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Central Dogma of Biology




Examples of Challenges involved
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Application : Decoding Sequences and Motif
Discovery



Motif Discovery

GCGTCTGACGGCGCACCGTTCGCGCTGCCGGCACCCCGGGCTCCATAATGAAAATCATGT
TCAGTAAGCTACACTCTGCATATCGGGCTACCAACGAAATGGAGTATCGGTCATGATCTT
GCCAGCCGTGCCTAAAAGCTTGGCCGCAGGGCCGAGTATAATTGGTCGCGGTCGCCTCGA
AGTTAGCTTATGCAATGCAGGAGGTGGGGCAAAGTTCAGGCGGATCGGCCGATGGCGGGC
GTAGGTGAAGGAGACAGCGGAGGCGTGGAGCGTGATGACATTGGCATGGTGGCCGLCTTCC
CCCGTCGCGTCTCGGGTAAATGGCAAGGTAGACGCTGACGTCGTCGGTCGATTTGCCACC
TGCTGCCGTGCCCTGGGCATCGCGGTTTACCAGCGTAAACGTCCGCCGGACCTGGCTGCC
GCCCGGTCTGGTTTCGCCGCGCTGACCCGCGTCGCCCATGACCAGTGCGACGCCTGGACC
GGGCTGGCCGCTGCCGGCGACCAGTCCATCGGGGTGCTGGAAGCCGCCTCGCGCALCGGLG
ACCACGGCTGGTGTGTTGCAGCGGCAGGTGGAACTGGCCGATAACGCCTTGGGCTTCCTG
TACGACACCGGGCTGTACCTGCGTTTTCGTGCCACCGGACCTGACGATTTCCACCTCGCG
TATGCCGCTGCGTTGGCTTCGACGGGCGGGCCGGAGGAGTTTGCCAAGGCCAATCACGTG
GTGTCCGGTATCACCGAGCGCCGCGCCGEGLCTGGLCGETGCCGCCCGTTGGCTCGCCGETGGETC
ATCAACTACCGCGCCGAGCGCTGGETCGGATGTCGTGAAGCTGCTCACTCCGATGGTTAAT
GATCCCGACCTCGACGAGGCCTTTTCGCACGCGGCCAAGATCACCCTGGGCACCGCALCTG
GCCCGACTGGGCATGTTTGCCCCGGCGCTGTCTTATCTGGAGGAACCCGACGGTCCTGTC
GCGGTCGCTGCTGTCGACGGTGCACTGGCCAAAGCGCTGGTGCTGCGCGCGCATGTGGAT
ATGGAGTCGGCCAGCGAAGTGCTGCAGGACTTGTATGCGGCTCACCCCGAAAACGAACAG
GTCGAGCAGGCGCTGTCGGATACCAGCTTCGGGATCGTCACCACCACAGCCGGGCGGATC
GAGGCCCGCACCGATCCGTGGGATCCGGCGACCGAGCCCGGCGCGEGAGGATTTCGTCGAT
CCCGCGGCCCACGAACGCAAGGCCGCGCTGCTGCACGAGGCCGAACTCCAACTCGCCGAG



Sequence Annotation

GCGTCTGACGGCGCACCGTTCGCGCTGCCGGCACCCCGGGCTCCATAATGAAAATCATGT
TCAGTAAGCTACACTCTGCATATCGGGCTACCAACGAAATGGAGTATCGGTCATGATCTT
GCCAGCCGTGCCTAAAAGCTTGGCCGCAGGGCCGAGTATAATTGGTCGCGGTCGCCTCGA
AGTTAGCTTATGCAATGCAGGAGGTGGGGCAAAGTTCAGGCGGATCGGCCGATGGCGGGC
GTAGGTGAAGGAGACAGCGGAGGCGTGGAGCGTGATGACATTGGCATGGTGGCCGCTTCC
CCCGTCGCGTCTCGGGTAAATGGCAAGGTAGACGCTGACGTCGTCGGTCGATTTGCCACC
TGCTGCCGTGCCCTGGGCATCGCGGTTTACCAGCGTAAACGTCCGCCGGACCTGGCTGCC
GCCCGGTCTGGTTTCGCCGCGCTGACCCGCGTCGCC CGCCTGGACC
GGGCTGGCCGCTGCCGGCGACCAGTCCATCGGGGETG GCGCACGGCG
ACCACGGCTGGTGTGTTGCAGCGGCAGGTGGAACTG GGGCTTCCTG
TACGACACCGGGCTGTACCTGCGTTTTCGTGCCACC CCACCTCGCG
TATGCCGCTGCGTTGGCTTCGACGGGCGGGCC GGAGTTTGCCAAGGCCAATCACGTG
GTGTCCGGTATCACCGAGCGCCGCGCCGGCTGGCGTGCCGCCCGTTGGCTCGCCGTGGETC
ATCAACTACCGCGCCGAGCGCTGGTCGGATGTCGTGAAGCTGCTCACTCCGATGGTTAAT
GATCCCGACCTCGACGAGGCCTTTTCGCACGCGGCCAAGATCACCCTGGGCACCGCALCTG
GCCCGACTGGGCATGTTTGCCCCGGCGCTGTCTTATCTGGAGGAACCCGACGGTCCTGTC
GCGGTCGCTGCTGTCGACGGTGCACTGGCCAAAGCGCTGGTGCTGCGCGCGCATGTGGAT
ATGGAGTCGGCCAGCGAAGTGCTGCAGGACTTGTATGCGGCTCACCCCGAAAACGAACAG
GTCGAGCAGGCGCTGTCGGATACCAGCTTCGGGATCGTCACCACCACAGCCGGGCGGATC
GAGGCCCGCACCGATCCGTGGGATCCGGCGACCGAGCCCGGCGCGGAGGATTTCGTCGAT
CCCGCGGCCCACGAACGCAAGGCCGCGCTGCTGCACGAGGCCGAACTCCAACTCGCCGAG




Sequence Annotation

GCGTCTGACGGCGCACCGTTCGCGCTGCCGG
TCAGTAAGCTACACTCTGCATATCGGGCTAC ATCGGTCATGATCTT
GCCAGCCGTGCCTAAAAGCTTGGC TCGCGGTCGCCTCGA
AGTTAGCTTATGCAATGCAGGAGGTGGGGCAAAGTTCAGGCGGATCGGCCGATGGCGEEGEL
GTAGGTGAAGGAGACAGCGGAGGCGTGGAGCGTGATGACATTGGCATGGTGGCCGCTTCC
CCCGTCGCGTCTCGGGTAAATGGCAAGGTAGACGCTGACGTCGTCGGTCGATTTGCCACC
TGCTGCCGTGCCCTGGGCATCGCGGTTTACCAGCGTAAACGTCCGCCGGACCTGGCTGCC
GCCCGGTCTGGTTTCGCCGCGCTGACCCGCGTCGCC CGCCTGGACC
GGGCTGGCCGCTGCCGGCGACCAGTCCATCGGGGETG GCGCACGGCG
ACCACGGCTGGTGTGTTGCAGCGGCAGGTGGAACTG GGGCTTCCTG
TACGACACCGGGCTGTACCTGCGTTTTCGTGCCACC CCACCTCGCG
TATGCCGCTGCGTTGGCTTCGACGGGCGGGCC GGAGTTTGCCAAGGCCAATCACGTG
GTGTCCGGTATCACCGAGCGCCGCGCCGGCTGGCGTGCCGCCCGTTGGCTCGCCGTGGETC
ATCAACTACCGCGCCGAGCGCTGGTCGGATGTCGTGAAGCTGCTCACTCCGATGGTTAAT
GATCCCGACCTCGACGAGGCCTTTTCGCACGCGGCCAAGATCACCCTGGGCACCGCALCTG
GCCCGACTGGGCATGTTTGCCCCGGCGCTGTCTTATCTGGAGGAACCCGACGGTCCTGTC
GCGGTCGCTGCTGTCGACGGTGCACTGGCCAAAGCGCTGGTGCTGCGCGCGCATGTGGAT
ATGGAGTCGGCCAGCGAAGTGCTGCAGGACTTGTATGCGGCTCACCCCGAAAACGAACAG
GTCGAGCAGGCGCTGTCGGATACCAGCTTCGGGATCGTCACCACCACAGCCGGGCGGATC
GAGGCCCGCACCGATCCGTGGGATCCGGCGACCGAGCCCGGCGCGGAGGATTTCGTCGAT
CCCGCGGCCCACGAACGCAAGGCCGCGCTGCTGCACGAGGCCGAACTCCAACTCGCCGAG

TAATGAAAATCATGT




A Generative Model
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A Generative Model(cont.)
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Fundamental HMM Operations

Computation Biology

Decoding n ity island

. HMM and sequence S Annotate pathogenicity islands on

ven 4 S€q a new sequence

* Find a corresponding sequence of

labels, L

Evaluation

* Given an HMM and sequence S :

e Find P(S|HMM) Score a particular sequence (not
as useful for this model — will
come back to this later)

Training

* Given an HMM w/o parameters

and set of sequences S Learn a model for sequence

* Find transition and emission composed of background DNA

probabilities the maximize and pathogenicity islands

P(S | params, HMM)



Application: Modeling Protein Families



Modeling Protein Families

* Given amino acid sequences from a protein family, how
can we find other members?

— Can search databases with each known member — not sensitive
— More information is contained in full set

e The HMM Profile Approach

— Learn the statistical features of protein family
— Model these features with an HMM
— Search for new members by scoring with HMM



Human Ubiquitin Conjugating Enzymes
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Using Profile HMMs

Computation

Decoding

Find sequence of labels, L,
that maximizes
P(L|S, HMM)

Evaluation
 Find  P(S|HMM)

Training

 Find transition and emission
probabilities the maximize
P(S | params, HMM)

Biology

Align a new seqguence to a protein
family

Score a sequence for membership
In family

Discover and model family
structure



Application: Modeling Protein Dynamics



Background

* Proteins: Molecular machines, composed of a
sequences of Amino Acid sub-units

Ibalizumab



Background:

* Protein functional analysis pipeline

Crystallize to
Get X-Ray
Snapshot

Molecular
Dynamics
Simulations

Learn
Probabilistic
Model

Analyze
and Predict
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Modeling Protein Tertiary Structure




10 second Reminder! Probability Theory

e Sum rule

p(x) = p(x,y)
y

e Product rule

p(x,y) = p(x|y)p(y)

* From these we have Bayes’ theorem

p(x|y)p(y)
p(x)

p(y|x) =

— with normalization

p(x) = > p(xly)p(y)
y



10 second Reminder(cont.)! Decomposition

* Consider an arbitrary joint distribution
p(z,y, 2)

* By successive application of the product rule
p(z,y,z) = p(@)py, z|v)
= p(z)p(yle)p(zlz, y)



Directed Acyclic Graphs

e Joint distribution
D
p(xlv s 733D) — H p(x%‘paz)
=1

where pa;denotes the parents of |

No directed cycles

X7



Undirected Graphs

* Provided p(x) > 0 then joint distribution is
product of non-negative functions over the

cligues of the graph
1
p(x) = ngc(Xc)

where ¢vc(xc) are the clique potentials, and Z
IS @ normalization constant

w X

1
p(w7 Ly,Y, Z) — EwA(wa £, y)¢B($a Y, Z)
y Z



Undirected Graphical Models

e Pairwise Undirected graphical models (single
and bivariate potentials only)

Markov Random Field as A Factor Graph

Hn—l |(X )Heu_lf (X X )

P(X) =
JTTL F OO Toims £ (OX X ) X, X,




Question:

* Each potential has some parameters. How to
estimate them from training data?

— Could do gradient descent on the likelihood of the
data, (if we knew z)

— Often iterative process

* How to compute z?

— Belief propagation (next slides)



Message Passing

e Example

* Find marginal for a particular node

p(fcz)—z Y DY p(xr, .z

Lg—1 Li41 L],

— for M-state nodes, cost is O(ML)
— exponential in length of chain

— but, we can exploit the graphical structure
(conditional independences)



Message Passing

e Joint distribution

1
p(xla S 7£UL) — E¢($17332) R ¢($L—175€L)

* Exchange sums and products
ma(w;)

, _ _
pa) = X (eaws) | X (a1 22)

Y p(wp_oymp_1) | D (w1, 1)
| Ty, |

| -1

mg(x;)



Message Passing

e Express as product of messages m_(x) mﬁ(xi)
1 - <4+
p(icz) — Ema(xz)mﬁ(xz) ..... w .....
i1 X X1

* Recursive evaluation of messages

mao(z;) = Y P(xi—1,z)malw;—1)

Ti—1
mg(x;) = Y (@, xip1)mg(eigr)
Ti+1
* Find Z by normalizing p(z;)



Belief Propagation

* Extension to general tree-structured graphs

* At each node:
— form product of incoming messages and local evidence
— marginalize to give outgoing message
— one message in each direction across every link

'

{00

* No convergence guaranteed if there are loops!



Inference and Learning

e Data set
D=1{xp}, n=1,...,N

 Likelihood function (independent
observations)

N
L(8) = p(D|0) = ]] p(xnl|6)
n=1

 Maximize (log) likelihood

On L = ard méax In L(0)



Modeling Protein Tertiary Structure

exl cos(01 —14) el(z 008(02 ) )

* Optimize Pseudo-likelihood
of training data, to estimate parameters




Application: Microarray Gene Expression
Analysis



The dramatic consequences of gene
regulation in biology

Same genome -
Different tissues
eDifferent physiology
eDifferent proteome
eDifferent expression pattern

Anise swallowtail, Papilio zelicaon

35



cDNA microarray schema
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Hierarchical clustering

e Combine most similar genes into agglomerative clusters, build tree of genes

e Do the same procedure along the second dimension to cluster samples

e Display as a heatmap
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Correlation Scale



Hierarchical clustering results
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Chi et al., PNAS | September 16,
2003 | vol. 100 | no. 19 | 10623-
10628

“Endothelial cell diversity
revealed by global expression
profiling”



m Personalized cancer treatment

~100 patients at UWMC Transfer learning,
e & ... Feature reconstruction

NN NN

RNA levels of S,
genes in
cancer cells 4 e

30,000 genes

.......................... featu res!
(feature

il - \selg‘ction)

iy

: -~ »(Drug 5~ Prior knowledge
CDrug 6 _.- ondrugs’ targets

Drug sensitivity[sees

160 drugs

>3000 patients

\ Publicly available RNA
@ ’l level data




Other applications

Predicting phenotype (symptoms) given:

\
‘( 3 ‘I:;ifr-}: &

...ACGTAGCTAGCT
AGCTAGCTGATGC
TAGCTACGTGCT...
A few histologic Epigenetics DNA sequence RNA levels Protein levels
features (Methylation) of genes of genes

— Predictive Models Can be:
* Generative (i.e. Bayesian Network)
e Discriminative (i.e. Regression, SVM, KNN)



Many more exciting research to come! ©




