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Abstract

Water exchange is increasingly recognized as an important biological process that can affect the study of biological
tissue using diffusion MR. Methods to measure exchange, however, remain immature as opposed to those used to
characterize restriction, with no consensus on the optimal pulse sequence(s) or signal model(s). In general, the trend
has been towards data-intensive fitting of highly parameterized models. We take the opposite approach and show that
a judicious sub-sample of diffusion exchange spectroscopy (DEXSY) data can be used to robustly quantify exchange,
as well as restriction, in a data-efficient manner. This sampling produces a ratio of two points per mixing time: (i) one
point with equal diffusion weighting in both encoding periods, which gives maximal exchange contrast, and (ii) one
point with the same fotal diffusion weighting in just the first encoding period, for normalization. We call this quotient
the Diffusion EXchange Ratio (DEXR). Furthermore, we show that it can be used to probe time-dependent diffusion
by estimating the velocity autocorrelation function (VACF) over intermediate to long times (~ 2—500 ms). We provide
a comprehensive theoretical framework for the design of DEXR experiments in the case of static or constant gradients.
Data from Monte Carlo simulations and experiments acquired in fixed and viable ex vivo neonatal mouse spinal cord
using a permanent magnet system are presented to test and validate this approach. In viable spinal cord, we report the
following apparent parameters from just 6 data points: 74 = 17 £4 ms, fyg = 0.71 £0.01, Reg = 1.10 + 0.01 pm,
and ke = 0.21 £ 0.06 um/ms, which correspond to the exchange time, restricted or non-Gaussian signal fraction,
an effective spherical radius, and permeability, respectively. For the VACF, we report a long-time, power-law scaling
with ~ =24, which is approximately consistent with disordered domains in 3-D. Overall, the DEXR method is shown
to be highly efficient, capable of providing valuable quantitative diffusion metrics using minimal MR data.

Keywords: exchange, diffusion exchange spectroscopy (DEXSY), time-dependent diffusion, low-field, static
gradient, velocity autocorrelation

Since its inception, the field of diffusion microstructural MR has developed many signal models to describe how
features such as restriction (i.e., occupancy, size, and shape) [1-7] and processes such as exchange (i.e., permeability)
[8—13] give rise to the diffusion MR signal. Despite advances in signal modelling, the development of experimental
methods that can reliably disentangle these features have lagged behind. Largely, the field continues to rely on the
classic pulsed-field gradient, spin echo (PGSE) method proposed by Stejskal & Tanner [14] in 1965. With PGSE,
a.k.a. single diffusion encoding (SDE) wherein only the gradient amplitude is varied, restriction and exchange can
manifest similarly. That is, variations in the signal behavior can be explained equally well by increased restriction
or reduced exchange, or vice versa. The estimation of these parameters from SDE data is therefore degenerate, as
discussed in refs. [15-21]. Due to this degeneracy, biological tissues that contain highly permeable compartment(s),
such as gray matter (GM) [22], are difficult to characterize using SDE. The effects of restriction and exchange may
coincide, meaning that estimated exchange times in GM — with some reports as fast as < 10 ms [23-25] — are
similar to a typical encoding period (> 10 ms). The robust quantification of exchange in such tissues requires the
development of diffusion MR methods that go beyond SDE.
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One approach is to extend the SDE framework by varying additional experimental parameters such as the diffusion
time. This multi-dimensional data can then be fit to a signal model that includes both restriction and exchange [26-28],
such as the models for neurite exchange imaging (NEXI) [29], or soma and neurite density imaging with exchange
(SANDIX) [25, 30]. This SDE-based approach, while feasible, requires making a priori assumptions about the
number of compartments and which compartments are exchanging. Exchange time estimates can vary substantially
depending on the assumptions made (e.g., whether to include a “dot compartment” representing small, impermeable
neurites [29] or whether to correct for the Rician noise floor [31]). As an example of this variability, neurite exchange
time estimates in the human brain can vary by more than a factor of 2 (= 24 — 60 ms) depending on the model
assumptions [31]. Furthermore, these methods do not fully address the issue of parameter degeneracy, as fit stability
may remain difficult to achieve due to the large number of model parameters and small signal variations [25, 29, 31].

A potentially more robust approach to measure exchange is double pulsed-field gradient or diffusion encoding
(DDE), which helps to resolve degeneracy by introducing additional experimental dimension(s) [20, 32]. In particular,
diffusion exchange spectroscopy (DEXSY) is a DDE method proposed by Callaghan and Fur6 to separate water pools
by their mobility and quantify the exchange between them [33]. The DEXSY experiment consists of two diffusion
encoding periods along the same direction separated by a longitudinal storage period or mixing time, f,,. Unlike the
SDE-based approaches, DEXSY makes no assumptions about the number of compartments and their connectivity,
but does assume Gaussian diffusion in all compartments by virtue of the Gaussian diffusion kernel. DEXSY has been
found to produce accurate exchange parameters in vitro [34] and in phantom systems [35-37]. However, DEXSY is
prohibitively data intensive in its original formulation and requires a well-sampled, two-dimensional grid of diffusion
weightings per t,,, making in vivo measurements infeasible. -Clearly, experimental design optimization and data
reduction are required to apply DEXSY to living systems. Progress has been made using classical techniques such as
compressed sensing [38, 39] or constraints on the inversion [40], but few truly rapid methods that obviate the costly
2-D inversion have been proposed. These include filter exchange spectroscopy (FEXSY), proposed by Aslund et al.
[41], and our own method [42, 43], which we expand upon here.

Restriction and exchange can also be viewed as giving rise to time-dependent diffusion [8, 44]. In parallel to
the development of DEXSY and SDE-based signal models, another branch of diffusion MR theory and methodology
emerged to measure the time-dependence of diffusion directly. Originating from the works of StepiSnik [45—47], these
methods view the diffusion MR experiment in the frequency domain, wherein the spectrum of the (effective) gradient
waveform G () produces the diffusion weighting. Sequences with a sharp spectrum, such as a sinusoidal gradient
oscillation in the time domain, can thus be swept to trace out the frequency-dependence of diffusion. This approach,
called temporal diffusion spectroscopy (TDS) [48-50], has yielded promising results (e.g., refs. [50, 51]) but is
limited in practice. High frequencies necessitate high slew rates and amplitudes whereas low frequencies can result
in long echo times and 7, relaxation. TDS is confined to a somewhat narrow band of frequencies depending on the
available gradient hardware and sample 75 (see Reynaud et al. [52] for review). And yet it is these difficult to access
short- and long-time regimes that are best understood theoretically. In the short-time regime, universal scaling with
~ §/V «/t was found by Mitra et al. [53], where S/V is the surface-to-volume ratio (SVR). In the long-time regime,
characteristic power law behaviors ~ ¢~ were predicted by Novikov ef al. [54] for what were termed “structural
universality classes.”

These limitations arise in part due to the underlying theory of TDS. A frequency-domain representation implies
the need for coherent oscillation, but in actuality any sequence will have some time- or frequency-domain weighting.
Ning et al. [55] derived formulations of StepiS$nik’s theory that remain in the time domain, and can thus be applied
to general gradient sequences. For example, a given sequence can be viewed as a weighting of the ensemble mean-
squared-displacement (r2(¢)) (MSD) by the autocorrelation function of G.g(¢). These signal representations enable
the fitting of time-dependent diffusion using sequences that do not coherently oscillate, as shown by Cai et al. [56],
for example. Viewing the DEXSY experiment through the lens of these representations may yield insights about how
exchange and time-dependent diffusion are related.

In this work, we show that a particular sparse sub-sampling of DEXSY data can robustly measure exchange and
restriction, as well as provide information about time-dependent diffusion from relatively little MR data. The sub-
sampling consists of two DEXSY points that are equally diffusion-weighted, but one is maximally exchange-weighted
while the other has little to no exchange-weighting. Our measurement approach is to take the quotient of these two
points over various t,,, and thus we call it the diffusion exchange ratio (DEXR) method. Compared to conventional
SDE or TDS approaches, the DEXR method (i) overcomes degeneracy by isolating the estimation of exchange from
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the estimation of restriction, (ii) reduces the overall data requirements, and (iii) extends the range of sensitivity in
the time domain by using the longitudinal mixing time t,, to shift the weighting, rather than the diffusion time in the
transverse plane.

While a rapid measurement of exchange was described previously [42, 43], we aim here to provide a self-contained
framework for DEXR experiments, and reiterate these previous findings. The novel contributions of this work are the
means to estimate restriction parameters from the same data, the link to time-dependent diffusion, and validation of
these concepts using Monte Carlo simulations. To limit the scope, we consider the case of static or constant gradients
(SG) wherein the gradient amplitude g can be treated as a constant. Diffusion encoding is achieved by the SG spin
echo (SG-SE) method, as in the first NMR measurement of diffusion [57]. In contrast to the way PG experiment are
typically performed, SG experiments involve varying the time that spins spend in the effective gradient rather than the
gradient amplitude. The application to PG, suitable for preclinical and clinical migration, is discussed briefly at the
end of the manuscript.

The manuscript is organized as follows. After a description of the methods, we first discuss the signal behavior
due to diffusion in the SG-SE experiment and propose a parsimonious signal model that incorporates both Gaussian
and non-Gaussian signal behavior. Extending this model to SG-DEXSY, we show that just two points per ¢,, are
sufficient to measure the (apparent) rate constant of exchange, k, as well as restriction (i.e., size and occupancy) with
some reasonable assumptions. This forms the DEXR method. Optimal parameter selection is discussed. We then
adopt an alternative view of this method in terms of time-dependent diffusion. We find that modifying ¢, shifts a
nearly point-wise sampling in the velocity autocorrelation function (VACF), (v(#)v(0)) = (’),2(r2(t)) /2. The DEXR
method can thus be used to measure the VACF over a wide range of timescales (¢ = 2 — 500 ms) compared to TDS
with oscillating gradients. We support and validate our observations throughout with data acquired in fixed and viable
ex vivo neonatal mouse spinal cords using a low-field, high-gradient system (g = 15.3 T/m), as well as data from
Monte Carlo simulations in loosely packed, monodisperse spheres.

1. Materials and methods

1.1. Biological sample preparation

Spinal cords were extracted from Swiss Webster wild type mice (Taconic Biosciences, Rensselaer, NY, USA) via
a ventral laminectomy under an animal protocol approved by the Eunice Kennedy Shriver National Institute of Child
Health and Human Development Animal Care and Use Committee (Animal Study Proposal (ASP) # 21-025). Ex-
tracted spinal cords were bathed in low-calcium, high-magnesium artificial cerebrospinal fluid (aCSF, concentrations
in mM: 128.35 NaCl, 4 KCI, 0.5 CaCl, - 2H30, 6 MgSOy - 7TH,0, 0.58 NaH,POj4 - H>0, 21 NaHCOs3, 30 D-glucose).
Spinal cords were isolated together with the ventral roots and ganglia. In terms of size, the cords were roughly
15 x 1 x 1.5 mm (anterior—posterior length X lateral width X ventral-dorsal height). Data from fixed spinal cords
and a single viable, ex vivo spinal cord are presented. For the fixed samples, fixation was performed immediately
after dissection in 4% paraformaldehyde and the sample was left overnight at 4 °C. Fixative was then replaced with
normal aCSF (same as before, but with 1.5 mM CaCl, - 2H,0, 1 mM MgSOy - 7TH,0) 3 times over 2 days to remove
residual paraformaldehyde before NMR measurements. For the viable sample, NMR measurements were performed
immediately after dissection and the sample was kept alive in a wet/dry chamber with circulating aCSF bubbled with
95% O,, 5% CO,. All data is from spinal cords extracted between 1 —4 days postnatal. Experiments were performed
at a controlled temperature of 25 + 0.2 °C, measured using a PicoM fiber optic temperature sensor (Opsens Solutions
Inc, Québec, Canada) and controlled using an external water bath. Note that at this early stage of development, spinal
cords predominantly consist of GM [58, 59], such that fast exchange is expected.

1.2. NMR hardware and methods

NMR experiments were performed on a low-field, single-sided, permanent magnet system: the PM-10 NMR-
MOUSE (Magritek, Aachen, Germany) [60, 61]. This is an iron yoke magnet with a field strength that decays rapidly
and roughly linearly with distance from the magnet’s surface. The active region is chosen as By = 0.3239 T, where
the field is relatively uniform in a slice parallel to the magnet’s surface. The gradient arises from the linear decay of
the static field, resulting in a strong SG of g ~ 15.3 T/m, or G = yg ~ 650 kHz/mm for the proton gyromagnetic
ratio, y ~ 2.675 x 108 s~! T~!. The positioning of the magnet was controlled using a stepper motor with step size of
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Figure 1: SG-DEXSY pulse sequence with timing parameters 71, 72, and #,,. Signal is acquired in a CPMG loop with 7cpmg. The effective
gradient G () € {0, —yg, +yg} and its modulation by RF pulses is shown below.

50 um. A custom-built solenoid was used as a transmit-receive radiofrequency (RF) coil. The coil was designed to fit
the spinal cord(s) snugly with a high filling factor. Compared to flat coil designs, this gives a significant increase in the
signal-to-noise ratio (SNR) [62, 23]. See refs. [23, 63] for a further description of the system and chamber. Diffusion
measurements were performed using the standard SG-SE sequence with echo time 27, where 7 is the spacing between
the 90° and 180° RF pulses [64]. The 4-step phase cycle given in Table 2.2 of ref. [65] was used. For exchange
measurements, an SG-DEXSY sequence was developed in Prospa (V3.22) that stores the signal at the time of echo
formation. The 8-step phase cycle given in Appendix 5 of ref. [23] was used. When combined with unequal b-values
for spoiling (17 # 1) this comprehensively suppresses off-resonance effects. The condition 7; # 7 was achieved
practically by offsetting 7o by 0.013 ms in all SG-DEXSY measurements, avoiding exact parity. In Fig. 1, we show
a diagram of the SG-DEXSY sequence and its modulation of the effective gradient G.¢(¢) € {0, —yg, +yg} by RF
pulses.

All experiments used hard RF pulses with pulse powers of —22/16 dB (for 90°/180°-pulses) and duration = 2 us.
Pulses were driven by a 100 W amplifier (Tomco, Adelaide, Australia). For g = 15.3 T/m, this results in a sagittal
slice of thickness Az = 400 ym. Measurements were performed with a Kea2 spectrometer (Magritek, Wellington,
New Zealand). Phase correction was optimized at the start of the experiment such that signal in the real channel
was maximized and signal in the imaginary channel was zero-mean. Data were acquired as signal from the real
channel, summing over the echoes in a Carr-Purcell-Meiboom-Gill (CPMG) [66, 67] echo train with 2000 echoes and
Tepmg = 12.5 ps (see Fig. 1). This CPMG echo train acquisition is a common method to boost SNR in low-field
experiments performed in an inhomogeneous By field [61, 65]. The repetition time (TR) was 2 s. Note that these
NMR data were previously presented across refs. [23, 63], but are reanalyzed here to yield novel insights.

1.3. Monte Carlo simulations

Monte Carlo simulations were implemented in Julia 1.9.4. Monodisperse spheres with radius R = 0.95 um
were placed in a 5 X 5 X 5 grid, equally-spaced, with centers 2 pum apart and a minimum inter-sphere distance of
0.1 um. The spheres were situated inside of a 11 X 11 X 11 pm box such that there is an empty surrounding space
of 0.5 um in all directions. The overall intra-sphere volume fraction is calculated as ~ 0.34. Simulations were
performed with a time step of Az = 2.5 x 10™* ms, and each walker step was a random sampling of the unit sphere
x V6DoAr ~ 0.06 um, where Dy = 2.15 um?/ms was set to be near the measured diffusivity of water in aCSF at
25 °C [63]. To initialize the simulation, 10* walkers were placed randomly and uniformly within the box. These
simulation parameters are expected to yield low to moderate variability (< 5%) between repetitions with different
random seeds [68]. Permeability and exchange were modelled using a small cross-over probability of 4 X 107> upon
collision with a sphere wall (and reflection otherwise). Specifically, walkers take a full step upon cross-over and
otherwise experience a perfect (elastic) collision with the wall.

Gradients and phase accrual were simulated by having the isocenter through the central plane of the box and a
gradient g = 15.3 T/m in the x-direction, consistent with the PM-10. The phase of each walker ¢(¢) was updated per
step by ¢(t + At) = ¢(t) + AtAw, where ¢(0) = 0, Aw is the local frequency offset given by Aw = (x — xo)g, with
xo = 5.5 um. The effect of 180° RF pulses was simulated as an instantaneous change in the sign of Aw. During the
mixing time #,,, Aw was set to 0. A reflecting, rather than periodic boundary condition was used at the edge of the
box to avoid issues related to changes in Aw upon exiting the domain. Finally, the signal was calculated by taking the
real part of (exp(i¢)), where (-) represents ensemble averaging. Relaxation effects were not included but could be
implemented as the subject of future work.
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1sa 2. Diffusion in the SG-SE experiment

155 Before addressing exchange and SG-DEXSY, we must first consider the SG-SE experiment with echo time 27
s and gradient amplitude g. The SG-SE is the basic experimental paradigm used here, as the implemented SG-DEXSY
157 sequence consists of two SG-SE blocks (see Fig. 1). According to Hiirlimann et al. [69] (c.f., refs. [70-73] for
18 review), one can roughly separate the SG-SE signal behavior due to diffusion into three regimes: Gaussian, and two
159 non-Gaussian regimes. In the Gaussian regime, spin isochromats or simply “spins” are not significantly impeded by
w0 barriers and diffusion is effectively free, resulting in Torrey’s [74] well-known expression for the normalized signal
w1 attenuation: S/So = exp(—bDy), where b = (2/3)y*g>7>, v is the proton gyromagnetic ratio, and Dy is the self-
12 diffusion coeflicient of water.

w3 2.1. Asymptotic regimes

164 In the non-Gaussian regime(s), spins are impeded and the limiting signal behavior takes on a much slower decay
s (n.b., the term non-Gaussian is used here to refer to the distribution of spin displacements and restriction by barriers
16 in general, rather than to the phase distribution). The form of the signal decay depends on the relationship between
17 characteristic length scales: (i) the diffusion length £; = vDot, which is the typical distance travelled by spins during
s each gradient application, (ii) the structural length £, which defines the confinement dimension along the gradient
e axis (e.g., pore diameter), and (iii) the dephasing length £, = (Dg /vg)"/3, which is the distance that two spins must
7o travel to de-correlate their phase by & radians. Any one of these length scales being much shorter than the others gives
71 rise to a different asymptotic regime of signal behavior. The Gaussian regime arises when £ is much shorter than ;.
122 In terms of these length scales, we have that:

S 2(¢41°

= —exp(=bDg) =exp |-= |2 |, &y < ¢,. 1

S5 xp (=bDy) Xp( 3[£’g]) d < L (1)
173 The “motional averaging” or “motional narrowing” regime arises when s is the shortest of the three length scales

174 such that spins experience only a limited range of frequencies over time [3, 75]. Exact solutions were given by
175 Neuman [5] in the case of simple, impermeable domains. For spheres of radius R:

S 2 2,2 X -4
S exp |28 i
So Do~ (@,R)" -2
= )
e 3 — 4exp (—a2,Dot) +exp (2a2,Do7)
ai,Dy '
s where a,, is m™ root of

, 1

(amR)J3/2(a'mR) - §J3/2(a’mR) =0, 3)

177 and J represents a Bessel function of the first kind. The first 5 roots are sufficient to obtain a good approximation for
78 short diffusion times (< 1 ms) and small radii (< 1 um), and are given by @,,,R = [2.0815, 5.940, 9.206, 12.405, 15.579].
79 In the limit of large £, the above expression simplifies to:

S ANk

— —-a|— — , b <y, ly, 4

5 =on o[ 7] ) st @
180 where a is a geometry-dependent prefactor (e.g., for spheres, a = 1/175 and {; = 2R). The “localization” regime
w1 arises when £, is shortest. In this regime, signal localized near barriers within a distance of £, persists whereas signal
122 deeper within the structure dephases due to being able to displace a distance {4 > {, within {;. The signal behavior

13 in this regime was first described by Stoller et al. [76]. To a first-order approximation, the asymptotic signal behavior
18 at large €4 (ignoring permeability) is given by [72, 76-78]

S fg fd g
S_() =~ (ZQZ exp (—al [E B gg < gs’fd, (5)

5
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where ag is a geometry-dependent prefactor (e.g., ap = 5.8841 for parallel plates), and a; = 1.0188 is a universal
prefactor. While the signal behavior in these non-Gaussian regimes is complicated and exact expressions are either
unwieldy or not available, the different scaling behaviors in terms of £y, g, and £ are clear.

2.2. A parsimonious ensemble signal model

As noted by Grebenkov [72, 79], these scaling behaviors yield a simple, dichotomous view of the Gaussian and
non-Gaussian regimes for the SG-SE experiment. Consider that the b-value is proportional to 73 or 52. Since g is
fixed in this case, £, is constant and 7 is the only parameter being varied. The Gaussian and non-Gaussian regimes
are contrasted by their ({4 /fg)6 vs. (€gq /{’g)2 scaling, respectively — see Eqs. (4) and (5). This ratio can be seen as
the controlling feature of the SG-SE experiment, so we define the following dimensionless parameter, p:

¢
pi= = (1) "Dy Vr. ©)
8

Equivalently stated, signal in the Gaussian regime decays with b o« p® whereas the non-Gaussian signal decays much
more slowly with b'/3 o p? [79, 80]. We illustrate this dichotomy in Fig. 2, plotting the normalized signal decay
from Eq. (2) for spheres of radii R = 0.4 — 1 um in comparison to free diffusion as a function of p?. As £, increases
and p?> > 1, the signal behavior for spheres quickly approaches the asymptotic, linear behavior predicted by Eq.
(4). The parameter values are chosen to correspond to the PM-10 system at room temperature: Do = 2.15 ym?/ms,
g = 15.3 T/m. These values are used throughout, though we stress that by expressing the signal w.r.t. powers of p,
the observations can be generalized to other SG systems with different attributes. Also plotted is the localized signal
decay from Eq. (5), which may become relevant as p? increases, at least for larger £, = 2R > g

The picture is more complicated in heterogeneous environments such as biological tissue, which may be hierar-
chically organized, and wherein there may be a range of £ values present. In such samples, all three of these regimes
can arise within different microenvironments, and the ensemble signal resists characterization by any one of the signal
expressions. Nonetheless, according to the dichotomous view above, the non-Gaussian signal can be lumped into
some effective decay with p?, irrespective of the actual distribution of £ and the mixture of motionally-averaged and
localized signal that may arise as a result. The ensemble signal can be approximated as a Gaussian signal fraction
decaying with p® and a non-Gaussian fraction decaying with p?, as suggested by Cai et al. [81], and which is similar
in principle to the combined hindered and restricted (CHARMED) model [82]. Ignoring exchange for the time being,
we can write the following quasi-biexponential model:

Sio . (—p6<CG>) + fNG exp (_pZ(CNG>), @)

where fg represents the Gaussian fraction (e.g., the occupancy fraction of the extracellular space, or ECS), fx¢ rep-
resents the restricted, non-Gaussian fraction (e.g., the intracellular space, or ICS), fG + fnvg = 1, and {cg), {cNnG)
are dimensionless decay constants w.r.t. p® and p?, respectively, where (-) represents signal-weighted ensemble aver-
aging. For free diffusion, (cg) = 2/3, with smaller values indicating hindered diffusion with an apparent diffusivity
Dy given by
2 (Dapp
cg)==—]1- 8

(cG) 3 ( Do ®)
The non-Gaussian decay (cy¢) can be viewed as arising from some effective structure size. In the case of motional
averaging within spheres, we obtain from Eq. (4),

4
Reff) . (9)

16
(eng) = ( [g

175

which is valid for large p > 1 (£4 > (g, {s), and where R is an effective spherical radius, that by volume weighting
may take the form Reg = ((R7)/(R))'/* [83]. Note that in this model, the signal fractions fg, fxvG do not represent
volume fractions per se. Rather, they represent the proportion of signal that appears to undergo Gaussian vs. non-
Gaussian signal decay. Water within some large structure with £y > {,, for instance, may include both Gaussian and
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Figure 2: Comparison of the SG-SE signal behavior in different regimes and in simulation and fixed spinal cord data w.rt. p? = (£4/ ly )2 o b1/,
(a) Signal curves S/Sy plotted on a log-axis for the free (dash-dot line), motionally-averaged (red to black lines), and localized (blue) regimes
compared to data from Monte Carlo simulations (magenta) and data acquired in fixed spinal cord (cyan). Curves are plotted up to p? = 25 using
Dy = 2.15 um?/ms, g = 15.3 T/m, which gives a dephasing length £, ~ 806 nm. Motionally-averaged signal is plotted for spherical radii from
R =0.4 -1 pm or from {5 = 2R ~'1 — 2.5, summing up to the first 5 roots in Eq. (2). Note the rapid approach of Eq. (2) towards the
asymptotic, linear behavior predicted by Eq. (4) as p? exceeds ~ 2, or p 2 1.4. Localized signal is plotted only for £ > 1.5 {g using the prefactor
ap = 5.8441, see Eq. (5). For the Monte Carlo simulation data, error bars indicate =1 SD from 3 repetitions with different random seeds. For the
spinal cord data, error bars indicate 95% confidence intervals estimated by bootstrapping 43 repetitions on the same sample. Fits to Eq. (7) yield
f1 = 0.44, (cg) ~ 0.40, {(cr) ~ 0.21 for the simulation data and f; ~ 0.16, (cg) ~ 0.26, (cr) ~ 0.18 for the spinal cord data. (b) Zoomed plot
up to p? = 5, highlighting the transition from Gaussian signal behavior to the characteristic non-Gaussian signal decay that is linear on this axis of
p? o b'/3. Note the deviation from the fit in the spinal cord data, suggestive of potentially distributed non-Gaussian compartments.
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non-Gaussian decay, with some signal that dephases with p® and some that becomes localized and dephases with p?
[79, 78].

In Fig. 2, we show that both simulated and real SG-SE data measured in fixed spinal cord fit well to Eq. (7). For
the simulation data, a fit to the mean yields: fyg ~ 0.44, {cg) = 0.40, {(cng) ~ 0.21. For the spinal cord data:
fng = 0.16, {cg) = 0.25, (cnyg) = 0.18. The {cn¢) obtained from simulation data yields Reg =~ 1.0 um from
Eq. (9), which roughly agrees with the actual radius R = 0.95 um, though the fitted fyc = 0.44 overestimates the
intra-sphere volume fraction of ~ 0.34. This may be because the space between spheres can appear to be restricted
rather than hindered — consider that at its narrowest, the inter-sphere spacing is 0.1 um (see Methods). Another
confounding effect is that as p and ¢4 increase, exchange during the encoding will also increase, which may reduce
the effect of restriction (i.e., increase {(cy¢) and/or reduce fyg). As discussed, the estimation of restriction and
exchange parameters is degenerate with SDE. In the spinal cord data, there is notable deviation from the fit around
the transition at p> ~ 2 — 4 (see Fig. 2b). This deviation could be explained by the different rates that the (potentially)
numerous non-Gaussian signal pools approach the limiting behavior whence p? scaling emerges. A related issue is
that for p < 1, the non-Gaussian signal is not yet well-described by a simple scaling with p> and further terms that
were truncated to arrive at Eq. (4) are needed to explain the signal [S]. Due to these issues, the fit parameters to Eq.
(7) should be treated as apparent and non-quantitative.

Despite its limitations, Eq. (7) is seen to be a good empirical signal model for systems that contain both Gaussian
and non-Gaussian signal populations, and can fit the data well across a wide range of p? values. Importantly, the model
captures the distinct scaling behaviors that differentiate the Gaussian and non-Gaussian signal pools, and provides a
starting point for our modelling of the SG-DEXSY signal.

3. Exchange and restriction in the SG-DEXSY experiment

How does this signal model relate to exchange and the SG-DEXSY experiment with parameters 7y, 72, t,,,? Note
that by exchange, we refer specifically to barrier-limited exchange, when molecules typically diffuse across a structure
many times before exiting. This can be more formally stated using a permeability length: £, = D/« (see Novikov
[13], c.f., Grebenkov [84]), where « is the permeability with units of length per time. The permeability length can be
seen as an effective membrane thickness or as a competition between diffusive and barrier-limited kinetics. If exchange
is limited by the time to diffuse to the barrier (£, < {s) the effect of exchange is indistinguishable from hindered
diffusion. The long-time limit is rapidly reached and Gaussian diffusion is recovered. Barrier-limited exchange is
observable only when ¢, > {s and {; > €s. This means that motionally-averaged or localized signal must be present;
the barrier-limiting condition is tantamount to non-Gaussian signal behavior. In this case, exchange can be modelled
with a first-order rate constant, k [9, 10, 84]:

k=—==" (10)

where 7 is the corresponding exchange time (i.e., a mean pore residence time) and S/V is the SVR. As an aside,
we point out that any signal model that characterizes the confined signal using a hindered diffusivity yet also fits a
first-order exchange rate, such as the Kirger model [9, 10] or indeed the original DEXSY model with P(D1, D;) [33],
does not correctly describe the SG experiment.

With the preceding remarks on diffusion in mind, the SG-DEXSY experiment can be conceptualized as follows:
(i) spins undergo an initial diffusion encoding with echo time 27 that separates microenvironments into Gaussian
and non-Gaussian regimes by their degree of dephasing, (ii) the signal in these environments then mix during the
longitudinal storage period t,,, wherein exchange out of the non-Gaussian microenvironments is barrier-limited, and
(iii) a second encoding with 27, dephases the exchanging signal, resulting in exchange-weighted contrast in the
measured echo intensity, S. For this experiment to work, several conditions must be met.

3.1. Sensitivity to exchange

Firstly, exchange during 7,,, must be detectable. That is, exchange must not proceed so quickly that a steady state
is reached during the encoding itself: 7 > 27;. Another condition is that the signal must not fully decay by 7}
relaxation, (i.e., Ty > t,,). There must also be significant contrast between the Gaussian and non-Gaussian signals.
According to the above conception of the SG-DEXSY experiment, the sensitivity to exchange is proportional to the

8
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Figure 3: Signal difference AS/Sy between non-Gaussian and Gaussian signal decay plotted as a function of p = £ /£ for motional averaging in
spheres of radii R = 0.4 — 1 um using Eq. (2), compared to free diffusion, or Eq. (1). The difference between the components of the fits to Eq.
(7) for simulated (magenta) and spinal cord (cyan) data shown in Fig. 2 are also plotted, i.e., AS/Sy is calculated as the difference between the
terms exp(—p?(cn G )) and exp(—p®{ci)). For these data, AS /Sy is smaller and the maximum is farther to the right due to hindered diffusion.
Opverall, the optimal range to maximize AS/Sy is about p ~ 1.35 — 1.55, with p > 1.4 as a heuristic.

difference in signal decay between these regimes, with exchange having the greatest effect when they are maximally
separated. Practically, this translates to parameters in the regime of bDy > 2 (i.e., p = 1.2) such that the initial
encoding greatly dephases the Gaussian signal while preserving the non-Gaussian signal. This is similar to the notion
of an efficient “filtering” value of b1 in FEXSY [41, 85]. This condition also ensures that the non-Gaussian signal can
in fact be described as scaling with p? (see Fig. 2b).

It is important to note that the range of structure sizes £; for which exchange is being probed is determined by the
chosen €4 and €,. Consider that the available g (and ¢,) determines how large 7 (and ;) must be to achieve signal
separation and p> > 1. Subsequently, £ dictates what values of £ result in restriction or non-Gaussian signal (£, <
{q). Thus, the measurement is sensitive to exchange out of structures for which £; ~ £, = 0.8 um < £;. Consider too
the condition about exchange during the encoding (7x > 271). The choice of {; = VD7 dictates what values of 7%
can be measured via 7 > 2{’3 /Do. Thus, the sensitivity to 7x and £; has a multi-faceted dependence on £, . In general,
higher g enables the measurement of faster exchange out of smaller structures [84]. This dependence may explain in
part the large range of reported exchange times in the literature for tissues with heterogeneous microstructure, which
can vary by more than an order of magnitude in ostensibly similar tissue [86].

3.2. Optimal parameter selection

What value of p exactly maximizes sensitivity to exchange? Put another way, what is the maximal signal difference
AS/Sy between non-Gaussian and Gaussian signal w.r.t. p? As a first comparison, we look at AS/S( for motional
averaging vs. free diffusion, or Eq. (2) vs. Eq. (1), shown in Fig. 3. We plot only p > 1, keeping in mind that the
signal model in Eq. (7) is only valid for p > 1 whence the p* scaling of the non-Gaussian regime(s) emerges. The
maximum values cluster around p ~ 1.3 — 1.5 for the chosen values of 2R < £,, with smaller radii leading to a larger
optimum p. We also plot AS/Sy between the two decay terms exp(—p®{cg)) and exp(—p?{(cng)) for the fits of Eq.
(7) to simulation and spinal cord data, shown earlier in Fig. 2. For these fitted parameters, the maximal value of AS/Sy
is smaller due to the hindered model of the Gaussian signal. This also results in a shift of the optimal p to the right.
Nonetheless, the optima lie near the upper end of the values predicted for spheres, at p ~ 1.45 and 1.55 for simulation
and spinal cord data, respectively. In general, p > 1.4 (or p? 2 4, see again Fig. 2b) is a reasonable heuristic to achieve
separation between the Gaussian and non-Gaussian signal without prior knowledge of £,. This value of p corresponds
to 7 ~ 0.59 ms and b ~ 2.3 ms/um? for Dy = 2.15 yum?/ms and g = 15.3 T/m. Note that for p ~ 1.3 - 1.5, localized
signal is not expected because £, is only moderately larger than £,, and the more straightforward interpretation of the
non-Gaussian decay as arising from some effective spherical radius, {c¢;) = 16/175(R ¢t /Zg)4 as in Eq. (9), is likely
to be valid.

There are, however, two values of p in SG-DEXSY, with p; and p; corresponding to 71 and 7. The above answers
what value of p; is optimal, but what of p,? One might guess that holding p; = p, is optimal, again maximally
separating the Gaussian and non-Gaussian regimes in the second encoding. This is in fact the case, as was shown in
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a1 our previous work [42, 81] and by others [21, 87]. We reiterate this result by extending Eq. (7) to SG-DEXSY, writing
sz the signal as arising from four signal fractions:

S(p1, P2, tm)

S =fG.G exp (— [0 + 5] <CG>)

+ fG,NG exp (_p?<CG>_p%<CNG>) an

+ fNG,G exp (_p%<CNG> - Pg<0G>)
+ fNG.NG €XP (— (o1 +p3] <CNG>) ,

ws  where fyg,G represents the signal fraction that exchanges from a non-Gaussian to a Gaussian regime during ¢, and
aa  so forth for f6. 6, fc.NG> [NG,NG (Which sum to 1). Although the model appears to ignore exchange between the
as microenvironments that may comprise fg and fyg — i.e., it looks only at exchange between two bulk pools —
ws we argue that if a (detailed) mass balance holds, then the ensemble-averaged decay constants {(cg), (cnyg) Will not
a7 change with 7,,, and the pools can be treated as decaying identically in both encodings. Therefore, further components
as are not necessary to explain the signal behavior. Mass balance also implies that the exchanging signal fractions
w  fG.NG, fNG.c are equal such that we can define a total exchanging signal fraction

Jexeh = 2fe.NnG =2fnG.G (12)
a0 and rewrite the previous expression in terms of the equilibrium signal fractions, fg and fyG, and fexch:

S(p17p27 tm) —

S0 (1= fwvg =4 fescn) exp (= [of +p5] ()

+ 4 foren exp (S (e0) = p3tenc)) )

+ 3 foxen exp (—p?<ch;> -3 <CG>)
+ (fNG - %fexch) exp (— (ot +p3] <CNG>) .

s Note that the maximum possible value of fexch, Which we will call fexch, 55 for steady-state, is given as a direct result
sz of mass balance by

fexch,ss = tligloo fexch(tm) = 2fG(1 - fG) = 2fNG(1 - fNG)- (14)

sz We also argue that exchange during the encoding period is implicitly accounted for in Eq. (13) because signal that
aiu exchanges partway through an encoding can nonetheless be modelled by some combination of the terms above.
ais Incorporating a model of the intra-encoding exchange such as the Kérger model [9, 10] is not necessary, though
ais  such exchange may result in fexen >0 at t,, = 0.

317 In Figs. 4a and b, we plot signal contour maps generated by substituting the parameters obtained by fitting Eq. (7)
ais to the SG-SE spinal cord data (see again Fig. 2) into Eq. (13). Contour maps are plotted for p, p» > 1 and for several
a9 values of fexen = [0.02, 0.13, 0.27], where the largest value foxen = 2fnG (1 — fvg) = 0.27 corresponds to near full
a0 signal turnover. In the rightmost plot, we look at the signal contrast AS/S due to exchange by taking the difference
a1 between the higher fixcn cases and the fixen = 0.02 case. These difference maps indicate clearly that the maximal
a2 contrast is obtained when p; = p, and confirm the result shown in Fig. 3: that p ~ 1.55 is optimal for obtaining
a2s exchange contrast with these parameters. Moving away from parity results in less contrast, indeed, none along the
a2 axes where p; or p» = 0. It is also clear that the contrast roughly doubles as f.xn doubles, indicating proportionality
as  of this midpoint in the domain with fexch.

azs In Fig. 4c, we show analogous plots for data acquired in fixed spinal cord data over a 6 X 6 grid of p; = py =
a7 [1.09, 1.30, 1.49, 1.65, 1.80, 1.93] at a short #,, = 0.2 ms vs. a long #,, = 160 ms. At this long ,,, exchange is
a8 expected to have reached the steady state, fexch,ss. Despite the coarse sampling of this data, the finding that p; = p»
a0 1S optimal remains clear and the qualitative similarity to part (b) is evident. While the optimum is shifted slightly
a0 towards a smaller p = 1.37, this may be due to the deviation from the fit around these values of p, which can be seen
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Figure 4: Signal contour and difference maps between low and high exchange cases. (a) Plots for synthetic data generated using Eq. (13) and
the fit parameters obtained by fitting Eq. (7) to the SG-SE spinal cord data in Fig. 2: fng = 0.16, (cG) =~ 0.25, (cnG) = 0.18. Exchanging
signal fractions fexch = [0.02, 0.13, 0.27] are compared, where fexch,ss = 0.27. Exchange is seen to produce an inwards curvature in the signal
contours around pj, pp 2 1.25 (see middle panel). The difference map AS/Sy indicates that p; = py ~ 1.55 produces the most exchange
contrast, which agrees with the optimum and range identified in Fig. 3. The parity axis p; = p» is marked with a dash-dot line. The heuristic
optimum of p; = pp = 1.4 is marked by a cross. (b) The same plots as part (a) but using the maximal fexch = fexch,ss ® 0.27. Note that
the exchange contrast AS /Sy roughly doubles as fexch doubles between (a) and (b), proportional with the increase in fexch. The peak value of
AS/Sy increases from ~ 0.023 to ~ 0.046 (see color bar values). (c) The same plots for data acquired in fixed spinal cord in a 6 X 6 grid at
p1 =~ p2 = [1.09, 1.30, 1.49, 1.65, 1.80, 1.93] (recall that 7, # 71, see Methods). In these data, the optimal point is shifted towards a smaller
p1 = p2 ~ 1.37 than in parts (a) or (b), and is also of a smaller peak amplitude than part (b), with a maximal AS/Sp ~ 0.037. This may be due
to the model being an incomplete description of the distributed non-Gaussian microenvironments in tissue (see again the fit deviations in Fig. 2b)
and/or larger compartments with a smaller expected optimum but larger volume dominating the exchange contrast (see Fig. 3). Nonetheless, the
heuristic p; = pp = 1.4 remains a good choice. Despite the coarse sampling of this data and the shift in optimum, the qualitative similarity in shape
and character to part (b) is evident.
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Fig. 2b. Another explanation is that larger compartments dominate the exchange contrast due to their greater volume
fraction (see the trend with R in Fig. 3). Regardless, p; = p» = 1.4 is shown to be a good heuristic and is marked by
a cross in all of the difference maps.

3.3. The curvature method

Our goal though is not merely to obtain maximal exchange weighting, we also wish to isolate the effect of exchange
such that the fitting of a highly parameterized model such as Eq. (13) is not necessary to estimate 7. We should thus
ask what set of SG-DEXSY points yields contrast due to exchange independent of other effects. We previously showed
in Cai et al. [42] that by holding the sum of b-values — bg; = b; + b, — constant, we can isolate exchange from
non-exchanging, Gaussian diffusion (an idea inspired by Song et al. [88]). We further showed that the curvature
along an axis of constant b (i.e., along the difference axis by = b — by) is proportional to fexch if the exchanging
microenvironment(s) can be adequately modelled with an apparent diffusivity, i.e., decaying as exp(—=bD,pp). From
Eq. (9) in Cai et al. [42], a minimal measurement of fxch at a given z,,,, assuming two sites with diffusivities Dg > Dy,
is
1 exp (bs[DEg + D])

Jexch = S_O (Dg - D])2

s)

2(Send — Smid)
Ab? ’

where Ab is a step-size in by as close to by as possible, Senq corresponds to the signal when (b, by) = (Abg, bs —
Abg), Smia corresponds to (by, by) = (%bs, %bs) — i.e., the point along the parity axis with maximal exchange
weighting — and the bracketed term on the right-hand-side is a finite difference approximation of the curvature in S
w.rt. by about by = 0, taking advantage of the symmetry across the parity axis. The general approach is visually
supported by the rightmost column of Fig. 4, which shows that (Sena = Smia) /So takes the difference between a point
with almost no exchange weighting along p; or p» = 0 (i.e., Aby = by) and a point with maximal weighting along
parity p; = p», thereby isolating exchange. The two points are notated as such because Spig corresponds to a midpoint
in the domain and Senq corresponds to an endpoint along the marginal axis.

As discussed in the previous section, however, a model such as Eq. (15) may be inaccurate for SG-DEXSY in
heterogeneous systems because the characteristic b'/3 or p? scaling of the non-Gaussian regime(s) is not accounted
for. Applying the same principle, holding the sum of b}/ T4 b;/ 3 or p% + p% constant would potentially remove the
effect of fnG NG, or non-exchanging, non-Gaussian diffusion, but these two constancy conditions cannot be met
simultaneously. In a follow-up work [81], we extended this curvature method to account for non-Gaussian diffusion
by acquiring multiple by values to estimate fy G and (cny¢c) prior to estimating 7. Though the expression(s) became
complicated, a key finding of that work is that non-Gaussian diffusion manifests itself as an intercept in the curvature
that does not vary with #;,. This finding suggests that while it may be difficult to measure fexch in an absolute sense,
the change in some signal quantity such as (Sepg — Smida)/So W.r.t. 7,,, may be sufficient to characterize the exchange
time Ty via its proportionality with fuch. If said quantity is linear with fexcn, €ven with some intercept, then 7 can be
measured robustly in a manner that is isolated from the effects of restriction or non-Gaussian diffusion.

3.4. Rapid quantification of exchange

Let us reconsider Eq. (13) for these points of interest: Syiqa/So along p; = p2 = 1.4, and Sepq/So along py = 0
with p; > 1.4. Hereafter, we notate the equal p values in Spia/So as pmia and the (p1, p) values for Senq/So as
(Pend. 15 Pend,2)- Note that peng» cannot be set to 0 exactly for SG measurements as the gradient is “always-on”. In the
case of Smid, Pmia = 1.4 (b = 2.3 ms/,um2 for Dy = 2.15 ,umz/ms) should be large enough that signal in the Gaussian
environment(s) during both 71 or 7 will be fully dephased — see again Fig. 2b — leaving only the terms in Eq. (13)
with at least one encoding residing in the non-Gaussian environment(s):

Smid(tm)

So ~ (fNG - %fexch) exXp (_Zprznid<CNG>) + fexch €Xp (_Prznid<CNG> - pgﬁd<CG>)’ (16)

This expression is itself a linear relationship with fexch, with intercept fy exp(—Zpﬁli 4{cnG)) and a (negative) slope
of exp (—p2. (cne) — P8 (ca)) — exp(-2pZ.,{(cNG))/2. This linearity was hinted at in Figs. 4a and b, where
the exchange contrast AS/Sy was seen to double as fexcn doubled. We can confirm this relationship by looking at
simulation data, for which the position of walkers during each encoding can be tracked, i.e., the true fexch i known.
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Figure 5: Comparison of fexch and Spiq/So obtained from simulation data with p; = p» ~ 1.397 and #,,, = [0.1,.0.5, 1, 2, 5, 10, 15, 20, 50] ms.
Here, the ground-truth fixcp is quantified as the fraction of walkers that moved from inside/outside of a sphere between the start of the simulation
and the start of the second diffusion encoding. The curve for fuxcp (left axis, black) is fit to the form f (%) = 81 [1 — exp (=82 tn) | + 83 whereas
Smid/So (right axis, magenta) is fit to f(¢,,) = B1exp (=2 tm) + 3. Note that a small intercept of B3 ~ 0.02 is estimated in fexch due to
exchange during the encoding period. Error bars indicate mean + SD from 3 repetitions. Solid lines are a fit to the mean. Fits to each repetition
yield 74 = 1/B2 =21.7 £ 0.9 and 20 + 5 for fexch and Smiq/So, respectively. The values are in agreement, though noisier for Syiq.

Specifically, we define a walker as having exchanged if its position at the beginning of the simulation differs from
that at the start of the second diffusion encoding period (in a binary sense: inside vs. outside of a sphere). If Eq.
(16) holds, then fitting the exponential decay of Smia/So W.r.t. ¢, should yield the same time-dependence (i.e., with
Ty) as fitting the growth of fexen. Practically, this fit of Syiq/So w.r.t. 1, needs at least 3 parameters without a priori
knowledge. These parameters can be conceptualized as arising from (i) the decay of the equilibrium signal pools and
any exchange during the encoding, which leads to an intercept at z,,, = 0, (ii) a limit that is reached as ¢, — oo and
Jexch = fexch, ss» and (iii) a first-order exchange time, 7. The fit has the general form f(¢,,) = 81 exp (=B2tm) + B3
[23, 43], where B, = 1/1; = k.

In Fig. 5, we plot the ground-truth foxen and Spmig/So vs. t,, for 3 simulated repetitions with ppiq ~ 1.397
(r = 0.59 ms) and ¢, = [0.1, 0.5,1, 2, 5, 10, 15, 20, 50] ms. Fits to each repetition yield 7 ~ 21.7 + 0.9 and
Tr = 20 £ 5 ms (mean + SD) for fexeh and Spiga/So, respectively. The exchange times thus agree between the curves,
as predicted by Eq. (16). The estimation is also seen to be robust to a small amount of exchange during the encoding
which is captured in the intercept 3. In principle, therefore, it is possible to measure 7 from the decay of Smiga/So
along at least 3 points in 7, to fit the 3-parameter model, which is a highly efficient and quantitative measurement
of exchange. Remarkably, this estimation can be performed without invoking any microstructural signal model and
arises merely out of the signal decay of Spig/ Sy itself, although we do assume that said decay takes a monoexponential
form consistent with barrier-limited exchange.

What of Sepg? For this point, we can again simplify Eq. (13) by assuming that signal which is in the Gaussian
environment during the large first diffusion encoding has vanished:

Send(tm)

SO ~ (fNG - %ﬁexch) exp (_ [pgnd,l +p§nd,2] <CNG>)

(17)
4 fon @50 (—pZhq 1 (eNG) = Plan(c6))-

Similar to Spiq/So, this expression too can be described as a slope and intercept in fexcn, though the slope is much
smaller because peng2 ~ 0. Normalizing or subtracting Smia/So by a point such as Sena/So (as in the curvature method)
should thus have no effect on the fundamental linearity with fixch. The estimation of 7 remains robust regardless.
The choice of this additional point does become important if we consider the effect(s) of relaxation.

3.5. Accounting for relaxation

Thus far, we have ignored T} relaxation during #,, by expressing the signals as normalized by Sp. Normalizing
for relaxation in the SG-DEXSY experiment is not straightforward, however. The T; for the exchange-weighted

13
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Figure 6: Estimation of the exchange time 7 from two points per #,;; (Smig and Sepq) in viable ex vivo spinal cord. The normalization and fitting
approach shown here comprise the DEXR method. (a) Plots of the raw signal decay of Syig With pyig = 1.39 (7 = 0.59 ms) and Sepg With
Pend & 1.55 (1 ~ 0.74 ms) for 11 values of ¢,, = [0.2, 1, 2, 4, 7, 10, 20, 40, 80, 160, 300] ms. Data is plotted on a log y-axis to highlight
the approximately linear decay at long #,,, indicative of diffusion-weighted 77 relaxation. Error bars indicate mean + SD from 3 repetitions on
the same sample. Both points evolve by 77, while Spig also evolves due to exchange. Fitting a monoexponential decay to Sepg yields an apparent
diffusion-weighted 77 ~ 600 + 20 ms, which differs from the 77 = 710 + 10 ms obtained by fitting an Sp acquisition with 7; = 75 = 0.05 ms
(fits and data not shown, see ref. [43]), highlighting the non-triviality of accounting for 77. Note that because Senq is not acquired precisely at
7, = 0, but at py ~ 0.81, this point is also slightly exchange-weighted — see the non-linear behavior at short times. (b) Fit of Eq. (18) to the ratio
Smid/Send, yielding 7z = 11 +3 ms. Fits to the mean using all 11 #,, (solid line) or a minimal 3 values of #,,, = [0.2, 20, 160] ms (crosses, dashed
line) are plotted. The minimal sampling yields a similar 73 = 17 = 4 ms.

point Spig is not the ensemble 7 as measured by So, but rather a diffusion-weighted T that is dominated by smaller
compartments. Simply using Smiq/So may leave some residual effect of 77 that biases the exchange measurement. The
issues caused by 7 relaxation in these measurements was explored in detail by Williamson ef al. [43] and approaches
were given to normalize it. In general, these approaches exploit the fact that Sepq is equivalently diffusion-weighted
but is nominally not exchange-weighted (see again the rightmost “difference” column in Fig. 4). Therefore, we can
use the decay of S.pg W.I.t. #,, to characterize the diffusion-weighted 77 and remove it from Sp,q, recovering the linear
relationship with feh in Eq. (16) that permitsrobust exchange measurement.

A straightforward approach is to take a ratio of the two points Syiq/Send, i-€., normalizing by Sepg rather than Sp.
One could also fit Senq separately before dividing out this decay from Spiq. The latter approach has the benefit of
requiring as few as 2 points in Sepq while also avoiding noise propagation, which may be critical if SNR is low. Other
approaches are also possible. Again, we defer to ref. [43] (where the ratio is called Method 2) for a more thorough
comparison. Here, we choose the ratio approach for its simplicity and to avoid additional fitting steps.

We have thus arrived at the Diffusion Exchange Ratio (DEXR) method, which is comprised of the following fit:

Smid(tm)
Send(tm)

In Fig. 6a, we plot the raw signal values of Spiq and Sepg acquired in a viable, ex vivo spinal cord with ppig = 1.4,
Pend & 1.56 (with a small p, = 0.81), and across 11 values of #,, = 0.2 — 300 ms (see caption). In terms of b-values
and the curvature method, these parameters correspond to by = 4.5 and Aby = 4.3 ms/ /,tmz. We see that both Spyiq
and Sepg evolve by a diffusion-weighted 77 that is nearly identical at long ¢,,, i.e., at steady state (see ref. [43] for
estimates of 77 across many samples that confirm this), while exchange manifests as an additional decay in Spq. In
Fig. 6b, we plot Spid/Sena along with a fit of Eq. (18) to the mean. The data takes roughly the expected form for
a first-order exchange model (i.e., exponential decay to a baseline) after removing 7). Fits to each repetition yield
Tr = 11 = 3 ms, which is consistent with our previous reports [23, 43, 63].

14
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a2 To demonstrate the potential efficiency of the method, we perform the same fit using a minimal 3 values of
w2 by = [0.2, 20, 160] ms (indicated by crosses and a dashed line in Fig. 6b). Using 3 points along ¢,, or 6 points
223 1in total yields 7 = 17 £ 4 ms. Thus, similar parameters and variation can be obtained from minimal data, though
w24 a slightly smaller 74 is estimated using the full dataset. This may be due to some multiexponential character in the
«2s data, which can be seen in the zoomed inset in Fig. 6b. The behavior is interesting and may indicate that a first-
w2s order exchange model is insufficient to explain the data, which we will explore further in the following section on
w27 time-dependent diffusion (see Ordinola et al. [89] and Cai et al. [90] for other investigations of this phenomenon).

428 It should be mentioned that there are other effects in the DEXR experiment. For instance, there is also a small
w29 difference in T>-weighting between Spig and Senq due to their different 7 values, as well as the possibility of 7,-7»
w0 exchange, though we expect that these effects will be small given that 7 < 1 ms <« T,. Another issue is that in our
s SG-DEXSY implementation, Sepq is slightly exchange-weighted (see Methods and Fig. 6a) and dividing it removes
w2 some exchange contrast [43]. Nonetheless, these effects will not impact 7 estimates much because they are captured
«s in the other fit parameters §; and B3 that characterize the range of signal variation. We reiterate that the linearity
ws between the ratio Spig/Send and fexen 1S What is important and this is preserved and robust to confounding effects.
«s  That said, Eq. (18) and its demonstration in Figs. 5 and 6 form the basis of the DEXR method.

ws  3.6. Extracting restriction parameters

a37 Although 7 is the main parameter of interest, 81 and 53 may also hold important information about exchanging
ws  pools and their environment. If the confounding effects such as exchange during the encoding can be accounted
wo  for, then these parameters contain information about the restricting microenvironment and can potentially be used to
wo  estimate fyg and (cng). Consider that the total signal variation B; should be related to fexch,ss, With a larger S
w1 indicating larger fexch, ss, all else being equal. The intercept where ¢, = 0, given by 1 + 83, should be related to the
w2 decay of the equilibrium signal fractions as well as exchange during the encoding. Can these terms be rearranged to
a3 yield restriction parameters?

aaa First, let us try to estimate fy . Consider that by taking some ratio in combinations of 8; and 33, we can remove
ws any leading exponential attenuation terms. We will leave aside the issue of S.pg being slightly exchange weighted
ws  for now, working with an idealized Spiq/So from Eq. (16). The limiting behavior(s) can be written following some
47 Tearrangement as:

Smid(tm) o fI_fexch,O(l/z_O—)’ tm=0 (19)
So Ji = fexenyss (1/2 =), [m_>°°’
ws  where we leave out the leading decay term exp( —2p[2ni 4{cnG)) for compactness, and where
0 = exp (pfmd<ch> - pﬁﬁd<c<;>), (20)

ws  can be thought of as a filter efficiency that characterizes how well a single encoding with ppiq separates the Gaussian
a0 and non-Gaussian signal, and fexch, o/1s the exchange that transpires during the first encoding. More specifically, o
st describes the degree to which signal that has exchanged (i.e., which spends one of the two encodings in the Gaussian
ss2  environment) is dephased relative to the non-exchanging, non-Gaussian signal. An appreciable value of o indicates
s that there remains some coherent exchanged signal that contributes to Syig such that the second term in Eq. (16)
4 cannot be ignored. Taking the ratio of the total signal variation and the intercept, B1/(81 + B3), we obtain

Bl (fexch,ss _fexch,())(l/z_a-)

= . 21
Bi+Bs . ING—Jexno (12— ) @l

ass  Substituting fexch,ss = 2/nvG (1 — fnvg) and dividing fyg,
B _ (1-fne)(1=¢)(1-20) 22)

Bi+pBs  1-¢(1-fng)(1-20)"
w6 where f
exch, 0

— Zoxch.0 23
fexch,ss ( )
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Figure 7: Relationship between fng and the fit-derived quantity 1 — Bi/(B81 + B3) for various values of o =
exp(—pg‘i a{ca)) /exp(—plzni a{cNnG)) and ¢ = fexch, 0/ fexch,ss» Which characterize the confounding effects of extant exchanged signal
and exchange during the encoding, respectively. The solid black line indicates parity when o, ¢ = 0. Curves of Eq. (24) derived from an idealized
Smid/So are plotted for o~ = [0.02, 0.08, 0.14, 0.2] and ¢ = [0.02, 0.06, 0.1, 0.14]. The parameters are varied together (magenta circles) and
independently (blue crosses, red diamonds), with deepening color representing increasing values. In all cases, the behavior manifests, roughly
speaking, as a decrease in the linear relationship or slope between fy G and B81/(B1 + 53)-

captures how much of the total exchange is missed in the first encoding, and we note that fexen 0 = 26 v (1 — fyg).
Rearranging,
(P _ 200 -fn)+ [N

Bi+Bs 1-¢(1-fng)(1=20)
We see that if the confounding effects can be ignored —i.e., if both o, ¢ = 0 — then the right-hand-side is simply fy G-
Thus, fyc can potentially be experimentally measured from the same data and fit, with the following simplifying
cases:

Bi

(24)

s et
fue = L BRI S c=0 (25)
NG 2 Bi+Bs3
Bi Bi -
1—— 1_ 1_— s =O’
B1+53 g( 31+ﬁ3) 7

where the o, ¢ = 0 case is readily extracted from DEXR data and the other cases describe possible corrections.

Practically, o reduces the slope between fy and the quantity 1 — 8;/(81/83) such that its effect is to bias fyg
upwards when compared to the o, ¢ = 0 case. The effect is more pronounced for smaller fyg. The effect of ¢ is
similar in that it also biases fy ¢ upwards compared to the o, ¢ = 0 case. Recall that the relationship between fexch, ss
and fy¢ is quadratic, see Eq. (14); therefore ¢ will introduce an upwards bowing in fyg vs. 1 — B1/(B81 + B3), with
the maximal effect at fyg = 0.5. In Fig. 7, we plot fyg vs. 1 — B1/(B1 + B3) for various values of o and ¢. The
curves indicate that o can have a large effect on f g estimates, while the effect of ¢ is comparatively small. This
suggests that when selecting pn;q, it is preferable to err on the side of larger p in order to better crush the Gaussian
signal and yield robust fj G estimates. Given that the optimal range in Fig. 3 is quite broad, this should have little
effect on the SNR of 7y estimates. In all cases, the effect is roughly linear such that we can correct fj G reasonably
well simply by drawing a line between fyc = 0 and fyg = 1. From Eq. (24) we obtain:

(1-20)(1=¢) ™" . Swia
1-¢(1-20) ’ N

B
B1+p3

Note that o, ¢ can never actually be 0 and the bracketed term above is always > 1 (inverse < 1). As such, using
1-81/(B1+B3) as an estimate of fj ¢ is a systematic overestimation, the size of which roughly scales with 1 — fyg =

fG-
Another confounding effect arises from the exchange weighting in Sepq. As mentioned in Eq. (17), an idealized
Send/So also has a slope and intercept in fexch if Pend,2 > 0. Giving a similar treatment to Seng/So from Eq. (17) as in

16

fvg =1 (26)
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Eq. (19), we obtain

Send (tm) l-¢(1-fng)(1=21m), tw=0
So I-(=-fng)(A=2n), tm—
which is similar to Eq. (19) but with 7 instead of o, and where
1
=30 (~plhyal(ca) = (ena)l) 28)
is a term that characterizes the decay of exchanged signal due to pepg,2, which we have approximated as being Gaussian

for all environments since peng2 < 1. Again, we leave out the leading attenuation term exp(— [pgn a1t pezn a21{enG))

for compactness. As expected, if pena2 = 0, then 7 = 1/2 and Sena/So has no t,,, dependence. Note that ¢ actually
differs between Seng and Spig because their value(s) of T differ. Practically, this difference in 7 is small = 0.14 ms due
to the high g used here, and we will assume that ¢ is approximately equal in both points. Furthermore, the effect of ¢
in Fig. 7 is small such that this approximation should not affect the fy ¢ estimate significantly. If we can assume that
¢ is the same, then we can simply “add back” the t,,, dependence that is lost by dividing Senq, replacing (1 —20) with
(1 -20)+ (1 -2n) =2(1 — 0 — i) wherever it appears. Thus, we approximate from Eq. (26) that

_ B 20— -9 Swid
Bi+ps3 1_2§(1_0-_77) , Send’

taking into account all three effects or corrections from o, ¢, and #7: incomplete dephasing of exchanged signal,
exchange during the first encoding, and exchange weighting in Seng, respectively. Importantly, the general linear
behavior with intersection at fyc = 1 shown in Fig. 7 is preserved in Eq. (29).

Let us assess expected values of o, ¢, and 5. The value of ¢ can be estimated from the fit itself — using 74 = 11 ms
and 27 ~ 1 ms, we obtain ¢ ~ 0.1. However, o and 17 cannot be estimated from the data alone. Using the values
(cng) = 0.18, {cg) = 0.26 obtained for spinal cord in Fig. 2, we estimate that o could be as high as = 0.2 for
Pmid = 1.4, though we again stress that the SG-SE fits are suspect to aforementioned confounds, and {cg) is likely
underestimated. As an upper-bound, using the maximal (¢g) = 2/3 corresponding to free Gaussian diffusion yields
just o = 0.01 using the same (¢ ). A lower-bound can be estimated from literature values of the tortuosity of the

ECS
Do / 2
A= = , 30
Dapp 3<CE> ( )

which generally fall below A ~ 1.7 (and may be much smaller in neonatal mouse tissue that has larger ECS occupancy
compared to adult tissue) [91]. Using A < 1.7 gives (cg) 2 0.5, yielding o < 0.04. For pend,1 = 1.55, pend.2 = 0.81,
we obtain 0.44 <.n7 < 0.47. To a first approximation, we estimate that the bracketed correction term in Eq. (29) may
range from ~ 0.9 — 1.02 in spinal cord data. Surprisingly, these effects when considered together yield a correction
close to 1. Thus, fyg = 1 = B81/(B1 + B3) may be a good estimate in this data, particularly for larger values of
1=B1/(B1+p3) >0.7.

Let us now isolate (cyg). Of course, the estimations of fyg and (cy¢) are actually coupled via the various
correction terms and the two cannot be truly isolated. Nonetheless, we can proceed with estimating some apparent
(cNG) by assuming that our initial f s estimate is accurate. We have at t,,, — oo for Spiq/So that

B3 = fng exp(=2p2. (ena))[1 = (1= fng) (1 = 20)], 31)

v =1 (29)

which removes ¢. Thus,

1 :33/fNG ) Smid
¢ == In , for /=<, 32
{ena) 2054 (1—(1—fNG)(1—20') So (32)
And similarly,
1 1-(1- 1-2 S
(enG) = = - —In (,33 [1 (1 fNG)(l 2’7) ]) for Smld. (33)
end, 1 +pend,2 - meid - ( - fNG)( - 0-) end
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Note that if both restriction and exchange are quantified, then we can go further and calculate the effective permeability

from Eqgs. (9) and (10) as a secondary result,
Reﬂ

:37']{.

Keff (34)
where 3/R.s is the SVR of the effective sphere, though this can easily be adapted for other geometries simply by
changing the geometric prefactor.

3.7. Restriction results

Let us revisit the results in Figs. 5 and 6 and estimate f G and (¢ ). In the simulation data (Fig. 5), we obtain
fnG =0.34 £ 0.06 from Eq. (26) assuming that o7, ¢ = 0 and {(cyG) = 0.17 £ 0.07, Reg = 0.88 + 0.08 um using the
expressions for Syiq/So in Egs. (26) and (32). These parameters agree well with the ground truth of R = 0.95 um and
v = 0.34, though R is slightly underestimated due perhaps to a truncation of Neuman’s [5] expressions to arrive
at Eq. (4). What of the correction terms? From the feccp fit in Fig. 5, we estimate that ¢ ~ 0.04. Again, o cannot
be determined from the data itself because of the lack of sensitivity to {cg), but we point out that a value close to
(cg) = 2/3 is reasonable given the loose packing of these spheres [92]. For the mean (cyG) above and a somewhat
arbitrary {cg) = 0.6, we have oo ~ 0.015. From Eq. (29), we obtain a slightly smaller fyg = 0.33 £ 0.06 and
R = 0.84 £ 0.1 um. Note that applying these corrections updates the estimated {(c ) and thereby the correction
terms themselves. We could perform the correction iteratively until the parameters converge, but because (cg) has
the greatest effect on o~ and 7, this is not necessary and one iteration suffices. The permeability estimated from 7y
and the corrected Req using Eqs. (34) and (9) is ke = 0.14 £ 0.05 gm/ms; which can be compared to a ground-truth
estimate from the fexcn curve in Fig. 5 and R = 0.95 um, which yields k. = 0.094 + 0.007 um/ms. Note that an
underestimation of R.¢ will lead to a corresponding overestimation in keg according to Eq. (34).

These parameters agree more closely with the ground truth than the fit of Eq. (7) to simulated SG-SE data, shown
in Fig. 2, particularly for fy¢. In that fit, ;g = 0.44 was overestimated. Consider that in SG-DEXSY, walkers have
more time over t,, to explore the tortuous space and manifest as hindered signal, rather than appearing as restricted
over the short timescale of an SG-SE. We reiterate that in DEXR data, the estimation of exchange and restriction
are isolated, with exchange being the only effect that influences the time-dependence with ¢,,, while the effect(s) of
restriction are estimated using only the other fit parameters that capture the initial and limiting behavior of the signal
(i.e., B1 and B3, along with the various corrections).

For the fully sampled spinal cord data in Fig. 6, we obtain fyg = 0.752 = 0.003, (cnyg) = 0.28 + 0.02, and
Reg = 1.07 £ 0.02 um, without correction. With this mean (cy¢g), we estimate the correction terms using a lower-
bound (cg) = 0.5 corresponding to A ~ 1.7, yielding o ~ 0.04 and  ~ 0.47. With correction: f; = 0.746 + 0.003,
Reg = 1.11£0.02 um, and k. = 0.33+£0.09 pm/ms. This value of k. is large, but is within the range of permeability
values expected for phospholipid bilayers that highly express aquaporin water channels [93, 94], such as those found
in GM. Solenov et al., for example, report k ~ 0.5 pum/ms in primary cultures of mouse astrocytes, measured via
calcein fluorescence quenching [95].

As was the case for the simulation data shown in Fig. 5, a different fyg =~ 0.75 is obtained here than in Fig.
2, where a much smaller fyg = 0.16 was estimated for spinal cord, though that sample was fixed. Given the very
fast exchange time of 7, = 11 ms, the confounding effect of exchange during the SG-SE encoding may have been
significant, potentially leading to a decreased fn . While the ground truth in this case is unknown (as are the effects
of fixation, which permeabilizes membranes [96]), consider that fyg ~ 0.75 estimated using DEXR roughly agrees
with the expected occupancy fraction of the ICS in vivo; the ECS is reported as occupying between ~ 15 —30% of the
space in rodent spinal cord, specifically [91], in accordance with fG = 1 — fyg = 0.25. We speculate that DEXR is
more quantitatively accurate than SDE, highlighting once again the key advantage of the method in isolating exchange
from restriction. That said, signal from water in the tissue ICS and ECS would not be expected to exactly parse into
fnG and fg; heterogeneity of plasma membrane length scales may lead to some water in the ICS appearing as more
mobile or unrestricted, and the narrow width of the ECS may lead to some water in the ECS appearing as restricted.
We cannot know, truly, what fx ¢ is within tissue, though the obtained estimate is reasonable.

To summarize, the fit parameters obtained from simulation and spinal cord DEXR data are provided in Table 1.
We highlight again that the simulation data produces accurate estimates of 7; and fyG compared to the ground truth,
and reasonable estimates of Reg and kg, though some systematic over/underestimation remains. In the spinal cord
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data, we also explored the feasibility of data reduction, and compared 11 vs. 3 mixing times (Fig. 6b). The use of just
3 mixing times is a vast reduction in data requirement compared to conventional DEXSY.

Table 1: Exchange and restriction parameters estimated using DEXR data from simulation and from viable, ex vivo neonatal mouse spinal cord.
For simulation data, ppig = 1.397 (Sepg Was not simulated). For spinal cord, pmig = 1.4 and (0end, 1> Pend,2) = (1.56,0.81). Error bars = mean
+ SD from 3 repetitions on the same sample. In all data sets, Eq. (18) was first fit to yield 7, 81, and B3. Subsequently Egs. (26) and (32) were
evaluated for simulation data, and Eqs. (29) and (33) were evaluated for spinal cord to yield fy G and Reg from Eq. (9). See the main text for
correction terms (g, o, 17). Subsequently, Eq. (34) was used to yield «.g. The estimated parameters for simulation data can be compared to the
simulation ground truth shown in Fig. 5.

Data source ‘ Sampling in 7, ‘ Tk (ms) ‘ NG ‘ Reg (um) ‘ Keff (um/ms)
simulation (ground truth) 9pt., 0.1 =50 ms 21.7+0.9 0.337 0.95 0.094 + 0.007
simulation 9pt., 0.1 =50 ms 20£5 0.33 £0.06 0.84 + 0.1 0.14 £ 0.05
viable spinal cord 11 pt., 0.2 — 300 ms 11+3 0.746 £ 0.003 | 1.11 £0.02 0.33 £0.09
viable spinal cord 3 pt., [0.2, 20, 160] ms 17+4 0.71 £0.01 1.10 £ 0.01 0.21 £0.06

4. Alternative analysis with time-dependent diffusion

Having provided a pipeline to analyze DEXR data to yield both exchange (i, kefr) and restriction parameters
(fnGs Resr) we now turn towards an alternative analysis in terms of time-dependent diffusion and show that the same
data can be used to yield an apparent VACF.

4.1. A time-domain signal representation

The conventional measurement of time-dependent diffusion using TDS is based on a frequency-domain represen-
tation of the signal [45, 46, 48, 49]

S 1 ®
— =exp|-—— / |F(w)|*D(w)dw|, (35)
S() 2r 0

where F(w) is the (truncated) spectrum of F(z), where F(t) = /Ot Geg(2')dt’, Geg (1) is the effective gradient, and

D(w) is the spectrum of the VACF = 82(r?(t))/2. To be more explicit about how these different transport quantities
(in a single dimension) are related, the conversions between them are summarized as:

2 ffar a? o
Ding(1') === (r(1)) vV (0)) == D(w), (36)
01/2 2 [ (t=1) dr’ F1

where & denotes a Fourier transform, & ~! its inverse, and with the additional relation D(¢) = (r*(r))/2t. We see
that Djn(7) is half the first derivative of the MSD w.r.t. time, while the VACF is half the second derivative. The
frequency-domain expression in Eq. (35) is useful in the case of gradient sequences with a sharp power spectrum, but
less useful in describing the time- or frequency-dependence of more general diffusion MR sequences. According to
Ning et al. [55], Eq. (35) can be rewritten in several equivalent, time-domain representations. One of these expresses
the signal in terms of the instantaneous diffusivity Din(#) and the cumulative gradient autocorrelation function C(t):

TE

S = exp (— C(t)Dinst(t)dt) 37
So

where C(¢) is given by
t
c = [ guwr. (38)
0
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where E
Gt = / Gerr(5)Ger (1 +5)ds (39)
0

is the autocorrelation function of the effective gradient and TE is the time of echo formation. It is important to note
that the b-value:
b= C(t)dt (40)
0

can be viewed in this representation as a multiple time integral of the autocorrelation function of the effective gradient
waveforms. This explicitly opens up the possibility of using unconventional gradient waveforms as a means of refin-
ing the diffusion weighting, and reinforces the notion that the b-value sensitizes the signal to motional correlations
between different encoding periods.

Using this signal representation in C(f), we can characterize the sensitivity of our SG-DEXSY sub-sampling
scheme in the time domain. In the case of an Sepg acquisition or simply an SG-SE experiment, we have that

A

t(—%t+2‘r), 0<r<rt

: 41)
t(%t—2‘r) +272, T<t<21

Cend(t) = 'yzgz

A

where T = 7, and assuming that G.g € {0, —yg, +yg} = 0 for r > 27, i.e., we ignore the diffusion-weighting of
the CPMG readout, see Fig. 1. As an aside, we take this opportunity to point out that there is a typo in Eq. (14) of
Cai et al. [56], where a factor of 2 is missing in the second interval from 7 < ¢ < 27. This Ceyq(t) is a single broad
“lobe” centered at t+ = 27/3, with coarse sensitivity in the time-domain as would be expected of a non-oscillating
sequence. For Spjg with 7 = 71 = 1, the analogous expression for the final echo formed at TE = 47 + 1, is tedious
but straightforward to calculate:

t (4t - 31), 0<t<rt

t (41 +1) + 4712, T<1<21

0, 21 <t <ty

Coia(1) = 7242 t(rm—%)—%, t I SE<tbp+7T 2)

1(=3tm =41+ 5) + (B4 7) (tm +27), I +T <t <tpyp+27

1Bt =87 =5) = (2 +57) (tm +27), tm+27 <1 <tp+37

(=t =4+ 5)+ (8 +27) (tn +47), tm+37 <1<ty +47

0, tmt+4T <t

In Fig. 8, we plot Cena () and Cpia(#) for exemplar timing parameters consistent with the curvature method using
bg ~ 4.5 ms/um? in order to illustrate the shape of these time-domain weightings. The weighting over the timescale
of the first encoding in either case is similar — indeed, these “lobes” integrate to the same total b-value of b, though
Cend (t) spans a wider time range. The Cpiq(#) curve, however, has two additional lobes centered about t = 27 + £,,,,
with the negative lobe having a peak at t = 47/3 + ¢,,, and the positive lobe peaking at r = 87/3 + #,,,. These lobes
arise from the autocorrelation between the first and second encodings and integrate to ¥b/2. If we assume that the
variation in Djns () is small on the timescale of 7 such that we can treat it as being approximately constant over each

lobe, thell 4 8 4 3
Sm]' 1 b | T t -7 lﬂ’l

Send(tm) 2
where 7 here corresponds to 71 = T, of Spyig and Cyp represents a unitless, negative constant that accounts for any
remaining contribution from the imperfect cancellation of the initial lobes in Ceng(¢) and Cpig(?). By dividing the
effective spacing between the pair of positive and negative lobes, 47/3, this becomes a forward, first-order finite
difference approximation of the slope in Djn(¢) at t = 27 + t,,,. Thus we can rearrange the above into an expression
that is an experimental measurement of d; Ding (¢ = 27 + t,,,), which is equivalently the VACF as shown in Eq. (36):

VACF(tm + 27-) ] —zjb [ln (‘;ml;ig;m;) — CO] s (44)
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Figure 8: Time-domain weighting C(#) for an Sepq acquisition with 71 = 0.74 ms compared to an Sp;igq acquisition with 71 = 7 = 0.59 ms;
tm = 2.36 ms for both. These parameters are approximately consistent with the curvature method and bg = 4.5 ms/um?. The curves are plotted
on a non-dimensionalized y-axis of C(z)/(y2g?), where g = 15.3 T/m. Gray vertical lines indicate the timing of RF pulses and echo formation
for the Spig acquisition. The weightings over 0 < ¢ < 27 are similar between the two acquisitions, as expected for an equal total b-value or by.
However, Cpjq(?) has an additional two lobes centered about r = 27 + t,,, with peaks at t = (4/3)7 +1,,, and (8/3)7 + #,,. These peaks arise
from the autocorrelation of the separated diffusion encodings and integrate to ¥b /2, respectively, while the first lobe integrates to +by (i.e., if the
y-axis were multiplied by v2g?).

where we notate the VACF = (v(#)v(0)) as a function of time. Additionally, consider that at long times, we can
approximate lim;_,o, d; Dingt(t) = O (i.e., the long-time behavior where D(f) = D gpp is reached, and the bracketed
term in Eq. (43) vanishes). Therefore, Cy can potentially be approximated by the limiting value of Smid/Send, called
f33 in the previous section:

B Smid(tm) |
VACF(t, +27) = b [m( Sors (tm)) ln(ﬁg)], (45)
where

tm =% Send (tm)

is estimated from a fit of Eq. (18). Such an approximation is justified by the data itself, as decay toward a baseline is
clearly observed (see Figs. 5 and6b). This baseline is when the VACF = 0.

From this perspective, our method can be interpreted as a measurement of time-dependent diffusion — indeed,
it is a direct measurement of the VACF — wherein the weighting in the time-domain is varied via ¢,,. The effective
resolution (i.e., the width of the positive and negative lobes), is the value of 27 for Sy,jq. This method can probe the
VACF from ¢t > 27 ~ 1 ms to an upper limit depending on the SNR constraint imposed by the sample 7}, which for
this field strength is on the order of ~ 1 s (see Fig. 6a), and by the chosen diffusion weighting. Using just one method,
we can probe multiple orders of magnitude in the time domain.

4.2. The Gaussian phase approximation and stationarity

Before going further and applying Eq. (45) to the DEXR data presented previously, we stress that these time-
dependent signal representations are valid if and only if the transport process is stationary with no net flow into/out
of the active region, nor any re-partitioning of the signal between compartments (i.e., detailed balance). Another
assumption is that the distribution of spin phases P(¢) is well-approximated by a Gaussian. If so, the first two
cumulants suffice to describe P(¢). This is known as the Gaussian phase approximation (GPA), used since the
infancy of diffusion MR [5, 57, 69, 97, 98]. The GPA holds in the motional averaging and Gaussian diffusion regimes
but not in the localization regime. It holds in the motional averaging regime because the averaging process within a
given restricted volume implies that each spin isochromat is in effect a random sample of the underlying P(¢) and
the central limit theorem applies [69]. The GPA can be equivalently stated as there being negligible localized signal.
Recall that in our data, we have p > 1, but no greater than p ~ 1.6, and thus a significant amount of localized signal is
not expected because £; and £, remain similar, and the GPA should hold. This can be explored in the simulation data.

In Figs. 9a and b we show the phase distributions P(¢) at the end of the first and second encodings of the
simulated SG-DEXSY experiment, respectively (i.e., at the times of echo formation). We see that the non-Gaussian,
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Figure 9: Phase distributions P(¢) € [—n, +7x] at (a) the first echo for fyG and fg, and (b) at the final echo for fnG, NG, fexch, and fG G in
simulation data generated from a single repetition using ppig & 1.397 and t,,, = 50 ms: The signal S = (cos(¢)) (i.e., real part) is shown as text.
The non-exchanging, restricted signal fy G, nG is well-described by a Gaussian (green, dash-dot line) such that the GPA holds, as expected for
this value of p 2 1. Quantitatively, an Anderson-Darling test yields a p-value ~ 0.33. The Gaussian signal fi, g is fully dephased. The exchanged
signal fexch is mostly, though not entirely dephased.

non-exchanging fraction fy, v at the second echo is well-described by a Gaussian (p > 0.3, see caption), while the
other signal fractions are nearly completely dephased. Therefore, the GPA holds overall. Given the similar R (Table
1) estimated for spinal cord, Ning et al.’s [55] signal representations can be said to hold in the spinal cord data. The
distributions shown in Fig. 9 also serve as a visual summary of the SG-DEXSY experiment for Sp;g, illustrating how
the signal pools fg and fyg evolve over both encodings, and how the signal from fexch is largely dephased, leading
to proportionality between the ensemble signal and fexch.

Although the GPA holds in the simulation data, the stationarity requirement actually does not hold. The simulation
is initialized with a uniform distribution of walkers, which leads to greater exchange out of the sphere(s) compared to
inwards (by a factor of about ~ 10X, data not shown). This is simply because the probability of sphere wall collision is
much higher for walkers within the sphere than outside. As such, we cannot apply these time-dependent signal models
to the simulation DEXR data, though we stress that this does not affect the validity of the previous analyses (Fig. 5)
because those were based simply on a quasi-biexponential model of the signal with f5, fyc and exchange between
these pools. Adapting simulations for this time-dependent analysis remains a topic for future work. Nonetheless, we
can use the simulation data to form initial intuition about the various transport quantities.

4.3. Time-dependent diffusion from simulation

Let us first look at the behavior of the MSD, VACF, D(t), and Djn(#) from simulation as a representative system
with restriction and exchange. In Fig. 10a, we plot the MSD obtained from simulation for times up to ¢ = 52.36 ms
(tm = 50, T = 0.59 ms) along with expressions that describe the short- and long-time scaling behaviors. At short
times ¢ < 0.1 ms, the MSD follows the expected free behavior of 2Dt, but very quickly diverges as walkers interact
with walls, taking a concave-down shape. At the tail-end of the simulated range of times, the MSD is better described
by an exponential function. In Fig. 10b, we plot the same data and expressions on a log-log plot. To make possible
the analysis of the derivative and curvature of the MSD (i.e., to make the MSD smooth and twice-differentiable in
order to reveal the VACF), we fit a piecewise, cubic Hermite polynomial [99] to the MSD in this log-log domain (see
caption). In Fig. 10c, we plot Diyg (?), estimated by taking a backwards, first-order finite difference of the fitted MSD
with time spacing Az = 5 x 10™* ms. We also plot D(t) = (r>(t))/2t, obtained from the raw MSD. Both diffusivity-
type quantities are seen to decay monotonically from Do = 2.15 um?/ms, which is consistent with the sub-diffusive
behavior observed in the MSD.

Finally, we plot the VACF in Fig. 10d, estimated by taking a central, second-order finite difference of the fitted
MSD using the same Ar = 5 x 107 ms spacing. In principle, the VACF should be 0 at # = 0 as the MSD is linear
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Figure 10: MSD and other transport quantities from simulation. (a) The MSD along the gradient direction from one simulation up to ¢ ~ 52.36 ms
(blue dots), corresponding to #,,; = 50, 7 =0.59 ms. Also shown is a linear relationship with z (dotted) and an exponential fit (dashed) that describe
the MSD at shorter and longer times, respectively. To analyze the first and second derivatives of the MSD, a piecewise, cubic Hermite polynomial
was fit in the log-log domain (solid line), splitting the domain into 10 log-linearly spaced segements. For all panels, the bottom plot shows the
short-time behavior # < 1 ms. Note the immediate deviation from 2Dy¢. (b) Same data and relationships on a log-log plot. The approach towards
exponential behavior is clear. (¢) Diffusivity quantities derived from the MSD. The time-dependent diffusivity D (¢) is the raw MSD divided by
2t. The instantaneous diffusivity Djyg (7) is estimated using a backward, first-order finite difference of the piecewise fit to the MSD with spacing
At =5 x 107 ms, or twice the simulation time-step. Both quantities decay monotonically from Dg. D (t) approaches a Gaussian limit described
by an unknown D, where as Diyg (7) approaches 0, consistent with the bounding box in the simulation. (d) The VACF is estimated as half the
curvature in the piecewise fit to the MSD obtained using a central, second-order finite difference with the same spacing Ar = 5 x 10™* ms. The
VACEF exhibits a sharp, initial decrease due to reflection before asymptotically approaching 0 as ¢ — co and the system loses its “memory” of the
first interaction(s) with barriers via exchange.

and there is no correlation between walker steps. Here, the VACF has decreased rapidly on a timescale that cannot
be observed (i.e., time to first interaction with a barrier). This initial decrease in the VACF can be interpreted as
the effect of reflection: a walker’s velocity will be negatively correlated with its initial trajectory towards a barrier.
Following this decrease, the VACF rises asymptotically towards O, consistent with “memory” loss of the system, i.e.,
the de-correlation of walker velocities over time due to exchange. This behavior can be seen in Fig. 10d.

The shape of the VACF here informs the expected behavior in experimental estimates of the VACF using Eq. (45).
Because we can only probe ¢ > 27, the short-time decrease in the VACF is not visible, and only the intermediate- to
long-time regime over which the VACF approaches 0O can be observed. Therefore, the rate of decay in In (Smyiq/Send)
is related to the rate of growth in the VACF. This relationship is intuitive: if exchange is slow, then walkers that remain
confined will exhibit persistent negative autocorrelation(s), slowing the growth of the VACF; if exchange is fast, then
velocities will rapidly de-correlate as walkers enter the freer space, increasing the VACF towards 0. Restriction size
and shape will also influence the VACF. Smaller restrictions, for example, would result in greater initial decrease of
the VACEF (i.e., more reflections per unit time, all else being equal). Exchange can thus be thought of as giving rise to
or arising from the asymptotic tail of the VACEF, with exchange leading to faster recovery. This tail is what is measured
using the DEXR method when viewed from the perspective of time-dependent diffusion.

4.4. Measuring the VACF

While Eq. (45) is attractive in its simplicity, applying it to actual measurements of Spjq and Sepg is not straight-
forward. Again, the imperfect cancellation of the first lobe(s) in Fig. 8 leads to the constant Cy in Eq. (44) which we
argued can be estimated from §3 as given in Eq. (18). This may be practically difficult, however, if the data deviates
significantly from a first-order exchange model. For instance, we noted some multiexponential character in the spinal
cord data in Fig. 6b, indicating that Eq. (18) may not be a sufficient model to describe the signal. There are also errors
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Figure 11: Apparent VACF from DEXR data viable spinal cord, calculated using Eqs. (45) and (18) to obtain 83. Error bars = mean + SD
from repetitions with different seeds. For each repetition, 83 was first estimated by fitting to Eq. (18) and the VACF was then calculated as
3/(2thg)[In(B3) — In(Smia/Send) | as in Eq. (45). The leading factor is calculated as 3/(27by) ~0.55 um?/ms? using by ~ 4.59 ms/um? and
7 = 0.59 ms. Insets show a (natural) log-log plot obtained by first taking the absolute value of the VACF. The exchange time, 7 = 11.7 ms is
marked with a dotted line. A subset of the data is shown, omitting the longest mixing times at t,, = [160, 300] ms that are effectively 0. In the
log-log inset, a linear fit to the points over #,,, = [20, 40, 80] (dashed line) indicates a power-law tail with ~ =24 or 9 = 1.4, although this fit is
highly sensitive to 53.

introduced by finite differencing (on the order of the spacing, 47/3), as well as blurring of variation in the VACF due
to the broadness of the peaks seen in Fig. 8 (width of 27). This blurring is particularly problematic in the short-time
regime (~ 1 ms) where the VACF changes rapidly (Fig. 10d). Experimental estimates in this regime may flatten the
true variation. Furthermore, the exchange weighting in Sepg in acquired data means that Cepg(¢) will also have smaller
lobes about ¢ = 27 + t,,, such that an additional scaling factor < 1 is necessary to yield the correct proportionality
with the VACF. We can nonetheless make a similar argument to that made for measuring 7 : regardless of these other
effects, the overall scaling behavior w.r.t. ¢, should approximate the scaling of the VACF.

What should this behavior be? According to Novikov et al. [54], the “structural disorder” of a system, which can
be thought of as the distribution of domains or barriers (i.e., their spatial Fourier transform), determines the behavior.
Different power-law scaling exponents of ~ 7% were proposed in the decay in Diy () as t — oo, corresponding to
different “structural universality classes”. From Eq. (36), this corresponds to recovery in the VACF with ~ =7~
For fully periodic domains, ¥ — oo, and the decay is exponential and thus faster than any power law because walkers
do not need to explore the whole domain to reach the limiting Gaussian behavior with VACF = 0. Note that this
is consistent with Fig. 10d, where the long-time behavior in the simulation VACF (which has periodic domains) is
well-approximated by an exponential. For fully uncorrelated domains, ¢ = d/2, where d is the dimensionality. Other
cases with analytical results are random membranes with ¢ = 1/2 and random rods with ¢ = 1.

In Fig. 11, we plot the apparent VACF estimated by applying Eq. (45) to DEXR data from viable spinal cord.
A fit to Eq. (18) was first performed to estimate 83. To look at the scaling behavior with time, we show a (natural)
log-log plot in the insets, taking the absolute value to yield a decay in real values. Also marked is the value of
7, = 11.7 ms (see Table 1. We plot only up to #,, = 80 ms, as the data reaches a noise floor indistinguishable from
0 at higher f,,,. The general behavior is as expected, with a monotone approach towards 0 (compare to Fig. 10d).
In the log-log inset, it is clear that the approach to O sharply accelerates as t > 7, indicative of exchange being the
controlling factor in the VACF tail. Thus, the apparent VACF curve reproduces expected trends. As an initial sanity
check, numerically integrating the apparent VACF yields ~ —0.8 um?/ms, corresponding to a decrease in Diy(?)
from ~ 2.15 — 1.35 um?/ms over the observed time frame. This is roughly the expected magnitude of decrease (i.e.,
decreases less than D), given that some further negative portion of the VACF is not visible at short times.

What of the scaling? In the log-log inset of Fig. 11, we perform a linear fit in this domain over several mixing
times for which r > 7 at t,,, = [20, 40, 80] ms (dashed line), yielding a scaling with ~ 724 or ¢ ~ 1.4. This lies
between the exponents for uncorrelated domains in 3-D (¥ = 3/2) and random rods (¢ = 1), which may indeed be
consistent with the makeup of GM (i.e., soma and neurites). This differs from the ¢ ~ 1/2 estimated by Novikov et
al. in GM [54, 19], which they argued is consistent with uncorrelated domains in 1-D. A potential biological substrate
of such behavior is beads or varicosities [100] along effectively 1-D neurites. Here, the short dephasing length £,
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may restore the intrinsic 3-D nature of neurites (i.e., we may be sensitive to decay due to diffusion in the intra-neurite
space), resulting in © = 3/2. In the study by Novikov ef al. [54], however, the data was found to follow a single power
law across w ~ 0 — 500 Hz or from ¢ = 2 ms to long times. We do not see this behavior here, where there is a clear
transition due to exchange.

As a precaution, we stress that estimates of © are highly sensitive to the estimate of 53 (data not shown) —i.e., a
smaller 83 would yield a potentially much slower decay in the log-log domain — and this estimate relies on a perhaps
flawed assumption of monoexponential behavior in the data, mentioned above. This issue is ameliorated by going to
very long t,, > 71 up to 300 ms ~ 2871y in the spinal cord data, and it may be argued that the estimate of 83 is robust
to the presence of multiexponential behavior unless such behavior manifests over very long times. Furthermore, while
9 is a straightforward observable that can be compared to the literature, we emphasize that the DEXR method yields
the apparent VACF outright over a wide range of times, and different analyses or quantitative metrics may also be
insightful. As an example, the data suggest that piece-wise fitting of power laws with a transition at r = 7 may fit the
VACEF well (see again the inset in Fig. 11).

4.5. Reconciling the two interpretations

Taking a step back, this alternative interpretation in terms of the VACF sheds light on the behavior of DEXR
data and whether they can be described by a first-order exchange model. When modelling exchange, or when using
compartment-based signal models in general, it is tempting to argue that deviations can be explained by further
compartments and parameters. The VACF provides a more model-agnostic view. The multiexponential character
in the spinal cord data seen in Fig. 6b could potentially be described as a result of complicated behavior in the
VACEF, which could also involve multi-site exchange as hypothesized by Cai et al. [90]. By bridging these sub-fields
of diffusion MR under one method, we can assess how phenomena such as exchange are related to fundamental
transport quantities such as the MSD. Instead of assuming some compartmentalization, we can instead begin from
models of the MSD and make forward predictions of the VACEF tail and DEXR data.

For instance, we can compare to the literature on anomalous diffusion modelling (see ref. [101] for brief review)
wherein power laws are used to describe the MSD. Because the VACF is the curvature in the MSD, see again Eq.
(36), these exponents in the MSD translate directly to power law scaling in the VACF by an exponent subtracted by
2. Other models of the MSD include the Ornstein-Uhlenbeck model [102], which predicts exponential recovery in
the MSD and thus corresponding exponential behavior in the VACF [55]. Many such analyses that begin with an
analytical form of the MSD are possible, and we leave this as a topic for future work.

5. Discussion and conclusions

5.1. Summary of findings

This work provides theoretical underpinnings and guidelines for the design, optimization, and data interpretation
of a two-point SG-DEXSY sub-sampling scheme, which we call the DEXR method. Based on taking the ratio of
equally diffusion-weighted, but oppositely exchange-weighted points — Spig and Sepg — the method was shown to
produce robust estimates of 7; and restriction parameters in simulation data. The method was subsequently applied
in viable, ex vivo spinal cord of neonatal mice using a high gradient system, yielding 7z ~ 11 ms, f; = 0.71,
and Reg =~ 1.1 pum from just 6 total data points. Our findings highlight the specificity as well as efficiency of the
method for probing microstructural features. Importantly, the method decouples the measurement of exchange from
restriction and overcomes this degeneracy. Taking a different view, we show that DEXR data can be interpreted to
yield an apparent VACF. To our knowledge, this is the only method capable of yielding point-wise sampling in the
time-domain without the use of oscillating gradients. The DEXR method enables the study of the VACF across a wide
range of times (f ~ 2—500 ms) while using the same experimental paradigm. Preliminarily, we find long-time scaling
behavior (¢ ~ 20 — 80 ms) in viable spinal cord that is roughly consistent with short-range, 3-D disorder (¢ ~ 3/2).

5.2. Limitations and assumptions

We were careful throughout to state the assumptions required for each analysis. For instance, we found that we
could not yield an apparent VACF from simulation data due to non-stationarity. The assumptions required to estimate
restriction parameters are particularly nuanced, with various corrections (o, ¢, 77) needed to yield quantitative f; and
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(cy) values. The downstream estimation of Reg and k. requires an additional assumption of spherical compartments
(without localized signal), which may not be accurate. Note that changing to other effective geometries (cylindrical,
parallel plates) merely involves changing the constant prefactor in Eq. (9). With regards to exchange, we argued that
the disparate 7 estimates in the literature [86] can perhaps be explained by differences in £, (see Sec. 3.1) and will
not remark further. Some of our assumptions, however, merit reexamination. Most notably, we ignored 7, relaxation
and 7>-T, exchange effects [88, 103] on the basis of short diffusion encodings, 7 < 1 ms. For systems with smaller
gradient amplitude, longer encoding times become necessary to reach optimal exchange weighting (see Figs. 3 and
4) and these effects may become significant. For PG systems, these effects can perhaps be normalized by using fixed
diffusion times (not possible on our SG system), but this changes the relevant theory as £, is now variable, which we
discuss in the following subsection. Other effects that were neglected include surface relaxation and magnetization
transfer [104], though we suspect that these effects will manifest in the effective diffusion-weighted relaxation rates
such that they do not need to be explicitly included in our signal model(s).

An issue that is more difficult to address is the possible breakdown of detailed balance. Investigations of relaxation
exchange [105, 106] find that the exchange map in multi-site (> 2) exchange can be asymmetric, indicative of a
circular exchange pathway. Such exchange pathways would complicate our view of the Gaussian and non-Gaussian
pools being static over time and fexc, may exhibit unexpected decay behavior. While a breakdown of detailed balance
has not yet been demonstrated in diffusion MR data (to our knowledge) this cannot be excluded as a possibility, and
may lead to bias in our estimates of 7. A similar issue is the breakdown of first-order exchange. Such a breakdown
was recently discussed by Ordinola et al. [89] in the context of a discrete diffusion spectrum. This was also observed
in Cai et al. [90], and both works report multiexponential behavior in the exchange-weighted signal measured via
DEXSY. We add our own results regarding the VACF as a possible explanation for this behavior (see Fig. 6b),
and reiterate that a first-order exchange model is not necessarily compatible with what is seen in the VACF, though
empirical agreement is observed here (see again Figs. 5, 6b, 11). This also calls into question whether the wider body
of literature (e.g., NEXI [29]) based on the first-order Kérger model [9, 10] may be affected by the breakdown of
first-order exchange.

5.3. Application to pulsed gradients

The DEXR method and framework can readily be applied to PG experiments if the separation between gradient
lobes A—¢ is small compared to the gradient duration ¢, and furthermore the diffusion weighting is varied by changing
the timings, rather than the gradient amplitude g. Such an experiment resembles the SG case, and the same principles
can be applied. Typical PG experiments, however, are not performed in this way and instead fix the timings d, A while
varying g. In this PG case, we cannot easily condense the experimental parameters by defining p = £4/{, as we did
for the SG case. Consider for instance that the motionally-averaged signal behavior in Eq. (4) would become

I
ln(%)zaé’?(—d— d ) (47)

6 6
2 gg,Z fg,l

where S; and S, are two acquisitions with different £, 1 and £, », and {4 = /Do(6 + A). The expression cannot be
condensed due to the different powers in {4 and £,. The sensitivity to exchange would also differ between acquisitions,
following our argument in Sec. 3.1. It may thus be more difficult to extract restriction and exchange parameters as at
least one additional parameter is needed in the signal model. On the other hand, the normalization of 7, relaxation
effects becomes more straightforward, as £ is not varied. For relatively moderate b-values ~ 4 ms/um? such as those
used here, the necessary difference in £, 1 and £, > to yield the same total b (i.e., to acquire Spig and Sepq) may be
small, and the signal models presented in this paper may be sufficient to a first approximation.

5.4. Comparison to related work

Our method is innovative in its analysis but its methodology is similar to other approaches based on DEXSY and/or
on the ratio of acquisitions with different diffusion contrasts. The most relevant point of comparison is to FEXSY [41],
which, similar to our method, is based on a sub-sampling of DEXSY data and does not employ a numerical inverse
Laplace transform. Practically, our method reduces to FEXSY when the filter value of b is set to be equal to b,
and the baseline ADC is then measured using b; = b + b,. Indeed, a similar approach to fitting the exchange time
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was presented by Scher et al. [107], also using constant gradients. We stress, however, that the FEXSY model is
fundamentally different in that it looks at an ADC recovery, which does not account for non-Gaussian diffusion. The
downstream analyses to yield f; and R are unique to this work, as is the estimation of the VACF. FEXSY also does
not account for a diffusion-weighted 7} in its original conception.

Parallels can also be drawn to the “temporal diffusion ratio” (TDR) described recently by Warner ef al. [108]. In
TDR, the ratio of two acquisitions with varying diffusion times but fixed total b-value is assessed to yield microstruc-
tural contrast, similar to Spiq and Sepg acquired here. Like FEXSY, however, TDR produces an empirical contrast
between these acquisitions, without attempting to extract quantitative microstructural parameters. Once again, it is the
modelling and analysis that separate the DEXR method and make it uniquely information-rich. A further advantage of
DEXR is its ability to vary the time-domain weighting via t,,,, which gives a wide range of time sensitivity compared
to TDR and even TDS based on oscillating gradients. We also point out that while stimulated echoes have been used
as a means to probe long-time diffusion (e.g., by Fieremans et al. [109]), the time-domain weighting of a typical
diffusion-weighted stimulated echo as given by C(¢) in Eq. (38) would be very broad, spanning all observed times.
As such, the ability to resolve long-time behavior using this approach is limited: DEXR has the advantage of truly
isolating the variation at long diffusion times.

5.5. Concluding remarks

While challenges remain, particularly in adapting the DEXR method to PG experiments and in validating VACF
measurements, we demonstrate in this work that the method can yield quantitative exchange, restriction, and time-
dependence information from sparse diffusion MR data. Compared to other approaches, the method is highly specific
and efficient. We have provided herein a thorough description, validation (via simulation), and proof-of-concept
(mouse spinal cord, with the PM-10) for the DEXR method and pave the way for future applications. The method
may be especially useful in hitherto difficult to characterize samples that have overlapping exchange and restriction
effects such as GM.
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