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ABSTRACT

Conduction of action potentials along myelinated axons is affected by their structural features, such as the axonal g-ratio, the ratio between the inner and outer
diameters of the myelin sheath surrounding the axon. The effect of g-ratio variance on conduction properties has been quantitatively evaluated using single-axon
models. It has recently become possible to estimate a g-ratio weighted measurement in vivo using quantitative MRI. Nevertheless, it is still unclear whether the
variance in the g-ratio in the healthy human brain leads to significant differences in conduction velocity. In this work we tested whether the g-ratio MRI measurement
can be used to predict conduction delays in the corpus callosum.

We present a comprehensive framework in which the structural properties of fibers (i.e. length and g-ratio, measured using MRI), are incorporated in a biophysical
model of axon conduction, to model conduction delays of long-range white matter fibers. We applied this framework to the corpus callosum, and found conduction
delay estimates that are compatible with previously estimated values of conduction delays. We account for the variance in the velocity given the axon diameter
distribution in the splenium, mid-body and genu, to further compare the fibers within the corpus callosum.

Conduction delays have been suggested to increase with age. Therefore, we investigated whether there are differences in the g-ratio and the fiber length between
young and old adults, and whether this leads to a difference in conduction speed and delays. We found very small differences between the predicted delays of the two
groups in the motor fibers of the corpus callosum. We also found that the motor fibers of the corpus callosum have the fastest conduction estimates. Using the axon
diameter distributions, we found that the occipital fibers have the slowest estimations, while the frontal and motor fiber tracts have similar estimates.

Our study provides a framework for predicting conduction latencies in vivo. The framework could have major implications for future studies of white matter diseases

and large range network computations. Our results highlight the need for improving additional in vivo measurements of white matter microstructure.

1. Introduction

White matter tissue consists of myelinated and non-myelinated axons
and glial cells, forming large-scale networks which are necessary for
learning (Kanai and Rees, 2011; Zatorre et al., 2012; Douglas Fields,
2015), cognitive functions (Moeller et al., 2015), normal development,
and normal aging (Nagy et al., 2004; Yeatman et al., 2014). Furthermore,
damage to the structure of the white matter has been associated with a
variety of diseases and disorders, including multiple sclerosis and
schizophrenia (Fields, 2008; Compston and Coles, 2008). These networks
of white matter fibers are essential for brain function because their main
role is to conduct action potentials between distant brain regions. The
conduction delays, defined as the time required for information to travel
along white matter fibers, could have computational implications. The
conduction delays were also shown to vary with many factors, including
age (Sokol et al., 1981), sex (Reed et al., 2004), and white matter diseases
such as multiple sclerosis (Polman et al., 2005).

Invivo anatomical studies of white matter often use indirect measures
of its structure and integrity properties, which would benefit from a
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biophysical framework to relate them to white matter function (Assaf and
Pasternak, 2008; Horsfield and Jones, 2002; Gunning-Dixon et al., 2009).
Ex vivo and in vitro studies have led to a rich understanding of the bio-
physical connection between the axon microstructure and its conduction
properties (e.g. Pumphrey and Young, 1938; Michailov et al., 2004;
Cullheim, 1978). Moreover, computational models of conduction of ac-
tion potentials along myelinated axons provide a way to explore the
dependence of the conduction properties on the axons’ geometrical and
electrical properties.

One such geometrical property of axons is the g-ratio (g). It is defined
as the ratio between the inner and outer diameters of the myelin sheath
surrounding the axon. For a fixed inner diameter (axon diameter, d),
changing g means changing the myelin sheath thickness, thus affecting
membrane resistance and capacitance. For a fixed outer diameter (fiber
diameter, D), changing g means varying both myelin sheath thickness
and intra-axonal space, thus affecting axial conductivity as well. Under
these assumptions Rushton found analytically that in the peripheral
nervous system, an optimal g for conduction velocity is around 0.6
(Rushton, 1951). Further work, modeling the central nervous system of
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the rat, has shown that higher values (~ 0.77) would be optimal given
other constraints on the tissue such as energy consumption or volume
limitations (Chomiak and Hu, 2009).

Empirical values of g-ratio can be measured directly using invasive
techniques such as electron microscopy. Such studies reveal the g is
indeed distributed around near optimal values: the reported values are
around 0.67 for monkey's corpus callosum (Stikov et al., 2015a, 2015b),
0.81 for guinea pigs' optic nerve (Guy et al., 1989), 0.76 for the mouse
corpus callosum (Arnett et al., 2001) and 0.75-0.8 for the rat corpus
callosum (Pesaresi et al., 2015). It has recently become possible to esti-
mate a g-weighted measurement in humans in vivo using quantitative
MRI (gMRI) (Stikov et al., 2012; Dean et al., 2016; Berman et al., 2018;
Duval et al., 2015; Mohammadi et al., 2015). These measurements pro-
vide values and trends that are similar to those found with histology
(Stikov et al., 2015b; Berman et al., 2018). Nevertheless, it is unclear
whether the variance captured by the in vivo g measurements in the
healthy human brain can be translated to meaningful differences in
conduction velocity.

Theoretical estimates of conduction time across the corpus callosum
have been previously used in cross-species studies (Caminiti et al., 2009).
In vivo estimations of callosal delays can be done using electrical re-
cordings such as EEG or MEG. Such measurements have been shown to be
related to callosal structure (Westerhausen et al., 2006; Horowitz et al.,
2014), and are likely to increase with age (Jeeves and Moes, 1996; Bellis
and Wilber, 2001). The increase in callosal delay time with age could be
related to white matter structure, as it has been shown that during aging
the brain tissue structure undergoes changes, with accumulating damage
to the white matter (Peters et al., 2000; Sandell and Peters, 2001), and a
decrease in myelination (Phillips et al., 2019). It is still an open question
whether g-weighted MRI can be related to age dependent changes in
callosal delay time.

Both theoretical work, and in vivo studies (mentioned above) show a
relationship between indirect measurements of white matter structure
and function, yet it is important to establish this relationship empiri-
cally. Animal studies that provide estimates of both axon geometry and
conduction velocity are rare, particularly in mammalian central nervous
system. Nevertheless, there is some empirical evidence for the rela-
tionship between axon diameter, myelin thickness and conduction ve-
locity. Hursh used excised nerves of the cat to display a linear
relationship between axon diameter and conduction velocity (Hursh,
1939). A similar dependence was found on the frog sciatic nerve (Tasaki
et al., 1955). Furthermore, a strong relationship was found between
myelin thickness and conduction velocity in the rabbit peroneal nerve
(Sanders and Whitteridge, 1946). More recent work shows somewhat
inconclusive results. In the cats’ atrophied sural nerve, a linear rela-
tionship was found between the conduction velocity and both the axon
and myelin diameters (Gillespie and Stein, 1983). However, adult
conditional knock-out mice show hypomyelination in the corpus cal-
losum yet their axonal conduction velocities were preserved (Grier
et al., 2017).

The results of the animal studies are in agreement with the theoretical
work, and both have existed for dozens of years, highlighting a great
need for understanding the functional meaning of structural properties of
white matter. Recent advances in qMRI measurements allow to estimate
white matter microstructure in vivo. Importantly, it is still unclear how
the structural measurements done with MRI can be biophysically related
to conduction along the white matter fibers. To test whether the g-
weighted MRI measurements can be used to model callosal delays, we
first discuss a theoretical framework that can be used to calculate con-
duction velocity for a single axon. Next, we describe how we implement
this model to calculate conduction delays in the corpus callosum in vivo
with MRI. This is the first time a framework is presented that relates MRI
measurements in white matter to conduction properties using biophysi-
cal models of conduction in myelinated axons. Finally, we use our
framework to estimate conduction in both younger adults and older
subjects. Thus, we test whether incorporating the g-weighted MRI
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measurement in a biophysical model of conduction allows us to explain
the previously observed increase in delay as function of age.

2. Theory - predicting conduction latencies

In the theory section we propose a framework that relates MRI
measurements of averages of microstructure features to single axon
conduction models, in order to predict white matter conduction in vivo.
For this purpose, we first identify a relevant axon model, and the essential
parameters in the model (section 2.1). Then, we describe the available
gMRI parameters that can be used to estimate those model parameters
(section 2.2). For model parameters that cannot be estimated based on
gMRI measurements, specific values must be assumed. We will describe
the assumptions underlying the choice of specific values for those pa-
rameters (section 2.3). In this section we also discuss how these param-
eters can be applied to a model for predicting conduction along a certain
tract.

2.1. Conduction in myelinated axons

The myelinated fiber is comprised of two qualitatively different sec-
tions: the nodes of Ranvier and the internodes. The nodes of Ranvier,
which contain a high density of voltage-gated Na + channels can
generate action potentials. The internodes are long sections between the
nodes (about 10° longer), and they are coated by many layers of myelin
sheaths (Waxman et al., 1995). Due to the myelin sheath, the voltage
progression in the internode can be described as passive. The progression
of voltage along both segments of the axons have already been modelled
and numerically simulated (e.g. Rushton, 1951; Moore et al., 1978;
Haltert and Clark, 1991; Basser, 1993). This understanding of the axon
signal conduction, together with knowledge on the axon's electrical
properties (Debanne et al., 2011; Bakiri et al., 2011) and the ability to
measure its geometry, will allow to implement a model that links white
matter structure with function in biophysical terms.

2.1.1. Dependence of conduction velocity on axon geometry

The determinants of conduction velocity of action potential propa-
gation along a myelinated axon have been previously described and
modelled. Rushton (1951) was the first to describe the dependence of the
conduction velocity of a myelinated axon on its geometry. Rushton
showed that for a myelinated axon, the conduction velocity () is pro-
portional to internode length (1). The internode length, in turn, is roughly
proportional to the fiber diameter (D), which can be defined using the
axon diameter (d) and the g-ratio (g): D d/g. According to his
formulation, we could predict conduction velocity, up to a proportion-
ality factor, using the axon diameter and g (equation 1):
O0xl xDg \/—In(g)xd+/—In(g)

Rushton's formulation provides an expression proportional to con-
duction velocity. Following studies have replicated Rushton's predictions
and shown the dependence of the axon's conduction velocity on its
diameter, internode length, and myelin sheath thickness (Goldman and
Albus, 1968; Waxman, 1980; Brill et al., 1977; Thomas et al., 1997).
Others studies evaluated the effect of additional parameters of the axon
on conduction velocity. For example, Moore et al. (1978), using nu-
merical simulations of myelinated fibers, examined both geometrical and
physiological parameters. The simulations replicated the results showing
a dependence of conduction velocity on internode properties, while also
revealing that node parameters have a minimal effect on the conduction
velocity.

Moore's approach of numerically simulating the voltage propagation,
provides an approximation of conduction velocity, and allows a ‘direct’
manipulation of the different axon properties, which could be useful for
the purpose of this study. In this study we use a recent MATLAB imple-
mentation that numerically simulates the conduction along a myelinated
axon using Richardson's axon model-C, and Halter and Clark's numerical
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formalization (Haltert and Clark, 1991; Richardson et al., 2000; Lorena
Arancibia-Ca rcamo et al., 2017). Specifically, the simulation models the
axon by dividing it into compartments representing the node, paranode
and internode. For each time step, current flows are calculated. The
current flows across the membrane (either the axonal membrane or the
total myelin membrane) are calculated from the values of voltage,
voltage change rate, and the specific membrane capacitance and
conductance. The intracellular axial current flow is calculated from the
specific intracellular resistance and the gradient of intracellular voltage,
and the same calculation is done for the periaxonal space. In the simu-
lations, each model axon was subjected to a current stimulation of
amplitude 3 nA applied for 10 ms to the first node. The conduction ve-
locity was then measured over a 10-node interval between the 20th and
30th node. The simulations were checked to ensure membrane potential
peak of at least —20 mV were achieved on a minimum of 10 consecutive
nodes.

2.2. The measurements in gMRI

Using a biophysical model, such as the simulation described here,
allows for the computation of the conduction time of an action potential
along a “theoretical axon”, which represents an average axon in an
axonal fascicle. In order to do so in vivo, we should be able to measure
white matter pathways and estimate their microstructure. In the
following subsections, we describe recent advances in qMRI, which allow
for ongoing improvement in estimating the necessary geometrical mea-
surements: the axon diameter, the g-ratio and the overall tract length.

2.2.1. Diffusion and axon properties

Diffusion MRI (dMRI) provides an important tool for measuring white
matter microstructure in vivo. Water molecules impinge on cellular
membranes, intracellular organelles, neurofilaments, and myelin. The
diffusion displacement distribution therefore contains information about
all of these structures. When the diffusion is measured in different di-
rections, models can be applied to the data, and these models’ parameters
can be used to represent the white matter microstructure (Alexander
et al., 2017).

Axon diameter. There are several methods of acquiring and modeling
dMRI to measure the mean axon diameter or the axon diameter distri-
bution. Currently most of the methods are challenging since they require
multi-shell high angular resolution diffusion imaging (HARDI) data, and
special diffusion acquisition sequences that use either very strong and/or
oscillating gradients. Furthermore, the dMRI resolution limit is very far
from the resolution of axon bundles, and current methods have a limited
sensitivity for small axons (Drobnjak et al., 2016). The models used for
estimating axon diameter in vivo often have many assumptions on tissue
properties, that might be invalid, or require knowledge of the main
orientation of fibers. Due to these limitations, in vivo measurements of
axon diameter are challenging and some controversy remains regarding
their feasibility (Novikov et al., 2019). Nevertheless, some of the existing
methods have been validated using histology and phantoms of cylinders
in varying diameters (Drobnjak et al., 2016; Assaf and Blumenfeld-Katzir,
2008; Kakkar et al., 2018; Barakovic et al., 2018; Benjamini et al., 2016).

gratio. The voxel average g-ratio may be estimated using a model
combining dMRI parameters reflecting axon or fiber volume in the voxel
(Fiber Volume Fraction, FVF), with an MRI-myelin measurement (Myelin
Volume fraction, MVF) (Stikov et al., 2012). The dMRI models that were
previously used to calculate g-ratio include neurite orientation dispersion
and density imaging (NODDI) (Stikov et al., 2015b; Zhang et al., 2012),
ActiveAx (Duval et al., 2015; Alexander et al., 2010), AxCaliber (Duval
et al., 2015; Assaf and Blumenfeld-Katzir, 2008), tensor fiber density
(TFD) (Mohammadi et al., 2015; Reisert et al., 2013), and tensor
modeling (Stikov et al., 2012; Campbell et al., 2017; Basser and Jones,
2002). It is important to note that each method has its own advantages
and limitations. In many cases the limitations of these estimates come
from the assumptions of their models, that might not hold true in tissue
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with crossing fibers and in tissue with compartments with different
diffusion properties. The MVF also saw several implementations
including mcDESPOT (Dean et al., 2016; Deoni et al, 2013),
multi-exponential T2 (Mackay et al., 1994; Meyers et al., 2017; West
et al., 2016a), T2* (Nam et al., 2015; Jung et al., 2017), quantitative
magnetization transfer (QMT) (Stikov et al., 2012; Mohammadi et al.,
2015; Campbell et al., 2017; West et al., 2016a; Helms et al., 2008; Sled
and Pike, 2001; Yarnykh, 2007; Cercignani et al., 2017), and non-water
fraction (Berman et al., 2018; Duval et al., 2015; Mezer et al., 2016). Most
of the MVF estimates, while sensitive to myelin, are not specific. There-
fore, some of these methods require calibration, and may provide a poor
estimate of MVF in tissue that is not healthy white matter tissue
(Campbell et al., 2017; Jung et al., 2017; O'muircheartaigh et al., 2019).
The myelin water fraction is arguably the only specific MVF MRI mea-
surement (Meyers et al., 2017), yet it is currently hard to measure in
clinical scanners which often comes with a reduced signal to noise ratio
(SNR). Recent work compared the reliability of several of the different
g-ratio methods and found NODDI to be more reliable than FA for the FVF
estimation, where MTV and gMT were similar, with qMT having some
advantage (Ellerbrock and Mohammadi, 2018). Despite the limitations
above, the MRI measurement of g-ratio was shown to provide a good
estimate of the weighted average of the g-ratio in a voxel (West et al.,
2016b).

Length. Tractography algorithms use dMRI to reconstruct the white
matter fiber tracts (Yeatman et al., 2012; Tournier et al., 2012). The tract
reconstruction provides the pathway length which is a critical parameter
for deriving conduction time from conduction velocity estimates.

Tract properties. Since this work aims at assessing conduction in white
matter, it is necessary to characterize the white matter microstructure
properties of specific relevant white matter fibers. Using tractography
one can measure structural MRI measurements (g, d), along the recon-
structed white matter tracts, either along the core (i.e. the mean position
of the streamlines’ position per node), per voxel, or per streamline
(Yeatman et al., 2012; Smith et al., 2006; De Santis et al., 2014).

2.2.2. Modeling local field potential (LFP) using MRI data

Having performed tractography, and measuring g-ratio and axon
diameter along relevant fiber tracts, one can then use these measure-
ments in the axon model and predict the mean conduction time for an
individual or groups of subjects. Additional analysis of the data might
reveal more about conduction properties. For example, one can use the
variance of estimated latencies within a single subject's white matter
tract, and try to model the local field potential (LFP). The framework
implemented in a recent study (Hermes et al., 2017) allowed for a simple
model that simulates LFP measures. Modeling an LFP from the MRI data
allows for a more comprehensive comparison with the electrical signal:
ERP width, amplitude etc. While these properties are also likely to be
affected by cortical processing as well as skull properties, it is worth
testing the extent to which the white matter contributes to the recorded
electrical signal.

2.3. Simulation and choice of parameters

Several of the model parameters cannot be measured with MRI, and
must be set manually. These parameters include the axon geometry, and
specific electrical properties of the axon (e.g. specific axial resistance).
Importantly, the axon's specific electrical properties have been measured
in rodents and primates, and are considered to be conserved over species
(Bakiri et al., 2011). Nevertheless, exceptions are possible, as evident
from a recent study which found that the human membrane capacitance
is 0.45 pF/cm? and not 0.9 as is the case with mice (Eyal et al., 2016).

While the electrical properties of the axon are thought to be
conserved, the geometrical aspects have been shown to vary with age,
disease, and possibly with learning and behavior. Therefore, a potential
limitation in modeling the human white matter conduction time is that
not all geometrical parameters can be measured in vivo. These parameters
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will have to be based on the literature. The internode length, for example,
is a significant parameter (Waxman, 1980; Young et al., 2013; Friede,
2017; Etxeberria et al., 2016), yet MRI measurements do not allow such
information to be extracted. Fortunately, many geometrical properties of
the axon share a close to linear relationship: It has been shown that g can
be described as a monotonic function of the axon diameter, and that the
internode length is roughly a linear function of the axon diameter
(Michailov et al., 2004; Pesaresi et al., 2015; Hursh, 1939; Friede and
Bischhausen, 1982). The latter relationship was used to reach Rushton's
formulation, and it can be used explicitly when assuming an internode
length for the simulation.

We explored the conduction velocity as calculated with the simula-
tion, for a range of values for axon diameter (d) and fiber diameter (D)).
We chose values that were found for myelinated axon in the human
central nervous system (Aboitiz et al., 1992), with values ranging from
0.2 to 5 um for both d and D. The internode length was calculated as a
linear function of the fiber diameter, as found in the anterior medullary
velum of the adult rat: L = 117 +30-D (Ibrahim et al., 1995). The
specific membrane capacitance was set to 0.45 pF /cm? (Eyal et al., 2016).
The rest of the (electrical) properties were fixed as described in table 1 of
Lorena et al.,'s paper (Lorena Arancibia-Ca rcamo et al., 2017). It can be
seen in Fig. 1a that the larger the fiber diameter (D), the faster it will
conduct. Furthermore, for a given fiber diameter, the conduction velocity
as a function of axon diameter (d) has a maximum around g = 0.6, as
shown by Rushton. The intuition for this is the following: given a con-
stant fiber diameter, dramatically decreasing g means a very small axon
diameter, thus reducing intra-axonal conductivity resulting in slower
conduction. However, dramatically increasing g will reduce the leak
resistance (Bakiri et al., 2011), which will result in slower conduction as
well. Therefore, the optimal g should lie somewhere in the middle, and
Rushton's analysis found it to be 0.6. As mentioned in the Introduction,
Rushton's analysis considered the peripheral nervous system. A more
recent theoretical study focused on the rat central nervous system
(Chomiak and Hu, 2009), and found that given volume and energy
consumption constraints, the optimal g should be approximately 0.77.

In the simulation described above, we varied the g-ratio and the axon
diameter. However, since in our MRI dataset (as in many others) we
cannot calculate an estimate of axon diameter, we test whether
measuring g alone will be meaningful. To calculate conduction velocity
with no estimate of axon diameter, we must first choose and fix the axon
diameter for all tracts and subjects. The choice of axon diameter should
be informed by known histological measurements, and the fact that MRI
measurements, and the g-ratio in particular, are volume-sensitive (West
et al., 2016b). Aboitiz (Aboitiz et al., 1992) measured the axon diameter
distributions in the human corpus callosum. The results show that the
axon diameter distributions are mostly centered around values close to
1um, with very few axons as large as 5um in diameter. To approach the
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volume-sensitive g-ratio MRI measurement, we calculated a weighted
average of the distributions derived by Aboitiz (weighted by axon
diameter to give more weight to larger diameters). We find that the
weighted average of the callosal splenium, mid-body and genu are 1.72,
2.81 and 1.3 ym, respectively. This anatomical segmentation of the
corpus callosum corresponds to the functional segmentation of the
corpus callosum to its occipital, motor and frontal tracts, respectively.

We predicted velocities of axons with a diameter of 1.72, 2.81 and
1.3 ym (the weighted average of the callosal axons), given a biologically
relevant range of g, between 0.7 and 0.85 (Fig. 1b). Next, we estimate the
theoretical latency of these axons if they were 10 cm long, about the
length of motor callosal fibers (Fig. 1c). We find that using our estimates
of volume-weighted average of axon diameter in the numerical simula-
tion leads to callosal delays around 7-25 ms. This range is close to that
found in electrophysiological studies (Moes et al., 2007; Whitford et al.,
2011; Patston et al., 2007; Terada et al., 2008, 2012), and using
response-time differences (Jeeves and Moes, 1996; Marzi et al., 1991).
For the following sections, we will use an axon diameter of 1.72, 2.81 and
1.3um, for the occipital, motor and frontal tracts, respectively. It is
noteworthy to mention that a smaller axon diameter creates longer de-
lays, and it also increases the effect of g on the conduction time estimate
(because the velocity is much smaller). Since the motor tract has the
largest weighted average of axon diameter, it will most likely have the
shortest conduction delay. The conduction delay time in the motor fiber
tract won't be the shortest only if the fiber is substantially longer, or has a
dramatically lower g-ratio value. Neither of which are to be expected. For
further testing regarding the axon diameter distribution's effect on the
conduction see discussion and Fig. 5.

3. Methods

Having established a framework aimed at relating qMRI data to a
biophysical model of conduction, we tested whether it would provide
sound estimates of conduction latency along white matter fibers. We
calculated the predicted latency of signal transfer along callosal fibers in
two subject groups that are expected to have variance between them.

3.1. Participants

The MRI measurements were performed on 21 young adults (aged
27 + 2.1 years, 9 females), and 17 older adults (aged 67.4 + 6 years, 5
females). The Helsinki Ethics Committee of Hadassah Hospital, Jerusa-
lem, Israel approved the experimental procedure. Written informed
consent was obtained from each participant prior to the procedure.

Fig. 1. Simulating conduction as a function of
axonal properties. A numerical simulation (Lorena
Arancibia-Ca rcamo et al., 2017) for estimating the
conduction velocity. (a) Conduction velocity plotted
as a function of axon (d) and fiber (axon + myelin)
diameter (D), peak velocity can be found around
g-ratio = 0.6, marked with black circles. (b) Con-
duction velocity as a function of a small biological
range of g, plotted for three values of axon diameter
(1.72,2.81,1.3 pm), corresponding to the
volume-weighted averages of the axon diameter dis-
tributions measured by Aboitiz et al. (1992) in the
callosal splenium, mid-body and genu (respectively).
(c) Conduction delay for the velocities in (b) and a
distance of 10 cm. The delays for the larger axons are
around 10 ms, similar to inter hemispheric transfer
time measured with EEG. The difference in axon
diameter between the tracts leads to a large difference
in latency.
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3.2. MRI acquisition

Data was collected on a 3T Siemens MAGNETOM Skyra scanner
equipped with a 32-channel head receive-only coil at the ELSC neuro-
imaging unit at the Hebrew University.

Quantitative T1, & MTV mapping: 3D Spoiled gradient (Flash) echo
images were acquired with different flip angles (a=4°, 10°, 20° and
30°), TE/TR = 3.34/19 ms. The scan resolution was 1 mm isotropic. For
calibration, we acquired an additional spin-echo inversion recovery scan
with an echo-planar imaging read-out (SEIR-epi). This scan was done
with a slab-inversion pulse and spatial-spectral fat suppression. For SEIR-
epi, the TE/TR was 49/2920 ms. TIs were 200, 400, 1,200, and 2400 ms.
We used 2-mm in-plane resolution with a slice thickness of 3 mm. Both
the flash and the SEIR-epi scans were performed using 2 x GRAPPA
acceleration.

Diffusion mapping: Whole-brain DWI measurements were performed
using a diffusion-weighted spin-echo EPI sequence, accelerated by a
factor of 2 (GRAPPA), with isotropic 1.5-mm resolution. The acquisition
included 2 diffusion-weightings, one with 32 non-collinear directions (b-
value = 1000 s/mm?) and a second with 64 non-collinear directions (b-
value = 2000 s/rnrnz). The scan also contained 8 volumes without diffu-
sion weighting (b-value = 0). In addition, we collected one scan with six
non-diffusion-weighted volumes and a reversed phase encoding direction
(posterior-anterior) to correct for echo-planar imaging distortions due to
inhomogeneities in the magnetic field.

3.3. Estimation of gMRI parameters

Quantitative MTV & T1 mapping: Whole-brain MTV and T1 maps,
together with bias correction maps of B1+ and B1-, were computed as
described in (Mezer et al., 2013, 2016). In short, unbiased T1 maps were
calculated using the variable flip angles which were corrected for Bl
excite inhomogeneity using the unbiased SEIR data (Barral et al., 2010).
Next, the T1 maps were used to calculate unbiased proton density (PD)
maps. To separate PD from receive-coil inhomogeneity, we assume
smooth coil functions and use a biophysical regularization, which finds
local linear relationships between 1/T1 and PD. This method was found
to be effective and robust to noise (Mezer et al., 2016). The PD was
normalized according to values in CSF-only voxels in the ventricles, to
produce water-fraction (WF) maps. The MTV maps were then calculated
as 1-WF. The analysis pipeline for producing unbiased T1 and MTV maps
is an open-source MATLAB code (available at https://github.com
/mezera/mrQ).

Diffusion parameter estimation: Diffusion analysis was done using the
FSL toolbox (Jenkinson et al., 2012); Susceptibility and eddy current
induced distortions were corrected using the reverse phase-encode data,
with the eddy and topup commands (Andersson et al., 2003; Andersson
and Sotiropoulos, 2016). The corrected, unwarped data were aligned to

core g-ratio
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the imaging space of the MTV map using FSL's Flirt rigid-body alignment
(Jenkinson et al., 2002; Jenkinson and Smith, 2001). Furthermore, the
data was fit with the Neurite Orientation and Dispersion Diffusion Im-
aging (NODDI) model using the AMICO toolbox (Zhang et al., 2012;
Daducci et al., 2015).

gratio: In the corpus callosum, the g-ratio was calculated with the
following formula, wusing 2 different measurements: g =

v/1 — MVF/FVF. MVF was estimated using MTV (Berman et al., 2018;

Duval et al., 2015). The FVF was derived from MTV and the isotropic
(Vis,) and intracellular (Vi) volume fractions estimated from NODDI
(Stikov et al., 2015b): FVF = MTV + (1 — MTV)(1 — Vis)Vi.. Supp.
Fig. 1 shows examples of the gMRI maps used in this study
(Vie, Viso, MTV and g-ratio) for 3 younger and 3 older subjects.

Tractography: We performed whole-brain anatomically constrained
tractography using the mrTrix software (Tournier et al., 2012). The white
matter tracts in corpus callosum were then segmented using the Auto-
mated Fiber Quantification (AFQ) toolbox (Yeatman et al., 2012). We
used this software to track three major callosal tracts connecting the two
hemispheres: occipital, motor, and anterior-frontal. We used the AFQ
software to sample g along the tract core, and create a tract profile of g
along each tract. The tract profiles are calculated as a weighted sum of
each streamline's g value at a given node, where each streamline is
weighted based on its Mahalanobis distance from the core of the tract.
The result is a vector of 100 equidistant measurements of g-ratio along
the trajectory of each callosal tract. The profile can be average over all or
some of the nodes to produce a single value for each tract. Furthermore,
we use code from the vistasoft git repository to estimate a median g value
for each streamline. The median value of each streamline is calculated
over the 20 nodes around the midsagittal plane. Fig. 2 presents an
example of the two types of sampling strategies, and Supp. Fig. 2 shows
the trajectory of g-ratio along the fiber tracts, averaged across subjects.

One young subject was removed from the analysis due to unsuccessful
unwarping of the diffusion data. One older subject was removed from the
analysis due to extremely sparse tractography results in the occipital
cortex. The rest of the subjects (20 young and 16 older subjects) were
included in all analyses.

3.4. Latency estimation

To test whether we predict a delay in callosal conduction time with
age we first calculate the mean of the g-weighted MRI measurement
along the three callosal tracts. The mean was calculated over the 20
medial nodes of the tract/streamline (for more details on the effect of the
choice of node number see Supp. Fig. 2). We incorporate the mean g
values in the simulation to estimate conduction velocity along the
different fiber groups. The model parameters were identical in all sim-
ulations with the following exceptions: the g-ratio values were taken
from the MRI measurements, the axon diameter was different for each

median g-ratio

Fig. 2. Sampling g-ratio along a fiber tract. The g-ratio values along 3 callosal tracts of a single subject: the occipital, motor, and anterior-frontal callosal tracts. The
g-ratio can either be sampled (a) along the tract core, or (b) for each streamline separately. The two methods sample the space differently, but both show a variance
between and within fiber tracts. The average values of g-ratio along the tract core across subjects can be seen in Supp. Fig. 2
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callosal tract (but the same across subjects) and the inter-node length was
calculated as a function of g-ratio and axon diameter (see Theory sec-
tion). The latency of each tract was calculated by dividing the tract length
by its velocity. We hypothesize demyelination with age, and a conse-
quent increase in g-ratio, decrease in conduction velocity, and increase in
conduction time. Therefore, we used a one-tailed t-test to compare
younger and older subjects’ values for each fiber tract, in each of these
measures (g-ratio, velocity, and conduction delay).

Finally, we used the calculated latency of each streamline to simulate
an LFP signal for each fiber tract. The simulation was adapted from the
analysis in (Hermes et al., 2017). The LFP is simulated as the sum of the
time-integrated input of a population of neurons. Each neuron receives its
input from one streamline. An example of this process is presented in
Supp. Fig. 3. First, the median g-ratio value of each streamline is incor-
porated in the simulation to produce conduction velocity and together
with its length, we calculate its conduction delay. The delay times of all
streamlines within a single tract, are used as input, which is modelled as
Gaussian noise, with a delta function of the corresponding latency of the
streamline (Supp. Fig. 3a). Simulating a leaky neuron, the input is inte-
grated over time (Supp. Fig. 3b). Finally, the sum over the streamlines'
simulated time series is treated as the LFP signal. To allow for a com-
parison between tracts that differ in the number of streamlines, the signal
is normalized to have a peak amplitude of 1 [a.u] (Supp. Fig. 3c). The
simulated LFP signal has a large peak similar to an event related potential
(ERP), and we extracted the peak time and the full width half maximum
of the ERP. We used a one-tailed t-test to compare the LFP peak time and
two-tailed t-test to compare the width of younger and older subjects’
simulated LFP signal for each fiber tract. We use the t-test analysis to
allow for one-tailed hypothesis testing. Furthermore, a two-way
ANOVAN was used to test for main effects of age and tract for each of
the measures (i.e. g-ratio, latency, LFP peak time, etc.). The ANOVAN
was used as another form of controlling for multiple comparisons. Soft-
ware for the analysis in this study can be found on GitHub [https://gith
ub.com/MezerLab/MR_ConductionModeling].

3.5. Axon diameter distributions

Finally, we considered the effect of the known axon diameter distri-
butions on the conduction velocity, and in particular its effect on dif-
ferences between regions. We reproduced the histograms of the axon
diameters in the splenium, genu and mid-body of the corpus callosum, as
presented in Fig. 4 in Aboitiz et al. (1992). To model conduction based on
these distributions we performed the same simulations described in the
theory and methods section (sections 2.3 and 3.4), with one exception:
we estimated the g-ratio for each value of axon diameter using g = 0.22-
log(d) + 0.506 (Ikeda and Oka, 2012). This relationship was derived
from axons of the peripheral nervous system, for axons diameter between
0.5um and 4um. Nevertheless, similar trends can be observed in the CNS
(West et al., 2016b). From the axon diameter and g-ratio distribution we
estimated the distribution of velocities of the three regions. We then
calculate latency distributions either for a fixed length of 10 cm or for the
mean tract lengths that we measured using the tractography results
(section 3.3). Finally, we simulate the LFP of each region, using the
distribution of latencies as input to the simulation (sections 2.3 and 3.4).

4. Results

To test whether the g-weighted MRI measurement can be incorpo-
rated in our framework for estimating changes in white matter con-
duction with age, we first evaluated the g values in the corpus callosum
of younger and older subjects. Fig. 3a shows the average g over the 20
medial nodes of the tract core, for each age group and fiber tract (Supp.
Fig. 2 shows the effect of the number of nodes taken around the
midline). We find that older subjects have higher g values compared
with younger subjects only in the motor callosal tract (p = 0.03, t3p6 =

— 1.95, uncorrected for the three comparisons). We also found
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Fig. 3. Predicting conduction velocity and latency. (a) g-ratio calculated
with MTV and NODDJ, in three callosal tracts. In the motor callosal region the g-
ratio is higher in older (orange) compared with younger (purple) subjects
(»=0.03, t326=—1.96). (b) The g-ratio values were used to numerically
simulate the conduction velocity along each tract (Lorena Arancibia-Ca rcamo
et al., 2017). We find that the model predicts a decrease in conduction velocity
with age in the motor callosal region (p = 0.02, t33 = 2.13). However, there are
no significant differences between the groups' (¢) tract length or (d) the con-
duction delays derived from the tract length and the tract conduction velocity.

differences between the callosal regions (see Fig. 5). However, these
differences are highly affected by the distance from the mid-sagittal
plane suggesting that the calculated g-ratio is sensitive to partial vol-
ume effect between white matter tracts (Supp. Fig. 2).
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Fig. 4. LFP estimates. The g-ratio and length of each streamline was used to
calculate the conduction latency. The distribution of latencies for each tract was
then used to simulate an LFP signal. (a) Simulated LFP for young (solid line) and
old (dashed line) in the three fiber tracts. The shaded area is the STD across
subjects. The inset zooms in the peak of the LFP for the motor tract of younger
and older subjects. (b) A comparison of the LFP peak time with the mean latency
of the tract core (R%=0.97). The values are not identical but the overall vari-
ance is maintained. Group comparison of the LFP peak time (c¢) and width (d)
reveal different effects than those calculated with the core. The LFP peak time is
delayed in the motor callosal region of older subjects (p = 0.03, t30.9 = —1.92).
The LFP width of older subjects is significantly larger in the occipital tract
(p=0.02, trg.o=—2.13).
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We incorporated the g-weighted measurements in the simulation to
calculate conduction velocities (Fig. 3b). The simulations (Fig. 1b)
reveal the dependence of the conduction velocity on g-ratio, (given a
fixed axon diameter). The increase of g-ratio with age in the motor
callosal region leads to a small decrease of the simulated conduction
velocity with age (p = 0.02, t33 = — 2.13, uncorrected for the three
comparison). Next, we combined the velocity with the fiber tract
lengths (Fig. 3c), to calculate conduction time (Fig. 3d). We found no
significant differences between the predicted latencies of younger and
older subjects, in all areas.

Next, we used the tractography streamlines to predict more conduc-
tion properties. We treated each streamline as a separate representative
of underlying axonal properties (instead of taking the tract core's prop-
erties to reflect a single value for all streamlines). This sampling approach
creates a distribution of g values. Each streamline has its own length and
g-ratio, thereby resulting in a distribution of estimated latencies. As is for
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the core (Fig. 3), g was sampled along the 20 medial nodes of each
streamline, and the median of this sample was used. The distribution of
latencies can be used for simulation of an LFP signal (shown in Fig. 4a).
The peak time of the LFP is highly correlated with the latency calculated
using the tract core (R?> = 0.97), but it is not identical as it is sensitive to
the variance across the tract (Fig. 4b). Comparing the latencies between
the age groups (Fig. 4c), we found a delay of conduction latency with age
in the motor callosal region (p = 0.03, t3p9 = —1.92, uncorrected for
the three comparison).

The LFP analysis also allows us to compare the variance in the data
using the signal width. Fig. 4d shows the comparison of the full-width
half-maximum of the simulated LFP signal between the age groups.
Interestingly, this comparison of ERP width between younger and older
subjects also reveals a difference with age in the callosal fibers con-
necting the occipital cortices (p = 0.02, tog9 = — 2.13, uncorrected for
the three comparisons), suggesting a higher variance within subject, with
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Fig. 5. Conduction of axon diameter distribution in the corpus callosum, (a) a reproduction of the histograms of the axon diameters in the splenium genu and
mid-body of the corpus callosum, as presented in Fig. 4 in Aboitiz et al. (1992). (b) The distribution of simulated velocities of the three regions, revealing a larger
fraction of fast axons in the mid-body. (c) The distribution of latencies given a 10 cm long axon. (d) The distribution of latencies given the tract lengths calculated from
fractography: 11.5, 9.2 and 8 cm for the splenium, mid-body, and genu, respectively. (e) Simulation of the LFP given the latencies in (c), suggests a longer delay in
genu fibers. (f) Simulation of the LFP of each region, given the velocities in (d) and the tract lengths from the tractography data, suggests longer conduction delays in

the splenium.
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age. All comparisons between younger and older subjects are not sig-
nificant after an FDR correction. The ANOVAN revealed no main effect of
age, but did show a main effect of tract on the core g-ratio, conduction
velocity, and latency (p < 1078) as well as on the LFP peak time and
width (p < 10719).

Finally, both the core analysis and the LFP simulation predict that
the fastest fibers will be in the motor tract of the corpus callosum, with
the occipital fibers slower by as much as 10 ms. To test whether this
effect depends on the summary statistic we calculated from the axon
diameter distribution, we used the entire distribution to simulate the
latency of each callosal regions. The axon diameter distribution shown
in Fig. 5a are adapted from the distribution of the genu, mid-body and
splenium, plotted in Fig. 4 of Aboitiz's study (Aboitiz et al., 1992).
Fig. 5b displays the distributions of conduction velocities that were
simulated from the axon diameter distribution, and their corresponding
g-ratio distributions (insets in Fig. 5a). The simulation derives distri-
butions with similar peaks for the three regions, but a larger fraction of
‘fast axons’ for the mid body segment. We simulate the LFP signal that
would arise from the distribution of latencies for a 10 cm long axon
(Fig. 5c,e). We find the genu display the most delayed peak. Next, we
plot the LFP and latency distribution given the tract lengths calculated
from tractography (Fig. 5d,f). The average tract length for occipital
(11.5 cm), motor (9.2 cm) and anterior-frontal (8 cm) fiber tracts were
used for the LFP simulation of the splenium, mid-body, and genu,
respectively. Using the tractography fibers length estimates we find the
splenium is estimated to have the most delayed response, while the
genu and motor body have similar conduction delays. This result
highlights the potential differences between conduction velocity and
delay time.

5. Discussion

In this study we provide a biophysical framework which relates gMRI
measurements to white matter signal conduction, in an attempt to pro-
vide a link between structure features of axons and electrophysiology. We
used this framework to test whether the MRI measurement of g-ratio can
be used to model changes in conduction properties with age. We esti-
mated the conduction velocity and conduction time in the corpus cal-
losum of healthy human subjects. We found no significant difference
between the young and old subjects in the g-weighted measurement, and
in conduction estimates in the occipital frontal and motor callosal fibers.

The biophysical interpretation of the gqMRI measurements relates
them to properties of signal conduction along a myelinated axon. That is,
it allows estimating conduction velocity as a function of axon properties
(axonal diameter, myelin thickness, and fiber length). There are other
models that could have been used here. For example, given that the
conduction velocity is indeed mostly affected by the geometric charac-
teristics of the internode (rather than the node), one can reduce the
conduction velocity of the axon to the conduction velocity of the inter-
node. Assuming a semi-infinite cylinder, the conduction velocity is a
function of the membrane time constant (r) and length constant (1)
(Agmon-Snir and Segev, 1993; Rall, 2011) § = 21/z. This solution de-
scribes unmyelinated axons better than myelinated ones, but it is
convenient since it doesn't require a full simulation of the axon propa-
gation. Different models will produce different predictions of conduction
latency, but unless one chooses a model that is based on a very different
set of assumptions of the axon biophysics, we do not expect it will lead to
a great difference in the results.

When applying a biophysical model to MRI data, it is necessary to
extract summary statistics of the microstructure parameters. One possi-
bility is to use the voxels in a certain region (e.g. their mean). To sample
white matter pathways, it is advantageous to rely on the tractography
results, and either use the tract core values, or obtain the characteristic
value for each streamline. While the tract core values are probably less
susceptible to partial volume effects, using the streamlines allows an
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interesting and potentially informative sampling of the space.

Using the streamlines as a way to estimate a distribution of axonal
values is a very coarse reduction of the anatomy. Whether or not it is
valid depends on the homogeneity of the axons in space within a fiber
tract. Errors in the segmentation of the streamlines into fiber tracts (e.g.
including somatosensory fibers in the motor tract) could introduce
further inaccuracies in the simulation of the LFP signal. Future testing is
needed to decide if ERP characteristics such as latency or width are
helpful when interpreting the structural MRI data. To our knowledge,
there is not enough evidence today to determine whether it is helpful to
use such analysis. Nevertheless, in our data, the LFP analysis predicts
group differences both in the peak time and importantly, in the width of
the ERP, which is not available when using the tract core values. The
difference in ERP width suggests that the LFP simulation captures
somewhat different information in the data than using the tract core
values.

Using the LFP analysis, we find a small difference in conduction de-
lays in the motor region (Fig. 4c). However, it is a very minor difference
(~2ms), and it is not replicated using the core values (Fig. 3c), sug-
gesting that this result is model-dependent. The existing literature on
callosal delays does suggest an elongation of signal transfer time with age
(Jeeves and Moes, 1996; Bellis and Wilber, 2001). There are several
possible explanations for this discrepancy. First, given that there is an
increase in inter-hemispheric transfer time (IHTT) with age, it is possible
that the increase is a result of cortical processing and not changes in
white matter conduction. For example, a decrease in synaptic density
with age (Peter, 1979) could change the temporal dynamics of cortical
computation processes and lead to delays in IHTT that are measured on
the scalp. Second, as previously discussed (Berman et al., 2018), the
myelin measure used here (MTV) is sensitive, but not specific to myelin.
Therefore, as the tissue undergoes changes in composition with age, it is
possible that our g-weighted measurement is becoming less specific to
myelin (i.e., affected by the contribution of non-myelin tissue compo-
nent). On a similar note, it is possible that the single axon model is too
coarse, and it might be necessary to formulate a model that considers the
entire axonal populations that affects the MRI measures. Furthermore,
while the fibers in the corpus callosum are considered to be coherent in
orientation, there is evidence suggesting fine dispersion of the fiber
orientation (Budde and Annese, 2013). Such variation in the fiber
orientation could both introduce error to the estimation of the NODDI
parameters, and to the tractography and thus the calculation of tract
length.

Third, the g-ratio might not capture enough of the variance that is
essential for the calculation of conduction velocity. If the tissue changes
with age, it is unlikely that only one aspect of the tissue changes. Un-
fortunately, the biophysical model is relying on structural parameters
that are not available in vivo. Therefore, it is possible that one of the
parameters we kept constant in the calculation of conduction velocity, in
fact changes with age. Simulation studies have shown that the biggest
factor of conduction velocity is the geometry of the internode (Moore
et al., 1978; Waxman, 1980; Drakesmith and Jones, 2018). The internode
length, for example, is an important factor that may be modulated and
affects conduction velocity (Friede, 2017; Etxeberria et al., 2016). While
we do not have access to it, it was found to be correlated with axon
diameter, and we use this relationship to reduce the number of fixed
parameters.

It is well established that the axon diameter is a very important
determinant of conduction velocity (Rushton, 1951; Waxman, 1980), and
this could have further implication for neural computation (Innocenti
et al., 2015). Furthermore, studies have shown that the axon diameter
distributions are related to information transfer rate and its effectiveness
(Perge et al., 2009, 2012). Therefore, by fixing the axon diameter we are
probably losing information (Moes et al., 2007; Whitford et al., 2011;
Terada et al., 2008, 2012). A second consequence of choosing a certain
axon diameter (and internode length), is that it changes the effect of
g-ratio on the conduction velocity. The lower the axon diameter, the less
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the g-ratio will affect the velocity prediction. Thus, when calculating the
latency (rather than velocity), choosing a small axon diameter will
weight the tract lengths more strongly. Our results highlight the signif-
icance of the ongoing efforts in the gMRI community to improve and
simplify in vivo measurement of axon diameter (e.g. Drobnjak et al.,
2016; Novikov et al., 2019; Assaf and Blumenfeld-Katzir, 2008; Kakkar
et al., 2018; Barakovic et al., 2018; Benjamini et al., 2016; Alexander
et al., 2010; Xu et al., 2014; Fieremans et al., 2016).

Due to the importance of the axon diameter we chose empirically
based values, from post mortem histology of human corpus callosum. We
chose to fix the axon diameter in the occipital, motor and anterior-frontal
tracts of the corpus callosum, to be 1.72, 2.81 and 1.3 um, respectively.
The difference in axon diameter values leads to large differences in the
conduction estimates between tracts. We found that using the empirically
based values of axon diameter indeed produces a range of conduction
latencies which are close to those found in the literature. Nevertheless,
regarding the g-ratio measurement of the different tracts, we find that in
this study the between-tract comparisons largely depend on our sampling
strategy. In Supp. Fig. 2 it's clear that the g-ratio changes drastically along
the occipital tract. It is possible that the variability in g-ratio along the
occipital tract is due to the other fiber tracts it crosses paths with. The
optic radiation, which is adjacent to the splenium fibers (Forkel et al.,
2015) and could therefore lead to partial volume effects, is known to be
highly myelinated (Biirgel et al., 1999) causing a large decrease in
g-ratio. The idea that the trend of g-ratio along the occipital callosal fiber
is influenced by adjacent fibers is in line with the fact that it is similar
between younger and older subjects (Supp. Fig. 2). A smaller change can
be seen in the middle of frontal fibers, possibly due to differences in fiber
orientation dispersion along the corpus callosum (Mollink et al., 2017).

Our results point to interesting differences between the three callosal
tracts used in this study. We find the g-ratio is the highest in the occipital
tract, replicating our previous study (Berman et al., 2018), as well as
other studies (Stikov et al., 2015a; Mohammadi et al., 2015). To estimate
the conduction velocity we fix the axon diameter using the weighted
average of the axon diameter distributions measured by Aboitiz et al.
(1992). The mid-body, corresponding to the motor tract, has a large
fraction of large axon. This in turn, leads to the faster estimates of con-
duction velocity and shorter delay time (Fig. 4bd, and Fig. 5c.). Using the
entire axon diameter distribution to estimate the conduction properties
of the tracts (Fig. 5), we find that given a constant tract length, the
splenium and mid-body have very similar latencies, and the genu has the
largest delay (Fig. 5e). However, taking into account the tract lengths as
measured with dMRI, we find the genu and mid-body display similar
latency, while the splenium is the slowest (Fig. 5f). Interestingly, in
Fig. 4, we also find that the velocity might change slightly with age, yet
the latency does not. Highlighting the fact that while the velocities along
the corpus callosum may vary, the latencies could show a different trend
as function of the tract length.

The analysis incorporating the axon diameter distributions estimates
the slowest conduction will be in the splenium of the corpus callosum,
containing occipital fibers (Fig. 5ef). We find the same results using the
weighted average of the distributions and the g-ratio measured using MRI
(Fig. 4d, and Fig. 5c). Nevertheless, while the former analysis finds
similar latencies for the genu and mid-body, the latter estimates the mid-
body to have faster conducting fibers. The discrepancy is likely due to the
difference between using the entire distribution, and using a summary
statistic to represent it: the large fraction of fast axons in the mid-body
increases its weighted average dramatically, leading to large differ-
ences in the velocity estimates of the three tracts. However, when using
the entire axon diameter distribution, we derive distributions of veloc-
ities with fairly similar peaks, leading to closer estimated of LFP peak
time. Other differences originate from the way the latency distributions
are constructed. The latency distributions (from which the LFP is simu-
lated) derived in Fig. 4ac reflects the variance of g-ratio within tract,
whereas in Fig. 5 they represent the variance of axon diameters,
measured with histology. One last important distinction is that in the

Neurolmage 195 (2019) 128-139

axon diameter distribution analysis we choose g-ratio as a function of the
axon diameter. This causes larger axons to have larger g-ratio, meaning
less myelin. This could decrease the differences between the tracts. Note
that while one can assume a certain g-ratio per axon diameter, the
opposite deduction is harder to make. This is due to the shape of their
relationship: a large range of axon diameter can have similar g-ratios.
Furthermore, we do not know how the axon diameter distribution
changes with age. These results suggest that more precise histological
analysis of axon diameter and g-ratio in the corpus callosum body is
needed.

It would have been of great interest to evaluate the sex differences in
changes in conduction with age. Unfortunately, we do not have enough
data to support such an analysis. Nevertheless, in a previous study we
measured g-ratio in the corpus callosum in 80 people of ages 8-81 years
old. We found no differences in the males and females. Similar results
were found by Cercignani et al. (2017), using a different dataset, and
slightly different measurements to estimate g-ratio.

Finally, the literature describing an increase in IHTT with age, did not
measure callosal conduction directly, but instead used indirect behav-
ioral measures such as response time. Therefore, it is possible that a more
direct estimation of callosal delays will reveal that they are indeed stable
with age. The conduction delays can be estimated from the evoked
response potential which is measured in vivo with methods with high
temporal resolution (e.g., ECoG, EEG and MEG). The M/EEG signal
represents a conglomeration of many different neural sources of activity
(Luck, 2005). Embedded in the signal are the neural responses associated
with specific sensory, cognitive, and motor events. Conduction along the
corpus callosum can be accessed by presenting subjects with unilateral
stimuli (tactile or visual), since such stimuli are first processed in the
contralateral hemisphere, and the information is then transferred to the
ipsilateral hemisphere via the corpus callosum. By measuring the same
early ERP components (e.g., parietal P100) from the different hemi-
spheres, and computing the difference between their time of occurrence,
one can estimate the IHTT — the time it took the signal to travel from one
hemisphere to the other, which is an estimation of conduction delay
along callosal fibers (Brown and Jeeves, 1993; Fendrich et al., 2004).

We tested the power of a g-weighted MRI measurement to predict
conduction delays with age, and we propose that future studies would
benefit from testing the framework by measuring conduction delays and
structural MRI together. It should be noted, however, that the structural
MRI measurements cannot be expected to fully explain the variance in
the ERP latency. Of course, a higher resolution and SNR might improve
the prediction. Nevertheless, predicting conduction delays can also have
other limiting factors. Currently it is impossible to measure key proper-
ties, such as the internode length, that affect the conduction velocity.
Furthermore, the ERP latency is affected by more than the conduction in
white matter. The ERP could be affected by processing time (cortical, or
sensory), and potentially some properties of the skull and gyrification
that could filter the signal. While the inter-individual variance of such
properties is still unclear, it is unlikely to be zero. Therefore, one cannot
expect to fully explain the data.

Despite the aforementioned challenges, it is important to conceptu-
alize the relationship between structural MRI measurements and func-
tional EEG recordings using a biophysical framework. We hope that this
work can be used as a first step in bringing these two fields together in an
effort to explain common sources for individual differences.

6. Summary

We provide a framework that relates MRI measurements of averaged
microstructural features, to a single axon conduction model, in order to
model white matter conduction in vivo. This is a critical step in the pro-
cess of relating structural MRI measurements to white matter function, in
a biologically relevant manner. Such models are highly reductive when
we use in vivo measurements that are averaged over a large number of
axons. Our results further suggest that using g-weighted measurement
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might not be enough to evaluate meaningful differences in conduction
with age. It will be important to take the best available gMRI data (axon
diameter estimates included), and a complementary measurement of
conduction to show to what extent the models are useful. We hope that as
the qQMRI models develop further, this sort of study will reveal more
about the human brain and behavior in healthy development, aging, and
dysfunction.

Code and data availability statement

The code used in this study is avaliable on GitHub [https://github.co
m/MezerLab/MR_ConductionModeling]. The data used in this study is
currently unavailable to post, as it is being analyzed for several other
studies. It will be made public and available per request in the future.
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