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The Statistician and the Biologist'

They are both being executed, and are each

granted one last request.

The Statistician asks that he be allowed to give
one last lecture on his Grand theory of Statistics.

The Biologist asks that he be executed first.
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e Exciting new technology for measuring gene
expression of thousands of genes

*simultaneously®* in a single sample for cells

e first multivariate, quantitative way of

measuring gene expression

e a key idea- to find genes, follow around
messenger RNA

e also known as “gene chips”- there are a
number of different technologies - Affymetrix,
Incyte, Brown Lab
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Grade 9 view of cell biology

MRNA

Transport to cytoplasm for
protein synthesis (translation)

Cell membrane

National National Human Genome Research Institute "
Institutes Ml
of Health Division of Intramural Research
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DNA microarray process'
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ligon cleotide microarrays'

e Preceding slides describe cDNA microarrays

e ther ma or technology is oligonucleotide

microarray

e Sequence for each gene is broken up into
pieces perfect match “probes”

e a control “mismatch” sequence is printed
beside each probe, ipping the middle base
T or

e measured expression is average difference

perfect-mismatch over the  pairs
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Statistical challenges I

e typically have genes measured over

samples
e Goal understand patterns in data

e Biologists don t want to miss anything low
type II error . Statistician have to teach them
an appreciation of Type I error, and find ways
to get a handle on it
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e icroarray problems can be separated into
un u ervi e ‘“class discovery” and

u ervi e  “class prediction”

e In un u ervi e problems, only the expression
data is available clustering techniques
hierarchical, -means, S s have proven

to be useful here

e In u ervi e problems, a response

measurement is available for each sample.
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‘ hich genes go p or down I

ver t e erimental n i1 n

Goss et al. - Significance analysis of
microarrays SA

blood samples from cancer patients
untreated, taken after radiation. ant to
identify genes associated with severe reactions

for radiation treatment.

FEach sample was hybridi ed to a gene
oligonucleotidie array

Define “T-statistic” for each gene

0
mean of Irradiated samples

mean of Unirradiated samples
Standard deviation for gene

0 Fudge factor
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observed d(i)

At what threshold should we call a gene
significant

e how many false positives can we expect
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Ave falsely

significant

Called

significant
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e Can apply to many other situations- eg

survival time data

e SA is popular at Stanford genetics and
biochemistry labs

15
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Tree arvesting

e more ambitious supervised learning

e Example- Samples from  Patients with
Diffuse Large Cell Lymphoma, hybridi ed to
cDNA microarrays with genes. See

Ali adeh et al.

e Survival times possibly censored available

for each patient

16
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hy the problem is di c lt'

any correlated inputs genes , relatively few
samples

e don t really want to do “variable
selection”, but rather describe how groups of
genes work together to predict the outcome

Hence “off-the-sheltf” methods like tree-based
classifiers, discriminant analysis, neural

networks etc. will not work well
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Tree arvesting

e Idea start with a hierarchical clustering of
genes

e odel the outcome variable as a sum of the
average expression profiles of chosen clusters
and their products.

e Hence can discover gene interactions
e Use a forward stepwise greedy seatch

e ethod can be applied to many different
kinds of outcome measures such as
quantitative, classes, or censored survival

times,
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ierarchical cl stering'

Eisen et al.

20
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arvesting strategy'
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Termsin model Candidate terms

Constant X1 X2Xx3x4 ...... Xp

Add best product
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