This document is downloaded from DR‑NTU (https://dr.ntu.edu.sg)
Nanyang Technological University, Singapore.

Mechanistic insights into proteins association
through molecular dynamics
Chua, Khi Pin
2017
Chua, K. P. (2017). Mechanistic insights into proteins association through molecular
dynamics. Doctoral thesis, Nanyang Technological University, Singapore.

http://hdl.handle.net/10356/73025
https://doi.org/10.32657/10356/73025

Downloaded on 09 Jan 2023 08:13:42 SGT

Mechanistic Insights Into Proteins Association
Through Molecular Dynamics

Khi Pin Chua
Interdisciplinary Graduate School
NTU Institute for Health Technologies
2017

Mechanistic Insights Into Proteins
Association Through Molecular Dynamics

Khi Pin Chua

Interdisciplinary Graduate School
NTU Institute for Health Technologies

A thesis submitted to the Nanyang Technological University
in partial fulfilment of the requirement for the degree of
Doctor of Philosophy

2017

i

Acknowledgments
I would like to express the utmost gratitude to my supervisor, Associate Professor
Chew Lock Yue for his guidance throughout the four years of my doctoral study. He
has been the biggest source of motivation for me. His insistence in doing science the
right way is an inspiration to all of us in the lab. Additionally, I would like to thank my
co-supervisor, Associate Professor Mu Yuguang for steering me in the right direction
when I was lost. His experience in the molecular dynamics field has been one of the
main factors I learnt so much during the past four years.
Other than that, I would like to thank my mentor, Associate Professor Konstantin
Pervushin for giving me valuable feedbacks in the projects I have done during our
meetings. The feedbacks were crucial in polishing my works. My sincere thanks
also go to my collaborators Assistant Professor Miao Yansong, Associate Professor
Ali Miserez, Sun He and Hiew Shu Hui. I have learnt from them the nuances of
experimental biology during our interdisciplinary collaborations.
I would also like to take this chance to thank my labmates for the useful discussions
during group meetings and for all the fun we had going out for group dinner. I could
not have gone through the thesis without their supports.
I am extremely grateful to my family who has supported me unconditionally
throughout the thesis. They have provided me moral and emotional support when
I had doubt in this journey. Lastly, I would like to thank my friends for the social life
I needed besides working in the lab. And the friend who had the patience to listen to
a nerdy scientists’ random science facts and his struggles with life.

Contents
Acronyms

iv

List of Figures

v

List of Tables

ix

1 Overview and Main Methodology
1.1 Basic Structures of Proteins and Protein Folding Problem . . . . . . . .
1.2 Proteins’ Aggregation and Gelation . . . . . . . . . . . . . . . . . . . .
1.3 Protein-protein Recognition . . . . . . . . . . . . . . . . . . . . . . . .
2 Methodology and Literatures Review
2.1 Molecular Dynamics . . . . . . . . . . . . . . . . . . . . . . . . . .
2.2 Applications of Molecular Dynamics on Protein-protein Interactions
2.2.1 Amylin (IAPP) Aggregation . . . . . . . . . . . . . . . . . .
2.2.2 Prion Fragment: PrP106-126 Aggregation . . . . . . . . . .
2.2.3 Peptides Gelation . . . . . . . . . . . . . . . . . . . . . . . .
2.2.4 Protein-protein Complexes: Recognition of Polyprolines . . .
2.3 Aims and Objectives . . . . . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.

.
.
.
.
.
.
.

1
1
5
7
9
9
14
14
16
19
22
24

3 Replica Exchange Molecular Dynamics Simulation of Cross-Fibrillation
of IAPP and PrP106-126
26
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2 Simulation Details and Analysis Methods . . . . . . . . . . . . . . . . . 28
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.3.1 REMD Diagnostic Tests . . . . . . . . . . . . . . . . . . . . . . 31
3.3.2 Secondary Structures Propensity and Contact’s Probability . . . 32
3.3.3 Dihedral Principal Component Analysis . . . . . . . . . . . . . 35
3.3.4 β-sheets Formation . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.4 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.5 Supplementary Information . . . . . . . . . . . . . . . . . . . . . . . . 47
3.5.1 Comparison of dPCA Energy Landscape at Three Lowest Temperatures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.5.2 The Evolution of into Structure E . . . . . . . . . . . . . . . . . 47
3.5.3 DSSP Plot for 315 K Ensemble . . . . . . . . . . . . . . . . . . 50
3.5.4 Dynamical Reweighting using MBAR . . . . . . . . . . . . . . . 50
3.5.5 Structures from Conformational Clustering . . . . . . . . . . . . 53
3.5.6 Constant Temperature Molecular Dynamics with Amber99SBILDN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4 Towards a Mechanistic Understanding of Peptides Gelation using
Sequences from Sucker Ring Teeth Proteins
56
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
4.2.1 Martini Coarse-grained Model . . . . . . . . . . . . . . . . . . . 58

ii

CONTENTS

4.3

4.4
4.5

4.2.2 Bias Exchange Well-tempered Metadynamics (WT-BEMD) . .
Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
4.3.1 Coarse-grained Simulations using MARTINI Model . . . . . . .
4.3.2 Convergence of Metadynamics Simulation . . . . . . . . . . . .
4.3.3 Metadynamics: Difference in Free Energy Landscape . . . . . .
4.3.4 Metadynamics: Multi-dimensional Free Energy Clustering Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Supplementary Figures . . . . . . . . . . . . . . . . . . . . . . . . . . .

iii

59
62
62
67
70
71
76
79

5 Binding Analysis of Profilin-Polyproline Complex
81
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
5.2.1 Homology Modelling and Molecular Dynamics . . . . . . . . . . 84
5.2.2 MM/PBSA Binding Energy Analysis . . . . . . . . . . . . . . . 86
5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
5.4 Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
5.4.1 Stability of AtPRF3-Polyprolines Complexes and Extended Nterminal α-helix . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
5.4.2 CH-π and Electrostatic Interactions . . . . . . . . . . . . . . . . 94
5.4.3 MM/PBSA Binding Free Energy . . . . . . . . . . . . . . . . . 96
5.5 Supplementary Information . . . . . . . . . . . . . . . . . . . . . . . . 98
6 Conclusion and Future Outlook

102

7 List of Publications

107

8 References

108

Acronyms

Acronyms
Aβ Amyloid Beta protein.
AtPRF Arabidopsis Thaliana Profilin.
BEMD Bias-exchange Metadynamics.
CD Circular Dichroism.
dPCA Dihedral Principal Component Analysis.
FH1 Formin Homology Domain 1.
hIAPP Human Islet Amyloid Polypeptide.
IDP Intrinsically disordered protein.
MD Molecular Dynamics.
METAD Metadynamics.
MM/PBSA Molecular Mechanics/Poisson Boltzmann Surface Area.
NMR Nuclear Magnetic Resonance.
PDB Protein Data Bank.
PMF Potential mean force.
PolyP Poly-prolines.
PP-II Poly-prolines Type II.
PrP Prion Protein.
PrP106-126 Prion protein fragment (residue 106 to residue 126).
REMD Replica-exchange Molecular Dynamics.
RMSD Root-mean-square Deviation.
SASA Solvent-accessible Surface Area.
SH2/SH3 Src Homology Domain 2/3.
SRT Sucker Ring Teeth.
VdW Van der Waal.
WT-BEMD Well-tempered Bias-exchange Metadynamics.

iv

List of Figures
1

2

3

4

5

6
7

8

9

10

Illustrations of a/an (a) α-helix. (b) Anti-parallel β-sheets. (c) Parallel
β-sheets. Figure (a) was generated by author using PyMOL.1 Figures
(b) and (c) were obtained from the Internet from Wikimedia Common
Repository.2, 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Figure shows a protofibril of amyloid beta (Aβ solved experimentally.
Generated using PyMOL using structure 2BEG from Protein Data
Bank (PDB).1, 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
(a) Structure of SH3 with a proline-rich peptide (PDB code:1PRL).5 (b)
Structure of a hemoglobin heterotetramer (PDB code:1C7C).6 Figures
were generated by the author using PyMOL.1 . . . . . . . . . . . . . .
(a) Crystal structure of full length human amylin (hIAPP). (b) NMR
structure of anti-parallel β-sheets structures of hIAPP20-29 (SNNFGAILS). Figures are generated by author using PyMOL.1, 7, 8 . . . . . .
(a) Solution NMR structure of human prion protein (PDB Code:1QLX).9
Structures shown are for residue 125 to residue 228. (b) X-ray crystal
structure of dimeric prion.10 Figure generated by author using PyMOL.1
Crystal structure of the N-terminal domain of silk fibroin from Bombyx
mori. Figure generated by author using PyMOL.1, 11 . . . . . . . . . . .
Test for validity of REMD simulation. (A) Sufficient overlaps are found
between the potential energy distribution of all the temperatures used
in the simulation. Note that each color represents the distribution from
a single temperature. (B) Random walk in the temperature space for all
replicas (y-axis). Colors indicate temperature ensembles, ranging from
lowest temperature (blue) to highest temperature (red). (C) The average coil propensity at different temperatures are similar for ten periods
during the simulation. (D) Average turn propensity which has been
evaluated in a similar fashion as (C). (E) Evolution of secondary structures for the 315 K ensemble. (F) An estimate of the conformational
entropy of the protein complex in bound state by the quasi-harmonic
method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Propensity of the different secondary structures adopted by PrP106-126
and IAPP during the 100-600 ns period. The gray bar indicated by CS
separates the two chains. Index 106-126 is PrP106-126 while index 1-37
is IAPP. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Frequency of contacts formed by (A) PrP106-126 towards IAPP and
(B) IAPP towards PrP106-126. (C) Mean distance between residues of
IAPP and PrP106-126. All contacts and distances were calculated by
including only the heavy atoms. . . . . . . . . . . . . . . . . . . . . .
Contour plot of the relative free energy landscape determined from
dPCA using the first and second principal components of REMD simulation at 315K. Note that the color bar represents the relative free energy
(kJ mol−1 ), which is evaluated from the population of conformations
obtained by determining the frequency of the conformation within a
grid of the energy landscape. . . . . . . . . . . . . . . . . . . . . . . .

v

3

5

8

15

18
21

32

33

35

36

LIST OF FIGURES

11

12

S1
S2

S3
S4
S5

S6

S7

13

14
15

(A-F) Representative structures for six minima in the dPCA relative free
energy landscape. Note that red color is used for IAPP, while blue color
is used for PrP106-126. Yellow spheres indicate the N-termini. Figures
were generated with PyMOL. (G-H) Representative structure from the
9th cluster determined from conformational clustering. (I) Secondary
structures determined by DSSP for A-G. Z is the initial configuration of
the system. Yellow indicates β-sheets, gold indicates β-bridge, orange
indicates 3-10 helix and cyan indicates α-helix. . . . . . . . . . . . . .
(1-8)Snapshots containing inter-chain β-sheets structures. Figures were
generated using PyMOL. (9) Secondary structures determined by DSSP
for structures 1-8. The definition of colors and representation of structures are identical to those given in Figure 11. . . . . . . . . . . . . . .
Comparison of the dPCA energy landscape for the three lowest temperatures ensembles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Snapshots of the different stages described in the structural evolution of
PrP106-126 and IAPP complex. Yellow ball indicates N-terminal. Blue
is used for PrP106-126 chain, while red is used for IAPP chain. t denotes
the time of the frame, T indicates the temperature bath the replica was
in at the particular time. Figures were generated with PyMOL.1 . . .
DSSP plot for ensemble 0 showing the diverse sampling throughout the
REMD simulation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
2D potential of mean force plot using dynamical reweighting on all 55
ensembles from 100 ns to 500 ns. . . . . . . . . . . . . . . . . . . . . .
Top 9 structures from conformation clustering method described in
main manuscript. The numbering of the structures corresponds to the
population number in descending order. . . . . . . . . . . . . . . . . . .
Percentage population of all replicas visiting the middle (30th ensemble
of the 55 total ensemble) ensemble simulated at 382 K. This shows that
replicas from both left and right of the ensemble visited the middle
ensemble with a random pattern in general. . . . . . . . . . . . . . . .
Root-mean-square deviation of distances between backbone atoms for
structure A-F obtained from dPCA analysis and then simulated using
Amber99SB-ILDN using constant temperature molecular dynamics. . .
Solvent Accessible Surface Area (SASA) for the different peptide systems simulated. Each color represents a repeat of the simulation for the
same peptide system. (a) GV8. (b) GL8. (c) GV8 at 2000 mM. (d)
GL8 at 2000 mM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Radial distribution function g(r) for (a) GV8 (b) GL8 (c) GV8 at 2000
mM and (d) GL8 at 2000 mM concentration. . . . . . . . . . . . . . . .
Representative structures for (a)(c) Run one to run three of peptide
GV8 in 400 mM concentration and (d)(f) Run one to three of peptide
GL8 in 400 mM concentration. Water molecules are not shown here as
they are not important to the visualization. (g) Scanning electron microscope (SEM) images of both peptides GV8 and GL8 (Image provided
by Shu Hui, Hiew and Ali Miserez). . . . . . . . . . . . . . . . . . . . .

vi

37

41
47

49
50
52

53

54

55

64
65

66

LIST OF FIGURES

16

17

18

19

20
21

S8
S9
22
23

24

25

Representative structures for the final structures obtained in simulations
with 2000 mM concentration of (a) peptides GV8 and (b) peptides GL8.
Water molecules are colored in cyan. Periodic boundary conditions were
shown by drawing the neighbouring boxes in x, y and z direction. . . .
Free energy for the 7 CVs used in the simulation for peptide GV8.
Magenta line represents free energy samped during the first 200 ns of
the last 400 ns of the simulations, while blue line represents free energy
sampled during the second 200 ns of the last 400 ns of the simulations.
Green line represents the average value of the magenta and blue line,
with the additional condition that it will only be drawn if the deviation
between magenta and blue line is lower than 6 kB T (a) AlphaRMSD.
(b) Anti-parallel β-RMSD. (c) Parallel β-RMSD. (d) Side-chain contact
of Leucine and Valine. (e) Backbone hydrogen bonds. (f) Contacts
between α-carbon. (g) Radius of gyration. . . . . . . . . . . . . . . . .
Free energy for the 7 CVs used in the simulation for peptide GL8. Color
of the lines are defined to be the same as that of figure 17. (a) AlphaRMSD. (b) Anti-parallel β-RMSD. (c) Parallel β-RMSD. (d) Sidechain contact of Leucine and Valine. (e) Backbone hydrogen bonds. (f)
Contacts between α-carbon. (g) Radius of gyration. . . . . . . . . . . .
β-sheets propensity for every amino acid in the sequence. Error bars
were calculated as the standard deviation of average values from four
monomer for each amino acid. . . . . . . . . . . . . . . . . . . . . . . .
Figure shows the ensemble average of (a) β-sheets structures (b) number
of hydrogen bonds at clusters below different free energy cutoffs. . . . .
Representative structures from different energy minima. Arrows indicate the locations on the free energy landscape where the structures
belong to. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Figures show the potentials deposited throughout the 1.2 µs simulation
for peptide GV8. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Figures show the potentials deposited throughout the 1.2 µs simulation
for peptide GL8. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Chemical composition of proline. . . . . . . . . . . . . . . . . . . . . .
(a) Example of the initial binding positions of polyprolines to AtPRF3N37. (b) Root means square deviation of distances between backbone
atoms for homology model generated using SWISS-MODEL. . . . . . .
Figures on top show the representative structures for the largest cluster
for simulation of AtPRF3-N37 in complex with polyprolines. Figures
at the bottom show the corresponding contact maps between residues
of AtPRF3-N37 (y-axis) and polyprolines (x-axis). . . . . . . . . . . . .
Figures on top show the representative structures for the largest cluster
for simulation of AtPRF3-N22 in complex with polyprolines. Figures
at the bottom shows the corresponding contact maps between residues
of AtPRF3-N22 (y-axis) and polyprolines (x-axis). . . . . . . . . . . . .

vii

67

69

70

73
74

75
79
80
83

85

90

91

LIST OF FIGURES

26

viii

Figures on top show the representative structures for the second and
third largest cluster for simulation of AtPRF3-N22 in complex with
polyprolines. Figures at the bottom shows the corresponding contact
maps between residues of AtPRF3-N22 (y-axis) and polyprolines (x-axis). 92
S10 Prediction of secondary structures for AtPRF3-N22 using PSIPRED
webserver. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
S11 RMS Deviation of distance of the backbone atoms of the complexs during simulation for (a) N37L-CN (b) N37U-CN (c) N37L-NC (d) N37UNC (e) N22L-CN (f) N22U-CN . . . . . . . . . . . . . . . . . . . . . . 99
S12 (a) Peptide dissociation in N22L-NC. Other than dissociating from the
binding groove, N-termini can also be seen to have rotated to the
opposite orientation compared to the initial position (figure 23). (b)
Unfolded N-terminal helix in N22U-NC. Cyan color represents the Nterminal extension. Blue sphere indicates the N-termini of polyprolines.
Figures are generated by author using PyMOL.1 . . . . . . . . . . . . . 100

List of Tables
1
2

3

4

S1

S2

S3

5

6

7

Table of 20 types of amino acids categorised by the physical properties
of side chains. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Assignment of index to residues. First row is the indexes for PrP106126 while the second and third rows contain indexes for IAPP. Note
that index 22 is reserved as a chain separator to ease visualization. . .
Binding free energy estimated using MM/PBSA approach. The energies
are rounded to one decimal place and shown in kilocalories per mol. The
binding energy is decomposed into individual component by g mmpbsa
where ∆Eelec is the molecular mechanics (MM) electrostatic energy,
∆EvdW is the MM van der Wal’s energy, ∆Gpolar is the polar solvation
energy and ∆Gnonpolar is the non-polar solvation energy. . . . . . . . .
Binding free energy estimated using MM/PBSA approach with the individual components shown. The energies are rounded to one decimal
place and shown in kilocalories per mol. The binding energy is decomposed into individual component by g mmpbsa where ∆Eelec is the
molecular mechanics (MM) electrostatic energy, ∆EvdW is the MM van
der Wal’s energy, ∆Gpolar is the polar solvation energy and ∆Gnonpolar
is the non-polar solvation energy. . . . . . . . . . . . . . . . . . . . . .
Binding free energy estimated using MM/PBSA approach. Data for
structures a, b, c, d and h were taken from table 2. The binding energy
was decomposed into individual component by g mmpbsa where ∆Eelec
is the molecular mechanics (MM) electrostatic energy, ∆EvdW is the
MM van der Wals energy, ∆Gpolar is the polar solvation energy and
∆Gnonpolar is the non-polar solvation energy. . . . . . . . . . . . . . . .
Average hydrogen bond number between IAPP and PrP106-126 for
structure simulated with OPLS-AA forcefield. The value was calculated using g hbond utility. Note that structures A-F were obtained
from our REMD simulation through dPCA analysis. . . . . . . . . . . .
Average hydrogen bond number between IAPP and PrP106-126 for
structure simulated with Amber99SB-ILDN forcefield. The value was
calculated using g hbond utility. Note that structures A-F were obtained from our REMD simulation through dPCA analysis. . . . . . . .
Table shows moments of inertia for the final snapshots of simulated
peptides GV8 and GL8 at 400 mM concentration. Units for radii of
gyration are in nm. Units for moments of inertia are in a.m.u.nm2 . . .
Ensemble average values for the secondary structures explored during
the simulation. Number indicates the average number of residues adopting the specific secondary structure. Errors are omitted here for clarity
sake as they are negligible. . . . . . . . . . . . . . . . . . . . . . . . . .
Table shows the α-helix content of the constructed N-terminal extension QRRSRAKVKKKKKTN. Percentage content was calculated
as Number15of α-helix where 15 is the length of the extension. Errors were
estimated from the standard deviation during the last 25 ns of each run.

ix

2

27

38

42

54

55

55

65

73

94

LIST OF TABLES

S4
S5
S6
S7
S8

Binding free energy estimated using MM/PBSA for N37L-CN and N37UCN configurations. Unit for energy is kJ/mol. . . . . . . . . . . . . . .
Binding free energy estimated using MM/PBSA for N37L-NC and N37UNC configurations. Unit for energy is kJ/mol. . . . . . . . . . . . . . .
Binding free energy estimated using MM/PBSA for N22L-CN and N22UCN configurations. Unit for energy is kJ/mol. . . . . . . . . . . . . . .
Binding free energy estimated using MM/PBSA for N22L-NC and N22UNC configurations. Unit for energy is kJ/mol. . . . . . . . . . . . . . .
Full FASTA sequence of formin FH1 domain of arabidopsis thaliana . .

x

100
100
100
101
101

List of Equations
2.1
2.2
2.3
2.4
2.5
3.1
4.2
4.3
4.4
4.5
4.7

Newton’s equation of motion . . . . . . . . . . . . . . . . . . . . . . . . .
Potential energy and force of molecular dynamics system . . . . . . . . . .
Force of molecular dynamics system . . . . . . . . . . . . . . . . . . . . .
Set of energy terms describing molecular dynamics system. . . . . . . . . .
Verlet integration method . . . . . . . . . . . . . . . . . . . . . . . . . . .
Exchange probability of replica exchange molecular dynamics simulations.
Equation for metadynamics . . . . . . . . . . . . . . . . . . . . . . . . . .
Equation describing the collective variable (CV) used to quantify secondary
structures in metadynamics . . . . . . . . . . . . . . . . . . . . . . . . . .
Radius of gyration . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Moment of inertia . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Ensemble average values of a metadynamics simulation and the corresponding errors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

xi

12
12
12
12
13
28
60
60
61
63
72

Mechanistic Insights Into Proteins Association
Through Molecular Dynamics
by
Khi Pin Chua

Abstract
The study of proteins’ structures and dynamics is critical to understanding
the question of “What is Life?”. Human body, for example, contains innumerable proteins working in tandem to perform biological functions necessary for
human survival. This thesis attempts to shed insights into various types of association and aggregation processes between proteins and peptides. In the first
part of this thesis, we first look into the aggregation process of human islet amyloid polypeptide (hIAPP) and a small fragment of prion protein (106-126). These
are two structurally and sequentially distinct peptides that were found to aggregate in experiments (Gal et al. JACS 2013, 135, 13582-9).12 We discovered that
the two peptides adopt highly polymorphic complex and can potentially form
β-sheet rich structures. The second part of this thesis looks into the binding
process of a profilin sequence from Arabidopsis Thaliana (AtPRF3) with a short
polyproline peptide. Our binding energy analysis was consistent with that of experiments (Manuscript in preparation) and we were able to provide insights into
the binding mechanism in atomistic details. Several important interactions were
found such as the CH-π stacking and electrostatic attraction/repulsion. Lastly,
this thesis concludes with a project investigating two short peptides from sucker
ring teeth (SRT) proteins that differ only by a single amino acid. One of the
peptides was able to form hydrogel in water while the other could not. By using large scale simulation together with coarse-grained modelling, we discovered
fibril-like structures containing β-sheets.
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1. OVERVIEW AND MAIN METHODOLOGY

1

1

Overview and Main Methodology

1.1

Basic Structures of Proteins and Protein Folding Problem

Proteins are the second most abundant molecules in the human body, accounting
for ≈ 20% of the mass. Proteins carry out various roles vital to human survival
such as acting as enzymes, hormones, and immunoproteins etc. On that account,
protein science is understandably one of the most well-studied fields as scientists seek
to understand the mechanisms and dynamics of the countless proteins relevant to
the physiological functions of living organisms. Despite the enormous efforts put into
decades of studying proteins, many aspects remain a mystery to scientists due to the
sheer complexity of proteins. Chief among these is the protein folding problem, which
is a central theme of this thesis.
Traditionally, the structure of proteins is classified into four levels: primary, secondary, tertiary, and quaternary structures. The basic building block of the primary
structure is called amino acids. There are 20 types of naturally occurring amino
acids.13 Chemically, an amino acid consists of an alpha carbon (Cα ) attached to an
amine (NH2 ) group and a carboxylic (COOH) group. A side chain group is attached
to the alpha carbon. Naturally, the 20 types of amino acids are different from each
other based on the chemical constituent of their side chain group. They are commonly
categorised into polar, non-polar and charged amino acids (Table 1). The primary
structure of a protein is defined as the linear sequence of amino acids (commonly referred to residues) forming the polypeptide chain. Note that in this thesis we will use
peptide and polypeptide interchangably to refer to a chain of two or more amino acids
linked together via peptide bonds. Traditionally, the nomenclature “peptide” refers to
short chain of amino acids while “polypeptide” refers to longer chain. The distinction
however is unclear and deemed unimportant. In addition, a protein is defined as a
folded peptide with well-defined secondary and tertiary structures (explained below).
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Table 1. Table of 20 types of amino acids categorised by the physical properties of
side chains.
Hydrophobic
Glycine, GLY, G
Alanine, ALA, A
Valine, VAL, V
Leucine, LEU, L
Isoleucine, ILE, I
Methionine, MET, M
Phenylalanine, PHE, F
Tryptophan, TRP, W
Proline, PRO, P

Polar
Serine, SER, S
Threonine, THR, T
Cysteine, CYS, C
Tyrosine, TYR, Y
Asparagine, ASN, N
Glutamine, GLN, Q

Positively-charged
Lysine, LYS, K
Arginine, ARG, R
Histidine, HIS, H

Negatively-charged
Aspartic Acid, ASP, D
Glutamic Acid, GLU, E

Next, the secondary structures of proteins refer to the local structures adopted by
the polypeptide chain. These local structures are formed by backbones of a proteins.
The most commonly known secondary structures are α-helix and β-sheets.14 Secondary structures are defined based on patterns of hydrogen bonds formed between
the backbone atoms of proteins and peptides. An α-helix is defined as a contiguous segment of one peptide where the backbone oxygen and hydrogen atom of the
ith residue form hydrogen bonds with those of the (i + 4)th residue. On the other
hand, β-sheet is defined as at least two hydrogen bonds formed between at least two
strands of peptides. Unlike an α-helix, a β-sheets can be formed between two separate
chains of peptides. Secondary structures are illustrated in Figure 1. β-sheets will be a
recurring theme throughout this thesis as it plays a crucial role in stabilising proteinprotein interactions. Thereafter, the arrangement of the various secondary structures
of a polypeptide chain is defined as the tertiary structures. Lastly, multiple protein
subunits can form a large functional unit referred to as the quaternary structures.
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Fig 1. Illustrations of a/an (a) α-helix. (b) Anti-parallel β-sheets. (c) Parallel βsheets. Figure (a) was generated by author using PyMOL.1 Figures (b) and (c) were
obtained from the Internet from Wikimedia Common Repository.2, 3
Central to proteins is the structure and function paradigm, in which it is proposed
that the structures adopted by any protein is responsible for its biological function.
Recently however, intrinsically disordered proteins (IDP), which are defined as proteins
without well-defined structures and energy minima, have also received considerable
interest due to its abundance in the genomic database.15–17 For example, Wright
and Dyson have recently published a review on the roles of IDP cellular signaling and
regulation.18 A protein can consist of up to thousands of amino acids, giving rise to an
enormous amount of possible conformations to be adopted. This is classically known
as the Levinthal’s paradox, when Cyrus Levinthal first noted this problem in 1968.19
In Levinthal’s paradox, every possible conformation of a sequence of amino acid is
assumed to have identical weight and probability. Therefore, their relative free energies
are identical. As such, as the number of amino acid increases, the conformational space
grows extremely fast and Cyrus Levinthal showed that it takes an enormous amount of
time to sample the conformational space in order to arrive at the native conformation.
Further discussion on the topic was able to reduce the complexity of the problem
through statistical energy landscape theory.20–22 It was proposed that the free energy
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landscapes of proteins are rugged and funnel-shaped. Due to this funnel shape, there
is a force bias towards the conformations with low free energy, ultimately allowing
the protein to attain the native state at the global minimum point on the free energy
landscape. Moreover, we can see that it is possible for proteins to go through different
pathways in order to reach the same native state depending on both its initial state and
environmental factors such as temperature. The rugged-ness of free energy landscape
also suggests that there are various local minima along the pathways on the free
energy landscape of which the proteins may be trapped temporarily before proceeding
to other conformations with probabilities depending on the free energy difference. In
some cases, the free energy barrier in certain local minimum may be too high for the
proteins to overcome, causing them to be “stuck” with the particular conformation
belonging to the particular local minimum. The situation when proteins fail to arrive
at its native functional structure is described as protein misfolding. The phenomenon
has been linked to proteins diseases such as Alzheimer’s Disease, Parkinson’s Disease,
mad cow disease etc.23, 24
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Proteins’ Aggregation and Gelation

Protein-protein interactions is one of the most important topics among the wide range
of topics studied in biology for many reasons. Among the various protein-protein interactions, aggregation of proteins has received a lot of amount of interest due to its
pathological significance. One prominent example can be found in the study of the protein amyloid beta (Aβ) protein, which is a peptide linked to Alzheimer’s Disease.25, 26
As mentioned in section 1.1, Alzheimer’s disease is a type of protein misfolding disease. In Alzheimer’s disease, deposits of Aβ called the amyloid plaque are found in
patients’ brain. Amyloid plaque was thought to play a role in causing neurodegeneration.27 These plaques have been found to contain large amount of fibril-like structures.
Experimentally, it was discovered that the main secondary structure of Aβ fibrils are
composed of strands of parallel β-sheets arranged in a highly ordered fashion. As an
example, the structure of a protofibril (short and partially formed fibril) is illustrated
in Figure 2.4

Fig 2. Figure shows a protofibril of amyloid beta (Aβ solved experimentally. Generated using PyMOL using structure 2BEG from Protein Data Bank (PDB).1, 4
Another example of a proteins aggregation disease is type 2 diabetes mellitus.
Type 2 diabetes mellitus is caused by aggregation of misfolded amylin followed by
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its deposition in pancreas, similar to that of Alzheimer’s disease with Aβ.28, 29 Note
that amylin is also commonly known as Islet Amyloid Polypeptide (IAPP) and these
nomenclatures will be used interchangably in this thesis. Misfolded amylin aggregates
into insoluble amyloid fibrils that are toxic and affects pancreatic β cells responsible
for producing insulin.29, 30 One of the challenges posed by the study of amyloid fibrils
is that the nature of amyloid fibrils is insoluble and non-crystalline, making it extremely difficult to obtain detailed 3D structures of a matured fibril via conventional
experimental technique such as X-ray crystallography and 1 H-NMR.31 As a result, we
shall see in Chapter 2 that it is often useful to complement experimental study with
structural insights obtained using computational simulations.
In addition to its pathological implications, proteins aggregation can also result in
the formation of peptides gel, which is a versatile biomaterial. Peptide hydrogel has
received considerable interest in recent years due to its potential applications in various
fields such as tissue engineering and drug delivery. Hydrogels are made up of polymeric network that is able to hold high water content within the network structure.
The network can be chemically or physically crosslinked.32 The high water content
and porous morphology are critical in allowing nutrients, drugs or waste to diffuse
easily. Self-assembling peptides such as diphenylalanine (FF), silk fibroin and peptide amphiphiles have been used to create strong nanomaterials and nanodevices.33–35
These peptides have received considerable interest due to the current availability of
structural knowledge of folding and aggregation kinetics. For example, both β-sheets
and α-helices have been found to stabilize nanofibrous hydrogels.36
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Protein-protein Recognition

Enzymes are catalysts in living organisms used to speed up biochemical reactions by
altering the free energy barrier of chemical process.37 Biological enzymes are highly
efficient and are vital for sustaining the majority of biological processes necessary for
survival. For example, the enzyme hexokinase is responsible for phosphorylation of
glucose into gluclose-6-phosphate, while many types of isomerases are used by living
organisms to convert chemical compounds to their isomers.38–40
Besides facilitating chemical reaction involving conversion of chemical compounds,
many proteins have been found to be involved in interact with other protein species to
serve diverse biological functions. This will be the second type of protein-protein interactions we will examine in this thesis. There are many types of protein-protein interactions, for example homodimeric proteins, heterodimeric proteins, enzyme-antibody
etc.41, 42 Some of the most important protein-protein interactions include regulation
of actin polymerization by profilin proteins, signal transduction pathway by SH2/SH3
proteins, formation of hemoglobin heterotetramer for oxygen transport.43–45 Here,
structures of SH3 complexes and hemoglobin heterotetramer are shown as examples
in Figure 3.5, 6 The understanding of the underlying mechanisms of which proteins
may assemble into complexes is extremely important for many reasons. For example,
the knowledge of chemical and physical characteristics of targeted binding sites allows
one to design drug with high specificity.46–48 Chapter 5 of this thesis will explore the
interaction between profilin and formin, both of which were involved in controlling
atin polymerization.
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(b)

Fig 3. (a) Structure of SH3 with a proline-rich peptide (PDB code:1PRL).5 (b)
Structure of a hemoglobin heterotetramer (PDB code:1C7C).6 Figures were generated
by the author using PyMOL.1
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Methodology and Literatures Review

2.1

Molecular Dynamics

In the past decade, predicting the structures of proteins using computers has been
one of the main breakthroughs in life science. This is due to the advancement in
technology, unlocking extremely fast and scalable calculations previously unimagined.
Using sophisticated computational algorithms, scientists have tried to predict protein
structures from its primary sequence through sophisticated methods such as sampling
conformations with molecular dynamics, Monte Carlo algorithm, and using statistical
method such as machine learning and graph theory.49–52 In this thesis, the tool of our
choice is molecular dynamics.
The first molecular dynamics simulation of proteins was carried out in 1977 by
Karplus et al.53 Since then, it has been undergoing continued refinements to become a
critical tool in probing proteins at atomistic level often inaccessible by even the most
sophisticated experimental instruments. One of the very early molecular dynamics
simulations of bovine pancreatic trypsin inhibitor was carried out by Michael Levitt,
who was awarded the Nobel Prize in Chemistry in 2013 for his contribution to the
field.49, 54 It is interesting to note that in the 1983 paper written by Michael Levitt,
structure of bovine pancreatic trypsin inhibitor was simulated for just 60 ps, a timescale
that would only require minutes to complete with current technology.
Besides looking at proteins at the highest resolution, the nature of molecular dynamics, where atoms undergo time evolution through the use of force field models,
enable the study of proteins folding pathways, metastable states for drugs applications, self-assembly mechanism of peptides and many more.55–61 This is in contrast to
other methods such as Monte Carlo simulation where the time evolution of dynamics
is not available. Traditionally, Monte Carlo has enjoyed advantages in overcoming
free energy barriers due to its use of random sampling.62, 63 However, developments
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of sophisticated enhanced sampling algorithms in the recent years such as replica
exchange molecular dynamics, hamiltonian exchange molecular dynamics and metadynamics have increased the efficiency of conformational sampling using molecular
dynamics.64–67
Molecular dynamics are inherently computationally expensive due to the amount
of interactions necessary to be computed as the number of atoms increase. Interactions between pair of atoms scale with the complexity of O(n2 ) where n is the
number of atoms. Most of the time, molecular dynamics simulations are carried out in
nanoseconds scale. Coarse-grained simulation with implicit solvent allows exploration
of significantly longer timescale at the expense of accuracy. However, in 2008, Shaw et
al. employed a computational cluster designed for molecular dynamics, Anton which is
capable of atomistic simulations of proteins in explicit solvents in microseconds scale.68
While impressive at its time, technological and algorithmic improvements have allowed
many smaller computational clusters to perform molecular dynamics simulation at microseconds timescale.
However, specialized computational cluster such as Anton is still an order of magnitude faster than most computational clusters we can access to. For example, using
Anton, Shaw et. al was able to perform simulation in the milliseconds scale on BPTI
(58 amino acids long), ubiquitin (76 amino acids long) and villin headpiece (35 amino
acids long).69–72 Ubiquitin for example, has been known to be a relatively slow-folding
protein. Shaw et. al’s simulation was able to simulate the spontaneous and reversible
folding of ubiquitin, otherwise unobtainable through conventional nanoseconds simulations. Besides, milliseconds MD enables dynamical study of multiple rare events
in the folding process, which typically happen only in the microseconds scale. With
enough statistical significance of the events happening in a folding trajectory, accurate
thermodynamic quantities such as heat capacities can be calculated and free energy
landscapes may be constructed.
Other than Shaw’s group, Stanley et. al recently simulated the kinase-inducible
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domain (KID) for 1.7 ms in explicit solvent by using distributed GPU-computing
grid.73, 74 They were able to determine a metastable state present only in the phosphorylated KID with slow conformational kinetics. Recently, Anton 2 and MDGRAPE4 are under development to allow even faster molecular simulations in the near future.75, 76 To date however, atomistic simulations in milliseconds as discussed require
special-purposed computational clusters such as Anton or through the use of distributed computing, both of which we are unable to access in this thesis. As such,
we chose to accelerate our molecular simulations through enhanced-sampling methods
such as metadynamics and replica-exchange molecular dynamics (REMD).
Armed with highly parallel computating clusters available to us through High Performance Computing Center (HPCC) in Nanyang Technological University and more
recently National Supercomputing Centre of Singapore (NSCC), this thesis aims to
exploit these computational resources to study various protein-protein interactions on
the microseconds timescale. Simulations at microseconds timescale require computational resources running for months and hence are rare. For example, in Chapter
3, we used 224 CPUs running continuously for two months and in Chapter 4, 1536
CPUs were used for two months in the metadynamics simulations. Specifically, our
computational resources allowed us to employ molecular dynamics and multiple sophisticated enhanced sampling methods to study the atomistic interactions in three
topics: Cross-species protein-protein aggregation between amylin and prion protein,
binding mechanism between profilin and polyproline and lastly mechanism of peptide
gelation.
The fundamental working principle of molecular dynamics lies in the use of an
empirical force field to calculate forces acting on atoms in any simulated system. The
forces are calculated according to Newton’s equation of motion:

Fi
d2 r i
=
2
dt
mi

(2.1)
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where r i is the position of ith atom, F i is the force acting on ith atom and mi is the
mass of ith atom. The empirical force field is essentially the potential of the system
defined as equation 2.2

V (r) = Vbonded + Vnonbonded

Fi = −

∂V
∂r i

(2.2)

(2.3)

where V (r) describes the potential of the simulated system as a function of the atomic
coordinates r where r is the set of coordinates for N atoms r i to r N , Vbonded is the
bonded potentials including covalent bond-stretching, angle-bending, improper dihedrals and proper dihedrals. Vnonbonded is the non-covalent interactions including Van der
Waal’s interactions (Lennard-Jones potentials) and electrostatic interactions (Coulombic potentials).77 A typical system of equations for molecular dynamics are as follow:

V =

X 1
X 1
X Vn
kb (r − r0 )2 +
ka (θ − θ0 )2 +
[1 + cos(nφ − δ)]
2
2
2
torsions
bonds
angles
 12
 X
X
X
σij
σij6
qi qj
+
Vimp +
4ij
− 6 +
12
rij
rij
rij
improper
LJ
elec

(2.4)

where the first term describes bonds between atoms using a harmonic potential, second
to fourth term describes various angles of the systems such as angle stretching and
angle bending, the fifth term describes Van der Waal’s forces using Lennard-Jones
potential and finally the last term describes the coulombic interactions among the
atoms.78 A system of atoms is first initiated with random velocities for all atoms
conforming to the Boltzmann distribution at a desired temperature. Then, forces are

2.1. Molecular Dynamics

13

calculated according to equation 2.3. Once the forces are calculated, the velocities
of atoms can be evaluated by using numerical integration scheme. One of the most
commonly used scheme is the Verlet integration scheme:79

r(t + ∆t) = r(t) + ∆tv +
v(t + ∆t) = v(t) +

∆t2
F (t)
2m

(2.5)

∆t
[F (t) + F (t + ∆t)]
2m

where r is the coordinates of atoms, v is the velocities of atoms, m is the mass of
atoms and F is the force acting on atoms.
In the following sections we will discuss the use of molecular dynamics in studying
proteins aggregation and protein-protein recognition. Thorough review of both experimental and computational works of the topics covered in this thesis is not possible, but
the following sections will place their focus on providing an overview on computational
studies of proteins relevant to this thesis whenever possible. In the first part while
reviewing literature for proteins aggregation, we concentrate on studies on amylin and
prion proteins. Then, reviews on peptides gel formed by amphiphiles and silk fibroin
proteins are provided. In this thesis, the peptides used in Chapter 4 are highly similar
to silk fibroin proteins. Finally, we reviewed literature on polyprolines recognition
by SH3 and Ena-VASP proteins which would provide a background to our study on
polyprolines recognition by profilin. However, note that comparison against experimental studies will be discussed consistently during the discussion of the individual
projects in this thesis.

2.2. Applications of Molecular Dynamics on Protein-protein Interactions

2.2

14

Applications of Molecular Dynamics on Protein-protein
Interactions

2.2.1

Amylin (IAPP) Aggregation

Molecular dynamics have been used to to complement experimental studies on proteins aggregation for a long time. As mentioned previously, Aβ is one of the most
well-studied proteins because of its pathological significance. In fact, amyloid fibrils
may refer to fibrillar structures formed by other protein species similar to those of
Aβ. Naturally, the prevalence of amyloid fibrils extends into computational studies
using molecular dynamics. For example, molecular dynamics have provided extensive
insights into formation of amyloid oligomer and fibrils. Generally, ab-initio folding simulations of peptides are used to sample possible stable and metastable conformations
adopted by oligomers while simulations of amyloid protofibrils or proposed model are
used to investigate the energetics of tertiary or quarternary aggregated proteins complexes. The study of amyloid fibrils is central to the Chapter 3 and 4 of this thesis. As
mentioned before, in Chapter 3 we will investigate the dimerization process between
amylin (IAPP) and a fragment of prion protein from residue 106-126 (PrP106-126).
Incidentally, both amylin and PrP106-126 have been found to form amyloid fibrils in
experiment similar to Aβ.80–82
Around 110 years ago, hyaline lesion was discovered in islets of Langerhan by
Opie.83 In the beginning, this lesion was thought to be composed of insulin deposits.
However, in 1987, Westermark et al. and Cooper et al. characterized the amylin
fibril contained in these deposits in the hyaline lesion.84, 85 Amylin consists of 37
residues. It is found in the vicinity of insulin in β-cell secretory granules. The crystal
structure of amylin has been solved by Nanga et al. and is illustrated in Figure 4.7
The amino acids region from residue 20 to residue 29 on amylin is known to be highly
amyloidogenic.86, 87 Figure 4 shows an experimental structure of amylin fibril formed
by hIAPP20-29 (SNNFGAILS) solved by Nielsen et al. using solid state NMR (nuclear
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magnetic resonance spectroscopy).8 In a study by Madine et al., they proposed both
parallel and anti-parallel β-strands structures using data from both solid-state NMR
and X-ray diffraction.88

(a)

(b)

Fig 4. (a) Crystal structure of full length human amylin (hIAPP). (b) NMR structure of anti-parallel β-sheets structures of hIAPP20-29 (SNNFGAILS). Figures are
generated by author using PyMOL.1, 7, 8
There have been numerous computational studies attempting to provide valuable
insights into structural characteristics of amylin fibril. Cecchini et al. used both implicit and explicit solvent molecular dynamics to look at the structural determinants of
forming amyloid fibrils.89 Both Aβ and amylin were studied in the paper. The author
employed a novel methodology by simulating the interested proteins in small overlapping fragments to obtain good conformational sampling from each region. Then, the
results from all segments were combined and extrapolated into the amyloidogenic and
secondary structure profiles of the full peptides. In that paper, the author was able
to determine two hotspots favorable for β-sheets formation: residue 10-22 and residue
28-30. This was consistent with experimental study by Gazit et al. using in vitro
immunoblotting.90 Besides, Cecchini et al.’s simulation suggested that there were two
short segments that adopt turn-like structure: GLY24 and ALA25, GLY33 and SER34,
both of which were able to regulate the β-sheet profiles of amylin. This regulation of
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β-sheets profile may have an effect on the aggregation propensity of amylin.
In addition to that, Laghaei et al. used hamiltonian replica exchange to study the
dimerization of human and rat amylin.91 Hamiltonian replica exchange is a variant
of molecular dynamics that has been used to accelerate conformational sampling in
protein folding problem.65, 66 Other than studying dimerization, The role of disulfide
bridge formed between residues CYS2 and CYS7 was also investigated. This disulfide
bridge has been shown to stabilize α-helical conformations at the N-terminal region
of amylin.92 Furthermore, their secondary structure analysis using their simulations
results were consistent with experiment in that region 20-29 was found to adopt βsheets. In fact, it was found that the amyloidogenic region may extend down to residue
VAL17. Secondly, the N-terminal region was able to fold into α-helix. N-terminal αhelix was found to play a vital role in anchoring amylin to lipid membranes.93
Other than that, a recent study by Liang et al. in 2013 used explicit solvent molecular dynamics to understand the difference between amylin present in humans and in
rat.94 Rat amylin, when overexpressed, do not cause rats to develop diabetes-like
symptoms. Interestingly, there are only differences in six amino acids when comparing
between rat amylin and human amylin. In Liang et al.’s paper, besides simulating the
monomer, parallel β-sheets protofibrillar models were built and simulated to test the
stability of the models. In simulations of oligomers, it was found that human amylin
was able to maintain higher stability with increasing number of peptides, while rat
amylins were were comparatively unstable in the corresponding oligomeric configurations. On the other hand, simulation of monomers showed that both human and rat
IAPP were relatively unstable and had high structural polymorphism.

2.2.2

Prion Fragment: PrP106-126 Aggregation

The major prion protein (PrP) is a protein found mostly in the nervous system of
humans. The full length PrP is 253 residues long. While its physiological functions
remain unclear, PrP has been linked to various neurodegenerative diseases such as
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mad cow disease, Creutzfeldt-Jakob disease and Gerstmann-Sträussler syndrome.95, 96
Generally, human PrP can be characterized by two segments; Residue 23-125 at the
N-termini, which is intrinsically disordered and thus lacks well-defined secondary structure. On the other hand, the C-terminal region has well-defined structure as shown in
Figure 5(a).9
Stanley Prusiner was awarded the Nobel Prize in Physiology or Medicine in 1997
for his research into PrP. It was found that the main pathological pathway of PrP
is through the conversion of the α-helix rich PrPC into the β-sheet rich PrPSC .97–101
PrPSC forms amyloid fibril-like structures similar to Aβ and amylin. Knaus et al.
solved the crystal structure of dimeric PrP which was thought to be an important
factor in the conversion of PrPC into PrPSC using X-ray diffraction as shown in Figure
5(b).10 Sekijima et al. simuated both the monomeric and dimeric form of PrP using
explicit solvent molecular dynamics.102 It was found that while both monomeric and
dimeric PrP had similar dynamics, the dimeric form was able to maintain its tertiary
structure better than that of the monomeric PrP. DeMarco and Daggett used molecular
dynamics to create a profofibril model containing β-sheet rich structures consistent
with experiment.103 In their paper, Syrian hamster PrP was simulated with a mutation
known to cause conversion into PrPSC at low pH. Thereafter, a prion aggregate model
consistent with electron microscopy (EM) data from Speare et al.104 was built using
structures obtained from the simulation.
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(b)

Fig 5. (a) Solution NMR structure of human prion protein (PDB Code:1QLX).9
Structures shown are for residue 125 to residue 228. (b) X-ray crystal structure of
dimeric prion.10 Figure generated by author using PyMOL.1
Due to its long amino acid sequences, ab-initio folding simulation of complete PrP
is extremely difficult as the conformational space is enormous. A common approach
to studying large proteins such as PrP is to look for short segments extracted from
the protein itself. The short segments however, should exhibit similar characteristics
to that of the complete protein. In this context, a small fragment from residue 106 to
residue 126 of PrP, or PrP106-126 in short was discovered to have similar neurotoxicity
to that of PrPSC .105–107 Levy et al. carried out one of the first simulations on PrP106126 using both implicit and short explicit solvent to investigate the structural stability
of α-helix and β-sheets.108 It was found that HIS111 and VAL122 played important
roles in helix-coil transition of PrP106-126. Other than that, α-helix was found to be
unstable in neutral condition.
Villa et al. simulated PrP106-126 under four different solvents: water, dimethyl
sulfoxide (DMSO), trifluoroethanol (TFE) and hexane.109 Simulations were carried
out from 10 ns to 60 ns. In agreement with experiments, it was found that the
conformations of PrP106-126 depends greatly on the solvents. Under physiological
pH in water, PrP106-126 was able to form significantly more β-sheets than those
other solvents. Furthermore, α-β transition was observed under the same condition.
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Apart from that, Grabenauer et al. ran replica-exchange molecular dynamics (REMD)
simulation to complement their ion mobility spectrometry-mass spectrometry (IMSMS) experiments on PrP106-126.110 In that paper, monomeric PrP106-126 was found
to form β-hairpin structures in implicit solvent REMD simulation in agreement with
the spectrometry results. It was also suggested that the oligomerization of PrP106-126
may result from the assembly of the monomeric β-hairpin structures.
A more recent molecular dynamics study of PrP106-126 was carried out by Ning
et al. in 2014.111 Extensive implicit replica exchange molecular dynamics (REMD)
was employed in their study. Similar to hamiltonian replica exchange, REMD is used
to accelerate conformational sampling in molecular dynamics.64 Simulations was carried out on both monomeric and dimeric PrP106-126. Moreover, long conventional
molecular dynamics simulation using implicit solvent was carried out on PrP106-126
trimer and tetramer formation. Both monomeric and dimeric PrP106-126 exhibited
high structural polymorphism, in agreement to the earlier study by Villa et al.109
MD simulation of trimer and tetramer found stable conformations with high β-sheet
content.

2.2.3

Peptides Gelation

The association of peptides into hydrogel is also an aggregation phenomenon. Hydrogels are water-swollen polymeric material and they are typically characterised by
well-defined 3D network of polymers.112 In the case of peptide hydrogels, the polymeric
network is made up of the supramolecular assembly of peptides. Gazit’s group has
carried out extensive characterization of peptides hydrogel formed by simple diphenylalanine analogs.113–115 Remarkably, in one of their studies, a hydrogel formed with
just 1 % of peptide materials was able to maintain its 3D volume well.113 Microscopic
images showed that the gel networks were formed by amyloid-like fibrils and Fourier
transform infrared (FTIR) data showed characteristic spectral peaks of β-sheets. Another one such commonly found peptide hydrogel is formed by amphiphilic peptide
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(PA), which is a type of molecule designed to self-assemble into nanofibers.116 Peptide amphiphiles (PA) consist of lipid molecules attached to a sequence of hydrophilic
peptides, allowing it to arrange into highly ordered networks of fibrils, nanotubes or micelles. Interestingly, β-sheet has been suggested as a crucial factor in the self-assembly
of PA.117–119
The mechanism in which peptide amphiphile arranges into ordered networks starts
with the aligning of the hydrophilic (can form hydrogen bonds) amino acids towards
the surrounding water. This was followed by burying the hydrophobic lipid molecules
inside. This type of peptide nanofibers has been simulated using molecular dynamics.
In Lee et al.’s simulation, self assembly of 144 PAs was simulated using explicit solvent
molecular dynamics.120 The PAs consist of an alkyl chain attached to peptide sequence
SLSLAAAEIKVAV. PAs were initiated in a nanofiber-like arrangement and it was
found to be stable after 40 ns of simulation. Notably, the β-sheet population found in
the simulation is consistent with experimental results using circular dichroism study. A
recent paper by Tekin studies self assembly of another type of PA molecule consisting
of an alkly chain attached to a peptide sequence VVAGERGD.121 Similar findings
to Lee et al. were made in that the constructed nanofibers were stable and β-sheets
were found to play important roles in stabilizing the nanostructures. Velichkoa et
al. found the interplay between hydrophobic interactions of alkyl chain and hydrogen
bonds between peptides to be important in regulating the morphology of peptide
assemblies.122
Besides peptide amphiphiles, some hydrogels can be formed by the self-assembly
of amyloid fibril such as those formed by α-synuclein proteins.123, 124 Peptide gels
using naturally occurring peptides provide an inherent advantage in that they do not
require the synthesis of artificial chemical compound unlike peptide amphiphiles. A
well known protein that forms hydrogel is the silk fibroin protein. Silk is a type
of polymeric protein produced by silkworms and spiders in fiber form.125 The most
well-characterized protein from silk protein is the silk fibroin protein from Bombyx
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mori. Silk fibroin protein is known to be a major component that contributes to the
formation of β-strands in silk fibers.33, 126 The crystal structure of N-terminal domain
of fibroin was solved by He et al. recently in 2012 and its β-sheet rich structure is
shown in figure 6.11
Molecular dynamics study was carried out by Yamane et al. to study silk fibroin
proteins.127 In this paper, model dipeptide Ac-XXX-NHMe where XXX is GLY, ALA
or SER was simulated in addition to a longer Ac-(ALA-GLY)8 -NHMe Alanine-Glycine
repeat. While the simulations were short (likely due to limited computational power
in year 2002), the study found a high possibility of formation of β-turn in the longer
Alanine-Glycine repeat. A more recent study by Dubey et al. looked into the effect
of calcium ion on promoting gelation of fibroin protein.128 Interestingly, a predominantly α-helical intermediate conformation was found to persist in their experiment
and molecular dynamics was used to pinpoint the locations in which interactions between calcium ions and amino acids on fibroin proteins take place.

Fig 6. Crystal structure of the N-terminal domain of silk fibroin from Bombyx mori.
Figure generated by author using PyMOL.1, 11
Recently, a novel methodology in computational simulation of peptide gel was
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proposed by Frederix et al.129, 130 They employed Martini model, a coarse-grained
force field used to reduce a complex molecular systems into simple beads in order
to accelerate sampling of conformations.131, 132 In Frederix et al.’s study, all possible
combinations (8000) of tripeptide sequences using all amino acids were simulated using
Martini model for 50 ns. Then, the peptides that showed high aggregation propensity
were simulated for a longer time to observe transition into supramolecular structures.
Next, experiments were carried out on a few chosen peptides that showed promising
structural features. The predictive power of Martini model was supported by the
discovery of four tripeptides (KYF, KYY, KFF and KYW) that were able to form gel.
In Chapter 4, we will follow similar approach in studying gelation of a short peptide
sucker ring teeth (SRT) proteins. Detailed explanations of the Martini model will be
provided in the later Chapter.

2.2.4

Protein-protein Complexes: Recognition of Polyprolines

In this thesis, protein-protein recognition refers to the interactions between proteins
that result in formation of biologically functional quarternary complexes. In Chapter
5, we will simulate interactions between profilin and a short polyprolines sequence
from FH1 domain of formin proteins. As literature on the computational study of
profilin is lacking thus far, our study will fill in an important gap on research in
this area. Fortunately, literature exist on molecular dynamics simulations of other
protein-polyproline complex, which will shed lights into the mechanism of polyprolines
recognition by proteins receptors. An example of SH3 in complex with a polyprolines
ligand was shown in Figure 3(a) in Chapter 1.3.
Besides SH3, Ena-VASP is a cytoskeletal protein and it is one of the main components at the signal transduction pathway of human platelets.133 The EVH1 domain
was found to recognize polyprolines with the sequence motifs of “FPPPP”.134 Ball et
al. carried out NMR spectrocopy to characterize the recognition of polyprolines with
“FPPPP” motifs by EVH1 domain of the VASP proteins. Molecular dynamics was
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used to simulate a model of EVH1 in complex with the polyprolines ligand.135 The
model was built based on the chemical shift results obtained from NMR and it was
found that the polyprolines recognition was mainly driven by the hydrophobic residues
present on both receptors and peptide. The atomistic details allowed the author to
explain various chemical shifts present in the NMR data.
In a recent study by Hou et al., molecular dynamics simulation was carried on Abl
SH3 domain in complex with 35 ligands including both binders and non-binders.136
The study aimed to elucidate the structural determinants of sequence motifs recognized
by the SH3 domain. MM/PBSA protocol was used to estimate the binding free energies
of each of the complexes simulated in the paper. The relative ranking of binding
energies correlated well with experiments and was able to distinguish between the
binders and the non-binders. Both Van der Waal’s and electrostatic interactions were
found to be crucial in the peptide recognition mechanism. Computational mutagenesis
was carried out and by using a novel approach where the author was able to pick 10 out
of 13 binding partners of Abl SH3 domain directly from the human genome. One of the
shortcomings of MM/PBSA analysis is its poor accuracy in predicting the absolute
binding free energy.137 Besides that, another interesting study was carried out by
Gumbart et al. using sophisticated method involving alchemical transformation and
potential mean force to calculate the absolute binding affinity of Abl SH3 in complex
with a polyprolines ligand.138 The results were found to be in excellent agreement
with experimental values.
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Aims and Objectives

This thesis consists of three major works carried out in exploring protein-protein interactions covering the topics introduced in Chapter 1. In Chapter 3, we study the
dimerization of amylin and PrP106-126. This was motivated by the Gal et al.’s experiment in which the two proteins were found to cross-fibrillate.139 Typically, proteins
aggregation happens between those of the same proteins species, as can be seen from
both the examples of Aβ and IAPP mentioned in Chapter 1.2. This is mainly due to
the fact that proteins’ amyloidogenicity are highly dependent on amino acid sequences.
Hence, when amyloidogenic proteins such as Aβ and IAPP come together, it is highly
feasible for amyloid fibril formation.
In the past decade, the phenomenon of aggregation between proteins of different
species has generated good research interest as well. It was discovered that patients
with diabetes mellitus has increased risk factor of dementia in one study by Ott et
al.140 This implies that there can be pathological significance for cross-species proteins
aggregation. This was supported by a paper in which it was found that IAPP and Aβ
may cross seed amyloid fibrils formation.141 In Chapter 3, we also explored the aggregation mechanism between IAPP and PrP106-126, two sequentially and structurally
different peptides. Cross fibrillation phenomenon is a relatively new field compared to
the study of amyloid fibrils. Thus, our work provides insights into the early stage of
aggregation between two highly different peptides. This work was carried out on the
Institute of High Performance Computing Center in Nanyang Technological University.
This work has been published in 2016.142
Next, in Chapter 4, we employ a novel approach in which both coarse-grained and
atomistic simulations of a short peptide sequence extracted from the sucker ring teeth
(SRT) protein from squid. This work in Chapter 4 was carried out in collaboration
with Assoc. Prof. Ali Miserez. Out of two highly similar peptides, only one was able
to form peptide hydrogel. We performed coarse-grained modelling using Martini force
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field to investigate the supramolecular assembly of the two peptides. Then, extensive
molecular dynamics simulation using enhanced sampling methods was carried out to
fold the tetramers of the two peptides. This allowed us to examine the self-assembly
process on two different scales. The recently established National Supercomputing
Centre of Singapore allowed us to carry out large scale simulations in parallel for very
long timescale (≈ 20µs) even with atomistic modelling, providing a valuable study
into the self-assembly mechanism of peptide gel. This is still an ongoing project with
more experimental data expected in the near future.
The last work in this thesis was carried out in collaboration with Asst. Prof. Miao
Yansong from the School of Biological Sciences. In Chapter 5, we study polyproline
recognition mechanism by profilin from plant species Arabidopsis thaliana (AtPRF).
Using conventional molecular dynamics and MM/PBSA analysis, we constructed a
model of AtPRF in complex with polyprolines. Note that such a structure could not
be obtained from crystallography. The unique findings of this work include the effect
of electrostatic interactions and CH-π interactions in the recognition mechanism. This
work has been included in a manuscript in preparation for submission. In addition
to that, we had also studied the interactions between a profilin species containing
extended N-termini with numerous positively-charged amino acids and polyprolines.
The computational data was found to be in good agreement to experimental data from
Asst. Prof. Miao Yansong (Manuscript in preparation143 ).
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Replica Exchange Molecular Dynamics Simulation of Cross-Fibrillation of IAPP and PrP106126

3.1

Introduction

Cross-fibrillation phenomenon of proteins has been an area of research gaining increasing interests, mainly because of the observations that patients afflicted with certain
amyloid disease can acquire unrelated protein misfolding disease. For example, patients with Type II diabetes are associated with elevated risk of dementia.140 Indeed,
a recent study found that IAPP and amyloid-β (Aβ) can cross-fibrillate.141 The fibrillation however, may be due to sequence similarity (37% identity evaluated using
BLAST144 ) between them. In another experiment, co-localization of prion protein
and Aβ was observed in the form of amyloid plaque containing fibril structures.145
Both studies imply that cross-fibrillation between IAPP and prion protein could be a
favorable process.
Recently, N. Gal et al. studied cross-fibrillation between two distinctly different
amyloidogenic protein species that are the human amylin (Islet Amyloid Polypeptide,
IAPP) and the PrP106-126 fragment.139 In the experiment, ThT fluorescence implied
β-sheet secondary structure formation between the two species. Other than that, it was
found that the PC/PG lipid bilayer used in the experiments significantly enhanced the
rate of aggregation between the two proteins species. It was suggested in the study that
the lipid bilayer may increase the local concentration of the proteins, thus reducing the
degree of freedom for the interaction between the two proteins, subsequently resulting
in the increased rate of aggregation. The molecular level mechanism of this crossfibrillation phenomenon was however, not well understood. It is the aim of the current
study to explore the cross-fibrillation mechanism by examining a simple model of
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dimerization of the two different peptides, IAPP and PrP106-126. In our study, we
mimic the high local concentration of proteins in the experiment by choosing the
simulation box size such that the concentration of the peptides is roughly 3.7 mM.
In this chapter, we have investigated into the aggregation process of a prion fragment, PrP106-126 and IAPP using extensive replica exchange molecular dynamics
(REMD) simulations. REMD simulation is an enhanced sampling variant of molecular dynamics simulations.64 IAPP and PrP106-126 do not share (again verified by
BLAST) sequences (refer to Table 2) or structural similarity, hence it would be interesting to study how these two unrelated proteins may aggregate. Through REMD
simulations, we hope to elucidate at the atomic level the dimerization mechanism of
PrP106-126 fragment and IAPP. Dimerization process has been shown to be important
in the early stages of proteins fibrillation process.146–148
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Table 2. Assignment of index to residues. First row is the indexes for PrP106126 while the second and third rows contain indexes for IAPP. Note that index 22 is
reserved as a chain separator to ease visualization.
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Simulation Details and Analysis Methods

Natively amidated IAPP structure was obtained from RCSB Protein Data Bank, code
2L86, which is the NMR structure of IAPP resolved in a membrane environment.7
PrP106-126 fragment, an intrinsically disordered sequence, was constructed using SwissPDB Viewer into an uncapped linear strand.149 To facilitate the analysis, we labelled
the residues by assigning indexes as shown in table 2. The OPLS-AA force field was
used.63 The peptides were put into a dodecahedron water box containing 7025 SPC/E
water (≈ 1000 kg m−3 ) molecules. Periodic boundary conditions were applied on the
three dimensions of x, y and z . The initial box volume was ≈ 222 nm3 . The initial
inter-chain distance was set at ∼ 7 Å. Charges were neutralized by using 20 Na+ and
25 Cl− ions which also maintain an ionic concentration of 0.15 M . GROMACS 4.6.3
was used to perform the simulation.150 LINCS protocol was used to constrain bonds
involving the hydrogen atoms to allow integration time step of 2 fs.151 Particle Mesh
Ewald with cut-off of 0.9 nm was used.152 Pressure coupling was regulated using the
V-rescale thermostat.153 1.2 nm cut-off was used for vdW interactions. Coordinates
were saved every 1 ps.
Replica Exchange Molecular Dynamics (REMD) is an enhanced sampling method
to overcome limited sampling of conventional MD. Copies of identical system are
evolved concurrently at different temperatures. After every k th steps, the replicas attempt to exchange temperatures between each other by using the Metropolis criterion
in order to satisfy detailed balance condition.64 The exchange probability is defined
as:
P = exp[(βi − βj )(Ei − Ej )],

(3.1)

where Ei is the potential energy of replica i at temperature Ti and βi = 1/(kB Ti ). In
our simulation, 56 replicas of the system were created. The set of 56 temperatures from
315 K to 450 K was generated using the T-REMD web server to ensure the exchange
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probabilities for all ensembles were more than 20%.154 In each replica the proteins
were rotated in both polar and azimuthal angles with respect to the principal axes of
the individual proteins in order to speed up the convergence of the simulation. We
are mainly interested in the slightly higher but still physiological relevant temperature
of 315 K. Higher temperature was chosen to sample wider phase space in a shorter
simulation time. Exchanges were attempted every 2 ps. The replicas were simulated
in parallel for 600 ns, resulting in an effective simulation time of 33.6 µs.
For simulation data analysis, inter-residues distance map was generated using
GROMACS utility g mdmat.150 To carry out dihedral principal component analysis (dPCA),155 we employed built-in GROMACS utilities g angles, g covar, g anaeig
and g sham to perform the eigenvectors and eigenvalues determination and matrix diagonalization.150 For clustering analysis we employed built-in g cluster utility of GROMACS.150 Estimated binding free energy was calculated using MM/PBSA method by
applying the g mmpbsa utility developed recently by Kumari et al.156 SASA only
model was used to estimate the non-polar solvation energy. Bootstrap analysis was
used (2000 steps) to estimate the standard errors. Parameters used for g mmpbsa are
provided in the supporting information. Except for REMD diagnostic tests conducted
in the following section, data analysis was performed by discarding the initial 100 ns
of the ensemble to avoid potential statistical bias introduced during the initial period
of equilibration. Figures of proteins were generated with PyMOL 1.7.4.1
Note that in our MM/PBSA calculation, entropy contribution was ignored. This
is because in MD there is currently no reliable approach to calculate entropy. Quasiharmonic approach (which we will use in section 3.3.1) for example, only provides
an upper bound for the entropy. Readers are encouraged to refer to the papers by
Genheden et. al and Hou et. al on the effects and errors of entropy calculations.137, 157
In a nutshell, entropy calculations can be very important in trying to obtain the
absolute binding free energy. However, it provides satisfactory accuracy in ranking
relative binding affinities. It is also useful to use MM/PBSA to find out the important
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contributions from different types of interactions in protein-protein binding, which is
the main purpose behind using MM/PBSA in this thesis.
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Results
REMD Diagnostic Tests

For an efficient REMD simulation, the set of temperatures chosen should guarantee
sufficient overlap between the potential energy distributions for each temperature.
This is to ensure effective exchange between replicas.158–160 We plotted the potential
energy distribution for all temperatures in Figure 7(A) and found sufficient overlap
between all temperatures. Furthermore, Figure 7(B) shows that random walks in
the temperature space have been achieved for all replicas, hence we deduce that the
REMD exchanges were effective. In addition, we cut the full trajectory into multiple time window of 50 ns and calculated the average structural propensity in each
time window for coil and β-sheet. Ideally, the average propensity should fluctuate
little across the different time windows for a fully converged simulation. The average
propensities for coil (Definitions of coil is defined by DSSP) show little changes in
the different time evolution windows as shown in Figure 7(C). Moreover, Figure 7(D)
illustrates reasonable convergence for β-sheet propensities, in particular after 300 ns.
In Figure 7(E), the time evolutions of various secondary structures under 315 K are
shown. The secondary structures sampled show small fluctuations with respect to the
means, a behavior that should be expected for good sampling in an REMD simulation.
All secondary structures in Figures 7(C), (D) and (E) were calculated using DSSP algorithm.161 Finally, Figure 7 (F) showed that the entropy of the protein complex in
bound state estimated using the quasi-harmonic approach maximizes and stays relatively constant towards the end of the simulation. The entropy was estimated using
the backbone of the protein complex.
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(A)

(B)

(C)

(D)

(E)
(F)
Fig 7. Test for validity of REMD simulation. (A) Sufficient overlaps are found
between the potential energy distribution of all the temperatures used in the simulation. Note that each color represents the distribution from a single temperature. (B)
Random walk in the temperature space for all replicas (y-axis). Colors indicate temperature ensembles, ranging from lowest temperature (blue) to highest temperature
(red). (C) The average coil propensity at different temperatures are similar for ten
periods during the simulation. (D) Average turn propensity which has been evaluated
in a similar fashion as (C). (E) Evolution of secondary structures for the 315 K ensemble. (F) An estimate of the conformational entropy of the protein complex in bound
state by the quasi-harmonic method.

3.3.2

Secondary Structures Propensity and Contact’s Probability

To evaluate conformational preference of PrP-IAPP dimer, we plotted the secondary
structure propensities of all the residues as shown in Figure 8. Most residues mainly
adopt turn and coil. The propensity of β-sheet peaks around 0.2 for PrP106-126.
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The high β-sheet propensity regions of PrP106-126 reside close to the N-terminus
and C-terminus, implying a tendency to form β-hairpin; whereas for IAPP, several
segments have roughly similar β-sheet propensity ˜ 0.1, with Thr30 and Asn31 peaking
at ˜ 0.2. PrP106-126 has almost no tendency to form helical structures, whereas
IAPP adopt α-helix close to the N-terminus at region Cys7-Ala13. Interestingly, the
simulation shows that IAPP has relatively high propensity to form the more compact
310 helix at the region of Thr4-Leu16. The results are consistent with the previous
experimental studies, where NMR measurements show sampling of helical structure at
the N-terminus of IAPP.7, 162 310 -helix was shown to be adopted in several membrane
proteins despite its lower stability compared to α-helix.163

Fig 8. Propensity of the different secondary structures adopted by PrP106-126 and
IAPP during the 100-600 ns period. The gray bar indicated by CS separates the two
chains. Index 106-126 is PrP106-126 while index 1-37 is IAPP.
To illustrate the interaction pattern between the two peptides, the contacts between
residues formed by heavy atoms were investigated. A contact is defined by a heavy
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atom pair between the two peptides having a cut-off distance of less than 0.5 nm. The
contact frequency was normalized and plotted using bar plots as shown in Figures 9(A)
and (B). PrP106-126 tends to make contacts with IAPP frequently through residues
Asn108 to Met112 located close to N-terminus or residues Val121, Val122, and Leu125
located close to the C-terminus. These residues may play a role in helix destabilization
of IAPP preceding the transition into β-sheets. On the other hand, IAPP tends to
make contacts with PrP106-126 through several segments except for the N-terminal
region. Among them, residues Arg11, Phe15 and Tyr37 are found to have extensive
contacts with PrP106-126.
To further understand the contact pattern of the two peptides, the inter-residues
distance map was plotted. The mean smallest distance between residues was calculated using only the heavy atoms. Figure 9 shows the inter-residues distance map. As
expected, the inter-residues distance map is generally consistent with the contact probability bar plots with respect to the contact hotspots. There are two hot spots on the
y-axis corresponding the N- (index 109-112) and C- (index 121-125) terminal regions of
PrP106-126. On the other hand, looking at the x-axis, IAPP is found to have three hot
spots, each in relatively close distance with the two hot spots of PrP106-126 respectively. In particular, the closest distances can be found between 10 pairs of residues,
Gly114-Leu12, Gly114-Phe15, Gly114-Ile26, Gly114-Leu27, Met112-Phe15, Met109Asn14, Met109-Phe15, Met109-Leu16, Met109-Val17 and Met109-Leu27. Three out
of the ten pairs involve the aromatic phenylalanine residues. Clearly these results
show that aromatic-aliphatic interactions are very important. A small region of high
contacts is observed between residues 116 and 117 which belong to the palindromic
region AGAAAAGA of PrP106-126 and residues Ala25-Leu27 which belong to the
important SNNFGAIL (Residue 20-27) region of IAPP. Both of these regions have
been shown to play vital roles in homogeneous oligomer formation of the individual
peptides.82, 110, 111, 164, 165
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(B)

(C)
Fig 9. Frequency of contacts formed by (A) PrP106-126 towards IAPP and (B) IAPP
towards PrP106-126. (C) Mean distance between residues of IAPP and PrP106-126.
All contacts and distances were calculated by including only the heavy atoms.

3.3.3

Dihedral Principal Component Analysis

In order to characterize the structural ensemble sampled during the REMD simulation,
we employed the method of dihedral principal component analysis (dPCA) developed
by Mu et al.155 to estimate the free energy landscape of the studied system at 315
K. The dPCA projection was separated into 100 by 100 bins for the first and second
principal components respectively. The frequency of projection in each bin was then
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calculated. Subsequently, the relative free energy value was determined using the
formula Ei = −RT ln(Pi /P0 ) where R is gas constant, T is temperature (315 K). Pi
is the population of each bins, while P0 is the population of the most populated bin.
The population matrix was then mapped onto a contour plot. The energy landscape
for our simulation is shown in Figure 10. To find the representative structures of
each local minimum, we carried out clustering at each minimum using the GROMOS
algorithm with the g cluster utility of GROMACS 4.6. The binding energies estimated
by MMPBSA is tabulated in Table 3.

Fig 10. Contour plot of the relative free energy landscape determined from dPCA
using the first and second principal components of REMD simulation at 315K. Note
that the color bar represents the relative free energy (kJ mol−1 ), which is evaluated
from the population of conformations obtained by determining the frequency of the
conformation within a grid of the energy landscape.
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(A)

(B)

(C)

(D)

(E)

(F)

(G)

(H)

(I)
Fig 11. (A-F) Representative structures for six minima in the dPCA relative free
energy landscape. Note that red color is used for IAPP, while blue color is used
for PrP106-126. Yellow spheres indicate the N-termini. Figures were generated with
PyMOL. (G-H) Representative structure from the 9th cluster determined from conformational clustering. (I) Secondary structures determined by DSSP for A-G. Z is the
initial configuration of the system. Yellow indicates β-sheets, gold indicates β-bridge,
orange indicates 3-10 helix and cyan indicates α-helix.
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Population
∆Eelec
∆EvdW
∆Gpolar
∆Gnonpolar
∆Gbinding
A
8.4%
-37.2 ± 0.4 -89.7 ± 0.2 109.7 ± 0.4 -10.8 ± 0.0 -28.0 ± 0.3
B
5.9%
14.3 ± 1.2 -79.5 ± 0.3 51.5 ± 0.5 -8.9 ± 0.0 -22.6 ± 0.3
C
1.5%
-17.3 ± 0.8 -123.2 ± 0.8 101.8 ± 0.8 -12.8 ± 0.1 -51.5 ± 0.7
D
1.3%
24.7 ± 1.0 -56.1 ± 0.7 38.7 ± 1.0 -6.0 ± 0.1
1.3 ± 0.8
E
3.5%
-18.1 ± 1.0 -117.3 ± 0.9 89.5 ± 1.0 -12.1 ± 0.1 -57.9 ± 0.9
F
4.6%
9.2 ± 0.9 -109.4 ± 0.6 72.5 ± 0.8 -11.1 ± 0.1 -38.7 ± 0.6
G
2.2%
6.3 ± 0.7 -61.0 ± 0.7 47.4 ± 0.9
-7.0± 0.1 -14.3 ± 0.6
H
3.6%
1.9 ± 0.8 -75.5 ± 0.9 73.4 ± 0.9 -8.6 ± 0.0 -8.8 ± 0.6
Table 3. Binding free energy estimated using MM/PBSA approach. The energies are
rounded to one decimal place and shown in kilocalories per mol. The binding energy
is decomposed into individual component by g mmpbsa where ∆Eelec is the molecular
mechanics (MM) electrostatic energy, ∆EvdW is the MM van der Wal’s energy, ∆Gpolar
is the polar solvation energy and ∆Gnonpolar is the non-polar solvation energy.
It should be noted that there are two limitations found in the dPCA method
in our study. Firstly, multiple structures may be projected to the same minimum.
Secondly, very similar structure may be projected to separate minima, albeit they
should be in close proximity to one another (Figure S1 in Supporting Information).
Hence, the depth of the minima indicated by deeper color in Figure 10 should be
interpreted very carefully. While attempting to identify the meaningful minima, the
aforementioned issues are taken into consideration by ensuring that the representative
structures populate more than 80% of the structures located in the grids corresponding
to the minima. Subsequently, six well separated energy minima were identified. The
representative structures of each minimum are shown in Figure 11. The percentage
populations P tabulated in Table 3 were calculated by first plotting the RMSD of the
full 500 ns trajectories using Structures A-F as the references. Then, the fraction of
RMSD less than 0.25 nm was tabulated as percentage population P for each individual
structure. We have also attempted dynamical reweighting using Multistate Bennett
Acceptance Ratio (MBAR) as described by Chodera et. al and found the energy
diagram (Figure S4 in supporting information) to be similar.166, 167
Figure 11 shows the structures from the six minima. Structure B, C, E and F
show that IAPP and PrP106-126 can indeed form proteins complex with inter-chain βsheets. Moreover, structure E contains a very high percentage of anti-parallel β-sheets.
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This interesting structure hints at the possibility of further elongation into extensive
fibrils. However, the global minimum, structure A, consists mostly of random coils and
turns, except for a short segments of β-sheet formed from Ala115 to Ala120. Thus,
structure A suggests that IAPP and PrP106-126 prefer to adopt random structures.
The binding energy estimated using MM/PBSA showed relatively large contribution
from van der Waals interactions, which confirms that hydrophobic effects are the main
driving force.
From Figure 11, we observe that in structure B, D and F, IAPP adopts helical
structure near the N-terminus. Structure B contains extended stretch of 310 -helix
from Thr4 to Val17. Structure D is the only complex adopting α-helix. However,
Table 3 shows that it has a very low population of 1.3% with positive binding energy
estimated by MM/PBSA mainly due to unfavorable electrostatic contribution. In
addition, we have performed constant temperature molecular dynamics on structure
A-F using Amber99SB-ILDN forcefield in order to test the robustness of our choice
of forcefield and the effectiveness of dPCA in extracting important structures.168 We
carried out simple RMSD and hydrogen bond analysis (Figure S7, Table S2 and S3 in
supporting information) and found that except for structure D, all the other structures
are stable. Thus structure D can be considered as an outlier caused by the choice of
bin size in plotting the free energy diagram. The stability of structure A, B, C, E
and F show that our free energy landscape is not an artifact of the overstabilization
of protein-protein interaction reported recently by Petrov and Zagrovic.169
Due to the limitations of dPCA mentioned above, some important structures may
be overlooked. Thus, the conventional way of conformational clustering was employed
to explore other statistically significant structures from the 315 K trajectories. GROMOS clustering algorithm was used with a cut-off of 0.4 nm.150 Due to the limitation of
the clustering algorithm, only 20,000 frames can be processed each time, whereas our
315 K trajectory contains 500,000 frames from 100 ns to 600 ns. As such, the trajectory was cut into 25 sub-trajectories, each containing 20,000 frames. The time spacing
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between each of the 20,000 frame is 25 ps. All the 25 sub-trajectories were submitted
for clustering analysis. It was found that the top clusters for all 25 sub-trajectories
were identical, suggesting that the clustering is robust.
Unsurprisingly, we found overlap between dPCA and conventional clustering. Structures A, B, C, E and F from dPCA are also identified in the conformational clustering
analysis, again showing the robustness of dPCA. Most of the remaining structures extracted were found to have weak binding and random structures, and thus are included
in supporting information. The top nine clusters with population of more than 2%
were extracted and their representative structures are shown in Figure S5 in supporting information. An interesting structure G was found through clustering based on
the observation that both structure B and structure G contain β-sheets at the same
location and are highly similar to each other, except for the 310 -helix in structure B.
As structure B has a larger population than structure G, therefore it is likely that
structure B transform into or from structure G by helix deformation or formation
respectively. Structure H contains PrP106-126 in the β-hairpin conformation interacting with the N-terminal α-helix of IAPP. These two structures G and H are shown in
Figure 11.

3.3.4

β-sheets Formation

As inter-chain β-sheet is closely linked to cross-fibrillation, it is thus an major focus of
our study. In this context, other than extracting highly populated clusters from the
simulation through dPCA and conformational clustering, more information may be
extracted by searching for lesser populated structures containing inter-chain β-sheet.
As such, we carried out clustering analysis using only the frames containing interchain β-sheets (calculated using DSSP) extracted from the 315 K ensemble. GROMOS
algorithm was used with cut-off of 0.4 nm. We selected the top 15 clusters containing
structures with inter-chain β-sheets (Figure 12) from the clustering analysis. 7 of the
15 structures were already identified through dPCA and conformational clustering in
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previous sections and as such they were discarded to avoid redundant analysis. The
binding energies were again estimated using the MM/PBSA approach and the results
are shown in Table 4.

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)
Fig 12. (1-8)Snapshots containing inter-chain β-sheets structures. Figures were
generated using PyMOL. (9) Secondary structures determined by DSSP for structures
1-8. The definition of colors and representation of structures are identical to those
given in Figure 11.

3.3. Results

42

Population
∆Eelec
∆EvdW
∆Gpolar
∆Gnonpolar
∆Gbinding
1
1.6%
19.3 ± 1.0 -77.7 ± 0.6 51.8 ± 0.9 -9.0 ± 0.1 -15.7 ± 0.6
2
0.6%
-40.0 ± 1.0 -101.5 ± 0.6 106.8 ± 0.9 -11.2 ± 0.1 -45.9 ± 0.8
3
0.6%
-13.7 ± 1.0 -68.8 ± 0.7 79.5 ± 0.8 -8.7 ± 0.1 -11.8 ± 0.8
4
0.5%
-28.2 ± 1.4 -112.6 ± 0.7 101.8 ± 1.5 -11.9 ± 0.1 -50.9 ± 0.8
5
0.5%
-88.0 ± 0.6 -10.6 ± 1.6 94.4 ± 1.4 -9.9 ± 0.1 -14.2 ± 0.9
6
0.5%
-50.8 ± 1.4 -83.8 ± 0.6 106.7 ± 1.2 -9.4 ± 0.1 -37.4 ± 0.7
7
0.4%
-14.1 ± 0.9 -76.3 ± 0.7 79.2 ± 0.8 -8.5 ± 0.1 -19.7 ± 0.7
8
0.4%
6.8 ± 0.9 -65.6 ± 0.4 49.6 ± 1.0 -6.8 ± 0.1 -15.9 ± 0.5
Table 4. Binding free energy estimated using MM/PBSA approach with the individual components shown. The energies are rounded to one decimal place and shown in
kilocalories per mol. The binding energy is decomposed into individual component by
g mmpbsa where ∆Eelec is the molecular mechanics (MM) electrostatic energy, ∆EvdW
is the MM van der Wal’s energy, ∆Gpolar is the polar solvation energy and ∆Gnonpolar
is the non-polar solvation energy.
As the structures in Figure 12 are ignored by dPCA and conformational clustering,
they are expected to be rarely populated. Nevertheless, meaningful observations can
be made. The results show that the simulation sampled an extremely wide variety of
structures forming inter-chain β-sheets, which may provide hints on the aggregation
pathway of IAPP and PrP106-126. Structure 1 for example, shows an interesting
β-barrel-like structure held together by short anti-parallel β-sheets.
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Discussion and Conclusion

In this study, residues Gln10, Arg11 and Leu12 of IAPP are of particular interest to
us. This helical region has been shown to be important in membrane binding.170–172
These three residues have relatively high tendency to form α-helix (Figure 8) during
the simulation. Nevertheless, they are observed to adopt β-sheet structure and are
involved in inter-chain β-sheet formation with residues His111, Met112, Ala113 of
PrP106-126 (See Structure E from dPCA). Such conversion between α-helix and βsheet secondary structures provides important insights into the dimerization process.
In addition to that, the possibility of forming inter-chain β-sheet as in structure E is
a significant result because it strongly suggests that heterogeneous fibril species can
exist between IAPP and PrP106-126, an important question we set out to answer in
this study. The results of this work provide a strong basis for more computationally
intensive simulations to be performed on higher order oligomers.
Structure E, which has thus far been the more interesting structure due to its
relatively extensive formation of inter-chain β-sheets, warrants extra attention in our
analysis. It is noteworthy that structure E was found to have binding energy similar to
that of an IAPP dimer in another study.173 Analysis on the binding energies estimated
using MM/PBSA generally shows that the IAPP-PrP106-126 complex prefers to form
β-sheets based on the energetic perspective. Specifically, Structure E is most representative of the finding as it has the strongest binding energy among all the structures
identified in our study. In conjunction with the the results discussed above in which
α-helix can convert to β-sheet, our study has also shed light into how helix destabilization is a necessary component in the dimerization process leading to cross-fibrillation.
To understand this, we seek to obtain mechanistic hints on how the process can happen through contact analysis. The results from contact analysis in Figure 9 show that
PrP106-126 tends to contact with IAPP through the N-terminal region. High amount
of contacts were found to involve aromatic residue Phe37 of IAPP. This finding was
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further emphasized by the inter-residues distance map in which three out of ten pairs
of residues with closest average distance involve Phe37 of IAPP.
In addition, two contact hotspots on PrP106-126 and three on IAPP for interactions
between the two peptides were identified in Section 3.3.2. As such, we hypothesize
the formation of inter-chain β-sheet structure process as such: in the earlier stage, the
N-terminus of PrP106-126 approaches IAPP. The contact causes the α-helix of IAPP
to destabilize, subsequently allowing the process of contact formation through various
regions such as the hotspots identified in Section 3.3.2 . Conversion of secondary
structures involving Gln10, Arg11 and Leu12 of IAPP provides the platform for the
formation of inter-chain β-sheet to occur. The entire process suggests the requirement
of high degree of precision in the geometrical orientation of both proteins, rather than
just high local concentration as was initially proposed. Indeed, the global minimum in
our simulation, structure A from Section 3.3.3 was found to be random, indicating that
in the absence of membrane, PrP106-126 and IAPP do not favor β-sheet formation.
Incidentally, the fact that PrP106-126 and IAPP do not share sequence similarity
provides an opportunity to investigate the significance of aggregation between heterogeneous protein species. We expect heterogeneous aggregation to provide a higher
diversity of amino acids for peptide-peptide interaction, leading to higher structural
polymorphism in a protein complex. Various experimental and simulation studies have
been done on homogeneous aggregation of both PrP106-126 and IAPP, notably the
computational study of oligomerization of PrP106-126 by Ning et al. and Grabenauer
et. al, in addition to the simulation work by Laghaei et al. on dimerization of
IAPP.91, 110, 111 In the paper by Ning et al., monomeric and dimeric PrP106-126 was
not well characterized by any secondary structures and had almost no tendency to
form β-sheet, although β-hairpin structure was observed in a trimeric system. On the
other hand, the study of IAPP dimer by Laghaei et al. found the N-terminal region
to favor helical conformation, but contains almost no β-sheet in the region starting
from N-terminus to Val17. In our study of heterogeneous aggregation however, both
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PrP106-126 and IAPP show moderate tendency to form β-sheet throughout the full
sequence. Both peptides, however, have sampled large amount of random coils and
turns. While detailed structural comparison between literatures and our study should
be taken carefully due to the potential bias introduced through the use of different
force fields,174–176 it is clear that our simulation have indeed sampled a relatively more
diverse phase space.
The slight dip in β-sheet propensity for PrP106-126 from residue 114-118 indicates
that PrP106-126 can form β-hairpin. This is consistent with the finding of Ning et
al. and Grabenauer et al., in which β-hairpin has been shown to be an important
secondary structure in amyloid formation.110, 111 Three representative β-hairpin structures is observed in Figures 11B, 11G and 11H . β-hairpin can also be observed in
structure 5 in Figure 12. The two β-strands of β-hairpins in aforementioned structures are centered around the palindromic region AGAAAAGA from residue 113-120,
therefore in agreement with experiments and simulations. This hydrophobic region
was shown to be important in mediating the secondary structures of PrP106-126.164
Structure H in particular illustrates a well-structured hairpin interacting with the
N-terminal α-helix of IAPP.
Let us now take the perspective from IAPP. We found that our simulation has equal
propensity to sample helix at the N-terminal region from Thr4 to Leu16 and β-sheet
from Gln10-Leu16 for the IAPP protein. These include the three residues Gln10, Arg11
and Leu12 involved in the inter-chain β-sheet mentioned above. One particular region
worth investigating is the SNNFGAIL (residue S20-L27) region of IAPP, which has
been shown to be amyloidogenic.82, 165 In our simulation, SNNFGAIL region is found
to favor β-sheet structure (Figure 8). It often involves in contacts with PrP106-126
and in fact belongs to two of the six contact hotspots identified in Figure 9. Thus the
simulation suggests that SNNFGAIL is also important in heterogeneous aggregation
and not just homogeneous aggregation of IAPP.
Structurally, Buchanan et al. found the importance of the FGAIL region in IAPP
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to form transient β-sheet in the formation of IAPP aggregates.82 Young et al. detailed
the different mechanism of SNNFGAIL in mediating IAPP aggregation.165 In Figure
11, we observe inter-chain β-sheet formation in residue Ile26 and Leu27 for structure
B and residue Asn21 to Phe23 for structure E. Our analysis of transient β- sheet
formation identified structures 3, 5 and 6 (figure 12) where β-sheets are observed to
form at the SNNFGAIL region. Interestingly, in structure 3, FGAIL forms parallel
inter-chain β-sheet with Lys110 to Ala115 of PrP106-126. Parallel β-sheets may be
important in the seeding process as the protofibril of Aβ, for example, is usually in
the form of parallel β-sheet.4 A study by Dupuis et al. found β-hairpin to be a main
structure in dimer assembly of IAPP.177 While our simulation does not observe such
extensive β-hairpin, short hairpin can be found in structures B and G at the C-termini,
and in structure E between residue Asn21-Phe23 and residue Ser29-Asn31. Finally,
two of the major contact hotspots of IAPP centered around residues 8-18 and 22-28
uncovered by us have been determined experimentally to be important for both self
association of IAPP and hetero-association with Aβ.178
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Supplementary Information
Comparison of dPCA Energy Landscape at Three Lowest Temperatures

We can see that for 317 K and 319 K the proteins tend to sample more of the nonminima structures (More broad, dark red regions). The general shape (largely determined by the eigenvectors of PC1 and PC2) and the deepest minima, however,
remain the same. Thus it indicates that at higher temperatures theres more smearing
of the minima, which may introduce unnecessary noise and bias if they were to be
incorporated into the analysis together with the lowest temperature.

(a)

(b)

(c)

Fig S1. Comparison of the dPCA energy landscape for the three lowest temperatures
ensembles.

3.5.2

The Evolution of into Structure E

In attempt to reveal the mechanism of the association of PrP106-126 and IAPP into the
β-sheet structures in structure E from dPCA, we checked the trajectories containing
continuous atomic coordinates instead of constant temperatures trajectories. This was
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done by tracking the replica instead of the temperature ensembles. The continuous
atomic coordinates trajectory of REMD has been used to yield important insight in the
structural evolution despite that the temperature of such trajectory vary throughout
the simulation, for example to establish transition map.179 We analyzed a replica
that evolved into the structure E. Readers are reminded to exercise caution when
using the analysis following because strictly speaking, the trajectory is not meaningful
thermodynamically due to the fluctuating temperatures.
A few important stages are shown in Figure S2. In Figure S2(a), the first contact
of the proteins was a hydrogen bond formed between Lys5 of PrP106-126 and Cys2 of
IAPP. PrP106-126 can be seen to form hairpin within itself. Then, the two proteins
collapse into a compact structure as observed in Figure S2(b). Hydrogen bond was
formed between Ala13 of PrP106-126 with Leu12 of IAPP. The region close to the
C-terminal of IAPP was observed to form helical structures intermittently. Then in
Figure S2(c), Met4, Lys5, His6, Met7 and Ala8 of PrP106-126 formed α-helix. Gly9
and Ala10 of PrP106-126 forms transient inter-chain β-sheet with Gln10 and Arg11
(colored in yellow in figure S2(c)) of IAPP. After that, in Figure S2(d), the contact
between Ala13 of prion with Leu12 of IAPP started to break apart, allowing His6 of
PrP106-126 to come closer to Leu12 of IAPP. At this stage, Asn14 to His18 of IAPP can
be seen to form α-helix (colored in orange in Figure S2(d)), limiting the flexibility of
the structures. However, as the simulation continues, the α-helix destabilizes, allowing
the regions come close to involve in inter-chain β-sheets formation. The intra-chain
β-sheets for IAPP was also formed at this stage. Lastly, the backbone of PrP106-126
and IAPP slides alongside each other, finally aligning to form the inter-chain β-sheets
shown in structure E. (The numeration of PrP residues should be changed to the new
system as in the manuscript.)

3.5. Supplementary Information

49

(a)

(b)

(c)

(d)

(e)

Fig S2. Snapshots of the different stages described in the structural evolution of
PrP106-126 and IAPP complex. Yellow ball indicates N-terminal. Blue is used for
PrP106-126 chain, while red is used for IAPP chain. t denotes the time of the frame,
T indicates the temperature bath the replica was in at the particular time. Figures
were generated with PyMOL.1
Analysis of the structural evolution pathway using continuous trajectory hinted
that at one stage of the simulation, a helix was hindering the formation of β-sheets.
The high temperature heat bath enabled by REMD was able to unfold the helix. The
α-helix to β-sheets transition was consistent with a previous study by Goh et al. on
proteins folding using CSAW model.180 Other than that, during stage (a) (Figure S2)
we found that the first contact between the two peptides involved Cys2 of IAPP. This
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is important as the disulfide bridge between Cys2 and Cys7 has been shown to be
important in stabilizing the helix at the N-terminal of IAPP.181

3.5.3

DSSP Plot for 315 K Ensemble

(a)

Fig S3. DSSP plot for ensemble 0 showing the diverse sampling throughout the
REMD simulation.
3.5.4

Dynamical Reweighting using MBAR

As we can see, structure A-F determined by using only the lowest energy ensemble
(refer to main manuscript) can also be found here and the general feature of the PMF
is similar to the original plot. The similarity is to be expected for a well converged
REMD simulation. Chodera et. al mentioned that for the reweighting to work well
with the simulation, the exchange time should correspond to the correlation time of
the system.167 With no prior knowledge of the autocorrelation structure of the system,
it is not easy to fulfill the criteria, especially for a large and complicated system in
our case (55 replicas) where trial and error is not a feasible strategy. Second issue for
our system is that we have a large number of frames, thus if we assume all frames
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to be uncorrelated, the amount of memory requires for the computation (55 replicas
* 500000 frames) far exceed the capability of the cluster we have. Nevertheless, we
attempt reweighting using PyMBAR by Chodera et. al by assuming the correlation
time to be 100 frames in order to reduce the amount of frames to reasonable number.
Skipping frames with the arbitrary choice of 100, however, results in some of the high
energy region to be lost as evident by comparing figure S4 with that of the plot in
the main manuscript. Artifical minima may also arise for the same reason. Lastly,
for the free energy value, we have mentioned that due to the issue of certain minima
containing multiple structures, the energy value should be interpreted carefully. We
instead calculated the population of structures by counting with RMSD in the original
manuscript. The same issue exists too with reweighting. Thus the advantage of
dynamical reweighting in potentially giving more accurate free energy value is lost
here.
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A
F

E
D
C
B

(a)

Fig S4. 2D potential of mean force plot using dynamical reweighting on all 55
ensembles from 100 ns to 500 ns.
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Structures from Conformational Clustering

(a)

(b)

(c)

(d)

(e)

(f )

(g)

(h)

(i)

Fig S5. Top 9 structures from conformation clustering method described in main
manuscript. The numbering of the structures corresponds to the population number
in descending order.
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Table S1. Binding free energy estimated using MM/PBSA approach. Data for
structures a, b, c, d and h were taken from table 2. The binding energy was decomposed
into individual component by g mmpbsa where ∆Eelec is the molecular mechanics
(MM) electrostatic energy, ∆EvdW is the MM van der Wals energy, ∆Gpolar is the
polar solvation energy and ∆Gnonpolar is the non-polar solvation energy.
Population ∆Eelec
∆EvdW
∆Gpolar
∆Gnonpolar ∆Ebinding
a 8.50%
-37.2 ± 0.4 -89.7 ± 0.2 109.7 ± 0.4 -10.8 ± 0.0 -28.0 ± 0.3
b 6.00%
14.3 ± 1.2 -79.5 ± 0.3 51.5 ± 0.5 -8.9 ± 0.0 -22.6 ± 0.3
c 5.40%
9.2 ± 0.9
-109.4 ± 0.6 72.5 ± 0.8 -11.1 ± 0.1 -38.7 ± 0.6
d 3.90%
-18.1 ± 1.0 -117.3 ± 0.9 89.5 ± 1.0 -12.1 ± 0.1 -57.9 ± 0.9
e 3.60%
1.9 ± 0.8
-75.5 ± 0.9 73.4 ± 0.9 -8.6 ± 0.0 -8.8 ± 0.6
f 3.40%
43.8 ± 1.0 -56.0± 0.6
29.7± 0.9
-6.1 ± 0.1 11.4 ± 0.7
g 3.00%
-4.4 ± 0.7 -68.0± 0.6
60.4± 0.7
-7.0 ± 0.1 -19.1 ± 0.5
h 2.40%
-17.3 ± 0.8 -123.2 ± 0.8 101.8 ± 0.8 -12.8 ± 0.1 -51.5 ± 0.7
i 2.20%
6.3 ± 0.7
-61.0± 0.7
47.4± 0.9
-7.0± 0.1
-14.3 ± 0.6
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(a)

Fig S6. Percentage population of all replicas visiting the middle (30th ensemble of
the 55 total ensemble) ensemble simulated at 382 K. This shows that replicas from
both left and right of the ensemble visited the middle ensemble with a random pattern
in general.
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Constant Temperature Molecular Dynamics with Amber99SB-ILDN

Table S2. Average hydrogen bond number between IAPP and PrP106-126 for
structure simulated with OPLS-AA forcefield. The value was calculated using g hbond
utility. Note that structures A-F were obtained from our REMD simulation through
dPCA analysis.
A
B
C
D
E
F
6.933793 7.465882 15.317659 4.691641 11.611025 13.560795
1.719192 1.767776 1.894651 1.374004 1.924183 2.329793

Table S3. Average hydrogen bond number between IAPP and PrP106-126 for
structure simulated with Amber99SB-ILDN forcefield. The value was calculated using
g hbond utility. Note that structures A-F were obtained from our REMD simulation
through dPCA analysis.
A
B
C
D
E
F
10.763905 10.893082 13.849983 5.49562 13.180816 13.171297
2.580075 3.071413 3.034161 1.407775 2.147611 1.74182

(a)

Fig S7. Root-mean-square deviation of distances between backbone atoms for structure A-F obtained from dPCA analysis and then simulated using Amber99SB-ILDN
using constant temperature molecular dynamics.
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Towards a Mechanistic Understanding of Peptides Gelation using Sequences from Sucker Ring
Teeth Proteins

4.1

Introduction

In collaboration with Ali et al., we recently discovered a short 8 amino acids sequence
GV8 (Ace-GLYGGYGV-NH2) that can form hydrogel by mixing with water. The
sequence is part of the sucker ring teeth (SRT) protein. Study of this protein is
inspired by the predatory efficiency of squid and cuttlefish. It was discovered that the
sucker ring teeth consists of many modular peptide sequences that are able to form
β-sheets which in turn gives rise to the strong mechanical properties of sucker ring
teeth.182, 183 Our study was further inspired by the fact that another highly similar
sequence GL8 (Ace-GLYGGYGL-NH2) aggregated into dense agglomerates instead of
forming gel. Only a single amino acid located at the C-termini of these two peptides
differ, with the valine of GV8 being substituted by leucine in GL8.
Circular dichroism study shows that both peptides possess signatures that are
representative of β-sheets structures. Leucine is more hydrophobic than valine, and
hydrophobicity has been found to affect aggregation kinetics of short peptides.184, 185
Bowerman et al. studied peptide amphiphiles with sequence XKXE where X is substituted with phenylalanine, alanine, valine, leucine and cyclohexylalanine.184 Peptide
amphiphiles have been known to form β-sheets hydrogels and while aromatic residues
were traditionally recognized as a key factor in the hydrogelation process, it was found
that by using amino acids with different hydrophobicity, both the morphologies and
secondary structures could be regulated. In Bowerman et al.’s study, both peptides
substituted with valine and leucine were able to form β-sheets and fibrils under transmission electron microscope (TEM). Peptides with leucine, however, contains globular
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amorphous aggregates. The results are thus similar to our peptides to a certain extent.
In this ongoing project, we aim to elucidate how a single amino acid may ultimately
affect the self-assembly of peptides GV8 and GL8 via computational simulation. The
supramolecular structures of peptide gel require modelling of enormous amount of
peptides and long sampling time, both of which are not within our computational
capacity. Using coarse-grained modelling, we first look at the self-assembly process of
a large system of 200 peptides. The peptides were allowed to form stable supramolecular assembly during the simulation. Then, using atomistic modelling and enhanced
sampling methods, we investigated the early stage of self-assembly of peptide GV8
and GL8 by simulating both peptides in tetramer configuration.

4.2. Methods
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Methods

4.2.1

Martini Coarse-grained Model

Martini model was used to carry out coarse-grained molecular dynamics simulation of
peptides.131, 132 Martini forcefield aims to model biomolecules by using a single bead
to approximate interactions of a group of atoms. On average, four atoms are represented by one bead. This allows faster sampling of conformations at the expense of
fine atomistic details. In essence, coarse-grained model has the effect of smoothing
out rough free energy landscape. We have also employed polarizable water molecules
developed for Martini model to better model the partial charges of water molecules.186
All simulations were carried out by inserting 200 peptides into a 15 nm x 15 nm x 15
nm box with ≈ 24k polarizable Martini water molecules. Martini model requires the
secondary structures of the peptides to be set prior to the simulation. Our collaborator has provided us preliminary results from circular dichroism study of the peptides
(Unpublished), of which both peptides are estimated to contain approximately 40%
β-sheets, 15% α-helix. The remaining 45% was set to be random structures. Temperature was set at 303 K. This coarse-grained model also allows an integration time step
of 25 fs.
Simulations were carried out by first minimizing the potential energy of the system
using steepest descent algorithm in order to avoid steric clashes. Then the system was
equilibrated to desired temperature for 1250 ps. Finally, production run was carried
out for 750 ns. As the Martini model is known to accelerate sampling by a factor of
four,187, 188 thus the effective simulation time for our system is approximately 3 µs.
Three runs were repeated for each simulation to ensure the results are reproducible
and at the same time allows us to have 9 µs of effective simulation time. The systems
correspond to peptides’ concentration of ≈ 400 mM which is about an order of magnitude higher than the experimental condition. The higher concentration was used for
two reasons. Firstly, within limited simulation time it will accelerate the aggregation
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process. Secondly, for a similar box size, 20 mM concentration will result in just two
peptides in a box, which in turn does not produce meaningful insights into the gelation
process. On the other hand, it will require an extremely large box to be able to accommodate 200 peptides at 20 mM concentration, which is beyond our computational
capabilities. We have also simulated both systems in smaller box at 10 nm x 10 nm x
10 nm (≈ 2000 mM) using similar protocol to investigate the concentration effect of
peptide.

4.2.2

Bias Exchange Well-tempered Metadynamics (WT-BEMD)

In any proteins simulation, one of the most important issues is to be able to sample the
conformational phase space as exhaustive as possible. A classical molecular dynamics
simulation has difficulties crossing high energy barriers within the time scale limited
by current computational capabilities (Chapter 2). Further compounding the issue is
the enormous amount of possible conformations even for a small peptides.189 Over the
past decades, several methods were developed to enhance sampling speed of molecular dynamics.190, 191 One of the most well-established methods available currently is
metadynamics.67
The fundamental working principles of metadynamics rely on the concept of collective variables, or sometimes also known as reaction coordinates. A collective variable
attempts to describe a system in its most important degree of freedom, e.g. dihedral angles of a specific residues, amount of secondary structures, number of hydrogen
bonds etc. These information has to be known a-priori to any simulation. A potential
mean force (PMF) diagram can then be plotted to describe the system of interest in
its collective variable and the corresponding free energy. Metadynamics make use of
this information by adding bias potential to the existing potential V with respect to
the collective variable:
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where S(x) is the value of collective variable, ω is the gaussian height, τG is the
gaussian deposition stride, s(t0 ) is the value of collective variable at time t and lastly
δs is the gaussian width. Equation 4.2 is the so called well-tempered metadynamics
(WT-MetaD), where the potential VG is scaled by a factor depending on the history
of gaussians already deposited and a bias factor ∆T with the unit of temperature.
By scaling the gaussian to nearly zero as time proceeds, well-tempered metadynamics
ensures the free energy landscape to converge smoothly without high statistical errors
compared to the normal variant of metadynamics (equation 4.1).192–194
In this study, we employed 7 generic CVs commonly used for proteins folding in
our simulations. The collective variables are: α-RMSD, anti-parallel β-RMSD, parallel
β-RMSD, coordination numbers between hydrophobic side chain atoms, backbone
hydrogen bonds, coordination numbers between α-carbon and radius of gyration of
α-carbon. The secondary structures collective variables are defined as:

s=

0 n
X 1 − ( ri −d
)
r0

i

0 m
1 − ( ri −d
)
r0

(4.3)

where ri is the root mean square deviation of any segment i of a protein with respect
to an ideal secondary structure segment of equal length (3 + 3 contiguous residues for
β-RMSD and 6 residues for α-RMSD). r0 , d0 , n and m are tuning parameters for the
sum function. Following the original paper, the parameters are set as 0.1 nm, 0.0 nm,
8 and 12 respectively.195 Equation 4.3 can be used to calculate coordinate numbers
as well by replacing ri with rij and choosing r0 to be the reference distance for the

4.2. Methods

61

contacts interested. For hydrophobic side chain atoms contact, backbone hydrogen
bonds and α-carbon contacts, r0 is set as 0.5, 0.25 and 0.65 respectively similar to a
paper by Laio et. al.196 Radius of gyration RG is defined as:

 Pn
RG =

i

mi |ri − rCOM |2
Pn
i mi

 21
(4.4)

where mi is the mass of ith atom, ri is the coordinate of ith atom and rCOM is the
center of mass of the atoms used in the calculation.
These collective variables have been used successfully in folding proteins within
reasonable timescale.195–197 8 replicas (including a neutral replica without bias) were
simulated simultaneously for 1.2 µs resulting in effective simulation time of 9.6 µs.
Bias factors for all collective variables were set to be 10. Gaussians were deposited
every 2 ps. Gaussian heights were set to be 1 kJ. Gaussian widths were set to be 0.20,
0.30, 0.30, 0.30, 2.00, 5.00, 0.10 for each of the seven CVs respectively. PLUMED
2.1 was used in conjunction with GROMACS 4.6.7 for all enhanced sampling simulations.150, 198, 199 For molecular dynamics, we used AMBER99SB-ILDN forcefield.200 A
short molecular dynamics simulations were carried out to obtain an initial structure of
the complex formed by the tetramer. Then, it was put into a dodecahedron water box
with a minimum distance of 1 nm from each side of the tetramer. Periodic boundary
conditions were applied on the three dimensions of x, y and z. Ions were added to
maintain an ionic concentration of 0.15 M. GROMACS 4.6.7 was used to perform the
simulation.150 LINCS protocol was used to constrain bonds involving the hydrogen
atoms to allow integration time step of 2 fs.151 Particle Mesh Ewald with cut-off of
1.0 nm was used.152 1.0 nm cut-off was used for vdW interactions. Coordinates were
saved every 2 ps.

4.3. Results

4.3
4.3.1

62

Results
Coarse-grained Simulations using MARTINI Model

We first carried out simulations of large number of both GV8 and GL8 peptides using
Martini model, a coarse-grained molecular dynamics method described in section 4.2.1.
This allowed us to have an insight into the higher order structural features of the
peptides. This was inspired by Frederix et al. study of hydrogel using Martini model
in which it was found that the model was able to predict self-assembly of tripeptides
into hydrogel.130
First, to check if the general feature of the simulation can be repeated, we calculated
solvent accessible surface area (SASA) of the final complex formed by peptides GV8
and GL8. Solvent accessible surface area is defined as the surface area of residues that
is in contact with the solvent.201 Figure 13 shows the Solvent Accessible Surface Area
(SASA) of the simulated peptides. As we can see the peptides aggregated quickly and
their SASA converge to a stable value after a short period of time. All three repeated
simulations for each of peptide GV8 and GL8 converged to approximately the same
value, hence showing the reproducibility of the self-assembly dynamics.
In order to look at how the last residue of the different peptides arrange in the
aggregated complex, we calculated the radial distribution function using the backbone
atoms of the last residue throughout the simulation. The radial distribution functions
g(r) of all the systems are plotted in Figure 14. The value of the radial distribution
function indicates the probability of a particle within the sphere with a particular
radius compared to that of an ideal gas. Both peptide GV8 and GL8 have similar
radial distribution function, with the maximum peaks located at ≈ 0.5 nm. Figure 15
shows the snapshots of the simulated peptides at 750 ns. We observed a few interesting
nanostructures formed by the peptides at the end of the simulation. Specifically, Both
GV8 and GL8 aggregate into thick rod or spherical structures where the peptides do
not have special preference for the backbone orientation.
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Next, the shapes of the nanostructures can be quantified by calculating the radius
of gyration in x, y and z component. Radius of gyration is defined as in equation 4.4.
Radius of gyration has been traditionally used to quantify the compactness of protein.
However, it is also related to the moment of inertia as such:

r
I=

RG
m

(4.5)

where m is the mass of atoms. by looking at its x, y and z component, the
simple shape of a protein (in our case, aggregated peptides) can be determined. For
example, we are interested in nanofibres formed by the peptides which will result in
Ix  Iy ≈ Iz . The values of radius of gyrations and moments of inertia for the
last frame of each of the siulations are tabulated in table 5. We can see that while
the simulations resulted in similar radial distribution function and solvent accessible
surface area, the nanostructures may adopt different shapes. Run two of peptide GV8
resulted in a twisted nanofiber, whereas run one and three resulted in flat disk-like
nanostructures. Comparatively, all three runs of peptide GL8 resulted in
closer to one (i.e. the first criteria RGz ≈ RGy ). The second criteria of

Iz
Ix

Iz
Iy

values

indicates

how elongated the fiber structures are if the first criteria is satisfied. Thus we can
see that In general, peptide GL8 adopted a more fibril like structure (average value
of

Iz
:
Iy

1.046 ± 0.026) and while GV8 (average value of

Iz
:
Ix

1.237 ± 0.076) was able

to form a twisted nanofiber, two other runs resulted in disk-like nanostructure. Our
collaborator used scanning electron microscope (SEM) to examine both peptides and
found that GV8 adopted morphology of sheets of assembled peptides while GL8 was
strongly fibrillar.
Next, the peptides were simulated in an artificially high concentration of ≈ 2000
mM by placing 200 peptides in a 10 nm x 10 nm x 10 nm box. This allows the
peptide to interact via periodic boundary condition. At high concentration, interesting
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structures resembling network of rod-like structures emerge when periodic boundary
condition is taken into consideration. Waters can be seen to be enclosed within the
peptides network (figure 15). However, the same structures emerge for both peptide
GV8 and GL8 in contrast to experiment in which only peptide GV8 was able to form
gel, highlighting the shortcoming of coarse-grained modelling.

(a)

(b)

(c)

(d)

Fig 13. Solvent Accessible Surface Area (SASA) for the different peptide systems
simulated. Each color represents a repeat of the simulation for the same peptide
system. (a) GV8. (b) GL8. (c) GV8 at 2000 mM. (d) GL8 at 2000 mM.
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(a)

(b)

(c)

(d)

Fig 14. Radial distribution function g(r) for (a) GV8 (b) GL8 (c) GV8 at 2000 mM
and (d) GL8 at 2000 mM concentration.
Table 5. Table shows moments of inertia for the final snapshots of simulated peptides
GV8 and GL8 at 400 mM concentration. Units for radii of gyration are in nm. Units
for moments of inertia are in a.m.u.nm2 .
Iz
Iz
RG
I
Ix
Iy
Iz
Iy
Ix
GV8 Run1 3.223 841766 362332 453877 609328 1.342 1.682
Run2 3.610 1096090 301489 687043 799062 1.163 2.650
Run3 3.174 824953 301015 490554 591011 1.205 1.963
GL8 Run1 3.320 913905 283139 606910 621863 1.025 2.196
Run2 3.435 998548 253719 672690 692974 1.030 2.731
Run3 3.199 834054 310338 525377 568608 1.082 1.832
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(a)

(b)

(c)

(d)

(e)

(f )

(g)

Fig 15. Representative structures for (a)(c) Run one to run three of peptide GV8
in 400 mM concentration and (d)(f) Run one to three of peptide GL8 in 400 mM
concentration. Water molecules are not shown here as they are not important to the
visualization. (g) Scanning electron microscope (SEM) images of both peptides GV8
and GL8 (Image provided by Shu Hui, Hiew and Ali Miserez).
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(a)

(b)

Fig 16. Representative structures for the final structures obtained in simulations with
2000 mM concentration of (a) peptides GV8 and (b) peptides GL8. Water molecules
are colored in cyan. Periodic boundary conditions were shown by drawing the neighbouring boxes in x, y and z direction.

4.3.2

Convergence of Metadynamics Simulation

With the insights obtained using Martini modelling, we then used molecular dynamics
as discussed in section 4.2.2 to gain atomistic insights into inter-peptides interactions.
Eight replicas were simulated for 1.2 µs each. We used the last 400 ns for each replica in
our subsequent analysis. This was chosen based on the fact that there is no significant
gaussian hills added after 800 ns of simulation, i.e. there is no new region being
explored in the phase space described by the seven CVs (Figure S8 and S9) except
for hydrophobic side chain contacts. Both GV8 and GL8 were sampling very high
hydrophobic side chain contact towards the end of the simulation. The sampling was
however very short (Figure S8d and S9d), indicating that they were unstable. In fact,
the free energy plot in the following discussion was not affected by the sampling of
these structures.
We adapted the tool METAGUI to analyse our simulation.202 The convergence of
the simulation was checked by plotting the free energy curve for the first and second
half of the last 400 ns used for our analysis. The potential mean force (PMF) curves
are plotted for each CV and are shown in figure 17 and figure 18. We can see that the
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free energy curves in the first and second half of the last 400 ns of the simulation did
not deviate significantly from each other, therefore our simulations were able to achieve
reasonable convergence within the phase space sampled. The green curve represents
the ”connected” region where it indicates that in the connected regions, the free energy
sampled in the first and second half of the simulations does not deviate from each other
for more than 6 kβ T (≈ 12 kJ). In GV8’s simulation ,we note that structures with high
α-RMSD content ( > 6 in figure 17(a)) were not sampled in the last 400 ns as shown
in figure 17a, indicating some inefficiency in the metadynamics simulation. Note that
the regions that were not connected (not joined by green curve) will be discarded by
METAGUI in the analysis as they were deemed to have unsatisfactory convergence.
For GV8, this includes the structures with high α-RMSD content mentioned above,
which would not change our discussion as we are most interested in formation of βsheets.
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Fig 17. Free energy for the 7 CVs used in the simulation for peptide GV8. Magenta
line represents free energy samped during the first 200 ns of the last 400 ns of the
simulations, while blue line represents free energy sampled during the second 200 ns
of the last 400 ns of the simulations. Green line represents the average value of the
magenta and blue line, with the additional condition that it will only be drawn if the
deviation between magenta and blue line is lower than 6 kB T (a) AlphaRMSD. (b)
Anti-parallel β-RMSD. (c) Parallel β-RMSD. (d) Side-chain contact of Leucine and
Valine. (e) Backbone hydrogen bonds. (f) Contacts between α-carbon. (g) Radius of
gyration.
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Fig 18. Free energy for the 7 CVs used in the simulation for peptide GL8. Color
of the lines are defined to be the same as that of figure 17. (a) AlphaRMSD. (b)
Anti-parallel β-RMSD. (c) Parallel β-RMSD. (d) Side-chain contact of Leucine and
Valine. (e) Backbone hydrogen bonds. (f) Contacts between α-carbon. (g) Radius of
gyration.

4.3.3

Metadynamics: Difference in Free Energy Landscape

In addition to checking convergence, figure 17 and 18 showed the similarities and
differences in the free energy landscape of β-sheet formation in both peptides. For
anti-parallel β-sheet, the difference in PMF is relatively minor with GL8 having a
slightly flatter well extending to ≈ 12. Major difference can be found in PMF of
parallel β-sheet formation, where GL8 has a local minimum located at ≈ 17.5. Local
minima are typically metastable states. Interestingly, no such local minimum exists
in GV8. It should be noted however, that this local minima has a large free energy
difference relative to the minima with lower parallel β-sheets in peptide GL8 and thus
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should not contribute significantly to the ensemble average as we will calculate in the
following section. Figure 17a and 18a showed that both peptides do not like to form
α-helix. Lastly, Energy minima at ≈ 1 nm in the PMF of radius of gyration (figure
17g and 18g) is consistent with the hydrophobic nature of both peptides.

4.3.4

Metadynamics: Multi-dimensional Free Energy Clustering Analysis

Next, we attempted to look at structures with low free energy (stable) sampled during the simulation. Using METAGUI again, the trajectories was clustered using 7
CVs by assigning the conformations sampled in all trajectories into a 7-dimensional
hypercubes. Then, using a weighted histogram analysis method (WHAM) approach
described by Marinelli et. al,,203 free energies of the clusters were calculated taking
into consideration the bias potential applied during the simulation. Note that as we
are using well-tempered metadynamics in our simulation, the potentials accumulated
are rescaled by a factor of

γ − 1 204
.
γ

We can then look at clusters from different min-

ima of the 7-dimensional free energy landscape. As this is a simulation of intrinsically
disordered peptides, the global minima of both systems are expected to be very broad
and contains highly polymorphic structures. Specifically, since we are interested in
how the peptides can adopt β-sheet structures, clusters containing β-sheets with low
free energy are extracted and analysed. The representative structures from different
region of energy minima are shown in figure 21. Interestingly, the structure with high
anti-parallel β-sheets is a global minimum in the multi-dimensional free energy landscape calculated with all 7 CVs for peptide GL8, whereas peptide GV8 did not have
a well-defined structures at the lowest free energy minimum. In particular, GL8 was
observed to form a structure with highly ordered anti-parallel β-sheet (figure 21(C)).
Next, using the free energy assigned to different clusters, we were able to calculate
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the ensemble average value of any quantity of interest using the following formula:
P
−Fα /T
α Oα e
(4.6)
hOi = P
−Fα /T
αe
i
P −2Fα /T h (hOi−Oα )2 2
2
e
σ
(F
)
+
σ
(O
)
α
α
α
T2
P −F /T
(4.7)
σ 2 (hOi) =
β
βe

where O is the quantity of interest, Oα is the value of the observables for cluster
α, Fα is the free energy calculated for cluster α and T is temperature. σ 2 (hOi) is
the error in the ensemble average, σ 2 (Fα ) is the error in the free energy calculated for
cluster α and σ 2 (Oα ) is the variance of quantity O in cluster α.203
The ensemble averages for secondary structures, turn and coil explored during the
simulation are shown in Table 4.3.4. Secondary structures for all trajectories were
calculated using “do dssp” utility according to the dictionary of protein secondary
structure (DSSP).161 In general, we observe very similar properties for the two systems.
This is again consistent with the experimental observations that the two peptides adopt
similar secondary structures. The structures explored were mostly random and consist
of only 5.90% and 7.74% β-sheet compared to ≈ 40% in experiment estimated from CD
spectra. This showed that fundamentally a tetramer simulation is unable to reproduce
the supramolecular secondary structures content found in experiment.
In addition to that, the propensity of each residue in GV8 and GL8 to adopt
β-sheet was evaluated using equation 4.6. Since the system consists of four identical
monomer, the averages value of each amino acid was plotted in figure 19. As expected,
the shapes of the plot indicated that the middle regions of the peptide sequences have
higher tendency to form β-sheets. It can be observed that peptide GV8 and GL8
have similar β-sheets profile (within error bar) through most of the residues, except
for TYR6. TYR6 is the second tyrosine residue in both peptide sequence. Here it can
be seen that TYR6 has a significantly higher tendency ( ≈ 10% higher) to participate
in β-sheets formation in peptide GL8.
The limitations of our simulations in using just a small tetramer may contribute
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to the fact that the ensemble average values did not provide significant insights into
the difference between peptide GV8 and GL8. Nevertheless, when we attempted to
look at the clusters at different free energy cutoff, we were able to make compelling
observations. First, we defined free energy cutoff at 1 kJ/mol, 2 kJ/mol, 4 kJ/mol,
8 kJ/mol, 16 kJ/mol, 32 kJ/mol and 64 kJ/mol, Then, we calculated the ensemble
average of secondary structures for clusters with free energy lower than the cutoffs
using equation 4.6. Results are shown in figure 20. It can be seen that at low free
energy cutoff (more stable structures), peptide GL8 contains more β-sheets than peptide GV8 even thou both peptides converged to the total ensemble average tabulated
in table 4.3.4 at high energy cutoff as expected. Other than that, hydrogen bonds
were calculated using “g hbond” utilities and peptide GL8 was observed to form more
hydrogen bonds at low free energy cut-off.

GV8
GL8

α-Helix β-Sheet
Coil
Turn H-Bond Numbers
1.10%
5.90% 52.56% 8.01%
10.42
1.25%
7.72% 50.58% 9.28%
10.37

Table 6. Ensemble average values for the secondary structures explored during the
simulation. Number indicates the average number of residues adopting the specific
secondary structure. Errors are omitted here for clarity sake as they are negligible.

(a)

Fig 19. β-sheets propensity for every amino acid in the sequence. Error bars were
calculated as the standard deviation of average values from four monomer for each
amino acid.
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(a)

(b)

Fig 20. Figure shows the ensemble average of (a) β-sheets structures (b) number of
hydrogen bonds at clusters below different free energy cutoffs.
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Fig 21. Representative structures from different energy minima. Arrows indicate
the locations on the free energy landscape where the structures belong to.
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Discussion

Bringing together the results from both atomistic and coarse-grained simulations, we
are able to stipulate interesting insights into the gelation and aggregation process of
peptide GV8 and GL8. From our experimental collaborators (Shu Hui et al.), data
from circular dichroism (CD) (Unpublished) shows spectra similar to that of peptides
with β-sheet structure, therefore highly ordered β-sheet structures in our simulation
may be an important mechanism of which the peptides can further elongate into more
extensive structure. Due to computational limitations , we were only able to simulate
up to tetramer in the atomistic model and therefore unable to fully model the selfassembly mechanism. In this context, it is not surprising that the ensemble average
values of important observables such as secondary structures and hydrogen bonds
formation for both systems appear to deviate only slightly from each other, indicating
that the two peptides are highly similar.
Nevertheless, it is interesting to note however that in the multi-dimensional free
energy landscape, GL8 contains more ordered structures than that of GV8 in the
lowest energy minima sampled during the simulation. This can be seen from figure 20.
A tetramer represents a very early stage of self-assembly process for both peptides,
thus it appears that while GL8 becomes highly ordered at low oligomer weight, this
may not be favourable for the formation of peptide gels. In a study of silk fibroin
peptide, the gelation process was proposed to be a three stage model.205 The early
stage of gelation contains mostly hydrophobic interactions and backbone hydrogen
bonds instead of ordered β-sheets. As the gelation process goes on, there will then be
transition into higher order β-sheets complex. Our sequences are highly similar to the
silk fibroin peptides sequence studied: GAGAGS, GAGAGY, GAGAGVGY, especially
the presence of aromatic residue tyrosine which is a key factor in the formation of silk
hydrogel. Both GV8 and GL8 contain two tyrosine residues at the second and sixth
position in their respective sequences.33, 206, 207 Interestingly, in our simulation, we
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found stronger participation of TYR6 (second tyrosine residue) in β-sheets formation
for peptide GL8 as shown in figure 19. In a nutshell, the stronger hydrophobicity of
peptide GL8 encourages more ordered β-sheets structure and affects the participation
of tyrosine in the gelation process. Further simulation with high weight oligomer may
shed lights into how these differences at low weight oligomer propagate.
Martini model has been used to study proteins/peptides aggregation and hydrogel
formation.129, 130, 208–210 Most notably, Frederix et al. successfully predicted the aggregation of novel tripeptide sequences that can self-assemble into nanostructures.130 We
attempt to use similar protocol to elucidate the self-assembly mechanism of GV8 and
GL8 peptide. In Martini model, both valine and leucine are modelled in similar fashion
using a single hydrophobic bead as their side chain, with a small difference in the bond
length between backbone atom and side chain. Our simulation results showed that
at 400 mM concentration, peptide GL8 adopts nanostructures that are more fibrillar
than peptide GV8, which may explain the morphology seen under scanning electron
microscope. Interestingly, in a study by Bhak et al., it was found that α-synuclein
that assembled into curly fibrillar structures was able to convert to amyloid hydrogel
while those that assembled into straight fibrils could not.123 In our simulation of GV8,
one of the runs (run two) assembled into curly structure, which may play a role in the
formation of hydrogel. However, we are unable to confirm the fibrils’ morphology at
1 µm resolutions obtained by our collaborator.
Finally, we tried to simulate a much stronger concentrations of peptides as the
formation of peptide networks at high concentration may provide a hint to how the
peptides sequence may assemble into gel. This resulted in the network of nanofibres
structures observed in figure 15. Nanofibres with high β-sheets content have been
found to be one of the ways peptides gelate.36, 211 However, the inherent limitation
of MARTINI model does not seem to allow us to distinguish between the different
hydrophobic amino acids in their formation of supramolecular complex at this high
concentration. This was evident from the fact that both peptides GV8 and GL8 were
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able to form similar structures. Nevertheless, we showed that the sequence motifs of
both GV8 and GL8 have the tendency to form highly ordered network similar to silk
fibroin proteins.
An issue commonly associated with the MARTINI model is its inability to model
secondary structure transition. In this work, as we are attempting to model the
final gel state of the peptides, it is reasonable to use MARTINI model. We do not
expect MARTINI model to provide detailed dynamics of the aggregation process of the
hydrogel. It should, however, provide reasonable projection into observable quantities
such as the shapes of the final aggregated structure implied through the moments
of inertia calculations. We acknowledge the limitations of MARTINI in modelling
interactions caused by secondary structure changes and this was one of the main
reasons for us to complement MARTINI simulations with atomistic simulations using
metadynamics. NMR experiments are currently being carried out to provide us with
more structural information that can be used to refine our simulations in the future.
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Supplementary Figures

(a)

(b)

(c)

(d)

(e)

(f )

(g)

Fig S8. Figures show the potentials deposited throughout the 1.2 µs simulation for
peptide GV8.
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(a)

(b)

(c)

(d)

(e)

(f )

(g)

Fig S9. Figures show the potentials deposited throughout the 1.2 µs simulation for
peptide GL8.
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Binding Analysis of Profilin-Polyproline Complex

5.1

Introduction

In most eukaryotic cells, actin is known to be one of the most abundant proteins.212
It participates in a lot of vital body functions such as muscle contraction and supporting cell’s cytoskeleton.213 Nuclear actin is involved in various cellular functions
around cells’ nucleus such as the regulation of translation and transcription.214 One
highly important aspect of actins is its polymerization in forming F-actin, a filament
cytoskeleton. F-actin structure has been solved experimentally and studied extensively.215–217 The early stage of actin polymerization involves actin nucleation which
consists of a few actin monomers coming together to form a nucleus complex. Thereafter, more monomers approach and latch onto the nucleus before elongating into
extensive actin filament.218, 219 This polymerization process has been found to be regulated by the formin protein.219–221 In particular, the synergy between a protein called
profilin(PRF) and the FH1 domain of formin protein is integral to the actin polymerization process. FH1 domain is located at the N-terminal region of formin protein and
is an intrinsically disordered protein (IDP). While it does not possess a native structure, a consistent feature of FH1 domain is high amount of prolines in its primary
sequence, which is known to be recognized by profilin as its ligand.222–225
Structures of profilin in its apo configuration and in complex with polyprolines
sequences have been studied extensively over the years.222, 225–228 The folding motif
of profilin typically consists of five-stranded antiparallel β-sheets and two α-helices.
The α-helices are located at the N- and C- termini. From structures available in
protein data bank (PDB), we can see that polyprolines bind close to the two α-helices.
The binding orientation can be in two backbone orientations as shown by Mahoney
et al..222 (Figure 23(a)). In addition to that, profilin can bind to actin at another
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binding site concurrently with polyprolines.229 Together, profilin acts as a regulator
in the formin-mediated polymerization of actin.
In this project, we collaborated with Assistant Professor Miao Yansong from the
school of Biological Sciences to better understand the binding mechanism between
profilin (AtPRF) and a short polyprolines segment from FH1 domain (Manuscript
in preparation).143 Both profilin and polyprolines are from plant species arabidopsis
thaliana. There are five profilin isomers expressed by arabidopsis thaliana.230 Miao et
al. has studied the binding affinity and mechanism between AtPRF and polyprolines
sequence RVPPPPPPPPPLP. The third profilin isomer AtPRF3 is particularly
intriguing as it can potentially be expressed with a 37 residues N-terminal extension
compared to a typical profilin sequence. In the experiment, AtPRF3 was synthesized
in three versions: Full length with 37 residues N-terminal extension (AtPRF3-FL),
moderately long N-terminal extension truncated at the 22nd residue (AtPRF3-N22)
and lastly without N-terminal extension (AtPRF3-N37). It was discovered by Miao et
al. experimentally that both AtPRF3-FL and AtPRF3-N22 exhibited stronger binding
to polyprolines compared to the AtPRF3-N37.
Polyprolines is an important ligand to many proteins besides profilins. It refers to
amino acid sequences that comprise of a high percentage of prolines joined together on
a polypeptide. Among amino acids, proline is structurally unique due to its chemical
composition. Unlike other amino acids, proline has a pyrrolidine ring joined to its
α-carbon and α-amino group. This is illustrated in Figure 22. Due to its structure,
proline has very rigid dihedral angles. In the most common trans isomer configuration, polyprolines form type II polyprolines helices (PP-II helices), with its angle φ
and ψ restricted to ≈ −75 degrees ≈ 150 degrees respectively.231 The structures of
polyprolines have been studied using molecular dynamics by Moradi et al..232 It was
found that in water, the most probable structures for polyprolines were always PP-II
helices. Their results were consistent with previous experimental results, thus lending
credibility to the use of molecular dynamics to model polyprolines.233, 234 As such, in
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our model, polyprolines were initialized as PP-II helices.
Crystal structure of AtPRF3 in complex with polyprolines could not be obtained
due to experimental difficulty. As discussed in Chapter 2, the structures of many
proteins often cannot be obtained from experiments due to their insolubility and noncrystalline structures.31 However, atomistic models of such complex are needed to
understand experimental results. Hence, we employed molecular dynamics to simulate
AtPRF3-polyprolines complex in order to elucidate the binding mechanism. By surveying literature on the binding orientations and using homology models from available
crystal structure of profilin from other species, we proposed potential binding modes
and tested their stability using long molecular dynamics. Furthermore, the important
interactions found were compared to literature to verify the validity of our models.
We then used the MM/PBSA method to understand why AtPRF3-N22 bind stronger
to polyprolines than AtPRF3-N37. By looking at the different components contributing to the binding free energy, we can also discover potentially crucial factors in the
recognition mechanism of profilin.

Fig 22. Chemical composition of proline.
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Methods
Homology Modelling and Molecular Dynamics

Homology modelling refers to constructing an atomistic model of a protein using its
amino acid sequences based on highly similar and related proteins commonly referred
to as a “template”.235 It has been successfully used to study WW and SH3 domains,
both of which recognize polyprolines ligands.236 In our work, the homology model of
the truncated version of AtPRF3: AtPRF3-N37 was created by SWISS-MODEL using
PDB structure 1A0K as a template.228, 237 1A0K is the crystal structure of AtPRF1
from arabidopsis thaliana and hence we expect PRF3 to have similar fold. We chose
to simulate AtPRF3-N22 instead of AtPRF3-FL because it contains a high number of
charged residues close to the polyprolines binding site. In addition to that, simulating
AtPRF3-FL would introduce a much higher computational complexity. This is due to
the scaling complexity of O(n2 ) discussed in Chapter 2.
Then, polyproline peptide (polyprolines) was built using PyMOL as an extended
chain with the sequence of RVPPPPPPPPPLP as per experiment.1 To verify
the quality of the built protein homology model, a quick 100 ns molecular dynamics
simulation with explicit water was performed (details described below). The root mean
square deviation of the distances (RMSD) between backbone atoms was calculated and
found to be less than 0.15 nm (figure 23b), justifying the use of the homology model
in the subsequent simulations. Next, we built the extended version of AtPRF3 by
extending the N-termini of N37 with the sequence QRRSRAKVKKKKKTN. The
extended amino acid sequences were modelled as an α-helix based on the prediction
of PSIPRED webserver (figure S10 in supplementary information).238, 239
From the crystal structure of mammalian profilin 2a (PDB:2V8F),225 it can be seen
that there are two potential binding grooves for polyprolines, in which it can align
either parallel (L for lower position) or perpendicular (U for upper position) to the
axis of N- or C- terminal helices. The initial binding pose of polyprolines was setup by

5.2. Methods

85

aligning the homology model to the crystal structure of 2V8F first, then subsequently
aligning the built polyprolines to the polyprolines portion of the crystal structure’s
ligand. The alignment was done using PyMOL.1 In addition to that, Mahoney et al.
noted that polyprolines can also bind to profilin in two distinct orientations with the
N-termini pointing in either in the forward or backward direction.222 Therefore, we
had also carried out simulations by reverse alignment of polyprolines from C- to Ntermini to crystal structure’s polyprolines.
Furthermore, the binding orientation is especially important for the polyprolines
used in our study due to the positively charged arginine (R) residue located at the Ntermini. This will be discussed in details in the later sections. The reverse alignment
will be referred to as CN alignment in the following discussion, while the normal
alignment is referred to as NC alignment (Figure 23). All in all, there were eight
different setup for our AtPRF3-polyprolines simulations: N37L-CN, N37U-CN, N37LNC, N37U-NC, N22L-CN, N22U-CN, N22L-NC and N22U-NC. The configurations are
illustrated in Figure 23.

(b)
(a)

Fig 23. (a) Example of the initial binding positions of polyprolines to AtPRF3-N37.
(b) Root means square deviation of distances between backbone atoms for homology
model generated using SWISS-MODEL.
All molecular dynamics simulation were carried out using GROMACS version
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5.1.2.150, 198, 240, 241 All systems were equilibrated in canonical (NVT) ensemble and
isothermal-isobaric (NPT) ensemble before production run (NPT) of 100 ns. CHARMM36
forcefield was used.242 Particle Mesh Ewald method was employed for long range electrostatic calculation.152 The short range van der Waals and electrostatic cutoff were
both set to 1.2 nm. LINCS algorithm was used to constrain bonds involving hydrogens
in order to allow an integration timestep of 2 fs.151 The temperature of the system
was set at 315 K which is slightly higher than the physiological temperature in order
to accelerate sampling. For each of the eight binding model, three molecular dynamics
simulations were initiated with different initial velocities for the atoms in order to
sample a larger phase space. Secondary structures were calculated using “do dssp”
utilities based on the dictionary of secondary structures of protein (DSSP).161

5.2.2

MM/PBSA Binding Energy Analysis

In addition, we also carried out MM/PBSA calculations to estimate the binding affinity.243 In MM/PBSA calculations, the binding energy Ebinding is defined as:
Ebinding = EvdW + Eelec + Epolar + Eapolar − T ∆S

(5.1)

where EvdW and Eelec are the van der Waal’s interaction energy and electrostatic interaction energy respectively, both of which can be obtained from molecular dynamics
simulations. The term Epolar refers to the polar solvation energy estimated through
Poisson Bolzmann continuum solvent model.244 On the other hand, Eapolar is the apolar solvation energy estimated by using the Solvent Accessible Surface Area (SASA)
model. Lastly, ∆S is the solute entropy. MM/PBSA has been applied successfully in
a number of protein-protein interaction cases. We refer the interested reader to paper
by Genheden et. al for detailed technical explanations of the MM/PBSA model.137
A common approach in MM/PBSA is the calculation of the binding energy without
considering the solute entropy. Our ligand consists of mainly prolines, which is known
to be rigid and adopts PP-II helix as a secondary structure as discussed in section
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5.1.231 Thus in PBSA calculation, we can assume simular entropy contributions in all
the configurations. This allows meaningful comparison between the different binding
poses without explicitly calculating the entropy, which is in itself inaccurate and computationally challenging. The software “g mmpbsa” with the default set of parameters
was used for all binding energy calculations.156 Bootstrap analysis with 2000 steps was
used to calculate errors in free energy calculation.
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Results

Firstly, in order to characterize the binding poses, we carried out the clustering of
trajectories using gromos method.245 Structural clustering assigns conformations with
similar root mean square deviations into clusters, allowing us to distinguish between
structurally stable (high percentage population) conformations in simulations. Here,
structures were fitted using backbone atoms of AtPRF3, and root mean square deviation (RMSD) was calculated using the full protein backbone. Cutoff was set at 0.25
nm. For each binding pose, three simulations were combined into a single trajectory
before clustering. Frames every 50 ps were extracted to minimize statistical correlation. For AtPRF3-N37, the largest cluster for N37U-CN, N37L-NC and N37U-NC
accounted for more than 20% of structures extracted. For N37U-CN, the first and
second largest cluster accounted for more than 15% of structures extracted. In contrast, for AtPRF3-N22, the cluster members of N22L-CN and N22U-CN were more
evenly distributed among the top three clusters in comparison. As such, we chose
to analyse clusters that accounted for more than 15% of the total population (two
clusters for N37L-CN, one cluster for N37U-CN, one cluster for N37L-NC, one cluster
for N37U-NC and three clusters for both N22L-CN and N22U-CN).
For each cluster, we calculated the average distance between residues using heavy
atoms (excluding hydrogen). The average distances between the residues pair of
polyprolines (index 1-13) and AtPRF3-N37 (index 38-168) or AtPRF3-N22 (index
23-168) were then mapped onto contact heatmaps to visualize the binding interfaces.
The representative structures in the clusters together with their respective contact
heatmaps are illustrated in Figure 24 to Figure 26. We labelled the cluster index
using numbers following the names of the configurations, i.e. N37L-CN-1 refers to the
first (top) cluster, N37L-CN-2 refers to the second top cluster in N37L-CN simulations,
and so on. Then, the binding free energies for the structural ensemble in each cluster
were calculated using MM/PBSA method as described in section 5.2.2.
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Next, we calculated the root means square deviation of distances (RMSD) between
backbone atoms of the binding complexes in Figure S11 for each of the simulations.
This enabled us to quantify the stability of binding complexes. It can be observed
that the binding complexes were able to quickly achieve small fluctuation within 0.15
nm after a small initial period of equilibration. In general, all N37 configurations were
able to achieve stable binding positions in our simulations. This was supported by the
highly negative binding free energy (favorable binding) estimated through MM/PBSA
tabulated in table S4 and table S5 (Supplementary information). On the other hand,
while both N22L-CN and N22U-CN gave rise to stable binding complexes, we observed
large changes in the binding position and ligand dissociation in N22L-NC and N22UNC configuration (Supplementary Figure S12). Table S6 reveals that N22L-CN and
N22U-CN resulted in stronger binding than N37 configuration, whereas N22L-NC and
N22U-NC configuration resulted in positive binding free energy estimation (Table S7,
supplementary information) which imply highly unstable complex. As a result, we will
not be carrying out detailed analysis of N22L-NC and N22U-NC.
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Fig 24. Figures on top show the representative structures for the largest cluster
for simulation of AtPRF3-N37 in complex with polyprolines. Figures at the bottom
show the corresponding contact maps between residues of AtPRF3-N37 (y-axis) and
polyprolines (x-axis).
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Fig 25. Figures on top show the representative structures for the largest cluster
for simulation of AtPRF3-N22 in complex with polyprolines. Figures at the bottom
shows the corresponding contact maps between residues of AtPRF3-N22 (y-axis) and
polyprolines (x-axis).
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Fig 26. Figures on top show the representative structures for the second and third
largest cluster for simulation of AtPRF3-N22 in complex with polyprolines. Figures at
the bottom shows the corresponding contact maps between residues of AtPRF3-N22
(y-axis) and polyprolines (x-axis).
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Discussions
Stability of AtPRF3-Polyprolines Complexes and Extended N-terminal
α-helix

To discuss the validity of the homology modelling of AtPRF3, we look into two aspects.
Firstly, the stabilities of the complexes were monitored by calculating the root-meansquare (RMS) deviation of the distances of backbone atoms. RMS-Distances plot for
all the simulations are shown in Figure S11. We can see that in all the simulations, the
complex stabilised after an initial period of increase in RMSD which is expected as the
structures relax after the initial setup. Thus, the use of AtPRF1’s crystal structure as a
homology model can be justified. Secondly, it should be noted that PSIPRED actually
predicted a section of random coil in between the N-terminal α-helix in AtPRF3-N22
and residue MET38 (First residue in AtPRF3-N37). The entire extended N-terminal
sequences as an α-helix was modelled based on the rationale that it would result in a
more compact structure to interact with polyprolines peptide; A coil would induce too
much flexibility into the N-termini during the binding process, thereby it is unlikely to
change the binding affinity. The binding of a ligand may also stabilize the secondary
structures.
Nevertheless, in order to test the structural stability of our modelled α-helix, we
calculated the secondary structures of the extended sequences using the final 25 ns
simulation from each of the three repeats for N22L-CN and N22U-CN using the dictionary of secondary structures described in section 5.2.1. The percentage of α-helix
adopted by the N-terminal extension is tabulated in table 7. All simulations were
able to maintain high amount of α-helix content (more than 50%), thus supporting
our modelling of the extension. Visual inspection of structures in Figure 25 and 26
supports the findings.
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Table 7. Table shows the α-helix content of the constructed N-terminal extension
QRRSRAKVKKKKKTN. Percentage content was calculated as Number15of α-helix
where 15 is the length of the extension. Errors were estimated from the standard
deviation during the last 25 ns of each run.
N22L-CN

N22U-CN

5.4.2

Run
Run
Run
Run
Run
Run

1
2
3
1
2
3

Percentage α-helix Standard Deviation
71.847 %
12.780 %
61.942 %
6.480 %
63.875 %
4.436 %
66.002 %
3.194 %
52.509 %
3.965 %
66.643 %
0.442 %

CH-π and Electrostatic Interactions

The recognition of polyprolines is one of the most important biological functions.
Notably, the Src Homology 3 (SH3) domain, one of the most well studied proteins,
contains a binding groove that allows peptides with sequence motif PXXP to attach
on (where X is any amino acid).246 WW domain of brain protein F65 is also known to
recognize polyprolines.247 Besides the importance of polyprolines’ rigidity in forming
PP-II helix allowing it to “slot in” to the binding sites, a common feature found among
proteins that recognise polyprolines is the presence of aromatic residues such as tyrosine.231, 246–248 The interaction between aromatic residues and prolines ring is known as
the CH-π interaction, named after the fact that this interaction happens between the
π aromatic face and the polarized C-H bonds of proline residues.249 CH-π interactions
have been investigated in the study of mammalian profilin 2a in complex with two
polyprolines ligand by Kursula et. al.225 Besides, hydrogen bond donations by tryptophan, tyrosine and asparagine were discovered to be critical in ligand recognition in
the same study.
In this context, a number of aromatic and polar residues (hydrogen bonds donor)
can be found in SER39, TRP40, TYR43, HIS47, TRP70, ASN158, TYR162 and
SER166 on AtPRF3 studied in our simulations. SER39, TRP40, TYR43 and HIS47
are located at the N-terminal helix, while TRP70 is located at one of the loops close
to the U binding mode. The remaining TYR162 and SER166 are located at the Cterminal helix. From contact heatmap in Figure 24 and 25, we can see that these
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residues are indeed often involved in the binding interface in our simulation, consistent with the literature. In particular, aromatic residues TRP40, TYR43, HIS47 and
TYR162 were involved universally in all binding modes with the exception of N37LCN-1, confirming the importance of CH-π interactions. Other than that, while not
universally present in all binding modes, polar residues SER39, ASN158 and SER166
were also found to be involved in many configurations (highlighted in blue frames from
Figure 24 to Figure 26.
A notably unique binding mode was found in N37L-CN-1 where we observed relatively few residues involved in the binding, yet the complex was seen to be highly
stable with strong binding affinity. A contact heatmap (figure 24) shows that the
positively charged residue ARG1 on polyprolines binds very strongly to the negatively
charged residues ASP46 and ASP51 on AtPRF3 in both N37L-CN binding modes.
Similar electrostatic interaction was also observed in N37U-NC binding mode with
ASP66. Interestingly, in the N22 binding mode, besides observing electrostatic attractions involving ASP46 and ASP51 in N22L-CN-2, N22L-CN-3 and N22U-CN-2,
we found interactions between polyprolines-ARG1 and AtPRF3-GLU165. In addition,
Figure 25 shows that the N-terminal extension has a number of contact hotspots with
the second half of polyprolines sequence. These additional contact hotspots are the
main reason of stronger binding in AtPRF3-N22 as we will discuss later.
In short, we found electrostatic interactions to be another critical factor in recognizing polyprolines region containing positively-charged residues. This type of recognition
mechanism was also found in SH3-PXXP binding.5, 246 Indeed, by examining the full
sequences of FH1 domain of arabidopsis thaliana (Table S8, supplementary information), we identified a few potential polyprolines sequences: DSPPPSPPSPPPLPK
LP, YPSSPPPPSP, RRVYPPPPATAPPTR, RPPSLTPP and lastly the sequence
studied in experiment RVPPPPPPPPPLP.250 Except for the second sequence, it can
be observed that the polyprolines sequences are flanked by charged residue aspartate
or arginine. The orientation of polyprolines can thus be dependant upon the position
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of charged residues.

5.4.3

MM/PBSA Binding Free Energy

To quantify the binding affinity, we used MM/PBSA method to estimate binding
energy between profilin and polyprolines in our simulation. As we can see, the binding
free energies are negative, indicating favourable binding. In general, from table S4 to
table S7, CN binding modes were observed to have stronger binding affinity compared
to NC binding modes. The binding free energies for AtPRF3-N22 are higher than those
of AtPRF3-N37. We note that MM/PBSA has inherent limitations in predicting the
absolute binding free energy and should only be relied to predict the relative strength of
binding free energy between similar proteins. In this context, our results are consistent
with the results from biochemical experiments, where N22 has a dissociation constant,
Kd value of 70 ± 6.31 µM , almost twice as much stronger than that of N37 which has
a Kd value of 175.6 ± 3.78 µM (Manuscript in preparation143 ). While the absolute
binding free energies are less meaningful, the individual contributions from different
energy terms will help us understand differences between the binding modes.
By decomposing Ebinding into its individual component, we can examine the causes
resulting in stronger binding. N37L-CN was seen to have low Van der Waals force
due to its loose binding. This was however highly compensated by strong electrostatic
energy due to its interaction with ASP46 and ASP51 discussed above. Compared to it,
N37U-CN packed polyprolines in a tighter fashion resulting in stronger Van der Waal’s
energy. It has less electrostatic contribution but at the same time less polar solvation
penalty due to tighter packing of the hydrophobic polyprolines. In fact, the combined
contribution of Eelec and Epolar is critical to the complexes. The values are tabulated
in table S4 to table S7. As such, we can observe that in general, NC binding mode
has a comparatively low combined contribution of Eelec and Epolar . Contact heatmaps
showed that the major differences between CN and NC binding modes are due to lack
of interaction hotspots around ASP46 and ASP51. Besides, as the polyprolines are
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uncapped, its C-termini is negatively-charged. This may cause a large electrostatic
penalty as the C-termini is close to ASP46 and ASP51 in the NC configuration.
Next, we examined the binding free energy estimated for N22L-CN and N22U-CN.
By looking at the individual contribution again, it can be noticed that N22-polyprolines
complexes have a much higher electrostatic energy component than N37-polyprolines
due to the N-terminal extension which contains many postively-charged lysine residues.
The combined contribution of Eelec and Epolar is higher as well when comparing N37LCN against N22L-CN and N37U-CN against N22U-CN. This is due to the fact the
the N-terminal extension is highly hydrophilic and hence its polar solvation penalty
is not large enough to negate the highly favourable electrostatic interaction between
itself and polyprolines. On the other hand, N22L-NC and N22U-NC both orient
ARG1 of polyprolines close to the positively-charged N-terminal extension, causing
strong electrostatic repulsion. Consequently, stable binding modes were not possible
in N22L-NC and N22U-NC.
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Supplementary Information
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Fig S10. Prediction of secondary structures for AtPRF3-N22 using PSIPRED webserver.
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(a)

(b)

(c)

(d)

(e)

(f )

Fig S11. RMS Deviation of distance of the backbone atoms of the complexs during
simulation for (a) N37L-CN (b) N37U-CN (c) N37L-NC (d) N37U-NC (e) N22L-CN
(f) N22U-CN
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(a)

(b)

Fig S12. (a) Peptide dissociation in N22L-NC. Other than dissociating from the
binding groove, N-termini can also be seen to have rotated to the opposite orientation
compared to the initial position (figure 23). (b) Unfolded N-terminal helix in N22UNC. Cyan color represents the N-terminal extension. Blue sphere indicates the Ntermini of polyprolines. Figures are generated by author using PyMOL.1
Table S4. Binding free energy estimated using MM/PBSA for N37L-CN and N37UCN configurations. Unit for energy is kJ/mol.
N37L-CN

Cluster 1
Cluster 2
N37U-CN Cluster 1

Percentage
Population
10.78%
8.50%
23.01%

EvdW

Eelec

Epolar

ESASA

Ebinding

-60.119±0.646 -730.081±1.807 485.480±1.795 -10.480±0.072 -315.082±1.565
-131.145±1.236 -577.436±3.795 463.421±4.355 -17.931±0.111 -263.110±2.044
-194.794±0.912 -514.057±4.334 384.410±5.725 -23.771±0.105 -348.273±2.983

Eelec + Epolar
-244.601
-114.015
-129.647

Table S5. Binding free energy estimated using MM/PBSA for N37L-NC and N37UNC configurations. Unit for energy is kJ/mol.
N37L-NC Cluster 1
N37U-NC Cluster 1

Percentage
Population
21.73%
24.87%

EvdW

Eelec

Epolar

ESASA

Ebinding

-158.157±1.155 -94.332±2.928 69.200±2.399 -19.202±0.139 -202.570±2.706
-244.412±2.060 -320.555±3.798 348.167±4.462 -29.657±0.243 -246.452±2.866

Eelec + Epolar
-25.132
27.612

Table S6. Binding free energy estimated using MM/PBSA for N22L-CN and N22UCN configurations. Unit for energy is kJ/mol.
N22L-CN

Cluster
Cluster
Cluster
N22U-CN Cluster
Cluster
Cluster

1
2
3
1
2
3

Percentage
Population
7.03%
6.43%
5.65%
6.83%
5.37%
5.05%

EvdW

Eelec

Epolar

ESASA

EBinding

-240.736±1.894 -1181.255±13.813 832.933±12.785 -32.395±0.241 -621.575±3.097
-194.535±1.747 -1047.883±7.199 798.896±9.641 -27.558±0.172 -470.974±4.362
-180.469±2.356 -1164.068±14.068 915.254±14.931 -27.195±0.182 -456.706±4.264
-280.701±3.534 -857.633±17.893 649.905±15.613 -34.745±0.338 -523.462±7.686
-252.647±3.577 -988.071±15.482 744.312±12.586 -33.369±0.333 -529.498±5.866
-259.703±2.412 -1280.212±10.868 916.681±9.894 -36.586±0.247 -659.679±3.341

Eelec + Epolar
-348.322
-248.987
-248.814
-207.728
-243.759
-363.531
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Table S7. Binding free energy estimated using MM/PBSA for N22L-NC and N22UNC configurations. Unit for energy is kJ/mol.
N22L-NC

N22U-NC

Cluster
Cluster
Cluster
Cluster
Cluster
Cluster

1
2
3
1
2
3

Percentage
Population
10.43%
7.10%
3.85%
11.71%
7.52%
3.83%

EvdW

Eelec

Epolar

-257.220±1.453 156.395±5.766 412.979±4.624
-176.422±2.485 -327.295±6.159 558.120±8.610
-211.903±1.969 148.179±11.246 373.345±10.719
-281.150±1.487 107.384±6.318 328.621±3.812
-243.020±1.741 250.213±9.749 168.278±5.333
-189.393±1.966 55.689±14.769 252.459±10.318

ESASA

EBinding

Eelec + Epolar

-31.993±0.173
-26.026±0.277
-25.768±0.208
-32.725±0.134
-29.381±0.194
-23.443±0.214

280.346±3.593
28.101±5.127
283.835±7.975
122.277±3.725
146.083±6.012
95.428±7.834

569.374
230.825
521.524
436.005
418.491
308.148

Table S8. Full FASTA sequence of formin FH1 domain of arabidopsis thaliana
MLFFLFFFYLLLSSSSDLVFADRRVLHEPFFPIDSPPPSPPSPPPLPKLPFSSTTPPSSSDPNASPFFPL
YPSSPPPPSPASFASFPANISSLIVPHATKSPPNSKKLLIVAISAVSSAALVALLIALLYWRRSKRNQDL
NFSDDSKTYTTDSSRRVYPPPPATAPPTRRNAEARSKQRTTTSSTNNNSSEFLYLGTMVNQRGIDEQSLS
NNGSSSRKLESPDLQPLPPLMKRSFRLNPDVGSIGEEDEEDEFYSPRGSQSGREPLNRVGLPGQNPRSVN
NDTISCSSSSSGSPGRSTFISISPSMSPKRSEPKPPVISTPEPAELTDYRFVRSPSLSLASLSSGLKNSD
EVGLNQIFRSPTVTSLTTSPENNKKENSPLSSTSTSPERRPNDTPEAYLRSPSHSSASTSPYRCFQKSPE
VLPAFMSNLRQGLQSQLLSSPSNSHGGQGFLKQLDALRSRSPSSSSSSVCSSPEKASHKSPVTSPKLSSR
NSQSLSSSPDRDFSHSLDVSPRISNISPQILQSRVPPPPPPPPPLPLWGRRSQVTTKADTISRPPSLTPP
SHPFVIPSENLPVTSSPMETPETVCASEAAEETPKPKLKALHWDKVRASSDREMVWDHLRSSSFKLDEEM
IETLFVAKSLNNKPNQSQTTPRCVLPSPNQENRVLDPKKAQNIAILLRALNVTIEEVCEALLEGNADTLG
TELLESLLKMAPTKEEERKLKAYNDDSPVKLGHAEKFLKAMLDIPFAFKRVDAMLYVANFESEVEYLKKS
FETLEAACEELRNSRMFLKLLEAVLKTGNRMNVGTNRGDAHAFKLDTLLKLVDVKGADGKTTLLHFVVQE
IIRAEGTRLSGNNTQTDDIKCRKLGLQVVSSLCSELSNVKKAAAMDSEVLSSYVSKLSQGIAKINEAIQV
QSTITEESNSQRFSESMKTFLKRAEEEIIRVQAQESVALSLVKEITEYFHGNSAKEEAHPFRIFLVVRDF
LGVVDRVCKEVGMINERTMVSSAHKFPVPVNPMMPQPLPGLVGRRQSSSSSSSSSTSSSDEDEHNSISLV
S
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Conclusion and Future Outlook

In this thesis, three types of protein-protein interactions were explored: cross-species
proteins aggregation, self-assembly of short peptides into hydrogel, and polyprolines
recognition mechanism. The first two topics can also be classified together as aggregation phenomenon, albeit in different contexts. In cross-species aggregation, we sought
to understand how amylin and PrP106-126 can aggregate despite being structurally
and sequentially distinct. The two peptides were studied by investigating into their
dimerization process. In the original experiment by Gal et al. which inspired our
study,139 the possibility of heterogeneous fibril could not be validated. In our study,
we found that the two peptides were able to form highly polymorphic complex. Despite this polymorphic nature, energy minima with highly ordered β-sheets could be
found. This implied that heterogeneous fibril is highly probable.
In addition to that, our molecular dynamics simulation provided a way to investigate interactions between amino acids involved in aggregation between two distinct
amyloidogenic proteins. We were able to pinpoint interaction hotspots using our data.
Interestingly, some of the residues traditionally found to be important in the samespecies aggregations of amylin and PrP106-126 were also highly involved in the crossspecies aggregation. The pathological significance of cross-species aggregation is a
relatively new aspect of protein-protein interactions. Most of the focus currently is
on Aβ and amylin due to the abundance of existing literatures and direct identification of type II diabetes mellitus as a risk factor of Alzheimer’s disease. While amylin
and PrP106-126 are physiologically unrelated, it is important to understand the crosstalk between these two proteins as the mechanism is potentially applicable to other
amyloidogenic proteins.
The aggregation of peptides can also result in highly ordered polymeric networks
and produce hydrogels. In Chapter 4 of this thesis, we used molecular dynamics to
understand the self-assembly of peptide GV8 and GL8. These two peptides were part
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of the sucker ring teeth (SRT) proteins found in squids. They were identified by
our experimental collaborators to form structures with a high percentage of β-sheet.
Peptide GV8 in particular forms hydrogel whereas peptide GL8 does not, despite only
having a single amino acid difference in their sequences. This amino acid difference
gave rise to different hydrophobicity (GL8 > GV8). We used an approach inspired
by Frederix et. al in which coarse-grained modelling using Martini force field was
employed to look at the supramolecular assembly of peptides.130 It was found that
peptide GL8 adopted a more elongated fibril-like structure whereas GV8 adopted a
more disc-like structures. Simulations in high concentration yielded supramolecular
assembly consist of the peptides in fibrils-like arrangement possibly resembling that of
a hydrogel.
Furthermore, we extendeded our study by using metadynamics, an enhanced sampling method to study the self-assembly process in fine-grained molecular dynamics.
This allowed us to look into the interactions in a more accurate (atomistic) manner, despite our limitation to a tetramer configuration due to computational capability. Both
GV8 and GL8 sampled similar secondary structures in the ensemble average quantities. However, significant differences were identified for structures with low free energy.
In these structures, peptide GL8 was found to possess more β-sheets secondary structure than peptide GV8. Visualization of clusters obtained in the simulations displayed
similar characteristic with peptide GL8 forming a more highly ordered structures. In a
nutshell, our simulations suggest a larger proportion of β-sheets at in small oligomers
(tetramer in our case) is potentially unfavorable for the formation of hydrogel.
The collaboration in this project is still ongoing. Experiments for a few other
peptides with single amino acid differences (As in GV8 and GL8, where subsitutions
are made with alanine (GA8), phenylalanine (GF8), serine (GS8) and lysine (GK8))
are being planned. We hope to have a complete picture of the effect of hydrophobicity
and electrostatic interactions in hydrogel formation of peptides from sucker ring teeth
proteins. Eventually, this project will provide insights into structural determinants
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of hydrogel and potentially inspire the design of novel hydrogel using peptides with
similar sequences.
Next, Chapter 5 described our work in the polyprolines recognition by profilin, a
mechanism vital for regulation of actin polymerization. Profilin has been known to
bind to both actin and formin using two different binding sites. Binding of formin
involves the various polyprolines sites in the formin’s FH1 domain. In collaboration with our experimental collaborators, we modelled the binding complex of profilin
(AtPRF3) and a polyprolines segment from formin FH1 (AtFH1) of plant species arabidopsis thaliana. Our main contribution included complementing the biochemical
assays with a structural model of AtPRF3-N37 in complex with polyprolines as the
complex could not be solved through X-ray crystallography. Literature suggests two
potential binding orientations in which we were able to test using molecular dynamics
simulations and found one to be more stable than the other.143
In addition, we built models of a longer version of profilin (AtPRF3-N22) containing an extended N-termini with a lot of charged amino acids compared to AtPRF3N37. In existing literatures, studies were done on short version of profilin similar
to AtPRF3-N37. However, it is possible for profilins with longer N-terminus to be
expressed by cells in nature. Thus, it is important to understand the interactions
between AtPRF3-N22 and polyprolines. Using secondary structures prediction, the
extension was modelled as an α-helix. Notably, this model was validated to be stable
in our molecular dynamics simulations. Using MM/PBSA method, the binding free
energy of AtPRF3N22-polyprolines was found to be stronger than that of AtPRF3N37polyprolines, consistent with the results obtained by our experimental collaborators.
We were able to uncover the role of electrostatic interactions in stabilizing the binding
complex as well as determining the binding orientation of polyprolines.
Protein-protein interactions will continue to be an important topic in our quest
for complete understanding of the physiological significance of proteins in living organisms. Some literature strive to provide a macroscopic understanding by means
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such as looking at genomic data bank and carrying out network analysis of known
protein-protein interactions.251–254 It is important to note however that the microscopic understanding of interactions at the atomistic scale is equally crucial in many
fields. Important examples include drugs and biomaterials design in which knowing
the roles of amino acids in structural models is often the first step towards the goal.
Molecular simulations serve to fill in this role and it has been the theme in this thesis.
By covering a range of topics in this direction, this thesis aims provide a valuable
foundation for more extensive and exhaustive studies in the future.
Ultimately, while significant, we acknowledge that the works in this thesis are
just a mere glimpse into the vast amount of protein-protein interactions. At the same
time, despite being increasingly common as a tool to complement experimental studies
of proteins, computational model has its shortcomings. Our work in cross-species
aggregation for example, used high local concentration to mimic the effect of lipid
bilayers. This was mainly due to lack of established protocol for enhanced sampling of
proteins together with lipids. A conventional simulations of such a complicated system
would require prohibitively expensive computational time for reasonable convergence
as it is a protein folding problem (Chapter 1). In the future, we hope that development
of sophisticated protocols and continuous improvement in computational speed would
enable more accurate and extensive simulation in simulating real physical interactions
of peptides on lipid bilayer.
Designing versatile biomaterials using peptides has long been the goals of many
material scientists. The continuous refinement of coarse-grained model such as Martini
model used in this thesis will provide fast and accurate screening of large number of
peptides that can potentially form interesting nanostructures. As we saw in our work,
there were still limitations to Martini force field in modelling hydrophobicity such
that we could not find differences as significant as what was seen in experiments.
Nevertheless, what we found showed promising potential and would provide valuable
informations for researchers developing the force field to improve on.
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In our study of AtPRF3 in complex with polyprolines, the N-terminal extension is
not unique to just AtPRF3. There are other profilins containing such extension, albeit
with different types of residues. This N-terminal extension has not been explored in
literature to the best of our knowledge. Our work aims to highlight the existence of this
N-terminal extension as well as its roles in the recognition of polyprolines compared to
profilins without the extension. In the future, more experiments can be done on other
species of profilin with N-terminal extension and molecular dynamics simulations may
continue to provide insights to the specific interactions involved similar what we found
regarding the electrostic interactions.
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