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We study the conformational dynamics of the human Islet Amyloid Polypeptide (hIAPP) molecule – a 37
residue-long peptide associated to type 2 diabetes – using molecular dynamics (MD) simulations. We
identify partially structured conformational states of the hIAPP monomer, categorized by both end-to-end
distance and secondary structure, as suggested by previous experimental and computational studies. The
MD trajectories of hIAPP are analyzed using data-driven methods, in particular principal component analysis,
in order to identify preferred conformational states of the amylin monomer and to discuss their relative
stability as compared to corresponding states in the amylin dimer. These potential hIAPP conformational
states could be further tested and described experimentally, or in conjunction with modern computational
analysis tools such as Markov state-based methods for extracting kinetics and thermodynamics from atom-
istic MD trajectories.

© 2012 Elsevier B.V. All rights reserved.
1. Introduction

Human Islet Amyloid Polypeptide (hIAPP) or Amylin is a naturally
occurring 37 residue-long peptide that is co-secreted with insulin by
rsity College Dublin, Belfield,

rights reserved.
the β-cells of the pancreas and also, in small amounts, by other organs
[1]. The hIAPP molecule is commonly found in patients suffering with
type 2 diabetes where it presents itself in fibril form (Fig. 1a) [2]. As a
result, understanding the oligomerization and fibril formation molec-
ular mechanisms of hIAPP [2–6] is a central topic of current diabetes-
related research.

Recently, solid state nuclear magnetic resonance studies (ssNMR)
have revealed for the first time atomically detailed models of the
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Fig. 2. Initial and final structures of the first set of simulations initialized from fibril-
compatible monomer structures, and the corresponding conformations sampled
based on end-to-end distance values [5]. All three simulations were run for 50 ns.

Fig. 1.Molecularmodel of the hIAPP fibril structure (a) fromRef. [2], and fibril-compatible
hIAPP monomer (b), and dimer (c) structures, selected from the fibril fragment shown
in (a).
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molecular structure of protofilaments formed by hIAPP [2]. Subse-
quently, several studies have been performed to model fibrils and
oligomers of both hIAPP and the rat variant rIAPP [7–11]. However,
mainly due to its rich conformational dynamics, the structural states
of the amylin monomer (a fibril-compatible one is shown in
Fig. 1b), and in particular its kinetic behavior during the early pro-
cesses of oligomerization and fibril formation, are less well known.

The conformational dynamics of the hIAPP monomer has been
studied recently both experimentally and computationally [4–6,
12–14]. In particular, the recent study of Vaiana et al. [5] examined
both the hIAPP and rIAPP monomers in terms of the observed end-
to-end distances, between the N terminal CYS2-CYS7 disulfide bond
and the C-terminal tryptophan (which was mutated from the wild
type tyrosine), both experimentally, by using an innovative trypto-
phan triplet quenching (TTQ) technique, and computationally, by
using carefully designed molecular dynamics (MD) simulations with
explicit solvent. That study provided strong evidence that the prefer-
ential conformational states of hIAPP and rIAPP monomers may differ
significantly [5].

Though novel experimental techniques, such as the studies men-
tioned above [2,5,6], allow extracting unprecedented information on
the conformational dynamics of peptides and proteins such as IAPP
that lack a well-defined 3-dimensional structure, these techniques
convey only partial information on their intrinsic conformational dy-
namics. This is due to data being observed only along specific reaction
coordinates (e.g., end-to-end distance from TTQ and FRET or second-
ary structure elements from NMR measurements). It thus appears to
be a gap in our understanding of the relation between global large
scale motions (as detected by end-to-end distance methods) and
the specific local changes in secondary structure and local contacts
(as detected by NMR). In principle, MD simulations offer a means to
bridge this gap, though the statistical analysis of the large amounts
of data provided remains a challenge. Recent advances in kinetic anal-
ysis and rate extraction methods from MD simulations, coupled to
enhanced sampling approaches [15–17], could provide a way to
access and analyze both global (i.e., as reflected by collective variables)
and local (i.e., backbone dihedral angles and local contacts) structural
information.

Here, we perform extensive molecular dynamics (MD) simula-
tions of hIAPP molecules, treated both as water solvated monomers,
and also as part of their molecular homo-dimers, to investigate the
intrinsic conformational dynamics of these peptides, and to charac-
terize in detail the partially structured conformations sampled in
the simulation trajectories. In our analysis, we use both the end-to-
end distance (i.e., the distance between the N and C-terminal side
chains, LYS1 and TYR37), as needed for comparison to previous
experimental and computational studies, as well as less biased, data-
driven methods based on principal component analysis (PCA), to clus-
ter the conformational states generated by our simulations and to
extract and analyze the corresponding representative structures.

Interestingly, beyond its relevance to understanding the confor-
mational dynamics of hIAPP molecules, the results of this study sug-
gest a new approach for developing methods that could provide an
initially unbiased identification of putative conformational states of
peptides and proteins observed in simulation trajectories. These
states could be further tested and described by using other modern
trajectory analysis approaches such as Markov state-based methods
for extracting kinetics and thermodynamics from molecular simula-
tions [16–20]. The generality of these methods makes them applica-
ble to both coarse-grained [21–24], and to atomistic molecular
modeling studies of peptides, proteins or enzymes [16,25–28],
where specific conformational changes need to be identified.
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Fig. 3. The corresponding conformations sampled [5], and the initial and final structures of
the second set of 100 ns-long monomer simulations that were initiated from both partially
structured and fibril-like initial conformations.
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2. Methods

We use the molecular dynamics package GROMACS 4.5.3 [29] to
perform MD simulations of the amylin monomer in implicit solvent.
The monomer structures were taken from the fibril structure
reported by Luca et al. [2], because, to date, they are most supported
by both experimental and modeling studies [2]. At the same time, for
monomers and dimers, the fibril-like structures, while accessible,
they are known to be of significantly high free energy, and could
lead thus to rapid sampling of other, alternative structures. The
CYS2-CYS7 disulfide bond was kept intact, as shown in Fig. 1b. To
achieve enhanced conformational sampling in near-physiological
conditions, we adopted the generalized Born implicit solvent model,
GBSA [30–32], and used infinite cut-offs for all long-range interac-
tions since implicit solvent simulations do not require periodic
boundary conditions. The GBSA implicit solvent model has been ex-
tensively used in peptide and nucleic acid simulations [30–35].
Though we note that a loss of accuracy may be expected when com-
pared to the use of explicit (i.e., all-atom) water models, using GBSA
is well justified in proof of concept studies, such as ours, where the
analysis methods and the discussion (e.g., the possibility to identify
the existence of several conformational states for certain dEE values)
do not require very accurate calculations of solvation energies. The
surface tension was set to 2.05016 kJ/mol/nm2, the default value for
the model used, which is recommended in the absence of additional
a priori information. A time-step of 2 fs was used, and all simulations
were performed at an absolute temperature of 300 K. The Amber99SB
[36] force-field was used to model the proteins, as it was shown to
provide a good balance for the formation of the different secondary
structure elements in the case of small peptides [37]. The analysis
performed consisted of end-to-end distance, solvent-accessible-
surface-area, and secondary-structure calculations, as well as princi-
pal component analysis. The total simulation time for the monomers
was 550 ns, as detailed in Figs. 2 and 3, with a further 150 ns (i.e.,
three simulations of 50 ns each) of MD simulations performed for
the case of amylin dimers (initial structure illustrated in Fig. 1c), for
comparison. Note that all our initial runs were started from experi-
mentally derived fibril-compatible conformations, except the cases
2B and 3B indicated in Fig. 3, which were initiated based on runs 2
and 3 shown in Fig. 2. To illustrate convergence, a comparison of
end-to-end distance distributions for full simulation time versus
half simulation time is made in the supplementary data (Figure S1).

3. Results and Discussion

An overview of our monomer simulations is presented in
Figs. 2 and 3, with the corresponding behavior of the end-to-end
distance (dEE) over the course of each simulation indicated in the
last column.

As shown, the first monomer simulations were initiated from the
representative fibril-compatible conformations (Fig. 1b). In all cases,
we observed a fast initial hydrophobic collapse of the initial experimen-
tally tested ‘fibril-like’ conformation to structures corresponding to the
contact (dEE≈5 Å), ‘kinked’ (dEE≈5 to 11 Å) or ‘open’ (dEE>11 Å) end-
to-end distance values, as defined in Ref. [5].

The final structures of simulations 2 and 3 were used subsequently
as starting structures for two additional 100 ns simulations (labeled
2B and 3B in Fig. 3), in an effort to observe further open-contact tran-
sitions. In agreement with Ref. [5], we see no definite relation be-
tween secondary structure content and end-to-end distance
conformations in the simulations presented for the kinked states.
We also observed the same behavior for the open and contact states
as well. For example, in simulations 1, 3B, 4 and 5, we identify contact
structures, with end-to-end distances at around 5 Å maintained
throughout the majority of each simulation (Figs. 2 and 3), and we
see both β-sheet and helical structures occurring with high frequency
in simulations 1 and 3B, while trajectories 4 and 5 are characterized
by mostly random coil structures. Simulations 2 and 3 contain pre-
dominantly open structures, though the actual ensemble of molecular
structures sampled is very diverse. While we, therefore, cannot identify
well-defined conformations characterized only based on end-to-end
distances, we do see some interesting structural transitions between
the dEE-based conformational basins in some of the simulations, as
illustrated in Figs. 2–4.

3.1. End-to-end distance analysis

Molecular structural analysis such as end-to-end distance calcula-
tions were performed using VMD [38]. The first three 50 ns simulations
show different end-to-end distance behaviour. The first simulation,
illustrated in Fig. 4a, shows a stable ‘contact’ conformation, with brief
transitions to ‘kinked’ conformations. The second simulation shows a
stable ‘open’ conformation, as it was also observed in simulation 3.
Note that the similarities in the end-to-end distance values for simula-
tions 2 and 3 could be misleading, because looking at the actual struc-
tures in the simulations indicates that the ‘open’ conformation could
correspond to an ensemble with a wide range of underlying structures.
This would be expected since the open state is likely entropy-driven.
To investigate these differences even further, two more simulations
were run, this time from the end structures of simulations 2 and 3, for
100 ns each, labelled 2B and 3B for clarity. The hIAPP end-to-end dis-
tance in simulation 2B does not vary significantly but, nevertheless,
transitions between end-to-end regions are observed in trajectory 3B,
as illustrated in Fig. 5b.

Due to all three end-to-end conformations being sampled in sim-
ulation 3B, we pay particular attention to it. Fig. 5a illustrates the
secondary-structure evolution over time for the simulation,
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Fig. 4. End-to-end distances calculated for the first three simulations listed in Fig. 2.
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computed using the STRIDE [39] plug-in in VMD [38]. In particular,
between 25 and 35 ns we see a reordering of the beta-sheet regions
prior to the ‘open’–‘closed’ transition. This is a possible indication
that a secondary-structure rearrangement facilitates the transition,
at least in this case. Fig. 3 shows the starting and final structures.
We use the term ‘spine’ to describe the region of the hIAPP monomer
conformation where the beta-sheet was located at the beginning of
the simulation. The beta-sheet was originally located along the back-
bone ‘spine’ of the conformation but is shifted to a beta-sheet linking of
one side of the spine to the loop connecting the two parts of the residual
‘spine’ structure. Although the C-terminal helix is preserved, the
secondary-structure algorithm does not formally identify it as being
present in the final structure, but is identified only transiently through-
out the simulation time, as depicted in Fig. 5a.

3.2. Solvent accessible surface area calculations

Another measure that is relevant to the intrinsic conformational
dynamics of hIAPP monomers is the solvent-accessible-surface-area
(SASA). The hydrophobic SASA fraction, corresponding to the hydro-
phobic residues of the amylin peptide, gives good insight into the
stability of these structures in an aqueous environment. The SASA cal-
culations were performed using analysis tools from the GROMACS
package [29]. The observed immediate ‘collapse’ of the initial (i.e.,
‘fibril-like’) structure can be attributed largely to a typical hydropho-
bic collapse mechanism, seen in the rapid decrease of SASA values for
both hydrophobic and non-hydrophobic residues. All three of the ini-
tial 50 ns simulations show this behaviour for both hydrophobic and
hydrophilic residues. The hydrophobic SASA of the initial fibril-
compatible structure is 12.2 nm2, larger than the values of the col-
lapsed conformations, as seen in the distributions illustrated in
Fig. 6. Subsequent conformational shifts do not display a pronounced
change in the hydrophobic SASA fraction, however. Comparisons are
made here with three 50 ns simulations of the corresponding hIAPP
monomers from an amylin dimer, using the same simulation condi-
tions and parameters in order to facilitate a direct SASA comparison.
In each of these simulations, the dimers maintained their overall
structure, not dissociating or undergoing extensive hydrophobic col-
lapse. As illustrated in Fig. 6, we find that the collapsed monomer
structures have a larger hydrophobic SASA area than either of the
chains of the dimer, indicating that burial of hydrophobic residues
contributes indeed to stabilizing the dimer conformations in solution.
We note, however, that further more extensive studies should lead to
properly converged, ‘putative’ IAPP dimmers, which are likely to have
significantly different structures than the ones obtained here starting
from fibril-like conformations. Nevertheless, our simple tests allow the
semi-quantitative description of the early conformational changes that
could occur along fibril association-dissociation pathways for hIAPP
monomers and dimers.

3.3. Principal component analysis

The choice of optimal reaction coordinates for the analysis of
molecular dynamics simulations of biomolecules is notoriously a dif-
ficult one. The choice is often motivated by simplicity, such as for
RMSD, or to facilitate comparison with experimental observables,
such as the end-to-end distance in tryptophan triplet quenching
experiments [5]. However, besides the advantage of using an observ-
able that captures global, collective aspects of conformational changes,
there are also evident disadvantages associated with choosing a prede-
fined reaction coordinate, or set of reaction coordinates. Themain prob-
lem is that there is often a subjective bias being introduced into the
analysis as a result of the low-dimensional projection of higher-
dimensional free energy landscapes [40]. A preferable method for
reducing the complexity of simulation data while still capturing the
intrinsic conformational dynamics could be to use reaction coordinates
that are data-driven rather than purely geometrical or convention-driven.

Here, we show results obtained by principal component analysis
(PCA) of simulation 3B, discussed in detail above. PCA is used to re-
duce the complex motions of the original MD data into collective
motions along a set of orthogonal components, with the first compo-
nent describing the largest of these collective motions. What we lose
in this process is an analytical expression that describes our reaction
coordinate, although observation of the individual components
superimposed onto the simulation trajectory allows us to identify
the motions involved. We also note that the motions corresponding
to each component will differ for each simulation, due to the data-
driven nature of the analysis. The PCA in this study was done using
the WORDOM analysis package [41]. In this work, to illustrate the
concept clearly, we are only interested in the first two main modes
of the PCA (i.e., the two components accounting for the largest collec-
tive motions of the data), and we use them to cluster conformations
into ‘conformational states’. This particular method suggests the fea-
sibility of a more general, and possibly automatic, classification of
states that is data-driven, and therefore applicable to virtually any
system under study. Subsequently, the discrete inter-state dynamics
could be analysed using a Markovian approach [16–20, 42]. We note
that, while PCA has been used in molecular dynamics studies of
other proteins in the past [43,44], here we find it useful in the
context of identifying conformational basins of hIAPP beyond the sim-
ple dEE-based conformational clustering. Recent studies have also pro-
posed improvements in the PCA method, such as using PCA by parts
[43], and new data-driven methods have been developed such as non-
metric multidimensional scaling (nMDS) [45]. Our present study is
limited to a proof-of-principle comparison of ‘conventional’ PCA
data-driven methods with more typically encountered ad hoc de-
fined (and often one-dimensional) reaction coordinates, and we
note appeal of using PCA further in potentially less biased kinetic
analysis methods.

The PCA data is analysed and presented here in two forms. In Fig. 7,
the time-series of the first twomodes is shown. Note the slight decrease
in variance in the second mode, PC2 (−17 to +20) relative to the first
mode, PC1 (−25 to+20), as would be expected. In Fig. 8, a scatter plot
of the same twomodes is shown. The seven clusters illustrated in Fig. 8,
labelled S1 to S7, were identified using only these first two PCA compo-
nents, and correspond directly to the regions highlighted in green in
Fig. 7. Representative structural conformations corresponding to each
cluster are also shown, and labelled according to the order in which
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Fig. 5. Time evolution of (a) the secondary structure content, and (b) the end-to-end
distance calculated for the simulation 3B listed in Fig. 3 (c) Probability distribution of
the end-to-end distance for simulation 3B. In (a) the y-axis represents the hIAPP se-
quence, with LYS1 at the top and TYR37 at the bottom. The x-axis is the same as in
(b). Yellow corresponds to beta-sheet, pink-blue corresponds to helix, and white/
green corresponds to coil.

Fig. 6. Hydrophobic solvent accessible surface area (SASA) normalized histograms
calculated for the first three monomer simulations in Fig. 2 (black), and for each of
the two peptides chains (i.e., chain 1 red, and chain 2 blue) calculated for the three
dimer simulations of 50 ns each (see text for details). Note that generally lower hydro-
phobic SASA values are correlated with higher conformational stabilities in water, as
observed for each of the peptide chains that form the amylin dimer.

5R.D. Murphy et al. / Biophysical Chemistry 167 (2012) 1–7
they are visited along the trajectory. We note that here we use simula-
tion 3B, due to its better sampling of all three end-to-end distance
states, and to the large beta-sheet content, which makes the sampled
structures good candidates for aggregation-prone conformations. How-
ever, we have also used PCA onmultiple trajectories, and a discussion is
provided in the supplementary data (Figure S2).

The first principal component, PC1, does indeed appear to capture
quite well the end-to-end distance transition discussed earlier and
illustrated in Fig. 5b. This is an additional indication that dEE-based
TTQ or FRET experiments could be particularly useful in capturing
essential features of the intrinsic hIAPP dynamics.

In Fig. 5a, the loss of the original beta-strand from the ‘spine’ of the
monomer is observed at just over 20 ns into the MD simulation. Note
that this was not reflected in the end-to-end distance calculation
shown in Fig. 5a. However, in Fig. 8 we see a clear evidence of a
change in structure, corresponding to the S2 cluster. The representa-
tive conformation corresponding to this S2 cluster is also shown in
Fig. 8, with the beta-sheet no longer present.

While the clusters presented herewere identified based simply on the
evident probability density differences illustrated in Fig. 8, an automatic
clustering algorithm such as the K-means or the Jarvis-Patrick method
[46] could also be used. Coupled with a data-driven approach such as
PCA, an effective automatic clustering method should facilitate future
studies that would allow us to run a simulation, project the data onto
the main principal components, and cluster the resulting data into indi-
vidual conformational basins, all in one step. Furthermore, if we coupled
the resulting assignment with a Markov state-based kinetic analysis, we
could feasibly go from starting a typical MD simulation to obtaining the
desired kinetic and thermodynamic information without any further
user input requested. This approach would be similar in its goals, though
not necessarily in its implementation with other recently proposed algo-
rithms such asMSMBuilder [19,20], for example. Perhaps themost attrac-
tive aspect of an approach of this nature is that it avoids any bias thatmay
be introduced by an often arbitrary selection of geometry-based reaction
coordinates. What we appear to lose, is that the motional characteristics
identified by our PCA-based analysis are expected to vary with every
data-set, and cannot be thus connected a priori to representative confor-
mational states. Nevertheless, for kinetic clustering purposes this is actu-
ally a desirable trait, since a well-defined geometric metrics will seldom
be able to identify effectively variance in a simulation, while the more
general PCA data-driven methods are designed to do exactly that.

4. Conclusions

In this work, we use structural information revealed by previous
experimental and computational studies to probe and analyze the
conformational dynamics of hIAPP molecules. While this study is
focused on the dynamics of amylin monomers in water, under dilute
conditions, several simulations of dimers (initialized from fibril-like
conformations) were also performed, in order to assess the main con-
formational differences that may occur early along the amylin fibril
dissociation/aggregation pathways.

Our extensive amylin monomer simulations reveal several partial-
ly structured conformational states that the hIAPP peptide monomers
can adopt, which could correspond to different end-to-end distance
values that may be indeed occurring experimentally [5]. Moreover,
we observe and describe transitions occurring between the ‘open’,
‘kinked’ and ‘contact’-type conformations reported earlier [5]. Our
results show that the end-to-end distance, while sometimes useful
for describing large-scale conformational changes, is rather poor at
identifying differences between specific conformational states, in par-
ticularwhen changes in secondary structure are involved. Nevertheless,
in conjunction with extensive molecular simulations, even a relatively
ambiguous, global reaction coordinate such as the end-to-end distance
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Fig. 7. Time evolution of the two most dominant modes of motion (i.e., principal com-
ponents PC1 and PC2) calculated by principal component analysis (PCA) for simulation
3B.
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can still provide unique insights into the detailed conformational
dynamics of intrinsically disordered proteins such hIAPP [5].

In order to provide relevant support for a deeper understanding of
experimental results, the statistical analysis of the large amounts of
data provided by molecular simulations remains a challenging topic.
Our results suggest that significant progress can be achieved by
developing and using data-drivenmethods for categorizing conforma-
tional change in biomolecules, without biasing the analysis with the
use of specific, a priori proposed reaction coordinates. Here, we
apply such a data-driven approach based on principal component
analysis to the semi-automatic categorization of underlying free
Fig. 8. Cross-correlation of the two dominant modes of motion (i.e., principal components P
mations of hIAPP molecules corresponding to each of the seven main clusters are shown.
energy surface of the 37-residue long hIAPP molecule. Our analysis
permits the identification of several conformations in which the amy-
lin peptide adopts partially structured states, in agreement with pre-
vious experimental and computational studies [5].

Additionally, we compared the hydrophobic fraction of the solvent
accessible surface area of hIAPP peptides during their conformational
dynamics in a fibril-compatible amylin dimer, to the corresponding
SASA values of water solvated monomers. We find that hydrophobic
side chain packing is a major driving force responsible for the overall
stabilization of the dimer molecular ensemble.

We envision that data-driven methods for analyzing the multi-
dimensional conformational space of biomolecules, such as the ones
used here for amylin, could be particularly useful for providing an
unbiased and possibly automatic, real-time identification and analysis
of putative conformational states of peptides and proteins. These
states could be further tested and described by using other modern
approaches such as Markov state-based analysis for extracting their
equilibrium populations and the corresponding transition rates from
MD trajectories [16,17]. While there are also several inherent limita-
tions to using a purely PCA-based method due to its linear nature,
there are nevertheless other potential approaches based on non-liner
formulations of the method that could be applied to larger-scale simu-
lations where larger portions of the underlying energy surface may
be mapped and categorized. The simpler approach presented here,
appears to be nevertheless a useful tool in categorizing the free energy
basins of the hIAPPmonomer, avoiding some of the bias and enhancing
the interpretation offered by observations along simple, though often
experimentally useful, low-dimensional reaction coordinates such as
the end-to-end distance.
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