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ABSTRACT: Proteins are allosteric machines that couple motions at distinct, often distant,
sites to control biological function. Low-frequency structural vibrations are a mechanism of
this long-distance connection and are often used computationally to predict correlations, but
experimentally identifying the vibrations associated with speciﬁc motions has proved
challenging. Spectroscopy is an ideal tool to explore these excitations, but measurements
have been largely unable to identify important frequency bands. The result is at odds with
some previous calculations and raises the question what methods could successfully
characterize protein structural vibrations. Here we show the lack of spectral structure arises
in part from the variations in protein structure as the protein samples the energy landscape.
However, by averaging over the energy landscape as sampled using an aggregate 18.5 μs of
all-atom molecular dynamics simulation of hen egg white lysozyme and normal-mode
analyses, we ﬁnd vibrations with large overlap with functional displacements are surprisingly
concentrated in narrow frequency bands. These bands are not apparent in either the
ensemble averaged vibrational density of states or isotropic absorption. However, in the case of the ensemble averaged anisotropic
absorption, there is persistent spectral structure and overlap between this structure and the functional displacement frequency bands.
We systematically lay out heuristics for calculating the spectra robustly, including the need for statistical sampling of the protein and
inclusion of adequate water in the spectral calculation. The results show the congested spectrum of these complex molecules
obscures important frequency bands associated with function and reveal a method to overcome this congestion by combining
structurally sensitive spectroscopy with robust normal mode ensemble analysis.
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ﬁngerprints in isotropic absorption measurements is the use
of a single starting structure and normal-mode analysis. Here
we show that this approach is insuﬃcient and prone to
signiﬁcant error because it does not account for the time and
ensemble averaging as the macromolecule samples the energy
landscape. To address this, we developed Normal Mode
Ensemble Analysis (NMEA). We use NMEA to calculate
experimentally accessible spectra while tracking the eﬀects of
including suﬃcient water and vibrational modes: vibrational
density of states; isotropic absorption; and anisotropic
absorption. For these studies, we use the benchmark protein
hen egg white lysozyme (HEWL), for which there are
extensive measurements of picosecond dynamics using a
wide variety of techniques and whose results are representative
of other proteins. Neutron scattering, Raman, Optical Kerr,
and isotropic terahertz spectroscopy have found broad
vibrational density of states and isotropic absorbance, with

INTRODUCTION
It has been speculated that long-range protein vibrations can
serve to actuate allosteric control by perturbing the
conﬁgurations sampled by the vibrational atomic displacements.1−4 Elastic network models and all-atom calculations
have shown that the structural changes necessary for protein
function can be reproduced using the lowest frequency
vibrations, suggesting these motions are essential to biological
outcomes.5−7 This possibility is currently being explored as a
mechanism for allosteric control where the agonist or inhibitor
is designed to perturb the long-range structural vibrations.8,9
While some all-atom calculations have suggested that
mutations change the directionality of motion and therefore
enzyme promiscuity,10 there has been no direct experimental
conﬁrmation of the control via these vibrations. In particular,
standard optical techniques fail to even isolate speciﬁc
structural vibrations, a ﬁrst step toward identifying those
vibrations with biochemical impact.
The lack of spectroscopic structure in optical measurements
has been confounding, as some computational investigations
have suggested that narrow resonances should be present,11−13
allowing the monitoring of the vibrations with mutation and/
or inhibitor binding to establish dynamical hot spots and reveal
the design strategies that lead to robust and eﬃcient
biochemistry. Often calculations predicting spectroscopic
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Figure 1. Schematic of the computational approach for Normal Mode Ensemble Analysis. Spectra are computed for individual structures to
produce an average anisotropic spectrum.

only slight changes in this absorbance with functional state.14,15
However, recent terahertz anisotropic absorption studies on
HEWL ﬁnd narrow band resonances that are sensitive to
inhibitor binding.16,17 By rigorously averaging spectra calculated from structures sampled from microsecond-scale all-atom
trajectories, we ﬁnd that indeed the averaged isotropic spectra
do not have narrow resonances and resemble the smooth
absorbance seen experimentally. On the other hand, resonant
bands are present in the average anisotropic absorbance
spectra. We compare the spectra of HEWL with and without
inhibitor to examine spectral sensitivity and ﬁnd that only the
anisotropic absorption shows a statistically signiﬁcant change
with inhibitor binding. We then examine if spectral changes
can be assigned to speciﬁc structural motions, by projecting the
massive data set onto known functional motions. The analysis
of the full dynamical ensemble identiﬁes several low frequency
narrow spectral bands that overlap the regions of change in the
anisotropic absorption.

for the inhibitor-bound. We built 10 replicas using the same
protein coordinates but diﬀerent placements of water and ions.
We then performed 1000 steps of minimization with the alpha
carbons ﬁxed in space, followed by 1000 steps with the alpha
carbons harmonically restrained using a force constant of 20
kcal/mol-Å2. The temperature was gradually increased from 30
K to 300 K by running 20 ps simulations followed by 30 K
temperature increments. We then ran 200 ps of unrestrained
dynamics before beginning production simulations.
All simulations were performed using NAMD20 version 2.11
on the Blue Gene/Q supercomputer at the University of
Rochester’s Center for Integrated Research Computing.
Simulations were performed using a 2 fs time step, with
bonds to hydrogen constrained to their equilibrium length
using SETTLE and the tolerance set to 10−10. A target
temperature of 300 K was maintained by using stochastic
dynamics with collision frequency set to 2 ps−1, and no
collisions applied to the hydrogens. The pressure was set to 1
atm via the Langevin-Piston algorithm,21 with the piston
period set to 200 ps, a piston temperature of 300 K, and a
piston decay of 100 ps. Repulsion-dispersion interactions were
cut oﬀ using force-switching between 9 and 10 Å, and longrange electrostatics were computed using Ewald summation22
on a 72 × 72 × 72 grid (roughly 1 Å/grid point). The
CHARMM36 force ﬁeld23 was used, in combination with the
CHARMM version of TIP3P water. Parameters for triacetyl
glucosamine (3NAG) were obtained from Niessen et al.16 In
aggregate, we ran almost 19 μs of simulation, requiring 6.4
million CPU-hours.
Computing Spectra from Simulations. The vibrational
density of states (VDOS) for a given structure is computed
using normal-mode analysis (NMA), as implemented in
CHARMM v39. We compute the ﬁrst 6000 vibrational
modes rather than the full spectrum, to reduce the cost of
computation and storage required by CHARMM and to
reduce time required to postprocess the resulting modes into
absorbance spectra (see the Supporting Information). The
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MATERIALS AND METHODS
Figure 1 shows a schematic of the overall computational
strategy. Multiple replica trajectories are simulated. NMA
starting structures are sampled from these trajectories, and the
VDOS, isotropic absorption, and anisotropic absorption are
then calculated and averaged; this averaging is essential to
identify robust features that could, in principle, be observed
experimentally. A projection analysis of the full data set is then
used to perform a simple distillation of the large data set for
the prevalence of vibrations overlapping displacements for
substrate binding.
Molecular Dynamics Simulations. The apo and
inhibitor-bound simulations at 300 K were constructed from
their respective X-ray structures (Apo: 1BWH, Inhibitor:
1HEW, containing 1 4C1 beta-D-glucose molecule) and then
inserted into a thermalized cubic box containing 8682 waters
with 8 chlorides to produce an electrically neutral system using
the OptimalMembraneGenerator solvate tool from LOOS,18,19
for a total of 28014 atoms for the apo system and 28080 atoms
B
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optimal bang for the buck is almost certainly dependent on the
speciﬁcs of the system (including the temperature), as well as
the computational resources available (see Table 1).

same normal-mode analysis is used to compute the absolute
isotropic absorbance:
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Here, ω is the output frequency, ωi is the frequency of the ith
mode, and ∂p ⃗ is the dipole derivative associated with the ith

Table 1. Summary of Simulations Performeda

∂qi

aggregate (ns)

940
755−985

9426
9608

DATA SHARING AND REPRODUCIBILITY
The scripts to perform the MD simulations, generate the
modes in CHARMM, and compute the isotropic and
anisotropic spectra are available from GitHub at https://
github.com/GrossﬁeldLab/NMEA-paper.

■

RESULTS
Figure 2 shows the calculated vibrational density of states
(VDOS) and isotropic absorbance for the apo protein at 300
K, using one of the replicate simulations. Each gray curve
represents the spectra calculated from single snapshots, while
the thicker red lines represent the average; the blue lines
represent the spectrum computed using the starting structure
from the simulation. In panel a), the VDOS shows a single
broad peak centered at ca. 63 cm−1, followed by a broad
plateau. The steep drop in amplitude after ∼250 cm−1 is due to
the truncation of the eigendecomposition at 6000 modes (see
the Supporting Information for further discussion). While
there is some snapshot-to-snapshot variation, overall the
VDOS is not sensitive to the starting structure. The peak
and plateau are consistent with Raman and neutron scattering
measurements; however, the measured peak is ca. 80 cm−1.31,32
Velocity autocorrelation calculations of the HEWL VDOS
from Lerbret et al. are in better agreement with the frequency
of the peak, and this may be due to the SPC/E water model
used. The NMEA calculations capture the overall VDOS
structure and can be used to assign structural motions to
spectral peaks, which is not possible with autocorrelation
functions.
Figure 2b) shows the isotropic absorption spectrum from
the same trajectory calculated using eq 1. In contrast to the
VDOS, the spectra from individual frames vary signiﬁcantly;
each individual spectrum has rapid variations in the absorbance
with frequency, often with a few prominent narrow band
resonances highlighted for a few of the spectra by arrows in
Figure 2b). However, these features do not persist with
averaging over the ensemble, and only three broad bands
remain at 52 cm−1, 177 cm−1, and 253 cm−1 (thick red line).
As before, the signal drop beyond ∼250 cm−1 is an artifact due
to truncation of the eigendecomposition rather than any
physical factors. HEWL measurements have found even less
structure, with only strong broad peaks at ca. 160 cm−1 and ca.
320 cm−1.33,34 We note that the spectrum computed using just
the starting structure (blue curve) is fairly close to the
ensemble average but appears to contain a ﬁne structure not
present in the average. Those features are not numerical noise
but rather are due to structural details that vary as the protein
moves; we believe they would be visible if it were possible to
do a time-resolved single-molecule variant of the experiment.
This demonstrates that spectra intended to be compared to

(2)

Here, R j is the rotation matrix for the crystal, λ̂ is the light
polarization vector associated with the rotation angle θ, and
other terms are the same as in eq 1. In this work, we computed
spectra appropriate for a tetragonal crystal with 8 protein
chains in the unit cell, oriented as was found experimentally.28
The equivalent spectra for other crystal forms could be
←→

computed from the same simulations by using R j matrices
appropriate to the contents of the unit cell and space group. To
emphasize the variation with orientation, we subtract the
spectrum at θ = 0 from all values, and this is referred to as
ΔAbsani(ω,θ). The polarization vector is
1
1
1
λ̂ =
sin θ ,
sin θ ,
cos θ , which lies in the plane
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“Duration/traj” denotes the range of trajectory lengths, rounded oﬀ.
“Aggregate” denotes the total simulation time of all simulations.

rotation
matrices

2
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a

mode. The line width γ = 4 cm−1 was chosen as a compromise
between measurements for molecular crystal single crystal
measurements (ca. 4 cm−1),24,25 a report of measurements of a
protein collective mode lifetime (ca. 0.7 cm−1),26 and
calculations of line widths for single crystal staphylococcal
nuclease (ca. 15 cm−1).27 N is the number of atoms included in
the normal mode calculation, generally the protein plus a
number of surrounding water molecules, so 3N is the resulting
number of modes. The 6 lowest frequency modes are
discarded as they are due to rigid body translation and
rotation.
The anisotropic absorbance measures the absorption
dependence of an aligned sample on the light polarization
direction given by the angle of the polarization with respect to
a reference direction. It is computed in an analogous manner:
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of the (1,1,0) facet of the crystal.
As part of this work, we systematically determined how
much water must be included in the normal mode calculations
to correctly represent the protein dynamics, as well as the
number of modes one must calculate to produce reliable
spectra over the typical experimental frequency range. In the
Supporting Information, we show that the spectral calculations
require a water shell of at least 8−10 Å to converge for the
spectral frequency 0−100 cm−1; unless otherwise speciﬁed, all
spectra were computed using a 10 Å cutoﬀ. With this water
thickness, at least 6000 modes are needed for a single structure
NMA to adequately cover the range of 0−100 cm−1. The mode
number cutoﬀ depends on the size of the system, so it is
necessary to tune the number of modes included based on the
speciﬁc system contents and the frequency range of interest.
We did not systematically test the relative value of running a
small number of long trajectories vs an ensemble of relatively
short ones. This is an active area of research,29,30 and the
C
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Figure 2. Sensitivity of calculated VDOS and isotropic absorbance to a speciﬁc structure. The gray curves are spectra calculated by sampling
structures from a representative trajectory. Panel a shows the VDOS, while Panel b shows the isotropic absorbance. The average and starting
structure spectra are shown in red and blue, respectively. The green and orange curves in Panel b were generated using two other random structures
from the ensemble, to illustrate that ﬁner features in the spectra from individual structures average away when considering the whole ensemble.

Figure 3. Sensitivity of anisotropic absorption to a speciﬁc structure. Panel a shows the anisotropic spectra for three individual structures. Panel b
shows the average over 8000 spectra. Panel c shows a slice of the average spectrum with polarization = 90°; the shaded region is the standard error.

Figure 4. Anisotropic spectra detect signal due to inhibitor binding. a) VDOS. b) Isotropic absorbance and diﬀerence spectra. c) Anisotropic
absorption at polarization = 90°. In each panel, the left y-axis shows the average spectra for the apo (yellow) and inhibitor-bound (green) states,
while the right y-axis applies to the diﬀerence spectrum (red). The shaded regions are the standard error, computed treating each trajectory as a
single measurement. The ΔAbsaniso results in c) have been scaled by a factor of 1000 relative to the Absiso in b) and in Figure 3.

D
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Figure 5. Vibrational displacement overlap with functional motions. The projection of each computed mode onto the diﬀerence between the apo
and inhibited structures is shown, using either the full protein (Panel a) or just the most-eﬀected loop (Panel b). The grayscale heat map shows the
relative density of projections at a given frequency and projection value. The solid lines show the binned average projection value as a function of
frequency. The inset in a) shows the apo HEWL structure in green and the inhibitor-bound in blue, with the inhibitor rendered in space-ﬁlling
mode. The inset in b) shows the apo HEWL in gray. The green (red) region corresponds to residues 42−79 for the apo (bound) states.

ΔΔAbsani(ω,θ), which we refer to as the double diﬀerence
spectrum, has several sharp features, most notably the peak at 9
cm−1. This feature is particularly intriguing in light of the
projection results to be discussed next.
To understand the relevance of ΔAbs ani (ω,θ) and
ΔΔAbsani(ω,θ) to biological function requires connecting the
spectral features to structural motions. This is a question that is
uniquely suited to the atomic resolution of the normal mode
approach. We can analyze the large data set of vibrations
robustly sampled over the landscape to see if speciﬁc
displacements dominate, and further if they dominate in
distinct frequency ranges. We can do this by projecting the
eigenvectors for the full data set onto the displacement vector
of interest. Previously, this projection strategy was used to look
for commonality in motions within a single data set.37 Here we
examine persistent motions throughout the energy landscape.
To demonstrate this strategy, we consider the normalized Cα displacement vector deﬁned by the diﬀerence between the
apo and inhibitor-bound crystal structures, Δx⃗binding. For each
of the 6000 modes computed for each structure (totaling >1.8
million vibrational modes in aggregate), we take the absolute
dot product between the normalized eigenvector and Δx⃗binding.
An overlap of 1 would indicate that the atomic displacements
for a vibration are identical to Δx⃗binding, while zero indicates
orthogonality. We plot the results with the amplitude of this
projection along the y-axis, and the frequency as the x-axis. The
results are shown as Figure 5.
Figure 5a) shows a grayscale heat map of the relative density
of projections at a given frequency and projection value, with
the average projection value indicated by the blue curve. There
are two sharp peaks at 6 and 8.5 cm−1 and a lesser peak at 15
cm−1. The amplitudes of the ﬁrst two peaks are both above 0.3;
to put this in perspective, the overlap distribution for random
unit vectors of the same dimension drops below 10−9 at a value
of roughly 0.18 (see Figure S6), making an average overlap of
0.3 for a particular band exceedingly unlikely to occur at
random. It is not immediately obvious that instantaneous local
vibrations should be coupled to slower long-range motions,
given how sensitive they are to the precise placement of both
the protein and water atoms. However, with the present data
set, where the vibrations are robustly sampled, we ﬁnd that, in
fact, there is a predominance of vibrational displacements
corresponding to functional motions.
These peaks in Figure 5b) are even more striking; here we
focus the atomic displacements for the loop with highest
displacements with substrate binding, residues 42−79, Δx⃗loop.

experiment cannot be computed reliably from a single
structure. In contrast to previous calculations that averaged
over 10−20 structures35,36 the present results show it is
necessary to run a reasonable-length MD simulation.
NMEA anisotropic absorption spectra for the same
conﬁguration in those measurements for several diﬀerent
starting structures are shown in Figure 3a). We note that the
range of signal here is roughly 1 order of magnitude smaller
than the isotropic absorption, such that individual angle
measurements are highly similar to the isotropic results shown
in Figure 2b). The heat maps of the ΔAbsaniso(θ) vary
dramatically for the diﬀerent structures with no obvious
common features among the spectra. It would be reasonable to
expect that averaging in this case will lead to a completely
featureless spectrum; however as the data in Figure 3b) shows,
this is not the case. Distinct and relatively narrow spectral
bands emerge as the ΔAbsaniso(θ) is averaged over the
landscape. The speciﬁc bands that emerge are not obvious
from any of the individual spectra (see the Supporting
Information movie illustrating the emergence of the spectrum),
indicating that it is the ensemble sampling of motions that has
a net bias. The spectra are symmetric about 90° due to the
symmetry of the tetragonal crystal used; other crystal forms
will show more angular dependence. The symmetry of the
tetragonal spectra makes it easier to understand the spectrum
in one-dimensional form, by considering only the curve at a
polarization of 90 deg, shown with its standard error in Figure
3c). There is a substantial structure in the averaged spectrum
beyond the standard error, consistent with recent experimental
results.
To examine if the diﬀerent spectral methods can be used to
follow changes in structural dynamics with functional
signiﬁcance, we computed spectra for the inhibitor-bound
structure of lysozyme, in addition to the apo results discussed
above. Figures 4a) and 4b) show that the VDOS and isotropic
spectra are largely insensitive to the changes in structure and
dynamics upon ligand binding; the amplitude of the change is
less than 1.5% of the total signal, signiﬁcantly smaller the
statistical uncertainty. It is perhaps notable that the NMEA
decrease in the VDOS with inhibitor binding for frequencies
less than 60 cm−1 is consistent with neutron scattering
measurements.16
By contrast there are clear diﬀerences between the NMEA
anisotropic absorbance spectra for the apo and inhibitor-bound
ensembles, as shown in Figure 4c). The diﬀerence between the
ΔAbsani(ω,θ) for the apo and inhibitor-bound states,
E
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These peaks are at 6 cm−1, 8 cm−1, and 14 cm−1, with the 8
cm−1 peak dominating. The average overlap for the 8 cm−1 is
an astoundingly high 0.6, indicating some real speciﬁcity of
displacements at this frequency; Figure S6 shows that the
probability distribution of the overlap for random vectors with
this dimensionality drops below 10−9 by about 0.3; given that
there are roughly 2 million computed modes in Figure 5, this
suggests we would not expect to see even a single mode with
that high an overlap at random, let alone a strong peak. This
sharp band (and the 8.5 cm−1 band from the full protein
spectrum) overlaps the 9 cm−1 peak in the ΔΔAbsani(ω,θ)
shown in Figure 4c), allowing us for the ﬁrst time to assign
physical signiﬁcance to a speciﬁc band in a terahertz
absorbance spectrum.
It is striking that there are identiﬁable peaks in the functional
projection spectrum, since there is no obvious reason why this
would be evolutionarily advantageous. We speculate that it is
possible that the strong energy-dependence for functionally
important motions is a general feature that may be highly
useful for those systems where energy exchange is crucial, such
as photoactive proteins.

Article

approach. However, we would argue that the anharmonicity is
present primarily when considering large amplitude motions;
this limits the eﬀectiveness in elastic network models in
reproducing motions from all-atom simulations, for example.44
By contrast, absorbance spectra are determined by the
instantaneous dipole modes, since there is no time for the
nuclei to move signiﬁcantly during an absorbance event, and as
such these phenomena are decoupled from the anharmonic
motion. Our approach does capture the strong sensitivity of
the computed spectrum to even small changes in protein and
solvent structure.
One modest limitation of the current approach is the
diﬀerence between the simulated system and that measured
experimentally. The anisotropic measurements are performed
in a crystalline environment,16,17,45 while the simulations
contained a single protein molecule in solution. While it is, in
principle, possible to simulate a protein crystal,27,46,47 these
calculations are extremely challenging. Most space groups are
not readily compatible with the Ewald-based electrostatics
methods considered to be molecular dynamics best-practice,
and beyond that the presence of the full unit cell would greatly
increase the system size and thus the computational cost of the
simulation. Moreover, protein crystals contain a relatively large
amount of water, and other than speciﬁc crystal contacts the
dynamics are expected to at least grossly resemble a solvated
protein.
Somewhat along the same lines, our approach requires us to
select a single value for γ. We chose our value as a compromise
between several possible experimental estimates, but it is worth
noting increasing γ will smooth the computed spectra, while
reducing it will cause ﬁner features to emerge.
The anisotropic absorbance has a ﬁner structure because the
orientation variable selects motion in speciﬁc directions;
essentially, the orientation vector gives another dimension to
the signal, uncovering the underlying structure in a manner
analogous to 2D spectroscopic techniques. One must then ask:
Is there a way to know why those frequencies are diﬀerent.
Experimentally, it is possible through repeated experiments
with mutations or chemical constraints that eliminate speciﬁc
motion; the eﬀect on those spectral features would begin to
assign the motions. This approach is labor intensive, whereas
simulations provide an eﬀective and eﬃcient avenue to identify
structure signiﬁcance of the frequency features. Our present
projection approach reveals that functional motions are
concentrated in speciﬁc energy bands. In principle, we can
extend this analysis to more general motional types, such as net
torsional motions about the binding site.

■

DISCUSSION
In this work, we examine if diﬀerent spectral measurements can
isolate correlated structural displacements toward understanding how such motions impact function. The normal
mode approach provides both the vibrational energies and
their displacement vectors. It should be noted that the present
normal mode method is distinct from approaches based on
principal component analysis or quasiharmonic analysis. The
modes obtained from principal component analysis capture the
directions of the ﬂuctuations in the protein’s ensemble. By
contrast, each set of normal modes is computed from a single
structure and reﬂects the instantaneous vibrational spectrum of
the molecule at that moment. Given the extreme roughness of
a protein’s energy landscape, these instantaneous modes do
not necessarily converge to those from principal component
analysis, even after computing their ensemble average. From a
classical perspective, the interaction of a photon with the
protein occurs instantaneously, so only the normal mode
approach is appropriate to model absorption spectra. The
ensemble averaging we discuss above is essentially an average
over the incident photons, each of which picks out 1 snapshot
from within the ensemble; the experiment is an average over a
large number of photon absorption events.
A common objection to the normal mode approach is that it
eﬀectively assumes zero temperature. The present approach
addresses that by explicitly sampling at ﬁnite temperature, such
that the structures included in the calculation are representative of the ensemble under ambient conditions. We would
argue that the weakness is relatively minor, considering that
normal modes allow structural interpretations not available
from other arguably more rigorous approaches, such as those
based the dipole autocorrelations.38−40 We note that NMEA is
distinct from instantaneous normal modes, which was ﬁrst
introduced for modeling solvents and is focused on the
rotational and translational motions of the individual solvent
molecules.41,42 Instantaneous normal modes have been applied
to protein dynamics43 to investigate energy relaxation as
opposed to describing the distinct vibrational spectra sampled
discussed here.
The objection could also be raised that protein motions are
not generally harmonic, an assumption baked into the present

■

CONCLUSION
We present a new computational technique where normalmode analysis is applied to a protein ensemble to extract the
VDOS, isotropic, and anisotropic spectra and for the ﬁrst time
to assign a frequency band to a speciﬁc change in the structure
associated with inhibitor binding. We ﬁnd the ensemble cannot
be ignored for accurately calculating the measurements and for
revealing underlying vibrational sampling of functional
motions. NMEA ﬁnds a smooth VDOS with little sensitivity
to the binding state. Isotropic spectra computed from
individual structures often have ﬁne features, but these average
away over a thermal distribution in agreement with the
majority of measurements. Further, we ﬁnd large structure-tostructure variations in the anisotropic absorption spectra;
however, persistent bands emerge with averaging of these
F
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spectra, and these bands change with inhibitor binding. A
projection analysis of the thermal distribution of vibrations
shows eigenvectors corresponding to binding displacements
are concentrated in speciﬁc frequency bands, and at least one
of these bands overlaps the spectral changes seen in the
anisotropic absorption. These bands would not have been
obvious from any of the spectral measurements and only
emerge when analyzing the massive computed data set. The
congested vibrational spectrum obscures these underlying
resonances for standard spectroscopy. To measure the
vibrations that may impact biology, techniques must isolate
those vibrations based on structural motions, such as transition
dipole direction. All-atom molecular dynamics can provide an
unprecedented capability to identify functional motions that
are unavailable using prior techniques.
Testing the premise of evolutionarily optimized protein
dynamics has remained an experimental challenge. Most
measurements fail to isolate speciﬁc structural motions. Our
simulations show that the structural variation of a single
protein in time results in variation in the vibrations leading to
the observed broad and featureless optical absorption.
However, when the thermal population of a protein’s
conﬁgurations is considered, vibrations with functional
displacements are concentrated in speciﬁc frequency bands.
These emergent dynamics are apparent in anisotropic optical
absorbance, indicating an experimental avenue for measuring
these motions and their impact on biological function.
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