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Investigation of complex systems requires the
application of multiple tools
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Organization of Talk

Translating Information in RNA
Evolutionary analysis of biomolecules
Allosteric signaling pathways

Disordered Regions in Signaling Cascades
Multivalent Proteins
Modeling Disordered Proteins
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Setting the Genetic Code: Evolutionary Analysis
The central dogma of molecular biology

describes how DNA is translated into proteins

The universal genetic
code iIs used to translate
the information in the
DNA into functional
proteins.

http://compbio.pbworks.com/w/page/16252897/Introduction%20and%20Basic%20Molecular%20Biolo
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Setting the Genetic Code: Evolutionary Analysis
The genetic code is set by enzymes called the

aminoacyl-tRNA synthetases
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Setting the Genetic Code: Evolutionary Analysis
Goal of Evolutionary Analysis

Nothing in biology makes sense except in the light of
evolution. - Theodosius Dobzhansky

Structural alignment Sequence alignment

Conservation analysis provides information on the
constraints in the evolution of biomolecular families.
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Setting the Genetic Code: Evolutionary Analysis
Evolutionary Analysis

BLAST
Sequence —Sequence Database

The sequences used to represent the evolutionary history of a
biomolecule are the sequences found in a database.
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Statistical Analysis

The sequences used to represent the evolutionary history of a
biomolecule are the sequences found in a database.
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Setting the Genetic Code: Evolutionary Analysis
Evolutionary Analysis

BLAST
Sequence —Sequence Database
PSI-BLAST ﬁ CLUSTAL W
HMMER |

Sequence Alignment

v

Statistical Analysis

The sequences used to represent the evolutionary history of a
biomolecule are the sequences found in a database.




Setting the Genetic Code: Evolutionary Analysis
The sequence and structure databases are

biased towards bacterial domain of life

Bacteria Archaea Eucarya
Animals

Eurvarchaeota

Crenarchaeota

Universal Phylogenetic Tree Leucyl-tRNA synthetase displays the
Three domains of life full canonical phylogenetic distribution
Based on rRNA

for review see Woese PNAS 2000 Woese, et al., MMBR 2000.
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Setting the Genetic Code: Evolutionary Analysis
The sequence and structure databases are

biased towards bacterial domain of life

Bacteria Archaea Eucarya
Animals

Eurvarchaeota

Crenarchaeota

Universal Phylogenetic Tree Leucyl-tRNA synthetase displays the
Three domains of life full canonical phylogenetic distribution
Based on rRNA

The databases are biased and statistical analysis of sequence and
structure profiles implement ad-hoc sequence weighting methods.

for review see Woese PNAS 2000 Woese, et al., MMBR 2000.
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Setting the Genetic Code: Evolutionary Analysis
Non-redundant sets of sequences and

structures can be used for statistical analysis.

Too much information Economy of information
129 Structures 16 representatives

Multidimensional QR
factorization
of alignment matrix, A.

P. O'Donoghue, et al. JMB, 2005; A. Sethi, et al., PNAS, 2005
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Setting the Genetic Code: Evolutionary Analysis
Non-redundant sets of sequences and

structures can be used for statistical analysis.

Too much information Economy of information
129 Structures 16 representatives

Multidimensional QR
factorization
of alignment matrix, A.

QR computes a set of maximal linearly independent sequences/structures.

P. O'Donoghue, et al. JMB, 2005; A. Sethi, et al., PNAS, 2005
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsnRS
GInRS
LysRS
CysRS

A Sethi, et al., PNAS, 2005.
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Genome had four missing aaRSs:

AsnRS} _ _
GInRS Indirect Mechanism
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CysRS

A Sethi, et al., PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsnRS} _ _
GInRS Indirect Mechanism

LysRS Class | aaRS
CysRS

A Sethi, et al., PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsnRS} _ _
GInRS Indirect Mechanism

LysRS Class | aaRS
CysRS

Cysteinyl-tRNA(Cys) formation in Methanocaldococcus jannaschii: the mechanism is
still unknown. J. Bacteriology, Jan. 2004, 186:8-14. Ruan B, Nakano H, Tanaka M,
Mills JA, DeVito JA, Min B, Low KB, Battista JR, and Soll D.

A Sethi, et al., PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsnRS} _ _
GInRS Indirect Mechanism

LysRS Class | aaRS
CysRS

Cysteinyl-tRNA(Cys) formation in Methanocaldococcus jannaschii: the mechanism is
still unknown. J. Bacteriology, Jan. 2004, 186:8-14. Ruan B, Nakano H, Tanaka M,
Mills JA, DeVito JA, Min B, Low KB, Battista JR, and Soll D.

M. jannaschii
genome database
search using EP of
class Il aaRS with
HMMER

A Sethi, et al., PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsSnRS _ ]
GInRS Indirect Mechanism

LysRS Class | aaRS
CysRS

Cysteinyl-tRNA(Cys) formation in Methanocaldococcus jannaschii: the mechanism is
still unknown. J. Bacteriology, Jan. 2004, 186:8-14. Ruan B, Nakano H, Tanaka M,
Mills JA, DeVito JA, Min B, Low KB, Battista JR, and Soll D.

Protein F-value

HisRS
\\p?\’\

PheRS a-chain

M. jannaschii b
genome database B
search using EP of EEES
class Il aaRS with putative CysRS
HMMER o

GIyRS

PheRS B-chain

] A Sethi. et al.. PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis
The story of the missing archaeal CysRS

M.jannaschii genome was completely sequenced in 1996.
Genome had four missing aaRSs:

AsSnRS _ ]
GInRS Indirect Mechanism

LysRS Class | aaRS
CysRS

Cysteinyl-tRNA(Cys) formation in Methanocaldococcus jannaschii: the mechanism is
still unknown. J. Bacteriology, Jan. 2004, 186:8-14. Ruan B, Nakano H, Tanaka M,
Mills JA, DeVito JA, Min B, Low KB, Battista JR, and Soll D.

Protein F-value

HisRS
AspRS
M. jannaschii s
genome database B
search using EP of EEES
class Il aaRS with putative CysRS : MJ1660
HMIMER e

PheRS B-chain

] A Sethi. et al.. PNAS, 2005.
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Setting the Genetic Code: Evolutionary Analysis

The Complete Story

Sauerwald, et al., Science, 2005.
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Setting the Genetic Code: Evolutionary Analysis

The Complete Story

Direct pathway for cysteine aminoacylation
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Setting the Genetic Code: Evolutionary Analysis

The Complete Story

Indirect pathway for cysteine aminoacylation
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Sauerwald, et al., Science, 2005.
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Setting the Genetic Code: Evolutionary Analysis

The Complete Story
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Success from Structure Prediction

RMSD =272 A
Orientation of O-phosphoserine in SepRS is different from that of all other
amino acid substrates in the catalytic site of class |l aaRS.

Fukunaga and Yokoyama, Nature Str. Mol. Biol., 2007. Sethi, et al., PNAS, 2005.
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SeqQR was used to study all the steps of
translation.

Evolution gives valuable clues to understand
how complex systems function.

However, conservation can be due to a variety
of reasons and teasing out the details requires
physical models.




Setting the Genetic Code: Signaling Within Biomolecules
Molecular dynamics simulations can be used

to analyze the dynamics within biomolecules

TIME
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Setting the Genetic Code: Signaling Within Biomolecules
Long range communication is necessary for

setting the genetic code

aa +ATP _83RS a3 AMP + PP,

R
23-AMP + tRNAze 23RS {RNA% + AMP

gb

PDB ID: 1N78
Sekine, et. al., JMB, 1996.Sekine, et. al., Eur. J. Biochem, 1999.
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Setting the Genetic Code: Signaling Within Biomolecules
Long range communication is necessary for

setting the genetic code

Nucleotides that affect the efficiency of
the reaction (catalytic rate) can occur
up to 50-70 Angstoms away from the

catalytic site.
aa +ATP _83RS a3 AMP + PP,

23-AMP + tRNAze 23RS {RNA% + AMP

. 3
PDB ID: 1N78

Sekine, et. al., JMB, 1996.Sekine, et. al., Eur. J. Biochem, 1999.
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Setting the Genetic Code: Signaling Within Biomolecules
Energy landscape theory explains how

macromolecules fold and function

Beginning of helix formation and collapse

.'/"'. Molten globule
2 states o

Allostery involves a change iIn
conformation or dynamics.
Structural changes might occur
| . :

! | Discrete foldi; through a network of local changes.

| intermediates

Native structure Onuchic, et al., Ann Rev Phys Chem, 1997

Lila Gierarsch, Curr Opin Str Biol, 2006
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Setting the Genetic Code: Signaling Within Biomolecules
Observation of Allostery in MD Simulations

) 50.. 50 1100 150 ,200 250 300 350, 400 4sg
tRNA RF- N CP1 RF-C 4H) ACB

Residue/Nucleotide number

CoN <AT@(t)°ATj(t)>
C(Z’]) N (< A?“i(t)z > < Arj(t)Q >)0‘5

Correlation in motion between residues and nucleotides in protein:RNA

complex. A Sethi, et al., PNAS, 2009.
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Setting the Genetic Code: Signaling Within Biomolecules

|deas borrowed from network theory

Nodes represent the
residues/nucleotides
In the complex.

Edges represent
contact between
monomers in the
complex.

The edges can either be unweighted or weighted.
The edges are weighted by correlation (Cj)
between contacts in the simulation:

Sunday, June 2, 13



Setting the Genetic Code: Signaling Within Biomolecules
|deas borrowed from network theory

Path from 1—6

Nodes represent the
residues/nucleotides
In the complex.

Edges represent
contact between
monomers in the
complex.

The edges can either be unweighted or weighted.
The edges are weighted by correlation (Cj)
between contacts in the simulation:

wij = —In(|Ci;1)

The path distance is the sum of the weights or
distance of each edge:

Dz'jz E WEkl

k,l
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Setting the Genetic Code: Signaling Within Biomolecules
|deas borrowed from network theory

Nodes represent the
residues/nucleotides
In the complex.

Edges represent
contact between
monomers in the
complex.

The edges can either be unweighted or weighted.
The edges are weighted by correlation (Cj)
between contacts in the simulation:

wij = —In(|Ci;1)

The path distance is the sum of the weights or
distance of each edge:

Dz'jz E WEkl

Modules have fewer
connections between
them

k,l

Girvan and Newman, PNAS, 2002
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Setting the Genetic Code: Signaling Within Biomolecules
The Importance of Suboptimal Paths

Suboptimal paths from anticodon

There are a number of suboptimal paths for communication between
identity elements and active site.

A Sethi, et al., PNAS, 2009.



Setting the Genetic Code: Signaling Within Biomolecules
The Importance of Suboptimal Paths

Suboptimal paths from anticodon
base

There are a number of suboptimal paths for communication between
identity elements and active site.

A Sethi, et al., PNAS, 2009.



Setting the Genetic Code: Signaling Within Biomolecules
The Importance of Suboptimal Paths

Suboptimal paths from anticodon Suboptimal paths from Ura11

base

There are a number of suboptimal paths for communication between
identity elements and active site.

A Sethi, et al., PNAS, 2009.
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Setting the Genetic Code: Signaling Within Biomolecules

The Importance of Suboptimal Paths

Suboptimal paths from anticodon Suboptimal paths from Ura11
base

There are a number of suboptimal paths for communication between
identity elements and active site.

A Sethi, et al., PNAS, 2009.
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Setting the Genetic Code: Signaling Within Biomolecules
Regions connecting modules form hotspots for

communhnication in the network

Communities are modules within the
network that move in a correlated
fashion during the MD simulation.

Residues connecting modules are
critical for communication in the
biomolecular network

They are conserved in evolution
They affect network properties

They occur in majority of suboptimal
pathways

A Sethi, et al., PNAS, 2009.
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Setting the Genetic Code: Signaling Within Biomolecules
Regions connecting modules form hotspots for

communhnication in the network

Communities are modules within the
network that move in a correlated
fashion during the MD simulation.

Residues connecting modules are
critical for communication in the
biomolecular network

They are conserved in evolution
They affect network properties

They occur in majority of suboptimal
pathways

A Sethi, et al., PNAS, 2009.
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Signaling Within Biomolecules
The modules in the protein are more highly
conserved

CAP210 YU2 HXBC2

The communities in the network are highly conserved between
different sequences of gp120.

The intermodular contacts are under high immune pressure to
evolve.

A Sethi, et al., PLoS Comp Biol, 2013
Sunday, June 2, 13




Setting the Genetic Code
Conclusions

- Balanced evolutionary profiles provide an economy of
information that can be used for gene annotation.

- Evolutionary profiles were successful at identifying the protein
responsible for cysteine aminoacylation in methanogens.

- The suboptimal paths should be considered while studying
communication between distant sites in biomolecular
complexes.

- The residues involved in communication between modules in
the dynamical network are highly conserved and form hot spots
for communication in biomolecular complexes.
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Part 2:

Structurally
Modeling
Signaling
Cascades

Signaling cascades
regulate information
transfer inside the
cell.

4}@;4}

/ cyloplasm
\
1 #
transcription nucleus

http://en.wikipedia.org/wiki/Cell signaling
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Eukaryotes have a significant proportion of
their proteins that are disordered.

Classical interpretation:

Protein’s ordered structure is
related to its function.
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Liu, et al. PNAS, 2009
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Eukaryotes have a significant proportion of
their proteins that are disordered.

Classical interpretation:

Protein’s ordered structure is
related to its function.

THE PROTEIN TRINITY

Ordered

7N

Molten Random
globule coil

00 0 50 100 0
Disordered residues (%)

Liu, et al. PNAS, 2009
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Eukaryotes have a significant proportion of
their proteins that are disordered.

Classical interpretation:

Protein’s ordered structure is
related to its function.

THE PROTEIN TRINITY

Ordered
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Molten Random
globule coil
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Fuzzy complexes
Entropic chains

Liu, et al. PNAS, 2009

Sunday, June 2, 13




Signaling Cascades: Disordered Regions

Disordered proteins are considered to either
have a weakly funneled or a rugged energy
landscape

Dominant Population

>

>
@)
P
)
C
O
>
=
O
D
L

Roughness

“Normal” Protein Disordered Protein - | Disordered Protein - |l
(Strongly Funneled) (Weakly Funneled) (Rugged Landscape)

Onuchic, et al., Ann Rev Phys Chem, 1997 Papoian, PNAS, 2008



Signaling_Cascades: Q_uantifyi_ng Multivalen_t Binding
Signaling proteins utilize multivalent

Interactions

The nucleotide
exchange factor
Sos1 has to be
localized near the
plasma membrane.

Houtman, et al., NSB, 2006.
Nag, et al., Biophys J., 20009.
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Signaling_Cascades: Q_uantifyi_ng Multivalen_t Binding
Signaling proteins utilize multivalent

Interactions

The nucleotide Grb2 consists of
exchange factor two SH3 domains
Sos1 has to be that interact with
localized near the Sos1.

plasma membrane. Houtman, et al., NSB, 2006.

Nag, et al., Biophys J., 20009.



Signaling_Cascades: Q_uantifyi_ng Multivalen_t Binding
Signaling proteins utilize multivalent

Interactions

The nucleotide Grb2 consists of Grb2 consists of
exchange factor two SH3 domains a SHZ2 domain
Sos1 has to be that interact with that interacts
localized near the Sos1. with LAT.

plasma membrane. Houtman, et al., NSB, 2006.

Nag, et al., Blophst 2009.
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Signaling Cascades: Quantifying Multivalent Binding
Multivalent interactions are ubiquitous In

biology.

Signaling proteins often use
multiple binding sites to increase
the overall strength and specificity
of the complexes formed.

Bivalent interaction

Mammen, et al., Angewandte Chemie, 1998
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Signaling Cascades: Quantifying Multivalent Binding
Controversy on stoichiometry of complexes

formed under physiological conditions.

e OO 0O )~
A /‘/‘ ’ | \R\\// P1 P2 P3 P4
AY @ Y - - -
= S e S\ \ A\ e\ .
N-SH3 | | | —— |
V. 8 ’:.~ (S
\i =i 4
(VA 1
Grb2
Maignan, et al., Science, 1995. McDonald, et al., Biochemistry, 2009
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Signaling Cascades: Quantifying Multivalent Binding

Simultaneous binding of both SH3 domains to
two motifs in Sos1

A Sethi, et al., PLoS Comp. Biol., 2011

Sunday, June 2, 13



Signaling Cascades: Quantifying Multivalent Binding
Simultaneous binding of both SH3 domains to
two motifs in Sos1

P

N-SH3
C-SH3
Pj

PiC:Grb2:PiN (P;CGPN)

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding

Simultaneous binding of both SH3 domains to
two motifs in Sos1

P{C:Grb2:PN (PCGPN)
P

[P]CGPiN] — KJC [GPiN]
KJC/ — K]C X Ceff(Pivajc)

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding
Modeling multivalent interactions

Motifs of Sos1 that bind to Grb2
- Evolutionary analysis
- Binding Energy Calculations

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding
Modeling multivalent interactions

Motifs of Sos1 that bind to Grb2
- Evolutionary analysis
- Binding Energy Calculations

Simultaneous binding of two motifs in Sos1 to Grb2
- Hybrid model from polymer theory and MD Simulations.

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding
Modeling multivalent interactions

Motifs of Sos1 that bind to Grb2
- Evolutionary analysis
- Binding Energy Calculations

Simultaneous binding of two motifs in Sos1 to Grb2
- Hybrid model from polymer theory and MD Simulations.

Binding of Grb2 to Sos1
- Thermodynamic modeling of Grb2-Sos1 complexes.

A Sethi, et al., PLoS Comp. Biol., 2011
Sunday, June 2, 13



Signaling Cascades: Quantifying Multivalent Binding

The flexibility of both binding partners
determine Cef.

\ "
h~:

‘(L

' LBV
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Signaling Cascades: Quantifying Multivalent Binding

The flexibility of both binding partners
determine Cef.

Worm-like chain model for linker

3 \"? —3r2
. (PN.PY . r) =
Ppep (B, B 57) (zmzpz) P <4zpzc>
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Signaling Cascades: Quantifying Multivalent Binding

The flexibility of both binding partners
determine Cef.

— / Pbs (F)ppep ( 7Pj07 F) dgr
r=0

Worm-like chain model for linker

3 \"? —3r2
. (PN.PY . r) =
Ppep (B, B 57) (zmzpz) P <4zpzc>
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Signaling Cascades: Quantifying Multivalent Binding
The flexibility of the linker and the motion of

the two domains with respect to each other
influence Cq

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding

The local concentration of the other motifs near
the second binding site of Grb2 is in mM range

Motif

bound to

C-SH3
domain

Motif bound to N-SH3 domain

P1 P2 P3 RP P4
P1 - 0.6 2.1 1.6 1.6
P2 0.3 0.7 1.7 1.9
P3 1.6 0.4 1.5 2.1
RP 1.6 1.7 1.5 0.07
P4 1.4 1.6 1.7 0.07

Ceff (mM)

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding

The local concentration of the other motifs near
the second binding site of Grb2 is in mM range

Motif

bound to

C-SH3
domain

Motif

bound to

C-SH3
domain

Motif bound to N-SH3 domain

P P2 P3 RP P4
P - 0.6 2.1 1.6 1.6
P2 0.3 0.7 1.7 1.9
P3 1.6 0.4 1.5 2.1
RP 1.6 1.7 (i 0.07
P4 (! 1.6 1.7 0.07

Motif bound to N-SH3 domain

P1 P2 P3 RP P4
P1 - 12 V4 ) 4
P2 164 - 220 94 62
P3 42 220 - (KK 67
RP 43 o6 130 - 2100
P4 37 46 90 2300 -

Ceff (mM)

L/KG5© (nM)

A Sethi, et al., PLoS Comp. Biol., 2011

Sunday, June 2, 13



Signaling Cascades: Quantifying Multivalent Binding
It is very difficult to distinguish different

complexes formed between Sos1 and Grb2 in
experiments

15 b — GRB2
(30 uM)

(30 uM)

(10 uM)

Component sedimentation coefficient distribution ¢, (s) (UM S "

2 3 4 5 6 7

Sedimentation coefficient (S)
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Signaling Cascades: Quantifying Multivalent Binding
The 1:1 complex is actually a large

combination of complexes that should be taken
iInto account.

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding
The 1:1 complex is actually a large

combination of complexes that should be taken
iInto account.

Predicted value = 1.2 uM.
Experimental value = 0.3 uM.

A Sethi, et al., PLoS Comp. Biol., 2011
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Signaling Cascades: Quantifying Multivalent Binding

The 2:1 complex contains an even larger
combination of complexes.

Predicted value = 14 uM.
Experimental value = 1 uM.

% 1 \ -X -NC
1\2 — )[\l ( Z yj P [\ —+— y‘ y‘ y‘ Z [\i 1\};‘
X, Y=N.,C i=1 j=1,j# X=N.,C i=1 j=1 k=1,k#j#i
NC j~NC
+ y: Y: », Z I\ 1) I\A-[ )
i=1 j=1 =1,1#k#]#1 A Sethi, et al., PLoS Comp. Biol., 2011
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Is a WLC model a good model to get the
probability of the distance between the
two ends of a linker?

Can we use MD-based methods to
figure this probability density?




Signaling Cascades: Disordered Regions

Fibrils or oligomers of disordered proteins are
often |mpI|cated In neurological diseases

X )Y‘ l
e e e s e e e n e e e ey

Membrane-bound
(x-helical)

Monomer

(unfolded)
oP oK,
P Nitx3 S
Oligomers, pores?

Fibrils v
(B-sheet)

Cookson, Ann. Rev. Biochem., 2005
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Signaling Cascades: Disordered Regions

Fibrils or oligomers of disordered proteins are
often |mpI|cated In neurological diseases

Membrane-bound
(cx ?1(?|(1;1V

Monomer

(unfolded)
>
Oligomers, pores?

Image Source:
http://www.genome.gov/pressDisplay.cfm?photolD=10004

Cookson, Ann. Rev. Biochem., 2005
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Signaling Cascades: Disordered Regions
Is divide and conquer technique possible for
IDPs?

Can we break an IDP into smaller, more manageable, pieces in order to
calculate it's conformational network (divide and conquer approach)?

A Sethi, et al., Biophys. J., 2012
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Can we break an IDP into smaller, more manageable, pieces in order to
calculate it's conformational network (divide and conquer approach)?
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Signaling Cascades: Disordered Regions

We performed 100 simulations to sample
the entire phase space of a-synuclein

50 conformations generated
using random colil generator
(conformations of random
coils in pdb database)

8 partially helical conformations
chosen from one simulation of the
helix turn helix conformation + 2
native conformations of a-synuclein =
50 partially helical simulations (five
simulations starting from 10 different
conformations).

A Sethi, et al., Biophys. J., 2012
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Signaling Cascades: Disordered Regions

The protein collapses and remains collapsed
during the timescale of these simulations.

2

: “\J"\j\/\?ﬁ%

A Sethi, et al., Biophys. J., 2012
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Signaling Cascades: Disordered Regions

The protein stays trapped in a minima upto
hundreds of nanoseconds.

Q
.
v
Q
(& -

Residue Residue

<r(i,j)> (|n Angstroms) during Standard deviation in r(l,j)
300ns of 298K (NMR) (in Angstroms) during
300ns of the 298K (NMR)
simulation.

A Sethi, et al., Biophys. J., 2012
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Signaling Cascades: Disordered Regions
The protein forms a heterogeneous collapsed
state.
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Signaling Cascades: Disordered Regions
The protein forms a heterogeneous collapsed
state.

s partially helical
Em random
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The protein behaves like an ideal chain in poor solvent.
There are no persistent long-range contacts in the protein.

A Sethi, et al., Biophys. J., 2012
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Signaling Cascades: Disordered Regions

Communities are modules within the network.
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Signaling Cascades: Disordered Regions

The heterogeneous nature of the compact
states may make it possible to split a-synuclein
iInto smaller peptides

Nine communities in combined trajectory.

The communities are made of sequentially contiguous
residues.

A Sethi, et al., Biophys. J., 2012
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Bayesian Statistics of Intrinscially Disordered

Proteins

| Medium Error Fit SPenmen

| o i o The Bayesian ensemble of a-
synuclein is semi-collapsed
(mean of 35 Angstroms) and
contains very low residual

| secondary structure (mean of

01 ] 7% helicity)

Weight

Frequency (cm) Cluster Index
' C atoms N atoms
’ Medium Error 126} Medium Error P, :
178 RMSD = 1.16 ppm RMS? =3 Gfﬁp'pim ol o - . .
Corr Coeff = 0.89 122| Corr Coeff = 0.92 3 The predicted chemical shifts
\ I B , :
ne- 118 P v or the Bayesian ensemble are
d consistent with experimental
114 P - ]
observations
110 B i
N e 106
73 174 175 176 177 178 179 106 110 114 118 122 126

Sethi et al., Chem. Phys., In Press.
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Signaling Cascades

Conclusions

The local concentration in multivalent complexes can be quantified using
a combination of polymer models and MD simulations.

The distribution of the multivalent complexes further increases the
effective equilibrium constants for complexes of different stoichiometry to

form.

IDPs can exist in a heterogeneous collapsed state in aqueous
environment.

The collapsed states are stabilized by contacts that remain for hundreds
of nanoseconds.

The heterogeneity in the collapsed states might make it possible to divide
a—-Synuclein into smaller fragments.
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