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From Sequence to Function

DNA
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Protein (1D::sequence)
!

A

pam — PEm —

Secondary structure (2D)
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Protein B

Protein A

Similar sequences

Similar structures

Similar functions

Modeling starts right here!
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Detection of similarity between sequences.

P69905 (HBB_HUMAN) MV-LSPADKTNVKAAWGKVGAHAGEYGAEALERMFLSFPTTKTYFPHF-DLSH---=~ GS 53

P68871 (HBB_HUMAN) MVHLTPEEKSAVTALWGKV--NVDEVGGEALGRLLVVYPWTQRFFESFGDLSTPDAVMGN 58 1D::sequence

P02144 (MYG HUMAN) -MGLSDGEWQLVLNVWGKVEADIPGHGQEVLIRLFKGHPETLEKFDKFKHLKSEDEMKAS 59 based methods
- PR * kK * ok kg * * * ok ok

P69905 (HBB_HUMAN) AQVKGHGKKVADALTNAVAHVDDMPNALSALSDLHAHKLRVDPVNFKLLSHCLLVTLAAH 113

P68871 (HBB_HUMAN) PKVKAHGKKVLGAFSDGLAHLDNLKGTFATLSELHCDKLHVDPENFRLLGNVLVCVLAHH 118

P02144 (MYG_HUMAN) EDLKKHGATVLTALGGILKKKGHI-EAEIKPLAQSHATKHKIPVKYLEFISECIIQVLQSK 119
LI EET s *i: o k x

P69905 (HBB_HUMAN) LPAEFTPAVHASLDKFLASVSTVLTSKYR------ 142

P68871 (HBB_HUMAN) FGKEFTPPVQAAYQKVVAGVANALAHKYH------ 147

P02144 (MYG_HUMAN) HPGDFGADAQGAMNKALELFRKDMASNYKELGFQG 154
L% P P

Finding the best match:
» Some mutations are more critical than others

Insertions and deletions and total mismatches lead to
gaps in alignment
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» Derived from closely related sequences.

ntroc ion

Aa 4 1D::sequence
: based methods
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0 -3 -3 -3 -1 -2 -2 -3 -3 3 1 -2 1 -1 -2 -2 0 -3 -1 4
Ala Arg Asn Asp Cys Gln Glu Gly His lle Leu Lys Met Phe Pro Ser Thr Trp Tyr Val

» BLOSUMG62 was derived from sequences with maximum
identity of 62%.

» Higher values (>62) for comparing more closely related
sequences. (Opposite for PAM).

» Expanded similarity concept: AlignMe
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» BLAST: fast, returns good alignments, gold
standard to search against large DB

» dynamic programming: rather slow, returns
(one of the) best alignments.

» multiple sequence alignment (MSA): the
more sequences are aligned, the more
reliable the alignment
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Basically, any project related to a protein starts with
BLAST...
2 step process:

» find short pieces of identical sequences (seed)
» grow alignment locally around these seeds

Available both for proteins and nucleotides.




Dynamic programming

Results:
GCATG-CU
G-ATTACA
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Multiple sequence alignment

Aligning more sequences increases significance dramatically.

LEGK - AVY LUGK

Q5E940_BOVIN -- E i
RLAO_HUMAN -- E T LRGK - AVYLMGK
RLAO_MOUSE -- FLET T IRbS LRGK - AVYLMGK]
RLAO_RAT -- FLET T IRb5 LRGK - AVYLMGK]
RLAO_CHICK -- FuKT IRbS LRGK - AVYLMGK]
RELAO RANSY - YELKT T - AVY LMGKI
Q7ZUG3_BRARE -- YFLKT T TRLS LRGK - AVY LMGKI
RLAO_ICTPU -- F IRLS LRGK - ATV LMGKI
RLAO_DROME -— IKY ~AVV LMGKI
RLAO DICDI -- FIEKATKLETT¥DKMI! IRGI- cnvv D
Q54120 DICDI - TEKATKLETT ¥DKMI IRGI- ot
RLAO_PLAFE -- L Iz LRGK- nllu( I!
RLAO SULAC -----MIGLAV: LRGX - AD IR LN TRLRNAG— o
RLAO SULTO ----MRIMAVITQERKIAKNKL LREMHT ITIANT o
RLAO_SULSO TN SNT IL TGN LBGED ADKEHE TRKKLEGK - AlII(V rklmm\n— 1§
RLAO_AERPE HSVV i ol
I i TLHEERYRLERY - 1 1048 L TAPT Vg
v-AVLKY
i B V- AVLRYV] T
K T TRVVE
¥ o 8
b - ALIRMSKKILT L--ENVD
WK1 £ - G TERAIKEVAEE TGNREFR
WK1 - DoMITK: TKRAVEEVAEETGNPEFA
o IKSKRVVAL 1RDK 11 NNEKL
TKSERVI, TELATKKARQE LEKPEL
IKsERY LGRPEL
TrsERY TGRPEL
v TELATKRAAQE LGOPEL)
T vvGy ~ARVEM
@ - INLKV IKKELLF KALENLGD-
TRV KK ELLEKALDS IND- -
TRS TRDK- AD
30.... 5 60........70.. J8o.

Usual suspects: clustalW, muscle
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With increasing size and quality of biological databases, the 1D sequence
application of learning algorithms becomes increasingly based methods
successful.

Example predictions:

e Secondary structure
e Transmembrane regions
e Protein-protein binding

For any predictor sequences need to be related to the
property that shall be predicted.
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based methods

e Supervised: classification and regression

e Unsupervised: clustering

Predictive power depends crucially on:
e quality and quantity of data

e translation of input data
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» imitates basic function of the brain

learning: strengthening of connection of related neurons

1D::sequence
based methods

equivalent: increase weights of the connections

» black box: no conclusions can be drawn from structure
of network
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Sampling Monte Carlo Newton

Energy knowledge based | classical physics

Molecule centroid all atom
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Biological processes are driven by Gibbs free energy:

G(p, T) == U + pV - TS based methods

where U is the potential coming from Coulomb and van der
Waals interactions.

The entropy S describes the total situation, the order or the
number of states accessible.

Given, that all other variables are the same, biology prefers
higher entropy.
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reach at a given energy.
The more states the lower our knowledge about its state, the
higher the disorder.

3D::structure
based methods

The soldier will remain in exactly one state
— high order — low entropy

The dancer will access many different states
— high disorder — high entropy




Hunting for the minimum

For all 3D methods it is the goal to find the global minimum
of the Gibbs free energy or approximations of it.

Conformation space ” ;;,Ep
¥ S \ &

Potential
energy

N
Native state

Unluckily, reality has never such simple funnel!
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Complexity of the 3D world

The need for simplification:
e A systematic search is absolutely impossible!
e Searching in atomistic detail is impossible in most cases

e Gradient based search methods are prone to fail.

foldng v
& V&
ol
e Olgomers
Y e
Amorprous
Native agarecares
‘‘‘‘‘ . \

Amyloid brils
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Simplified representations

Steps of reduction:
e all atom
e sidechain fused in Cg atom
e rigid helices/sheets, no loops

e helices/sheets as single objects
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> coarse grained potentials: all sidechain atoms at one
position
> statistical potentials

3D::structure
based methods

Reduction is smoothing the energy landscape.




Knowledge based potentials

> frequent events are likely to have favorable energy

» a probability distribution p can be translated into a
potential: V = —RTIn(p)

» scan PDB for e.g.:

» AA distance dependent pair potential
» AA exposure potential
» helix angle score
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Knowledge based potentials

found only at large distances

I o

maximum at a close distances

repulsive potential

attractive potential

O —

N
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A simulation technique, inspired by thermodynamics

e heat is random movement 3D::structure
based methods

e the random movement is what let's macromolecules
“find their way” quickly

e imitating this behavior leads to highly successfull search
algorithm

e weapon of choice, when system is too complex for
systematic search or gradient based methods
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random
modifi-
cation
yes
3D::structure

based methods

evaluate
modified
model

did score
improve?

improved
model

discard

The Metropolis criteria allows to go uphill, in order to avoid
getting stuck in local minima. A step that increases the score is
randomly accepted - with a probability proportional to the
increase.
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Sampling Monte Carlo Newton

Energy knowledge based | classical physics

Molecule centroid all atom
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In many applications, the combination of multiple approaches
will lead to best results.

3D::structure
based methods
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Strategy:
> find relative orientation of target-ligand

> ligand can be protein, peptide, lipid, or small molecule

. . .. . 3D::structure
» fastest search is using rigid bodies based methods
> however, often flexibility is required

FlexPepDock

Input model | | FlexPepDock prediction
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Strategy:
» conformation is kept constant (backbone)

» instead sidechain identity is replaced (low resolution) 3D::structure

based methods
» placement of sidechain conformers (high resolution)

Applications:

> optimization of protein based therapeutics, e.g.
antibodies

» maximizing binding to target

» minimizing binding to off-targets
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Structure determination
Knowledge about structure is starting point:

* dynamics

*

binding

function

*

*

biological role

*

finding therapeutic binding partner

PDB is continously growing:

However, many cases remain challenging,.
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* based on dogma

* results in highly reliable models

3D::structure
based methods

IF the structure of a similar protein is available
* one of the main methods
Usual suspects:
* MODELLER
* SwissModel

* Rosetta
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query sequence protein data bank

BLAST search

3D::structure

based methods

template sequence template structure

alignemt (pair-
wise or MSA)

threading of
query sequence on

template structure

optimization
of model

final model




Threading

Placement of a sequence onto the backbone of a structure.

Used for:
e homology modeling
e structure alignment
e structure prediction (iTasser)

3

%
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IF no similar structure is available, one has to go the much

more expensive way of calculating the structure from scratch. [ G—_G—_G_"

Three main suspects: based methods
» iTasser (Threading)

» Rosetta (Fragment based Monte Carlo using knowledge
based potentials)

» BCL::fold (Rigid body assembly of secondary structure
elements using KB potentials)
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» efficient method to reduce conformational search to 3D::structure
- based methods
likely ones

» for a subsequence, the PDB is scanned for known
conformations (fragments)

» Monte Carlo search is done by selecting a random
subsequence and a random fragment
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