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Abstract
Electron paramagnetic resonance (EPR) spectroscopy allows one to investigate local molecular structure and dynamics over a wide range of time scales.
For proteins, site-directed spin labeling (SDSL) and EPR can reveal key aspects
of the structural and dynamical hierarchies that describe their complex behavior. However, due to EPR’s high sensitivity to many properties of the spin label
and the surrounding environment, interpretation of its complex spectra can be a
formidable task. As a result, modeling and simulation are essential to bridging
the gap between EPR spectra and their interpretation.
In this thesis, two investigations that use modeling and simulation for EPR
are summarized: one in the context of experimentation and one in the context
of computation. The experimental work in Ch. 3 uses SDSL and several EPR
measurement techniques to investigate the interactions between two membrane
proteins that are crucial for heart muscle function. Computational simulation
and simple diffusion model-based global fitting of the EPR spectra are employed
to discern a model for the effects of phosphorylation on these interactions. The
computational work contained in Ch. 4 goes beyond simple diffusion models,
performs all-atom molecular dynamics (MD) simulation of spin-labeled proteins,
and creates a set of MATLAB programs to that can use MD simulation data
to simulate EPR spectra. Additionally, since MD simulations are very timeintensive, two prominent approximate methods are compared, which attempt to
coarse-grain the simulated spin label dynamics and reduce the required length of
MD trajectories.
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Chapter 1
Electron paramagnetic resonance
spectroscopy
1.1

Nitroxide spin labels and site-directed spin
labeling

Electron paramagnetic resonance (EPR) is a powerful experimental technique
for investigating local structure and dynamics of biological macromolecules. Since
most biological systems do not contain paramagnetic spin centers, it is most often
necessary to introduce a “spin label”, i.e. a spectroscopic probe containing a
chemically stable unpaired electron. The most ubiquitous spin label is the

14

N

nitroxide radical spin label, which is characterized by a nitroxide group containing
an unpaired electron shared between nitrogen and oxygen within a heterocyclic
ring (Fig. 1.1).
To facilitate their attachment to protein side-chains, nitroxide spin labels are
most often syntesized with thiol-reactive groups, such as maleimide, iodoacetimide, or methanethiosulfonate. By performing site-directed mutagenesis and
attaching spin labels at site-specific locations of proteins, multiple EPR experiments can be performed to characterize a protein. This technique is known as

1

2
O•
N
O•
N

N
O

O
O•
S
S

S

N
H

N
H

N

N
H
O

O
MSL

MTSSL

O
TOAC

Figure 1.1: Spin labels used for EPR experiments and simulations in this thesis. MSL: maleimide
spin label; MTSSL: methanethiosulfonate spin label (referred to as R1 in Ch. 1); TOAC: (2,2,6,6tetramethylpiperidine-1-oxyl-4-amino-4-carboxylic acid)

site-directed spin labeling (SDSL)[4] and it has greatly expanded the capability of
EPR in biology and biochemistry studies. Another technique for inclusion of spin
labels in proteins involves solid phase peptide synthesis, where non-native amino
acid spin labels such as TOAC (2,2,6,6-tetramethylpiperidine-1-oxyl-4-amino-4carboxylic acid)[166] can be introduced directly into small peptide sequences (. 50
residues).
The differing properties of spin labels can be exploited to investigate different
aspects of protein structure and dynamics. Compact, rigid spin labels such as
TOAC (and to some extent MSL) can reveal protein backbone dynamics and
orientation, and local conformational changes. Larger, more flexible spin labels
such as MTSSL (methanethiosulfonate spin label, also referred to as R1 in the
literature when reacted with the Cys side-chain) can report on the dynamics of
protein side-chains and the surrounding environment, including protein binding.
This strategy of using complementary spin labels is employed in both of the studies

3
outlined in this thesis.
All experimental and computational work in this thesis was performed using
the

14

N nitroxide radical spin label. Unless otherwise stated, all of the following

sections in this chapter discuss the physics of EPR in this context.

1.2

Spin interactions

In this section, the relevant interactions of electron spins and their effects on
the EPR spectrum are described. Additionally, the important property of spectral
anisotropy is discussed, which gives rise to the both orientation and motional
sensitivity of EPR spectra. Much of the notation and organization is strongly
influenced by Ref. [157]. More general and comprehensive discussions can be found
elsewhere[1, 178].
For n electrons and m nuclei, the electron spin Hamiltonian is given by∗
Ĥ =

X

ĤZ (B, Ŝ i ) +

i

X
i,j

Ĥhf (Ŝ i , Î j ) +

X

Ĥee (Ŝ i , Ŝ j )

(1.1)

i6=j

where the following correspond to particular interaction Hamiltonians: ĤZ for the
electron Zeeman interaction, Ĥhf for hyperfine interactions, and Ĥee for electronelectron interactions. The sums are performed over all electron spin operators
Ŝ and nuclear spin operators Î. The orientation of the magnetic field vector B
defines the lab reference frame.
The spin system of a

14

N nitroxide spin label consists of one electron of spin

S = 1/2 and one nucleus of spin I = 1. The zero-field splitting interaction,
which requires electron spin angular momentum S > 1/2, is not applicable to
this spin system. Additionally, since electron-electron interactions are only significant due to interactions between the spin system and the environment, they are
not treated explicitly in calculations and instead are relegated to phenomenological parameters that account for spectral broadening. Lastly, the nuclear Zeeman

4
interaction is neglected due to its very small contribution at the frequencies employed (µN /µB ≈ 5 × 10−4 , where µN and µB are the nuclear and Bohr magnetons,
respectively).
By convention in most of the magnetic resonance community, Hamiltonians Ĥ
are written in angular frequency units and the spin operators are dimensionless
(normalized by ~). This is notationally convenient when describing the dynamics
of a spin system, especially when writing quantum dynamics propagators such as
Û = exp(−iĤt). However, while explicitly discussing spin interactions, we employ
energy units for the Hamiltonians and define Ĥ = ~Ĥ.

1.2.1

Electron Zeeman interaction

A free electron has a magnetic moment µe associated with its intrinsic spin
angular momentum S:
µe = γe ~S;

γe =

−e
µB
g=− g
2me
~

(1.2)

where γe is the electron gyromagnetic ratio, −e is the electron charge, me is the
electron mass, and µB is the Bohr magneton. The dimensionless factor g, called
the electron g-factor, arises as a correction factor to the classical expression for
the gyromagnetic ratio. In the absence of a magnetic field, the magnetic moment
is randomly oriented and the two spin states |S = 12 , mS = ± 12 i are degenerate.
After applying a uniform magnetic field B = (0, 0, B0 )T , the energy levels of the
two spin states split
E(mS ) = mS µB gB0 ,
∗

(1.3)

Bear in mind that the spin operators are implicitly defined through their representations in

the product Hilbert space of all existing spins. For example, in the single-electron, single-nucleus
14

N nitroxides), the product space basis is |S, mS i ⊗ |I, mI i, and the implied spin
operator definitions are Ŝi ≡ Ŝi ⊗ ÊI and Iˆi ≡ ÊS ⊗ Iˆi , where ÊS and ÊI are the identity

case (as for

operators acting on the electron spin and nuclear spin subspaces, respectively.

5

B0 = ℏω/(gisoμB)

Absorption
derivative

mS = +1/2

E

B0
mS = -1/2
B0

Figure 1.2: (left) Effect of the electron Zeeman interaction on spin energy levels of an electron
spin system with S = 1/2. (right) The corresponding (derivative) EPR spectrum consists of a
single resonance line located at B0 = ~ω/(giso µB ).

corresponding to the spin angular momentum being parallel (mS = − 12 , state β)
and antiparallel to the magnetic field (mS = + 21 , state α). This phenomenon is
known as the Zeeman effect and EPR occurs when an electron in the ground state
β transitions into the excited state α after absorbing a photon with energy equal
to the energy gap ∆E = µB gB0 (see Fig. 1.2).
The interaction between a free electron spin and a magnetic field is isotropic,
and its g-factor is ge ≈ 2.002319. When an unpaired electron is confined to an orbital in a host molecule, its wave functions are in general anisotropic. Additionally,
the local magnetic field at the electron’s position is influenced by nearby spins.
Therefore the Zeeman interaction is in general anisotropic and the Hamiltonian is
ĤZ = −µ̂e · B = µB ŜgB.

(1.4)
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Here the electron magnetic moment µ̂e = µB Ŝg arises from both spin and orbital
angular momenta, and the 3 × 3 matrix g (a second-rank tensor) accounts for
the spatial anisotropy of the interaction between the total spin and magnetic
field. Since µe is due to the total electron angular momentum, here Ŝ is not the
bare electron spin operator, but is known as the effective electron spin operator
and Eq. (1.4) is known as an effective spin Hamiltonian[143]∗ . However, since
the corrections are small for nitroxides, we make no further distinction between
effective and real spin operators.
In its principal axis reference frame, i.e. its “eigenframe”, the g-matrix can
be written as








∆gx 0
0
gx 0 0







g=
 0 gy 0  = ge E 3 +  0 ∆gy 0  ,
0
0 ∆gz
0 0 gz

(1.5)

where E 3 is the 3 × 3 identity matrix. Deviations from the free-electron g-factor
are captured by the quantities ∆gi , with {i} being the set of principal axes of
g. These deviations are governed by symmetries of the electron spin’s orbital,
spin-orbit interactions, and anisotropy of the host molecule’s structure.
In general, g is orthorhombic and, by convention, the principal values gi in
Eq. (1.5) are ordered such that gx > gy > gz . The principal axes of g are often
used to define a molecule-fixed reference frame M, and the relative orientations of
other interaction tensors are defined with respect M. The principal values gi for
a particular spin label can in principle be determined empirically by measuring
EPR spectra of a single-crystal sample while aligning the direction of the applied
magnetic field with the crystal axes. But most often they are determined by
∗

Essentially, Eq. (1.4) is written this way so as to separate out the external applied field-

dependent and -independent parts of the real electron Zeeman, spin-orbit, and spin-spin interactions. The field-dependent parts are then “lumped into” g, and the effective spin operator Ŝ
is defined by the eigenstates of the resulting effective spin Hamiltonian in Eq. (1.4).

7
nonlinear least-squares fitting of a given EPR spectrum, especially at high magnetic fields where the peaks due to the different components gi are well-resolved.
For nitroxides, the values of gi deviate little from the free-electron value. For
example, the first study to determine gi using the former method for a singlecrystal nitroxide sample was done in Ref. [53] in the X-band microwave frequency
range (ωmw /(2π) = 9.4 − 9.8 GHz), where they found, for di-ter -butylnitroxide,
diag (g) = (2.0089, 2.0061, 2.0027).

1.2.2

Hyperfine interaction
mI = +1
mI = 0

mS = +1/2

allowed
transitions

E

mI = 0
aiso

-1

aiso

Absorption
derivative

mI = -1

+1

mI = -1
mS = -1/2

mI = 0
mI = +1

B0
B0 = ℏ/(gisoμB)

B0
Figure 1.3: (left) Combined effects of the electron Zeeman and (isotropic) hyperfine interactions
on electron spin energy levels of an electron/nuclear spin system with electron spin S = 1/2 and
nuclear spin I = 1. Because of the selection rule ∆mI = 0 (only the electrons resonantly absorb
photons), only three spin transitions are allowed. (right) In the corresponding EPR spectrum,
there are three symmetrically spaced resonance lines with spacing equal to the isotropic part of
the hyperfine interaction tensor aiso .

An unpaired electron spin can interact with spins of nearby nuclei, causing
additional splittings in its energy levels. This is known as the hyperfine interaction
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and its Hamiltonian is
Ĥhf = ~ŜAÎ

(1.6)

where A is the hyperfine interaction tensor represented by the 3 × 3 matrix
A = aiso E 3 + T .

(1.7)

The isotropic part
aiso =

2 µ0
ge gn µB µn |ψ0 (0)|2
3 ~

(1.8)

is caused by the Fermi contact interaction, which is due to a finite electron orbital
probability density |ψ0 (0)|2 at the nucleus. Note that even for electron orbitals
with l 6= 0, where the unperturbed eigenfunctions may have nodes at the nucleus,
aiso can still be nonzero due to the effects of spin polarization[107]. T is the
traceless electron-nuclear dipolar interaction matrix. Written in its eigenframe,
its approximate form is


−T 0
0
−1 0 0

 
µ0 ge gn µB µn 
 0 −1 0 =  0 −T 0  ,
T =




3
4π~
R
0
0 2T
0
0 2




(1.9)

where g anisotropy and spin-orbit coupling have been neglected. The units of
A in Eq. (1.7) are frequency, though its principal values are often written either
in terms of frequency (MHz) or magnetic field (G or mT) depending on whether
the measured EPR spectrum is obtained by a frequency sweep or field sweep. An
example set of principal values for A in a nitroxide, again using the single-crystal
EPR study at X-band of di-ter -butylnitroxide[53], are diag (A) ≈ (5, 5, 31) G.
Because T is traceless, its contributions to an EPR spectrum can be averaged
out for isotropic rotational motion that is fast on the EPR timescale (more on this
will be discussed later). In this case, only the isotropic part aiso will contribute to
the EPR spectrum. Similarly, only the isotropic part of g (tr (g)/3) will contribute
to the EPR spectrum such cases.
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For the case of an
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N nitroxide, the nucleus has spin I = 1 and has three

possible spin states. This causes each of the α and β electron spin energy levels
to split into three values, with six energy levels in total. However, there are only
three possible transitions because EPR conserves nuclear angular momentum. The
effect on the EPR spectrum of a single nitroxide radical (for an isotropic hyperfine
interaction) is that there are three symmetrically spaced peaks (see Fig. 1.3). The
location of the central peak is dictated by the electron Zeeman interaction (gtensor) and the distance between the central and outer peaks is dictated by the
hyperfine interaction (A-tensor).

1.2.3

Orientations and Distributions

The anisotropy of the electron Zeeman and hyperfine interactions makes the
Hamiltonian depend on the orientation between the lab frame, where the experiment is carried out, and the spin system. The lab frame L is defined by the
external magnetic field B, which sets the axis of quantization for the electron and
nuclear spins (in the high-field limit). The other relevant reference frame is the
molecular frame M, defined by the eigenframes of the interaction tensors, which is
fixed with respect to the molecule containing the paramagnetic spin center. Using
Ω LM to represent the relative orientation of M with respect to L, the interaction
tensors in Eq. (1.5) and Eq. (1.7) are written in the lab frame using
g(Ω LM ) = R(Ω LM )g M R−1 (Ω LM )
A(Ω LM ) = R(Ω LM )AM R−1 (Ω LM ),

(1.10)

where R(Ω LM ) is a rotation matrix from frame L to frame M. Possible representations of these rotation matrices and transformations between them are discussed
in detail in Sec. 4.7.
In general, not all interaction tensor eigenframes are coincident, in which case
additional rotations would be required to represent each of them in the common
frame M. Here we define M to be the eigenframe of g and assume that A is also

10
λ=6

λ=0

λ=1

Orientational
Distribution

β = 0°

β = 30°

β = 60°

β = 90°

Figure 1.4: EPR spectra simulated for different static orientational probability distributions
(top) and their mean orientations (left, Euler angle β; Ω LM = (0, β, 0)). The left-most orientational distribution is a single orientation. The other distributions are probability densities Peq (Ω LM ) = exp(−V (Ω LM )/(kB T )), with the (dimensionless) potential energy function
2
V (Ω LM ) = −kB T λ200 D00
(Ω LM ); from left to right, λ200 = 6, 1, and 0 (uniform distribution).
Since Peq (Ω LM ) has cylindrical and inversion symmetry with respect to an axis through its
maxima, the plots of Peq (Ω LM ) only show its values of for one hemisphere.

diagonal in this frame, which is approximately true for

14

N nitroxides. Using

the transformations defined in Eq. (1.10), the full spin Hamiltonian is written (in
frequency units) in the lab frame using
Ĥ(Ω LM ) =

µB
Ŝg(Ω LM )B + ŜA(Ω LM )Î.
~

(1.11)

The orientation-dependence of an EPR spectrum of a nitroxide radical is illustrated on the left-hand side of Fig. 1.4.
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Not only is EPR sensitive to individual orientations, but distributions of orientations as well. Samples for EPR experiments usually contain at least 1013
spins to provide a sufficient signal-to-noise ratio in the measured spectrum. All
spins in the sample contribute to the signal, each of which will have different
environmental properties that can vary in both time and space. The resulting
spectral “lineshape” reflects a distribution of spin systems. This can be modeled by simulating EPR spectra for orientations chosen from points on a grid
with appropriate weighting according to the distribution. For example, a finely
ground powder sample is completely disordered and the orientational distribution
can be approximated as uniform, whereas the orientational distribution for a liquid crystal sample would be partially ordered according to its director axis. The
dependence of EPR spectra on orientational distributions is shown in Fig. 1.4.

1.3
1.3.1

Spin dynamics and relaxation
Spin state kinetics

An ensemble of spin-1/2 electrons constitutes a two-level system. The relative
population of the states α and β is governed by the Boltzmann factor


Nα
∆E
= exp −
,
Nβ
kB T

(1.12)

where Nα(β) are the occupancy numbers of the state α (β). Let N = Nβ + Nα be
the total number of spins in the system and ∆N = Nβ − Nα be the excess in the
ground state β We assume that the spin system is coupled to some large reservoir
with temperature T such that, if the spin system has a temperature higher than
that of the environment, the coupling allows excess energy to flow into the reservoir
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and induce spin transitions in the spin system. The rate equation is then[178]
d∆N
= −2Nβ W↑ + 2Nα W↓
dt


W↓ − W↑
= N
− ∆N (W↓ + W↑ ) .
W↓ + W↑

(1.13)

where W↑(↓) is the probability for upward (downward) transitions. For steady
state conditions, d∆N/dt = 0 and we have
∆N ss = Nβss − Nαss
W↓ − W↑
.
=N
W↓ + W↑

(1.14)

The superscript ss denotes the steady-state value, and the rate equation becomes
d∆N
= (∆N ss − ∆N ) (W↓ + W↑ )
dt
∆N ss − ∆N
=
.
T1

(1.15)

where we have defined T1 = 1/(W↓ + W↑ ). The latter quantity is the rate at
which the spin system approaches equilibrium by exchanging energy with the
environment, which is referred to as spin relaxation. Its physical significance is
given more context in the next section in terms of the macroscopic magnetization
and what is measured in experiment.

1.3.2

Classical treatment

An electron magnetic moment placed in a uniform magnetic field will experience a torque
τ = µe × B.

(1.16)

Using the the definition of the magnetic moment (Eq. (1.2)) and the fact that
torque is the time derivative of angular momentum τ = ~dS/dt, the equation of
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motion can be written as
dµe
= µe × γe B.
dt

(1.17)

This equation should not be taken literally for an individual electron; electron spin
is a purely quantum mechanical property that is not associated with any physical
rotations. Instead, the relevant quantity is the magnetization for a macroscopic
sample (a large ensemble of spins), or the total magnetic moment per unit volume
P
M = i µi /V . Thus the macroscopic equations of motion for an ensemble of
spins is
dM
= M × γe B,
dt

(1.18)

which are known as the Bloch equations. Although they are phenomenological
in nature, the Bloch equations are very useful in describing the principles behind
magnetic resonance measurements.
Free precession The simplest behavior characterized by the Bloch equations
is realized when the magnetic field is constant, B = (0, 0, B0 )T . Then Eq. (1.18)
reduces to

dMx
= My γe B0
dt
dMy
(1.19)
= −Mx γe B0
dt
dMz
= 0.
dt
Traditionally in the magnetic resonance community, the sum of Mx and My is
referred to as the transverse magnetization, whereas Mz is the longitudinal magnetization, owing to their orientations with respect to the applied magnetic field
B = (0, 0, B0 )T . Without loss of generality, and for further simplicity in the solutions, we also assume that the projection of M (0) in the xy plane is parallel to the
x-axis (Mx = M⊥ , My = 0), and that the z-component is nonzero (Mz (0) = Mk ).
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Then the solutions are
Mx (t) = M⊥ cos(ω0 t)
My (t) = M⊥ sin(ω0 t)

(1.20)

Mz (t) = Mk
where ω0 = −γe B0 is the precession frequency, also known as the Larmor frequency, and the oscillatory behavior in the xy plane is called Larmor precession.
In the absence of any energy-damping processes, this is the behavior of the bulk
magnetization in a sample.
Relaxation and detection In a real sample there are energy exchange and
decoherence processes that cause the magnetization to decay toward an equilibrium value M = (0, 0, Mz,eq )T . The characteristic time scales assigned to these
different spin relaxation processes are traditionally named T2 and T1 , respectively.
These quantities are also named transverse and longitudinal relaxation times, as
they are associated with decay of the xy- and z-components of the magnetization.
Adding these mechanisms to Eq. (1.19), we then have
dMx
Mx
= −ω0 My −
dt
T2
My
dMy
= ω0 Mx −
dt
T2
dMz
Mz − Mz,eq
=−
dt
T1

(1.21)

These equations of motion represent free precession in the presence of relaxation.
However, an EPR signal cannot be detected unless transitions between spin states
are induced to drive the system away from equilibrium. This requires application
of a time-varying magnetic field B 1 (t) that is perpendicular to B, where
B1,x (t) = B1 cos(ωmw t)
B1,y (t) = B1 sin(ωmw t)
B1,z (t) = 0.

(1.22)
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At this point, adding the effects of B 1 (t) to Eq. (1.21) would include its timedependence, significantly complicating the solutions. Additionally, in practice
Eq. (1.21) rarely represents what is detected by experiment because ω0  2π/T2
and sampling the signal becomes difficult for such high frequencies (ω0 /(2π) ≈ 28
GHz at B0 = 1 T). Instead, we transform to a frame rotating about the z-axis
at an angular frequency ωmw with the same sense as B 1 , where (1) the added
time-dependence of B 1 is eliminated and (2) the value of ωmw is chosen to be
close to ω0 so as to “counteract” the Larmor precession of M about the z-axis.
The equations of motion in this rotating frame, including the effect of Eq. (1.22),
are[178]
dMx0
M0
= −∆ωMy0 − x
dt
T2
dMy0
My0
= ∆ωMx0 + γe B1 Mz −
dt
T2
dMz
Mz − Mz,eq
= −γe B1 My0 −
dt
T1

(1.23)

where Mx0 and My0 represent the magnetization components along the rotating
frame axes (Mz is unaffected by the transformation), which now depend on the
frequency difference ∆ω = ω0 − ωmw .
Continuous wave EPR The most common EPR detection method for studying liquids and proteins near room temperature is the continuous wave (CW)
experiment. In this setup, the external magnetic field B0 is varied slowly while
the microwave power absorption is measured, with the microwave frequency ωmw
fixed. The speed of the magnetic field sweep is chosen to be slow enough so as to
maintain thermal equilibrium in the spin populations throughout the spectrum.
As a result, the solutions to Eq. (1.23) can be found by assuming steady-state

16
conditions (dM 0 /dt = 0)[178]:
∆ωT22
1 + ∆ω 2 T22 + γe2 B12 T1 T2
T2
My0 = +Mz,eq γe B1
2
2
1 + ∆ω T2 + γe2 B12 T1 T2
1 + ∆ω 2 T22
Mz = +Mz,eq
1 + ∆ω 2 T22 + γe2 B12 T1 T2

Mx0 = −Mz,eq γe B1

(1.24)

In the low microwave power limit, characterized by the third term in the denominator being small (γe2 B12 T1 T2  1), Mx0 and My0 become linear with respect to B1 ,
yielding
∆ωT22
∆ω
= −Mz,eq γe B1 −2
2
2
1 + ∆ω T2
T2 + ∆ω 2
T2
T2−1
My0 = +Mz,eq γe B1
=
+M
γ
B
.
z,eq e 1 −2
1 + ∆ω 2 T22
T2 + ∆ω 2

Mx0 = −Mz,eq γe B1

(1.25)

The solutions Mx0 and My0 in Eq. (1.25) are dispersion and absorption curves,
respectively for the steady-state EPR signal, which are in-phase and 90◦ -out-ofphase with respect to the applied microwave field B1 . These “lineshapes” and
their derivatives are illustrated in Fig. 1.5. Since a phase-sensitive detector (lockin amplifier) is most often used for CW experiments, the lineshape derivative is
measured in the lab (this is discussed further in Sec. 1.4.1).

absorption

absorption

dispersion

dispersion

Figure 1.5: The absorption and dispersion lineshapes (left) and their derivatives (right).

17
Pulsed EPR It is also possible to detect EPR signals in the time domain. In
this case, the transient signals characterized by solutions to Eq. (1.23),

Mx0 (t) = M⊥ cos (ω0 − ω)t e−t/T2

My0 (t) = M⊥ sin (ω0 − ω)t e−t/T2

(1.26)

Mz (t) = Mz,eq + (Mk − Mz,eq )e−t/T1 ,
are detected and Fourier-transformed to obtain the corresponding absorption and
dispersion lineshapes. The transient x- and y-components in Eq. (1.26) are most
often detected in quadrature, where instead the complex magnetization quantity
M+0 (t) = Mx0 (t) + iMy0 (t)

(1.27)

are measured with two different microwave reference signals that are shifted 90◦
with respect to each other. The complex transient signal in Eq. (1.27) is referred
to as the free induction decay (FID). This signal can be detected in pulsed EPR
experiments where short, high-powered pulses of microwave radiation rotate the
magnetization vector M of a sample into the xy plane (more on this in Sec.
1.4.2). The corresponding absorption and dispersion spectra can be obtained by
performing a Fourier transformation on the FID in Eq. (1.27) and taking the real
and imaginary parts, respectively.
Room-temperature EPR spectra of nitroxides are calculated in Ch. 4 by simulating the time-domain FID using explicit models for relaxation. However, measuring the full EPR absorption spectrum for nitroxides by measuring the FID
is not currently possible with existing hardware due to bandwidth limitations of
microwave sources and resonators. Instead, CW experiments are performed in the
laboratory. More detail on this issue is given in Sec. 1.4.1 and 1.4.2.
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1.3.3

Quantum treatment

The classical treatment of ensemble spin dynamics in Sec. 1.3.2 is only valid
for spin-1/2 electron systems in isolation. Furthermore, its inclusion of relaxation
effects is entirely phenomenological; the physical mechanisms for relaxation do not
appear anywhere. For general spin systems with S > 1/2 and multiple, interacting
spins, the dynamics need to be treated using quantum mechanics.
An ensemble of quantum states |ψk (t)i can be represented using the density
operator
ρ̂(t) =

X

pk |ψk (t)ihψk (t)|,

(1.28)

k

where each pk is between zero and one, and

P

k

pk = 1. Each pk can be interpreted

as the probability of observing the system in the state |ψk i. The equation of
motion for the density operator is the Liouville-von Neumann equation
h
i
∂t ρ̂(t) = −i Ĥ, ρ̂(t) ,

(1.29)

where the brackets denote a commutator and ∂t is the time derivative operator.
To solve Eq. (1.29) in the time domain, one can perform the integration
ρ̂(t) = Û (t, 0)ρ̂(0)Û † (t, 0),

(1.30)

where Û (t, 0) is the time evolution operator, or propagator, which obeys the
Schrödinger equation
∂t Û (t, 0) = −iĤ Û (t, 0).

(1.31)

Together, Eq. (1.30) and Eq. (1.31) describe the dynamics of an ensemble of quantum spin states. If the Hamiltonian is time-independent, then Eq. (1.31) can be
solved using exponentiation
Û (t, 0) = exp(−itĤ).

(1.32)
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However, if the Hamiltonian is time-dependent and includes stochastic processes,
e.g. due to molecular motion, then Eq. (1.31) must be solved numerically by other
means. To solve it in the time domain, Eq. (1.31) can be integrated for small time
steps (where the time-variation of the Hamiltonian is negligible), yielding
ρ̂(t) = Û (t, tn−1 ) · · · Û (t1 , 0)ρ̂(0)Û † (t1 , 0) · · · Û † (t, tn−1 ).

(1.33)

The more prominent method of accommodating stochastic time-dependence, in
the case of rotational motion, is to modify the Liouville-von Neumann equation by
defining a density matrix that depends on both the spin states and the stochastic
spatial variables Ω. We then have the stochastic Liouville equation (SLE) [85, 49]
ˆ
ˆ
∂t ρ̂(Ω, t) = −iĤ(t)ρ̂(Ω, t) − Γ̂Ω ρ̂(Ω, t),

(1.34)

ˆ
ˆ
where Ĥ ρ̂ ≡ [Ĥ, ρ̂], i.e. the superoperator Hamiltonian, and Γ̂Ω is a superoperator
characterizing some Markov process obeying
ˆ
∂t P (Ω, t) = −Γ̂Ω P (Ω, t),

(1.35)

with the probability distribution P (Ω, t). Solutions of Eq. (1.34) are used in this
work to simulate EPR spectra for different rates of rotational diffusion in Fig. 1.6,
as well as in Ch. 3 to fit models to the experimentally acquired CW EPR spectra.
The brute-force solution Eq. (1.33) is employed in Ch. 4, within the context of
molecular dynamics simulations of spin-labeled proteins, since it can, in general,
easily accommodate a wider variety of models than the SLE.
To connect the quantum spin dynamics with that of a macroscopic observable,
the expectation value of the relevant quantum mechanical operator is calculated.
For example, the FID represented in Eq. (1.27) (complex magnetization) can be
calculated using

D
E

M+0 (t) = Ŝx0 ρ̂0 (t) = tr Ŝx0 ρ̂0 (t)

(1.36)
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where again the prime denotes representation in the rotating frame. The absorption and dispersion spectra are then obtained by performing a Fourier transformation and taking the real and imaginary parts. More detail on how this
is accomplished, including usage of the rotating frame (interaction frame in the
latter case) in the quantum mechanical context, is given in Ch. 4.

1.3.4

Spin relaxation mechanisms

As mentioned in Sec. 1.3.2, spin relaxation can be categorized based on contributions to two different relaxation times T1 and T2 (longitudinal and transverse relaxation). By virtue of the Fourier uncertainty relation between time- and
frequency-domains, longitudinal and transverse relaxation cause spectral broadening in EPR lineshapes. Here we restrict the discussion to spin relaxation mechanisms that are relevant for nitroxide spin labels in liquid or protein environments
at room temperature.
Longitudinal relaxation involves net changes in spin states (spin flips that
occur within the spin system and change spin level occupancy), resulting in energy
exchange between the spin system and the environment. This type of relaxation
is sometimes referred to as spin-lattice relaxation because, in solids, interactions
between a spin system and the lattice phonons contribute to longitudinal spin
relaxation. Transverse relaxation also involves interactions with the environment,
but only for processes that conserve energy, such as spin flip-flops (no net change
in spin level occupancy in the spin system). As a result, transverse relaxation
is sometimes referred to as spin-spin relaxation. Since both spin flips and flipflops affect spin coherence, longitudinal relaxation also contributes to the effective
transverse relaxation seen in experiment, leading to the definition
1
1
1
= 0+
,
T2
T2 2T1

(1.37)

where 1/T20 is defined as the intrinsic transverse relaxation rate in the absence of
T1 processes.
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The two principal mechanisms for spin-spin interactions are Heisenberg
exchange and dipolar interactions. Heisenberg exchange involves collisions of
molecules and requires orbital overlap, whereas dipolar interactions act through
space. Both contribute to longitudinal and transverse relaxation. The former is
dominant in liquids where molecular diffusion is significant enough to produce
frequent collisions[6]. The spectral broadening effects due to Heisenberg exchange
can be caused by collisions between nitroxide spin labels or with other paramagnetic molecules, such as dissolved oxygen or transition metals. An example
of using the latter effect as an experimental tool is given in Ch. 2, where the
concentration of oxygen or a transition metal (nickel EDDA) is controlled and
used to induce spin relaxation. By comparing the observed spectral broadening
for spin labels attached at different locations of a membrane protein, the position
of the protein relative to the the lipid bilayer and solvent can be determined.
Molecular rotational dynamics also significantly contributes to longitudinal
and transverse relaxation. In liquids, the total magnetic field experienced by each
spin fluctuates in time due to thermal motion of nearby molecules and the spin
labels themselves. Approximate expressions for 1/T1 and 1/T20 relaxation rates
are[147]
 gµ 2 

1
τC
B
2
2
=
Bx + By
T1
~
1 + ω02 τC2


1
gµB 2 2
=
Bz τC
T20
~

(1.38)

where the Bi2 denotes the mean square field fluctuation in the ith direction and
it has been assumed that fluctuations in each direction are uncorrelated. The
expressions in Eq. (1.38) are only valid for δωτC  1, which is known as the
Redfield limit, where δω is the spectral anisotropy (maximum difference between
resonance line positions as the molecular orientation is varied; δω ≈ 100 MHz at
X-band) and τC is the longest correlation time of the system. Although this limit
is only applicable to nitroxide spin labels in low-viscosity solutions (not attached
to proteins) near room temperature, the expressions provide some intuition and
allow one to examine their dependence on correlation times in a spin system. For
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τC > 1/δω ≈ 0.8 ns, which is applicable for spin labels attached to proteins, 1/T20
is dominant compared to 1/T1 and determines the linewidth in EPR spectra. It
is for this reason that only broadening due to T2 is simulated in Ch. 1.

1.3.5

Rotational Motion

Orientational
Distribution

= 0.1 ns

R

R

R

R

= 1 ns

= 10 ns

= 100 ns

Figure 1.6: EPR spectra simulated using isotropic rotational diffusion with different rotational
correlation times τR (left) and different orientational potential energy functions V (Ω LM ), whose
equilibrium orientational probability distributions Peq (Ω LM ) are plotted at the top (top). The
form of Peq (Ω LM ) is the same as in Fig. 1.4; from left to right, λ200 = 0 (no restriction), 1, and
2.

It was illustrated in 1.2.3 that the spin Hamiltonian depends on the relative
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orientation of the spin label M with respect to the lab frame L. If this orientation
is time-dependent due to rotational motion, the the spin Hamiltonian becomes
time-dependent. For nitroxide spin labels attached to proteins near room temperature, rotational motion is the primary determinant of the EPR spectral lineshape.
Then, since the motional dependence of a full nitroxide spin label Hamiltonian
cannot be treated analytically, it is illustrated by numerically simulating EPR
spectra.
Rotational diffusion is characterized by a rotational diffusion tensor D, which
has units of rad2 s−1 and can be anisotropic depending on the environment of
the spin label. For simplicity, here we consider the case of isotropic rotational
diffusion where the D can be written as a scalar D. The relevant correlation time
of the spin system evolution is then τC ∼ τR = (6D)−1 , where τR is the rotational
correlation time, which can be interpreted as the average time that it takes for
the molecule to rotate by 1 rad. With this quantity, the spectral lineshape effects
due to spin label motion can be categorized into three different regimes based
on the value of τR relative to the spectral anisotropy: fast motion (δωτR  1),
intermediate motion (δωτR ∼ 1), and slow motion (δωτR  1). In the extreme
limit of fast motion, called the isotropic limit, spin label motion is so fast such
that all spectral anisotropy is averaged out and the only contributions from the
interaction tensors are the isotropic parts, yielding a symmetrically-spaced threeline spectrum. In the opposite extreme limit of slow motion, called the rigid limit,
the spin label motion is so slow that there is no averaging of spectral anisotropy,
where each spin label orientation in the sample is virtually fixed on the EPR
timescale and the spectrum is a sum over all orientations. Between these limits,
the spectral lineshape has a complex dependence on spectral anisotropy averaging
and it is best to illustrate this dependence using numerical simulation of solutions
to Eq. (1.34) in Fig. 1.6.
Not only is EPR sensitive to the rate of rotational motion, but it can also discern anisotropy of the rotational motion due to anisotropic rotational diffusion (a
fully anisotropic rotational diffusion tensor D) and rotational restriction. Broadly,
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the spectral effect of the former is characterized by differing amounts of spectral
anisotropy averaging with respect to the different principal axes of the molecular
frame M and will not be discussed here. The latter can be characterized by torques
acting on the spin label due to interactions with the surrounding environment, e.g.
steric hinderance from nearby side-chains on a protein, or orientational ordering
in a liquid crystal. An effective mean-field orientational potential energy function
V (Ω) can then be defined and an equilibrium probability distribution Peq (Ω) of
orientations can be defined using the Boltzmann relation[48]


V (Ω)
Peq (Ω) = exp −
kB T

(1.39)

where kB is the Boltzmann constant. Similar to how a potential energy function acting on an electric dipole can be defined using an expansion over spherical
harmonics, a natural way of representing the orientational potential energy funcl
tion V (Ω) is to use an expansion over the Wigner D-functions Dmk
, which are a

generalization of spherical harmonics from two angles to three[17]
V (Ω) =

X

l
λlmk Dmk
(Ω)

(1.40)

l,m,k

where λlmk are the expansion coefficients. See Sec. 4.7 for more information on
the Wigner D-functions.
To visualize the effects of V (Ω) acting on the rotational motion of a spin label,
l
EPR spectra are plotted in Fig. 1.6 with V (Ω) = λ200 Dmk
for different values of

λ200 , which is equivalent to the second-order Legendre polynomial as a function of
the Euler angle β.

1.4

Experimental setup

Here the components of an EPR spectrometer are described. The components
that are common to all experiments are discussed first, followed by discussion of
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Figure 1.7: Schematic of an EPR spectrometer.

the unique components that are used either by CW or pulsed experiments.
A simplified EPR experimental setup is shown in Fig. 1.7. The sample, typically a liquid solution or powder inside a quartz capillary, is placed inside a cavity
resonator. A large, slowly varying magnetic field B0 is applied using a pair of
water-cooled electromagnets. The resonator is coupled to both a Gunn diode microwave source and a detector using planar waveguides (for CW) or coaxial cables
(for pulsed). For planar waveguides, use of a circulator ensures that the incoming
applied microwave signal only goes toward the sample and any reflected microwave
signal only goes toward the detector. A reference arm carries a microwave reference signal, which is identical to the signal applied to the sample, directly to the
detector for controlling the relative phase of the measured (reflected) signal with
respect to the input signal.
A resonator is not inherently required for EPR experiments, but most samples
do not produce a strong enough signal above the level of background noise in its
absence. The dimensions and geometry of the resonator are chosen based on the
employed microwave frequency ωmw (X-band, ωmw /(2π) ≈ 9.4 − 9.8 GHz, is used
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for all works here) and the EPR measurement technique.

1.4.1

Continuous wave EPR

For CW EPR, while the microwave power absorption is measured, the frequency of the applied microwave signal ωmw is held constant, whereas the magnetic field B0 is swept linearly over the range of the EPR spectrum. The frequency is held constant here because the typical maximum bandwidth of the
spectrum (≈ 200 MHz for nitroxide spin labels) is too large of a range for existing
variable-frequency microwave sources to maintain constant power output. Additionally, the resonator has its own limiting bandwidth based on its quality factor
Q (∆f = ωmw /(2πQ) ≈ 10-100 MHz).
To reject background absorption signals that are not due to resonance, magnetic field modulation and a lock-in detection scheme are employed. The linearly
varying magnetic field B0 is modulated by adding a small, sinusoidally varying
magnetic field Bm = A sin(ωm t) using coils surrounding the resonator. The lock-in
amplifier multiplies the reflected microwave signal with the reference signal and
the result is integrated, effectively acting as a narrow band-pass filter centered at
the modulation frequency. It is for this reason that the absorption derivative is
measured in CW EPR experiments. The modulation frequency is chosen large
enough (ωm /(2π) = 100 kHz) to minimize 1/f noise.

1.4.2

Pulsed EPR

Pulsed experiments involve detecting EPR signals in the time domain. Instead of constantly irradiating a sample with microwaves of a single frequency,
a pulse-forming unit creates high-powered microwave pulses that are applied to
the sample. Since a magnetic field rotates the magnetization of the sample, microwave pulses are used to rotate the magnetization depending on the direction
of polarization and the pulse duration, thereby generating and manipulating spin
coherences. For example, for a spin-1/2 electron system, if the magnetization
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vector is initially parallel to the z-axis in the lab frame, a pulse with polarization in the +y-direction and duration of tp will rotate the magnetization by an
angle θ = µB gB1 tp /~ about the y-axis. After the pulse is turned off, the decay
of the xy magnetization is detected by measuring the corresponding changes in
magnetic induction in the sample. The simplest pulsed EPR experiment consists
of applying a 90◦ -pulse to rotate the magnetization into the xy plane, and then
measuring the the FID, while keeping the magnetic field B0 constant and on resonance. The absorption and dispersion spectra can be obtained by performing a
Fourier transformation on the complex magnetization M+ = Mx + iMy .
Unfortunately, the largest achievable bandwidth for microwave pulses with
relatively uniform excitation frequency profiles (typically ∼ 10 MHz) is currently
not large enough to excite the entire EPR spectrum for a nitroxide spin label.
Additionally, as mentioned in Sec. 1.4.1, the resonator bandwidth provides an
additional limitation on the effective bandwidth of pulses. However, there are
many other pulsed EPR experiments that do not involve directly measuring the
absorption and dispersion spectra. For example, the saturation recovery experiment, where a single, long (width ∼ 1 µs) microwave pulse is used to saturate the
central resonance line, can be used to directly measure T1 relaxation of a sample.
This technique is employed in Ch. 2.

Chapter 2
Calcium storage in cardiac
muscle cells: the role of PLB and
SERCA
Biomechanical forces in human muscle tissue are generated by interactions
between motor proteins called actin and myosin, which compose thin and thick
filaments within filament bundles (myofilaments) inside muscle cells. The biochemical states of actin and myosin that dictate these interactions crucially depend on free Ca2+ concentration inside muscle cells (cytosol). Furthermore, cytosolic free Ca2+ concentration is nearly 104 times smaller than extracellular free
Ca2+ concentration[3], so only small fluxes of Ca2+ ions are required to control
muscle contraction and relaxation. Transport and storage of Ca2+ ions within
muscle cells is thus very crucial to biomechanical force generation.

2.1

Cardiac Excitation-Contraction Coupling

The process of initiating heart muscle contraction via electrical excitation
of the myocyte is known as cardiac excitation-contraction (EC) coupling[16].
The electrical excitation is provided by an action potential that depolarizes
28
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Figure 2.1: Depiction of calcium transport in cardiac myocytes during contraction (red arrows)
and relaxation (green arrow). Adapted from Bers 2000[16].

Ca2+ channels in the sarcolemma (see Fig. 2.1), causing an influx of Ca2+ ions
into the cytosol. Some of these Ca2+ ions bind to the ryanodine receptor (RyR),
which is a Ca2+ channel in the sarcoplasmic reticulum (SR) membrane, causing
a further release of Ca2+ into the cytosol from within the SR. The SR is an
intracellular membrane that stores Ca2+ and surrounds myofibrils (bundles of
myofilaments). As a result, the free Ca2+ concentration inside the cell increases,
allowing Ca2+ to bind to proteins on the myofilament to produce force generation.
For muscle relaxation, the free Ca2+ concentration must decrease, and this is
accomplished several ways: the SR Ca2+ -ATPase (SERCA), the sarocolemmal
Na+ /Ca2+ exchange, the sarcolemmal Ca2+ -ATPase, and the mitochondrial
Ca2+ uniport. The focus of this chapter is on SERCA’s role within entire process,
as well as its functional regular phospholamban (PLB).
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2.2

SERCA and its functional regulator PLB

N domain
A domain
P domain

cytoplasm

TM domain

SR lumen

Figure 2.2: Structure of SERCA determined by X-ray crystallography[168] (PDB ID:1IWO) and
modeled using VMD[66].

During relaxation within cardiac muscle, SERCA is responsible for most of
the Ca2+ removal from the cytosol (e.g. in rabbit ventricular myocytes, ≈ 70% of
Ca2+ removal is performed by SERCA[16]). SERCA is an active Ca2+ pump that
belongs to the P-type family of ATPases, which are designated by their ability to
phosphorylate themselves during their pumping cycle. There are three predominant isoforms of SERCA with varying levels of expression in different types of
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Ca2E1•ATP
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(cytoplasm)
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Ca2E2P
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Figure 2.3: Depiction of SERCA’s enzymatic cycle adapted from Ref. [68].

muscle tissue: SERCA1a (primarily expressed in fast-twitch skeletal muscle[18]),
SERCA2a (cardiac and slow-twictch skeletal muscle[97]), and SERCA3a (nonmuscle tissue[10]). Although SERCA2a would be the primary subject of study
for cardiac muscle tissue in our case, since SERCA1a has ≈ 84% homologous to
SERCA2a, has similar interactions with its functional regulator PLB[127, 167],
and it is significantly easier to purify in large amounts from rabbit skeletal muscle
tissue for experimentation, we instead employ SERCA1a in the study discussed
in this chapter and hereafter refer to it simply as SERCA.
The structure of SERCA (≈ 1000 amino acids) can be categorized into four
primary domains based on function (see Fig. 2.2): (1) the transmembrane (TM)
domain, which serves as a pathway for Ca2+ between the cytosol and SR and contains two Ca2+ -binding sites; (2) the phosphorylation (P) domain; (3) activator
(A) domain, which helps control Ca2+ - and phosphorylation-dependent conformational changes; and (4) nucleotide-binding (N) domain, which contains the
ATP binding site. The catalytic cycle by which SERCA transports 2 Ca2+ ions
against a concentration gradient between the cytosol and SR lumen is characterized by the E1/E2 model[115], with E1 and E2 being high- and low-Ca2+ -affinity
states of SERCA, respectively. Starting with the E2 state, two Ca2+ ions bind to
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loop
domain Ib

domain Ia

cytoplasm

domain II

SR lumen
Figure 2.4: Structure of AFA-PLB determined by both solution- and solid-state NMR[170] (PDB
ID:2KB7) and modeled using VMD[66]. The phosphorylation site at Ser16 is indicated using a
yellow sphere.

sites on the cytosolic side of the TM domain, exchanging for two bound protons,
and SERCA transitions to the E1 state (Ca2 E1). ATP binds to the N domain
(Ca2 E1·ATP) and the cytosolic domains re-arrange so that the bound ATP can be
hydrolyzed to ADP in a reaction involving Mg2+ , while the TM domain re-arranges
to close cytoplasmic access to the two Ca2+ -binding sites. The released phosphate
molecule forms a highly energetic bond with a nearby aspartate residue in the
P domain (Asp351 in SERCA) (Ca2 E1P·ADP). ADP is then released (Ca2 E1P),
and SERCA transitions to the low-Ca2+ -affinity state (Ca2 E2P), where the Ca2+ binding sites become accessible to the SR lumen. Finally, the two Ca2+ ions
release into the SR lumen, exchanging with two protons (E2P), and the phosphate molecule releases from the P domain (E2). This process has been primarily
characterized by X-ray crystallography[115].
To survive under changing environmental conditions, muscle cells need to be
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able to easily modulate Ca2+ transport. This can be accomplished by changing the abundance of transport proteins (e.g. changing expression rates or insertion/removal of pump proteins) or by changing the functional activity of transport
proteins (e.g. post-translational modification or interactions with regulator proteins/small molecules). A well-known example of the latter in cardiac muscle cells
involves PLB and SERCA, where PLB significantly inhibits Ca2+ transport by reducing SERCA’s apparent Ca2+ affinity[27]. PLB is a small (52 residues, Fig. 2.4)
membrane protein that can be characterized by three structural domains: a highly
dynamic cytoplasmic (CP) helix containing a phosphorylation site at Ser16 (domain Ia, residues 1-16), and a flexible loop that connects to a transmembrane
(TM) helix, which consists of relatively flexible (domain Ib, residues 23-30) and
more rigid (domain II, residues 31-52) sections[112]. Hereafter, for simplicity, we
refer to the flexible domain Ia and rigid domain II as the CP and TM domains,
respectively. Wild-type PLB has been shown to exhibit a structural equilibrium
between monomeric and homopentameric states[177], though mutagenesis and Xray crystallography studies suggest that SERCA-bound PLB is monomeric[82, 2].
As a result, many works, including the experimental study in 2, employ a nullcysteine PLB mutant (C36A/C41F/C46A, AFA-PLB) to simplify interpretation
of spectroscopic experiments, which makes PLB monomeric without significantly
affecting its inhibitory potency[103].

P

P
+ P

T

R

T

R

Figure 2.5: Cartoon depiction of PLB’s structural equilibrium between the more rigid T and
dynamic R states. Phosphorylation of PLB at Ser16 shifts the equilibrium toward the R state.
Figure adapted from Ref. [68].
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It has also been shown that monomeric PLB exists in a structural equilibrium
where the CP domain exchanges between relatively rigid (T) and flexible (R)
states (see Fig. 2.5), which have been revealed by both NMR[57] and EPR[83, 75]
spectroscopy. The T state is characterized by restricted nanosecond dynamics and
strong association of the CP domain with the lipid headgroup region of the bilayer,
whereas the R state shows relatively unrestricted sub-nanosecond dynamics of
the CP domain within the cytosol. These two structural states are present in
both SERCA-bound and unbound states of PLB. Furthermore, phosphorylation
of Ser16 by protein kinase A (PKA) has been shown to modulate the relative
populations of the T and R states, shifting the equilibrium toward the R state[112,
77], in addition to reducing its SERCA-inhibitory potential[162, 163].

2.3

Models for SERCA-PLB interactions

Although there is much evidence that PLB inhibits SERCA activity by reducing its Ca2+ affinity and that either increased [Ca2+ ] or phosphorylation of
PLB relieve this inhibition[9, 42], the structural mechanism behind the PLBphosphorylation effect is not well understood. Mutagenesis, cross-linking, and immunoprecipitation experiments[168] while varying [Ca2+ ] have suggested a model
in which (1) PLB binds to SERCA in its low-Ca2+ -affinity E2 state, (2) increased
[Ca2+ ] disrupts SERCA-PLB binding, and (3) a possible binding groove for PLB
in SERCA’s TM domain is occluded in the high-Ca2+ -affinity E1 state. Furthermore, another cross-linking study[29] that varied [Ca2+ ] and PLB-phosphorylation
showed a reduced affinity between PLB and SERCA. Taken together, these experimental results suggest a model in which phosphorylation causes PLB to dissociate
from SERCA, thereby restoring SERCA’s activity (Dissociation Model, , Fig. 2.6,
top). However, it should be noted that these studies employed indirect measurement techniques and used non-native protein environments.
Numerous spectroscopic studies performed on proteins in lipid environments
have supported a different model (Subunit Model, Fig. 2.6, bottom). Steady-state
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Figure 2.6: Cartoon depiction of SERCA-PLB interaction models.
Ref. [104].

Figure adapted from

fluorescence resonance energy transfer (FRET) measurements between fluorescent
probes attached to PLB and SERCA showed that increased [Ca2+ ] did not significantly change inter-protein distances[116], and frequency-domain fluorescence
measurements showed that neither increased [Ca2+ ] nor phosphorylation significantly affected inter-protein distances, suggesting that a structural rearrangement
within the protein complex is responsible for relief of SERCA inhibition[88]. An
NMR study also found that SERCA-binding is not significantly altered by phosphorylation of PLB[171]. More recently, a time-resolved FRET study showed that
both increased [Ca2+ ] and phosphorylation of PLB only partially dissociates PLB
from SERCA[39].
Each of the previous FRET and fluorescence studies on SERCA-PLB interactions attached a probe onto PLB’s CP domain, whose structural states have been
shown to correlate with SERCA inhibition[58]. However, there is also evidence
that PLB’s TM domain alone can reduce SERCA activity[81, 76, 95]. A recent
ST-EPR study did label the TM domain and showed that a significant amount
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of PLB remained bound to SERCA after phosphorylation[69], but ST-EPR is a
steady-state measurement, making it unable to resolve changes in spectral populations due to SERCA-bound and unbound states of PLB. The primary motivation
behind the hybrid CW- and SR-EPR study outlined in the following chapter is
to monitor changes in PLB’s TM domain as a function of SERCA-binding and
PLB-phosphorylation, while also being sensitive to populations.

Chapter 3
Effect of phosphorylation on
interactions between
transmembrane domains of
SERCA and PLB
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3.1

Abstract

We have used site-directed spin labeling and electron paramagnetic resonance
(EPR) to map interactions between the transmembrane (TM) domains of the sarcoplasmic reticulum (SR) Ca2+ -ATPase (SERCA) and phospholamban (PLB) as
affected by PLB phosphorylation. In the cardiac sarcoplasmic reticulum, PLB
binding to SERCA results in Ca-dependent enzyme inhibition, which is reversed
by PLB phosphorylation at Ser16. Previous spectroscopic studies on SERCA-PLB
have largely focused on the cytoplasmic (CP) domain of PLB, showing that phosphorylation induces a structural shift in this domain relative to SERCA. However,
SERCA inhibition is due entirely to TM domain interactions. Therefore, we focus
here on PLB’s TM domain, attaching Cys-reactive spin labels at five different
positions. In each case, continuous wave EPR indicated moderate spin label mobility, with addition of SERCA revealing two populations∗ , one indistinguishable
from PLB alone and another with more restricted rotational mobility, presumably due to SERCA-binding. Phosphorylation had no effect on the rotational
mobility of either component, but decreased significantly the mole fraction of the
restricted component. Solvent accessibility experiments using power saturation
EPR and saturation recovery EPR confirmed that these two spectral components were SERCA-bound and unbound PLB, and showed that phosphorylation
increased the overall lipid accessibility of the TM domain by increasing the fraction of unbound PLB. However, based on these results, at physiological levels of
SERCA and PLB, most SERCA would have bound PLB even after phosphorylation. No structural shift in the TM domain of SERCA-bound PLB was detected,
as there were no significant changes in membrane insertion depth or its accessibility. Therefore, we conclude that under physiological conditions, phosphorylation
of PLB induces little or no change in the interaction of the TM domain with
SERCA, so relief of inhibition is predominantly due to the previously observed
∗

Throughout this chapter, α and β denote spectral components corresponding to two dis-

tinct spin populations in the relevant measured EPR spectra, not the quantum spin states
corresponding to mS = ±1/2 as in the rest of this thesis.
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structural shift in the CP domain.

3.2

Introduction

The sarcoplasmic reticulum Ca2+ -ATPase (SERCA, Fig. 3.1, gray) is responsible for initiating muscle relaxation by pumping Ca2+ from the cytoplasm into
the sarcoplasmic reticulum lumen. In cardiac muscle, SERCA is regulated by
phospholamban (PLB, Fig. 3.1, red), a 52-residue protein comprised of a highly
dynamic N-terminal cytosolic helix, followed by a short loop and a C-terminal
transmembrane helix[112, 170, 75]. Upon binding, PLB inhibits SERCA pump
activity by decreasing its apparent Ca2+ affinity, while high (mM) Ca2+ concentrations restore full activity[75, 116, 77, 171, 69]. In addition, phosphorylation
of PLB at Ser16 by protein kinase A (PKA) partially restores apparent Ca2+
affinity, while also linking SERCA regulation to β-adrenergic stimulation. The
mechanistic basis for this effect is not yet clear.
Previous spectroscopic studies have shown that Ser16 phosphorylation[77] and
phospho-mimetic mutations (S16E, S16D)[56] promote an order-to-disorder transition in the cytoplasmic (CP) domain of PLB. Mutagenesis studies have demonstrated that structural dynamics of the CP domain can be directly correlated
with inhibitory potency[58], though it is unknown how these dynamics changes
translate to the restoration of SERCA activity. Thus it is clear that the CP domain is essential for SERCA regulation, but there is considerable evidence that
the TM domain alone is responsible for inhibition of SERCA; experiments where
truncated, TM fragments of PLB were co-expressed with SERCA in HEK-293
cells[81] and synthesized and co-reconstituted with SERCA[76, 95] showed that
the apparent Ca2+ affinity of SERCA was reduced.
Due to its sensitivity to both dynamics and orientation, electron paramagnetic resonance (EPR) spectroscopy is well suited for probing structural changes
within biological membranes. When combined with site-directed spin labeling
(SDSL)[65], the experimenter can systematically investigate selected domains of
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MTSSL

MSL
Cytoplasm

Ser16

Lumen
Figure 3.1: An illustration of the monomeric mutant of PLB (red) bound to SERCA (gray) in
a lipid bilayer adapted from x-ray crystallography[2] (PDB ID: 4Y3U) and hybrid NMR[170]
(PDB: 2KB7) structures. Spin label locations across the transmembrane domain of PLB are
marked with green beads, from top to bottom, as follows: Q29, F32, L39, L43, and M50.
Cysteines were labeled with either MSL or MTSSL (top right). This image was rendered using
VMD[66].

proteins within membranes by introducing nitroxide spin labels. In particular,
measurement of T1 and T2 spin label relaxation times in the presence of paramagnetic relaxation agents (PRAs)[125] reveals important properties, such as the
surrounding environment and membrane insertion depth of labeling sites. Both
power saturation EPR (PS EPR)[125, 6, 101, 160, 7, 92, 126, 5, 47] and saturation
recovery EPR (SR EPR)[135, 119, 144, 80] have been used extensively to characterize the solvent accessibility of specific sites in both cytosolic and membrane
proteins.
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A major question in the SERCA-PLB field is whether phosphorylation relieves
SERCA inhibition by causing dissociation of PLB from SERCA, or by perturbing the structural dynamics of the SERCA-PLB complex[77, 118, 168, 29, 55].
Most FRET and EPR studies of PLB to date have labeled the CP domain and
focused on phosphorylation-induced changes in the CP domain[116, 77, 83, 39].
EPR showed clearly that the cytoplasmic domain of PLB is partially unfolded
by phosphorylation[77].

FRET from PLB to SERCA showed that increased

[Ca2+ ][116, 39] and phosphorylation[39] induce structural changes in the CP domain, and only the latter partially dissociates PLB from SERCA, though the
CP domain was labeled in both of these studies[39]. A recent saturation transfer EPR (ST-EPR) study with a spin label on PLB’s TM domain showed that
there is a significant amount of SERCA-bound PLB following phosphorylation,
but the ST-EPR technique does not resolve populations, so it could not discern the
fraction that remained bound[69]. Additionally, an NMR study[171] did monitor
the binding between PLB’s TM domain and SERCA as a function of phosphorylation, though those measurements were performed in DPC micelles, not lipid
membranes.
Therefore, in the present study, we use more flexible spin labels attached to
PLB’s TM domain, using EPR techniques that can resolve the SERCA-bound
and -free components and assess the movement of the TM domain relative to
SERCA and the membrane. We used continuous wave EPR (CW EPR) to measure
changes in side chain mobility, resolving the populations of SERCA-bound and
-free PLB. Additionally, we used PS EPR and time-resolved SR EPR to measure
accessibility to lipid and aqueous paramagnetic relaxation agents (PRA), thus
determining whether PLB’s TM domain moves vertically or horizontally upon
phosphorylation. The PRAs used in this study were oxygen (zero-grade air) and
NiEDDA, which provide accessibility profiles inside the lipid bilayer and in the
surrounding solvent, respectively[125].
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3.3
3.3.1

Materials and Methods
Protein purification and spin labeling

All PLB constructs were based on a triple mutant background (C36A, C41F,
C46A) that renders PLB Cys-free and monomeric[82]. A plasmid encoding rabbit
PLB as a TEV-cleavable fusion to maltose-binding protein (MBP) was mutated
by QuikChange mutagenesis (Stratagene) to introduce Cys residues at sites within
TM domain. Single-Cys constructs were then transformed into BL21(DE3) cells
(Lucigen) for protein expression[39, 21]. MBP-PLB fusion proteins were purified
from cell lysates by amylose resin chromatography (New England Biolabs), dialyzed extensively against H2O, and digested with S219V-TEV[172] to release PLB
as a precipitate. Crude PLB was then collected by centrifugation and dissolved in
10% (w/v) SDS, 50 mM DTT for further purification by HPLC and subsequent
lyophilization as done previously[39, 57].
For labeling, either 4-maleimido-2,2,6,6-tetramethyl-1-piperidinyloxy (MSL,
Sigma

Aldrich)

or

1-oxyl-2,2,5,5-tetramethyl-3-pyrroline-3-methylmethane-

thiosulfonate (MTSSL, Toronto Research Chemicals) (Fig. 3.1, top right) were
reacted with each single-Cys variant. Labeling locations were chosen on the
side of the PLB TM domain opposite the residues that interact with SERCA
(Fig. 3.1), so as to not perturb binding behavior or SERCA inhibition. Previous
spectroscopic studies have shown that PLB, when labeled with EPR[75, 69, 83] or
FRET[116, 39] probes, still retains wild-type functional behavior, as assessed by
inhibition of SERCA ATPase activity. Lyophilized PLB powders were dissolved
to 100 mM in 50 mM HEPES, 1% (w/v) SDS, pH 7.5, to which 1 mM MSL or
2 mM MTSSL was added from a 50 mM stock in dimethylformamide or 20 mM
acetonitrile, respectively. The sample was mixed overnight at room temperature
before HPLC purification.

Spin-labeled, purified, lyophilized proteins were

dissolved to 2 mg/mL in PLB Storage Buffer (20 mM MOPS, 1% (w/v) C12E8,
pH 7.0), and labeling efficiency was determined by electrospray ionization mass
spectrometry and spin counting. For all EPR samples used in this work, spin
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counting results showed that 90 % of MTSSL- and MSL-PLB were labeled,
and the protein concentrations were between 200 and 500 M. When applicable,
prior to spin labeling, lyophilized PLB was phosphorylated using protein kinase
A (PKA) catalytic subunit C in 2 mL of 20 mM MOPS, 5 mM DTT, 10 mM
MgCl2, 5 mM ATP, pH 7.0, and incubating overnight at 30 C.
SERCA was purified by reactive red chromatography as described
previously[32], omitting reducing agents, and concentrated to

6 mg/mL

using an Amicon ultrafiltration cell.

3.3.2

Sample preparation and EPR spectroscopy

For all EPR experiments, spin-labeled PLB or its phosphorylated form were
reconstituted into 4:1 (mol/mol) DOPC/DOPE lipid bilayers in the absence (referred to as PLB and pPLB, respectively) and presence of SERCA (PLB+SERCA
and pPLB+SERCA). Since 700:1 lipids/SERCA (mol/mol) has been shown to
minimize effects due to oligomers[69], we used 700:1:0.5 lipids/SERCA/PLB for
SERCA+PLB samples and 700:0.5 lipids/PLB for PLB-only samples. DOPC
and DOPE (Avanti Polar Lipids), dissolved in organic solvent, were added to a
glass culture tube, dried using N2 gas, and desiccated overnight. Vesicles were
formed by vortexing with buffer (100 mM MOPS, 500 mM KCl, 5 mM MgCl2,
pH 7.0) and subsequently solubilized using C12E8 (Sigma Aldrich). Detergentsolubilized PLB and SERCA were then added and the solution was mixed for 30
minutes using a mechanical rotator. Reconstitution of the proteins was performed
by removing the detergent using Bio-Beads SM-2 (Bio-Rad) at a 4:1 (w/w) ratio
relative to C12E8 over a period of 3 hours, adding 1/3 of the total Bio-Beads
every hour. The resulting vesicles were collected by centrifugation for 1 hour at
200,000g (g here being the acceleration due to gravity, not the electron g-tensor)
and 4 ◦ C, then loaded into 0.6 mm inner-diameter quartz capillaries for CW EPR
measurements or gas-permeable TPX capillaries (L&M EPR Supplies) for EPR
accessibility experiments. For relevant samples, 200 mM NiEDDA was added prior
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to the addition of proteins. NiEDDA was synthesized as previously reported[125].
All CW EPR experiments were performed using a Bruker EleXsys E500 spectrometer equipped with an ER4123D resonator (Bruker) and a gas flow temperature controller to maintain sample temperatures at 298±0.2 K. PS EPR data were
acquired following 15-minute equilibration under 100% N2 gas (NiEDDA and control) or 100% zero-grade air (O2 ), with the appropriate atmosphere maintained
throughout the experiment. SR EPR experiments were performed at the National
Biomedical EPR Center at the Medical College of Wisconsin using a X-band spectrometer, a loop-gap resonator, and N2 /air gas flow control gauges to differentially
vary the amount of O2 [79]. SR EPR decay curves for PLB and pPLB samples
(single exponential decays) were measured under 100% N2 gas, 30% air, and 50%
air. SR EPR decay curves for PLB+SERCA and pPLB+SERCA samples (double exponential decays) were measured under the same conditions, but with two
additional conditions (15% and 40% air) for accurate fitting. A 140 mW, 300-ns
pump pulse was used to saturate the spectrum at the mI = 0 peak, followed by
acquiring 2048 data points of each decay curve at a rate of 50 MHz (under N2 ),
100 MHz (15% and 30% air), or 1 GHz (40% and 50% air) using a CW observe
power of 31.5 µW. Resonator artifacts and background signals were subtracted
by acquiring decay curves both on- and off-resonance using a field step of -33 G
at a rate of 40 kHz. Samples were loaded into TPX capillaries and equilibrated
with the appropriate gas content as in the CW EPR experiments.

3.3.3

Analysis of CW EPR data

Nanosecond rotational dynamics was determined from CW EPR spectra. PLB
samples labeled with MSL were analyzed using the outer splitting 2T||0 of the
spectrum, which decreases with submicrosecond rotational motion, defined as the
difference between the magnetic field locations of the mI = 1 maximum and the
mI = −1 minimum. MTSSL-labeled samples with and without SERCA were
analyzed by spectral simulation and fitting performed using EasySpin[158] to
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quantitate the bound and free spectral components. Both PLB+SERCA and
pPLB+SERCA spectra were best fit globally in a least-squares sense using a
weighted sum of the corresponding empirically measured PLB-only spectrum
(component α), with a small amount of Lorentzian broadening added by convolution (0.5 G) to account for the presence of SERCA, and a simulated restricted
component (component β). EPR spectra acquired for PLB-only and pPLB-only
showed no detectable differences. The mole fraction xα was allowed to vary between PLB+SERCA and pPLB+SERCA spectral fits. For the β component, values for the electron g-tensor elements were fixed as g = (2.0078, 2.0055, 2.0023),
while the starting values for the hyperfine tensor elements were Apar = 6 and
Aprp = 36 G and were allowed to vary. All other parameters were held constant
between the spectra, as varying the other parameters did not improve the fits.

3.3.4

Analysis of PS EPR data

Analysis of PS EPR data was performed as done previously[6], where the
amplitude A of the central resonance line (mI = 0) was plotted as a function of
microwave power P and fitted to the equation
A=

cP 1/2

1 + (21/ − 1)P/P1/2

(3.1)

where P1/2 ∝ (T1 T2 )−1 is the power at which the amplitude is reduced by half of
its value in the absence of saturation; T1 and T2 are the longitudinal and transverse relaxation times, respectively; c is a constant depending on properties of the
resonator; and  can vary between 1/2 and 3/2, depending on the amount of inhomogeneous and homogeneous linewidth broadening, respectively. To characterize
the accessibility to a particular PRA, the change in P1/2 was normalized by the
peak-to-peak linewidth, ∆Hpp , to account for differences in spin label mobility
(different labeling sites present different local spin label environments, e.g. steric
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hindrance, protein secondary structure, etc.):

ΠPRA = P1/2,PRA − P1/2,N2 /∆Hpp

(3.2)

The position of a spin label relative to the lipid bilayer (membrane insertion
depth) was characterized by comparing its accessibility to polar and nonpolar
PRAs as[6, 47]
Φ = ln (ΠO2 /ΠNiEDDA )

3.3.5

(3.3)

Analysis of SR EPR data

Analysis of SR EPR data was performed as done previously[20]. When using
SR EPR to monitor equilibrium conformational exchange between two states α
and β, the relevant physical timescales are the average exchange rate k = (kαβ +
kβα )/2 and the effective electron relaxation rates of the individual states,
W1α = W1α,0 + Wexα,PRA

(3.4)

W1β = W1β,0 + Wexβ,PRA
where W1α(β) = 2T1α(β),0

−1

is the longitudinal relaxation rate of state α (β) in

the absence of a PRA, and Wexα(β) is the PRA interaction exchange rate for state
α (β). For interactions between PLB and SERCA, the exchange rate of PLB is
estimated[139] to be k ≈ 1 Hz, placing the system in the slow exchange limit,
where k  |W1α − W1ββ |. In this regime, the SR EPR signal reduces to the
form[20]
I(t) = Aα e−W1α t + Aβ e−W1β t

(3.5)

Here, Aα and Aβ are the SR EPR signal amplitudes of the α and β states, respectively, and in general depend on the electron relaxation rates, signal component
intensities, and other quantities. The full expressions can be found elsewhere[20].
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To accurately determine the individual relaxation rates W1α and W1β , we differentially varied their values by adding O2 (air)[20, 79], yielding
W1α = W1α,0 + jα,O2 (%air)

(3.6)

W1β = W1β,0 + jβ,O2 (%air)
where jα,O2 is the accessibility constant of state α with respect to air due to Heisenberg exchange. As a starting point, each set of SR EPR data was independently
fitted to Eq. (3.5), treating Aα and Aβ as independent constants, to determine the
dependence of the relaxation rates on air content and show that there were two
resolved spin populations, one of which only appeared in the presence of SERCA
(Fig. 3.5a, inset, and Fig. 3.6). Once it was established that there were two spin
populations with different accessibility constants jα,O2 and jβ,O2 , the independent
fitting results were then used as starting values for global fitting of all SR EPR
data to Eqs. (4) (5), using the full expressions[20] of the amplitudes Aα and Aβ .
For the global fitting step, the mole fractions for the states xα and xβ = 1 − xα
were fixed using the values obtained from CW EPR fitting, as done previously
[45].

3.4

Results

To investigate the behavior of PLB’s TM domain relative to SERCA and
the effects of phosphorylation, we performed CW EPR spectroscopy. A recent
EPR study[7] that labeled PLB’s TM domain in the presence of SERCA employed 2,2,6,6-tetramethylpiperidine-1-oxyl-4-amino-4-carboxylic acid (TOAC), a
non-natural amino acid spin label rigidly coupled to the protein backbone. This
allowed for determination of changes in the effective rotational motion of the TM
domain’s backbone via ST-EPR after SERCA-binding, but ST-EPR does not provide resolution of different (e.g., unbound and bound) rotational mobilities, and
CW EPR was unable to resolve the SERCA-bound and unbound populations due
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to the very slow motion of TOAC on the microsecond time scale. Here, we use
the more flexible spin labels MSL and MTSSL, whose mobilities are more representative of side chain dynamics on time scales of ≈ 1-10 ns. The goal was to
resolve the SERCA-bound and unbound populations due to changes in (1) side
chain dynamics via CW EPR and (2) accessible surface area to the lipids via PS
EPR and SR EPR.

a

PLB
PLB+SERCA
pPLB+SERCA

MSL-Q29

b
MSL-F32

c
MSL-M50

Figure 3.2: (a) CW EPR spectra of MSL-Q29 (left) and outer splitting 2T||0 and rotational
correlation time τR for each spectrum (right) acquired from PLB alone (black), PLB+SERCA
(red), and pPLB+SERCA (blue). Each spectrum is normalized by its double integral value. (b)
and (c) Same as (a), but for MSL-F32 and MSL-M50, respectively. Adding SERCA decreases
rotational mobility of MSL on PLB’s TM domain, and phosphorylation partially reverses this
effect.
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a

PLB
PLB+SERCA
pPLB+SERCA

MTSSL-L43

,
,

b

PLB+SERCA
Total fit
fit (scaled PLB)
fit (simulated)

= 0.42 ± 0.08

c

= 2.6 ± 0.2
= 11.3 ± 0.7
pPLB+SERCA
Total fit
fit
fit

= 0.65 ± 0.07

Figure 3.3: (a) CW EPR spectra of MTSSL-L43 acquired from PLB (black), PLB+SERCA
(red), and pPLB+SERCA (blue). Each spectrum is normalized by its double integral value.
The PLB+SERCA and pPLB+SERCA spectra are resolved into two spectral components, designated α and β, which are labeled and highlighted in green and purple, respectively. (b) Global
least-squares fitting of MTSSL-L43 PLB+SERCA (red). A scaled version of the PLB-only spectrum (with a 0.5 G Lorentzian broadening) was used in place of α (green), whereas component
β was simulated, and the total fit (gray) is a weighted sum of α and β. The mole fraction xα
obtained from fitting is also displayed. (c) Same as (b), but for pPLB+SERCA (blue). Spectral simulations and fitting were performed using EasySpin[158] and a custom script written in
MATLAB (The MathWorks, Inc.).

The rotational motion of MSL, relative to the peptide backbone, is more restricted than that of MTSSL due to its larger functional group (Fig. 3.1, right),
making it useful for measuring changes in side chain mobility on slower timescales
corresponding to rotational correlation times[54] (τR ) of ∼ 10 ns. For MSLlabeled sites, EPR spectra (Fig. 3.2, left) of PLB+SERCA (red) showed increased
broadening relative to PLB alone (black), while pPLB+SERCA (blue), showed a
level of broadening between PLB and PLB+SERCA. To quantitatively measure
changes in these spectra, the outer splitting 2T||0 was determined for each condition
(Fig. 3.2, right). As with spectral broadening, 2T||0 was larger for PLB+SERCA
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relative to PLB alone, whereas pPLB+SERCA reported a 2T||0 somewhat less than
PLB+SERCA for all labeling sites.
Increases in broadening and 2T||0 can indicate greater motional restriction of
the spin label. For a model of isotropic motion of a single spin population, 2T||0
can be used to estimate the rotational correlation time τR for the spin label[52]
(Fig. 3.2, right). Since protein-protein interactions probably reduce the mobility
of PLB’s side chains after SERCA-binding, this could explain the observed spectral changes in the presence of SERCA. With regard to phosphorylation, neither
the broadening nor 2T||0 returned to the same values as PLB alone. One possibility
is that the mobility of MTSSL in the SERCA-bound state of PLB increases after
phosphorylation, while the mole fractions corresponding to each state remain constant. Another conclusion would be that there is a shift in equilibrium toward the
unbound state of PLB, which would cause a shift in the apparent splitting shown
in the spectrum. Presumably, the PLB+SERCA and pPLB+SERCA samples
each contain both SERCA-bound and unbound populations of PLB and pPLB,
respectively. However, for each spin labeling location, these samples yielded what
appear to be single-component EPR spectra that are similar to those of PLB-only
samples, and thus MSL is unable to fully resolve the multiple states of PLB in
the presence of SERCA. There may indeed be two spin populations present in the
spectra for PLB+SERCA and pPLB+SERCA whose mole fractions shift, which
could cause changes in apparent splitting, but if they do exist, they are not clearly
resolvable. To gain more insight into whether these effects were due to a change in
the properties of the bound state itself or a change in equilibrium mole fractions
of multiple spin populations, we also performed CW EPR using a more mobile
spin label.
Adding SERCA yields two EPR spectral components for MTSSL, and
phosphorylation shifts their relative populations. We also acquired CW
EPR spectra using MTSSL (Fig. 3.3a). MTSSL has significant mobility relative
to the host protein backbone (τR ≈ 1-10 ns) due to its disulfide linker (Fig. 3.1,
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upper right), making it sensitive to changes in side chain mobility and the surrounding environment. The PLB-only spectrum (black) at L43 showed a single
spectral component with relatively fast motion (τR ≈ 2 ns), indicating high sidechain mobility for the unbound state of PLB. For PLB+SERCA (red), there are
two spectral components, one that appears to be identical to that of PLB (mobile
component, α), and another with larger outer splitting (restricted component,
β). Upon phosphorylation, pPLB+SERCA also shows these two spectral components, but the equilibrium mole fraction of α is increased with respect to β. Additionally, EPR spectra of PLB-only and pPLB showed no detectable differences
(not shown), indicating that the presence of SERCA is required to observe these
spectral changes. We interpret the presence of β as the restriction of MTSSL’s
dynamics by interactions with one of SERCA’s TM helices in the bound state.
Similar results were obtained from MTSSL-L39 (Fig. 3.8).
To investigate whether the α component observed in PLB+SERCA and
pPLB+SERCA represented the same state as the PLB-only spectra, we
performed spectral decomposition through spectral simulation and fitting
using EasySpin, which can simulate CW EPR spectra in the slow-motion
regime[158, 159].

For the α component, we used the empirically measured

PLB-only spectrum with some amount of Lorentzian broadening, whereas the
β component was simulated.

The results for MTSSL-L43 (Fig. 3.3b and c,

fit parameters in Table S1) show that this model agrees very well with the
observed EPR spectra, indicating that the α component in PLB+SERCA and
pPLB+SERCA are probably caused by the presence of unbound PLB, whose
mole fraction shifted from xα = 0.42 ± 0.08 to 0.65 ± 0.05 after phosphorylation.
Similar results were obtained from MTSSL-L39, where the mole fraction shift
was xα = 0.48 ± 0.04 to 0.84 ± 0.06 (Fig. 3.8, fit parameters in Table S1).
The existence of the α and β components in CW EPR spectra indicates
the presence of multiple spin populations that are experiencing significantly different environments. Regarding the spectra acquired from PLB+SERCA and
pPLB+SERCA, the components α and β reveal different amounts of motional
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restriction. This behavior could be caused by different spin label states (often
referred to as rotameric states) or different protein states. In addition to spectral
decomposition, the problem of distinguishing between these two cases for EPR
spectra of spin-labeled proteins can be addressed using SR EPR[144, 80, 20],
which was also performed in this study and will be discussed later.

a

b

c

Figure 3.4: (a) Oxygen accessibility ΠO2 versus residue number of PLB-only (black),
PLB+SERCA (red), and pPLB+SERCA (blue). (b) NiEDDA accessibility ΠNiEDDA versus
residue number. (c) Depth parameter Φ versus residue number. For a point of reference, the
dashed line indicates the Φ value measured from the spin-labeled fatty acid 5-DSA, which has
been shown to associate near the charged phospholipid headgroups. Each value is given as the
mean and standard error from multiple experiments, including error propagation through the
expression for Φ.
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SERCA-binding and phosphorylation affect PLB lipid accessibility, but
not membrane insertion depth. A more systematic investigation of the TM
domain’s proximity to the lipid membrane environment was performed by measuring spin label accessibility. Using PS EPR, the EPR signal can be progressively
saturated with increasing microwave power P , in the presence and absence of a
PRA (examples of power saturation curves are given in Fig. 3.9). Lipid accessibility of each spin label location for MSL (at residues 29, 32, and 50; CW EPR
spectra given in Fig. 3.2) and MTSSL (at residues 39 and 43; CW EPR spectra
given in Fig. 3.3) was measured using O2 (zero grade air) (Fig. 3.4a, ΠO2 ), and
solvent accessibility was measured using NiEDDA (Fig. 3.4b, ΠNiEDDA ), for PLB,
PLB+SERCA, and pPLB+SERCA. Overall, ΠO2 ) decreased significantly at all
sites for PLB+SERCA relative to PLB, which is consistent with PLB binding to
SERCA, where the surface area at which O2 molecules can collide with spin labels
is greatly reduced. For pPLB+SERCA, ΠO2 increased by a small amount at all
sites, indicating either a structural shift of the TM domain outward relative to
SERCA or an increase in the fraction of unbound PLB. Regarding solvent accessibility, much smaller changes were observed in the values of ΠNiEDDA , though these
changes were mostly consistent with those of ΠO2 .
We also extracted the membrane insertion depth parameter Φ from the accessibility results (Fig. 3.4). For PLB, PLB+SERCA, and pPLB+SERCA, there is a
maximum in ΠO2 at L39, while ΠNiEDDA fluctuates at a minimum value between
L39 and the nearest measured residue L43. This indicates that L39 is probably
located near the center of the lipid bilayer. As one moves away from L39, ΠO2
decreases, whereas ΠNiEDDA increases and reaches maximum values at F32 and
M50, indicating that these residues are located near the surfaces of the outer and
inner leaflets of the membrane. Correspondingly, the depth parameter Φ has a
maximum at L39 and monotonically decreases at other residues, regardless of the
presence of SERCA or phosphorylation (Fig. 3.4c). These observations indicate
that the insertion depth of PLB does not change significantly after binding to
SERCA or phosphorylation.
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For reference, Φ was also measured using the spin-labeled fatty acid 5-DOXYLstearic acid (5-DSA) and its value is indicated using a dashed line (Fig. 3.4c). The
insertion depth of 5-DSA is known to fluctuate just below charged phospholipid
headgroups. The fact that Φ values for Q29, F32, and M50 are less than that
of 5-DSA confirms that these residues are probably located closer to the lipid
headgroups in the inner and outer leaflets.
The fact that the pattern in Φ values across the TM domain was unaffected
by SERCA-binding or phosphorylation, whereas ΠO2 values changed significantly,
led us to conclude that PLB’s accessible surface area to the lipid bilayer was probably changing via shifts in equilibrium mole fractions between SERCA-bound and
unbound states (β and α, respectively). This interpretation is consistent with the
observed changes in CW EPR spectra acquired using MSL (Fig. 3.2) and MTSSL
(Fig. 3.3). However, measuring changes in the oxygen accessibility via PS EPR
experiments alone is insufficient to distinguish between a structural shift within
the SERCA-PLB complex or a change in binding. Therefore, additional, oxygen
accessibility measurements were performed using SR EPR, which can resolve multiple states with different oxygen accessibilities. These results are discussed below
following the membrane insertion depth results.
SR EPR confirms the existence of two spin populations in the presence
of SERCA. To investigate the nature of the states α and β in the CW EPR
spectra, as well as the reason behind the observed changes in lipid accessibility,
SR EPR experiments were performed. Since Since PS EPR is a steady-state
measurement, only the average accessibility of an ensemble can be measured. As
such, it is difficult to determine the accessibility of different spectral components
using this technique. SR EPR is a time-resolved, pulsed version of this experiment
that can independently measure the accessibility of multiple spin populations[135,
144, 80, 20, 79, 161, 180].
SR EPR experiments were performed on PLB, pPLB, PLB+SERCA, and
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pPLB+SERCA
PLB

1 exp
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Figure 3.5: (a) SR EPR data for PLB-only (black), PLB+SERCA (red), and pPLB+SERCA
(blue) acquired under 50% air (1:1 air/N2 ) for MTSSL-L43. The inset shows the electron
relaxation rates W1 as a function of air content, which were extracted from fitting the SR EPR
data to Eq. (3.5) using single (PLB and pPLB) or double (PLB+SERCA and pPLB+SERCA)
exponential decays. The group of faster relaxation rates were assigned to the state α and the
slower relaxation rates to β. Each value is given as the mean and standard error from multiple
experiments, including error due to the fitting process. (b) Residuals of least-squares fits to SR
EPR data under 50% air, indicating that a single exponential works well for PLB and pPLB,
whereas two exponentials are required when SERCA is present.

pPLB+SERCA for MTSSL-L43, which had the highest measured value of oxygen accessibility, with varying air content (Fig. 3.5a shows SR EPR data acquired
using 50% air). Least-squares fitting was performed using Eq. (3.5) to model the
data and obtain the electron relaxation rates (residuals shown in Fig. 3.5b, a table of fit parameters is given in Table S2). For PLB and pPLB, only a single
exponential decay function was required (the first term on the right-hand side of
Eq. (3.5), yielding W1α ), as expected based on the presence of a single component
in each of their CW EPR spectra. However, adequately fitting PLB+SERCA and
pPLB+SERCA recovery curves required the full sum of two exponential decay
functions (yielding both W1α and W1β ), which was expected based on the presence of two components in each of their CW EPR spectra. This indicates the
presence of two spin populations with different electron relaxation rates, W1α and

Increased access to lipids

۽ (O2 accessibility, kHz/% air)

56

Figure 3.6: Oxygen exchange rates (jO2 ) for α (green) and β (purple) obtained from independent
least-squares fits to electron relaxation rates W1 vs. air content using Eq. (3.6). The values of
jO2 ,α are very similar for all conditions, suggesting that they correspond to the same state of
PLB. Additionally, there is no significant change in jO2 ,β following phosphorylation

W1β , undergoing exchange on a timescale that is slow relative to SR EPR, i.e.
kex . 100 KHz. This observation is consistent with a previous study that used
Förster transfer recovery to measure the binding and unbinding rates of SERCAPLB[139].
Plotting the electron spin relaxation rates obtained from each configuration of
PLB as a function of air content was further revealing (Fig. 3.5a, inset). Linear
fits to this data yielded jα,O2 and jβ,O2 (a time-resolved equivalent to ΠO2 from
PS EPR) from the slopes (Fig. 3.6) and the bare electron relaxation rates W1α,0
and W1β,0 from the intercepts, as in 3.6. The results showed that: (1) values
for W1α are nearly identical between PLB and pPLB; (2) the values of W1α , and
hence jα,O2 , for PLB and pPLB are very similar to those of PLB+SERCA and
pPLB+SERCA, and (3) the values of jβ,O2 are very similar between PLB+SERCA
and pPLB+SERCA. From these findings, we determined that the state α is present
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for all conditions, whereas the state β is present only in the presence of SERCA,
in agreement with the results of CW EPR global spectral fitting on the same
samples.

Saturation recovery

0% air

15%

30%

40%

t (μs)

t (μs)

t (μs)

t (μs)

t (μs)

t (μs)

t (μs)

t (μs)

50%

PLB
+SERCA
PLB

t (μs)

pPLB
+SERCA
pPLB

t (μs)

Figure 3.7: Global fitting to SR EPR data for PLB and PLB+SERCA (red and blue, top), and
pPLB and pPLB+SERCA (black and blue, bottom) acquired under various mixtures of air and
N2 for L43. The results are offset for clarity. Residuals of the least-squares global fits are shown
at the top of each graph using the same color schemes, indicating that a model that uses the
mole fractions obtained from CW EPR fits the data well.

As a further test for consistency between the results of CW EPR and SR EPR,
all SR EPR data were globally fitted using 3.6 with the full expressions[20] and
the mole fraction values xα obtained from CW EPR fitting (Fig. 3.7, fit parameters given in Table S3). Here, the values of W1α,0 and jα,O2 were linked across all
SR EPR spectra, the values of W1β,0 and jβ,O2 were linked across PLB+SERCA
and pPLB+SERCA. The starting values for other variables were chosen using the
results from independent fitting (Fig. 3.5). The residuals from global fitting indicate that our interpretation of the CW EPR spectra, namely that only the mole
fractions of the states α and β change following phosphorylation, is in excellent
agreement with all SR EPR data.
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3.5

Discussion

Using site-directed spin labeling and EPR spectroscopy, we have investigated
the effects of SERCA co-reconstitution and phosphorylation on PLB’s TM
domain. By spin-labeling six different locations on the side opposite the SERCAinteracting residues, we systematically measured both O2 (Fig. 3.4, top) and
NiEDDA (Fig. 3.4, middle) accessibility and showed that, for all labeling sites,
adding SERCA significantly reduced lipid accessibility, whereas phosphorylation
partially reversed it toward PLB-only levels. Additionally, no changes in the
membrane insertion depth were detected (Fig. 3.4, bottom). At two of these
labeling locations, L39 and L43, we used the flexible probe MTSSL, whose
CW EPR spectra revealed two spin populations: a mobile component (α) and
a restricted component (β). The α component was present for all conditions,
whereas the β component only existed in the presence of SERCA. To investigate
this behavior further, we then performed time-resolved accessibility measurements
on L43 using SR EPR. The SR EPR data confirmed that PLB showed only one
spin population, whereas PLB+SERCA and pPLB+SERCA both showed two
spin populations, one of which (α) had identical lipid accessibility to that shown
by PLB alone.

3.5.1

Binding of MTSSL-PLB to SERCA is detectable by
CW EPR and SR EPR.

We conclude that α represents unbound PLB and β represents SERCA-bound
PLB based on the following:

(1) CW EPR spectra of PLB+SERCA and

pPLB+SERCA were successfully fit in a global sense using the respective PLBonly spectra in place of component α for MTSSL-L39 (Fig. 3.8) and MTSSL-L43
(Fig. 3.3); (2) the T1 relaxation rates (W1α,0 ) and lipid accessibilities (jex,α ) shown
by SR EPR of PLB-only and pPLB-only were very similar to those shown by the
α components from both PLB+SERCA and pPLB+SERCA data (Fig. 3.6); (3)
W1β,0 and jex,β were very similar between PLB+SERCA and pPLB+SERCA; and
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(4) the SR EPR data can be globally fit using the mole fractions obtained from
the CW EPR spectral fitting results. These results are consistent with previous
FRET studies[39, 89] and an STEPR study[69] performed on the same system.
One alternative explanation regarding the nature of α and β is that they
are caused by different spin label rotamers, not protein states. However, the
observation that both CW EPR and SR EPR show two spin populations suggests
that these two states are undergoing exchange on a timescale that is slow with
respect to both measurements, i.e. kex . 100 KHz, which is too slow for detectable
spin label conformational exchange. Additionally, spectral decomposition using
least-squares fitting was consistent with the α state being present after SERCA coreconstitution. These results are consistent with other studies that have used the
same arguments to rule out the possibility of rotameric states in other systems[144,
20].
Phosphorylation causes some dissociation of the SERCA-PLB complex,
though a significant amount of PLB remains bound. In the presence of
SERCA, CW EPR spectral fitting (Fig. 3.3, Fig. 3.8) showed an increase in xα
of 0.23 ± 0.09 at L43 and 0.36 ± 0.07 at L39 following phosphorylation of PLB.
These results are consistent with the fractional changes in overall O2 accessibility relative to PLB alone (Fig. 3.4) at L43 and L39 (0.24 ± 0.02 and 0.22 ± 0.07,
respectively). Since we have shown that α represents unbound PLB, we conclude
that phosphorylation causes some dissociation of the SERCA-PLB complex and
that there is still a significant amount of bound pPLB. Additionally, no changes in
PLB’s relative position within the membrane, based on insertion depth (Fig. 3.4)
or accessibility of the bound state β (Fig. 3.6), were detected. This suggests that
the previously observed equilibrium shift in PLB’s cytoplasmic domain toward
the R-state[39], induced by phosphorylation, is primarily responsible for changes
in binding and reduction of SERCA inhibition. Alternatively, it is possible that
there exists a non-inhibitory PLB binding site on SERCA and/or a non-inhibitory
conformation of pPLB, though X-ray diffraction studies have only observed one
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binding site on SERCA[2] and we observed negligible changes in the lipid accessibility of the bound state following phosphorylation.
The observed change in SERCA-binding after phosphorylation is consistent
with the main results of a previous time-resolved FRET study with a donor probe
on PLB’s CP domain and an acceptor probe on SERCA’s CP domain[39]. Under similar reconstitution conditions, that study showed that phosphorylation of
PLB completely relieved inhibition of SERCA ATPase activity, but eliminated
only about half of the PLB molecules bound to SERCA, resulting in a dissociation constant of KD ≈ 6.0 ± 0.8 (per 1000 lipids) for SERCA-pPLB interaction. Taking the average between the results for L39 and L43, we found the
unbound fraction of pPLB to be xα = 0.75 ± 0.13, which corresponds to an estimated KD = 3.6 ± 2.9 (Eq. (3.9)) and is in reasonable agreement with the FRET
study. In cardiac sarcoplasmic reticulum, the concentrations of SERCA and pPLB
([SERCA]t and [pPLB]t ) in the membrane are much higher, with a large molar
excess of [pPLB]t /[SERCA]t ≈ 3.5. Under those conditions, the KD from this
study implies that the fraction of SERCA with bound pPLB would be 0.83 ± 0.13,
indicating that the SERCA-bound state of pPLB would be favored strongly under
physiological conditions. Regarding SERCA functional activity in the presence of
PLB, the significant reduction of inhibition due to PLB phosphorylation is wellestablished and it is typically measured under conditions with a significant excess
of PLB[77, 69, 56, 39, 169]. Therefore, we conclude that the dominant mechanism
of phosphorylation-mediated SERCA activity restoration is not due to a change in
PLB binding, but to the previously observed structural change in the CP domain.

3.6

Conclusions

We have investigated the interactions between the TM domains of SERCA and
PLB via site-directed PLB spin labeling and EPR spectroscopy in lipid bilayers.
CW EPR spectra of MTSSL-labeled PLB revealed high rotational mobility. In the
presence of SERCA, two components were observed, one indistinguishable from
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that of PLB-only, and a second component that was substantially more restricted,
corresponding to SERCA-bound PLB. Phosphorylation of PLB at Ser16 caused
no change in the absence of SERCA, but in the presence of SERCA caused a shift
in mole fraction toward the mobile component and a corresponding increase in
lipid accessibility. To confirm that these two spectral components were due to
distinct protein states, SERCA-bound and unbound PLB, saturation recovery SR
EPR was performed under varying concentrations of O2 . We found that there
indeed was a single spin population for PLB-only, and two spin populations with
different lipid accessibilities for PLB+SERCA and pPLB+SERCA, with a mole
fraction shift toward the population with increased lipid accessibility, in excellent
agreement with the mole fraction shifts found using CW EPR. These findings
provide a more complete picture of how phosphorylation of PLB affects interactions between PLB and SERCA, and hence SERCA inhibition: phosphorylation
does decrease the fraction of SERCA containing bound PLB, but the most important effect for SERCA function is a structural shift in PLB’s cytoplasmic domain
relative to SERCA.
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3.7

Supplementary Information

a

α
β

PLB
PLB+SERCA
pPLB+SERCA

MTSSL-L39
τR, α = 2.2±0.1
τR, β = 10.5±0.4

b

PLB+SERCA
Total fit
α fit (scaled PLB)
β fit (simulated)

xα = 0.48±0.04

c

pPLB+SERCA
Total fit
α fit
β fit

xα = 0.84±0.06

Figure 3.8: (a) CW EPR spectra of MTSSL-L39 acquired from PLB (black), PLB+SERCA
(red), and pPLB+SERCA (blue). Each spectrum is normalized by its double integral value.
Each spectrum was resolved into two spectral components that are present in PLB+SERCA
and pPLB+SERCA spectra, designated α and β, are labeled and highlighted in green and
purple, respectively. (b) Global least-squares fitting of MTSSL-L43 PLB+SERCA (red). A
scaled version of the PLB-only spectrum was used in place of α (green), whereas component
β was simulated, and fits to each spectrum (gray) are weighted sums of α and β. The mole
fractions xα obtained from fitting each condition are also displayed. (c) Same as (b), but for
pPLB+SERCA (blue). Spectral simulations and fitting were performed using EasySpin[158]
and a custom script written in MATLAB (The MathWorks, Inc.).
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Figure 3.9: Representative normalized PS EPR curves from a single set of experiments on
MTSSL-L43 (left column) and MSL-M50. The quantity SN = A/(cP 1/2 ) was obtained after
fitting the peak-to-peak amplitude A to Eq. (3.2), and is plotted here to account for differences
in sample preparation and sample placement in the resonator.

5.6 ± 0.3
5.7 ± 0.8

32.3 ± 0.4
33.5 ± 1.2

Apar

11.3 ± 0.7

10.5 ± 0.4

Component β
Aprp
τR (ns)

5.4 ± 0.4

4.3 ± 0.3

LW (G)b

Table 3.1: Parameters determined from global least-squares fitting of MTSSL-L39 and MTSSL-L43 CW EPR spectra in the
presence of SERCA. Except for xα , all parameters were shared between the relevant PLB+SERCA and pPLB+SERCA spectra
during the global fitting process; allowing these parameters to vary between their respective spectra did not significantly improve
fitting results. Each value is given as the mean and standard error from fitting multiple data sets (n = 3).

τR , rotational correlation time determined by fitting the empirical PLB-only spectrum. This value was not used in the
multi-component fitting process and is given here for reference;
b
Lorentzian linewidth broadening by convolution. For α, convolution was applied to the (scaled) empirical PLB-only spectrum to
account for additional interactions with SERCA, and for β, convolution was applied to the simulated β component spectrum.

a

Component α
xα
τR a (ns) LW (G)b
L39-PLB+S 0.48 ± 0.04
2.2 ± 0.1 0.7 ± 0.1
L39-pPLB+S 0.84 ± 0.06
L43-PLB+S 0.42 ± 0.08
2.6 ± 0.2 1.3 ± 0.3
L43-pPLB+S 0.65 ± 0.07

Sample
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PLB pPLB
W1
W1
Aα
0.364
0.366
0.518
±0.004 ±0.016 ±0.193
0.584
−
−
±0.151
0.802
0.798
0.567
±0.006 ±0.004 ±0.087
0.598
−
−
±0.115
1.136
1.116
0.453
±0.010 ±0.006 ±0.036

PLB+SERCA
W1α
Aβ
0.382
0.466
±0.052 ±0.142
0.596
0.428
±0.062 ±0.147
0.870
0.330
±0.040 ±0.058
1.160
0.487
±0.042 ±0.096
1.318
0.529
±0.046 ±0.048
W1β
0.200
±0.059
0.294
±0.064
0.284
±0.031
0.344
±0.020
0.368
±0.118

Aα
0.617
±0.154
0.734
±0.091
0.706
±0.053
0.688
±0.061
0.701
±0.057

pPLB+SERCA
W1α
Aβ
0.410
0.354
±0.032 ±0.115
0.622
0.287
±0.018 ±0.075
0.874
0.215
±0.020 ±0.064
1.062
0.324
±0.024 ±0.047
1.268
0.293
±0.026 ±0.024

W1β
0.238
±0.036
0.268
±0.036
0.312
±0.028
0.310
±0.044
0.444
±0.162

Table 3.2: Parameters determined from independent least-squares fitting of Eq. (3.5) to MTSSL-L43 SR EPR spectra. Electron
relaxation rates W1 , W1α , and W1β are given in units of MHz. The values and errors were obtained using a least-squares fitting
routine in Igor Pro (Wavemetrics, Lake Oswego, OR, USA).
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Component α
xα
W1α,0 b jα,O2 b
PLB
1
pPLB
1
0.353
15.6
PLB+S 0.48 ±0.078 ±1.8
pPLB+S 0.62
Sample

a

Component β
W1β,0 c jβ,O2 c
−
−
−
−
0.193
3.1
±0.054 ±1.1

a

xα mole fraction was fixed using values obtained from least squares fitting of the CW EPR
spectra (Fig. 3.3).
b
Parameters that represent the unbound state of PLB were shared across all samples.
c
Parameters that represent the SERCA-bound state of PLB were shared across samples only
where SERCA was present.
Table 3.3: Parameters determined from global least-squares fitting of MTSSL-L43 SR EPR
spectra using the full expressions for SR EPR decay signals[20]. Bare electron relaxation rates
W1α,0 , and W1β,0 are given in units of MHz, and accessibility constants jα,O2 and jβ,O2 are given
in units of kHz/% air. Each value is given as the mean and estimated standard error obtained
from fitting with multiple, unique sets of starting values that were randomly chosen near the
independent fit parameter results.

3.7.1

Equilibrium binding kinetics of SERCA and pPLB

In this study, for pPLB, the mole fraction xβ = 1 − xα represents the fraction
of bound pPLB
xβ =

[SERCA · pPLB]
[pPLB]T

(3.7)

where [SERCA · pPLB] and [pPLB]T are the concentrations of SERCA-bound
pPLB and total pPLB (per 1000 lipids), respectively. The dissociation constant
is defined as
KD =

[SERCA][pPLB]
[SERCA · pPLB]

(3.8)

This requires knowledge of the concentrations of free protein. However, since
the concentrations of total added protein are known for each sample, we rewrite
the concentrations of free protein as [SERCA] = [SERCA]T − [SERCA · pPLB]
and [pPLB] = [pPLB]T − [SERCA · pPLB]. The dissociation constant can then
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be written in terms these quantities and xβ as


[pPLB]T − xβ [pPLB]T [SERCA]T − xβ [pPLB]T
KD =
xβ [pPLB]T

(3.9)

In the present case, we used 700 lipids/SERCA and 2 SERCA/pPLB, which
gives [SERCA]T = 1/0.7 ≈ 1.43 and [pPLB]T = [SERCA]T /2 ≈ 0.71. Using
Eq. (3.9) and the average xβ = 0.25 ± 0.13, we estimate the binding constant for
pPLB in this study as KD ≈ 3.6 ± 2.9.
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4.1

Abstract

Direct time-domain simulation of continuous-wave (CW) EPR spectra from
molecular dynamics (MD) trajectories has become increasingly popular, especially for proteins labeled with nitroxide spin labels. Due to the time-consuming
nature of simulating adequately long MD trajectories, two approximate methods
have been developed to reduce the MD trajectory length required for modeling
EPR spectra: hindered Brownian diffusion (HBD) and hidden Markov models
(HMMs). Here, we assess the accuracy of these two approximate methods relative
to direct simulations from MD trajectories for three spin-labeled protein systems
(a simple helical peptide, a soluble protein, and a membrane protein) and two
nitroxide spin labels with differing mobilities (R1 and TOAC). We find that the
HMMs generally outperform HBD. R1 dynamics resembles Brownian rotational
diffusion, and HMM reveals multiple dynamic timescales for the transitions between rotameric states that cannot be captured accurately by a HBD model. The
MD trajectories of the TOAC-labeled proteins show that its dynamics closely
resembles slow multi-site exchange between twist-boat and chair ring puckering
states. This motion is modeled well by HMM, but not by HBD. All MD trajectory data processing, stochastic trajectory simulations, and CW EPR spectral
simulations are implemented in EasySpin, a free software package for MATLAB.

4.2

Introduction

Electron paramagnetic resonance (EPR) spectroscopy can reveal local, quantitative information about protein dynamics and structure. By performing sitedirected spin labeling[72, 84], where a paramagnetic spin label is attached to or
incorporated into the backbone of a host protein, one can measure a protein’s
rotational dynamics, conformational changes through distance measurements, accessibility to solvent or lipid bilayers, and much more. However, since the EPR
spectrum reflects the behavior of both the spin label and the host protein, it
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can be complex and difficult to interpret. Accurate modeling of the spin label,
the protein, and their surrounding environment is essential for extracting detailed
structural and dynamic information from the EPR spectrum.
zM
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direct
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method
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Figure 4.1: Flow chart depicting the different time-domain simulation methods and their hierarchy. HBD: hindered Brownian diffusion, HMM: hidden Markov model, FID: free induction
decay, FT: Fourier transformation.

The primary difficulty in simulating CW EPR spectra of spin-labeled proteins
is that the time scales of the spatial molecular dynamics (≈ 0.1 − 10 ns at room
temperature) is comparable to the spectral anisotropy (the maximum change in
resonance line positions as the spin label orientation is varied). In this regime,
both phenomena need to be treated on the same footing. Some early developments in this area focused on perturbational calculations[153, 51] and diffusioncoupled Bloch equations[105, 164] to simulate EPR spectra. However, the dominant method for tackling this problem has been to simulate EPR spectra using
a simple rigid-body hindered Brownian diffusion model, solving the associated
stochastic Liouville equation (SLE) in the frequency domain via an eigenfunction
expansion, and fitting the model parameters to experimental data[145, 40]. Existing programs[23, 158] that perform this task are very fast, and the method has
been of immense value in many structural and dynamic studies. However, the
model is extremely simplistic and is not able to fully capture the multi-state and
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multi-timescale structural dynamics of the spin label and its environment. Additionally, these programs are limited to nitroxides, but several spin labels other
than nitroxide radicals have been increasingly employed (Gd3+ [137], Cu2+ [86],
triarylmethyl[34]). To model spectra with these labels and more complex labelenvironment interactions, more general methods for simulating the spin quantum
dynamics are required. As a result, there has been growing interest in obtaining
EPR spectra directly from molecular dynamics (MD) simulations of spin-labeled
proteins[13, 24, 22, 38, 44, 45, 61, 59, 60, 121, 120, 122, 123, 124, 134, 133, 149,
150, 148, 151, 155, 156, 173, 175, 174].
An alternative to the SLE approach is to simulate EPR spectra in the time domain (see Fig. 4.1). This class of simulation methods uses dynamical orientational
trajectories of the paramagnetic spin system to calculate the time-dependent magnetization after a 90-degree pulse, i.e. the free induction decay (FID), then performs a Fourier transformation and scales the x-axis to obtain the field-swept
CW spectrum. This approach is attractive because it can accommodate motional
models of arbitrary complexity, anywhere between simple rigid-body Brownian
diffusion and all-atom MD trajectories.
The primary aim of this paper is to compare several MD-trajectory-based
methods of EPR spectral simulation (see Fig. 4.1). The most prominent method
has been to directly use the trajectory output to model the motion of the spin
label and calculate the time-dependent FID (direct method, black)[122, 149]. In
principle, one could generate as many MD trajectories as needed until the simulated spectrum converges. However, a typical FID lasts several hundred ns and, at
present, it would be prohibitive to simulate many MD trajectories of this length,
which require time steps on the order of 1 fs to accurately model molecular motion
and interactions. To adequately sample the conformational space of spin-labeled
proteins, it is therefore more efficient to simulate many short MD trajectories (of
length ≈ 10 ns) starting from different conformations. But such short trajectories
cannot be directly used to simulate FIDs. As a result, two approximate spectral simulation methods were developed that reduce the required MD simulation

72
trajectory length by extracting their structural and dynamic information and simulating stochastic trajectories until the spectrum converges: (1) building a single,
effective orientational potential energy function and a local rotational diffusion
tensor to simulate hindered Brownian diffusion (HBD method, red)[155, 13], and
(2) projecting the relevant spin label coordinates onto a hidden Markov state
model to simulate stochastic jump trajectories (HMM method, blue)[150]. Although these methods were successfully applied to separate sets of experimental
data, they have not been directly compared on a common system. Therefore, their
relative merits are unclear. Here, we determine which approximate method most
accurately models the behavior of the (more accurate) direct method and best
agrees with experimental data, including novel MD simulation data employing
proteins containing the spin label 2,2,6,6-tetramethylpiperidine-1-oxyl-4-amino-4carboxylic acid (TOAC)[117, 166, 35, 102, 146].
A secondary aim of this paper is to provide a consolidated, modular approach
to the time-domain EPR spectral simulation problem. There are many relevant
works that use various formalisms and strategies to solve the problem (see Refs.
123, 22 for comprehensive reviews). However, there has not been a comprehensive
software that takes advantage of the best aspects of each approach and allows direct comparisons. Here we present a single, unified framework newly implemented
in EasySpin[158], a freely available software suite in MATLAB.
Since this paper focuses on the effects of MD-based models on CW EPR
spectral lineshapes, spin relaxation mechanisms other than those due to rotational diffusion are not explicitly treated in this paper.

Additional homoge-

neous and inhomogeneous broadening mechanisms that commonly affect CW EPR
spectra[140, 141] are treated phenomenologically using spectral convolution.
The structure of this paper is as follows. We first present the theory of timedomain EPR spectral simulations: the quantum spin dynamics and the spatial dynamics. We describe how the approximate HBD and HMM models are constructed
from the MD trajectories. Then we compare the results of these two methods with
the direct method. We first examine two model systems: a simple helical peptide
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(a 20-residue polyalanine helix) labeled with the spin labels R1[15, 108] ( (1oxyl-2,2,5,5-tetramethyl-3-pyrroline-3-methyl) methanethiosulfonate reacted with
a cysteine side-chain) and TOAC. Then we investigate two more realistic systems:
the globular soluble protein T4 lysozyme labeled with R1, and the membrane protein phospholamban labeled with TOAC. For these systems, we also compare the
simulated spectra with experimental data.

4.3

Theory

In this section, we summarize the quantum spin dynamics and the classical
spatial dynamics models used in this paper to simulate CW EPR spectra. First,
the problem of quantum spin dynamics is formulated in both a general manner
using the irreducible spherical tensor operator (ISTO) formalism and a common,
particular case of nitroxide spin labels. Then the problem of spatial dynamics
is discussed in terms of two general strategies for obtaining orientational trajectories: single-particle, anisotropic hindered Brownian diffusion and all-atom MD
trajectories. Finally, we discuss the three approaches (direct, HBD, HMM) to
modeling spin label dynamics from MD trajectories.

4.3.1

Quantum Spin Dynamics

The frequency-swept CW EPR absorption spectrum I(ω) can be calculated
from

Z
I(ω) ∝ Re

∞

dt e

−iωt


M+ (t) ,

(4.1)

0

where M+ (t) is the complex, time-dependent transverse magnetization in the lab
frame immediately after a 90-degree pulse, i.e. FID. The measured FID signal is
a sum over all spins in the sample, which is calculated using the expectation value
of the electron spin raising operator Ŝ+ as
D 
E
M+ (t) ∝ tr Ŝ+ ρ̂(t) ,

(4.2)
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Figure 4.2: The in-phase part of FID signals in the rotating frame (Mx0 (t)) for an 14 N nitroxide
simulated using Eq. (4.2) from five individual stochastic trajectories with the same starting
orientation (gray) and an ensemble average over 80,000 trajectories (red). Each trajectory was
simulated using isotropic Brownian rotational diffusion with a diffusion constant D = 0.11 rad2
ns−1 (rotational correlation time τR = 1.5 ns) and additional Lorentzian broadening of 0.1 mT
(T2 ≈ 110 ns).

where ρ̂(t) is the density operator of the electron-nuclear spin system, the trace is
taken over all spin states, and the brackets h. . .i indicate an ensemble average. The
result of performing this average over FID signals from trajectories of individual
spins in the rotating frame (a frame rotating at the electron Larmor frequency
ω = −γe B, where γe = −µB g0 /~ is the electron gyromagnetic ratio and g0 =
tr(g)/3 is the isotropic component of the g-tensor) is shown in Fig. 4.2.
The time evolution of the density operator obeys the Liouville-von Neumann
(LvN) equation
h
i
∂t ρ̂(t) = −i Ĥ(t), ρ̂(t) ,

(4.3)
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where Ĥ(t) is the Hamiltonian written in angular-frequency units, the square
brackets represent the commutator ([Â, B̂] ≡ ÂB̂ − B̂ Â), and ∂t indicates ∂/∂t.
To incorporate the effects of stochastic or deterministic rotational dynamics of the
spin label on the quantum spin dynamics in Eq. (4.3), there exist two principal
approaches.
One approach combines the spin dynamics with a simple model of rigid-body
rotational diffusion in an extended version of Eq. (4.3) known as the SLE[85, 49]:
ˆ
ˆ
∂t ρ̂(Ω, t) = −iĤ(t)ρ̂(Ω, t) − Γ̂Ω ρ̂(Ω, t),

(4.4)

ˆ
where Ĥ ρ̂ ≡ [Ĥ, ρ̂] and Ω represents orientations between reference frames. In
this representation, the density operator is a function of both orientational and
ˆ
spin degrees of freedom. The rotational diffusion superoperator Γ̂Ω derives from
the classical rotational diffusion equation
ˆ
∂t P (Ω, t) = −Γ̂Ω P (Ω, t),

(4.5)

with P (Ω, t) being the probability distribution of orientations. The ensemble
average is obtained by solving Eq. (4.4) for all orientations Ω. Solving Eq. (4.4)
in the frequency-domain via an eigenfunction expansion is the most established
method for simulating CW EPR spectra. The study and development of this
method spans several decades[49, 131, 111, 129, 130, 23, 90] and provides a very
reliable reference for newer developments in the field of EPR spectral simulation.
We use this method, as implemented in EasySpin[158], as a standard for comparison. Though the SLE method is very efficient, it formulates the problem
in Liouville space rather than Hilbert space (for a given N -dimensional Hilbert
space, the corresponding Liouville space has N 2 dimensions). Additionally, this
method requires restrictive assumptions about the rotational diffusion model and
orientational potential symmetries, and it is limited to specific spin systems. For
simulations of spin systems that go beyond these assumptions, it is advantageous
to use a method that is more flexible.
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In this work, we solve Eq. (4.3) directly in the time domain by building the
time-dependent Ĥ(t) from orientational trajectories of the spin label. These can be
obtained by external methods (stochastic diffusion, Markovian jumps, molecular
dynamics, etc.). This is accomplished by writing the expression in Eq. (4.2) using
operators in the interaction picture
D 
E
(I)
M+ (t) ∝ tr Ŝ+ ρ̂(I) (t) ,

(4.6)

and integrating Eq. (4.3) by small-step propagation of the density operator
ρ̂(I) (tn+1 ) = Û (I) (tn+1 , tn )ρ̂(I) (tn )Û (I) (tn+1 , tn )† ;


(I)
Û (I) (tn+1 , tn ) = exp −i∆tĤ1 (tn ) ,

(4.7)

where the interaction-picture operators are defined as
Ĥ(t) = Ĥ0 + Ĥ1 (t),
ρ̂(I) (t) = eiĤ0 t ρ̂(t)e−iĤ0 t ,

(4.8)

(I)

Ĥ1 (t) = eiĤ0 t Ĥ1 (t)e−iĤ0 t .
Many previous works propagate the density operator in Liouville space, which
is significantly more time-consuming than in Hilbert space[175, 174, 61, 59, 121,
122, 138]. Since we are explicitly treating spin relaxation only due to rotational
diffusion in this work, the Liouville-space formalism is not necessary here if the
time-dependent Hilbert-space propagator is calculated numerically at each time
step using Eq. (4.7). In principle, other relaxation mechanisms could be included
in the time-domain method, in which case the Liouville-space formalism would be
required or more convenient.
For time-domain methods, the ensemble average in Eq. (4.2) represents an average over initial orientations in the sample as well as over realizations of the
stochastic processes contributing to the Hamiltonian’s time dependence. This is
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accomplished by applying Eq. (4.7) for each simulated trajectory and then averaging over all trajectories and starting orientations. These trajectories represent the
time dependence of each spin system’s orientation (in some molecule-fixed frame
M) relative to the lab frame L, which makes the interaction tensors, and hence the
Hamiltonian, time-dependent and stochastic. The corresponding spectrum is then
calculated using Eq. (4.1). The field-swept CW EPR spectrum is then obtained by
numerical differentiation or pseudomodulation and scaling of the frequency axis.
For the propagation scheme in Eq. (4.7), the size of the time step ∆t and the
total propagation time T = N ∆t are chosen to satisfy several conditions. In order
for the form of Eq. (4.7) to closely approximate a numerical solution to Eq. (4.3),
the value of ∆t should follow the Nyquist criterion by being significantly less than
half the inverse of the frequency bandwidth of the spectrum. For example, for
14

N nitroxides at X-band, which are relatively small spin systems, the width of a

spectrum is ≈ 8 mT, which corresponds to a frequency bandwidth of ∆ν ≈ 230
MHz, so the simulation time step must satisfy ∆t < 1/(2∆ν) ≈ 2.2 ns. For
the total propagation time T , there is a lower bound imposed by the desired
field resolution of the spectrum, e.g. achieving ≈ 0.04 mT, which corresponds
to ≈ 1.1 MHz, requires that T & 1 µs in the time domain, which is quite large
compared to ∆t. For larger spin systems, these requirements would be even more
demanding[59]. Since propagation using Eq. (4.7) is computationally expensive,
diligence is required to minimize computation time. However, in practice, the
averaged FID often decays to zero within machine precision within 200–300 ns at
X-band frequencies (depending on the rotational correlation time τR and T2 , see
Fig. 4.2 for an example), after which explicit propagation is not required.
Until now, the problem has been posed in a general manner and can be applied
to a number of different paramagnetic spin systems. The form of the Hamiltonian
dictates what further approximations, if any, can be made. We first discuss the
general case in which no further assumptions are made about the Hamiltonian.
Then we discuss the very common case of a

14

N nitroxide spin label, for which a

very efficient dedicated spin dynamics propagation scheme can be derived.
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General Spin Hamiltonians
The time-dependent part of the Hamiltonian can be written in terms of ISTOs
T and irreducible spherical spatial tensors (ISTs) F as[110, 90, 174, 122]
Ĥ1 (t) =

XX

=

XX

µ

µ

(l)

F (l)
µ;η (t)T̂ µ;η

l
(l,m)
(l,m)∗
,
(t)T̂µ;η
(−1)l Fµ;η

(4.9)

l,m

where µ is an index representing the interaction, e.g. electron Zeeman, hyperfine,
nuclear Zeeman, etc.; η indicates the reference frame in which the term is written;
l ∈ {1, 2} is the rank of the ISTO; and m ∈ {−l, −l + 1, . . . , l} is the component index. The components of F are scalars, whereas the components of T̂ are
operators represented by matrices.
Though each interaction tensor is diagonal in its principal frame P, calculations
are most often performed in the lab frame L (defined by the directions of the
applied magnetic field and microwave polarization), so a transformation between
reference frames is needed. In general, not all interaction tensors share the same
principal frame, so it is most convenient to transform them to a common, bodyfixed molecular frame M (fixed with respect to the paramagnetic spin system)
l
before rotating into L. The Wigner D-functions Dmk
are used to transform IST

components as follows,
(l,m)∗

Fµ;L

(t) =

X

=

X

 (l,k)∗
l
Ω PL (t) Fµ;P
Dmk

k

k,q

 l
(l,q)∗
l
Dmk
Ω ML (t) Dkq
(Ω PM ) Fµ;P ,

(4.10)
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where Ω AB represents the relative orientation of frame A with respect to B. Including these transformations, the Hamiltonian becomes
Ĥ1 (t) =

X X
µ

 l

l
Dmk
Ω ML (t) Dkq
Ω PM
(4.11)

l,m,k,q

×

(l,q)∗ (l,m)
Fµ;P T̂µ;L .

Notice that the relative orientation Ω ML (t) is time-dependent, but that Ω PM is
time-independent. Collecting all time-independent quantities into
Q̂lkm =

XX
µ

 (l,q)∗ (l,m)
l
Dkq
Ω PM Fµ;P T̂µ;L ,

(4.12)

q

the time-dependent part of the Hamiltonian can be written as
Ĥ1 (t) =

X


l
Dmk
Ω ML (t) Q̂lkm ,

(4.13)

l,m,k

transformed into the interaction picture, and substituted into Eq. (4.7) to propagate the density operator.
Nitroxides
For the case of a nitroxide in a high magnetic field, the formalism can be
substantially simplified. Here, we adapt the method of Sezer, et al. [149], which
assumes a high-field approximation with respect to the electron, but not the nucleus.
A nitroxide radical is modeled as an electron-14 N nucleus spin system. In a
magnetic field B 0 = (0, 0, B0 )T , it has a lab-frame Hamiltonian of the form (in
angular-frequency units)
Ĥ(t) =

µB
B 0 g(t)Ŝ − γN B Î + ŜA(t)Î
~

(4.14)

where Ŝ and Î are the electron and 14 N nuclear spin vector operators, respectively;
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µB is the Bohr magneton; γN is the nuclear gyromagnetic ratio; and g(t) and A(t)
14

are the time-dependent electron g- and

N hyperfine interaction tensors written

in the lab frame, respectively,


g(t) = R Ω ML (t) g M RT Ω ML (t) ,


A(t) = R Ω ML (t) AM RT Ω ML (t) .

(4.15)


Here, R Ω ML (t) denotes the time-dependent rotation matrix mapping frame M
to frame L, and g M and AM represent the tensors rotated from their respective
eigenframes into the common frame M.
The largest part of the Hamiltonian for this system is the isotropic part of the
electron Zeeman interaction, which will be unaffected by the rotational dynamics
of the spin label. It is then natural to use Eq. (4.8) to define Ĥ0 = ω0 Ŝz , where
ω0 = µB B0 g0 /~, and transform into a frame rotating at ω0 . Terms containing Ŝx
and Ŝy do not commute with this transformation, so they will be suppressed by a
factor proportional to ω0−1 . In the high-field limit, these terms will be negligible
in the interaction frame, and the nitroxide Hamiltonian becomes
(I)

Ĥ1 (t) =

µB
B0 ∆gzz (t)Ŝz − γN B0 Iˆz
~ 
+ Ŝz Axz (t)Iˆx + Ayz (t)Iˆy

+ Azz (t)Iˆz ,

(4.16)

where ∆gzz (t) = gzz (t) − g0 and the second z in the hyperfine tensor component
indices refers to the axis of electron spin quantization, which is identical to the
z-axis of the lab frame in the high-field limit. This Hamiltonian is block-diagonal
in the Zeeman product basis
(I)

H1 (t) =

!

Hα (t)

(I)

0

0

Hβ (t)

(I)

.

(4.17)

where each submatrix is 3 × 3, and α (β) denote the mS = 1/2 (−1/2) electron
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spin states.
The typical temperature range at which CW EPR is performed for X-band
frequencies is T  ~ω0 /kB ≈ 0.5 K, so the equilibrium density operator can be
approximated well as


ρ̂eq ∝ exp −~Ĥ/kB T



≈ Ê −

1
~Ĥ,
kB T

(4.18)

with Ê being the identity operator. Since the detection operator is traceless and
we are interested in the overall shape of the spectrum rather than the absolute
intensity, the identity operator and any multiplicative factors are neglected. The
equilibrium density matrix in this case is thus block diagonal due to the form
of the Hamiltonian in Eq. (4.16). The initial density matrix for the FID signal
follows directly after a π/2-pulse, and in the high-field limit contains terms only
in the off-diagonal blocks
ρ̂(0) ≈

!
ρ+ (0)

0
ρ− (0)

,

0

(4.19)

where 0 represents a zero block matrix and ρ± (0) ∝ E I (E I is the identity matrix in the nuclear subspace). Additionally, the propagator in this limit is block
diagonal,
Û (I) (t) =

!

U (I)
α (t)

0

0

U β (t)

(I)

.

(4.20)

Hence, the off-diagonal blocks are decoupled in their time evolution, and since
only diagonal terms contribute to the expectation value in Eq. (4.2), we only need
to keep track of ρ− (t). Propagation is then performed using
(I)

(I)

(I)

†
ρ− (tn+1 ) = U β (tn+1 , tn )ρ− (tn )U (I)
α (tn+1 , tn ) ,

(4.21)
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The subspace propagators

(I)
U β (tn+1 , tn )

and U (I)
α (tn+1 , tn ) are calculated by per(I)

forming matrix exponentiation on the 3 × 3 matrices H β and H (I)
α , respectively, which can be calculated analytically using the group representation of
SO(3)[149, 8]. This process is significantly faster than the matrix exponentiation techniques required for the general case.

4.3.2

Spatial Dynamics

Before the quantum spin dynamics can be simulated, the spatial dynamics of
the spin system needs to be simulated to produce orientational trajectories. In this
section, we will discuss two approaches to simulating the spatial dynamics: singleparticle, stochastic rotational dynamics simulations and all-atom MD simulations.
The former constitutes a very simple model for how a spin label interacts with its
environment and directly yields orientational trajectories. The latter models these
interactions by explicitly simulating the spin label, protein, and their environment,
yielding trajectories of atomic coordinates, from which orientational trajectories
are extracted. These are then used either directly in the spectral simulation or
are used to build approximate stochastic models (HBD, HMM) from which new
and longer orientational trajectories can be sampled.
Stochastic Dynamics
The implementation and notation of stochastic dynamics simulation algorithms varies across previous works[67, 142, 175, 155, 174, 13, 38, 149, 59, 138].
The implementation given here is based on Refs. 149, 38. We simulate stochastic
dynamics using quaternions in their 4-vector form to represent orientations and a
Langevin equation for the angular velocity with an anisotropic rotational diffusion
tensor and orientational potential.
The advantages of the treatment given here are that (1) we employ a series
expansion of the orientational potential energy function using Wigner D-functions
with all three angular momentum indices, and (2) we write the Wigner D-functions
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themselves using a general series expression in terms of quaternions. We use the
zyz active rotation convention.
Anisotropic rotational diffusion of a rigid body is most easily modeled in the
molecular frame M and following its orientation with respect to the lab frame L,
Ω(t), which is best expressed by a quaternion q(t) = (q0 , q1 , q2 , q3 )T . Its equation
of motion is
1
∂t q(t) = W (t)q(t)
2

(4.22)

with the antisymmetric matrix[154]


0

−ωx −ωy −ωz





+ωx
0
+ωz −ωy 

.
W (t) = 
0
+ωx 
+ωy −ωz

+ωz +ωy −ωx
0

(4.23)

where ωx , ωy , and ωz are the components of the instantaneous angular velocity
ω(t) in a body-fixed coordinate system [106, 31].
For stochastic anisotropic rotational diffusion, ω(t) is given by the non-inertial
Euler-Langevin equation:
ω(t) = −

1
D∇φ V (Ω(t)) + ξ(t)
kB T

(4.24)

with the external orientational potential energy function V (Ω(t)), the rotational
diffusion tensor D, and the stochastic angular velocity ξ(t). ∇φ is the orientational
gradient operator[19]
∇φ = (∂φx , ∂φy , ∂φz )T ,

(4.25)

where φx , φy , and φz indicate angles of rotation about the body-fixed x-, y-, and
z-axes. For Brownian motion, the components of the stochastic instantaneous
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angular velocity ξ(t) have zero mean and are delta-correlated in time:
hξi (t)i = 0

(4.26)

hξi (t1 )ξj (t2 )i = 2Di δij δ(t1 − t2 )
Here, i and j indicate the principal axes of the body-fixed diffusion tensor eigenframe, Di are the eigenvalues of D, δij is the Kronecker delta, δ(t1 − t2 ) is the
Dirac delta function, and the angled brackets indicate the expected value.
We solve Eq. (4.22) by using a small-step propagation method, where the
angular velocity components are updated by solving Eq. (4.24) using the EulerMaruyama method[64]. At each time step, it first generates the angular velocity
components ωi using
ωi (tj ) = −

i
kB T

Di Jˆi V (Ω(tj )) + (2Di /∆t)1/2 Ni ,

(4.27)

where Jˆi are components of the body-fixed angular momentum operator[17] and
Ni is a number sampled from the normal distribution with zero mean and unit
variance. The first term on the right-hand side is expressed using the fact that
∇φ V = iĴ V . The second term is chosen so that ξi (t) from Eq. (4.24) obeys the
statistical properties in Eq. (4.26).
With ωi (tj ), the scheme then propagates the body-fixed orientation by a small
time step ∆t using


∆t
q(tj+1 ) = exp W (tj )
2


q(tj ).

(4.28)

The matrix exponential can be calculated analytically as[74]


∆t
exp W (tj )
2






∆t
= cos ω(tj )
E4
2


∆t W (tj )
+ sin ω(tj )
,
2
ω(tj )

(4.29)

where E 4 is the 4 × 4 identity matrix and ω(tj ) = ||ω(tj )|| is the magnitude of
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the angular-velocity vector.
For mathematical convenience, the orientational potential is expanded over
Wigner D-functions Dl , which have simple transformation properties under Jˆi ,
mk

V (Ω(t)) = −kB T

X

l
(Ω(t)).
λlmk Dmk

(4.30)

l,m,k

where λlmk are expansion coefficients, pairs of which are related by λlmk =
∗
l
(Ω) can be directly evaluated from a quaternion
(−1)m−k λl−m−k . Dmk
representing Ω [62]. This and conversion formulas between different rotation
representations are given in the SI.
Together, the two parts Eq. (4.27) and Eq. (4.28) constitute a propagation
scheme for simulating trajectories of anisotropic hindered rotational diffusion of a
single particle. We also use this scheme to generate stochastic trajectories for superimposing global diffusion onto MD-derived orientational trajectories. When using these trajectories to simulate CW EPR spectra to compare with the frequencydomain SLE solver or employ the HBD method, the following procedure was used.
For nitroxides, we convert the quaternions to rotation matrices (see SI for details),
substitute the rotation matrices into Eq. (4.15) to build the time-dependent interaction tensors, and build the time-dependent Hamiltonian using Eq. (4.16). For
the general spin Hamiltonian case, the quaternions are used directly to calculate
the Wigner D-matrices (see SI) and the result is substituted into Eq. (4.13).
Molecular Dynamics
Calculating EPR spectra using stochastic rotational dynamics trajectories,
such as those generated by the algorithm outlined in the previous section, is
fairly straightforward since the orientational quaternions are generated directly
at each time step. Using MD trajectories, on the other hand, requires more
care since the atomic coordinates of the spin-label and protein are the output.
Furthermore, all-atom MD simulations are often performed in coordinate systems
that are not directly relevant to EPR simulations. Here, we will discuss the details
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of MD trajectory processing to extract orientational trajectories of the spin label
molecular frame M.
For nitroxides, we define this frame as having its x-axis vector (xM ) parallel
to the vector defined by the N-O bond, its z-axis vector (z M ) parallel to the

14

N

p-orbital symmetry axis, and its y-axis vector (y M ) perpendicular to both of these
basis vectors (see Fig. 4.3). Letting O, C 1 , and C 2 represent the vectors from the
14

N atom to the adjacent oxygen and carbon atoms, the coordinate system axis

vectors are defined as[38]:
xM =

O
;
||O||

zM =

C2 × O + O × C1
;
||C 2 × O + O × C 1 ||

(4.31)

y M = z M × xM .
The vectors are combined into a rotation matrix R = (xM , y M , z M ). Extracting
the sequence of R(t) from the frames of the MD trajectory yields the orientational
trajectory. Details on this, and how to remove global rotational motion, are
detailed in the SI. In the direct method for MD-based EPR simulations (Fig. 4.1,
black path), the extracted orientational trajectory is directly used with Eq. (4.15)
to build time-dependent tensors and Hamiltonians for the propagation of the spin
density matrix.

4.3.3

MD-based Models

Despite the ever-increasing power of supercomputing facilities, performing allatom MD simulations for larger proteins is very time-consuming. However, it is not
always necessary to rely on the MD simulations to produce the spin label dynamics
for the entirety of the quantum propagation time. Once the equilibrium orientational distribution of the spin label has been adequately sampled, one can terminate the MD simulations and “resample” this information using a stochastic rotational diffusion model[155, 13] (HBD method) or a Markov state model[150, 151]
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Figure 4.3: The spin labels R1 and TOAC and the side chain dihedral angles used for the
hidden Markov models. The molecular coordinate system axes, valid for both labels and defined
in Eq. (4.31), are shown in blue on the lower right.

(HMM method). Other works have addressed the problem of undersampling during MD simulations using techniques such as umbrella-sampling[151] and replicaexchange dynamics[173].
Here we employ a standard MD simulation technique, assure that the trajectories provide adequate sampling of at least a defined conformational subspace, and
focus on two methods that process this information to build stochastic models of
reduced complexity.
Hindered Brownian Diffusion (HBD)
When fitting experimental CW EPR data, the standard method is to use
the SLE approach to fit the parameters of a single-particle Brownian rotational
diffusion model (a possibly anisotropic local diffusion tensor D local and an effective,
mean-field orientational potential V (Ω))) to experimental data[40]. Due to its
demonstrated success in modeling data acquired from spin-labeled proteins, it
is natural to try to apply this technique to time-domain EPR simulations when
using MD trajectory data (Fig. 4.1, red path). Hybrid strategies of using MD
trajectories in this way to inform frequency-domain EPR simulations have been
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employed before[24, 134, 133]. Here, we focus strictly on time-domain methods.
To build a single-particle hindered Brownian diffusion model from an MD
trajectory, an effective orientational potential V (Ω) and an effective rotational
diffusion tensor D local need to be determined.
V (Ω) can be determined from the equilibrium orientational probability distribution Peq (Ω) via

V (Ω) ∝ −kB T ln Peq (Ω) .

(4.32)

A direct analytical model of Peq (Ω) and V (Ω) can be built by fitting a sum of
Gaussians[155] or a Wigner D-function expansion of V (Ω) as in Eq. (4.30)[24].
Otherwise, the numerical histogram itself can be used directly to estimate V (Ω)
via data smoothing and interpolation[13].

The V -dependent torque term in

Eq. (4.24), which involves the orientational gradient of Eq. (4.32), is then calculated either analytically using the fit functions or by numerical differentiation
of the interpolated data, respectively. In this work, we employ the latter method.
To obtain an effective rotational diffusion tensor D local , there are a number of
different techniques in the literature. Previous works used an isotropic[155, 13]
(time-domain simulation) or anisotropic[24] (frequency-domain simulation) diffusion tensor only as a fitting parameter when modeling experimental data and
disregarded the dynamic information contained in the MD trajectories. More recently, methods for extracting D local from MD trajectories have been proposed.
They are based on short-time least-squares fitting of the mean square angular
displacement (MSAD)[30], autocorrelation functions of quaternion rotations[28],
or fitting of quaternion covariance functions over the entire trajectory[93], though
only for unrestricted rotational diffusion. Here we apply the MSAD method outlined in Ref. [30] to estimate the anisotropic rotational diffusion tensor for the
HBD method, though we apply it to the quaternions obtained from the spin label
orientational trajectory, not to those obtained from minimizing the atomic RMSD
between snapshots (see SI for details).
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Hidden Markov Model (HMM)
As an alternative method for modeling the spin label dynamics from MD
trajectories, we use a hidden Markov model (HMM) with multivariate Gaussian
emission probabilities.[150, 152] From the HMM, stochastic jump trajectories are
generated and used for the CW EPR simulation (Fig. 4.1, blue path).
The HMM is built in several steps. First, we extract spin label side-chain
dihedral angles χ from each frame of the MD trajectory, resulting in a trajectory
of χ. For R1, we use the five side-chain dihedral angles, χ = (χ1 , χ2 , χ3 , χ4 , χ5 )
(see Fig. 4.3). If the trajectory does not have enough transitions between the two
sets of conformations with χ3 ≈ ±90◦ , the longest subtrajectory in one χ3 state
is extracted. To describe the side-chain conformation of TOAC, two of its six
dihedral angles are sufficient (see Fig. 4.3). We use the endocyclic torsion angles
χS2 = Cα –CβS –CγS –Nδ and χR2 = Cα –CβR –CγR –Nδ , such that χ = (χS2 , χR2 ). R and
S indicate pro-R and pro-S relative to the prochiral Cα . Similarly to R1, if TOAC
transitions are undersampled, we extract the longest subtrajectory from one of
the sufficiently sampled conformational subspaces.
Next, we categorize the snapshots from the χ trajectory into N clusters based
on their conformational similarity, using k-means clustering. The choice of N is
described below. The Euclidean distance metric between two χ vectors needs to
carefully take into account the circular nature of the angles. The cluster centroids are initialized by choosing random points from the time series using the
k-means++ algorithm[11]. This process is performed at least 10 times using different initializations, and the best result is selected. The cluster analysis assigns
each snapshot to one of the N clusters, resulting in a hidden-state jump trajectory.
Additionally, it yields the centroids µ̃k and covariance matrices Σ̃ k of multivariate Gaussian distributions summarizing the location and spread of each of the N
clusters in conformational space.
In the next step, the χ and state trajectories are downsampled to a desired lag
time τlag of the HMM, usually on the order of 100 ps (more on how τlag is chosen
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later). From the state trajectories, a transition probability matrix P̃ and stationary probability distribution π̃ are calculated while enforcing detailed balance
using the L-BFGS algorithm[25, 12]. Finally, an initial population distribution p̃
is initialized using π̃.
Together, the parameters ({µ̃k }, {Σ̃ k }, p̃, P̃ ) constitute the first guess of the
parameters of the HMM model. They are then refined using the expectation–
maximization algorithm[37, 94, 136], yielding the optimized HMM model parameters ({µk }, {Σ k }, p, P ), where detailed balance is again enforced at every step.
For this model, the most-probable state trajectory associated with the downsampled, MD-derived χ trajectory is calculated using the Viterbi algorithm[136].
Sometimes states are missing from this state trajectory due to low probabilities,
which can be caused by undersampling or using too many states in the HMM
construction. In such cases, in an effort to keep the number of chosen states as
constant as possible, the entries for non-sampled hidden states are removed from
({µk }, {Σ k }, p), and (P , π) are re-calculated.
Finally, representative interaction tensors and spin Hamiltonians for each of
the N states are calculated by averaging over all frames assigned to a given state
k, i.e.
ḡ k =

1
Nk

X

g(t),

(4.33)

t∈{X(t)=k}

where X(t) is the value of the most-probable state trajectory at time t and Nk is
the total number of frames assigned to state k.
To build time-dependent Hamiltonians for the spectral simulation, the HMM
is used to generate as many stochastic state trajectories of sufficient length as
needed (see SI for details).
The choice of N for the HMM is important. For R1-labeled proteins, N = 54
states are used in the cluster analysis to accommodate the expected multiplicity
of energy minima along χ1 (3), χ2 (3), χ4 (3), and χ5 (2) when in either of the
χ3 ≈ ±90◦ states (the latter are designated here as p3 and m3 , respectively). The
transition rate between p3 and m3 states is very slow compared to the length of
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typical MD simulation trajectories[150, 173], making it prone to undersampling.
However, it is also very slow on the X-band EPR time scale. Therefore, the
two χ3 subpopulations can be treated as isolated dynamic ensembles. Here, we
used a p3 state as a starting conformation for the MD trajectories and used the
longest portions of MD trajectories during which R1 remained in p3 states. Results
obtained from m3 are given in the SI. In addition, the V131R1 variant of T4
lysozyme did not show significant differences between spectra simulated for HMM
trajectories based on the p3 /m3 states[151].
For TOAC-labeled proteins, we use N = 4 and N = 2 states for TOAC–
polyalanine and TOAC–phospholamban, respectively, to account for twist-boat
and chair conformations of the six-membered ring that were observed in the MD
trajectories. We indicate the four possible conformers as mm, pm, mp, and pp,
according to the signs of χS2 and χR2 . As with the slow transition rates between p3 /m3 for R1, for TOAC–polyalanine transition rates are slow between the
twist-boat state mm and the other chair (mp and pm) and twist-boat (pp) conformations, so separate CW EPR spectra were simulated using the longest portions
of MD trajectories belonging to each subpopulation.
The second important HMM parameter that must be chosen is the lag time
τlag . The conformational coordinates χ must be sampled from MD trajectories
at a time lag τlag such that the resulting time series is approximately Markovian
(memoryless). However, at the time scale between MD trajectory snapshots, typically around 1 ps, the dynamics is strongly inertial, and the spin label dynamics is
coupled to nearby conformational degrees of freedom. Therefore, τlag values much
larger than that are required. To identify an appropriate value for τlag , the relaxation timescales τi are examined. These are calculated from the left eigenvalues
λi of P
τi = −τlag / ln λi .

(4.34)

Regions of τlag where all τi are approximately independent of τlag indicate that
the associated state trajectories are approximately Markovian. Additionally, τlag
should be chosen to be larger than all τi , to assure proper representation of the
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associated dynamics.

4.4

Results and Discussion

In this section, we compare the results of simulating CW EPR spectra from
MD simulations using the approximate HBD and HMM methods against those of
the direct method and, when applicable, experimental data. We examine four MDsimulated spin-labeled protein systems: a simple helical peptide (R1–polyalanine
and TOAC–polyalanine), a water-soluble protein (R1–T4 lysozyme), and a membrane protein (TOAC–phospholamban). The EPR spectral simulation parameters
corresponding to each model are shown in Table 4.1. The molecular modeling and
rendering for figures was performed using VMD[66].

Table 4.1: List of EPR spectral simulation parameters for each model.

Model
g
A/2π (MHz)
Dglobal (rad2 µs−1 )c
R1–polyalanine
[2.00900 2.00600 2.00200] [16.8 16.8 100.9]
0
TOAC–polyalanine
[2.00900 2.00600 2.00200] [16.8 16.8 100.9]
0
a
R1–T4 lysozyme
[2.00811 2.00586 2.00202] [16.8 11.2 103.7]
18
TOAC–phospholambanb [2.00861 2.00622 2.00205] [16.3 11.2 93.3]
0
a
from Ref. [151]; b determined by nonlinear least-squares fitting to the direct result; c diffusion rate used to
superimpose trajectories of isotropic global rotational diffusion
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In an effort to more efficiently sample the conformational space of R1, some
previous works[149, 150, 148, 151] simulated many short MD trajectories (10 to
100 ns-long each) with different starting conformations of R1. Other works[122,
173, 124, 134, 133] have employed single MD trajectories of varying length when
simulating CW EPR spectra with some success. Here, for each spin-labeled protein, we simulated one long MD trajectory (800 ns to 1 µs) with spin label starting
conformations chosen by energy minimization. This strategy was adopted to test
the efficacy of each spectral simulation method when given a minimal set of MD
trajectory data and provide a valid comparison between the direct method and
the others. Whereas the HBD and HMM methods are capable of utilizing multiple
short MD trajectories with T < 100 ns, the minimum required trajectory length
for the direct method is the decay time of the FID, & 250 ns.
As a result, transitions that are very slow on the X-band CW EPR timescale,
such as those between p3 /m3 for R1 and p2R /m2R for TOAC, are indeed undersampled in the MD trajectory data. However, the contribution of such long-lived
states toward the total CW EPR spectrum can be approximated by simulating
spectra from each of these states individually and adding them linearly. For these
reasons and to avoid undersampling transitions, when simulating CW EPR spectra we selected the longest portions of each trajectory during which the spin label
remained in these long-lived states.
For each MD simulation, the integration time step was 2 fs and the time step
between saving snapshots was 2 ps. More detailed information regarding the MD
and spectral simulations, as well as the trajectories of the dihedral angles χ for
each spin-labeled system, can be found in the SI.
All the methods described in this paper, and used below, have been implemented in EasySpin[158], providing a unified platform for model comparison.
As an independent test of accuracy in EasySpin’s implementation of the timedomain spectral simulation method, we compared its results against a standard
SLE solver for a number of different rotational correlation times, which showed
excellent agreement (see SI).
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4.4.1

R1– and TOAC–polyalanine

As simple model systems, following the example set by Ref. [149], we use two
water-solvated 20-residue polyalanine helices, labeled with either R1 (attached to
a cysteine) or TOAC (mutated from alanine) at position 10. To prevent unfolding
of the helix in the all-atom MD simulations, the backbone atoms of the helix
were harmonically restrained in each case. The time axis was scaled by a factor
of 2.5 due to the underestimation of diffusion rates in using the TIP3P water
model[46, 181, 148]. Cartoons of the spin-label/helix systems, excluding solvent
molecules, are shown at the top of Fig. 4.4 and Fig. 4.5, along with the moleculefixed frames.
No global diffusion was superimposed so as to examine the effects of spin-label
motion on CW EPR spectra in the absence of peptide tumbling. Although there
exist experimental data of spin-labeled peptides tumbling in solution for both
R1[114, 165, 113, 14] and TOAC[63, 109], there does not appear to be experimental
data in which the spin label motion is unhindered and the peptide is immobilized.
As a result, the approximate method results are compared with those of the direct
method in this section.
The CW EPR spectra simulated from the MD trajectory of R1–polyalanine
using the direct (black), HBD (red), and HMM (blue) methods are shown at the
bottom of Fig. 4.4. The direct method result shows a relatively sharp lineshape
indicating fast reorientational motion with a correlation time on the order of
sub-nanoseconds. The high- and low-field lines each show two distinct features,
which are probably caused by differential degrees of motional restriction between
rotameric states of the label. These features are only captured by the HMM
method. The HBD method shows several prominent maxima in the orientational
histogram and D local ≈ (208, 280, 630) rad2 µs−1 was used based on fitting the
MSAD of the label’s orientational trajectory. However, the HBD spectrum is
significantly more broadened than that of the direct method, indicating the the
timescales of the estimated rotational diffusion tensor are too slow. On the other
hand, the HMM method result agrees significantly better with the direct method,
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Figure 4.4: (Top) A snapshot of R1-labeled polyalanine taken from an 800-ns MD simulation
trajectory. The molecule-fixed coordinate system that was used to extract the orientation of the
spin label’s Zeeman and hyperfine interaction tensors is indicated in orange (x-, y-, and z-axes).
(Bottom) Corresponding CW EPR spectra simulated based on the MD simulation trajectory
with state p3 using the direct (black), HBD (red), and HMM (blue) methods.

although these features are slightly more broadened. This could be due to faster
transition rates between states or lesser differences in motional restriction. For
additional simulated CW EPR spectra of R1-labeled polyalanine using a different
starting conformation (m3 ), see the SI.
For TOAC-labeled polyalanine (Fig. 4.5), the simulated EPR spectra reflect
reorientational motion near the rigid limit. The dynamics of TOAC here more
closely resembles multi-site exchange among four states (two twist-boat and two
chair ring conformations) rather than Brownian rotational diffusion. State lifetimes differed greatly. For example, the chair conformation χ ≈ (44◦ , −33◦ ) has
a lifetime of 3.0 ns, whereas χ ≈ (−38◦ , 40◦ ) has a lifetime of 0.3 ns, as determined by the HMM method. The HBD method did show several prominent,
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sharp maxima as the only features shown in the orientational histogram, but the
eigenvalues of the estimated rotational diffusion tensor, D local = (44, 79, 35) rad2
µs−1 , were more than an order of magnitude too large. This is probably due to
the assumption of unhindered Brownian diffusion in the estimation method; the
multi-site exchange dynamics of TOAC is significantly more restricted than that
of R1. Instead, to test whether or not the estimated spatial ordering provided by
the orientational histogram was accurate, the HBD spectrum was simulated using
Dlocal ≈ 2.4 rad2 µs−1 , which was varied to yield best agreement with the direct
method. The result still could not accurately reproduce the lineshape, showing
that even if an improved dynamics estimation method were used to determine
D local , the estimated spatial ordering provided by the HBD model is not adequate. The spectrum from the HMM method, on the other hand, is nearly identical to that of the direct method, thus validating the four-state ring conformation
model of TOAC’s dynamics. This is because the HMM is capable of approximating stochastic jump behavior with multiple time scales between orientationally
averaged states. For additional simulated CW EPR spectra of TOAC-labeled
polyalanine using a sub-trajectory within the TOAC conformation mm, see the
SI.

4.4.2

R1–T4 lysozyme

The first realistic MD-simulated system is water-solvated R1–labeled V131C
T4 lysozyme[33] (PDB ID 5G27, where existing ligands were removed). In this
case, the entire label-protein system was allowed to undergo unrestrained dynamics for a single 1-µs trajectory. However, to avoid biases due to undersampling
of global protein tumbling, global motion was removed from the MD trajectory
by least-squares atomic RMSD alignment of the protein between snapshots (see
SI). Based on an estimate obtained from fitting experimental CW EPR spectra
of T4 lysozyme in an earlier work[91], stochastic global rotational diffusion with
Dglobal = 18 rad2 µs−1 was then superimposed on the MD-derived orientational
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Figure 4.5: (Top) A snapshot of TOAC-labeled polyalanine taken from a 1-µs MD trajectory.
(Center) Corresponding CW EPR spectra simulated based on the MD trajectory with states
mp, pm, and pp using the direct (black), HBD (red), and HMM (blue) methods. (Bottom)
Histogram of the distribution of TOAC endocyclic torsion angles in the MD trajectory, using
contour levels at 1, 2, 5, 10, 20, and 50% of the maximum value.

trajectories. Additionally, as with the R1–polyalanine model, the time axis for
this model was scaled, though the solvent exposure was expected to be slightly
less than R1–labeled polyalanine[148, 151], so the scaling factor was set to 2.0.
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Figure 4.6: (Top) A snapshot of V131R1-labeled T4 lysozyme taken from an MD trajectory.
(Bottom) Experimental (green) and simulated CW EPR spectra. The simulated spectra are
based on the MD trajectory with p3 using the direct (black), HBD (red), and HMM (blue)
methods with Dglobal = 18 rad2 µs−1 . The experimental data was taken from Ref. [182].

Fig. 4.6 shows the simulated CW EPR spectra for V131R1 T4 lysozyme. The
experimental spectrum (green) reflects reorientational motion with a correlation
time on the order of nanoseconds with some orientational ordering. This is expected for a solvent-exposed labeling site located on a short helix that would provide motional ordering. The direct result (black) agrees relatively well with the
experimental result. The HBD method result (red) was obtained using D local =
(220, 220, 340) rad2 µs−1 , and the orientational histogram showed a large number
of peaks. Compared to experiment, the HBD spectrum shows sharper features,
indicating that the dynamics are faster and/or less orientationally restricted. The
HMM method result shows that a majority of the state lifetimes are less than 1
ns, and the HMM simulation agrees excellently with experiment. See the SI for
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additional simulated CW EPR spectra of R1-labeled T4 lysozyme with a different
starting conformation (m3 ). The HBD method showed significantly better agreement with experiment for this other starting conformation, indicating different
effective types of orientational motion between the two conformational subspaces.

4.4.3

TOAC–phospholamban

We also simulated CW EPR spectra based on a 1 µs-long MD simulation of
TOAC-labeled phospholamban[170] (at position 37 of PDB ID 2KB7) in a lipid
bilayer. In contrast to TOAC–polyalanine, here only two ring puckering states
were revealed (one twist-boat and one chair conformation) and were thus used for
the HMM method. The smaller number of TOAC conformer states compared to
TOAC–polyalanine is probably due to steric effects, such as the presence of the
bulky neighboring F36 and L38 sidechains in phospholamban compared to the
smaller alanine neighbors in polyalanine. The time axis was not scaled since the
spin label location is buried inside the lipid bilayer. Global motion of phospholamban was not removed for the spectral simulations in this section, as including
it yielded excellent agreement with experiment.
Fig. 4.7 shows the directly simulated CW EPR spectrum (black) together with
the HBD simulation (red), the HMM simulation (blue), and the experimental
spectrum (green). As expected for the conformationally restricted TOAC label
located on a transmembrane helix, the experimental spectrum shows a lineshape
of reorientational motion that is very slow on the timescale of X-band EPR. Once
again, the direct method showed excellent agreement with experiment, indicating that TOAC’s conformational dynamics were sufficiently sampled by the MD
trajectory. Regarding the HBD method result, as with TOAC–polyalanine, the
estimated principal values of the rotational diffusion tensor provided by fitting
the MSAD (D local = (10, 13, 7) rad2 µs−1 ) were much too large. Using a bestagreement isotropic value of Dlocal = 1 rad2 µs−1 showed relatively good agreement
with experiment, despite the fact that this method led to significant disagreement
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for TOAC–polyalanine. The improved HBD method agreement here relative to
TOAC–polyalanine is probably due to the greater effective overall dynamics of
TOAC while attached to phospholamban (intrinsic multi-site exchange coupled
to the backbone dynamics of phospholamban’s helix), compared to TOAC’s restricted intrinsic dynamics alone. However, some of the same features in spectral
disagreement here are shared with those of the TOAC–polyalanine case, namely
the larger outer splitting and lineheights for the high- and low-field lines in the
HBD result. Finally, the HMM method showed excellent agreement as well, which
further validates the strategy of using TOAC’s ring puckering to model its reorientational dynamics.

4.5

Conclusions

In this paper, a trajectory-based, time-domain method of CW EPR spectral
simulation was presented in the context of MD simulations of spin-labeled proteins. Three models of MD-derived spin label dynamics of differing complexity
(direct MD, HBD, and HMM) were examined and compared across three different
proteins and two spin labels with very different mobilities: R1 and TOAC.
When compared with experimental data, the direct method worked very well
for both slow motion in TOAC–phospholamban and faster motion in R1–T4
lysozyme, indicating sufficient conformational sampling in each MD trajectory.
Regarding the approximate methods, given that the HMM method can account
for multiple timescales for transitions between spin label orientations, whereas
the HBD method only uses a single rotational diffusion tensor and an orientational potential energy, the HBD method performed surprisingly well. However,
for the very restricted, multi-site jump-like motion of TOAC–polyalanine, the
HMM method was clearly superior compared to the HBD method, indicating the
flexibility of the HMM method for spin labels with different types of dynamics.
For these reasons and due to its consistent performance, we conclude that the
HMM method is the preferred approximation of simulating EPR spectra from
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Figure 4.7: (Top) A snapshot of TOAC-labeled phospholamban in a lipid bilayer taken from
an MD trajectory. (Center) Corresponding CW EPR spectra from experiment (green) and
simulation based on the MD trajectory using the direct (black), HBD (red), and HMM (blue)
methods. (Bottom) Histogram of the distribution of TOAC endocyclic torsion angles in the MD
trajectory, using contour levels at 1, 2, 5, 10, 20, and 50% of the maximum value.

MD simulations.
Despite the comparable accuracy of the HBD and HMM methods for two of
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the other cases studied here, the computation times for the faster-motion spectra
of R1-labeled proteins using HBD were about 50 times longer than with HMM.
The bottleneck in the HBD method is the interpolative evaluation of the torque
term on the right-hand side of Eq. (4.24) at each time step.
To the authors’ knowledge, TOAC-labeled proteins had not been studied via
MD simulation prior to this work. The results given here show that the dynamics
of TOAC in α-helical sites can be accurately modeled as 2- or 4-site exchange
between twist-boat and chair conformations.
Finally, a key practical aspect of the present work is that all three models of
spin label dynamics, as well as the ability to directly interface with MD simulation data, have been implemented in a time-domain CW EPR spectral simulation
software suite in the freely available software EasySpin[158]. This allows anyone
to perform similar spectral simulations using dynamical orientational trajectories from any MD program and test different models of spin label dynamics, of
nitroxides or any other spin system, on a single platform.
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4.6

Supplementary Information

4.7

Quaternions, Euler angles, rotation matrices, Wigner D-functions

Quaternions. Unit quaternions are unit-length 4-vectors q = (q0 , q1 , q2 , q3 )T
with real-valued components q0 , q1 , q2 , and q3 . Here and throughout, we simply
refer to unit quaternions as quaternions.
Let α ∈ [0, 2π), β ∈ [0, π], and γ ∈ [0, 2π) denote the Euler angles of rotation with the axis sequence (z-y-z) in the active convention∗ . The quaternion
parameters can be written in terms of these Euler angles as[96]
  
cos(β/2) cos
q0
  
q1   sin(β/2) sin
 
q=
q  =  sin(β/2) cos
 2 
cos(β/2) sin
q3


(γ + α)/2

(γ − α)/2 
 .
(γ − α)/2 


(γ + α)/2

(4.35)

To convert back to Euler angles, use

α = arctan2 −2(q0 q1 − q2 q3 ), 2(q0 q2 + q1 q3 ) ,

β = arccos q02 − q12 − q22 + q32 ,

γ = arctan2 2(q0 q1 + q2 q3 ), 2(q0 q2 − q1 q3 ) ,

(4.36)

where arctan2 is the four-quadrant inverse tangent function.
The identity quaternion (corresponding to no rotation, α = β = γ = 0) is
q = (1, 0, 0, 0)T .
Rotation matrices. Rotation matrices are also a common way to represent
orientations and perform rotations. They can be written in terms of Euler angles
∗

Note that this differs from the passive convention, which is used for all spin Hamiltonians
and rigid-limit simulations in EasySpin.
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as[17]




cos α − sin α 0
cos β 0 sin β
cos γ − sin γ 0




 0
  sin γ cos γ 0
R(α, β, γ) = 
sin
α
cos
α
0
1
0




0
0
1
− sin β 0 cos β
0
0
1


cos α cos β cos γ − sin α sin γ − cos α cos β sin γ − sin α cos γ cos α sin β



= sin α cos β cos γ + cos α sin γ − sin α cos β sin γ + cos α cos γ sin α sin β 
.
− sin β cos γ
sin β sin γ
cos β
(4.37)
Rotation matrices can also be written in terms of quaternion components using[17]


q02 + q12 − q22 − q32


R(q) = 
 2q1 q2 + 2q0 q3

2q1 q2 − 2q0 q3
q02 − q12 + q22 − q32

2q1 q3 − 2q0 q2

2q2 q3 + 2q0 q1

2q1 q3 + 2q0 q2




2q2 q3 − 2q0 q1 
.
2
2
2
2
q0 − q 1 − q2 + q3

(4.38)

Composition of rotations. When represented by rotation matrices, sequential
rotations can be concatenated by matrix multiplication: a rotation R followed by
a rotation R0 is equivalent to a single rotation R00 with R00 = R0 R. Quaternions
can be composed in a similar way, though quaternion multiplication follows a
particular rule that can most easily be seen using matrix-4-vector multiplication


 0
+q1 +q00
q =q ⊗q =
+q 0 +q 0
 2
3
00

 
q0



 
−q30 + q20 
 q1  ,
 
+q00 − q10 
 q2 
+q10 + q00
q3

+q00 −q10 −q20 − q30

0

+q30 −q20

(4.39)

where ⊗ denotes quaternion multiplication.
Inverse of a quaternion. The inverse of a quaternion is
q −1 = (q0 , −q1 , −q2 , −q3 )T .

(4.40)
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such that q −1 ⊗ q = (1, 0, 0, 0)T .
Wigner D-function. In terms of Euler angles, a Wigner D-function is defined
as
l
l
(α, β, γ) = e−imα · dlmk (β) · e−ikγ
(Ω) = Dmk
Dmk

(4.41)

where dlmk (β) is the real-valued Wigner little-d function given by the matrix element
D
E
dlmk (β) = l, m exp(−iβ L̂y ) l, k

(4.42)

of the angular-momentum operator L̂y for quantum number l.
l
One of the many symmetries of Dmk
is

∗
l
l
Dmk
(Ω) = (−1)m−k D−m−k
(Ω)

(4.43)

When the orientation Ω is expressed in terms of a quaternion, it can be directly
used to evaluate a Wigner D-function via the series representation[62]
l
Dmk
(q) = [(l + m)!(l − m)!(l + k)!(l − k)!]1/2
X (q0 − iq3 )l+k−s (−iq1 − q2 )m−k+s (−iq1 + q2 )s (q0 + iq3 )j−m−s
×
,
(l
+
k
−
s)!
(m
−
k
+
s)!
s!
(l
−
m
−
s)!
s
(4.44)

where s runs from max(0, k − m) to min(l + k, l − m) such as to yield non-negative
arguments to the factorials in the denominators.

4.8
4.8.1

Molecular dynamics simulations
Setup and parameters

For setting up the MD simulations, including insertion of phospholamban into a
DOPC (dipalmitoylphosphatidylcholine) bilayer, CHARMM-GUI[71] was used to
generate input files[70, 87]. The starting input structures for T4 lysozyme and the
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monomeric phospholamban triple mutant C36A, C41F, C46A (referred to as AFAphospholamban) were obtained from Ref. [33] (PDB ID 5G27, with all ligands
removed) and Ref. [170] (PDB ID 2KB7), respectively. For R1-labeled proteins,
cysteine point mutations were performed and R1 was attached in silico at the respective labeling sites (position 10 for polyalanine, 131 for T4 lysozyme), whereas
for each TOAC-labeled protein, the residue was itself replaced with the TOAC
spin label (position 10 for polyalanine, 37 for phospholamban). The MD simulations were performed with NAMD[128] using the CHARMM36 force field[99]
with periodic boundary conditions and an electrostatic potential calculated using
the particle mesh Ewald summation[36, 43]. For R1, previously calculated force
field parameters were used[148]. TOAC parameter development is discussed in
the following section.,
The integration time step was 2 fs and atomic coordinate snapshots were saved
every 2 ps (except for phospholamban, where snapshots were saved every 20 ps).
The pressure and temperature (P = 1 atm, T = 300 K) were controlled using a
pressure piston and a Langevin thermostat (using a collision frequency of 1 ps−1 )
to maintain an NPT ensemble. Water solvation with TIP3P[73] water molecules
(with at least 8 Å of water in each direction from the atom with the largest coordinate in that direction for water soluble proteins, and 20 Å of water above and
below the lipid bilayer for TOAC-phospholamban) and ionization (to 150 mM
KCl) were both performed using VMD[66]. For the water-soluble proteins R1–
polyalanine, TOAC–polyalanine, and R1–T4 lysozyme, MD simulation consisted
of energy minimization, equilibration, and production steps (only snapshots from
the production part were used for spectral simulation). For the membrane protein TOAC–phospholamban, additional minimization and equilibration steps were
performed as needed when assembling the DOPC lipid bilayer and insertion of the
protein into the bilayer. Additionally, for R1–polyalanine and TOAC–polyalanine,
the backbone atoms were harmonically restrained using a force constant of 2 kcal
mol−1 Å−2 to prevent unfolding of the helix.
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4.8.2

TOAC Parameters

CHARMM force field topology and parameters[100] needed to run simulations were developed, as commonly done, with guidance from the MacKerell
protocols[98]. Geometry parameters and partial charges were adapted from the
existing CHARMM36 force field when possible. For example, backbone parameters were taken from 2-aminoisobutyric acid (AIB) and nitroxide parameters
from TEMPO[148]. Additional parameters were taken from CGenFF[176] based
on geometries obtained from ab initio quantum chemistry calculations at the
HF/6-31+G* level of theory done with Gaussian03 (Gaussian, Inc., Wallingford,
CT)[50].

4.9
4.9.1

Trajectory processing
Time: Coarse-graining and Sampling the MD Trajectories

The rotational dynamics of spin labels and proteins are stationary processes
and are unaffected by pulses of microwave radiation. As such, when measuring
the absorption spectrum during a pulse EPR experiment, the sequence of 90◦ pulse/acquire may be repeated and the FID averaged as many times as needed to
achieve a sufficient signal-to-noise ratio. This same principle applies to simulation
of such an experiment in the time domain; the starting time of the pulse sequence
is arbitrary with respect to the orientational trajectories, so additional trajectories
can be simulated and used to average the overall FID signal, and therefore the
absorption spectrum, as needed. However, although the time required to simulate
hundreds of additional trajectories for this purpose using a stochastic method is
not unreasonable (≈ 10 − 100 min), all-atom MD simulations of solvated proteins are notoriously computationally intensive and obtaining upwards of several
hundred MD trajectories is generally not feasible.
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To obtain the maximum possible amount of information from each MD trajectory, one can use the fact that the classical rotational dynamics is stationary. Assuming an ideal 90◦ -pulse with a length that is much smaller than the
timescale of spin system evolution, only the FID measurement time needs to be
accounted for during simulations. Since the FID evolution can start at any time
point of an MD trajectory, each trajectory can be used multiple times with a
fixed lag time between starting points. Variations of this sampling technique
have been used by previous authors[121, 38, 149, 122] and has been referred to
as the “sliding time window” technique. Thus, from a single MD trajectory of
length TMD , an FID evolution time of TFID , and time lag ∆tlag , we can obtain

N = floor (TMD − TFID )/∆tlag +1 FID signals. Here, we have simulated MD
trajectories that are longer than the FID evolution time. We divided up the trajectories into (overlapping) time windows with a time lag ∆tlag = 2 ns separating
the start of each FID.
In general, MD simulations are performed using some very small integration
time step, say ∆tMD = 2 fs, but the atomic coordinates are typically saved periodically using a larger time step (∆tsnapshot = 2 ps in our case). We refer to each
instance of atomic coordinate saving as a “snapshot”. Additionally, the period
for snapshot saving is typically chosen to be much smaller than the time scale
at which the spin system evolves. EPR spectroscopy of nitroxide spin labels at
X-band frequencies at room temperature is sensitive to dynamical time scales of
roughly 100 ps to 100 ns, and propagating the quantum spin dynamics is computationally expensive, so using a propagation time step much smaller than this
sensitivity range is wasteful. Strategies such as decimation of trajectories[38] and
time block averaging of interaction tensors[149] have been implemented in the
past. Here, we implement the latter by using time blocks equal to ∆tlag for convenience. Note that this coarse-graining method is not limited to usage of MD
trajectories; it can also be applied to stochastic rotational dynamics trajectories
when the cost of their propagation becomes comparable to the quantum spin dynamics propagation, especially when an orientational potential energy function is
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being used.

4.9.2

Orientations: Reference Frames and Sample Ensemble Averaging

Rotational diffusion of a spin label relative to the lab frame produces the
dominant features of EPR spectra acquired from spin-labeled proteins at room
temperature, and a real sample contains an ensemble of spin-labeled proteins
(≥ 101 2) with some particular distribution of orientations with respect to the lab
frame (uniform distribution for solution or powder samples, ordered distribution
for aligned samples). However, since a typical MD trajectory represents a single protein in some arbitrary reference frame, extension to an ensemble in the
lab frame is required. To bridge this gap, the dynamics is separated into two
main parts: motion of the protein relative to the lab frame and motion of the
spin label relative to the protein. Processing an MD trajectory thus requires the
determination of a reference frame for each of these contributions.
Defining the protein frame and its rotational dynamics, however, is often not
straightforward, especially if its rotational diffusion tensor is fully anisotropic,
whose determination remains an active area of study[179, 30, 28, 93], or if the
protein can exhibit large conformational changes. A systematic method for isolating different frames of rotational diffusion is thus an important component of
processing MD trajectories. One method[30, 28] for separating internal and global
dynamics, which we employ in this work, treats the latter as rigid body motion
and performs an orientational least-squares superposition of atomic coordinates
between MD snapshots. This is accomplished by (1) centering the protein’s atomic
coordinates in each snapshot relative to its center of mass, (2) orienting each snapshot such that initial atomic coordinates define a diagonal inertia tensor, and (3)
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finding quaternions that produce global rotations between snapshots so as to minimize the atomic RMSD:
!
Q(tj+1 ) = arg min
0

Q

X

mα ||R(Q0 )r α (tj ) − r α (tj+1 )||2 ,

(4.45)

α

where mα are the atomic masses and r α are the atomic coordinates with respect to the center of mass for each atom α. Note that we use Q to designate
quaternions that represent rotations between orientations, whereas q is used to
represent the orientations themselves. The resulting optimal quaternion rotations
represent the rotational motion of a molecule-fixed Eckart frame[41, 17], which
minimizes coupling between global and internal dynamics by leaving the internal energy invariant. If further, stochastic coarse-grained simulations are needed,
these quaternions can also be used to determine the protein’s rotational diffusion tensor by fitting either the mean square angular displacement (MSAD) for
different frame axes[30] or expressions involving the mean square values of the
quaternion components[28].
Finally, after obtaining spin label- and protein-fixed frames, one must average over the distribution of protein orientations in the sample with respect to
the lab frame. Since EPR spectra are very sensitive to the form of this orientational distribution, this step requires a large number of orientations and a great
deal of work has been performed in finding efficient algorithms[132]. Here, we
follow Ref. [149] and use a parametric spiral curve to sample the unit sphere. If
the rotational diffusion of the protein is very slow with respect to T2 ≈ 200 ns,
the points on this curve represent a static distribution of protein orientations,
similar to the commonly used microscopic order/macroscopic disorder (MOMD)
model[111]. Otherwise, these points represent different starting orientations for
trajectories of global rotational diffusion of the protein.
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4.9.3

Estimating the Rotational Diffusion Tensor

The rotational diffusion tensor D for a rigid body can be estimated by fitting
the mean square angular displacement (MSAD) h∆θ(t)∆θ(t0 )i. To start, we need
to calculate the rotational quaternions Q(t) that were mentioned in the previous
section. If D is needed for a protein, one can follow the procedure outlined there.
Otherwise, if D is needed for the spin label itself, e.g. in the HBD method, Q(t)
can be calculated by performing an inversion at each time step to solve for the
rotations between successive time points of the extracted orientational quaternion
trajectory q(t):
Q(tj+1 ) = q(tj+1 ) ⊗ q(tj )−1 .

(4.46)

Then, the Cartesian components of the angular velocity in the molecular frame
can be calculated using Q and its time derivative Q̇ as[30]
 
 Q̇0

−Q1 +Q0 +Q3 −Q2  
ωx
 

 
ωy  = 2 −Q2 −Q3 +Q0 +Q1  Q̇1  .
 Q̇ 

 
 2
−Q3 +Q2 −Q1 +Q0
ωz
Q̇3




(4.47)

The angular displacement ∆θ(t) is calculated by integrating the angular velocity
with respect to time,
Z

t

∆θ(t) =

dt0 ω(t0 ).

(4.48)

0

from which the MSAD h∆θ(t)∆θ(t0 )i can be calculated using an FFT-based
algorithm[26]. Finally, D can be extracted by fitting h∆θ(t)∆θ(t0 )i to the asymptotic relationship[30]
tτ

h∆θ(t)∆θ(t0 )i →C 2D + const.,
with τC being the longest correlation time of the system.

(4.49)
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4.9.4

Simulating Jump Trajectories

A discrete-time Markov state model with N states is characterized by an N element initial state probability distribution vector p and a time-independent
N × N transition probability matrix P . Here we outline how to simulate a state
jump trajectory (Markov chain) based on a particular set of model parameters.
Let X(j) be a stochastic variable representing the value of the state variable
at time tj . Here tj can only take discrete values and we represent it using nonnegative integers j for simplicity. A state trajectory can be generated using the
algorithm outlined below, which is based on inverse transform sampling.
1. Calculate the cumulative initial state probability distribution ci =

Pi

l=1

pl .

2. Generate a sample u from the uniform distribution u ∈ [0, 1).
3. Find the value i satisfying ci−1 < u ≤ ci .
4. Set the initial state X(0) = i.
5. For j = 1 to desired maximum value of j
(a) With the sampled state X(j − 1) = k, calculate the cumulative conditional probability distribution for the state at the next time, X(j),
P
using Ck,i = il=1 Pk,l .
(b) Generate a sample u from the uniform distribution u ∈ [0, 1).
(c) Find the value i satisfying Ck,i−1 < u ≤ Ck,i .
(d) Set X(j) = i.
This process is repeated for as many time steps and trajectories so as to sufficiently sample the equilibrium state probability distribution π.

114

4.9.5

Dihedral trajectories

In this section, we show the extracted dihedral trajectories for all systems
investigated. The definition of the dihedral angles is shown in Figure 4 in the
main text.
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Figure 4.8: Dihedral trajectories for R1–polyalanine with p3 starting conformation. Very rare
transitions to the m3 basin are observed. There are also rare states with χ1 ≈ 80◦ .
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Figure 4.9: Dihedral trajectories for R1–polyalanine with m3 starting conformation. Occasional
transitions to the p3 basin as well as brief transitions into χ1 ≈ 80◦ are observed.
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Figure 4.10: Histograms of the distribution of dihedral angles for R1–polyalanine with p3 starting
conformation, using contour levels at 1, 2, 5, 10, 20, and 50% of the maximum value.
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Figure 4.11: Histograms of the distribution of dihedral angles for R1–polyalanine with m3
starting conformation, using contour levels at 1, 2, 5, 10, 20, and 50% of the maximum value.
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Figure 4.12: Dihedral trajectories for TOAC–polyalanine. The transitions into and out of
(χS2 < 0, χR2 < 0) (correlated with χR1 ≈ 150◦ ) are undersampled.
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Figure 4.13: Dihedral trajectories for R1–T4 lysozyme with p3 starting conformation. Transitions into/out of m3 as well as χ1 ≈ 80◦ are undersampled.
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Figure 4.14: Dihedral trajectories for R1–T4 lysozyme with m3 starting conformation. Only
one m3 -to-p3 transition is observed.
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Figure 4.15: Histograms of the distribution of dihedral angles for R1–polyalanine with p3 starting
conformation, using log-scale contour levels at 1, 2, 5, 10, 20, and 50% of the maximum value.
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Figure 4.16: Histograms of the distribution of dihedral angles for R1–T4 lysozyme with m3
starting conformation, using log-scale contour levels at 1, 2, 5, 10, 20, and 50% of the maximum
value.
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Figure 4.17: Dihedral trajectories for TOAC–phospholamban. This trajectory appears equilibrated over all possible states.
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4.10

Validation Against the SLE Solver

As a test of our implementation of the time-domain simulation method, we
compared its results with the established frequency-domain solution of the SLE[23,
158]. Fig. 4.18 shows CW EPR spectra of a nitroxide spin label spanning a large
range of motional time scales simulated using stochastic dynamics trajectories
(blue) and solution of the SLE (red). For the bottom spectrum, isotropic rotational diffusion with an orientational potential was simulated with an orientational
potential with λ200 = 2.0, whereas the rest of the spectra were simulated without
an orientational potential. To illustrate the timescale and spatial restriction of
each model of rotational motion, a single trajectory of the molecular z-axis corresponding to each set of conditions is plotted on the unit sphere to the right. The
time-domain simulation method employed and implemented in this work produces
results that are identical to the frequency-domain solution of the SLE.

4.11

Experimental details for TOAC-labeled
phospholamban

4.11.1
The

Peptide synthesis
null-cysteine

phosphlamban

mutant

C36A/C41F/C46A

(AFA-

phospholamban) with the TOAC spin label incorporated at position 36
was synthesized as described previously [75, 78]. Fmoc-TOAC was purchased
from Toronto Research Chemicals (North York, Ontario) and Fmoc-protected
amino acids were purchased from EMD Chemicals (Philadelphia, PA). Peptides
were purified by reverse-phase HPLC on a preparative C8 column (Grace Vydac,
Hesperia CA) using H2 O + 0.1% trifluoroacetic acid and isopropanol as mobile
phases.

Peptides were characterized by mass spectrometry, SDS-PAGE, and

bicinchoninic acid (BCA) assay (Thermo Fisher Scientific, Rockford IL).
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Figure 4.18: CW EPR spectra simulated using the frequency-domain SLE solver (red) and
the direct time-domain (blue) methods. Isotropic rotational diffusion was simulated and the
diffusion constants are indicated on the left (in units of rad2 µs−1 ). For the bottom spectrum,
an orientational potential function with an expansion coefficient λ200 = 2.0 was used. For each
case, a representative 200-ns long orientational trajectory of the molecular z-axis orientation is
plotted on the unit sphere on the right. Traces are offset for clarity. Note that the direct method
was used to simulate these spectra.

4.11.2

Sample preparation

Spin-labeled phospholamban was reconstituted at 1400 lipids per phospholamban into 4:1 (mol/mol) DOPC (1,2-dioleoyl-sn-glycero-3-phosphocholine, 18:1
PC) / DOPE (1,2-dioleoyl-sn-glycero-3-phosphoethanolamine, 18:1 PC). To prepare the lipid vesicles, lipid stocks in chloroform (Avanti Lipids) were combined
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with phospholamban, dried under N2 gas, and stored overnight in a vacuum desiccator. The resulting films were resuspended at 25% (w/v) in 20 mM MOPS, pH
7.2 by thorough vortexing and ice bath sonication. Samples were then flash-frozen
and thawed three times to ensure lipid homogeneity.

4.11.3

EPR spectroscopy

EPR experiments were performed on a Bruker EleXsys E500 spectrometer
equipped with a resonator (ER4122SHQ) containing a quartz dewar insert attached to a nitrogen gas temperature controller. 18 µL samples were loaded into
0.6 mm inner-diameter glass capillaries (Vitrocom) and plugged with Critoseal
(Krackeler Scientific). Spectra were acquired at 298 K using 0.1 mT peak-to-peak
amplitude modulation, 1.3 mW microwave power, and a 12 mT sweep width.

4.12

EPR spectra for other subpopulations

For the R1 spin-label side chain, transitions between χ3 ≈ +90◦ (p3 ) and ≈
−90◦ (m3 ) are rare, and the corresponding transition rate is in the quasi-rigid-limit
on an X-band EPR time scale. Therefore, we can treat the two subpopulations in
isolation and build two separate hidden Markov models for them. The main text
gives the spectra for the p3 subset of conformers. For TOAC–polyalanine, we also
use the same strategy to treat the subpopulations mm and {pm,mp,pp} that are
connected by slow transition rates, where the main text gives the spectrum for
{pm,mp,pp} (see main text for details on these designations).
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Figure 4.19: (Top) CW EPR spectra obtained from an MD sub-trajectory of R1–labeled polyalanine within the m3 conformation and D local = (260, 360, 330) rad2 µs−1 . The simulated spectra
correspond to the direct (black, solid), HBD (red), and HMM (blue) methods.
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Figure 4.20: (Top) CW EPR spectra obtained from an MD sub-trajectory of TOAC–labeled
polyalanine within the mm conformation and Dlocal = 2.4 rad2 µs−1 . The simulated spectra
correspond to the direct (black, solid), HBD (red), and HMM (blue) methods.
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Figure 4.21: Experimental (black, dashed) and simulated CW EPR spectra obtained from
an MD sub-trajectory of R1–labeled T4 lysozyme within the m3 conformation and D local =
(190, 280, 270) rad2 µs−1 . The simulated spectra correspond to the direct (black, solid), HBD
(red), and HMM (blue) methods with Dglobal = 18 rad2 µs−1 .

Chapter 5
Future directions
Though there is not much overlap between the works outlined in Ch. 3 and
Ch. 4, the common theme is that modeling and simulation play a vital role in the
field of EPR on biological systems. Common black box simulation programs with
simple user interfaces can provide an easy way to fit a single type of model to a
single EPR spectrum quickly. However, more complex EPR studies require that
the user be able to fit multiple EPR spectra simultaneously and provide a choice
between multiple classes of models. The works in this thesis would not have been
possible without the user-friendly programs and very flexible user interfaces in
EasySpin, which allowed the author to define custom models and fitting schemes
when numerically simulating EPR spectra. Spectroscopic techniques in general
can clearly benefit from such tools, which is now possible more than ever due
to the existence of higher level programming languages such as MATLAB and
Python.
Model for SERCA-PLB interactions
In Ch. 2, under the condition of relatively dilute protein concentrations typical
of in vitro experiments, both SERCA-bound and unbound states of PLB were revealed in the presence and absence of phosphorylation. Previous EPR experiments
involving the rigid spin label TOAC revealed multiple structural states of PLB
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(for CP domain labeling sites) and showed that it can remain bound to SERCA
following phosphorylation (for a TM domain labeling site), thus providing strong
evidence for the Subunit Model of SERCA-PLB interactions. One might initially
expect that rigid spin labels such as TOAC and MSL would be superior choices to
more flexible spin labels such as MTSSL in all cases, as they more clearly reflect
the backbone dynamics of a protein itself. However, the study in Ch. 3 showed
that there is an unbound population of PLB, both before and after phosphorylation, suggesting a more complex picture of SERCA-PLB interactions than either
only the strict Subunit Model or the Dissociation Model. Three aspects of the
study’s strategy made this possible: using SDSL at multiple locations on a single
domain of a protein, multiple EPR measurement techniques, and global fitting of
models to entire sets of spectra. Moreover, this study shows that, when observing
the motional regime of the protein itself, flexible spin labels can still play an important role in determining models for protein dynamics. The unbound state of
PLB could not be observed in the TOAC-PLB EPR study in [69] because the the
CW EPR spectra were measured in the rigid limit and ST EPR cannot discern
multiple spin populations. One can circumvent such shortcomings by employing
multiple spin labels with differing properties in the same study, as was done in
Ch. 3.
Future studies of SERCA and PLB could go beyond this work by employing similar strategies, but on multiple domains of PLB and with multiple spectroscopic techniques, such as fluorescence or FRET. However, to truly discern
models of interaction between SERCA and PLB as well as SERCA’s dynamics
during its enzymatic cycle, the ability to mutate endogenous residues and perform SDSL on SERCA is paramount. This would allow for significantly better
models that would complement high-resolution, static structures obtainable from
x-ray crystallography and cryogenic electon microscopy.
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EPR spectral simulations using MD-based motional models of spin labels attached proteins
In Ch. 4, a set of publically-available MATLAB programs were built to simulate EPR spectra in the time domain and accommodate three MD-based models of
spin label motion: the direct, brute-force method, and the approximate HBD and
HMM methods. The approximate methods were compared with the direct method
and experiment to determine which one has the highest efficacy. In nearly all cases,
the HMM method outperformed the HBD method with respect to agreement with
the direct method and experimental data. This result is not unexpected since the
spatial and dynamic order parameters of the problem, namely the orientational
restriction and time scales of spin label motion, are optimized simultaneously for
the HMM method, whereas each are determined separately in the HBD method.
Although using simple diffusion-based models in existing programs has been
very successful in fitting models to experimental data, for example in Ch. 3,
MD simulations of biological macromolecules are becoming increasingly accessible and it is highly desireable to directly compare their results with experimental
data for model validation. Additionally, as with all measurement techniques that
employ spectroscopic probes, it is crucial to be able to model both the dynamics of the probe and host protein. In principle, existing programs that perform
frequency-domain EPR spectral simulations can accomplish this, but they would
require significant changes to their underlying code and they could not easily
incorporate MD simulation results without significant assumptions. With the
time-domain EPR spectral simulation programs developed for the study in Ch.
4, the spectral simulation code is essentially independent from that of the spatial
dynamics simulation. This allows the user to choose their own external spatial
dynamics simulation program when simulating EPR spectra. Conversely, with
this framework, other spectroscopic techniques could be accommodated, such as
fluorescence or NMR, without significant changes to the existing internal spatial
dynamics simulation code.
There is much future work that can be done in the area of time-domain EPR
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simulation. To name a few examples with respect to improving the HMM method,
one could add the ability to determine the optimal number of spin label states
using a variational Bayesian expectation-maximization approach, fully accommodate the boundary conditions in the dihedral angles using properly periodic probability density functions, and include the ability to build an HMM for protein
dynamics when simulating its global rotational motion.
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