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What does structure prediction
tell us about the physics of
folding?

Check one:

@ A. If we can predict protein structures, then we know how
proteins fold.

@ B. If we know how proteins fold, then we can predict
protein structures.



Two ways to predict protein structure...
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...two very different Underlying principles
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Darwin versus Boltzmann. Do hybrid
models make sense?

BLAST threading Rosetta =~ AMBER

Global structure similarity

Sequence similarity Knowledge-based physics




We know proteins fold via
pathways.

local structure first, eliminating
alternate pathways, then global



Proteins can fold because
they don't have to search
all of conformational
space.



We know that proteins have a heirarchy of
structural 3|m|Iar|t =
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Can we use the database to make models
for folding pathways?

Steps along the Steps In
early  folding pathway: data mining:
(1) Initiation local motifs
(2) propagation extended local motifs
(3) condensation pairs of motifs
(4) molten globule multiple motifs

late
(5) native state aligned multiple motifs



Heirarchical level 1: Folding initiation site motifs
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Is it a recurrent structure?



Sampling bias creates problems for motif mining
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First we must "factor out" inheritance



Removing database redundancy

(1): Cluster sequences into phylogenetic trees.
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(3): Convert each

position to a probabilit
(2): apply a tree weight to each  distribution.
sequence.

One family, one count.
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Clustering sequence profiles to find recurrent patterns
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,- The I-sites Library s,f,xj
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Are I-sites really folding
Initiation sites?

Prediction experiments (Bystroff & Baker, Proteins, 1997)
NMR data on peptides (Yi et al, J.Mol.Biol., 1998)

Molecular dynamics simulations (Bystroff & Garde, Proteins, 2002)



Arrangement of I-sites motifs in
proteins is highly non-random

Adjacencies can be modeled as a
Markov chain



motifs become a Markov chain
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A Markov state from HMMSTR

next
state

amino acid

symbols b, = {ACDEF...}

previous a. I = {HGEBdblLex}
state e

structure
symbols

d; = {HST}

C; = {mnhd...}

next
state



Discretized structure states:
backbone angle regions (r;)

-180
-180  -120. -60). 0.



How an HMM works

We have S (the sequence).
We want Q (the state sequence),

P(Q|S) Is the probability of Q given S

P(Q ‘ S) = 72-611 (Sl) H aQt—IQqut(St)

t=2,N

starting states

allfOWS

amino acid profiles




HMMSTR
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Level 1: I-sites Level 2: HMMSTR
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Initiation propagation



Level 3: Pairwise Motif-Motif Contact Potentials

G (p,q,s) represents the free energy of a
motif-motif contact.
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What Is a contact map?
1 if d(i,j)<D
if di,j)>D




Blue: unfavorable ]
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I Features In a contact map can be interpreted as a TOPS
diagram
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Which one is right?



A rule-based simulation procedure.
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SCALI : Structural Core ALIgnment




How SCALI works

(1) Gapless alignment of HMMSTR states \

(2) Initialize tree search w/ one \\\ s
gapless fragment.
\\ NN\

(3) Add a new fragment iff it is compatible and has a high
score .

(4) Tree leaves when no fragments can be added.

Score of leaves = aligned contacts + permutation penalty.






Hidden Markov models for o./B/o proteins
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Non-sequential clusters may be a useful for
classifying proteins

flavodoxin B-lactamase
(4fxn) Tmblail 7 . -
IgNMENTS are maore specitic than “architecture” but not

Multiple non-sequentia
as specific as “topology”.



Level 1: I-sites

) Level 2: HMMSTR
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Level 5: Global topology

Negative Negative
Training Test

Positive Posirive
Training Test

Separation of the SCOP 1.53 database into training and test
sequences, shown for the G proteins test family



Support Vector Machine

4052 proteins -->

54-dimensional

vector. Each Support ._
; : : Vector _

dimension is the Optimal hyperplane

order of

appearance
HMMSTR states

for one family.

Support Vectors




HMMSTR as the basis tor a Support
Vector Machine

4052 proteins,
represented as
282-dimensional
vector = Prob of
each HMMSTR
state.

SCOP benchmark of 54 sequence families
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No sparse data problem as we mine
longer and longer patterns! Why?

Steps along the

carly  folding pathway: Model Complexity
(1) Initiation I-sites ~40 motifs
(2) propagation HMMSTR 1.1 transitions/node
(3) condensation HMMSTR-CM ~1% of pairs occur
(4) molten globule SCALI only self-avoiding paths

— (5) native state SVM-HMMSTR ~1000-2000 folds



Are there any conclusions?

We assumed that proteins fold in a certain, heirarchical
manner, mined the data accordingly and found recurrence at
every level, from short motifs to global structure.
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HMMSTR says: Think Globally, Act Locally.



Are I-sites folding initiation sites?

Patterns of conservation suggest
energetic motive

2. sidechain
contacts

1. backbone 1o I
angle =0

constraints = -&0
=120

3. negative
design
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NMR structures confirm independent folding
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NMR structure of a 7-residue I-sites motif in isolation (Y1 ez al, J. Mol. Biol, 1998)



Peptide simulations show a correlation between sequence and stability

Sequences simulated

« AMBER 6.0
* 800-900 waters.
 Jon balance(Na, Cl)

e 340°K
e > 5ns
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3-state secondary structure prediction

Training Set e 7 Total
H™ 35943 1 794 8983 46720
S 18154 10454 | 30092 74.9%
™" 7115 6406 54306 | 67827 |KCSICEL
Total 44541
Test Set Total
4919 318 74 6%
196 2286
203 correct
5908




Predicting super-secondary context

Py (Pu+Py) Hairpin  Diverging Pro/(PmtPp)

0.0-0.1 '_ 0.0-0.1
0.1-0.2 " 0.1-0.2
0.2-0.3 : 0.2-0.3
0.3-0.4 0.3-0.4
0.4-0.5 5] 0.4-0.5

0.5-0.6 0.5-0.6
0.6-0.7 0.6-0.7
0.7-0.8 . 0.7-0.8
0.8-0.9 \ 0.8-0.9
0.9-1.0 | 0.9-1.0
Total

Results are for the independent test set.




HMMSTR can predict which parts of a
structure might mistold.
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Knaus et al, NSB 8:770-4, 2001
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