Biology 644

Old Title: Bioinformatics for Molecular Biologists

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




Hidden Markov Models

A A statistical Markov model in which the systenbbeipgnnodelted is assumedio bemarMarkov
processwitthunobsernusdl(hidden) statesin the training data.

A  First wsethirspeectand handwriting recogition
A In biology, frequently used o matiglbiological sezpuencesand structure:
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Hidden Markov Models

A When atlleastsseme diltbe slata labels areissing)(hidden) in the training data, then we mustinfer (label)
the missing Hidtésstités

A Reguiitesceorcetilyrinferripgibenodel topologyof the syster
A Reguiiresadlot of training data to tiain the additional patametets
Sucessfifltriaining of the paramatetsiishighly depsidésition the initial conditions

A Famauseaxaipled cesiomaill\Dislsbwnwest Tasiao

Rollse 31E1162464466442453113216211641521336251445436316566265666606
Dle FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLLLLLLLLL
Viterkil FFFFFFFFFFFFPFFFFEFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLLLLLL

0.95 0.9

Rolls 55116845313226512450360645623163066310623264550236266066625151631
Die LLLLLLFFFFFFFFFFFFLLLLLLLLLLLLLLLLFFFLLLLLLLLLLLLLLFFFFFFFEFFE
viterki LILLLLLFFFFFFFFFFFFLLLLLLILILLLLLLLLLLLLLLLLLLLLLLLLLLLFFFFFFFF

Rollse 222565544166650656256432436413231513465146352411126414626253356
Die FFFFFFFFLLLLLLLLLLILLLFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFLL
Viterkl FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFEFFFFFFFFFFFFFFFEFFEL

Rollse 366163666466 232534413061661163252502402285260282266435353336
Fair Loaded Dle LLLLLLLLFFFFFFFFFFFFFFFFEFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFEE
Viterkil LILLLLLLLLLLLFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFEFFFEFFFFFFFFE

Rolls 23312162536441443232351622436336655024606026320660123558245242
Die FFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLILLLLLLLLLLLLLLLFFFFFFFEFFEFRE
Viterkil FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFLLLLLLLLLLLLLLLLLLLFFFFFFFEFFFE




Hidden Markov Models

A When atlleastsseme diltbe slata labels areissing)(hidden) in the training data, then we mustinfer (label)
the missing Hidte seités

A Reguiresceorcetilyrinferrpgibenodel topology of the systern
A Reguitesadot of training datato train the additional patametets
Sucressfilltraining of the parameietsisshighly depaidésition the initial conditions

A Famauseaxaipled cesiomaill\Dislsbwnwest Tasiao

0.9 0.73 0.71 0.93 0.88
1:1/10 D (; 1: 0.19 1: 0.07 :)
0.05 [2:1/10 2: 0.19 027 |2: 0.10
3:1/10 3: 023 A3 010
4: 110 4: 0.08 fpe__A 4 0.17
0.1 5:1/10 5: 0.23 029 15: 005
: 6: 1/2 6: 0.08 6: 0.52 : _
Fair Loaded Fair Loaded Fair Loaded
Used to generate rolls Training with 300 rolls Training with 30,000 rolls




Using HMMs in 5' splice site recognition

A=0.25 A=0.05 A=0.4
C=0.25 C=0 C=0.1
G=0.25 G=0.95 G=0.1
T=025 T=0 1T=04
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log P
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Sequence: CTTCATGTGAAAGCAGACGTAAGTCA
State path: EEEEEEEEEEEE EEEEESI L] 1Y ]

BC]

Parsing: E

Posterior
decoding:




Using HMMs to identify the CpG islands




