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The most advanced structure prediction methods are powerless in exploring the conformational ensemble

of disordered peptides and proteins and for this reason the “protein folding problem” remains unsolved. We

present a novel methodology that enables the accurate prediction of spectroscopic fingerprints (circular

dichroism, infrared, Raman, and Raman optical activity), and by this allows for “tidying up” the

conformational ensembles of disordered peptides and disordered regions in proteins. This concept is

elaborated for and applied to a dodecapeptide, whose spectroscopic fingerprint is measured and

theoretically predicted by means of enhanced-sampling molecular dynamics coupled with quantum

mechanical calculations. Following this approach, we demonstrate that peptides lacking a clear

propensity for ordered secondary-structure motifs are not randomly, but only conditionally disordered.

This means that their conformational landscape, or phase-space, can be well represented by a basis-set

of conformers including about 10 to 100 structures. The implications of this finding have profound

consequences both for the interpretation of experimental electronic and vibrational spectral features of

peptides in solution and for the theoretical prediction of these features using accurate and

computationally expensive techniques. The here-derived methods and conclusions are expected to

fundamentally impact the rationalization of so-far elusive structure–spectra relationships for disordered

peptides and proteins, towards improved and versatile structure prediction methods.
1 Introduction

Central to all biological processes are the tightly intertwined
concepts of structure–activity relationships and molecular
recognition.1,2 Traditionally, these concepts were developed for
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and applied to ordered biomolecules, presenting only one or
a few strongly favoured conformations. However, biomolecules
lacking an ordered structure have been shown to possess
specic biological activity and recognition capability. E.g.
proteins with more or less extended intrinsically-disordered
regions3 mediate important signalling processes in eukaryotic
cells.4,5 In cell signalling, disorder is advantageous because it
allows a single protein to interact with multiple binding part-
ners by adopting different structures.6 Also disordered oligo-
peptides are able to adapt their conformation to match
interfacial features at surfaces of both biological and inorganic
matter.7–9 Moreover, the activity of antimicrobial peptides
results from their induced amphipathic conformation upon
interaction with bacterial membranes.10 A fundamental
phenomenon associated with this examples is the so-called
‘conformational selection’, namely a redistribution (or pop-
ulation shi) of the microscopic states in the biomolecular
conformational ensemble as a consequence of the interaction.1

Understanding the solution structural ensemble provides
insights into the conformational landscape accessible to the
biomolecule, which plays a crucial role in both conformational
selection and induced t mechanisms. The biological signi-
cance of such processes cannot be understated, being for
instance at the origin of the detrimental activities of amyloid
Chem. Sci., 2023, 14, 8483–8496 | 8483

http://crossmark.crossref.org/dialog/?doi=10.1039/d3sc02202a&domain=pdf&date_stamp=2023-08-12
http://orcid.org/0000-0002-8968-5848
http://orcid.org/0000-0003-0848-2908
http://orcid.org/0000-0003-1517-468X
http://orcid.org/0000-0001-8522-9047
https://doi.org/10.1039/d3sc02202a


Chemical Science Edge Article
peptides or prions.11,12 For this reason, the correct prediction of
microstate populations and their interaction-induced redistri-
bution in disordered conformational ensembles is crucial to
rationalize and develop strategies against pathologies associ-
ated with misfolded and disordered peptides and proteins.13,14

Addressing this issue at the molecular level poses great
challenges both to experimental and theoretical approaches.
Easily accessible experimental observables, such as light-
absorption spectra of dissolved oligopeptides, are averaged
over all ensemble microstates (conformers), each occurring
with a probability specied by Boltzmann statistics. The issue
here is that the free-energy landscapes in the conformational
phase space of disordered peptides and proteins are wide and
shallow, resulting in a very high number of conformers
contributing almost equally to the ensemble average. Due to
this, even the most advanced structure prediction methods,
including AlphaFold,15 are powerless in exploring such
a conformational ensemble16 and therefore the “protein folding
problem”17 remains unsolved for preferentially disordered
systems. Furthermore, theoretical methods capable of
computing from rst principles the spectral response of mole-
cules are very demanding, limiting the number of conformers
that can be investigated. As a consequence, interpretation of the
behaviour of disordered peptide and protein systems in terms
of structure–function relationships, or the molecular-scale
elucidation of their biological recognition processes, requires
a paradigm shi in the way experimental observables are pre-
dicted from atomistic simulations.

In this contribution we present a novel methodology that
enables accurate calculations of ensemble observables, such as
circular dichroism (CD), infrared (IR), Raman, and Raman
optical activity (ROA) spectra, for disordered peptides. The
methodology relies upon (i) prediction of the peptides' confor-
mational ensembles bymeans of enhanced-sampling molecular
dynamics (MD) methods;18–20 (ii) unbiased identication and
characterization of a small number (order of 10 to 100) of
representative conformers by means of clustering and dimen-
sionality reduction methods; (iii) calculation and averaging of
the spectral responses of those conformers with rst-principle
methods beyond the current state of the art. In particular, we
calculated IR, Raman, and ROA spectra at a DFT level of theory,
which is frequently used for accurate peptide spectra compu-
tation and comparison with experimental results, without
employing fragmentation methods or approximations.21

CD is among the most important spectroscopic techniques
for the study of protein secondary and tertiary structure.22

Specically, the far-UV CD spectrum of ordered proteins is well
correlated with the secondary structure, which has enabled the
use of purely empirical methods for determining the secondary
structure composition of a protein from its CD spectrum.23,24

Conversely, structure-based calculations using exciton models
have proven successful in directly predicting CD signals that
arise from the secondary structure elements, especially for
helical proteins.25–30 These methods are based on the calcula-
tion of exciton interactions among peptide chromophores, and
offer a physics-based way to compute the CD spectra.31,32 More
recently, a structure-based exciton method was combined with
8484 | Chem. Sci., 2023, 14, 8483–8496
machine learning predictions of the exciton parameters to
enable an inexpensive determination of CD spectra.33 However,
the empirical strategies have limitations in describing disor-
dered peptides, which by denition lack specic secondary
structure elements and cannot be described with one or few
conformations. Furthermore, the structure-based calculations
do not always agree with experiments,28 and they have been
extensively tested only for ordered proteins.25,26,33

In order to tackle the prediction of CD spectra for Intrinsi-
cally Disordered Proteins (IDPs), more rened ab initio models
are needed that can calculate the spectroscopic response inde-
pendently of the conformation of the peptide. One such strategy
is based on time-dependent (TD) density functional theory
(DFT) calculations of the exciton parameters in a polarizable
quantummechanics/molecular mechanics (QM/MM) scheme.34

These calculations not only can capture the exciton interactions
among peptide chromophores but also include the effect of the
surrounding environment without the use of empirical param-
eters. Such strategy has proven successful in calculating the CD
spectra of nucleic acids35,36 as well as the near-UV CD of
proteins.37

Vibrational spectroscopies, such as IR, Raman, and ROA,
have emerged as powerful tools for studying the structure of
peptides and proteins.21,38,39 These techniques offer unique
insights into the molecular structure and dynamics of these
complex biomolecules, providing detailed information about
their conformational landscapes, secondary structures, and
even tertiary or disordered structure.21,39,40 The inherent sensi-
tivity of these spectroscopic techniques to molecular vibrations
makes them particularly suitable for discerning subtle changes
in molecular structure and environment, as opposed to near-UV
CD which samples electronic transitions.39,41 This is a crucial
advantage for understanding the behavior and structure of
peptides and proteins in solution, and to serve as reference
techniques in the novel methodology presented here.

Numerous studies oen employ a single spectroscopic
method, despite the potential of a more robust analysis through
the integration of multiple techniques, each with its unique
structural sensitivities and advantages.42 By amalgamating the
experimental methods CD, IR, Raman and ROA to rene an
ensemble generated by enhanced-sampling MD, we can
leverage the distinct strengths of each technique. This approach
facilitates a comprehensive examination of protein solution
structures without overtaxing computational resources, thereby
offering a more efficient methodology.

Theoretical calculations are used to simulate the vibrational
spectra of biomolecules, which can then be directly compared
with the experimental spectra. This comparison yields the
necessary insights into the molecular structures and dynamics
that underlie the observed spectroscopic features.21,41 Recent
research has therefore increasingly focused on the synergistic
combination of experimental spectroscopic studies with theo-
retical approaches, particularly density functional theory (DFT)
calculations.21,41,43 This combined approach allows for a more
comprehensive and accurate interpretation of the spectroscopic
data, enhancing our understanding of the structure and
dynamics of peptides and proteins.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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However, achieving a meaningful comparison between
experimental and theoretical spectra oen requires extensive
DFT simulations, coupled with elaborate conformational
sampling and solvent models.44–46 Given the complexity of
peptides and proteins, and the myriad of conformational states
they can adopt, specically IDPs, a thorough exploration of their
conformational space is necessary to capture the diversity of
structures that contribute to the observed spectra. Similarly,
accurate solvent models are crucial for capturing the effects of
the solvent environment on the molecular structure and
dynamics, which can signicantly inuence the vibrational
spectra.45,47 These extensive simulations and models are oen
computationally demanding, but they are oen necessary for
obtaining a proper comparison between experiment and theory,
and for advancing our understanding of peptide and protein
structure. Hence, the development of a methodology like the
one showcased here, which renes a conformational ensemble
without overburdening computational resources, represents
a cutting-edge endeavor.

As an example application of this strategy, we chose
a representative dodecapeptide with sequence
HSSHHQPKGTNP, which was identied as a strong binder to
single-crystalline ZnO using phage-display techniques.48 By
calculating multiple spectroscopic signals arising from elec-
tronic and vibrational degrees of freedom of the peptide, we set
to achieve a robust characterization of the entire conforma-
tional ensemble. While previous studies have focused on the
temporal evolution of a few vibrational observables,49 here we
focus on the equilibrium ensemble of the peptide and its rela-
tionship with steady-state spectroscopy. Theoretically predicted
and experimentally acquired spectroscopic spectra are
compared, showing the advantages and limitations of the
methodology developed here and of the methods employed to
predict the spectral responses of individual conformers. To the
very best of our knowledge, this is the rst complete all-atom
spectroscopic ngerprint of a disordered peptide in solution.
2. Results and discussion
2.1 The spectroscopic ngerprint of a disordered peptide

The different secondary structure elements in (poly)peptides,
including intrinsically disordered ones,44,50,51 produce specic
responses upon light excitation.52,53 The experimental CD, FT-
IR, Raman and ROA spectroscopic ngerprint of our model
peptide in water is reported in Fig. 1 (cf. ESI for experimental
details†). The different signals prove that the peptide is mostly
disordered, with some deviations that are consistent with
a minor, but important amount of ordered microstates in the
conformational ensemble.

The CD spectrum (Fig. 1a) shows one pronounced minimum
at 199 nm with intensities around −10 deg cm2 dmol−1. This
spectral signature, albeit usually with an stronger intensity, is
well-known for disordered conformations in peptides and
proteins.51 Analysis of the secondary structure elements via
BeStSel24 reveals contributions of about 25% of ‘anti-parallel b-
sheet’, 20% of ‘turn’, and more than 50% of ‘other’ elements,
© 2023 The Author(s). Published by the Royal Society of Chemistry
which is an indication of a predominantly, but not completely
disordered conformational ensemble.51

The broad amide I band in the IR spectrum between 1600
and 1700 cm−1 (Fig. 1b)54 and in the Raman spectrum at
1684 cm−1 57 (Fig. 1c) are supportive of a mostly disordered
peptide structure. The maximum at 1673 cm−1 could indicate b-
turn or b-sheet structure in the peptide's ensemble, while the
shoulder around 1642 cm−1 is assigned to disordered struc-
tures.54,55 The peptide's side chains, such as histidine, lysine,
asparagine and glutamine, contribute to the overall amide I′

shape, as well as the shoulder around 1590 cm−1.55,56 IR
contributions in the lower amide I′ region (1600–1650 cm−1)
stem from intra-molecular hydrogen bonding in turns and
helical elements, C]O(ND2) stretching (around 1650 cm−1),
COO− asymmetric stretching (1580–1600 cm−1),
ND+

3 deformations (around 1620 cm−1), different protonation
states of the His residues, and hydrogen bonding to the
solvent.55,56 A minor degree of order in our peptide may be
inferred from the shape of the amide I′ IR peak, consistent with
the CD result. The amide II region arises from C–N stretching
coupled with N–D bending vibrations and is more complex than
the amide I region in its interpretation. For this reason, while
the amide II is also conformationally sensitive, it is less
commonly used for conformational analysis.54

In the ROA spectrum (Fig. 1d), a broad positive signal is
observed at 1677 cm−1, which is also typical for mostly disor-
dered peptides,39,40 whereas a-helical or b-sheet structures
would display a ± couplet in this region.39 The amide III region
in the Raman and ROA spectra (1240 to 1310 cm−1) arises from
complex vibrational modes with out-of-phase N–D bending
vibrations coupled with the amide Ca–D bond stretching
mode.39 The coupling of these vibrations with Ca–D bending
modes makes this spectral region very sensitive to the precise
backbone conformation.39,41 The positive band at 1318 cm−1 in
the ROA spectrum is typically observed for disordered peptides
and proteins, mainly arising from the backbone's torsional
angles clustering in the Ramachandran region of the le-
handed polyproline II (PPII) helix (F ∼ 75° and j ∼ 145°).40,41,44

A more detailed interpretation of the spectroscopic nger-
print requires molecular-level information about the conformer
population of the peptide, which we can predict from all-atom
MD simulations, as described in the next section. In our
study, experimental conditions were deliberately chosen to
allow for a comparison with simulations; however, the experi-
mental pH of the peptide solutions (6.4 ± 1.0), proximate to the
pKa value of histidine side chains (6.0 ± 0.6),57 still created
a complex environment in terms of the histidine protonation,
an aspect thoroughly considered in our following approach.
2.2 Revealing the conformational ensemble of a disordered
peptide

The conformational ensemble of the peptide is elucidated by
means of Hamiltonian replica exchange with solute tempering
(REST) MD simulations,58–60 in which the peptide is dened as
the ‘solute’ (cf. ESI for computational details†). The geometric
progression of temperatures applied to the solute61 ensures
Chem. Sci., 2023, 14, 8483–8496 | 8485



Fig. 1 The experimental spectroscopic fingerprint of the peptide. (a) CD spectrum of the peptide in ddH2O, averaged from three scans, after
baseline subtraction. (b) FT-IR spectrum in high-purity D2O, limited to the amide I′ and amide II′ regions. (c and d) Raman and ROA spectra,
respectively, after baseline correction and subtraction of the solvent signals. IR and IL denote the scattered Raman intensities with right and left
circular polarization, respectively.
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a nearly uniform overlap of the potential energy distributions
and, thus, a uniform exchange probability across the replica
ladder (Fig. 2a). The measurement of the experimental pH in
ultrapure water can be affected by factors such as temperature,
pressure, and exposure time. Due to potential variations in
protonation states of histidines arising from the aforemen-
tioned factors, we conducted initial simulations with 3-proton-
ated histidines (HIE protonation state), corresponding to pHz
7, which we subsequently compared with the ensemble ob-
tained with all histidines protonated (HIP protonation state),
corresponding to a pH < 6, providing a more robust analysis of
the peptide behavior under varying conditions. Regarding the
HIE protonation state, acceptable convergence is reached early
in the simulation (aer about 150 ns, ESI Fig. S3†). We have
8486 | Chem. Sci., 2023, 14, 8483–8496
further veried convergence by starting a new REST from
a different initial conformation (i.e., fully extended all coil),
resulting in a comparable conformational ensemble (cf. ESI
Fig. S4†).

The REST trajectory of the room-temperature replica is
analysed from multiple viewpoints focusing on different
measures of order/disorder in the peptide (Fig. 2b–d and 3). A
map of the contacts between the residues averaged over all
conformers in the trajectory is shown in Fig. 2b. The map is
populated only along its diagonal, consistent with either an
elongated or a widely distributed peptide conformation. An
analysis of the backbone radius of gyration (Rg) for all structures
in the REST trajectory showed a wide distribution with an
average Rg of 0.85 nm, indeed indicating that most structures
© 2023 The Author(s). Published by the Royal Society of Chemistry



Fig. 2 Enhanced-samplingMD simulation of the peptide in water. (a) Temperature position of each replica as the REST simulation progresses. (b)
Pairwise inter-residue contact maps averaged along the whole simulation time. Distance computed for all heavy atoms with a resolution of
0.001 nm and truncated at 1.0 nm. (c) Cumulative Ramachandran plot for all residues for all frames in the ground temperature trajectory, colored
according to the relative frequency (log scale). (d) Normalised cluster occupancy after cluster analysis with the GROMOS algorithm using an
RMSD cut-off of 2.0 Å. The ‘other’ histogram bin collects clusters with populations smaller than 1%. The color associated to the cluster numbers is
the same as in Fig. 3a. The insert depicts a weblogo-like representation of the secondary-structure propensity evaluated with STRIDE and
averaged over the whole simulation (C: coil, T: turns).

Edge Article Chemical Science
are elongated. However, a signicant population of structures
exhibits Rg values below 0.6 nm, suggesting the presence of
more compact conformations (cf. ESI Fig. S5a†).

As a further measure, the dihedral angles of the peptide
residues collected along the trajectory are plotted together in
a Ramachandran plot (Fig. 2c and ESI Fig. S6† for individual
residues). While most of the accessible space is visited during
the REST trajectory, the vast majority of the angles localize in
the area around F = −75° and J = +145°. This region corre-
sponds to the conformation of the PPII helix, a reference
structure for disordered conformations.40,44,51
© 2023 The Author(s). Published by the Royal Society of Chemistry
The secondary structure propensity of the peptide
conformers was also analyzed via STRIDE62 and averaged along
the trajectory (Fig. 2d, inlet). All amino acids reveal a preferen-
tially disordered conformation (‘coil’). Some amino acids,
particularly in the center of the sequence, have a propensity
<30% for a ‘turn’ motif.

More precise details about the conformer population are
gained by means of a GROMOS cluster analysis (Fig. 2d),63

performed according to the differences in the root mean square
deviation (RMSD) values of individual conformers, computed
only for the peptide backbone with a cut-off of 2.0 Å (Fig. 2d).
Chem. Sci., 2023, 14, 8483–8496 | 8487



Fig. 3 The conformational ensemble of the peptide. Sketch map visualization of the ensemble, colored with respect to: (a) the GROMOS
clustering, (b) the PPII content and (c) the radius of gyration. In (a) a visualization of the clusters is included, with the colored structures indicating
the central structure for each cluster and the grey shaded areas the structural variation within the cluster.
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The RMSD values conrm the variability of sampled structures
in the REST ground trajectory, ranging from less than 0.2 Å to
around 10.5 Å, with an average of 4.2 Å separating the structures
(cf. ESI Fig. S7†). This variability results in the most-populated
cluster containing only 9% of the conformers, and to
a smooth distribution of 20 clusters with conformer pop-
ulations larger than 1%. Almost 50% of the conformers do not
belong to these clusters and are grouped together in the histo-
gram in Fig. 2d (grey bar labelled ‘other’).

The analyses performed so far point towards a wide spread of
peptide microstates in the conformational phase space, making
it impossible to identify one or even a few ‘preferential
conformations’ of the peptide in solution. However, the very
uneven spread of the torsional angles in the Ramachandran
plot clearly shows that the peptide, although ‘disordered’, is far
from being ‘randomly disordered’. In order to shed light on the
actual degree of order in the conformational ensemble, we plot
a two-dimensional sketch map of the conformers in the high-
dimensional space covered by all backbone dihedrals in the
peptide sequence (Fig. 3).64,65 In this way, we obtain a visual
representation of the structural differences (measured as
distances in the phase-space of all dihedrals) among the
conformers in the ensemble. We employed sketch map as
a dimensionality reduction algorithm, since it focuses by de-
nition on the relevant distances, allowing for a better
8488 | Chem. Sci., 2023, 14, 8483–8496
representation of the ensemble. Indeed, we veried that
a principal component analysis (PCA) on dihedrals was not able
to capture the full structural complexity in our conformational
ensemble (cf. ESI Fig. S8†).

The resulting sketch map is radial-symmetric and poorly
structured. However, by coloring the conformers according to
their PPII content and radius of gyration it is possible to identify
some distinctive features. Namely, the center of the sketch map,
which collects the most prevalent conformers, is mostly popu-
lated by stretched conformations with high (>90%) PPII
content. This conclusion is consistent with the Ramachandran
plot in Fig. 2c and the contact map in Fig. 2b, although stem-
ming from a more general and unbiased analysis of the
peptide's conformational phase space.

More information is gained by coloring the sketch map
according to the cluster number (Fig. 2d) to which the
conformer belongs, and visualizing the central backbone
structures of the 20 most populated clusters around the sketch
map (Fig. 3a). The majority of the most-populated clusters are
located in the map center, but withmember conformers (dots of
the same color) scattered across the map rather than localized
in a specic region of space. Only a few clusters contain
members grouped together in the sketch map, signifying close
structural similarity among the cluster's members. These are, in
particular, cluster 7, 11 and 17. Cluster 11 shows conformers
© 2023 The Author(s). Published by the Royal Society of Chemistry
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with partial helical folding, whereas clusters 7 and 17 show
a preferential horseshoe-like structure. In general, folded and
more ordered structures locate themselves at the far border of
the map, far from the majority of non-folded and disordered
conformers. By plotting (cf. ESI Fig. S5b†) the average Rg and
standard deviation for each of the 20 most populated clusters in
the REST trajectory we further highlighted this differences
between elongated and disordered clusters (e.g., cluster 1) and
compact, ordered clusters (e.g., clusters 7 and 11).

To explore the effect of different protonation states on our
system, we conducted an additional REST simulation with all
histidines protonated (HIP protonation state) and compared it
with the original simulation using neutral histidines (HIE
protonation state). This comparison revealed signicant
differences in structural properties. For instance, the proton-
ated ensemble exhibited more structure than the neutral one,
with 35%, of structures belonging to clusters with less than 1%,
population, compared to 45%, in the neutral case. Furthermore,
50%, of the most populated clusters have a compact horseshoe-
like conformation (cf. ESI Fig. S10a†). The average Rg is also
smaller in the protonated case with a larger number of compact
conformers (cf. ESI Fig. S10b†). Furthermore, mapping the fully
protonated peptide ensemble using the PCA trained on the
neutral ensembles resulted in a prole with no correlation to
the original ensemble.

In summary, the conformational ensemble of the peptide is
populated by conformers that span a wide and shallow free-
energy landscape, independently on the protonation state.
The distribution of conformers, however, is far from uniform in
this phase space, giving rise to evident granularity in this
reduced representation. We can therefore highlight a degree of
structural order in some phase-space regions, which we expect
to deliver specic and identiable signatures in the peptide's
spectroscopic ngerprint. The theoretical prediction of such
spectroscopic ngerprints, in turn, should capitalize on these
pieces of information and collect the spectroscopic responses
from all of the most representative regions of the conforma-
tional phase space while composing ensemble averages that can
be compared with the experimental observables. In particular,
in view of our analysis, we expect that considering only one or
two center structures of mostly populated clusters would
certainly be misleading and insufficient in terms of phase-space
sampling.
Fig. 4 Computation of the ensemble CD spectra of the peptide.
Experimental CD spectrum (red curve) and simulated spectra (black
lines) of 2000 conformers of the peptide in water. The blue curve is the
calculated ensemble average.
2.3 A structural basis set approach to interpret the peptide's
CD ngerprint

We have shown that experimental CD spectra of ordered
peptides and proteins can be well reproduced by the average of
the computed CD spectra for all conformers in the
ensemble,19,20 employing semi-empirical methods, e.g. with the
DichroCalc server.27 However, it should be noted that Dichro-
Calc has some known limitations which, in the case of this
peptide, led to a very poor agreement with the experimental
signal (cf. ESI Fig. S9†).

To overcome these limitations, in this study, we deploy
a novel, more accurate but computationally more demanding,
© 2023 The Author(s). Published by the Royal Society of Chemistry
method for the calculation of CD spectra for disordered
ensembles (cf. ESI for computational details†). The approach is
based on an excitonic model developed previously to predict
optical spectra of multichromophoric systems,66,67 and applied
to biopolymers and pigment–protein complexes.36,37,68–70 In this
model, the properties of the single chromophoric units (here
the peptide bonds, modelled as an N-methyl acetamide (NMA)
fragments) are combined together to describe the excited states
of the entire system. Each peptide bond is modeled in an
idealized planar geometry and computed in the polarizable MM
(MMPol) environment of the rest of the system. In this way, the
resulting CD spectra depend both on the arrangement of the
NMA chromophores (i.e. on the peptide's secondary structure)
and on other effects captured by the MM embedding, such as
the conformation of the side chains and the arrangement of the
solvent around the backbone.

The individual spectra of 2000 evenly selected conformers in
the ensemble show a very large variability (Fig. 4). This is not
surprising, because the computed excitation energies of the
NMA chromophoric units are very sensitive to the effect of the
embedding eld (for instance to the dipole orientations of the
water solvent). In addition, the sign and position of the CD
bands depend on the relative orientation of the peptide bonds.
However, the calculated ensemble average reproduces well the
general shape of the experimental CD spectrum. In particular,
the strong negative p/ p* band at about 200 nm shows a good
agreement with the experimental CD spectrum. The largest
deviation is a predicted positive band around 210 nm, which is
absent in the experiment. This may arise from the neglect of
side–chain transitions (e.g. histidine residues or the amide
bonds of asparagine and glutamine), or to the underestimation
of n / p*/p / p* mixing within each peptide bond. Finally,
we note that the broadening of the negative band is
Chem. Sci., 2023, 14, 8483–8496 | 8489



Chemical Science Edge Article
underestimated in the simulations, possibly due to the neglect
of vibronic structure in the p / p* band.20 A greater broad-
ening may hide the positive contributions at around 210 nm.

Despite these minor deviations, our QM/MMPol approach
predicts very well the peptide's CD spectroscopic ngerprint by
computing an ensemble-average over thousands of individual
conformers. However, the employed method is computationally
rather expensive, and further improvements in its accuracy
would make the calculation of such a large number of spectra
impossible in practice. One can therefore wonder if, even in
a preferentially disordered ensemble, there is a limited subset
of conformers that can be chosen and averaged to obtain
a simulated spectrum close enough to that of the full ensemble.
Fig. 5 A basis set approach to reconstruct the CD fingerprint of the peptid
the REST trajectory (Fig. 3), with the spectrum of the central structure dra
most populated clusters of the REST trajectory (color code as in Fig. 3), w
Evolution of the weighted-averaged CD spectrum by adding subseque
trajectory. (d) Evolution of the normalized root mean square deviation
experimental spectrum, normalized to the NRMSD of the complete ens

8490 | Chem. Sci., 2023, 14, 8483–8496
The central structures of the rst twenty most populated clus-
ters might be a good choice, because they are spread evenly in
the conformational phase space, Fig. 3.

Notably, the variability of computed CD spectra among the
conformers in each of the clusters remain very large, as can be
seen in Fig. 5a and S11 in ESI.† This is because in our approach
the conformer similarity is assessed by aligning only the peptide
backbone, and not the side chains, whose effect on the CD
excitations is large and is taken into account in our calculations.
Only for clusters 7 and 11, which present a predominantly
ordered structure, is the spectral variability reduced (Fig. S11 in
ESI†), in agreement with previous studies.20 However, despite
the spectral variability, the CD spectrum of each central
e. (a) Computed CD spectra for all conformers belonging to cluster 1 of
wn in bold. (b) Computed CD spectra of the central structures of the 20
ith their weighted average (blue) compared to the experiment (red). (c)
nt central structures of the 20 most populated clusters of the REST
(NRMSD) between the weighted averaged CD spectra in (c) and the
emble-average spectrum (Fig. 4).

© 2023 The Author(s). Published by the Royal Society of Chemistry
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structure captures the main common features within its cluster,
with only few exceptions (such as cluster 17 in ESI Fig. S11†).

Also between different central structures, the variability
among CD spectra is very large (Fig. 5b), reecting differences in
their secondary structure. Most spectra are characterized by
a pronounced negative band at 190–200 nm and scattered
positive band(s) between 205 and 220 nm. The helical cluster 11
also shows the typical negative shoulder between 210 and
230 nm (Fig. 5b and S11 in ESI†). Remarkably, if we average the
CD spectra of these twenty structures weighted by their REST
population, we obtain a very similar result to the average of the
entire ensemble of 2000 conformers, although the negative
intensity of the main minimum at around 200 nm is slightly
overestimated (thick blue line in Fig. 5b).

Averaging the spectra of the rst N cluster structures with
increasing N from 1 to 20 reveals a smooth convergence towards
the ensemble average (Fig. 5c). This convergence can be quan-
tied by computing the normalized root mean squared devia-
tion (NRMSD) of the computed spectra against the experimental
one, as previously reported:24,71

NRMSD

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

w
� 1

max
�
CDexp

��min
�
CDexp

��Xw
i¼1

�
CDexp;i � CDcalc;i

�2s
:

(1)

In this equation, w is an index that runs in discrete intervals
between the maximum and minimum investigated wavelengths
in the CD spectrum, and the normalization is the largest
intensity variation in the experimental spectrum over the entire
wavelength window.

Whereas the NRMSD between the predicted ensemble-
averaged and the experimental spectrum (NRMSDens) quan-
ties the intrinsic quality of the simulation approach, the ratio
between the NRMSD of the average spectrum of the rst N
cluster structures (NRMSDNav) and NRMSDens is a measure of
the convergence obtained with increasing N. This is plotted in
Fig. 6 A basis set approach to reconstruct the FT-IR fingerprint of the p
most populated clusters of the REST trajectory (color code as in Fig. 3), the
amide I and amide II region is shown. Intensities are normalized at the m
respectively. (b) Evolution of the weighted averaged FT-IR spectrum by a
of the REST trajectory. (c) Convergence of the weighted averaged FT-
populated clusters of the REST trajectory, showing the relative intensitie

© 2023 The Author(s). Published by the Royal Society of Chemistry
Fig. 5d, showing large initial uctuations for N < 6, followed by
a smooth convergence behaviour aerwards. Limited improve-
ment is observed for N > 12, and a 10% residual error remains
up to N = 20. Although further increase of N is expected to
improve the convergence, considering about 10 to 20
conformers instead of 2000 represents a huge advantage in
terms of computational cost at the expense of a more than
acceptable error.

We have employed the same approach to investigate the CD
ngerprint of the ensemble of the peptide in all-HIP proton-
ation state (cf. ESI Fig. S10c†). The weighted average of the 20
clusters is characterized by a single minimum at 199 nmwith an
intensity of −5 deg cm2 dmol−1, which is lower than the
intensity of our original simulation (HIE protonation state).
Another difference is the slightly positive values at around
190 nm. For this reason, the presence of more compact
conformers among the most populated clusters is likely asso-
ciated with the presence of more ordered secondary structures.
2.4 Validating the approach for FT-IR prediction

Considering only a small number of well-selected conformers is
crucial to be able to compute IR, Raman and ROA spectra with
accurate QM-based methods. In this section and the next ones
we investigate whether the developed approach for the predic-
tion of CD ngerprints can be transferred also to these other
spectral observables. The computed IR spectra for the 20 cluster
central structures are reported in Fig. 6 (cf. ESI† for computa-
tional details).

Regarding the amide I′ band (the prime indicates that the
labile protons are exchanged for deuterons, cf. ESI†), 18 of these
clusters share the pronounced band at about 1670 cm−1 with
the weighted average (Fig. 6a). Cluster 7 and cluster 11 are again
two notable exceptions, cf. ESI Fig. S2.† Cluster 7 presents an
additional amide I′ band at 1620 cm−1, due to hydrogen
bonding of the C]O in the amide bond between proline and
asparagine with the N–D group in the amide bond between
eptide. (a) Computed FT-IR spectra of the central structures of the 20
ir weighted average (blue), compared to the experiment (red). Only the
aximum value of the computed weighted average and the experiment,
dding subsequent central structures of the 20 most populated clusters
IR spectrum by adding subsequent central structures of the 20 most
s of amide I and amide II and their ratio.

Chem. Sci., 2023, 14, 8483–8496 | 8491
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serine and histidine (N-terminus). Cluster 11 presents
a pronounced peak at 1644 cm−1, which can be attributed to
a partially a-helical structure, and two shoulders at 1612 cm−1

and 1669 cm−1. Indeed, the experimental amide I′ signal also
shows prominent shoulders at wavenumbers lower than
1670 cm−1, which most probably stem from intramolecular
hydrogen bonding in microstates with ordered secondary
structures, as mentioned above (Fig. 1 and related text). Addi-
tionally, the precise amide I′ shape is determined also by the
hydrogen bonding pattern with water (cf. ESI section Micro-
solvation and ESI Fig. S12 and S13†).45,72 By considering the
evolution of the weighted-averaged IR spectrum by increasing
the number N of central structures (Fig. 6b), we nd little
impact on the band position and intensity for the amide I
Fig. 7 A basis set approach to reconstruct the Raman and ROA fingerprin
of the 20most populated clusters of the REST trajectory (color code as in
Intensities are normalized at the maximum value of the computed we
weighted averaged Raman spectrum by adding subsequent central stru
Computed Raman optical activity spectra of the central structures of th
Fig. 3), their weighted average (blue), compared to the experiment (red
weighted average and the experiment, respectively. (b) Evolution of the
quent central structures of the 20 most populated clusters of the REST

8492 | Chem. Sci., 2023, 14, 8483–8496
signal. Regarding the amide II′ band, a much higher variability
is found among the central cluster structures. However, the
weighted average progressively approaches the shape of the
experimental signal. Therefore, a rational consideration of the
most important conformations assumed by the peptide in
solution is essential in describing the ensemble-averaged IR
signal. A good convergence with N is observed by looking at the
ratio of the maximum intensities between the amide I′ and
amide II′ main peaks (Fig. 6c), although the ratio remains
overestimated in comparison with the experiment. In conclu-
sion, our approach is able to reproduce reasonably well the
overall IR band shapes, especially of the amide II′ band, but not
some of the minor features and the precise peak ratio observed
in the experiment. This suggests that including a larger number
t of the peptide. (a) Computed Raman spectra of the central structures
Fig. 3), their weighted average (blue), compared to the experiment (red).
ighted average and the experiment, respectively. (b) Evolution of the
ctures of the 20 most populated clusters of the REST trajectory. (c)
e 20 most populated clusters of the REST trajectory (color code as in
). Intensities are normalized at the maximum value of the computed
weighted averaged Raman optical activity spectrum by adding subse-
trajectory.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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of ordered conformers, better quantifying the conformational
degrees of freedom of the side chains, or explicit inclusion of
solvent may be required to further improve the agreement.
2.5 New challenges arise: Raman and ROA

The prediction of Raman and specically ROA spectroscopic
ngerprints of disordered oligopeptides represents a great
challenge to current computational approaches, because they
are very sensitive not only to the secondary-structure confor-
mation of the backbone, but also to the solvation structure and
the side-chain conformations.44,46 Indeed, as reported in Fig. 7a
and c a large spectral variability is obtained among the 20
cluster central structures, especially for ROA. The evolution of
the weighted-average Raman spectra with increasing the
number N of included conformers reveals almost no changes in
the amide I and II regions (Fig. 7c). More evident changes occur
in the amide III region, which reects its larger sensitivity to the
extent of order in the ensemble microstates. The overall shape
of the spectrum is progressively smoothened for larger N values,
although important deviations with respect to the experimental
spectrum remain. In particular, the calculations predict prom-
inent peaks at about 1600 cm−1 and 1300 cm−1, which are
absent in the experiment.

Since contributions in these wavelength ranges may origi-
nate from Raman-active modes in the histidine rings, further
simulations were performed with all imidazole rings of the
peptide's side chains carrying an additional proton (ESI
Fig. S14†). In fact, the pH of the experimental peptide solution
is close to the pKa of the histidine side chain (6.0 ± 0.6).57

Reduced peaks are indeed obtained aer protonation of all
histidine residues, although at the present stage we cannot
exclude other reasons for the deviation of some of the calculated
spectral patterns from the experiment, such as interaction of
the solvent (e.g. with the imidazole rings or other side chains,
dependence on the DFT-level, etc.).

As far as the predicted ROA response is concerned, the
weighted-average spectrum shows very limited convergence
with increasing the number of averaged conformers (Fig. 7d).
This is not surprising, given that a single calculated ROA
spectrum is strongly inuenced by contributions of the side
chains conformations, while most contributions of the dynamic
and achiral side chains cancel out.46,73 To achieve a better
agreement with experiment, a larger number of conformers and
side chain rotamers would be necessary. However, the positive
band in the amide I region (at about 1680 cm−1) is observed in
all calculated ROA spectra and in good agreement with the
experiment, pointing towards an overall disordered structure of
the peptide.74 This positive band in the amide I region of the
ROA spectrum, as well the positive band around 1318 cm−1 in
the amide III region, are typically assigned to short stretches of
PPII backbone conformation of intrinsically disordered
peptides and proteins.41,44,74 As a proof-of-concept, we used
a regular PPII conformation (all F angles −75° and allJ angles
145°) of this peptide and created 20 different arrangements of
the side chains (different rotamers) to better sample the side
chain exibility (ESI Fig. S15†). Comparing calculated IR and
© 2023 The Author(s). Published by the Royal Society of Chemistry
Raman spectra for the canonical PPII structures with rotational
averaging of the side chains did not result in a considerable
improvement. However, the resulting average ROA spectrum of
this test set resembles the spectral features we observed in our
experimental ROA spectrum (Fig. 1), such as the positive amide
I band at 1680 cm−1 and the ± couplet at 1260/1318 cm−1,
which are dominated by spectral features associated with PPII
structures.41 Notably, some of these PPII backbone based
rotamers show a negative signal in the amide III region, which
is oen not shown in PPII reference spectra, e.g. with poly-
alanine reference structures,41 nor in the weighted average of
the 20 cluster center structures (ESI Fig. S15†). Finally, we
extended this side chain rotamer approach to the rst four
cluster center structures to verify how one specic side chain
conguration of the peptide affects the simulated spectra (ESI
Fig. S16†). While for IR each side chain conguration yields
a specic spectrum, but with the same overall characteristic of
the averaged one (ESI Fig. S16a†), Raman is found more
sensitive to the signals arising from the side chains and their
orientation (ESI Fig. S16b†). The ROA spectra are almost entirely
determined by a specic side chain conguration (all c-angles
of all residues, ESI Fig. S16c†). Only the positive amide I signal
is conserved in all calculations irrespective of the side chain
conformation, and is thus a robust marker of the backbone
conformation. This clearly demonstrates the need for thorough
averaging over many conformations of both the backbone and
side chain groups, as experimental ROA spectra show distinct
patterns depending on the backbone conformation.41,74

The prediction of Raman and ROA spectra in agreement with
experiments revealed more challenges, due to the higher
sensitivity of the methods to the conformational degrees of
freedom of the side chains and their solvation states. Regarding
the Raman spectrum, the agreement is modestly improved aer
protonating the imidazole rings of all histidine residues,
although such a high protonation state would not be expected
under the pH conditions employed in the experiments. This
demonstrates how challenging it is to properly model Raman
and ROA spectra of peptides as the calculated spectrum is
determined by all aspects of the considered model such as the
protonation state, the side-chain conformations and dynamics,
solvation, etc. The importance of incorporating conformational
exibility was especially clear for the ROA, for which not only
the backbone conformation needs to be properly averaged over
many conformations, but also many side chain rotamers need
to be explicitly included to properly account for their contri-
butions. Possibly, a clustering algorithm including both the
backbone and the side-chain degrees of freedom might need to
be developed and deployed to predict ROA observables in better
agreement with experiments.

3 Conclusions

Our analysis clearly demonstrates that the investigated
peptide48 presents a predominantly disordered, but not
‘randomly disordered’ conformational ensemble, possessing
some ordered secondary-structure elements. Theoretical
sampling and spectroscopic ngerprints hinted towards some
Chem. Sci., 2023, 14, 8483–8496 | 8493
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contribution of ordered elements within the conformational
ensemble, while the majority of conformers showed PPII-region
torsional angles, typical of intrinsically disordered proteins.75

By means of a multidimensional analysis and clustering
procedure, we have been able to ‘tidy up’ the conformational
phase space and to lter out 20 representative conformers
whose spectroscopic responses contribute in a major way to the
ensemble-averaged observables. Only about 10% of these
representatives displayed traditional secondary structure
elements.

Predicting structures of ordered systems, such as globular
proteins with high amounts of b-sheets and a-helices,19,76 is
theoretically demanding due to the associated calculation costs
based on the system size, as is calculating their optical or
vibrational spectra. However, the prediction of the conforma-
tional ensemble described by the free energy landscape is
possible for short peptides with around 10 amino acids, via
enhanced sampling methods. In contrast, truly disordered
systems, like molten polymer chains, can be modeled more
simply by assuming random conformations.77 The spectro-
scopic responses of specic conformational features are then
averaged out by considering a sufficient number of random
conformations, and continuum solvent models can adequately
represent the surrounding environment. Disordered peptides
represent a peculiar case of ‘conditionally disordered’ systems,
and carry features of both these two worlds. The prediction of
experimental observables requires an accurate conformer
representation to take into account the responses of each
important structural feature. However, ab initiomethods are too
costly to be applied to thousands of different conformers.
Hence the necessity of rationally ‘tidying up’ the conforma-
tional phase space by means of clustering methods. Remark-
ably, once this is performed, the inclusion of more and more
cluster central structures leads to a progressive convergence of
the spectroscopic observables towards the ensemble average
(Fig. 5d).

However, the accuracy of predicted observables hinges on
three factors: (i) optimized force-elds for disordered struc-
tures;78 (ii) structural metrics and dimensionality-reduction
algorithms for adequate visual representations (Fig. 3); (iii)
high-level spectral response calculations. In particular, we
could not reproduce the experimental CD spectrum using basis-
set-based or semi-empirical approaches optimized for well-
structured protein systems,24,26 as was possible for ordered
peptides (cf. ESI Fig. S9†).20 While our novel QM/MMPol
approach based on TD-DFT calculations provided good agree-
ment with experimental CD spectra (Fig. 4 and 5). Raman and
ROA spectra posed greater challenges due to their sensitivity to
side-chain conformations, solvation states, and protonation.

Our approach offers valuable insights into the relationship
between conformational ensembles and spectroscopic nger-
prints of disordered peptides, and holds promise for studying
dynamic processes such as protein folding or unfolding. The
methods we have used for computing spectroscopic observables
can be applied not only to equilibrium ensembles but also to
out-of-equilibrium trajectories. For instance, thesemethods can
be used to investigate the temporal evolution of spectral
8494 | Chem. Sci., 2023, 14, 8483–8496
observables during temperature-induced protein unfolding.
This would naturally involve addressing the challenge of accu-
rately capturing the rates of transitions between different states
in non-equilibrium simulations.

Moreover, our approach could aid in developing semi-
empirical data-set-based methods41 for calculating light-
absorption spectra, considering various spectroscopically rele-
vant coil structures along with traditional ordered elements like
a-helices and b-sheets. The clustering method and sketch map
visualization of the conformational ensemble could be advan-
tageous in future studies focused on rationalizing
conformational-ensemble changes that peptides undergo upon
solvent-exchange or adsorption at solid/liquid interfaces.

Finally, our approach could contribute to improving
machine learning-based structure prediction methods15,79 and
the development of enhanced force elds for biomolecules80 by
generating a data-set of structure–spectra relationships, when
extended to a larger collection of peptides.
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