Bioinformetics — Lecture Notes

Announcements

| need to collect project proposas, copies of the articles, and group meseting times.

Reference: Microarray Data Andysis and Visudization by Arun Jagota

Class 24 — April 11, 2002

Introduction
A. Microaray Data Anadyss

Gene chips dlow the amultaneous monitoring of the expresson leve of
thousands of genes. Many datistical and computationa methods are used to
andyzethisdata Theseinclude
- datidicd hypothesstessfor differentid expresson andyss
principa component analysis and other methods for visuaizing
high-dimensond microarray data
cluster andysisfor grouping together genes or sampleswith
dmilar expresson patterns
hidden Markov models, neurd networks and other classfiersfor
predictively classifying sample expresson paiters as one of severd
types (diseased, ie. cancerous, vs. normal)

B. What ismicorarray data?

In spite of the ability to alow usto Smultaneoudy monitor the expression of
thousands of genes, there are some liabilitieswith micorarray data Each
micorarray isvery expensve, the datistica reproducibility of the datais relatively
poor, and there are alot of genes and complex interactions in the genome.

Microarray datais often arranged in an n x m matrix M with rows for the n genes
and columns for the m biological samples in which gene expression has been
monitored. Hence, my; isthe expresson level of genei insamplej. A row g is
the gene expression pattern of genei over dl the samples. A column s; isthe
expression leved of dl genesin asamplej and is caled the sample expression
pattern.

There are severd popular microarray technologies, each with datain adightly
different form:

cDNA microarray — The expression level g; of agenei insamplej is
expressed as alog retio, log(rij/g:), of thelog of its actual expression leve rj;
inthis sample over itsexpresson leve g; inacontrol. When thisdatais



visudized g; is color coded to amixture of red (rjj >> g;) and green (rj; <<
g) and amixturein between.

Nylon membrane and plagtic arrays (by Clontech) — A raw intengty and a
background vaue are measured for each gene. The analyst isfreeto choose
the raw intensity or can adjust it by subtracting the background intengity.

Oligonudeatide slicon chips (by Affymetrix) — These arrays produce a
variety of numbers derived from 16-20 pairs of perfect match (PM) and
mismatch (MM) probes. There are severd datistics related to gene
expression that can be derived from thisdata. The most commonly used
oneisthe average difference (AVD), which is derived from the differences
of PM-MM in the 16-20 probe pairs. The next most commonly used
method is the log absolute value (LAV), which comes from the rations
PM/MM in the probe pairs. Note: The Affymetrix gene-chip software has
aabsent/present call for each gene on a chip. According to Jagota, the
method is complex and arbitrary so they usudly ignoreit.

Note: Each new verson of amicroarray chip isat least dightly different
from the previous verson. This means that the measures are likely to
change. This hasto be taken into account when andyzing data.

C. For what do we used micorarray data?

Geneswith smilar expression patterns over al samples— We can compare
the expression patterns g and e of two genesi and i’ over dl samples. If we
use clugter analysis, we can separate the genes into groups of geneswith
gmilar expresson patterns (trees). Thiswill dlow usto find what unknown
genes have dtered expression in a particular disease by comparing the pattern
to genes know to be affiliated with adisease. 1t can dso find genes that fit a
certain pattern such as a particular pattern of change with time. It can dso
characterize broad functiond classes of new genes from the known classes of
genes with Smilar expression.

Geneswith unusud expresson levelsin asample— In contrast to standard
datisticd methods where we ignore outliers, here outliers might have
particular importance. Hence, we look for genes whose expression levels are
very different from the others.

Genes whose expression levels vary across samples — We can compare gene
expression levels of aparticular gene or set of genesin different samples.
This can be used to look compare normal and diseased tissues or diseased
tissue before and after treatment.



Samples that have Smilar expresson patterns — We might want to compare
the expression patters of al genes between two samples. We might cluster the
genesinto gene with smilar expression patterns to help with the comparison.
This can be used to look compare normal and diseased tissues or diseased
tissue before and after trestment.

Tissues that might be cancerous (diseased) — We can take the gene
expression pattern of sample and compareit to library expression patterns that
indicate diseased or not diseased tissue.

. Statigticd methods can help

Experimenta Design — Since using microarraysis codly and time
consuming, we want to design experiments to use the minima number of
micorarrays that will give a gaidicaly sgnificant result.

Data Pre-processing — It is sometimes useful to preprocess the data prior to
visudization. An example of thisisthelog ratio mentioned earlier. It isoften
necessary to rescale data from different microarrays so that they can be
compared. Thisisdueto variaion in chip to chip intengty. Another type of
preprocessing is subtracting the mean and dividing by the variance.

Data Visudization — Principle component analys's and multidimensona
scaing are two useful techniques for reducing multidimensiond datato two
and three dimensons. Thisalowsusto visudizeit.

Cluster Andyss— By associating genes with smilar expression patterns, we
might be able to draw conclusions about their functiond expresson.

Probability Theory — We can use datistica modeling and inference to
andyze our data. Probability theory isthe basisfor these.

Statidtica Inference — Thisis the formulation and Satistica testing of a
hypothesis and dternative hypothess.

Classfiersfor the Data— We can construct classes from data, such a diseased
vs. non-diseased tissue. We can build amodd (such as a hidden Markov
modd) that fits know data for the different classes. This can then be used to
classfy previoudy unclassfied data

Preprocessing Microarray Data

Before microarray data can be analyzed or stored, a number of procedures or
transformations must be applied to it. In order to andyze the data correctly, it
is important to understand what the transformations might be doing to the
data



. Raioing the data

Thisisthe most popular transformetion. The expression level g; of agene
i insamplej isexpressed asardtio, (rij/g;), of itsactud expresson levd r;;
in this sample over its expresson level g; inacontrol. Thistdlsusthe
level of under- or over- expression of agenei inthesamplej. If the
contral vaue g; isvery smdl, it can make theratio very big. Thiscan

skew resultsincorrectly.

. Log-tranforming rationed data

Thisisdso apopular transformation. The expression level g; of agenei
insample]j isexpressed asalog ratio, log(r;;/g;), of thelog of its actua
expresson leve rjj in this sample over its expression level g; in acontrol.
Thiswill suppress outliers caused when the control value g; isvery smdl.
However, it creates anew outlier when rij isvery small.

. Alternative to ratioing the data
An dternative that diminated both of the outlier problems aboveis

I

+ G

Thisgivesavauein [0,1] and can beinterpreted at the probability of gene
i ishigher in samplej than in contral.

. Differencing the data

Another transformation isto difference the dataie. r;; - g;. Thisisnot
really appropriate in our previous context. However, thisis used by
Affymetrix in a different context. In their datar;; isthe strength of the
match of the target i to a specific probe j and g; is he strength of the match
of thetarget i to acontrol for this probe.

. Scaling data across chips to account for chip-to-chip difference

As mentioned previoudy, different chips might display different
intengties. When comparing different chips the data might need to be
scaed so that they are on the same scde. Alternatively, they can be
normalized so that they are between [0,1] and compared.

. Zero-centering a gene on a sample expression pattern
Thisin effect the same as subtracting the mean expresson pattern.



Suppose that x is an expression pattern for a particular gene g whose
components are log-ratios. Let x¢= x- X where X isthe ‘average
expression pattern’ or control. Then x indicates whether the gene g is
induced or repressed relative to control. (Remember the X’ s are vectors).

Subtracting the mean expression pattern and dividing by the sandard
deviation can accomplish this.

X- X
S

x¢=

(Remember the X’ s are vectors).

. Weighting the components of a gene or sample expresson pattern
differently

If we have amarix of weights W=diag(wj,...,Wn), we can weight the
expression patterns by

Xw = WX

In thisway, we can weght the contributions from different genes
differently.

. Handling missng deta

Sometimes components of an expression pattern X are missng. To fix
this, the missing values can be replaced by the mean over the non-missng
vauesin X.

Vaidion filtering expresson patterns

When we are performing cluster analys's on gene or sample expression
patterns, patterns with low variance will dl seem sufficiently smilar to
esch other and might form acluster. This cluster will probably not reflect
any interesting result.

Discretizing expression data

Sometimes we might want to convert gene or sample expression pettern
into discrete vaues. For example, if we have log-ratio, we may want to
amply look at whether something isup- or down-regulated. To do this,
we can do the following:



i+l whenx >0
X, =(%,;) Wwhere xb’i::'-l when x, <0
10 whenx =0

In this case +1 would indicate up-regulation, O would indicate no change and
—1 would indicate down-regulaion.
NEXT TIME
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