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Proteins exhibit a broad
range of flexibility

Dynamics in
microcrystalline
proteins

Local dynamic
modes on multiple
timescales....

...and their role R
In functional complexes

| SS
A‘ MNa

Multidomaijoroteins
with flexiblinkers

Multidomain proteins
with highly disordered
functional domains

Flexible domaing $ .
Intrinsically <
disordered

proteins
http://www.ibs.fr/research/research-groups/protein-dynamics-and-flexibility-by-nmr-group-m-blackledge/



Duhovny, Kim, & Sali, BMC Structural Biology, 2012

Estimating the

conformational ensembles
of flexible proteins: a | N
difficult inverse problem |
Experimental data tend to come in two Single ’
varieties: ctructure
N prediction
1. Ensemble average quantities (NMR, from SAXS
SAXS).

® 782

2. Distributional data that are sparse over
the atomic coordinates (DEER, FRET).
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Estimating the
conformational ensembles

of flexible proteins: a
difficult inverse problem

Experimental data tend to come in two

varieties: Lot's of great work has
been done to leverage
ensemble average
guantities

1. Ensemble average quantities (NMR,
SAXS).

2. Distributional data that are sparse over

the atomic coordinates (DEER, FRET). These data are harder to

deal with!



Bias-resampling ensemble refinement (BRER)
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Bias-resampling ensemble refinement (BRER
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- 15 us of all-atom simulation data for this project Y awic "
- Over the course of my fellowship used over 200k AWICOWSKI
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