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Do we care about inferences for
phylogenetic trees?

Cetacees: recognising what is being sold as Whale meat

in Japan?
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PCR sequencing: only in hotel room

Steve Palumbi, Stanford Scott Baker, Auckland.
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Whale www.DNA.surveillance

http://www.dna-surveillance.auckland.ac.nz/html/mainIndex.jsp
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DNA sequences

Where do they come from? Sequence Yourself (PBS)

Data Bases: TIGR

Exploring our molecular selves: Molecular Selves

Human Genome: Human Genome Browser from UCSC

Gateway and examples

Other genomes:

The Institute for Genomic Research

http://www.pbs.org/wgbh/nova/genome/sequencer.html
http://www.tigr.org/tdb/
http://www.nature.com/genomics/human/cd/cd_rom.html
http://genome.ucsc.edu/
http://genome.ucsc.edu/cgi-bin/hgGateway
http://www.tigr.org/tdb/
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The River without a Paddle?

Human immunodeficiency virus: Phylogeny and the

origin of HIV-1
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The origin

of human

immunodeficiency

virus type 1

(HIV-1) is

controversial.
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Phylogeny has showed that viruses obtained from the

Democratic Republic of Congo in Africa have a

quantitatively different phylogenetic tree structure from

those sampled in other parts of the world.

Quest for the origin of AIDS

This indicates that the structure of HIV-1 phylogenies is

the result of epidemiological processes acting within

human populations alone, and is not due to multiple

cross-species transmission initiated by oral polio

vaccination.

Serial Passage Conversely, phylogenetic analysis of HIV-1

sequences indicates that group M originated before the

vaccination campaign, supporting a model of ’natural

transfer’ from chimpanzees to humans. If this timescale

http://www-stat.stanford.edu/~susan/courses/s30/web1/mn_aidsday1graf.jpg
http://www-stat.stanford.edu/~susan/courses/s30/web1/mn_aidsneedleafrica.jpg
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is correct, then the OPV theory remains a viable

hypothesis of HIV-1 origins only if the subtypes of group

M differentiated in chimpanzees before their transmission

to humans.
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Confidence Intervals ?

Korber and colleagues extrapolated the timing of the

origin of HIV-1 group M back to a single viral ancestor in

1931, give or take about 12 years for 95% confidence

limits.

Because this calendar of events obviously pre-dated the

OPV trials, in the revised version of his book, Hooper

suggested that group M first began to diverge in

chimpanzees, and that there were then several

independent transfers of virus to humans via OPV.

In that case, several OPV batches should bear evidence

of their production in chimpanzee tissue, yet no such

evidence has been found.
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Closure: Polio vaccines exonerated
Nature 410, 1035 - 1036 (2001)

The OPV batch that

Hooper considered

to be under most

suspicion, however,

was CHAT 10A-11.

An original vial of the batch was found at Britain’s

National Institute for Biological Standards and Control,

and the new tests show that it was prepared from

rhesus-macaque cells.
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Clues de decoding

Database: LANL HIV database

Finding matches

BLAST

Software for aligning sequences:

Clustal-W

Software for Building Trees:

Phylip.

Glossary: NiHGP glossary

http://www.hiv.lanl.gov/
http://www.ncbi.nlm.nih.gov/Education/BLASTinfo/guide.html
http://www.genome.gov/glossary.cfm
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How sure are we of the answers ?

Phylogenetic Trees and Variability.

• Aggregating/Combining trees,

• Stability of sets of trees,

• Comparisons of sets of trees of several kinds.

• Explanation of one set of trees by another.

• Combining trees with other data.

• Confidence Statements for trees.

Specificities of this particular statistics class
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• Genetic data is discrete: Counts, transitions, states.

• Independence is not the norm, (dependent data).

• Contingency Tables, (chisquare or not).

• Large data sets.

• Need to interface statistics programs with database

searches (glue).

• Non standard parameters we need to estimate: trees,

graphs,....
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Some Aims of the Course

Learn the useful Probabilistic Tools specific to
genetic/protein/expression data

Discrete random variables.

(Binomial, Multinomial, Poisson, Dirichlet,)

Monte Carlo Simulation.

Random walks, Gibbs sampling, Markov Chains.

Hidden Markov Models.

Expectation, conditional probability, variance.
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Learn the statistical tools for analyzing large data
sets

• Extreme values. (maximum , minimum)

• Multivariate analyses (PCA, SVD, CA, DA, Clustering).

• Maximum Likelihood Estimation, Bayesian methods,

EM , variance stabilization.

• Multiple Testing.

• Non parametric regression (smoothing).
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Learn to use R to do some statistical analyses of
genomic/proteomic data

• HMM models for CpG islands.

• Semi-Markov models for gene recognition.

• Simulating evolution, comparison with real data.

• Bootstrapping trees, confidence statements.

• Motif finding with the Gibbs sampler.

• Clustering methods.

• High dimensional data visualization.

• Microarray analyses (Bioconductor) (exploratory and

discriminant).
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Learn to read bioinformatics/statistical genetics
papers
You will learn how to read and more important reproduce

the results from the papers we read.
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Learn to write up a statistical analyses
Fulfils the writing in the major requirement for the

Mathematical and Computational Sciences major.

Step 1: (midterm) Find a real problem, and make a

proposal of a simulation study or statistical analyses of a

large data set.

Step 2: (final) Write a 10-15 page paper showing and

interpreting your results.
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Worlds of Variability

Biology cannot be easily summarized into simple

principles because it is a world of complex variation. It is

variability that has enabled evolution, and it is variability

that ensures the robustness of complex biological

systems, it’s the rule rather than the exception in

biological systems.

Statistics and probability provide many tools for

decomposing the signals in genetic data.
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Particularities of genomic data

• Genetic sequence data are often discrete: either binary,

or categorical (A,C,G,T), most of the data comes in

the form of counts, or frequency tables, we call these

contingency tables.

Example:

Chargaff showed that the proportions of A,C,G,T were
A T G C

Human (liver) 30.3 30.3 19.5 19.9

Mycobacterium Tuberculosis 15.1 14.6 34.9 35.4

Sea Urchin 32.8 32.1 17.7 18.4
These proportions are not consistent with an equal

distribution of the nucleotides in the 4 possible
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categories.

Example of a simple test: Chisquare test for goodness

of fit:

Null hypothesis: pA = pC = pG = pT = 1
4,

Statistic (measures distance to H0) =
∑
i,j

(Oij − Eij)2

Eij
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With 6 degrees of freedom, we have a significant

Chisquare at the 0.01 level at 16.8, but here the statistic

is equal to 29, well above the 1 % significance level.

> charg
[,1] [,2] [,3] [,4]

[1,] 30.3 30.3 19.5 19.9
[2,] 15.1 14.6 34.9 35.4
[3,] 32.8 32.1 17.7 18.4
> sum((charg-25)^2/25)
[1] 29.3152
> pchisq(29.3,6)
[1] 0.9999466
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or Phenotypic Data

eyes Black Brunette Red Blonde

Brown 68 20 15 5

Blue 119 84 54 29

Hazel 26 17 14 14

Green 7 94 10 16

• Independence of observations or variables is not the

norm, mostly the data show meaningful dependencies.

• Large data sets are much more common in molecular

genetics than any other field of biology.

• We will need to interface statistical procedures with

the large genetic database searches (the glue can be

languages such as perl, R,python).
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• The parameters that we will be interested in are non

standard, not just real vectors, they are trees (family

trees of genes and of species are called phylogenetic

trees and are of importance in the study of molecular

evolution),




