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How to extract useful information from protein sequences?

Each protein is constructed as a specific chain or string of amino acids. There are 20
different amino acids which are used with roughly equal frequencies across all proteins.

In a specific protein of interest, such as hemoglobin, the order of amino acids is highly
important and contains all the information necessary to produce the folded, functional
molecule.

We would like to find a probability model for the sequence of amino acids that
corresponds to each protein of interest.

P(Al,. : .,AL) = Probability that a sequence produces a folded, functional
hemoglobin molecule.



Sequence Similarity

P(Al,. : .,AL) = Probability that a sequence produces a folded, functional
hemoglobin molecule.

To proceed, we need data — if we can find lots of examples of hemoglobin sequences,
then we can treat this as an inverse problem, and look for a model that reproduces the
statistics of our observed data.

How can we find this data? Over the last 50 years there has been an explosion of
technological innovation, which has enabled us to determine the sequences of huge
numbers of biological organisms, and thus of numerous proteins.
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Similar or dissimilar?

To compare proteins, we need to be able to measure similarity between their

sequence and their 3D structures.



human pepsin 3A mouse renin HIV protease
(PID 86%, RMSD 0.8 A) (PID 43%, RMSD 1.6 A) (PID 13%, RMSD 2.6 A)

PID = percentage sequence identity, RMSD = root mean squared deviation



Pairwise sequence alignment

To group sequences into families, we need to be able to answer the question: are two
sequences related? This is the most basic sequence analysis task that we will come across.

We approach this by first aligning the sequences, and then asking whether the alignment
suggests that the sequences are related, or could have occurred by chance.



Pairwise sequence alignment

To group sequences into families, we need to be able to answer the question: are two
sequences related? This is the most basic sequence analysis task that we will come across.
We approach this by first aligning the sequences, and then asking whether the alignment
suggests that the sequences are related, or could have occurred by chance.

Consider this alignment between parts of the human haemoglobin alpha and beta chains:

HBA HUMAN GSAQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKL
G+ +VK+HGKKV A+++++AH+D++ +++++LS+LH KL

HBB HUMAN GNPKVKAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKL

Here identical positions are shown in the middle with letters, while similar positions are
shown with plus signs. To define ‘similar’ we use a substitution matrix — more on this soon.

Note there are many positions at which the two residues are identical, and many others
that we call “functionally conservative’ — for example the D-E pair towards the end (both
are negatively charged amino acids).



Pairwise sequence alignment

To group sequences into families, we need to be able to answer the question: are two
sequences related? This is the most basic sequence analysis task that we will come across.
We approach this by first aligning the sequences, and then asking whether the alignment
suggests that the sequences are related, or could have occurred by chance.

Consider this alignment between parts of the human haemoglobin alpha and beta chains:

HBA HUMAN GSAQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKL
G+ +VK+HGKKV A+++++AH+D++ +++++LS+LH KL
HBB HUMAN GNPKVKAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKL

Here identical positions are shown in the middle with letters, while similar positions are
shown with plus signs. To define ‘similar’ we use a substitution matrix — more on this soon.

HBA HUMAN GSAQVKGHGKKVADALTNAVAHV---D--DMPNALSALSDLHAHKL
++ ++++H+ KV + +A  ++ +L+ L+++H+ K
LGB2 LUPLU NNPELQAHAGKVFKLVYEAAIQLQVTGVVVTDATLKNLGSVHVSKG

In contrast the alignment with leghemoglobin from yellow lupin is much weaker, although
these two proteins are evolutionarily related, and have the same 3D structures.



Pairwise sequence alignment

To group sequences into families, we need to be able to answer the question: are two
sequences related? This is the most basic sequence analysis task that we will come across.
We approach this by first aligning the sequences, and then asking whether the alignment
suggests that the sequences are related, or could have occurred by chance.

Consider this alignment between parts of the human haemoglobin alpha and beta chains:

HBA HUMAN GSAQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKL
G+ +VK+HGKKV A+++++AH+D++ +++++LS+LH KL

HBB HUMAN GNPKVKAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKL

Here identical positions are shown in the middle with letters, while similar positions are
shown with plus signs. To define ‘similar’ we use a substitution matrix — more on this soon.

HBA HUMAN GSAQVKGHGKKVADALTNAVAHVDDMPNALSALSD----LHAHKL
GS+ + G + +D L. ++ H+ D+ A +AL D ++AH+
F11Gl1l.2 GSGYLVGDSLTFVDLL--VAQHTADLLAANAALLDEFPQFKAHQE

Finally this alighnment with a nematode glutathione S-transferase homologue has a similar
number of identities and similarities, but the structure and function are completely different.



Scoring models

The purpose of a scoring algorithm is to assess the evidence that two sequences have
diverged from a common ancestor by a process of mutation and selection.
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Scoring models

The purpose of a scoring algorithm is to assess the evidence that two sequences have
diverged from a common ancestor by a process of mutation and selection.

Point mutations
No mutation ~ | S

Silent Nonsense Missense

conservative non-conservative

DNA level TTC TTT ATC TCC TGC
mRNA level AAG AAA UAG AGG ACG
protein level LyS Lys STOP Arg Thr

NH;" NH,* HN Y NH* N

H rP Y OH

basic
polar



DNA level

Process

Type of
mutation

Protein
sequence
level

Protein
strucure
level

Change on
function

Scoring models

tcatatgcaccccgt
O T O
« —>
Substitution Indel
/\ ‘
Synonymous Non-synonymous Insertion
Substitution Substitution
tcatatgcaccacgt tcatatgcatatcgt tcatatacgtatgcaccacgt
S Y A P R 2 Y 4% X% 8 ¥ 2 T AP 2
Residue conserved Residue change Embellishment

Possible, Context dependent Context dependent
but very rare



Scoring models

Total score of an alignment will contain a term for each aligned pair of residues, plus terms
for each gap introduced. This will correspond to the logarithm of the relative likelihood that
the sequences are related, compared to being unrelated.



Scoring models

Total score of an alignment will contain a term for each aligned pair of residues, plus terms
for each gap introduced. This will correspond to the logarithm of the relative likelihood that
the sequences are related, compared to being unrelated.

Match

Sequence 1 A|lIC| T C |G

Sequence 2 A|T| T C

\ J J \ J

Mismatch Gap

For example, S(A, A) =S(T, T) =S(C, C) = +5
S(C, T)=-3
S(gap) =7 -8?



Substitution Matrices

We need score terms for each aligned residue pair. The intuition for proteins alluded to in
these slides could yield 210 scoring terms for all possible pairs of amino acids, but it is useful
to have a guiding theory for what the scores mean.



Substitution Matrices

We need score terms for each aligned residue pair. The intuition for proteins alluded to in
these slides could yield 210 scoring terms for all possible pairs of amino acids, but it is useful
to have a guiding theory for what the scores mean.

Consider two protein sequences x and y, we want to compare the random model:

:Ijl’ LEZ’ x37 x47 ':CS
P(x,yIR)=| |49x | |9
Y1,Y2,Y3, Y4, Y5 ll_[ * lj_[ %

with the match model:

P, yIM)=] ] px.y,



Substitution Matrices

We need score terms for each aligned residue pair. The intuition for proteins alluded to in
these slides could yield 210 scoring terms for all possible pairs of amino acids, but it is useful
to have a guiding theory for what the scores mean.

Consider two protein sequences x and y, we want to compare the random model:

x].? :'E27 x37 :U47 x5
P(x,yIR)=| |49x | |9y
Y1,Y2,Y3, Y4, Y5 ll_[ * lj_[ %

with the match model:

P, yIM)=] ] px.y,

. P(x,y|M) _ [1; Pxiy, _ DPxiyi
0 we want Px,yIR)  [liguIliay *."axay
This leads to the score § = Zs(x,-,y,—), where s(a,b) =log ( Pab ) is the log
: dadqb

likelihood ratio that (a,b) is an aligned or match pair, vs occurred at random.



Substitution Matrices — BLOSUM 50
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matrices from protein blocks.” PNAS 1992.



Alignment algorithms

To construct the BLOSUM matrix a set of aligned, ungapped regions from protein families
were assembled and clustered such that two sequences go in the same cluster if their
percentage of identical residues exceeds 50%.



Alignment algorithms

To construct the BLOSUM matrix a set of aligned, ungapped regions from protein families
were assembled and clustered such that two sequences go in the same cluster if their
percentage of identical residues exceeds 50%.

Once we have a scoring model, we then need a way to find the optimal alignment between
two sequences. If we allow gaps, then there are

2n\ _ (2n)! _ 2%

n (n)2 /mn
possible global alignments between two sequences of length n. This means it is not
computationally feasible to enumerate all of these, even for moderate values of n.




Alignment algorithms

To construct the BLOSUM matrix a set of aligned, ungapped regions from protein families
were assembled and clustered such that two sequences go in the same cluster if their
percentage of identical residues exceeds 50%.

Once we have a scoring model, we then need a way to find the optimal alignment between
two sequences. If we allow gaps, then there are

(2n _@n) _ 2¥
n) ()2 Jmn

possible global alignments between two sequences of length n. This means it is not
computationally feasible to enumerate all of these, even for moderate values of n.

Luckily, dynamic programming algorithms provide a way of efficiently finding the optimal
alignment. The idea is to start from an existing smaller alignment, and evaluate all possible
next moves.

Global alignment: Needleman-Wunsch algorithm — align whole sequences.

Local alignment: Smith-Waterman algorithm — align subsequences.
Durbin et al. Biological Sequence Analysis, CUP 1998



Next — multiple sequence alighment

Helix AAAAAAAAAAAAARARAA BBBBBBBBBBBBBBBBCCCCCCCCCCC
HBA HUMAN —===————- VLSPADKTNVKAAWGKVGA--HAGEYGAEALERMFLSFPTTKTYFPHF
HBB HUMAN -=====—=- VHLTPEEKSAVTALWGKV~---~-NVDEVGGEALGRLLVVYPWTQRFFESF
MYG PHYCA ~—=——————- VLSEGEWQLVLHVWAKVEA--DVAGHGQDILIRLFKSHPETLEKFDRF
GLB3 CHITP --======—- LSADQISTVQASFDKVKG=====~ DPVGILYAVFKADPSIMAKFTQF
GLB5 PETMA PIVDTGSVAPLSAAEKTKIRSAWAPVYS--TYETSGVDILVKFFTSTPAAQEFFPKF
LGB2 LUPLU ======—- GALTESQAALVKSSWEEFNA--NIPKHTHRFFILVLEIAPAAKDLFS~F
GLBl1 GLYDI -======—- GLSAAQRQVIAATWKDIAGADNGAGVGKDCLIKFLSAHPQMAAVFG-F
Consensus LSeese v awkv. . g . L.. £.P. F F
Helix DDDDDDDEEEEEEEEEEEEEEEEEEEEE FFFFFFFFFFFF

HBA HUMAN ~-DLS--==-- HGSAQVKGHGKKVADALTNAVAHV-~-~-D-~-DMPNALSALSDLHAHKL~

HBB HUMAN GDLSTPDAVMGNPKVKAHGKKVLGAFSDGLAHL---D--NLKGTFATLSELHCDKL~-
MYG PHYCA KHLKTEAEMKASEDLKKHGVTVLTALGAILKK----K-GHHEAELKPLAQSHATKH-
GLB3_ CHITP AG-KDLESIKGTAPFETHANRIVGFFSKIIGEL--P---NIEADVNTFVASHKPRG-
GLB5 PETMA KGLTTADQLKKSADVRWHAERIINAVNDAVASM--DDTEKMSMKLRDLSGKHAKSF -
LGB2 LUPLU LK-GTSEVPQNNPELQAHAGKVFKLVYEAAIQLQVTGVVVTDATLKNLGSVHVSKG-
GLBl1 GLYDI SG----AS---DPGVAALGAKVLAQIGVAVSHL--GDEGKMVAQMKAVGVRHKGYGN
Consensus . t .+ « V..Hg kv. a a...1 d . al. 1l H .

Helix FFGGGGGGGGGGGGGGGGGGG HHHHHHHHHHHHHHHHHHHHHHHHHH

HBA HUMAN ~-RVDPVNFKLLSHCLLVTLAAHLPAEFTPAVHASLDKFLASVSTVLTSKYR-==—=—~—
HBB _HUMAN ~-HVDPENFRLLGNVLVCVLAHHFGKEFTPPVQAAYQKVVAGVANALAHKYH-====~
MYG PHYCA ~KIPIKYLEFISEAIIHVLHSRHPGDFGADAQGAMNKALELFRKDIAAKYKELGYQG
GLB3 CHITP --VTHDQLNNFRAGFVSYMKAHT--DFA-GAEAAWGATLDTFFGMIFSKM-======
GLB5 PETMA -QVDPQYFKVLAAVIADTVAAG-======== DAGFEKLMSMICILLRSAY-=====~
LGB2 LUPLU --VADAHFPVVKEAILKTIKEVVGAKWSEELNSAWTIAYDELAIVIKKEMNDAA---
GLBl1 GLYDI KHIKAQYFEPLGASLLSAMEHRIGGKMNAAAKDAWAAAYADISGALISGLQS—===--
Consensus V. £ 1 ¢« e oo f . aa. k. . 1 sky



Hidden Markov Models

A Hidden Markov Model (HMM) is a discrete-time finite-state Markov
chain coupled with a sequence of letters emitted when the Markov chain
visits its states.

States (Q): d; 4 Q3 ,

Letters (O): 0, 0O, O,

The sequence O of emitted letters is called “the observed sequence”
because we often know it while not knowing the state sequence Q,
which we call*hidden”.

Used extensively throughout computational biology for ‘labeling’ data —
and in particular for classifying and aligning protein sequence data.



What Is a hidden Markov model?

Sean R Eddy

NATURE BIOTECHNOLOGY VOLUME 22 NUMBER 10 OCTOBER 2004

As a simple example, imagine the following 5’ splice-site recognition problem.
Assume we are given a DNA sequence that begins in an exon, contains one 5’
splice site and ends in an intron. The problem is to identify where the switch from
exon to intron occurred—where the 5’ splice site (5'SS) is.



What Is a hidden Markov model?

Sean R Eddy

NATURE BIOTECHNOLOGY VOLUME 22 NUMBER 10 OCTOBER 2004

As a simple example, imagine the following 5’ splice-site recognition problem.
Assume we are given a DNA sequence that begins in an exon, contains one 5’
splice site and ends in an intron. The problem is to identify where the switch from
exon to intron occurred—where the 5’ splice site (5'SS) is.

Startc End
1.0 0.1 1.0 0.1 O
0.9 Transition probabilities 0.9

HMM with three states — exon, 5’SS and intron, and the probabilities of moving
between these states.



What Is a hidden Markov model?

Sean R Eddy

NATURE BIOTECHNOLOGY VOLUME 22 NUMBER 10 OCTOBER 2004

As a simple example, imagine the following 5’ splice-site recognition problem.
Assume we are given a DNA sequence that begins in an exon, contains one 5’
splice site and ends in an intron. The problem is to identify where the switch from
exon to intron occurred—where the 5’ splice site (5'SS) is.

Startc End
1.0 0.1 1.0 0.1 O
0.9 Transition probabilities 0.9

HMM with three states — exon, 5’SS and intron, and the probabilities of moving
between these states. To estimate which state each element of the DNA sequence
is in, we need information about the statistics of exon, splice site and intron
sequences — these are the emission probabilities.



What Is a hidden Markov model?

Sean R Eddy

NATURE BIOTECHNOLOGY VOLUME 22 NUMBER 10 OCTOBER 2004

As a simple example, imagine the following 5’ splice-site recognition problem.
Assume we are given a DNA sequence that begins in an exon, contains one 5’

splice site and ends in an intron. The problem is to identify where the switch from
exon to intron occurred—where the 5’ splice site (5'SS) is.

Emission probabilities

(I |
OO0
I

End
O

HMM with three states — exon, 5’SS and intron, and the probabilities of moving
between these states. To estimate which state each element of the DNA sequence
is in, we need information about the statistics of exon, splice site and intron
sequences — these are the emission probabilities.

Eddy, Nature Biotech, 2004



A=0.25 A=0.05 A=04

C=0.25 C=0 C=01 _ -
G=0.25 G=0.95 G=0{ Emissionprobabilities
T=0.25 T=0 T=04

Start End
Ors? 0.1 @W’ o> O

0.9 Transition probabilities 0.9

Sequence: CTTCATGTGAAAGCAGACGTAAGTCA

State path EEEEEEEEEEEEEEEEEES | I I 1 I || logP
[ ‘ 1L ] —41.22
' — I 4390
P ina: [ 10 1 ] —40.
arsing : ] ¢1- 1 o
[ 1 Il 1 ] —42.58
[ 1L 1 —41.71
46%
Posterior (19, 28%.
decoding: e _°._ o

A toy HMM for 5’ splice site recognition.

Eddy, Nature Biotech, 2004



A=0.25 A=0.05 =04
C=0.25 C=0 =0.1 Emission probabilities
G=0.25 G=0.95 =0.1
T=0.25 T=0 =04

End
O

Transition probabilities

Sequence: CTTCATGTGAAAGCAGACGTAAGTCA

State path: EEEEEEEEEEEEEEEEEE5| LT I log P
It -41.22

ICI
10

Parsing:

1CE

|
N
= W
©
S

46%
Posterior . 28%
decoding: 11 A’ L

The probability P(S,m|HMM,0) that an HMM with parameters 0 generates a state

path 1t and an observed sequence S is the product of all the emission probabilities
and transition probabilities that were used.

Here for the 26 nucleotide sequence, there are 27 transitions and 26 emissions —
the log of the product of all 53 probabilities yields log P(S,t|HMM,0) = -41.22.

Eddy, Nature Biotech, 2004
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Pfam 31.0 (March 2017, 16712 entries)

The Pfam database is a large collection of protein families, each represented by multiple sequence alignments
and hidden Markov models (HMMs). More...

QUICK LINKS YOU CAN FIND DATA IN PFAM IN VARIOUS WAYS...
SEQUENCE SEARCH Analyze your protein sequence for Pfam matches
VIEW A PFAM ENTRY View Pfam annotation and alignments
VIEW A CLAN See groups of related entries
VIEW A SEQUENCE Look at the domain organisation of a protein sequence
VIEW A STRUCTURE Find the domains on a PDB structure
KEYWORD SEARCH Query Pfam by keywords

JUMP TO  [enteranyaccessionorid | (o) Cand

Enter any type of accession or 1D to jump to the page for a Pfam entry or clan,
UniProt sequence, PDB structure, etc.

Or view the help pages for more information

pfam.xfam.org



GLB1_PARCH/17-123
HMP_ECOLI/6-103
HMP_ECOLI/6-103 (SS)
BAHG_VITST/6-103
BAHG_VITST/6-103 (SS)
GLB1_CALS0/5-105
GLB2_CALS0/5-108
AOAOEBVHS55_MYCTX/42-136
GLB1B_ANATR/17-122
GLB_BUSCA/6-116
GLB_CERRH/6-116
HBP2_CASGL/13-122
HBP1_CASGL/7-116
LGB1_LUPLU/8-116
LGB1_MEDSA/7-112
GLB1_GLYDI/6-111
GLB1_GLYDI/6-111 (SS)
GLBP1_GLYDI/7-115
GLB_APLJU/6-113
GLB73_CHITH/23-129
GLB6_CHITH/22-128
GLB3_CHITH/20-120
GLB3_CHITH/20-120 (SS)
GLB1_CHITH/21-126
GLB10_CHITH/11-117
GLB8_CHITH/9-115
GLB2_CHITH/22-128
HBF1_URECA/7-113
HBF1_URECA/7-113 (SS)
GLBT_CHITH/13-116
MYG_CYPCA/3-108
MYG_ALLMI/7-113
MYG_GALGA/3-108
MYG_HETPO/3-108
HBAM_LITCT/6-102
HBAD_ERYML/6-106
HBAD_PASMO/6-106
HBAT_HORSE/7-107
HBA1l_BOSMU/6-106
HBAl_ IGUIG/6-106
HBAl_PLEWA/7-107
HBA1l_XENBO/7-107
HBAZ_CAPHI/7-107
HBA3_PLEWA/7-107
HBA_CATCL/6-107
HBB_HETPO/7-106
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EMBL-EBI
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Family: Globin (PF00042) - 81413

66 architectures 4699 sequences 12 interactions

Pfam

] o

y -~
1761 specles 2557 structures

Ennmary

Domain organisation
Clan

Alignments

HMM logo

Trees

Curation & model
Species

Interactions

Structures

Jump to... ¥

]

Pfam includes annotations and additional family information from a range of different sources. These sources can be accessed via the tabs below.

Wikipedia: Globin Pfam  InterPro

This is the Wikipedia entry entitled "Globint?". More...

Globin

Not to be confused with globulin or globular protein.

The globins are a superfamily of heme-containing globular proteins, involved in binding and/or transporting oxygen. These proteins all incorporate the globin fold,
a series of eight alpha helical segments. Two prominent members include myoglobin and hemoglobin. Both of these proteins reversibly bind oxygen via @ heme

prosthetic group. They are widely distributed in many organismsAm

Contents [hide]

1 Structure

1.1 Helix packing
2 Evolution

2.1 Sequence conservation
3 Subfamilies
4 Examples
5 See also
6 References

Structure

Globin superfamily members share a common three-dimensional fold.[3] This ‘globin fold' typically consists of eight alpha helices, although some proteins have
additional helix extensions at their termini.[4] Since the globin fold contains only helices, it is classified as an all-alpha protein fold.

The globin fold is found in its namesake globin families as well as in phycocyanins. The globin fold was thus the first protein fold discovered (myoglobin was the
first protein whose structure was solved).

Helix packing
The eight helices of the globin fold core share significant nonlocal structure, unlike other structural motifs in which amino acids close to each other in primary
sequence are also close in space. The helices pack together at an average angle of about 50 degrees, significantly steeper than other helical packings such as the

helix bundle. The exact angle of helix packing depends on the sequence of the protein, because packing is mediated by the sterics and hydrophobic interactions of
the amino acid side chains near the helix interfaces.

Globin family

the Structure of deoxyhemoglobin
Rothschild 37 beta Trp----Arg: a
mutation that creates an intersubunit

chloride-binding site.[1]

Identifiers
Symbol Globin
Pfam PF00042 &7
Pfam clan CLO090 &7
InterPro IPRO00971 &
PROSITE PS01033 &
scopP 1hba &

SUPERFAMILY  1hba?
cDbD cd01067 &7
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Figure 1

Example profile logo. This logo shows positions 64 to 81 of the Peptidase_C14 profile HMM from Pfam (PF00656, Pfam
27.0), produced using Skylign. The profile HMM was constructed using hmmbuild (default parameters) from HMMER 3.1 on
the Pfam seed alignment. One of the active sites of this Caspase domain is found at position 75. This site is invariant in active
peptidases, but not in this profile HMM. This is the result of two forces: (1) the Pfam alignment includes non-peptidase
homologs, which do not contain a Histidine at this position, and (2) HMMER intentionally drives down the information

content per position (using an approach called entropy weighting [12]) to increase sensitivity to remote homologs.
BMC Bioinformatics 2014 157
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Principles that Govern the

Empirical considerations of the large Folding of Protein Chains
amount of data now available on cor-
relations between sequence and three- Christian B. Anfinsen
dimensional structure (48), together with
an increasing sophistication in the
theoretical treatment of the energetics
of polypeptide chain folding (49) are
beginning to make more realistic the
idea of the a priori prediction of pro-
tein conformation. It is certain that
major advances in the understanding of
cellular organization, and of the causes
and control of abnormalities in such or-
ganization, will occur when we can
predict, in advance, the three-dimen-
sional phenotypic consequences of a
genetic message.

Anfinsen CB (1973). "Principles that govern the folding of protein chains".
Science 181 (4096): 223-230.



What makes this problem hard?

Polymer self-assembles into
unique 3D structure




Potential function for MD

Bond van der Waals
12 6
bonds r, ..
. A 0 i 0.
N K, (b, —b) | &7 > [e,, L o—2e, =1 ]
bO ; ro pairs-i, j ] _ ’ij
Angle + + | Electrostatic
bomll o
angles ’ q q
- \2 J
ZKB.i(.ei _eo,i) 332 Z [
90 i +,- pairs-i, j ij
Dihedral __ou
ingles ox
Z Kq; K {1 o cos[n,. (¢, o ¢o,i )]} F=ma
q)o ¢0 i _ V3 — V2
Evaluate forces and perform integration for every atom ¢~ ot
p= X3 7%
Each picosecond of simulation time requires 500 iterations ot
of cycle E=U+K
ot =2 1s

E.g. w/ 50,000 atoms, each ps (1012 s) involves 25,000,000
evaluations



How Fast-Folding Proteins Fold
Kresten Lindorff-Larsen,’*t Stefano Piana,**t Ron O. Dror,* David E. Shaw™*t

An outstanding challenge in the field of molecular biology has been to understand the process
by which proteins fold into their characteristic three-dimensional structures. Here, we report the
results of atomic-level molecular dynamics simulations, over periods ranging between 100 us
and 1 ms, that reveal a set of common principles underlying the folding of 12 structurally diverse

Our research group has
developed a specialized
_ cn025 1.0A 06pus 2JOF 1.4A 14ps 1FME 1.6 A 18pus 2F4K 1.3A 2.8pus
Anton, which greatly
accelerates the execution of
dynamics (MD) simulations.
In addlthn, we recently WW domain 1137 us NTL9 2936 ys  BBL 429 ys  ProteinB 104 us
field in an effort to make it
more easily transferable
classes.
Lindorff-Larsen. Kresten. et al. "How fast—folding Homeodomain 327 ys Protein G 1154 ys  a3D 707 ps A-repressor 643 ys

supercomputer, called Chignolin 106 us  Trp-cage 208ps BBA 325ps  Villin 125 ps
atomistic molecular
modified the CHARMM force 2F21 12A 21ps 2HBA 05A 29pus 2WXC 48A 29ps 1PRB 3.3A 39pus
among different protein

proteins fold." Science 334.6055 (2011): 517-520. 2P6J 36 A 3.1us IMIO 1.2A 65us  2A3D 31A 27ps  1LMB 1.8A 49pus




Rosetta — an algorithm that introduced assembly of sequence similar fragments
was a major step forward in computational approaches to the protein folding

problem.

Swiftly followed by ‘folding at home’ and the

Khatib, Firas, et al. Nature structural &
molecular biology 18.10 (2011): 1175-1177.

Crystal structure of a monomeric
retroviral protease solved by
protein folding game players

Firas Khatib', Frank DiMaio', Foldit Contenders Group, Foldit Void
Crushers Group, Seth Cooper?, Maciej Kazmierczyk®, Miroslaw Gilski**,
Szymon Krzywda®, Helena Zabranska®, Iva Pichova®, James Thompson!,
Zoran Popovi¢?, Mariusz Jaskolski** & David Baker!®

Following the failure of a wide range of attempts to solve the
crystal structure of M-PMV retroviral protease by molecular
replacement, we challenged players of the protein folding game
Foldit to produce accurate models of the protein. Remarkably,
Foldit players were able to generate models of sufficient quality
for successful molecular replacement and subsequent structure
determination. The refined structure provides new insights for
the design of antiretroviral drugs.



: R A E -2
.4 §. - SRR S o o o o :
s 5% Volpoy i\ Tk 5od R e 2 AN S
' - . s g . &2 i o .-
: ' ( ) : “2 3 LA . -
: ! 2,08 . " AP [V % __\.. SEPR 4 e S .
: A 3 3 s g "y A -
‘ v r . 4 A %
: ‘ 7 ' n ~ .
= oY ¥ i % 55 ¢ ¥ :
Gk - - 2 3 ! 57 )
. - - VR e 3 ! ae : .
- N o R a il - a? :
. ~ ‘. =1 Sl - : - ),. K o
= AL T AR & <
>k | 1 " Py J » )
» ' Y a - g s 3 :
i " ; P - AP by . P s I ) .
& AR ST 4 <
A === G e ™ £ ‘
u R ~
8 A}
L ] . b2
0
. LA 4 3
" '
v . ‘
3 - X g
< - : . 3
\ ¢ :
- . 5
%
. . . o N 2
. - ‘s - :
- X i %
K - N :
¢ .
2 , . % P,
i ¥ ' B & g N 3
) »
¢ %
s B
- AN

you ~
could help ' PLAY VIDEO
find a cure

Help Stanford University scientists studying Alzheimer's, Huntington's,
Parkinson’s, and many cancers by simply running a piece of software on
your computer.




Solve Puzzles
for Science




How to extract useful information from protein sequences?

We can think of protein sequences from different species as samples from a probability
distribution.....

.I|vv!vlvv!v|vvv!|vv|!|vvvv|!vv||vvvv|!!vvlvvvv|!!!v|9vvv|v!!!|v9vv|vv!!lvv!v|vvv!|v'

- 120 30 40 50 60 70 80 S0 100

A [Racoon VEEVGGEALGRLLVVYPWTQRFFESFGDL 5TMG LHG GLRNLDNLRGTFAKLSELHCDKLHVDEPE!
Ring-tailed coati GGEALGRLLVVYPWTOQRFFESFGDL € LSELHCDKLHVDFPE!

Red fox LGRLLIVYPWTQRFFDSFGDL LSELHCDRLHVDEPEI

LGRLLVVYPWTQRFFDSFGDL
LGRLLVVYPWTQRFFDSFGDL
LGRLLVVYPWTQRYFDSFGDL
LﬁRLLVVYmeﬁRFFD:FaDL

LSELHCDQLHVDFEEI
LSELHCDRLHVDFPEI
LSELHCDRKLHVDFEEI
LSELHCDRLHVDFPEI
LSELHCDRKLHVDFEEI
LSELHCDRLHVDFPEI
LSELHCDRKLHVDFEEI
LSELHCDRLHVDFPEI

|Weddell seal
Harbor seal
Eurasion badger
Red panda
Ferret

Fur seal

River otter
Beach marten
European mink
Ratel

Colobus monkey
Lowland gorilla
Human

Spider monkey
Brown spider monkey

leKIILDIILRnT
LENLDNLRGT
GLRNLDNLRGT
LENLDNLRGT
LENLDNLRGT
LENLDNLRGT
LENLDNLRGT
LENLDNLRGT
GLAHLDSLRGTFSQ
LAHLDNLRGT
GLAHLDNLRGT

LGRLLVVYPWTQRFFDSFGDL
LGRLLVVYEPWTORFFDSFGDL
LGRLLVVYPWTQRFFDSFGDL
LGRLLVVYPWTQRFFDSFGDL
LGRLLVVYPWTOQRFFESFGDLS
LGRLLVVYPWTQRFFESFGDL
LGRLLVVYPWTOQRFFESFGDL
LGRLLVVYPWTQRFFESFGDL
LGRLLVVYPWTQRFFESF!

ELHLDKLHVDPEI

Tamarin LGRLLVVYPHTORFFESF ELHCDKLHVDFE!
Moustached tamarin LGRLLVVYPWTQRFFESF( ELHCDRKLHVDFEI
Capuchin LGRLLVVYPWTQRFFDSFGDLSTEDAVMINERVK: ELHCDKLHVDFEEI
White Capuchin ELHCDRLHVDFE!I

LGRLLVVYPWTQRFFDSFGDLSTPD;VMHHPKVK
LGRLLVVYPWTQRFFDSFGDLE >
LGRLLVVYPWTQRFFESFGDLS
LGRLLVVYPWTQRFFDSFGDLS
LGRLLVVYPWTQRFFESFGDL
LGRLLVVYPWTQRFFESFGDLS
LaRLLVVleTHRFFEnFHDL,

SELHCDKLHVDFEEI
SELHCDKLHVDEEI

white sapajou

squrrel monkey

red colobus

Collared titi

Cormmon marmoset
Howler monkey

Black spider monkey
Goeldi’s marmoset
Brown tamarin

black and red tamarin
[moustached tamarin
papio sphinx

olive baboon

gelada baboon

green monkey

sootey mangabey

crab eating macague
rhesus macagque

¥ lwestern colobus monkey VDE

We want to use this data to parameterize a probability model for the protein sequence.

Species

QLSELHCDRLHVDFPEI
LSELHCDRKLHVDFEEI
QLSELHCDRLHVDFPEI
QLSELHCDKLHVDFEEI
CDRLHVDFPEI
3 CHNRLHVDFPEI
SELHCDKLHVDFEEI
 LESELHCDRKLHVDFEEI
SELHCDKLHVDFEEI
 LESELHCDRLHVDFPEI
QLSELHCDKLHVDFEEI
QLSELHCDKLHVDEEI
ELHCDRLHVDFPEI
QLSELHCDKLHVDEEI
ELHCDRLHVDFPE!
SLAHLDNLRGTFAQLSELHCDRLHVDEPEI

LAHLDNLRGT
LuRLLVVlPMTuRFFEuFuDL, GLTHLDNLRGT
LGRLLVVYEPWTQRFFESFGDLSSPDAVMGHNERVRKAHG GLAHLDNLRGT
LGRLLVVYPWTQRFFESFGDL nPD“UMHHPKVKA >

LHRLLUVXPMTURFFD FHDL

LGRLLVVYPWTQRFFESFGDL
LGRLLVVYPWTOQRFFESFGDL

P(Al,. . .,AL) = Probability that a sequence produces a folded, functional
hemoglobin molecule.



First order models

P(Al,. : .,AL) = Probability that a sequence produces a folded, functional
hemoglobin molecule.

To start, we might ask that the model matches the distribution of amino acids seen at
each sequence position in the data (the set of available sequences).

P(A)= > P(A,..A)=fi(A)
{ A lks=i}

Hidden Markov Models are often used to model protein sequence evolution. Different
seqguence positions (variables) are assumed to evolve independently of one another —

there are no interactions.

Does this model tell us anything about protein structure and function?



Those residues close in sequence will be close in 3D structure....

but their conservation level doesn’t provide much information about the 3D structure.




First order models

P(Al,. : .,AL) = Probability that a sequence produces a folded, functional
hemoglobin molecule.

To start, we might ask that the model matches the distribution of amino acids seen at
each sequence position in the data (the set of available sequences).

P(A)= > P(A,..A)=fi(A)

(A =i}

Hidden Markov Models are often used to model protein sequence evolution. Different
sequence positions (variables) are assumed to evolve independently of one another —
there are no interactions.

Does it tell us anything about the 3D protein structure.......... NOT MUCH

How can we get to 3D protein structure and/eor function?

INTERACTIONS!!!



Interactions between variables (residues)

Wild Type Protein Loss of function
(active) mutant

(inactive)

Functional double
mutant
(active)

Which mutations can be tolerated?

How do mutations at different sites depend on each other?



Interactions between variables (residues)

D What constraints on the mutations that can be accepted are
induced by the requirements of 3D structure and function of the
protein?

Wild Type Protein Loss of function
(active) mutant

(inactive)

Functional double
mutant
(active)




Wild Type Protein

Interactions between variables (residues)

What constraints on the mutations that can be accepted are
induced by the requirements of 3D structure and function of the

protein?

N

(active)
112|3 (4 |5]6
Hs (D |A|l |[L |V [K
Mm|D |A|l |[L |A[K
B.t RIA(l M|V |D
Gg (R |V]|I (L|V|D

correlation

Loss of function
mutant
(inactive)

Functional double
mutant
(active)




Interactions lead to covariance of amino acids

Racoon
Ring-tailed coati
Red fox
Weddell seal
Harbor seal
Eurasion badger
Red panda
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River otter
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European mink
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Lowland gorilla
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Brown spider monkey
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Moustached tamarin
Capuchin

White Capuchin
white sapajou
squrrel monkey

red colobus
Collared titi
Common marmoset
Howler monkey

Black spider monkey
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VEEVGGEALGRLLVVYPWTOQRFFESFGDLESADATMGNPRVRAHGRRVYLNSF SEGL
VDEVGGEALGRLLVVYPWTORFFESFGDLSSPDATMGNPRVRAHGRRVLNSFSEGL
VDEVGGEALGRLLIVYPWTOQRFFDSFGDLETPDAVMGHNARVRAHGRRYLNSFSDGL
VDEVGGEALGRLLVVYPWTORFFDSFGDLSSPNATMSNPRVRAHGRKRVLNSF SDGL
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VDAVGGEALGRLLYVVYPWTORFFESFGDL S SPAAVMGNPRVRAHGRRVLGAF SDGELA
VDAVGGEALGRLLVVYPWTORFFESFGDL S SPDAVMGHNPRVRAHGRRVLGAF SDGLA
VDAVGGEALGRLLYVVYPWTOQRFFESFGDL S SPDAVMGHNEPRVRAHGRRVLGAF SDGELA
VDEVGGEALGRLLVVYPWTORFFESFGDLSTPAAVMGHNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLYVVYPWTORFFESFGALSTPDAVMGHNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTOQRFFESFGALSSPDAVMGHNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTORFFESFGALSSPDAVMGHNPRVRAHGRKRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTOQRFFDSFGDLETEPDAVMNNPRVRAHGRRVYLGAF SDGEL
VDEVGGEALGRLLVVYPWTORFFDSFGDLSTEDAVMINNPRVRAHGRKRVLGAF SDGLY
VDEVGGEALGRLLVVYPWTOQRFFDSFGDLETEPDAVMNNEPRVRAHGRRVLGAF SDGEL
VEDVGGEALGRLLVVYPWTORFFESFGDLSTEPDAVMINNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTOQRFFDSFGDLESTADAVMGNPRVRAHGRRVLGAF SDGELA
VXEVGGEALGRLLVVYPWTORFFESFGDLSSPDAVMSNEXRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLYVVYPWTOQRFFESFGDLETPDAVMNNPRVRAHGRRVLGAF SDGEL
VDEVGGEALGRLLVVYPWTORFFESFGDLSTEPDAVMHNPRVERAHGRRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTOQRFFESFGDLSSPDAVMGHNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLVVYPWTOQRFFESFGDLSSPDAVMNNPRVRAHGRRVYLGAF SDGEL
VEEVGGEALGRLLVVYPWTORFFESFGDLSSPDAVMGHNPRVRAHGRRVLGAF SDGLA
VEEVGGEALGRLLVVYPWTOQRFFESFGDLSSPDAVMNNEPRVRAHGRRVYLGAF SDGELA
VEEVGGEALGRLLVVYPWTORFFDSFGDLSSPDAVMINNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLYVVYPWTOQRFFDSFGDL S SPDAVMGHNPRVRAHGRRVLGAF SDGLI
VDEVGGEALGRLLVVYPWTORFFDSFGDL S SPAAVMGNPRVRAHGRKRVLGAF SDGLI
VDEVGGEALGRLLYVVYPWTOQRFFDSFGDL S SPAAVMGNPRVRAHGRRVLGAF SDGLI
VDEVGGEALGRLLVVYPWTORFFESFGDL S SPDAVMGHNPRVRAHGRRVLGAF SDGLA
VDEVGGEALGRLLYVVYPWTORFFESFGDLESNPDAVMGHNPRVRAHGRRVLGAF SDGLI
VDEVGGEALGRLLVVYPWTORFFESFGDL S SPDAVMGHNPRVRAHGRKRVLGAF SDGLI
VDEVGGEALGRLLLVYPWTOQRFFESFGDLSSPDAVMGHNPRVRAHGRRVLGAF SDGLI
VDEVGGEALGRLLVVYPWTOQRFFESFGDLSSPDAVMGHNPRVRAHGRRVLGAF SDGELA
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Exploit correlation structure of protein sequences

What constraints on the mutations that can be accepted are induced by the requirements
of 3D structure and function of the protein?

1|2 4 |5 1|6
D|A L |V |K
D|A L |A|K . :
Wild Type Protein
B.t RI1A|l M|V |D (active)
Gg |R{V]|I |L |V |D
T correlated T_

Can we invert correlations in the sequence data to provide information
about the 3D protein structure?

Burger, Lukas, and Erik Van Nimwegen. PLoS computational biology 6.1 (2010): e1000633.
Marks*, Debora S., Colwell*, Lucy J. et al. PloS one 6.12 (2011): e28766,



Measure pair correlations in the sequence alignment

K (D |I L (V |D
2 (3|45 KX

H.s DI |L |V D X
M.m DI L |V ‘ | X
S.c D || K|V L X
S.p E |1 |L |V v X

> :
Compute (for example) the mutual |
information for each pair of columns ‘ 5

q
fij(Ai, Aj)
Mlij — | ; 1 fij (Aiv Aj) In (fz(;lz)fj (le) Wild Type Protein
19415 —



Measure pair correlations in the sequence alignment

K |D |I L |V |D
2 (3|45 KX
H.s DI |L |V D X
M.m DI L |V ‘ | X
S.c D || K|V L X
S.p E |1 |L |V v x
> :
Compute (for example) the mutual |
information for each pair of columns ‘ 5
q [ ]
M.[ij = fzg(Az AJ) In ( J J : .
2 P A (GES ) e

Are the most correlated residue
pairs close in tertiary protein
structure?



Testing: Are highly correlated pairs close in structure?
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Testing MI: Are high-scoring pairs close in structure?

5p21, Residues less than 8.00 Angstroms apart
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Testing MI: Are high-scoring pairs close in structure?

5p21, Residues less than 8.00 Angstroms apart
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Testing MI: Are high-scoring pairs close in structure?

5p21, Residues less than 8.00 Angstroms apart
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Why does this fail? Construct and analyze a model

Wild Type Protein

B PDB structure residue contacts
. residue pairs with 100 highest Ml values



Construct and analyze a model

Wild Type Protein

Eed K & D & R

B PDB structure residue contacts
. residue pairs with 100 highest Ml values



Construct and analyze a model

Wild Type Protein

Eed K & D & R

B PDB structure residue contacts
. residue pairs with 100 highest Ml values



Construct and analyze a model

Wild Type Protein

Eed K & D & R

B PDB structure residue contacts
. residue pairs with 100 highest Ml values



Probability model

P(A,,...,A, ) =Probability a sequence is part of protein family

Pi(Ai)= E P(Ap""AL):fi(Ai)

(A lk=i}

Pi(A A)= Y P(A,...A)=f;(A,A)

{Alk=i,j}

Satisfy these constraints and choose the maximum entropy or least constrained model:

S=— Y P(A,...A)INP(A,....A)

{Ali=1,...,L}



Probability model

P(A,,...,A, ) =Probability a sequence is part of protein family

(i.7)



Probability model

P(A,,...,A, ) =Probability a sequence is part of protein family

- lexp —E hA; - E € (Ai’Aj)
Z i (i.))

naive mean field approximation, assume small couplings

e;(4.4,)=(C") (4.4))



Sequences to structure:

Solution: A global probability model — high scoring pairs are close in structure!

5

164

Mutual
Information

RAS

164

Marks*, Colwell* et al, PloS One 2011



Sequences to structure:

Is this enough information to fold the protein?

Start with an extended polypeptide, add predicted secondary structure

Our hypothesis is the high scoring pairs will be close in the structure — so constrain the distance
between the residues in each pair.

Marks*, Colwell* et al, PloS One 2011



Is this enough information to fold the protein?

Sequences to structure:

Start with an extended polypeptide, add predicted secondary structure

Our hypothesis is the high scoring pairs will be close in the structure — so constrain the distance

between the residues in each pair.

164}

This massively reduces the space of possible 3D conformations of the protein
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Folding the protein

Start with an extended polypeptide

Our hypothesis is the high scoring pairs will be close in the structure — so we constrain the
distance between the two residues in each pair.
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Use these distance constraints together with predicted secondary structure in the standard

distance geometry and simulated annealing protocol from CNS to generate structures
Marks*, Colwell* et al, PloS One 2011



Sequences to structure:

Correlations in the mutation patterns of amino acids within a protein used to
predict tertiary structure.

An RNA binding domain: 2.9A C-alpha rmsd over 67 residues

predicted observed
blind top ranked crystal structure
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Sequences to structure:

Correlations in the mutation patterns of amino acids within a protein used to
predict tertiary structure.

RAS: 3.5A C-alpha rmsd over 161 residues

predicted observed
blind top ranked crystal structure
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Beta strands positioned well enough to predict correct registration with the exception of
the beta one strand, which was very recently shown to exist in both the conformations
that we find.



Comparison of predicted and observed structures

Crystal structure*

Thiredoxin: Cadherin: 3.8 A, MOEA_ECOLI: Q9KZ96_STRCO:
35A, 97res  88residues 40A128res 114 res 1.46 A 49 res

085354_CAUCR: Trypsin: 427 A, RRM_1:3.16 A, ISPD_ECOLI:
3.74 A, 278 res 156 res 47 res 186 res 71 residues 4.0A, 152 res

GMHA_VIBCH : Q7WRJ3_KLEPN

CheY:2.98 A,  Q3SJE6_THIDA: GERE_BACSU:
40A, 133 res 45A, 232res

107 residues 3.6 A, 206 res 1.8 A, 49 res




Challenge : transmembrane proteins

Hard experimentally
No high throughput
Drug targets - > 40%

De novo prediction



B2 adrenergic receptor : evolutionary constraints
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The B2 adrenergic receptor, a seven transmembrane helix GPCR family member.

Hopf, Colwell et al, Cell 2012



Blind prediction for B2 adrenergic receptor

*Crystal Structure: Rasmussen SG, DeVree BT, Zou Y, Kruse AC, Chung KY, Kobilka TS, Thian FS, Chae PS,
Pardon E, Calinski D, Mathiesen JM, Shah ST, Lyons JA, Caffrey M, Gellman SH, Steyaert J, Skiniotis G, Weis WI, Sunahara RK, Kobilka BK.
Nature. 2011 Jul 19.

Hopf, Colwell et al, Cell 2012



Seq uences to structure:

Blind structure prediction.

W observed B predicted

B2 adrenergic receptor G-3-P transporter GlpT
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Hopf, Colwell et al, Cell 2012



11 medically important membrane proteins of unknown
structure predicted

OCTN1 Adiponectin receptor 1

Crohn’s disease, diabetes, obesity, LHON, MELAS,
rheumatoid arthritis cancer Alzheimer, Parkinson



