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OUR NEW JUSTICE

Confirmed 68-31




Statistical Potentials 1n Rosetta

Ramachandran term p ((b W ‘Res)
(coil residues)

Rotamer term p ( rioy, Res)
(all residues)

Design term p (Res (b,l//)

(all residues)
Hydrogen bond, other terms...

Important to be smooth, differentiable (¢,y) ALY SR
Based on accurate input data

What input data sets? (all sec. str, coil, turns?)




Non-parametric statistics
Kernel density estimates

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




Kernel width

Undersmoothed Oversmoothed Optimally smoothed

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




Adaptive kernel density estimates

FIXED bandwidth estimates VARIABLE bandwidth estimates
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h = 1.11 (default) h=1.11 (default)
h =0.55 h=0.55

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



Directional statistics
Von Mises Probability Distributions

p(o)= 20—

(wikipedia page on Von Mises distns)

For large kappa, very close to normal distributions




Using Von Mises Distributions for
Adaptive Kernel Density Estimates of Angular Data

K becomes
geometric mean of
kernel widths

Kernel widths from pilot density estimate from non-adaptive KDE




Rama potential: kernel widths
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Ramachandran Data

10495 Loops len>8 Loop Turn Coil 310H

Turn 47% 38% 42% 18% 96%
Co1l 36% 23% 19% 32% 03
310H 13% 28% 25% 41% 0%

Bridge 4% 10% 13% 9% 32
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Serine: trans, plot type = -;_1-rotamer P

850 proteins
<1.7A
<50% 1d

2002 Library

Asn/GIn/His
flips

B-factor<40

No contacts

Serine: g, plot type = y,-fotamer p

-rotamer p

%,-rotamer p
Ly




Adaptive kernel density estimates
Ramachandran distribution for each rotamer of Valine

frans

K
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Bayes’ rule

We can get p(Q),l//Ir) . How do we get p(r‘(b,l//) ?

Invert using Bayes’ rule:




Valine
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Kernel widths

Cross Validation of log likelithood

Hp((b T | ) Maximize log L for

In ¢,y space, each rotamer as a

rotamer-dep function of Kby
log L Zlnp ( calculating p on 90%

of data and evaluating

l b

L on 10%

In ¢,y space,
rotamer-
indep
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Correct way

In » space

:Hp(,,

log L(x 210gp( rlo.v)
OPCY=12.7 [95%-wind-64.3 ]
<g'tg >
Same (§,y) --> same K B 4 12% (?15 / 17351)
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LEU K;n =25 [20~ 22.9°], Qg = 0.5; dataPoints, adap

yr 180 _180-120"80

OPOY=25 3195%-winda5.5]  «PCV=253[95%-wind-45.5]  «PV=25.3[95%-winck45.5]
<g g+> : <g t>: <g g~
3.21% (954 / 29742 62.30% (18529 / 29742 0.65% (192 / 29742




Dim2 : DensEstim, phipsi . <allr-Space> | data points # = 19323
EstBest CV kappa = 97 [ -0.74875 ], 95%-window = 23.3

CrossValidation Score
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Dim2 : DensEstim, phipsi ;. <allir-Space> | data points & = 19323
EstBest CV kappa = 27 [ -0.83787 ], 95%~-window = 44 3

CrossValidation Score
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Design term

N(Res‘q) T Ayt A)

p(Reslo.y) = N(p£ A,y tA)

p(q),l//‘Res)p(Res)

Rl 7 (Res|o.y) = 2. p(0.y/|Res,) p(Res,)

P (¢ Y ‘RBS ) comes from kernel density estimates




Propensities

Rosetta




Rosetta’s current design term







Glycine

Rosetta




Proline

Rosetta




Propensity: Input set -- ALA




Propensity: Input set -- GLY




Propensity: Input set -- ASN
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For Today’s Graduate, Just One Word: Statistics
STEVE LOHR

SIGM
MOUNTAIN VIEW, Calif. — At Harvard, Carrie Grimes majored in e
anthropology and archaeology and ventured to places like Honduras,
where she studied Mayan settlement patterns by mapping where
artifacts were found. But she was drawn to what she calls “all the
computer and math stuff” that was part of the job.




