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Statistical Potentials in Rosetta

• Ramachandran term
(coil residues)

• Rotamer term
(all residues)

• Design term
(all residues)

• Hydrogen bond, other terms...

Important to be smooth, differentiable (φ,ψ)
Based on accurate input data
What input data sets? (all sec. str, coil, turns?)

p φ,ψ Res( )

p r φ,ψ ,Res( )
p Res φ,ψ( )

d log p dφ



Non-parametric statistics
Kernel density estimates
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Assign a function (kernel)
to every data point to
spread out or smooth the
data. At each “query point”
(e.g. on a regular grid),
add the value of all the
kernels.



Kernel width

Undersmoothed Optimally smoothedOversmoothed

http://www.maths.uwa.edu.au/~duongt/seminars/intro2kde/



Philippe van Kerm: http://ideas.repec.org/p/boc/usug03/15.html

Adaptive kernel density estimates
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Directional statistics
Von Mises Probability Distributions

� 

p θ( ) =
exp κ cos θ −θ0( )( )

2πI0 κ( )

For large kappa, very close to normal distributions

(wikipedia page on Von Mises distns)



Using Von Mises Distributions for
Adaptive Kernel Density Estimates of Angular Data
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Kernel widths from pilot density estimate from non-adaptive KDE

Ramachandran PDF

λl =
f̂ φi ,ψ i( )

i
∏
f̂ φi ,ψ i( )

κ becomes
geometric mean of

kernel widths



Rama potential: kernel widths

κ=10 κ= 25 κ= 50

κ= 100 κ= 200

Gln



Ramachandran Data
10495 Loops len≥8
Turn 47%
Coil 36%
310H 13%
Bridge  4%

     Loop Turn Coil 310H
  A 38% 42% 18% 96%
  B 23% 19% 32%  0%
  P 28% 25% 41%  0%
  L 10% 13%  9%  3%

B P

A    
L



Rama potential: input sets
All nonEH

T C

All

G

nonEHGI



2002 Library
850 proteins

≤1.7Å

≤50% id

Asn/Gln/His
flips

B-factor<40

No contacts



Adaptive kernel density estimates
Ramachandran distribution for each rotamer of Valine

g+ trans g+
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Bayes’ rule

� 

p A,B( ) = p AB( )p B( ) = p B A( )p A( )

We can get                     . How do we get                    ?

Invert using Bayes’ rule:

� 

p rφ,ψ( )

� 

p AB( ) =
p B A( )p A( )

p B( )

� 

p φ,ψ r( )

� 

p rφ ,ψ( ) =
p φ ,ψ r( ) p r( )
p φ ,ψ ′ r ( ) p ′ r ( )

′ r 
∑



Valine
g+ trans g-



Kernel widths
Cross validation of log likelihood

L r;κ( ) = p φi ,ψ i r( )
i
∏

logL r;κ( ) = ln p φi ,ψ i r( )
i
∑

Maximize log L for
each rotamer as a
function of κ by

calculating p on 90%
of data and evaluating

L on 10%

In φ,ψ space,
rotamer-dep

L κ( ) = p φi ,ψ i( )
i
∏

logL κ( ) = ln p φi ,ψ i( )
i
∑

In φ,ψ space,
rotamer-

indep





Correct way

L κ( ) = p r φi ,ψ i( )
i
∏

logL κ( ) = log p r φi ,ψ i( )
i
∑

Same (φ,ψ) --> same κ
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In r space
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p Res φ,ψ( ) = N Res φ ± Δ,ψ ± Δ( )
N φ ± Δ,ψ ± Δ( )

Design term

p Res φ,ψ( ) = p φ,ψ Res( ) p Res( )
p φ,ψ Resi( ) p Resi( )

i
∑

Current

Proposed

p φ,ψ Res( ) comes from kernel density estimates



Propensities



Rosetta’s current design term



Kappa



Glycine



Proline



Propensity: Input set -- ALA



Propensity: Input set -- GLY



Propensity: Input set -- ASN
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