Biology 644

Old Title: Bioinformatics for Molecular Biologists

Potential New Title: Integrated Bioinformatics
Using R for Both Wet and Dry Scientists




Bayesian Inference

Bayesimninfésenoe derivestitheposterior probatility P(H|E)asa conseguenee Oihree
antecedlartis,asprior probability P(H) alikelihood P(B|H) and anormalizing CamsttantP(E).
Bayesianinferenece camputes theopasteriprqirobébjlity @cdorginosto,Bayele (diachronic

interpretation):
s 0 ‘080 ¢b O
L (CO) e

Posterior probability P(H|E) = Our wpdateiin b probabitifyo ofibéhypotfhesid given some

evidence E
Prior probability P(H) = Phstiahiiitly cffcaurhyyppoblaeRi# before we ssavthieceeiddace
Likelihood P(B|H) = Prabability dfsseeingHbe evidendeif our hypothesisH is true

Normalizing ConstzintP(B)E Rrohability ofttheE evidence wmnileraany ieticumstanees




The Cookie Problem

A S\mmeﬂhere are two bowilsdfccoakies.
Bowl 1 eontains 30 varillacookiesandl 0 chnmuiaiécookidgs.
Bowl 2 eontains 20 of eautl:

A Now supposeyyoulchoaserens of dhe hovds rahtand emdands hwith oriHookinge selecicieaakie a
random. Theceoakiasisanilla.

A What is the probability that it cameffroneBawl 1?

A Thisiisasconditional probatility: we want p(Boaw! 11| | wanilla) boutitis:nobbbviousdowsto
compuite iit.

A If ska different questior—the probability of awanillaccoakie give s Boviklit would be
easy: plvanilial| Bowl 1) =38/4

A We useBayesTheorenm!

scap THOAO gy -

A which reducesttoB/5.




Bayesian Chaining

Bayes’ Rufe can wiritten asftollows: Impact of E on P(H)
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A Now if we Ihave22 types dlhdependent evittreeE,, E, that affects P(H)then we ean
chain their irmpescticon HHogether by haviinotlecPostierion Probabilityyof E, be the
Prior Pralkuiilitybefore E;:
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A In geneta) iifwehhavel independntievidences E X X Jdien we have:
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eBayes R Package

A UsesHBaysiaiampratiae shrink the estimated sample variaces sdwarisls pooledasstiniate;
resullting iin fiar rmotestable inferencewhen the mumiber dfarsayssisrsaiall

etween unpooledand pooledt-Tests(i.e. - a method of partiatpooling)

A Uses the about the information from the of genes to assist in tha
individually
A A numberof are computed by the function for each geneand each
contrast:

(M) is the log2fold expression or fold changtr agene.
(A) is theaverageexpression levefor agene across all the arrays and channels.

(t) isthe ratio of the M-valueoverits (instead
of standard deviation) Hasthe same interpretationas anordinary t-statistic except that the standard
deviationshave been moderate@cross genedorrowing information from the ensemble of genes to aid
with inferenceabout each individuabene (i.e. intelligent partiajpooling).

A The follows at-distribution with augmented degrees of freedom.
A p-valuefor the , usually aftersome
A (A also borrows information from the ensemble

(lodsor B) is the that agene is differentially expressed




