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Our method based on MD data* seeks to improve sampling by 
reducing dependence on the native state. For this we use data 
from 2 types of overlapping fragments: 8 residue and 12 residue 
fragments. 
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Motivation Protein Folding by Probabilistic Roadmap Method 

� A roadmap is a graph approximating the potential 
landscape for the protein. The protein is modeled 
as an articulated linkage with each amino acid 
residue having two degrees of freedom (angles φ
and ψ). 

� A conformation for an n residue protein is 
described by a vector of 2n angles. 
Conformational-space (C-space) is the set of all 
such vectors. The feasibility of a point in this 
space depends on its potential energy.

� Sampling or node generation
Node generation can be biased to some known 
target conformation. We sample around it, 
gradually growing out. Conformations are
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The function of a protein depends on its three dimensional 
structure called conformation. 
Protein folding problems: 

1. Predict the tertiary structure of a protein from its amino 
acid sequence. 

2. Find folding pathways to the known tertiary structure (our 
work)

-- Understand the folding process to design better
structure prediction methods and to study diseases 
caused by misfolding e.g. Alzheimer's disease

Molecular Dynamics

Our Approach

Molecular dynamics (MD) is a versatile tool for studying 
trajectories of motion for various particles. It consists of the
following steps: 

• Choosing a force field and potential energy function 

• Finding the force on each particle

• Finding and integrating the equations of motion 

MD simulations are very accurate and when applied to 
proteins, can give a single folding pathway. But they are 
expensive for all but the smallest of proteins. 

Use in our work: 

Our approach uses MD simulations for small overlapping 
fragments instead of the whole protein. The MD data* is 
processed to give a probability distribution for φ and ψ
angles of each residues. One distribution is obtained per 
fragment the residue is present in.

* MD data courtesy of Ken Dill’s group at UCSF 

Process MD data* to get a 
Probability Distribution P:

fragment � residues� {φi, ψi, Pi}

• Generate configurations 
from MD data* without using 
native state

• Perturb these configurations 
randomly or using Rigidity 
analysis

• Perturb the native state to get 
native-like conformations.

• Perturb native-like conformations 
using MD data*. Can be random 
or may use Rigidity analysis

Construct and 
analyze roadmaps

The roadmaps are analyzed for their size, connectivity, secondary 
structure formation order and generation time. The node distribution is 
studied using metrics like RMSD, Euclidean distance, potential energy 
and number of native contacts.

* MD data courtesy of Ken Dill’s group at UCSF
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Results: Case study of Protein G
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Conformational space
Folding pathways  are studied 
using potential landscapes of the 
protein. Different landscapes 
yield different folding behavior. 
The lowest point in the 
landscape is the native, folded 
state. 

. 
retained based on potential energy. Our present 
approach uses MD data to sample a larger C-
space. 

� Connecting the roadmap
The k (small constant) closest neighbors for 
each node are connected and an edge weight is 
assigned reflecting the energetic feasibility of 
transition.

� Extract folding pathways
The roadmap produces folding pathways from 
which secondary structure formation orders can 
be obtained to validate results.

• Problem: Current simulations using the 
Probabilistic Roadmap Method (PRM) 
can sample a limited conformational 
space (C-space)

• Cause: Sampling is based solely on the native 
state

• Alternative: Use other sources of data e.g. Molecular 
Dynamics (MD) data for sampling.
-- MD simulations expensive for all but 
the smallest of proteins.
-- Overcome limitation by using MD data 
for small overlapping fragments

• Benefits: -- Reduce dependence on the native 
state
-- More realistic sampling of C-space 
with accurate MD data 
-- Augment method with rigidity analysis 
to get improved sampling.
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Conclusion

Native state

Method 2: With native state

• 12 residue fragments give better node distribution for Protein G as compared 
to 8 residue fragments.

• Landscapes produced by Method 1 (without the native state) have the same 
general trends as those produced from the native state. They also show good 
clustering. 

• Method 2 (with the native state) explores a larger conformational space as 
compared to Method 1. Landscapes obtained are comparable to ones from the 
existing sampling method. 

• Method 2 requires fewer nodes and less time to generate roadmaps as 
compared to the existing method.
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Protein G

56 residues

(1α helix,  2 β sheets)

Effect of Fragment lengths on landscapes

We applied our methods 
to MD data for 8 and 12 
residue fragments of 
Protein G. 12 residue 
fragments give better 
node distribution and 
lower  RMSD – potential 
limits than those for the 8 
residue fragments.
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Potential energy vs. RMSD

Landscapes from Method 1

Landscapes from Method 1 
(without the native state) 
have the same general 
characteristics as the ones 
generated by existing 
sampling methods (with the 
native state). 

Performance of Method 2

As compared to Method 1, 
Method 2 samples a larger 
part of the C-space. 
Method 2 also produces 
landscapes very similar to 
those produced by the 
existing sampling method. 
Comparison shows that 
Method 2 requires fewer 
nodes and less time to 
build the roadmap.  

Performance comparison: Method 2, Existing method
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