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Abstract – As a natural formof nanoscale communication, neuro‑spike communication inspires the deployment of nanoma‑
chines inside the human body for healthcare. To this end, the identi ication of failure mechanisms in normal and diseased
connections of nervous nano‑networks is crucial. Thus, in this paper, we investigate the information transmission through
a single myelinated axon segment. We introduce a realistic multi‑compartmental model for a single myelinated segment
by incorporating the axon’s paranodal regions to the model. Next, we characterize the myelinated segment communication
channel in terms of attenuation over the range of frequencies. Based on this, we derive the rate per channel use and upper
bound on the information capacity. The performance evaluations reveal that our approach provides dramatic correction re‑
garding frequency response. We believe that this result could have a signi icant effect on the characterization of demyelinated
axons from the information and communication technology (ICT) perspective.

Keywords – ICT‑based treatment, intra‑body nano‑networks, Internet of Bio‑Nano Things, demyelination, neuro‑spike
communication

1. INTRODUCTION

Advances in nanotechnology have opened the way for the
deployment of nanomachines collaboratingwithin the In‑
ternet of Bio‑Nano Things (IoBNT) framework inside the
human body as a new means of information and com‑
munication technology (ICT)‑based treatment technique
[1, 2]. IoBNT offers both the abstraction necessary for a
deeper look into the evolution of intra‑body communica‑
tions [3] and the foundation for analyzing and interacting
with living organisms. For example, as a large scale intra‑
body nano‑network, the human nervous system bears an
enormous potential to inspire architectures for such sys‑
tems with novel applications in diverse areas, including
smart healthcare [4].

Shannon’s information theory is usually applied to ex‑
isting intra‑body nano‑networks to analyze intra‑body
communicationmechanisms, one of which is neuro‑spike
communication achieved via molecules [5]. Neuro‑spike
communication consists of consecutive stages, namely,
spike generation, axonal and synaptic transmission. Un‑
derstanding of communication failures within any of
these stages due to nervous system diseases such as
spinal cord injury and Multiple Sclerosis (MS) is crucial
to the designs of assistive or replacement nanomachines
[6]. Accordingly, an accurate communication theoret‑
ical analysis of intra‑body communication channels re‑
quires realistic channel modeling of healthy and diseased
connections, which is promising in understanding dis‑
ease mechanisms in biological systems communicating
via molecules [7].

Regarding axonal transmission, communication and com‑ 
putational models of axons exist in the literature. Com‑ 
munication models mostly assume the axon as an ideal 
all‑pass ilter [8]. In biologically detailed communication 
models, the axon is modeled as a low‑pass ilter, and mod‑ 
i ied second‑order Butterworth ilters [9, 10]. In more 
complex models, axonal propagation is represented with 
several state transitions in the case of hippocampal pyra‑ 
midal neurons [11]. Moreover, an in inite transmission 
line model is also available [12]. The limitations of com‑ 
munication models include that they cannot fully capture 
the behavior of axons, which arises from the axon’s phys‑ 
iology. The computational models, on the other hand, 
are accepted as biologically accurate. Thus, computa‑ 
tional models can be used to construct the realistic chan‑ 
nel model of axons, enabling accurate analyses. In this re‑ 
spect, multi‑compartment models successfully describe 
the axonal transmission by dividing an axonal cable into 
compartments, where each compartment has the same 
membrane properties [13]. However, this approach ne‑ 
glects some parts of the axon, e.g., paranodal regions of 
myelinated axons, where the membrane properties are 
not uniform.

In many vertebrates, an insulating substance called 
myelin sheath surrounds axons. The myelin sheath is the 
extension of the plasma membrane of glial cells wrap‑ 
ping the axon, possibly in a multilayered structure. Myelin 
sheaths are formed in periodic segments. The short por‑ 
tions of the axon left uncovered by myelin are called the 
nodes of Ranvier. Axonal transmission is achieved by
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Fig. 1 – Paranodal and nodal regions of the myelin sheath.

impulse‑like potential changes in the neuron membrane, 
called Action Potential (AP). Myelination increases the 
speed of signal propagation along the axon considerably 
by a process called saltatory conduction, which is simply 
the jumping of APs between the consecutive nodes of Ran‑ 
vier. Successful saltatory conduction is strongly related to 
the structure and integrity of the myelin sheath [14]. In 
an intact and suf iciently thick sheath, ion leakage from 
the neuron membrane is minimal. As a result, attenua‑ 
tion at the membrane potential is also minimal. However, 
demyelination, which is the loss of myelin sheath, can in‑ 
crease ion leakage from the axon membrane to a level 
that the membrane potential attenuates too much when 
it reaches the next node. In this case, low membrane po‑ 
tential may not be suf icient to open Na+ channels in the 
node, and consequently, AP propagation is blocked [15].

The myelin sheaths generally form in multiple layers. The 
sheath is wrapped around the axon starting from its short 
edge as shown in Fig.1. This structure of myelin forms in‑ 
termediary regions called the paranodal regions between 
the nodes of Ranvier and the nodal regions of the myelin 
sheath. Assuming that the n‑fold myelin sheath begins 
abruptly following a node of Ranvier causes inaccuracy 
when modeling the leakage resistance and capacitance of 
the region. Bearing in mind that there may be hundreds, 
even thousands of nodal and paranodal regions in a sin‑ 
gle axon, the importance of inaccuracy caused by oversim‑ 
plistic modeling becomes apparent. Moreover, as shown 
in [16], even minor changes in the structure of paranodal 
regions can affect AP propagation signi icantly. This evi‑ 
dence shows that we should also consider paranodal re‑ 
gions to obtain a realistic model of myelinated axons.

In this paper, we propose a detailed model for the intern‑ 
ode in a myelinated axon by taking paranodal regions into 
account, based on experimental evidence from the liter‑ 
ature. Our aim is to investigate the frequency response 
properties of a single internodal channel. We perform

frequency domain analysis of the system to quantify channel 
attenuation and compare the results with the classical ca‑ 
ble model to show the effect of paranodal regions on infor‑ 
mation transmission. Then, we derive the rate per chan‑ 
nel use and channel capacity when different forms of bio‑ 
logical noise sources exist in the environment.

The rest of the paper is organized as follows. First, in Sec‑ 
tion 2, we describe the system model. Secondly, in Sec‑ 
tion 3, we de ine noise sources affecting the internodal 
channel and derive bounds on rate per channel use and 
capacity. Next, in Section 4, we provide numerical analy‑ 
sis of the channel’s frequency domain properties. Finally, 
in Section 5, conclusions and future directions are sum‑ 
marized.

2. SYSTEM MODEL

A myelinated axon consists of active and passive compart‑ 
ments that sustain the active and passive spread of ac‑ 
tion potential through the axon, respectively. The nodes 
of Ranvier, which contain dense ion channels, are ac‑ 
tive compartments. In contrast, electrically neutral myeli‑ 
nated segments, i.e., internodes, with low ion channel den‑ 
sity constitute passive compartments [17] as shown in 
Fig. 2. Due to the stochastic opening and closing of ion 
channels, which can be described via nonlinear differen‑ 
tial equations of Hodgkin Huxley formalism, membrane 
resistance is time‑varying at the nodes of Ranvier. On 
the other hand, since passive compartments have only a 
negligible number of ion channels, membrane resistance 
does not depend on time, and the axon acts linearly at in‑ 
ternodes.

To investigate the linear response of an internode, we take 
paranodal regions into account. In this respect, classical 
cable theory, which is proven to be successful at explain‑ 
ing the behavior of AP propagation through the cylindrical 
structures such as dendrites and axons, is utilized [18].

2.1 The cable equation

According to cable theory, the membrane voltage is given 
by the following differential equation [13]

1
𝑟𝑓

𝜕2𝑉
𝜕𝑥2 = 𝑐𝑚

𝜕𝑉
𝜕𝑡 + 𝑉

𝑟𝑚
, (1)

where 𝑟𝑚, 𝑟𝑓 and 𝑐𝑚 are the membrane resistance, for‑
ward resistance and membrane capacitance of the axon,
respectively. Using the length constant, 𝜆 = √

𝑟𝑚
𝑟𝑓

and
the time constant, 𝜏 = 𝑟𝑚𝑐𝑚, Eq. (1) becomes

𝜆2 𝜕2𝑉
𝜕𝑥2 = 𝜏 𝜕𝑉

𝜕𝑡 + 𝑉 . (2)
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Fig. 2 – Two‑dimensional diagram of myelinated axon and the circuit corresponding to a myelinated segment. The regions where axon is surrounded
by myelin sheath are called internode and remaining parts without myelin are called Node of Ranvier (NoR). A myelinated segment consists of intern‑
odal region with constant myelin thickness, initial and terminal paranodes, where number of myelin wraps depends on the distance from and to NoR,
respectively.

In the simplistic model of the myelinated axon, leakage
resistance and capacitance are constant. However, due
to the shape of the myelin sheath, paranodal regions do
have different leakage resistance and capacitance values.
Therefore, rather than taking 𝑟𝑚 and 𝑐𝑚 constant, we take
them as a function of the distance from the start of the
myelinated segment. Hence,

𝜆 ∼ 𝜆(𝑥) (3)
𝜏 ∼ 𝜏(𝑥) (4)

The lumped circuit approximation, valid due to the small
dimensions of the myelinated segments compared to the
wavelengths of the dominant components forming the ac‑
tion potential, helps us to assume any ield effect is in‑
stantaneous throughout the entire segment. Therefore,
to calculate attenuation values in the steady state, partial
derivative of voltage with respect to the time variable be‑
comes zero, i.e., 𝜕𝑉

𝜕𝑡 = 0. Hence, the resulting equation
becomes

𝑉 = 𝜆2(𝑥)d
2𝑉
d𝑥2 . (5)

This is the inhomogeneous heat low equation for the 
steady state [19]. Apart from rare simple cases, the 
cable equation cannot be solved analytically but 
numerically [13]. 

Since solving this equation is hard, we employ the i‑ nite 
difference method, by partitioning our model into 𝑁 
patches.

2.2 The discrete axonal cable
We consider a multi‑compartment model of the myeli‑ 
nated axon to solve the inhomogeneous heat low equa‑ 
tion described in Section 2.1. Since this problem is hard 
to solve analytically, we attempt to solve this problem us‑ 
ing the inite element method. By compartmentalizing 
the myelinated segment, where we assume the resistance 
and capacitance values are constant for the given com‑ 
partment, we obtain a numerical solution to the heat low 
problem.

Here, we divide a length‑𝑙 myelinated segment into 𝑁 
compartments, where 𝑁 is a large integer [20]. Each of 
these pieces consists of three circuit elements, i.e., a for‑ 
ward resistance, 𝑟𝑓 , leakage resistance, 𝑟𝑚 and leakage 
capacitance, 𝑐𝑚.

The equivalent circuit is shown in Fig. 2. Looking at Fig. 
2, we see the (𝑘 − 1)𝑡ℎ, 𝑘𝑡ℎ and (𝑘 + 1)𝑡ℎ compartments 
of the myelinated segment, which we divided into 𝑁 com‑

partments. The length of each compartment is Δ𝑥 = 𝑙
𝑁 .

Note that the smaller Δ𝑥 is, the more accurate the inite
element method will be.
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2.3 Multilayer cell membrane

In the previous section, we described how the inite el‑ 
ement method transforms the cable theory into a cir‑ 
cuit with 𝑁 different compartments. In this section, we 
present how circuit parameters for each compartment 
are calculated. There are three circuit elements we need 
to investigate, namely, forward resistance, 𝑟𝑓 , leakage 
resis‑ tance, 𝑟𝑚,  and leakage capacitance, 𝑐𝑚.

Forward resistance

The forward resistance for the 𝑘𝑡ℎ compartment is ob‑ 
tained as

𝑟𝑘
𝑓 = 𝑅𝑓

Δ𝑥
2𝜋𝑎 (6)

where 𝑅𝑓 is the speci ic forward resistance of the axon.
Note that 𝑟𝑘

𝑓 = 𝑟𝑓 ∀𝑘, as forward resistance is only due
to the cytoplasmic resistance of axon, not on the myelin
covers spanning the axon.

Leakage resistance

We calculate the leakage resistance of an unmyelinated
segment of thickness Δ𝑥 as

𝑟𝑚 = 𝑅𝑚
2𝜋𝑎Δ𝑥, (7)

where 𝑎 is the axon radius and 𝑅𝑚 is the speci ic leakage
resistance.

In order to calculate the leakage resistance of a myeli‑
nated segment, we irst need to use the result in Eq. (7) to
obtain the resistivity of axolemma, i.e.,

𝜌 = 𝑟𝑚
2𝜋𝑎Δ𝑥

1
ln ( 𝑎+𝑑𝑎

𝑎 )
(8)

= 𝑅𝑚
ln ( 𝑎+𝑑𝑎

𝑎 )
(9)

where 𝑑𝑎 is the axolemma thickness and we assumed ax‑
olemma to be cylindrical.

In case axolemma is covered with multiple myelin turns,
we can assume each turn to be cylindrical resistors with
inner thickness 𝑎 + 𝑛×𝑑𝑚 and outer thickness 𝑎 + 𝑑𝑎 +
𝑛 × 𝑑𝑚 where 𝑑𝑚 is the myelin layer thickness. Note
thatmyelin tissue shows remarkable similarities with the
axolemma. Hence, we model myelin as axolemma en‑
capsulating some intracranial luid, where 𝑑𝑚 is the to‑
tal layer thickness including the encapsulated intracranial
luid and the myelin itself, while 𝑑𝑎 is only the thickness
of myelin, equal to the axolemma thickness. The cross‑
sectional view of our model is depicted in Fig. 3. Since all

axoplasm
Schwann 

Cell

intracranial 
fluid

a
da dm dl

axolemma

myelin 
layer

Fig. 3 – Cross‑sectional view of myelinated axon.

myelin layers are connected in series, we can calculate the
total axonal leakage resistance of a segment with length
Δ𝑥 and myelin cover 𝑛 from axoplasm to the intracranial
luid as

𝑟𝑚 =
𝑛

∑
0

𝜌
2𝜋Δ𝑥 ln(𝑎 + 𝑑𝑎 + 𝑛𝑑𝑚

𝑎 + 𝑛𝑑𝑚
). (10)

In theparanodal region,myelin turnswrapping a segment
are not constant. If the last myelin layer is a partial turn,
i.e., not covering the whole axolemma, we can still use Eq.
(10)with a slight modi ication such that

𝑟𝑚 =
⌊𝑛⌋
∑

0
( 𝜌

2𝜋Δ𝑥 ln(𝑎 + 𝑑𝑎 + 𝑛𝑑𝑚
𝑎 + 𝑛𝑑𝑚

)) + (11)

(𝑛 − ⌊𝑛⌋) 𝜌
2𝜋Δ𝑥 ln(𝑎 + 𝑑𝑎 + ⌈𝑛⌉𝑑𝑚

𝑎 + ⌈𝑛⌉𝑑𝑚
) (12)

where the last part is due to the partial wrap. Note that
here 𝑛 is not an integer. Rather, 𝑛 − ⌊𝑛⌋ gives us the ratio
of the partial cover.

Finally, we can calculate the leakage resistance of the 𝑘𝑡ℎ

piece of a length 𝑙, radius 𝑎 and the paranodal region
length 𝑑 myelinated segment with Eq. (11) by switching
𝑛 to 𝑛𝑘 as

𝑛𝑘 =
⎧{
⎨{⎩

𝑁𝑘Δ𝑥
𝑑 , 𝑘Δ𝑥 ≤ 𝑑

𝑁(𝑑−𝑘Δ𝑥)
𝑑 , 𝑘Δ𝑥 ≥ 𝑙 − 𝑑

𝑁, 𝑒.𝑤
(13)

Leakage capacitance

Here we can pursue an approach similar to leakage resis‑
tance. Leakage capacitance of an unmyelinated segment
of thickness Δ𝑥 calculated as
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𝑐𝑚 = 𝐶𝑚Δ𝑥(2𝜋𝑎). (14)

Using Eq. (25), we can calculate electric permittivity of
axolemma as

𝜖 = 𝑐𝑚
2𝜋Δ𝑥 ln(𝑎 + 𝑑𝑎

𝑎 ) (15)

= 𝐶𝑚𝑎 ln(𝑎 + 𝑑𝑎
𝑎 ) . (16)

Similar to the leakage resistance calculations, we can
reach the leakage capacitance by modeling the myelin
turns as concentric cylindrical capacitors with inner radii
𝑎+𝑛×𝑑𝑚 and outer radii as 𝑎+𝑑𝑎+𝑛×𝑑𝑚. The resultant
capacitance would be

𝑐𝑚 = 2𝜋Δ𝑥
𝑛

∑
0
ln ( 𝑎+𝑑𝑎+𝑛𝑑𝑚

𝑎+𝑛𝑑𝑚
)

. (17)

We can calculate the leakage capacitance of a segment
with length Δ𝑥 in case of partial myelin turns as

𝑐𝑚 = 2𝜋Δ𝑥

(
⌊𝑛⌋
∑
0
ln ( 𝑎+𝑑𝑎+⌊𝑛⌋𝑑𝑚

𝑎+⌊𝑛⌋𝑑𝑚
)) + ln 𝑎+𝑑𝑎+⌈𝑛⌉𝑑𝑚

𝑎+⌈𝑛⌉𝑑𝑚

. (18)

Similar to the leakage resistance, we can ind the leakage
capacitance at the 𝑘𝑡ℎ segment by using Eq. (18) with 𝑛𝑘

instead of 𝑛 as in Eq. (13).

Outer resistance

Outer resistance, or extracellular resistance, is the resis‑
tance of the luid between axons [21]. Here, we assume
that outer resistance is due to the extracellular luid en‑
closed by the endoneurium.

We calculate the outer resistance similar to the forward
resistance, i.e.,

𝑟𝑘
𝑜 = 𝑅𝑜Δ𝑥

𝜋(𝑑2𝑒 − (𝑑𝑒 − 𝑑ℎ)2) , (19)

where 𝑅𝑜 is the speci ic outer resistance, 𝑑𝑒 is the radius 
of the endoneurium and 𝑑ℎ is the thickness of the en‑ 
doneurium. Since endoneurium thickness and radius are 
accepted to be constant through the axon, 𝑟𝑜

𝑘,  similar to 
𝑟𝑓

𝑘,  is independent of 𝑘.

3. INTERNODAL CHANNEL CAPACITY

In this section, we ind the rate per channel use in intern‑ 
odal regions of myelinated axons.

Information transmission through axons is affected by
noise sources including channel noise due to random luc‑
tuations of voltage‑gated ion channels at the node of Ran‑
vier, thermal noise (Johnson noise) produced by mem‑
brane resistance, membrane capacitance, and cytoplas‑
mic resistance, and crosstalk noise caused by axon‑axon
interactions such as ephaptic coupling [22, 23]. Concern‑
ing the internodal channel, we do not consider channel
and crosstalk noise, since the former is effective at the
nodes of Ranvier and the latter is speci ic to neuron types
[24]. Here, thermal noise is the only noise source that af‑
fects the internodal transmission in general; therefore,we
use it to offer an upper bound for the per‑use rate of the
internodal channel. Thus, the power spectral density of
thermal noise voltage is given by

𝑁𝑃 (𝑓) = 2𝑘𝑇Re{𝑍(𝑓)}, (20)

where 𝑘 is the Boltzmann constant, T is the temperature
in Kelvin and 𝑍 is the total impedance of the system [23].
Since, 𝑍 depends on frequency, thermal noise is also fre‑
quency dependent.

Action potential, the input to the channel, is represented
by voltage variable 𝑥(𝑡). The power spectral density of
signal 𝑥(𝑡) over the inite time interval [0, 𝑇 ] is given by

𝑃(𝑓) = lim
𝑇 →∞

1
𝑇 |𝑋(𝑓)|2, (21)

where 𝑋(𝑓) is the Fourier transform of 𝑥(𝑡). The input
signal has power constraint that

∫
𝐵

𝑃 (𝑓) ≤ 𝑃 , (22)

where 𝑃 is the average transmitted signal power over
given bandwidth 𝐵.

Hence, the rate per channel use of a myelinated segment
under thermal noise is bounded by

𝑅 <
𝐵/2

∫
−𝐵/2

log2 (1 + |𝐺(𝑓)|2𝑃(𝑓)
𝑁𝑃 (𝑓) )d𝑓, (23)

where 𝐺(𝑓) is the channel gain function and 𝐵 is chan‑
nel bandwidth. The channel capacity of a myelinated seg‑
ment can be obtained by water‑ illing. However, due to
the frequency‑dependent gain function, irst, we need to
calculate the effective noise spectral density, i.e.,

𝑁𝑒𝑓𝑓
𝑃 (𝑓) = 𝑁𝑃 (𝑓)

|𝐺(𝑓)|2 . (24)

Thus, the capacity of the channel is found as

𝐶 = Δ𝑓
𝑀

∑
𝑖=1

log2 (1 + 𝑃(𝑓𝑖)
𝑁𝑒𝑓𝑓

𝑃 (𝑓𝑖)
), (25)
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where 𝑀 is the number of sub‑bands with each having a
width ofΔ𝑓 that is suf iciently small. The power distribu‑
tion that maximizes the capacity can be obtained by solv‑
ing the Lagrange multiplier problem. Hence, the solution
is given by [25]

𝑃(𝑓) = {𝐾 − 𝑁𝑒𝑓𝑓
𝑃 (𝑓) 𝑓 ∈ 𝐵

0 𝑓 ∉ 𝐵 (26)

where 𝐾 value satis ies (22).

4. PERFORMANCE EVALUATION

In this section, we irst present the leakage resistance and 
capacitance trend graphically, and then the results of our 
frequency domain analysis of the internode.

The simulation environment for the results given in this 
section is Python. We choose Python over dedicated sim‑ 
ulators such as Comsol or Neuron due to its lexibility in 
model building.

4.1 Leakage resistance and capacitance
Since the leakage impedance depends on the average 
number of layers, where each layer acts as another 
cell membrane, the leakage impedance in the paranodal 
region must increase linearly, as our model suggests. 
The difference between our model and the conventional 
model [18] is displayed in Fig. 4 and Fig. 5 for leakage 
resistance and leakage capacitance respectively.

Fig. 4 – Leakage resistance trend between two Ranvier nodes.

As we can see in Fig. 4, the resistance gradually increases
in the paranodal region, from 𝑅0, the resistance of naked
axolemma, to (𝑚 + 1)𝑅0, axolemma covered with 𝑚 lay‑
ers of myelin, while the conventional model assumes it to
be constant. For capacitance, however, the conventional
model understates the capacitance, as can be seen in Fig.
5. The capacitance values drop from 𝐶0 to 𝐶0/(𝑚 + 1).
In Fig. 4 and Fig. 5, 𝑑 marks the boundary of the irst

Fig. 5 – Leakage capacitance trend between two Ranvier nodes.

paranodal region, while 𝑙 − 𝑑 marks the start of the end 
paranodal region.

Note that the effects of myelin layers on leakage resis‑ 
tance and leakage capacitance are the same because leak‑ 
age capacitance being inversely proportional to the ca‑ 
pacitance value while leakage resistance being linearly 
proportional to the resistance value.

4.2 Frequency response analysis of internode
In this section, we present the differences between our 
model and the conventional model. In this subsection, un‑ 
less we are testing that speci ic variable, we use the sim‑ 
ulation parameters given in Table 1. The frequency re‑ 
sponses are simulated for the frequency range of  0− 
6000 Hz.

First, we examine the attenuation depending on fre‑ 
quency over a single myelinated segment. The attenua‑ 
tion values are essential in determining the continuity of 
action potential through the whole axon because the volt‑ 
age levels at the end of the segment determine whether 
the voltage‑controlled channels in the Node of Ranvier are 
activated. Since the conventional method underestimates 
leakage in the paranodal regions by assuming a cylindri‑ 
cal myelin cover, the attenuation values are lower com‑ 
pared to our model. The frequency response of a single 
myelinated region is given in Fig. 6. Even though our solu‑ 
tion traces a very similar path to the conventional method, 
the percent difference increases dramatically for higher 
frequency values, reaching 253% for 𝑓 = 6000 Hz. As 
a result of this extreme difference, propagation of spon‑ 
taneous high‑frequency spikes, a complication related to 
axonal injuries may be underestimated using the conven‑ 
tional method. Furthermore, the discrepancy is not neg‑ 
ligible for 𝑓 < 500 Hz, where most of the spectrum of a 
normal action potential lies. Therefore, our model may 
correct the shape of a healthy action potential measured 
at the end of the myelinated segment.
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Table 1 – Model and simulation parameters

Parameter Value Unit Symbol
Speci ic forward resistance 100 [26] Ω𝑚 𝑟𝑓
Speci ic leakage resistance 106 [26] Ω𝑚2 𝑟𝑙
Speci ic membrane leakage capacitance 10−2 [26] 𝐹𝑚−2 𝑐𝑚
Axolemma thickness 5 × 10−9 [27] 𝑚 𝑑𝑚
Length of myelinated segment 1 × 10−3 [28] 𝑚 𝑙
Length of paranodal region 1 × 10−4 [21] 𝑚 𝑑
Axon radius 10−5 [21] 𝑚 𝑎
Myelin turn number 20 [29] 𝑛

Fig. 6 – Attenuation vs frequency for a single myelinated segment.

Fig. 7 – Percent difference between our model and conventional model 
for different frequency values depending on axon radii.

In Fig. 7, we show the percent difference for attenua‑ 
tion between our model and the conventional solution for 
different axon radii. For larger radii values, the effect of 
leakage is less so that our correction becomes insigni i‑ 
cant. However, for typical and smaller radii values, our 
approach offers a dramatic correction over the conven‑ 
tional approach.

Fig. 8 – Percent difference between our model and conventional model 
for different myelin turn values.

In Fig. 8, we analyzed the percent difference between
our model and the conventional solution in attenuation 
for different lengths of myelinated segments. Note that 
here we assumed the length of the paranodal regions are 
of the same ratio. That is, for longer myelinated segments, 
the paranodal regions were also assumed to be longer. As 
the length of the segment decreases, the overall leakage 
diminishes. As a result, our correction becomes less sig‑ 
ni icant. However, for typical lengths of myelinated seg‑ 
ments, the correction offers a tremendous change over 
the conventional method, especially for high‑frequency 
values.

In Fig. 9, we focused on the effect of changing the ratio 
over the paranodal region length, 𝑑 over the length of the 
whole myelinated segment, 𝑙.  As expected, as the length 
of the paranodal segment diminishes, our correction be‑ 
comes less signi icant. However, even for shorter paran‑ 
odal regions, the correction may be important.

Fig. 10 analyzes the relationship between the maximum 
myelin cover, 𝑛,  and the percent difference between our 
solution and the conventional cable theory approach. As 
expected, for low myelin cover, the paranodal regions are 
essentially similar to the rest of the segment. Thus, our 
correction becomes insigni icant, especially for the low‑ 
frequency region.
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Fig. 9 – Percent difference between our model and conventional model
for different frequency values depending on the length of the paranodal
region.

Fig. 10 – Percent difference between ourmodel and conventionalmodel
for different frequency values depending on axon length.
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Fig. 11 – Percent difference between our model and conventional model 
for different step size values used for inite element analysis.

Fig. 11 shows the percent difference between our 
model and the conventional solution for different 
partition numbers. For the results presented above, 
we partitioned a single myelinated segment into 104

compartments. Note that, in Fig. 11, the percent 
difference values for 104 compartments and 105

compartments are indistinguishable, proving that our 
inite element method analysis has suf icient depth to 
offer accurate results, i.e.,

𝐺Δ𝑥= 𝑙
104

≈ 𝐺Δ𝑥= 𝑙
105

≈ lim
Δ𝑥→0

𝐺Δ𝑥. (27)

5. CONCLUSION AND FUTURE DIRECTIONS

In this work, we developed a compartment‑based model 
for the endpoints of the myelin sheath, i.e., the paranodal 
region, for the irst time in literature. We believe our work 
paves the way to more complicated and realistic models 
to apply ICT‑based treatments to conditions arising from 
deformities in the myelin sheath.

In future work, several issues will be investigated as fol‑ 
lows:

• Incorporating nodes of Ranvier into themodel to ob‑
tain end‑to‑end axonal channel characteristics,

• Extensive examination of axon’s end‑to‑end model
including delay and phase analysis,

• Calculation of digital and analog capacity for the ax‑
onal internodes,

• Modelingmyelin‑related diseases, e.g., paranodal de‑
tachment and demyelination, and determining the
loss in internodal channel capacity due to a disease.
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