
clustering distance matrix.

p(Ms) + p(Mg)
2
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Public dat
Results Simulated

Applying NCIS method

@ Breast cancer
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Public datasets
Results Simulated Data

Results: Breast cancer

Data:

Determining ¢ and m © 547 samples

m=6 | m=7 | m=8 | m=9 @ mRNA expression

c=4 | 0.931 | 0.925 | 0.930 | 0.944 for 8,726 genes
c=5 | 0.930 | 0.940 | 0.948 | 0.942 Parameters:

c=6 | 0.924 | 0.929 | 0.945 | 0.947 @ 5 patient clusters

c=70.926 | 0.928 | 0.942 | 0.937 o 8 gene clusters
o «=0.85
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Public datasets
Results Simulated Data

Results: Breast cancer

Data:

@ 547 samples
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Public datasets
Simulated Data

Results

Results: Breast cancer
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Public datasets
Results Simulated Data

Results: Glioblastoma multiforme
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Public datasets
Results Simulated Data

Results: Comparison to consensus clustering

P-value of the dependence test for different clinical features and breast cancer subtypes

Neoplasm Neoplasm Tumor nudei

Method Survival disease lymph ) P Tumor stage
disease stage percentage

node stage
NCIS (a = 0.85) 0.0444 2.03x10°3 1.68x10°3 2.33x10°3 6.17x1073
NCIS (a = 0) 0.0442 6.22x10°3 3.84x10°2 2.67x10°3 6.24x10°3
Consensus (k=3) 0.497 0.123 0.266 0.175 5.90x10-3
Consensus (k=15) 0.359 3.29x10°3 2.08x 104 0.187 8.35x10°3
TCGA/BRCA paper 0.831 0.396 0.337 0.999 0.0780

For survival time, we used logrank test; for AJCC neoplasm disease lymph node stage, AJCC neoplasm
disease stage, and AJCC tumor stage, we used Chi-squared test; for tumor nuclei percentage, we used
ANOVA. Note that we did not use the normal-like subtype in this comparisen.
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Results

Simulated Data

Public datasets
Simulated Data

@ iy taken from breast cancer
data

@ v was determined by matching
variance in simulated data to
variance in gene expression
data

@ Network information identical
to breast cancer example
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Simulated data contained:
@ 300 samples
@ 3 subgroups
o 8726 genes

Lowest network weight genes
were permuted to add noise
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Public datasets
Results Simulated Data

Results: Simulated data

" " B I s
T Combining all conditions:
g @ Accuracy (NCIS, «=0.85) >
g Accuracy (NCIS, a=0),
L p=0.0057
@ Accuracy (NCIS, «=0.85) >
| Accuracy (consensus
° clustering), p=0.0019

# of noisy genes (x 1000)
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NCIS method
Other methods

Research Update

Applying NCIS method to PTSD data

@ Use NCIS to incorporate known
network information to build
more informative clusters
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NCIS method
Other methods

Research Update

PTSD mRNA data

49 PTSD samples

mRNA expression for 4,168 genes
a = 0.85

m=5

c=2

® 6 6 o o
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NCIS method
Other methods
Research Update

PTSD mRNA data
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NCIS method
Other methods

Research Update

PTSD mRNA data

Why is our clustering so noisy?

@ Noisy data
@ Lack of network information about
PTSD-relevant genes

e 19,596 genes — 4,168 genes with
network information
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NCIS method
Other methods

Research Update

PTSD mRNA data
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NCIS method
Other methods
Research Update

Other network-based clustering methods
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NCIS method
Other methods

Research Update

PCA Results

Biclustering Results:

n P Important Pathways

Cluster 9 95 Cell-cell and cell-matrix inter-

1 actions: adherens junctions,
integrins, cell adhesion
labetes: glucose transport,

Cluster | 13 142 | diab |

2 insulin  pathway; signaling:
VEGF, WNT, Jak/Stat
iabetes: regulation of insulin

Cluster | 8 49 diab lation of insuli

3 secretion; diseases: Parkin-
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ton's; immune system: innate
and adaptive immune system
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NCIS method
Other methods

Research Update

Method Comparison

Three Clustering Methods:
@ Biclustering raw mRNA data

@ Biclustering pathway-level
data

© NCIS clustering method

o Little consensus on cluster
membership

@ No clear consensus on
number of subtypes
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Summary

@ Incorporating network information identifies important genes
to consider

o GeneRank algorithm determine weights for each gene based on
the number and importance of network connections
@ Only genes with network information are considered

o In breast cancer datasets, only % of mRNA data was used
e in PTSD data, only % of data was used

o All database interactions are collapsed onto edges
@ protein-protein interactions
e transcriptional regulatory interactions
o signaling network interactions
@ Gene clusters still require GSEA methods to determine
pathway-level significance
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