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Ab Initio Prediction

n Predicting the 3D structure of a protein without any 
“prior knowledge”

n Uses when homology modeling not is possible.
n Equivalent to solving the “Protein Folding Problem”
n Similar methods useful for “Protein design”

n Protein design is the “inverse” protein folding problem, 
i.e design a sequence that fold into a given fold.

n Potentially easier and more useful



ab-initio protein structure prediction
n Optimization problem 

n Define some initial model.

n Define a function mapping structures to numerical values (the 
lower the better).

n Solve the computational problem of finding the global 
minimum.

n Simulation of the actual folding process 
n Build an accurate initial model (including energy and forces).

n Accurately simulate the dynamics of the system.

n The native structure will emerge.

n No hope due to large search space 
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Ab Initio Prediction

n Purists will argue must use laws of physics alone
n But on what level ?

n However most successful methods use a blend of 
physics, fold recognition, and statistical probability

n Still an ongoing research problem, but becoming 
less essential as databases grow
n But also useful for mini-domains and loop
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Ab Initio Folding

n Two Central Problems
n Sampling vast conformational space

n The energy minimum problem

n The Sampling Problem (Solutions)
n Lattice models, off-lattice models, simplified chain 

methods – exhaustive sampling not possible, even for 
small peptides

n The Energy Problem (Solutions)
n Threading energies, packing assessment, topology 

assessment, physics
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An infinite

number of

monkeys on

an infinite

number of

typewriters

would eventually

recreate all the works of Shakespeare, and similarly, an infinite number of CPUs could eventually 
fold every known protein.
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Molecular mechanics based models

• Could we just use MD simulations to fold 
proteins.

• Folding is in the mS to S scale

• Current simulations is in the µS scale

• How accurate are the energy functions 

• Folding@home
• Parallel simulations on distributed computers

• Many mS of simulations

• Runs on PS3 (Check our kitchen)

• Folds small proteins

• Can not (yet) fold big proteins.

• Often uses implicit water models



Energy Minimization (Theory)

• Treat Protein molecule as a set of balls (with mass) 
connected by rigid rods and springs

• Rods and springs have empirically determined force 
constants

• Allows one to treat atomic-scale motions in proteins as 
classical physics problems
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Folding@home Intro

n The work unit uses the cpu to “fold” the protein in 
millions of combinations and send the results back 
to Stanford.

n The program then downloads another work unit and 
repeats.

n On average 1 work unit will take anywhere from a 
few hours to a few days to complete on a P4 2.6Ghz 
CPU.



What does Folding@home do?

• Folding@home is a distributed 
computing project which studies 
protein folding, misfolding, 
aggregation and related diseases.

• Folding@home (F@H) uses spare 
cpu cycles to fold proteins in the 
form of Work Units (WU) and send 
the results to Stanford Universities 
servers.
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Folding@home video

http://www.youtube.com/watch?v=EZ1XuOgknuE

http://www.youtube.com/watch?v=EZ1XuOgknuE
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Protein folding energy landscape

  image from http://bioinfo.mshri.on.ca/

-  protein energy landscape is 
  complex, with many local minima 

-  believed to have a funnel-like 
  shape, with global minimum 
  representing native structure



Problems with energy functions

• Not accurate enough

• The energy difference between folded/unfolded is 
a often only 5-10 kcal/moles

• 1000s of energy terms, sum of error is large

• Water

• For accurate calculation inclusion of water is 
needed.

• Implicit water models are quite slow

• Explicit water needs time to equilibrate



Problems (cont)

• Entropy

• We are not searching for the energy minimum, 
but for the free energy minimum, i.e. MD 
simulations needed.

• Local minimum problem

• The barriers are often extremely high to go 
from one minima to the next.

• Sidechains cannot pass through each others



Solutions ?

• Are there some ways around these problems

• How does proteins really fold ?

• Can we divide the problem into subproblems ?

• Local preferences

• Dominated by sequential information

• Globular structures

• Dominated by hydrophobicity

• !?!?!?! FRAGMENTS !?!?!
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Rosetta

• http://www.youtube.com/watch?v=GzATbET3g54

http://www.youtube.com/watch?v=GzATbET3g54


Theory Behind Rosetta

n Proteins are thought to 'collapse' from an unfolded > folded 
state.

n Local conformations precede and guide global conformations 
and tertiary structure.

n Local conformations are largely dependent on local sequence, 
and are finite in number.



Theory Behind Rosetta



Structure Prediction with Rosetta

• Select fragments 
consistent with local 
sequence preferences 

• Assemble fragments 
into models with 
native-like global 
properties 

• Identify the best model 
from the population of 
decoys
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Assembly of sub-structural units
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Build the Fragment Library-Rosetta

• Extract possible 
local structures from 
PDB



Generate the Fragment Library

n Select PDB template 

n Select Sequence Families

n Each Family has a single known structure (family)

n Has no more than 25% sequence identity between 
any two sequence

n Clustering the fragments

n Generate all the fragments from the selected families



Rosetta Fragment Libraries

n 25-200 fragments for each 3 and 9 
residue sequence window 

n Selected from database of known 
structures 

 > 2.5Å resolution 
 < 50% sequence identity 

n Ranked by sequence similarity and 
similarity of predicted and known 
secondary structure 



Scoring Function

• Ideal energy function 

• Has a clear minimum in the native structure.

• Has a clear path towards the minimum.

• Global optimization algorithm should find the 
native structure.  



Rosetta MC Energy Function

lCompactness (radius of gyration) 

lHydrophobic burial 

lPolar side chain contacts (statistical pairwise 
potential) 

lHydrogen bonding between beta-strands 

lHard-sphere repulsion (VdW)  
 



Fragment Insertion

n Finds three and nine residue fragments from known 
library and replaces unknown torsion angles with the 
‘known’ ones

n Scores all windows of three and nine residues

n Create fragment list with the 200 best three residue 
and 200 best nine residue fragments



Fragment Assembly

n Randomly choose a nine residue fragment from the top 
25 fragments in the ranked list

n Score this replacement, negatives are kept

n Each simulation chooses a different random start and 
attempts 28,000 nine residue insertions

n Next 8,000 attempted three residue insertions are 
scored with the overall structure



Rosetta Potential Function

n Derived from Bayesian 
treatment of residue 
distributions in known protein 
structures 

n Reduced representation of 
protein used; one centroid per 
sidechain 

n Potential Terms: 
environment  (solvation) 
pairwise interactions 

(electostatics) 
strand pairing 
radius of gyration 
Cβ density 
steric overlap



Decoy Discrimination:  Identifying the Best 
Structure

n 1000-100,000 short simulations to generate a population of 'decoys' 
n Filter population to correct systematic biases 
n Fullatom potential functions to select the deepest energy minimum 
n Cluster analysis to select the broadest minimum 
n Structure-structure matches to database of known structures



Rosetta: clustering the models

l Compare models to each other with RMSD 

l Models can come from different family members 

l Cutoff varied to give 80-100 members in largest cluster 

l The largest clusters are assumed to contain the best 
structures (attractors in folding space...?) 



Rosetta: Filtering the models

lBetween 6,000 and 150,000 models generated 

lContact Order 

lGenerated models are biased towards simple 
structures 

l Filter models to give correct contact order 
distribution for domains of that size/composition 

l Sheet filter 

lAdd side chains, calculate atomic physical potential (to 
eliminate poorly packed structures)  
 



Monte Carlo optimisation

1.Initial configuration (random or extended) 

2.Make a randomised MOVE on configuration 

3.Measure change in quality of structure (DE) 

4.IF better () ACCEPT MOVE 

5.ELSIF  rand ACCEPT MOVE 

6.ELSE REJECT MOVE 

• GO TO 2. (reduce T if you like)  
 



Testing of scoring functions
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Histograms of native (red) and decoy (blue) scores  
for the Rosetta decoy oligomers
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HR protocol to Rosetta

l  Additional refinement step from best 
clusters using all atom refinements

1. Make small dihedral changes 
2. Rebuild sidechains 
3. Minimize (in dihedral space) 
4. Evaluate energy 
5. Go To 1 

l 5 out 16 small proteins < 1.5 Å
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Number of protein sequences and structures is increasing.



David Jones 2012

Exponential increase



Protein Families are increasing only slowly 
and covers ~75% of all sequences

Pfam 2008



Pfam 2012

Sequence families are getting bigger and bigger



The late revolution - Has contact Predictions 
solved the protein folding problem?



Contact based structure prediction - the 
Revolution occuring finaly.

Contact
Prediction

Folding

Contact map

Mirco Michel



BASIS FOR CONTACT PREDICTION

Residues	in	contact	tend	to	co-evolve



Native interactions

Unfavourable mutation Compensating mutation

SPATIAL PROXIMITY INDUCES
SEQUENCE COUPLING

Image source: Andrea Pagnani, International School on Physics of Complex Systems 2012

Decoupling	direct	interac4ons		
from	indirect	ones	

Giraud, Phys Rev E Stat 1999

Indirect couplings



Decoupling	direct	interac4ons		
from	indirect	ones	

Giraud, Phys Rev E Stat 1999

Key idea in “new” contact predictors



Which is the best contact 
prediction method ?



Fodor, A.A. and Aldrich, R.W. 
Influence of conservation on calculations of amino acid covariance in multiple sequence alignments. (2004).

MUTUAL INFORMATION



MFDCA

Morcos F. et al.
Direct-coupling analysis of residue coevolution captures native contacts across many protein  families (2012)



PSICOV

Jones DT, Buchan D.W.A, Cozetto D., Ponti M.
PSICOV: precise structural contact prediction using sparse inverse covariance estimation  on large 
multiple sequence alignments (2012)



M. Ekeberg, C. Lövkvist, Y. Lan, M. Weigt, E. Aurell, 
Improved contact prediction in proteins: Using pseudolikelihoods to infer Potts models (2012)

PLMDCA



• Different alignment 
construction methods

• Homology cutoffs

• Underlying 
representations and 
regularization methods

FACTORS AFFECTING CONTACT PREDICTION



Random forest method reconciling diverse DI-based predictions 

• 4 e-value cut offs 

• 2 homology search methods 

• 2 contact prediction methods 

• 100 decision tress  

Optimised on set of 48 non-homologous proteins with known 
structure.  

Averaging probabilities of individual trees, instead of voting

PCONSC: ENSEMBLE METHOD FOR CONTACT 
PREDICTION



PCONSC: PERFORMANCE
Performance on set of 150 small 
proteins used in PSICOV 
development is ~20% better 
than the individual methods.  

Reasons for performance: 

• artifact cancelation 

• contact reinforcing 

• increased coverage



Combining alignment methods, cutoffs and prediction methods

PCONSC: EXAMPLE



Even better performance ?



Contacts in contact maps are not 
randomly distributed



Most frequent 3x3 contact patterns

• Some patters in a map are 
more frequent than others 

• Some patterns are forbidden. 

• Contact predictors should 
use this, by: 

• Specific rules 

• Machine Learning



Contacts and non-contacts

• Features of contact 
maps: 

• Contacts close to 
other contacts 

• Mainly empty 

• Visible diagonal 
patterns 

3x3 map



PconsC2 pipeline



(a) Pipeline

(b) 1pcf:A Layer 0-1 (c) 1pcf:A Layer 2-3 (d) 1pcf:A Layer 4-5



(a) Pipeline

(b) 1pcf:A Layer 0-1 (c) 1pcf:A Layer 2-3 (d) 1pcf:A Layer 4-5



(a) Pipeline

(b) 1pcf:A Layer 0-1 (c) 1pcf:A Layer 2-3 (d) 1pcf:A Layer 4-5



PconsC2 improves predictions for all family sizes.



Older methods do better for smaller families



Can we handle small protein families ?

PconsC3Alignment

gDCA plmDCA

Contact maps

PconsC3
Deep 

Learning

Secondary 
structure

Solvent 
accessibility

Intermediate contact map

Final contact map

Input
features

Iterative
prediction

phyCMAP



PconsC3 performance



PconsFold



Contacts are crucial
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How useful for large scale predictions 
are contact predictions today?

6270
8561

Known
structure

Unknown
structure

Pfam familes



We need 100-1000 effective sequences 
for good predictions.
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