
Clustering and Visualization (I)

hmwu@stat.sinica.edu.tw
http://www.sinica.edu.tw/~hmwu

� ���Outlines

� ����������	�
�� ��
������������������

� ������������������������
� Image Plot, Histogram, Boxplot, Scatterplot and MA Plot, Volcano

Plot

� ���������������������� �����������!��"
�������
���#"��
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� ���Overview of cDNA Microarray Experiment
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Histograms

The histogram shows:
1. center of the data (location)

2. spread of the data (scale)

3. skewness of the data

4. presence of outliers

5. presence of multiple modes in the data.

Density Plots

� ���
Box Plots

� Box plots (Tukey 1977, Chambers
1983) are an excellent tool for
conveying location and variation
information in data sets, particularly
for detecting and illustrating location
and variation changes between
different groups of data.

Further reading: http://www.itl.nist.gov/div898/handbook/eda/section3/boxplot.htm

The box plot can provide

answers to the following

questions:

� Is a factor significant?

� Does the location differ

between subgroups?

� Does the variation differ

between subgroups?

� Are there any outliers?



� ���Scatterplot and MA plot

� Features of scatter plot.

� the substantial correlation between the expression values in the two
conditions being compared.

� the preponderance of low-intensity values. (the majority of genes are
expressed at only a low level, and relatively few genes are expressed at a
high level)

� Goals: to identify genes that are differentially regulated between two experimental
conditions.

� Outliers in logarithm scale

� spreads the data from the lower left corner to a more centered distribution in
which the prosperities of the data are easy to analyze.

� easier to describe the fold regulation of genes using a log scale. In log2
space, the data points are symmetric about 0.

� MA plots can show the intensity-dependant ratio of raw microarray data.

x-axis (mean log2
intensity): average
intensity of a
particular element
across the control
and experimental
conditions.

y-axis (ratio): ratio of
the two intensities.

� ���Volcano Plot

� A volcano plot displays the negative log of p-values from a t-test on
one axis and the log2 of change between two conditions on the
other axis on the scatterplot view.

� The researcher can then make judgments about the most promising
candidates for follow-up studies, by trading off both these criteria by
eye.

A volcano plot is a heuristic device that

arranges genes along dimensions of

biological and statistical significance.

A volcano plot is helpful in identifying

significance and magnitude of change in

expression of a set of genes between two

conditions.
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Visualizing and Clustering

High-dimensional Data:

Dimension Reduction Techniques

� Principal Component Analysis (PCA)

� Biplot

� Multidimensional Scaling (MDS)

Dimension reduction visualization is often adopted for
presenting grouping structure for methods such as K-means.


� ���Distance and Similarity Measure
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Principal Component Analysis (PCA)
(Pearson 1901; Hotelling 1933; Jolliffe 2002)

PCA is a method that reduces data dimensionality by finding the new variables

(major axes, principal components).

Image source: 61BL4165 Multivariate Statistics, Department of Biological Sciences, Manchester

Metropolitan University

Amongst all possible projections, PCA finds the projections so that the maximum

amount of information, measured in terms of variability, is retained in the smallest

number of dimensions.


� ���PCA: Loadings and Scores




� ���Interpretation of the PCA Results
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The Biplot: Scores + Loadings
(Gabriel 1971, 1981; Gower & Hand, 1996)

The purpose of the biplot is to show variables and

observations together, in a way that represents

graphically their joint interrelationships.

K. R. Gabriel (1971). The biplot graphical display of matrices with application to principal component
analysis. Biometrika 58, 453-467.
J.C. Gower and D. J. Hand (1996). Biplots. Chapman & Hall.




� ���
Multidimensional Scaling (MDS)
(Torgerson 1952; Cox and Cox 2001)

http://www.lib.utexas.edu/maps/united_states.html

?

Classifical MDS takes

a set of dissimilarities

and returns a set of

points such that the

distances between the

points are

approximately equal

to the dissimilarities.

��/


� ���MDS: Metric and Non-Metric Scaling

2D MDS

Configuration Plot
for 103 known genes

Microarray Data of Yeast Cell Cycle
Synchronized by alpha factor arrest method

(Spellman et al. 1998; Chu et al. 1998)

103 known genes: every 7 minutes and

totally 18 time points.

Mathematically: for given k,

compute points x1,…,xn in

k-dimensional space such

that the object function is

minimized.
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the Euclidean distances between these

points approximate the entries in the

dissimilarity matrix?

0�����	����������
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the order in distances coincides with

the order in the entries of the

dissimilarity matrix approximately?

1"������
Given a dissimilarity matrix D of certain objects, can we construct

points in k-dimensional (often 2-dimensional) space such that




� ���Clustering Analysis
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Cluster analysis is the organization of a

collection of patterns into clusters based on

similarity. The problem is to group a given

collection of unlabeled patterns into

meaningful clusters.

$�"���������������
� Hierarchical Clustering Algorithm

� Partitional Algorithm: k-means

� SOM

� Nearest Neighbor Clustering

� Fuzzy Clustering

� Artificial Neural Networks for Clustering

� Clustering Large data sets

�…

Two important properties of a clustering definition:
1. Most of data has been organized into non-overlapping clusters.
2. Each cluster has a within variance and one between variance for each of the other clusters. A
good cluster should have a small within variance and large between variance.


� ���

Clustering Analysis in Microarray

Experiments
0����
� Find natural classes in the data

� Identify new classes/gene correlations

� Refine existing taxonomies

� Support biological analysis/discovery

� cluster genes based on samples profiles

� cluster samples based on genes profiles

���������� �

� genes with similar function have similar
expression profiles




	 ���K-Means Clustering

� K-meansis a partition methods for clustering.

� Data are classified into k groups as specified by the user.

� Two different clusters cannot have any objects in common, and
the k groups together constitute the full data set.

Converged

Optimization problem:

Minimize the sum of squared within-cluster distances
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�� ���Self-Organizing Maps (SOM)

� SOMs were developed by Kohonen in the early 1980's, original area was in the

area of speech recognition.

� Idea: Organise data on the basis of similarity by putting entities geometrically

close to each other.

Images:SCIpath

� SOM is unique in the sense that

it combines both aspects. It can

be used at the same time both to

reduce the amount of data by

clustering, and to construct a

nonlinear projection of the data

onto a low-dimensional display.

1995, 1997, 2001

12x8=96



�
 ���

Algorithm of SOM

Tamayo, P. et al. (1999). Interpreting patterns of
gene expression with self-organizing maps: Methods
and application to hematopoietic differentiation.
Proc Natl Acad Sci 96:2907-2912.

�� ���SOM - Initialization

SOM initialization means to give each weight of the output node a random (or

determined) vector value. The dimensionality of the vector values put in must
match the dimensionality of the raw data! So if the raw data consists of 5

arrays, then the vectors must have 5 elements (dimensions).



�� ���Neighborhood Functions

The neighborhood value has a two-fold character -

a size and a function of distance to influence. One

could even define a further third character - the

shape of the neighborhood (in this case, a square

- highlighted in blue).

The peak of the Gaussian function

would be the location of the winner

node. As one moves out from that

location, the r value decreases.

The winner node's weight is modified such that it

becomes even more similar to the original input node's

vector.

Figures source from: SCIpath Home
http://www.ucl.ac.uk/oncology/MicroCore/tutorial.htm

�� ���
Neighborhood Functions and Learning Rate



�� ���
Possible Parameters used in SOM Analysis

�� ���

U-matrix: Unified Matrix Method
(Ultsch and Siemon 1989, Ultsch 1993)

U-matrix representation of the SOM

U-matrix representation of SOM

visualizes the distance between the

neurons. The distance between the

adjacent neurons is calculated and

presented with different colorings

between the adjacent nodes.



�� ���The Bioconductor

The Bioconductor

version 1.6

http://www.bioconductor.org
R version 2.1.1 (2005-06-20)

http://www.r-project.org

�� ���Limma, LimmaGUI, LimmaAffy

� Smyth, G. K. (2005). Limma: linear models for microarray
data. In: Bioinformatics and Computational Biology Solutions
using R and Bioconductor, R. Gentleman, V. Carey, S.
Dudoit, R. Irizarry, W. Huber (eds.), Springer, New York,
Chapter 23. (To be published in 2005)

� Smyth, G. K. (2004). Linear models and empirical Bayes
methods for assessing differential expression in microarray
experiments. Statistical Applications in Genetics and
Molecular Biology 3, No. 1, Article 3.

Limma: Linear Models for Microarray Data
http://bioinf.wehi.edu.au/limma/

LimmaGUI: a menu driven interface of Limma
http://bioinf.wehi.edu.au/limmaGUI
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�� ���Concept of Manifolds and Nonlinearity

� A manifold is a topological space which is
locally Euclidean. (i.e., around every point,
there is a neighborhood that is topologically
the same as the open unit ball in ).

� In general, any object which is nearly "flat"
on small scales is a manifold.

� Euclidean space is a simplest example of a
manifold.

� More formally, any object that can be
"charted" is a manifold.

� Intuitively, a manifold can be considered as
a ``nice'' topological space that behaves at
every point like our intuitive notion of a
surface

� Manifolds arise naturally whenever there is a
smooth variation of parameters [like pose of
the face]

� The dimension of a manifold is the minimum
integer number of co-ordinates necessary to
identify each point in that manifold.



�
 ���Isometric Mapping (isomap)

Tenenbaum , J. B., Silva, V. de, and Langford, J. C. (2000). A Global Geometric Framework for Nonlinear

Dimensionality Reduction, Science 290, 2319-2323.

MDS

What is important
is the geodesic
distance!

Isomap finds the projection that preserves the global, nonlinear geometry of the

data by preserving the geodesic manifold interpoint distances.

- For neighboring points Euclidean
distance is a good approximation to the
geodesic distance.
- For farway points estimate the distance
by a series of short hops between
neighboring points.
- Find shortest paths in a graph with
edges connecting neighboring data
points.
- Once we have all pairwise geodesic
distances use classical metric MDS

�� ���Example


