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A modelling study to dissect the

potential role of voltage-gated ion
channels in activity-dependent
conduction velocity changes as
identified in small fiber
neuropathy patients
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Faculty, RWTH Aachen University, Aachen, Germany, *Department of Neurology, Medical Faculty,
RWTH Aachen University, Aachen, Germany, “Department of Electrical Engineering and Computer
Science, University of Liége, Liége, Belgium, SInstitute of Neurophysiology, Uniklinik RWTH Aachen
University Aachen, Aachen, Germany, ®Joint Research Center for Computational Biomedicine, RWTH
Aachen, Aachen, Germany, 7Institute of Neurophysiology, RWTH Aachen University, Aachen, Germany,
8Institute of Physiology and Pathophysiology, University of Erlangen-Niirnberg, Erlangen, Germany

Objective: Patients with small fiber neuropathy (SFN) suffer from neuropathic pain,
which is still a therapeutic problem. Changed activation patterns of mechano-
insensitive peripheral nerve fibers (CMi) could cause neuropathic pain. However,
there is sparse knowledge about mechanisms leading to CMi dysfunction since
it is difficult to dissect specific molecular mechanisms in humans. We used an
in-silico model to elucidate molecular causes of CMi dysfunction as observed in
single nerve fiber recordings (microneurography) of SFN patients.

Approach: We analyzed microneurography data from 97 CMi-fibers from healthy
individuals and 34 of SFN patients to identify activity-dependent changes in
conduction velocity. Using the NEURON environment, we adapted a biophysical
realistic preexisting CMi-fiber model with ion channels described by Hodgkin-
Huxley dynamics for identifying molecular mechanisms leading to those changes.
Via a grid search optimization, we assessed the interplay between different ion
channels, Na-K-pump, and resting membrane potential.

Main results: Changing a single ion channel conductance, Na-K-pump or
membrane potential individually is not sufficient to reproduce in-silico CMi-fiber
dysfunction of unchanged activity-dependent conduction velocity slowing and
quicker normalization of conduction velocity after stimulation as observed in
microneurography. We identified the best combination of mechanisms: increased
conductance of potassium delayed-rectifier and decreased conductance of Na-
K-pump and depolarized membrane potential. When the membrane potential
is unchanged, opposite changes in Na-K-pump and ion channels generate the
same effect.

Significance: Our study suggests that not one single mechanism accounts
for pain-relevant changes in CMi-fibers, but a combination of mechanisms.
A depolarized membrane potential, as previously observed in patients with
neuropathic pain, leads to changes in the contribution of ion channels and the
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Na-K-pump. Thus, when searching for targets for the treatment of neuropathic
pain, combinations of several molecules in interplay with the membrane potential
should be regarded.

KEYWORDS

neuron, simulation, C-fiber axon, neuropathic pain, microneurography, voltage-gated
ion channels, in-silico model

1 Introduction

Neuropathic pain affects 7-10% of the population and results
from damage to the somatosensory system (Colloca et al., 2017;
Petroianu et al., 2023). Factors such as an aging population, diabetes,
and cancer treatment increase the incidence of neuropathic pain,
which presents itself in a diverse array of manifestations. Small fiber
neuropathy (SFN) is a medical condition that affects the small sensory
cutaneous nerve fibers, such as AS and C-fibers (Séne, 2018; Strand
et al., 2022). Common is a mechanically evoked hyperalgesia in the
extremities (Serra et al., 2011; Chan and Wilder-Smith, 2016).
However, for unknown reasons, not all patients with neuropathy
experience pain. Unfortunately, up to now, there is no biomarker for
ongoing pain in patients with SFN. Identifying a reliable assessment
of excitability alterations in patients is important for understanding
the pathophysiological mechanisms underlying neuropathic pain and
why some patients develop pain while others do not.

Voltage-gated sodium channels (Nay) play an important role in
pain signaling as shown by monogenic diseases affecting pain
sensitivity ranging from insensitivity to pain to extreme painful
disorders such as paroxysmal pain disorder (Habib et al., 2015;
Bennett et al., 2019; Korner and Lampert, 2020; Goodwin and
McMahon, 2021). SFN can be associated with gene variants in the
genes of the subtypes Nay1.7, Na,1.8, or Na,1.9 (Huang et al., 2014;
Chan and Wilder-Smith, 2016). Thus, the function of voltage-gated
sodium channels, especially of the subtypes Na,1.7, Na,1.8, and Na,1.9
are prone candidates to account for differences between patients with
or without ongoing neuropathic pain. However, also other membrane
properties and molecules such as resting membrane potential (RMP),
sodium potassium pump (Na-K-pump), or voltage-gated potassium
channels modulate the excitability of the membrane and thus can play
a critical role in ongoing neuropathic pain (Burke et al., 2001;
Krishnan et al., 2008; Busserolles et al., 2016).

Microneurography allows to assess the conduction of nerve signals
(action potentials) in peripheral nerve fibers in healthy human
volunteers, as well as in diseased patients with neuropathic pain. With
this method, the response of single unmyelinated nerve fibers (C-fibers)
to electrical stimuli can be recorded and mechano-sensitive (CM) or
mechano-insensitive (CMi) fibers can be identified. In this study, we are
focusing on CMi-fibers which become hyperexcitable and spontaneously
active in patients with diabetic neuropathy and erythromelalgia
correlating to the presence of ongoing pain (Kleggetveit et al., 2012).

During microneurography, the receptive field of the C-fibers is
stimulated with electrical, mechanical, or chemical stimuli, which
results in the creation of action potentials that travel from the
stimulation site to the recording electrode. The corresponding delay
between stimulation and recording time is called latency and increases
for higher frequencies of electrical stimulation, i.e., the response of the
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fiber becomes slower and is therefore referred to as activity-dependent
slowing (ADS). Reducing the frequency of the stimulation leads to a
return of the latency to its baseline level, i.e., normalization of latency
(Schmelz et al., 1995; Weidner et al., 1999).

When assessing pain patients using microneurography, several
changes in the activity-dependent conduction velocity were found,
when compared to healthy volunteers. An erythromelalgia patient
with a gain-of-function mutation in Nayl.7 (I848T) showed
frequency-dependent speeding of conduction velocity instead of
slowing, as compared to the healthy control group (Namer et al.,
2015). Another erythromelalgia patient with a mutation in Nay1.8
exhibited an exaggerated ADS (Kist et al., 2016). In (Namer et al.,
2009), healthy elderly volunteers expressed more ADS than younger
subjects, as well as a slower normalization of latency after stimulation.
However, the normalization of latency is quicker for SFN patients with
pain than for those without pain (Kleggetveit et al., 2012).

ADS is enhanced by the slow inactivation of Na,s (De Col et al.,
2008) and intracellular sodium accumulation (Tigerholm et al.,
2014). Thus, a faster normalization of latency could indicate that
sodium channels emerge faster from slow inactivation, leading to
a reduced time until the possible initiation of the next action
potential, supporting higher overall excitability of the cell and
higher discharge rates (De Col et al., 2012). However, it is unknown
which ion channel subtypes or other mechanisms, such as Na-K-
pump activity and RMP, contribute to enhanced excitability in
neuropathic pain patients.

Due to ethical concerns, certain experimental procedures or
pharmacological manipulations cannot be performed in
microneurography in humans. Thus, to explore the mechanisms
underlying changes in ADS and the normalization processes of ADS
computational model systems are needed. The use of animal models
is limited since specific types of nerve fibers, such as CMi-fibers, are
absent in the skin of rodents (Prato et al., 2017). To overcome these
limitations, we used a computational model (Tigerholm et al., 2014)
based on microneurographic recordings in humans to simulate the
activity of nerve fibers following electrical stimulation to study the
mechanisms underlying quicker normalization in pain vs. non-pain
SEN patients. We modulated the conductance of the sodium and
potassium ion channels, as well as the Na-K-pump and RMP to assess
their importance for the normalization of latency.

2 Methods
2.1 Computational model

We adapted the computational model of a C-fiber described by
(Tigerholm et al., 2014). The reproduction of the specific behavior of
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C-fibers of the model was verified several times by different authors
(Petersson et al., 2014; Tigerholm et al., 2015; Pelot et al., 2021). The
Hodgkin-Huxley-type biophysical model was originally implemented
using the NEURON simulation environment (Hines and Carnevale,
1997) and its built-in interpreter ioc with a MATLAB interface for
controlling the simulation and plotting the data. We transferred the
model to Python (version 3.11.1), which can be utilized as an interpreter
for NEURON (Hines et al., 2009). NEURON was used in version 7.8.
The code of the model can be accessed at GitHub (Maxion, 2023). One
of the main advantages of using Python is the ability to run and evaluate
the simulation within the same environment, streamlining the
workflow and increasing efficiency. Originally, the multi-
compartmental model consisted of a parent axon connected to a
thinner branch axon with different diameters and temperatures. To
be able to run extensive parameter searches we simplified the model
reducing the fiber length to 1cm with 600 compartments of uniform

temperature (37°C) and diameter (1 um), which lowered computation

time by a factor of 10. The model includes three different sodium
channels, Nay 1.7, Nay 1.8, and Na, 1.9, each with an activation gate,
a fast inactivation and a slow inactivation gate. The channel Na, 1.8
additionally contains an ultra-slow inactivation gate. Further, four
potassium channels are included. The delayed rectifier Kq with an
activation gate, the channel K y with an activation and inactivation gate,
the channel K with a fast and slow gate that are combined with factors
such that the slow effect makes Y, while the fast effect makes % of the
total effect, and the channel Ky, with one gate assuming that the
opening of the gate is immediately affected by the concentration of
sodium within the axon. Additionally, there is a hyperpolarization-
activated channel 4 with a fast and a slow activation gate (also known
as HCN). The included sodium and potassium leak currents are
essential for maintaining a stable resting membrane potential (RMP)
by ensuring that the total inward and outward currents carried by
sodium and potassium ions are equal at rest. The Na-K-pump maintains
the electrochemical gradient across the cell membrane. Further, the
model allows dynamic changes in sodium and potassium
concentrations. The underlying differential equations are solved using
the variable timestep method.

2.2 Recording technique and subjects

With the method of microneurography nerve signals are recorded
from single C-fibers. An uninsulated microelectrode of 0.005 mm at
the tip is inserted into the nerve bundle of the superficial peroneal
nerve at ankle level and a reference electrode is situated superficially
in the skin close by (Figure 1). Regular electrical pulses, usually % Hz,

10.3389/fncom.2023.1265958

from an insulated constant current stimulator (Digitimer DS7,
Digitimer, Hertfordshire, UK) are applied to the receptive field of the
fibers and transmitted through superficially inserted electrodes. This
stimulation triggers a response from the fibers in the form of action
potentials that occur at a consistent latency, allowing for the
identification of multiple fibers within the same recording. Fiber
properties such as the mechanical threshold of individual fibers are
evaluated using the marking method (Torebjork and Hallin, 1974;
Schmidt et al., 1995). The stimulation as well as the recording of the
fiber activity are conducted in DAPSYS (Data Acquisition Processor
System (DAPSYS), Brian Turnquist, http://dapsys.net), a system that
acquires and processes data in real-time.

Microneurography data, obtained from 97 mechano-insensitive
C-fibers (CMi) of healthy individuals, which has been collected and
aggregated in our database since 2004, was utilized to validate the
representation of CMi-fiber in the computational model. Two fibers
had to be excluded from the dataset. One because of incomplete data,
due to recording issues and the other fiber was excluded because it was
misclassified in the original data set, leading to 95 fibers (Table 1).

Additionally, we examined small fiber neuropathy (SFN) patients
in our laboratory to specifically investigate potential differences
between patients experiencing pain in the foot or leg and those who
did not. The study encompassed 142 nerve fibers from 19 patients in
the age range of 23 to 59 years (mean age: 42.8 years), including 11
males and 8 females. For 129 of these fibers the ELID stimulation

FIGURE 1

Nerve signals are recorded from single C-fibers. A microelectrode is
inserted into the nerve bundle of the superficial peroneal nerve at
ankle level (recording electrode). Regular electrical pulses from a
constant current stimulator are applied to the receptive field of the
fibers, transmitted through superficially inserted electrodes (electrical
stimulation).

TABLE 1 Total number of fibers and number of CMi-fibers for the ELID stimulation protocol before and after exclusion of data that did not meet the
inclusion criteria, the corresponding number of patients, and the number of males and females for healthy subjects and SFN patients with and without

pain.
Number of patients Number of patients exclusion/Number of patients
Healthy 337/ 97/- 95/-
SFN - total 129/19 (m:11, £:8) 34/13 (m:7, £:6) 32/13 (m:7, £:6)
SFN - pain 66/9 (m:4, £:5) 25/6 (m:3, £:3) 23/6 (m:3, £:3)
SFN —no pain 63/10 (m:7, £:3) 9/7 (m:4, £:3) 9/7 (m:4, £:3)
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protocol was performed (Table 1). Some of the fibers showed
spontaneous activity, while others did not. Of these fibers, 34 were
classified as CMi-fibers according to their receptive properties such as
mechanical threshold and response to electrical stimulation. Patients
who were classified without pain reported no pain in the foot, where
the data was recorded, but experienced pain in other parts of the body.
Two fibers were excluded from further analysis, because they showed
branching behavior, i.e., one branch of the fiber blocks, which leads
the electrical signal being transmitted by another branch of the fiber.
This leads to large sudden changes in latency. After excluding
incomplete data, 32 CMi-fibers from 13 patients were left. These fibers
consist of 9 fibers from 7 patients without pain and 23 fibers from 6
patients with pain at the recording position, i.e., the foot. To compare
the different groups statistically, the data sets were checked visually for
normal distribution, which was not present. Therefore, a Kruskal-
Wallis test with a significance level of a=0.05 was used to compare
healthy individuals and SFN patients with pain and without pain. For
the post hoc pairwise comparison of the groups, a Wilcoxon rank sum
test was utilized. To correct for multiple comparisons, we applied a
Bonferroni correction with a significance level of a/3=0.017. The
statistical analysis was conducted in Python (version 3.11.1).

The collection of the data was approved by the local ethics
committees from Aachen (EK 141/19) and Erlangen (4361) and
conducted in accordance with the principles embodied in the
Declaration of Helsinki and statutory requirements of Germany. All
participants gave written informed consent to participate in the study.

2.3 Stimulation protocol

After a rest period of at least 2 min, the fibers were stimulated with
electrical square pulses of 0.5 ms duration of rising frequencies of
1/8 Hz (20 pulses), 1/4 Hz (20 pulses), and 1/2 Hz (30 pulses) and
normalization of latency is observed with a frequency of 4 Hz for at
least 10 pulses. The well-known stimulation protocol is used to
identify different fiber types, such as mechano-sensitive (CM) and
mechano-insensitive (CMi) C-fibers, and therefore called ELID
(electrical identification; Weidner et al., 1999).

10.3389/fncom.2023.1265958

2.4 Defining parameters

During ongoing stimulation, the latency, i.e., the time an action
potential needs to travel from the point of stimulation to the point of
measurement, increases for stimulation with higher frequencies and
decreases, if the frequency is lowered. Those changes in response latency
are called activity-dependent slowing (ADS). The latency was measured
in relation to the initial latency and the maximum ADS (4DSor1) Was
calculated (Figure 2, left). Additionally, the normalization of latency
during stimulation with a lower frequency was measured in relation to
the total slowing (4DS;otal) to make the normalization comparable for
fibers with different total ADS (Figure 2, right). Here, the total recovery
(reciotal) Was used for evaluation.

2.5 Method of identifying relevant
mechanisms

To implement a computational model that evaluates differences
between SFN patients with and without pain, several parameter
optimization steps were pursued. The ADS of pain and non-pain
patients is similar (pain patients: 7.93% + 1.36%, non-pain patients:
7.6% +0.47%, difference: 0.33%), while the normalization of latency is
statistically significantly faster for pain patients (pain patients:
75.8% £9.4%, non-pain patients: 84.6% +3.2%, difference: —8.8%) for
the given protocol (Kleggetveit et al., 2012). An overview of the
performed workflow is shown in Figure A1 in the Supplementary Figures
and in the following each step is explained in detail.

In the first step, the conductance levels of the ion channels and the
Na-K-pump rate, i.e., the conductance of the Na-K-pump, were
modulated systematically by increasing and decreasing each level
individually by 25% and 50% of its original value independently from
each other. The maximal change of 50% was chosen to preserve the
original ADS of the fiber. Higher deviations from the original value led to
large changes in ADS and could therefore not replicate the desired result.
In the model the initial RMP is set at the beginning of each simulation.
Changes in the behavior of ion channels, i.e., the conductance, or the
Na-K-pump do not affect the initial RMP, unlike in a real fiber. Therefore,
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FIGURE 2

Measurement of ADStotq] and rectotql for the ELID stimulation protocol. (Left) latency relative to initial latency. ADStotq] represents the maximal ADS
after high frequency stimulation. (Right) Normalization of latency after the stimulation. The last 10 values of the relative latency (Left) are divided by
ADSiotal. rectotal represents the amount of total recovery after 10 pulses during low frequency stimulation.
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the initial RMP was de- and hyperpolarized by SmV (original: =55mV)
separately from the other changes to be able to replicate the behavior of a
real fiber more accurately. The computational model was evaluated for
each individual variation of conductance level, Na-K-pump rate and RMP
and the values AD S0z and recroral Were calculated.

Further, we combined the individual variations of conductance
levels, Na-K-pump rate and RMP by adding the values 4ADSoa; and
recrotql for all existing combinations. For example, for a 50% decreased
pump rate the model shows an increased value of ADS;yza1, while for
a depolarized RMP the model shows a decreased value of 4DSsosar . If
the two models are combined the effects cancel each other out and the
ADS 141 in the combined model is near zero. Thus, we could calculate
the combined values without needing to evaluate the computational
model for each combination. We evaluated which combinations led to
a faster normalization of latency, i.e., a smaller value of recioms by
—8.8%+0.7%, while simultaneously having only a minor effect on the
overall slowing ADSiorar of 0.33% + 0.7%. The 0.7% was added as an
error margin. From the resulting combinations, we chose the ones
where three or less mechanisms were modulated and executed the
model with these parameters. In the resulting simulation data,
we measured again ADS and normalization of latency and compared
them for each parameter set. We chose the parameter sets where the
absolute difference in ADS was below 1% and the difference in
normalization of latency was in the interval of [-8.8-4.5%,

—8.8+4.5%], since the normalization showed a larger variation in the
data of SFN patients.

2.6 Grid search

Further, we used an algorithm for parameter optimization based on
grid search. This method exhaustively tries every combination of the
specified parameter values, i.e., conduction of ion channel, Na-K-pump
rate, and RMP, in a predefined grid. We chose a grid of five values for the
ion channels and the Na-K-pump (—50, —25%, original, +25%, +50%)
and three values for the RMP (-=5mV, original, +5SmV) and evaluated the
computational model at each point. This allowed us to explore a wide
range of possible combinations of conductance values for the selected
mechanisms. To reduce the runtime of the grid search, we selected three
mechanisms for each run that showed the desired behavior in the
previous analysis. The performance of each model was evaluated by
comparing the ADS i and the normalization of latency recsorar with
the desired values 0 0.33 for ADS and —8.8% for normalization of latency.
To ensure that the perturbation of parameters results in a valid model that
preserves the original properties of the in-silico fiber, the spike shape,
gating variables and the ionic currents were reviewed visually. For each
grid search the model that was closest to these values was chosen. Lastly,
the model was run with the optimized parameter sets to verify the result.

3 Results

3.1 The adapted model resembles
CMi-fibers in activity-dependent
conduction velocity changes

To calibrate our computer model to mimic the behavior of healthy
human CMi-fibers, we analyzed data recorded from 95 CMi-fibers
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from healthy subjects using the ELID frequency protocol (indicated
by grey markers in Figure 3). In Figure 3, we included 85 CM-fibers
(represented by black markers) for comparison purposes, highlighting
the more pronounced ADS of the CMi-fibers within this large dataset.
In a first step, we aim to determine the neurite diameter of the
simulated nerve fibers which produces ADS best fitting to CMi-fibers.
We compared the simulated data from the presented computational
model (see methods) for four diameters with the data collected from
human healthy subjects (Figure 3). For a diameter of 1 ym, the result
of the computational model is consistent with electrically stimulated
conduction velocity changes of CMi-fibers of healthy volunteers.

3.2 Normalization of latency is faster for
pain patients

In this study we are analyzing a large data set of CM and CMi-
fibers of 19 SEN patients (substantially larger than those reported
before (Kleggetveit et al., 2012)), providing a solid basis for
computational modeling. We focused on ADS, relative latency, and
normalization of latency in SFN patients with and without pain
compared to healthy volunteers (Figures 4A,B). ADStorai, the maximal
latency observed for CMi-fibers, is similar for all groups (pain:
7.97%+0.51%, no pain: 8.32%+0.74%, healthy: 7.91%+0.24%,
p-value = 0.811). In contrast, the normalization of latency is
significantly quicker for the SFN patients with pain compared to those
without or the healthy controls (pain: 70.89% + 2.4%, no pain:
78.75%+4.17%, healthy: 78.93%+1.29%, p-value=0.008). The
post-hoc analysis showed that this difference is only significant
between patients with pain and healthy subjects (p-value = 0.002),
whereas the difference between patients with and without pain shows
a tendency (p-value=0.107). It has to be noted, that there were only a
few no-pain patients (7 =9) because most SFN patients have ongoing
pain in their extremities. Patients without pain and healthy subjects
showed very similar behavior (p-value = 0.849). Note that the
statements regarding significance for the post-hoc analysis consider a

)

relative latency (%)

o N B D oo
b
[

0 20 40 60 80
number of pulses

FIGURE 3

Comparison of microneurography data for CM- and CMi-fibers from
healthy subjects with simulation data for different diameters. The
error bars show the standard error of the mean. The CM-fiber is
added for comparison to provide a basis for better judgment of the
variance of different fiber diameters.
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RMP is depolarized.

Comparison of microneurography data and simulated data. The upper panels show the mean and standard error of the mean of the relative latency of
the full frequency protocol (A) and normalization of latency after stimulation (B) for healthy subjects (n = 95), pain (n = 23), and non-pain (n = 9) SFN
patients. The lower panels show the best simulation results after the grid search compared to the original model (red) for the full frequency protocol
(C) and normalization of latency after stimulation (D). In combination 1 the channel is increased by 50% and the Na-K-pump is increased by 37.5%. In
combination 2 the channel is increased by 37.5% and the channel h is reduced by 50%. In combination 3 the channel is increased by 50%, the Na-K-
pump is reduced by 25% and the RMP is depolarized. In combination 4 the channel is increased by 50%, the channel h is increased by 50% and the
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Bonferroni correction for multiple testing, leading to a significance
level of 0=0.017 for comparison with the p-values.

3.3 Computational model: modulation of
individual parameters

Now that we have identified significant differences in normalization
of latency between patients with pain and healthy controls, we can use
this data to optimize our model and investigate the possible underlying
conductances for enhanced or decreased ADS or the speed of
normalization. Using the computational model introduced in the
methods, we explored how changes in the conductance of all ion
channels, the Na-K-pump rate, and the resting membrane potential
(RMP), affect the maximal ADSar and the total normalization of
latency recsorai. The simulation results presented in Figure 5 show an
example of this modulation for the Na-K-pump. It can be observed
that, although an increasing Na-K-pump rate leads to a faster
normalization of latency, simultaneously the ADS also changes
substantially. Therefore, this variation did not improve the model.
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3.3.1 Na-K-pump, RMP, and K, strongly affect
ADS

ADSo1al is mostly affected by changes in the Na-K-pump rate, the
conductance of the potassium channel Ky and the RMP (Figure 6).
An increase of the Na-K-pump rate as well as a depolarization of RMP
leads to a reduced ADSyori, while increasing conductance of Nay1.8,
Kgr and £ has the opposite influence. The other channels only have a
very slight impact on ADS;osal , while surprisingly Nay 1.9, as a large
persistent current, seems not to be relevant for the effect of ADS for this
low frequency stimulation protocol.

3.3.2 Normalization of latency is strongly
influenced by the Na-K-pump, RMP and the
hyperpolarization-activated current h

The simulation results and calculation of reci , shown in
Figure 6, indicate that the Na-K-pump rate, the hyperpolarization-
activated current /2, and RMP have the most pronounced influence on
the normalization of latency.

An increase in Na-K-pump rate or depolarization of RMP, as well
as a decrease in the conductance of /4, can lead to a faster
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FIGURE 5
Variation of the Na-K-pump rate by +25% and +50% for the low protocol. Comparison of simulated data (red) and recorded data (black) of CMi-fibers
from healthy subjects. The recorded data shows the mean and the standard error of the mean. Upper panel: relative latency for the full stimulation
protocol. Lower panel: normalization of latency during the last ten pulses.

normalization. But these mechanisms reduce at the same time the
ADS'otal , Which in pain patients is not different in comparison to
healthy subjects. Further, increasing the conductance of the potassium
channel K; , as well as reducing the conductance of the
hyperpolarization activated current 4, the potassium channel Ky, or
the sodium channels Nay, 1.7 or Nay 1.8 also lead to a faster
normalization, but to a smaller extent. Interestingly, different subtypes
of one channel family, e.g., potassium channels, can have opposing
effects on normalization. For example, a reduction of K conduction
leads to a slower normalization, while a reduction of Ky, conduction
results in a faster normalization. Thus, a very detailed analysis is
important to understand C-fiber function.

3.3.3 Adding the effects of individual mechanisms
Since no single mechanism can recreate all observed differences
between SFN patients with pain and healthy subjects, we assessed
different combinations of multiple mechanisms. Hence, we combined all
possible variations of conductance levels, Na-K-pump rate, and RMP,
which led to a total of 11,648 possible combinations. To run the model
for all combinations is too computationally demanding, therefore for
each combination we calculated the combined ADS and recovery from
the previously calculated values ADSotar and recrorar of the individual
variations (Figure 6). Among these combinations were 18 that were able
to reproduce the effect of unchanged ADS and faster normalization of
latency. There was only one combination, where only two mechanisms
were involved (Pump +25%, Kar +25%) and 17 combinations where
three mechanisms were involved. Eight of those 17 combinations
consisted of Pump +25% and Kar +25% and one other ion channel
(Nay 1.7, Nay1.9,K r, KNg) that had a negligible effect on the outcome.
Therefore, we concluded that the main effect in these cases could
be attributed to the Na-K-pump and Ky and thus summarize these
combinations in the combination Pump + 25%, Kar +25% . The
remaining combinations can be found in Table 2.
Since the mechanisms influence each other, e.g., sodium
the the identified
combinations only give a rough indication of the optimal results.

influx  influences Na-K-pump rate,

Therefore, the model was run with these 10 candidates of
parameter sets and the result was compared to the original model
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(Figure A2 in Supplements). It can be observed that for some
combinations the influence of the mechanisms on each other
worsened the result for ADS and normalization of latency, i.c.,
some combinations have less ADS than the original, while others
do not have a faster recovery. In Table 2 the exact numbers for the
difference in ADS and normalization of latency compared to the
original model are shown.

To find the best parameter sets, we need to look for those
which have the lowest difference in ADS while simultaneously
having a large difference in the normalization of latency. Therefore,
the optimal parameter sets are numbers 1, 2, 5, and 6, marked in
grey in Table 2.

3.4 Simultaneous modulation of multiple
parameters within the computational
model

To comprehend the interplay between ion channels, Na-K-
pump, and RMP in greater depth, a grid search was performed for
each of the four best combinations of mechanisms determined in
the previous This approach additionally reveals
mechanisms that have a negligible effect on ADS and latency
normalization and identifies alternative parameter values for
improved results. When visually inspecting the spike shapes of

section.

each resulting model, we found that seven models could not
reproduce the original spike shape appropriately, see Figure A7,
and were therefore excluded from further analysis. Further, it was
confirmed that all gating variables reached steady state before the
stimulation protocol starts.

3.4.1 The potassium channel k shas low influence
on ADS and normalization of latency

The results of the grid search for the ion channels K4y, 4, and K ¢
are depicted in Figure 7A. The colored lines corresponding to
variations in the conductance of K rexhibit a minimal difference in
terms of ADS and normalization of latency. Therefore, the effect of K ¢
is low and its conductance can be maintained at its original value.
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FIGURE 6
Effect of changing conductance of ion channels, Na-K-pump rate, and RMP of ADS on the left and normalization of latency on the right for a low-
frequency protocol. The decrease/increase is shown in relation to the parameter value in the original model.

Further, & and Ky influence each other, i.e., an increase in
conductance of & results in a steeper line, indicating that variations in
K4r conductance have a greater effect on ADS for higher conductance
of h. Conversely, variations in conductance of / also have a larger
effect for higher conductance of Ky (see Figure A3 in Supplements,
here the lines are more dispersed for higher values of K-
conductance). However, no clear interaction between Kg-and /4 is
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evident in the normalization of latency, see Figure 7A. The dashed line
in the figures represents the optimal values for ADS and normalization
of latency to match the behavior observed in SEN patients with pain
(Kleggetveit et al., 2012), which is characterized by an increase in ADS
by 0.33% and reduction in normalization by 8.8%. Therefore, in an
optimal parameter set ADS and latency normalization should
be simultaneously close to the dashed line, which is achieved by
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TABLE 2 Channel combinations, where the ADS is similar to the original model, while the normalization of latency is faster.

[\[o} Channel combinations ADS difference to original model in % Normalization difference to
(absolute value) original model in %
1

K /= 50%, Kdr +25% h— 50% 042 =z
2 Nayl.7 +25%, Kdy +50%, h —50% 0.45 -6.79
3 Pump —50%, h — 50%, RMP + 5mV’ 0.47 -0.05
4 Pump +25%, Kdy +25% 0.60 -331
E Pump - 25%, Kdr +25%, RMP + 5mV 0.61 ~6.65
6 K +50%, ki + 50%, RMP + 5SmV. 0.88 ~12.90
7 Pump + 50%, Nay1.7 + 25%, Kdy +50% 146 -9.23
8 Pump —25%, Nay1.7 — 50%, RMP + SmV 1.60 -8.23
? Pump - 25%, KNa + 25%, RMP + SmV/ 1.70 ~6.62
10 Pump —25%, Nayl.7 + 50%, RMP + 5mV 1.81 -7.11

Experimental Data in Pain Patients (mean) 0.33 -8.8

Values for the difference in ADS and normalization of latency of channel combinations in comparison to the original model in ascending order for ADS. The goal is to have a low difference in
ADS (<1%) and a faster normalization (in the range of —8.8%+4.5%). The fields in grey contain the combinations with the best fit.

reducing the conduction of # by 50% and increasing the conduction  initial value, increasing Kg- conduction by 37.5% and
of Kqr by 37.5% (combination 2 in Figures 4, 8). Note that the optimal ~ simultaneously reducing % conduction by 50%, resulting in the
value for Kgy is in between the calculated values. Since the behavior ~ same parameter set as previously identified in both prior grid
of'the simulated fiber for ADS and normalization of latency is in this  searches (combination 2 in Figures 4, 8). The second option involves
case almost linear, we can still conclude that this value would  depolarizing the RMP by 5 mV, increasing 4 conduction by 50% and

be optimal for Kgy. K4 conduction by 50% (combination 4 in Figures 4, 8). Note that
depolarizing the RMP leads to an increase in 4 conduction instead
3.4.2 The sodium channel Na, 1.7 does not of a decrease.

influence ADS and normalization of latency

The findings of the grid search for the channels K4, h, and  3.4.4 The potassium channel K., the Na-K-pump
Nay 1.7 are illustrated in Figure 7B. Similar to the previous grid ~ and RMP influence ADS and latency
search, it is visible that Na, 1.7 conduction has no effect on ADSor normalization
latency normalization and its variations can be disregarded. This leads The results of the grid search modulating the parameters Ky
to the same optimal parameter combination as in the previous section, , the Na-K-pump and the RMP are depicted in Figure 7D. A
where conduction of 4 is reduced by 50% and Kgr conductance is  reduction in Na-K-pump rate leads to an amplified effect of Ky r

increased by 37.5% (combination 2 in Figures 4, 8), and the prior  conduction and RMP on ADS, as seen in Figure 7D as increased
observations about the influence of Kgy and  on each other hold true  dispersion of the lines and steeper lines for lower Na-K-pump

in this scenario as well. rate. However, this effect is not reflected in the normalization of
. latency, where the dispersion and steepness of the lines is similar
3.4.3 The ion channels k4 -and » and RMP for all values of the Na-K-pump rate. Further, an increase in Ky

strongly influence ADS and latency normalization  conduction results in a slightly larger influence of variations of

The results of the grid search for the channels Kgr, 4, and the ¢ Na-K-pump rate on both the ADS and normalization as
RMP are depicted in Figure 7C. Both channels and the RMP have  demonstrated in Figure A4 in the Supplements, where the
a noticeable effect on ADS and latency normalization unlike in the dispersion of the lines is slightly larger. A hyperpolarization of
previous grid searches. For increased conductance of /4 variations  RMP results in a heightened effect of both Kz conduction and
in Kg4r conductance affect the ADS more, which can be observed  the Na-K-pump rate on the ADS as depicted in Figure A5 of the
through increasingly steeper lines. Interestingly, variations in  Supplements. Based on this grid search, two options for
conductance of 7 only affect ADS and normalization when the RMP  parameter sets have been identified that achieve our desired
is maintained at its original value. On the other hand, variations in  effect of unchanged ADS and reduced normalization of latency.
conductance of Kq- have a slightly more pronounced effect on ADS,  For a depolarized RMP the optimal approach is to increase Kgr
if the RMP is hyperpolarized, which can be best observed Figure A5 conduction by 50% and decrease the Na-K-pump rate by 25%
in Supplements, where the steepness of the lines increases for  (combination 3 in Figures 4, 8). For an unchanged RMP, a 37.5%
hyperpolarized RMP. Two options for achieving an unchanged ADS  increase of the Na-K-pump rate achieves the desired effect
and increased normalization as observed in pain patients can  (combination 1 in Figures 4, 8), which can be best observed in
be identified. The first option involves retaining the RMP at its  Figure A5 in the Supplements. It needs to be noted that the
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FIGURE 7

(A) Grid Search for the channels Kgr, h, and K f. Values for K4y are given on the x-axis, from the left panel to the right conduction of # is increasing,
and the increasing values for K fconduction are given in different colors from blue (decreased) to red (increased). The dotted line gives the value for
ADS and normalization of latency, respectively as observed in pain patients. The black stars represent the optimal combination most similar to the
values of ADS and normalization of latency in pain patients. Upper panel: the values for ADS for the model output with given parameter combinations.
Lower panel: the values for normalization of latency for the model output with given parameter combinations. (B) Grid Search for the channels Kdr, h,
and Nay 1.7. Values for K4y are given on the x-axis, from the left panel to the right conduction of 4 is increasing, and the increasing conduction of
Nay 1.7 is given in different colors from blue (decreased) to red (increased). The dotted line gives the value for ADS and normalization of latency,
respectively as observed in pain patients. The black stars represent the optimal combination most similar to the values of ADS and normalization of
latency in pain patients. Upper panel: the values for ADS for the model output with given parameter combinations. Lower panel: the values for
normalization of latency for the model output with given parameter combinations. (C) Grid Search for the channels K4y, #, and the RMP. Values for
K4y are given on the x-axis, from the left panel to the right conduction of # is increasing, and the values for RMP are given different colors from blue
(hyperpolarized) to red (depolarized). The dotted line gives the value for ADS and normalization of latency, respectively as observed in pain patients.

(Continued)
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FIGURE 7 Continued

combinations.

The black stars represent the optimal combination most similar to the values of ADS and normalization of latency in pain patients. Upper panel: the
values for ADS for the model output with given parameter combinations. Lower panel: the values for normalization of latency for the model output
with given parameter combinations. (D) Grid Search for the channel Kgr, the Na-K-pump, and the RMP. Values for K4 are given on the x-axis, from
the left panel to the right Na-K-pump rate is increasing, and the values for RMP are given in different colors from blue (hyperpolarized) to red
(depolarized). The dotted line gives the value for ADS and normalization of latency, respectively as observed in pain patients. The black stars represent
the optimal combination most similar to the values of ADS and normalization of latency in pain patients. Upper panel: the values for ADS for the model
output with given parameter combinations. Lower panel: the values for normalization of latency for the model output with given parameter
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FIGURE 8
Best parameter combinations in computational model to simulate
the changes observed in SFN patients with pain in comparison to
healthy individuals and SFN patients without pain updated after grid
search for original and depolarized RMP. Green indicates an increase
in conductance or activity, while red indicates a decrease. The star
indicates the combination which fits best to the pathological
conditions previously observed in experimental work on neuropathy
in human and in animal.

optimal value for Na-K-pump is in between the calculated values,
which can be accepted due to the linear behavior of the simulated
fiber in this scenario.

4.1.1 Summary of optimized parameter
combinations

By conducting grid searches, we were able to optimize previously
identified parameter values and identify mechanisms with low
influence on ADS and normalization of latency, i.e., the conduction of
the ion channels K rand Nay, 1.7. Additionally, we discovered a
previously unknown parameter set (increased Na-K-pump rate by
37.5% and an increased Kg- conduction by 50%). A schematic
overview of the resulting parameter combinations is presented in
Figure 8.

Executing the computational model with these parameter sets and
a long axon of 10 cm, showed that the model performance had
improved compared to previous results (Figures 4C,D). For three
combinations ADS is near the original value, while simultaneously the
normalization of latency is decreased sufficiently. For the last
combination all parameter values were already optimal within the
parameter space and could not be further improved. A figure showing
the individual contributions of each ionic current during an action
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potential for the four final combinations can be reviewed in the
Supplementary Figures (Figure A6).

4 Discussion
4.1 Model adaptations

In this study we employed a computational model to reproduce
alterations in axonal propagation properties in C-fibers observed in
small fiber neuropathy (SFN) patients with pain. We based our
optimization on a large human data set derived from about 100 CM
and CMi-fibers from SFN patients with and without pain and healthy
controls. The computational model allows the observation and
controlled manipulation of multiple parameters such as resting
membrane potential (RMP), ion channel conductance and Na-K-
pump rate. We were able to accurately replicate the observed changes
and identified potential responsible mechanisms, shedding light on
the underlying biological processes involved. For parameter
optimization we applied a grid search method, where the model was
executed 75 to 125 times per combination depending on the number
of parameter changes. Therefore, the execution time of the model was
crucial. We adjusted an existing nerve fiber model for C-fibers
(Tigerholm et al., 2014) by reducing the length of the fiber from
10 cm to 1 cm and changing the morphology to a cylinder with
uniform diameter and temperature. This led to a reduced computation
time from over 1 h to just 7-10 min, which is crucial when considering
the repetitive executions of 75 to 125 times in the grid search
approach. We confirmed the fit of the model for CMi-fibers by
comparing the result to microneurography data from healthy subjects
and adjusted the diameter according to the best fit for the data. This
validation with a large set of human data ensures a high quality of the
computational model, which can be used to study potential ionic
mechanisms underlying pain-related pathophysiological alterations
in excitability.

4.2 Alterations in pain patients validated
with previously unpublished data

In our previous publication with only a small patient number
we found a more pronounced normalization of latency in pain patients
in contrast to non-pain patients during lower stimulation frequency
after a train of higher frequency stimulation (Kleggetveit et al., 2012).
ADS can be seen as a self-inhibiting mechanism: more activity causes
more ADS which is an indicator of hypoexcitability, because of
accumulating sodium channel inactivation. Thus, a quicker
normalization would indicate relative hyperexcitability for the amount
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of previous activity and enable the fiber to discharge quicker following
an AP and potentially producing more action potentials. Since
ongoing pain in the feet is a typical and common symptom of SFN, it
is hard to find SFN patients without ongoing pain in the feet and thus
also the new group of patients without pain is small (Rasmussen et al.,
2004). We thus added a large number of CMi-fibers from healthy
volunteers. We compared the total ADS and the normalization of
latency of SFN patients with and without pain with healthy volunteers.
All groups showed no significant difference to each other in total ADS
as observed before (Kleggetveit et al., 2012). Even though the
difference between pain and non-pain patients was not significant,
we observed that the course of the curve for non-pain patients and
healthy subjects was very similar. Therefore, the non-significance
could also be caused by the small sample size (9 non-pain patients)
and a resulting higher standard error. This has to be investigated in
further studies with larger sample sizes before we can draw definite
conclusions. However, the normalization of latency of pain patients
was significantly faster than for healthy subjects. While the magnitude
of the difference (8.04%) might seem small, it remains a valid
observation when compared with other parameters obtained in
microneurographic recordings. While our results are not identical
with the findings of Kleggetveit et al., they reflect the general trend
that SFN patients with pain seem to have a faster recovery. Our results
offer an explanation for the hyperexcitability and spontaneous activity
in mechanoinsensitive C-nociceptors that are associated with
spontaneous pain in peripheral neuropathy (Ochoa et al., 2005;
Kleggetveit et al., 2012).

4.3 Individual mechanisms with largest
impact on ADS and normalization

Via our model of a human C-fiber axon we set out to explore
possible molecular mechanisms accounting for quicker normalization
of latency, combined with unchanged ADS, a feature of CMi-fibers
we observed in the SFN patients suffering from pain. We first varied
single parameters individually. We found that changes in RMP and in
the Na-K-pump rate have the greatest influence on both, ADS and
normalization of latency. A reduction in Na-K-pump rate leads to an
increase in ADS and a slower normalization of latency, which is an
effect that can also be observed in elderly subjects (Namer et al., 2009).
A reduction in Na-K-pump conductance would lead to accumulation
of intracellular sodium (Tigerholm et al., 2014), which would result in
increased ADS (De Col et al., 2008). Also, the potassium channel K4
has a notable effect on ADS, i.e., a decrease in Ky conduction leads
to less ADS. It was proposed that the reduction of K4 conduction
could cause the membrane potential to repolarize slower after the
peak of the action potential and therefore prevent recovery from slow
inactivation of sodium channels (Petersson et al., 2014). This would
lead to a reduction of sodium current in the subsequent action
potential and ultimately less ADS (Petersson et al., 2014). Further, the
hyperpolarization activated current /2, which plays an important role
during repetitive firing, largely affects the normalization. All variations
of individual mechanisms have qualitatively the same effect on ADS
as in Peterson et al., where a similar computational model was used
with a different stimulation protocol to assess how variations in
parameters affect the ADS (Petersson et al., 2014). The normalization
of latency was not assessed there.
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4.4 Combinations of multiple mechanisms
reproducing stable ADS and faster
normalization

In a nerve cell as well as in the computational model the
conductance of different ion channels, the Na-K-pump rate and the
RMP are all highly dependent on each other. Therefore,
we investigated the interplay between these mechanisms and found
several combinations which could replicate the effect of quicker
normalization of latency as observed in SEN patients with pain. By
adding the effects for ADS and normalization of latency for all
possible combinations of variations of mechanisms, we discovered
18 candidates that could replicate the effect of faster normalization
and stable ADS. We executed the model with these parameter
combinations. We chose the best four combinations for further
investigation and starting points in a grid search, since a grid search
over all possible combinations would be too time consuming. This
allowed us to optimize the parameter sets by finding the optimal
value for each parameter and identifying parameters with low
influence on the result, such as the conductance of the potassium
channel K rand the sodium channel Na, 1.7. Additionally, via this
grid search approach we discovered a previously unknown
combination consisting of an increased Na-K-pump rate by 37.5%
and an increased Ky conduction by 50%. The grid search revealed
further that the Na-K-pump and the hyperpolarization activated
channel 4 have the opposite effect of each other, i.e., a reduction of
the Na-K-pump rate leads to the same effect as an increase in
conduction of /4 and vice versa. This is not surprising since the Na-
K-pump drives sodium out of the cell and potassium into the cell,
while & does the opposite. Nevertheless, the kinetics are vastly
different, and activation of /h occurs only at hyperpolarized
potentials. The results suggest that 7/ is active at RMP, especially, as
we observed the opposite effect also on the RMP, which is an
important mediator of the ADS and normalization. An increased
Na-K-pump rate leads to a more hyperpolarized RMP, while an
increase in conduction of 4 leads to a more depolarized RMP
(Zhang et al., 2017). We found that the Na-K-pump and / are
responsible for the faster normalization, but simultaneously
decrease ADS. Therefore, the channel K- is needed to increase the
ADS and bring it back to its original value. The combination of the
mechanisms then leads to a stable ADS, while having a faster
normalization. Interestingly, a depolarization of the RMP leads to
the need for the Na-K-pump rate and the conduction of 4 to
be adjusted in different directions to achieve the same effect, i.e., for
a depolarized RMP the Na-K-pump rate needs to be reduced, while
for the original RMP the Na-K-pump rate needs to be increased.
The depolarization of the RMP leads to a much faster normalization
of latency and less ADS, which is balanced out by increasing the
conduction of 4 or decreasing the Na-K-pump rate.

Further, we elucidated via the grid search the interplay between
different mechanisms. Especially, modulation of the Na-K-pump rate
influenced the impact of other mechanisms on the result. A reduction
of Na-K-pump rate causes the RMP and Ky conduction to have a
larger impact on the result, i.e., smaller changes in the RMP and Ky
conduction create larger differences in ADS. This shows that the
interplay between different mechanisms is complex and hard to assess
experimentally and therefore an investigation with computational
models is helpful.
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4.5 Physiological and clinical relevance

We set out to examine the influence of voltage gated sodium
channels on the faster normalization of latency after a train of
action potentials with a higher frequency as the importance of
sodium channels for hyperexcitability of nociceptors in painful
neuropathies has been shown in many studies (Cox et al., 2006;
Fertleman et al., 2006; Goldberg et al., 2007; Huang et al., 2013;
Brouwer et al., 2014). Additionally ADS is strongly influenced by
sodium channel inactivation and intracellular sodium accumulation
and associated with excitability of the neuron (De Col et al., 2008;
Tigerholm et al., 2014). The slower a neuron conducts due to
previous activity the less excitable it gets due to sodium channel
inactivation and intracellular sodium accumulation. Therefore,
ADS can be seen as self-inhibiting mechanism which protects from
dangerous hyperactivity. Thus, when after certain activity the
neuron returns quicker to its original conduction, the excitability
necessary for producing action potentials again is reached quicker
and higher discharge rates are possible. Interestingly, normalization
turned out in our model to be modulated by different mechanisms
than ADS, namely RMP, Na-K-pump, /# and Kg- . Although this is
still under debate, there are indications that the RMP could
be depolarized in diabetic neuropathy (Krishnan and Kiernan,
2005). Additionally, patients with diabetic neuropathy show a
reduced Na-K-pump function (Krishnan et al.,, 2008). Some
peripheral neuropathies can be caused by mitochondrial disorders
(Pareyson et al., 2013; Lee et al., 2020), which lead to a loss of
energy in the cell and this could cause a reduced Na-K-pump rate.
Taking those previous findings into account, the combination in
Figure 8, which is marked with a black star, is the most likely to
be present in patients. In our model in this specific combination of
mechanisms the RMP is depolarized, the Na-K-pump rate is
decreased and the channel conductance Ky is increased. The
reduced function of some Ky channels leads to less mechanical and
heat pain (Tsantoulas and McMahon, 2014). Here, we speculate that
the opposite might also be true, i.e., an increase in conduction of
Kgr might be associated to more pain via the above discussed
mechanisms. Our model showed that in other combinations of
mechanisms the hyperpolarization activated current 4 played a
significant role. In rodent models blocking this channel leads to
reduced discharge frequencies and reduced pain behavior (Chaplan
et al., 2003; Jiang et al., 2008; Bernal and Roza, 2018), as well as
decreases mechanical hyperalgesia (Luo et al., 2007; Young et al.,
2014; Tsantoulas et al., 2017). Conversely, there are also studies
which suggest the opposite, namely that blocking of 4 channels
increases neuronal firing (Doan et al., 2004), which might lead to
more pain. In the latter study the RMP was hyperpolarized, which
could be an indication that the differences in these studies could
be explained by different RMPs and point out the important role
RMP plays. In Figure 8 we can observe that changes in the RMP
lead to the need to adjust conduction of / in the opposite direction
to achieve the same effect, i.e., for a depolarized RMP the
conductance of 4 needs to be increased while for the original RMP
the conductance of /4 needs to be decreased.

RMP alterations seem crucial to determine which mechanisms
in the end are responsible for hyperexcitability in patient’s
nociceptors so that an individual variability in mechanisms
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leading to nociceptor hyperexcitability exists which calls for
stratified or even personalized medicine in the treatment of
neuropathic ongoing pain. It may also be possible that the
mechanisms may not always be identical, and that several changes
lead to similar results. This is underlined by the identification of
several sets of parameters which are able to induce
similar outcomes.

Mechanistically, a moderately depolarized membrane potential
can be associated with hyperexcitability of nociceptors: A reduced rate
of the Na-K-pump, as identified here in our simulations, supports
depolarization. Depolarization leads to an increased fraction of
inactivated sodium channels resulting in hypoexcitability, while at the
same time it moves membrane voltage closer to the Nay activation
threshold, supporting hyperexcitability. However, it is unclear which
mechanism predominates in determining excitability. Increased
conductance of Ky channels might lead to quicker and/or stronger
repolarization following an action potential resulting in a higher
fraction of available sodium channels supporting excitability. Thus, the
identified mechanisms can contribute to hyperexcitability, and offer a
potential peripheral mechanism of ongoing pain in some SFN patients
with neuropathic pain.

Although significant differences in morphology and ion channel
subtype composition are found in central nervous system (CNS)
neurons and other experimental model neurons like in invertebrates,
they show similar activity dependent changes of the nerve fiber
conduction as unmyelinated peripheral primary nociceptive afferents
(Zhang et al., 2017; Roth and Hu, 2020). Even if displayed in each
study differently, ADS can be found in axons of CNS neurons and
even in crustacean stomatogastric neurons (Zhang et al., 2017). In
those publications, /, resting membrane potential and Na-K-pump is
assumed to have major influence on activity-dependent modulation
of axonal action potential conduction (Zhang et al., 2017; Roth and
Hu, 2020). Thus, the contributions of Na-K-pump and % seem to
be general peripheral and central axonal and evolutionary conserved
mechanisms regulating the short-term memory of axons. Additionally,
it was demonstrated in rodents that 4 and Na-K-pump both play an
important role in the regulation of the resting membrane potential
(Kim et al., 2007; Roth and Hu, 2020). Specifically, # depolarizes the
RMP, while Na-K-pump hyperpolarizes it, when fibers are stimulated
by high-frequency trains of spikes (Kim et al., 2007; Roth and Hu,
2020). It is still unclear if this also accounts for low frequency
stimulation of C-fibers activity-dependent slowing as shown in the
current study.

4.6 Limitations

The computational modeling of nerve cells is a valuable tool for
studying neuronal function and behavior. The interplay of ion
channels and other mechanisms can be evaluated without further
inventions in humans. However, a computational model will always
differ from a real nerve fiber in some respects. To be able to perform
the necessary computations for our study, we had to reduce the
complexity of the model. This was achieved by simplifying the
morphology of the model, i.e., reduce the length of the fiber and have
auniform diameter and temperature across the fiber. In a real nerve
fiber, diameter and temperature vary along its length, with a thinner
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and cooler peripheral part. Since we assessed only a very short fiber
this change could be neglected.

In the newly assessed data, the difference between SFN patients
with and without pain could only be shown indirectly by comparing
both groups with healthy subjects, due to a small sample size of
patients without pain, since most patients with SFN have pain in the
extremities. Nevertheless, the difference between healthy subjects and
SFEN patients with pain is in a similar range. The normalization of
latency was nearly identical in healthy volunteers and patients without
pain suggesting that a larger sample size of patients without pain
might have produced a significant difference between patients with
and without pain in the feet.

4.7 Future study considerations

In the current paper, we assessed the effects of regular stimulation
in different frequencies over the time course of minutes on following
latency normalization. In spontaneous activity and after chemical
stimulation of nerve fibers a bursting behavior is often observed, i.e.,
the fiber exhibits a pattern of activity characterized by a series of
action potentials that occur in rapid succession, followed by a brief
period of inactivity. Since different mechanisms could modulate the
effect of these burst, exploring this phenomenon further could be a
valuable direction for future research. For this purpose, we propose to
use a protocol mimicking these irregular discharges in small trains of
action potentials. This protocol can provide valuable insights into the
short-term effects on normalization and could be used in future
computational studies to investigate the mechanisms involved. Since
normalization is thought to play a key role in chronic pain conditions,
using this protocol in microneurography experiments in healthy
volunteers and SFN patients with and without pain could further
deepen the understanding in differences between these groups.
Overall, investigating these mechanisms can improve our
understanding of the pathophysiology of pain and lead to the
development of new therapeutic strategies.

5 Conclusion

Our study assesses the complex interplay between various ion
channels, sodium potassium pump and resting membrane potential
(RMP) modulating the normalization of latency. Our findings confirm
that the normalization of latency is an important marker identifying
pathological function of CMi-fibers of SEN patients with and without
pain and healthy subjects, even when ADS is unchanged. In the past
the importance of sodium channels in neuropathic pain disorders was
often highlighted and they are undoubtedly a human validated pain
target, as humans lacking functional Nay1.7 are pain free. In the present
study, we have indications that RMP, the Na-K-pump, the potassium
channel Ky and the hyperpolarization-activated current / are
important modulators of normalization of latency and contribute to
the pathologically modified CMi-fibers of SFN patients with ongoing
pain. Moreover, we demonstrated that changes in the RMP have a
major influence on other mechanisms so that opposite changes in
conductance, result in similar effects on CMi-fiber function. Overall,
these findings offer new avenues for targeted therapeutic interventions
and highlight the potential of computational models in
medical research.
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SUPPLEMENTARY FIGURE A1
Performed workflow to find optimal parameter combinations, which
reproduce the changed normalization of latency for SFN patients with pain in
comparison to non-pain patients and healthy individuals. The grey boxes
contain the performed computational steps and the additional text explains
the rationale behind each step and the results obtained from it.

SUPPLEMENTARY FIGURE A2

ADS and relative latency for different combinations of ion channels, pump
and resting membrane potential (RMP): in the left panel the relative latency
for the full protocol is shown for different combinations of mechanisms
compared to the original (black); in the right panel the relative latency for the
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values for h are given in different colors from blue to red. The dotted line
gives the desired value for ADS and normalization of latency, respectively.
Upper panel: the values for ADS for the model output with given parameter
combinations. Lower panel: the values for normalization of latency for the
model output with given parameter combinations.

SUPPLEMENTARY FIGURE A4

Grid Search for the channel Kar, the Na-K-pump and RMP. Values for RMP are
given on the x-axis, from the left panel to the right Kq is increasing, and the
increasing values for the Na-K-pump are given in different colors from blue
to red. The dotted line gives the desired value for ADS and normalization of
latency, respectively. Upper panel: the values for ADS for the model output
with given parameter combinations. Lower panel: the values for
normalization of latency for the model output with given

parameter combinations.

SUPPLEMENTARY FIGURE A5

Grid Search for the channel Kar, the Na-K-pump and RMP. Values for Ky are
given on the x-axis, from the left panel to the right RMP is increasing, and the
increasing values for the Na-K-pump are given in different colors from blue to
red. The dotted line gives the desired value for ADS and normalization of
latency, respectively. Upper panel: the values for ADS for the model output
with given parameter combinations. Lower panel: the values for normalization
of latency for the model output with given parameter combinations.

SUPPLEMENTARY FIGURE A6
The ionic currents during an action potential for the four final combinations
of the grid search. The panels on the left show all ionic currents, the panels
on the right only the small ionic currents.

SUPPLEMENTARY FIGURE A7

Spike shape of all performed model evaluations. For Grid Search A (for the
channels Kar, h, and Kr) and Grid Search B (for the channels Kar, h, and Na, 1.7)
all spike shapes resemble qualitatively the original model, while for Grid
Search C (for the channels Ka, h, and the RMP) and Grid Search D (for the
channel K, the Na-K-pump, and the RMP) some spikes show strange
behavior and were excluded from the further analysis.
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ARTICLEINFO ABSTRACT
Keywords: Background and objectives: The increasing amount of open-access medical data provides new opportunities to gain
EEG clinically relevant information without recruiting new patients. We developed an open-source computational
Electroencephalography pipeline, that utilizes the publicly available electroencephalographic (EEG) data of the Temple University
Open science Hospital to identify EEG profiles associated with the usage of neuroactive medications. It facilitates access to the

Reusable data

data and ensures consistency in data processing and analysis, thus reducing the risk of errors and creating
Computational psychiatry

comparable and reproducible results. Using this pipeline, we analyze the influence of common neuroactive
medications on brain activity.

Methods: The pipeline is constructed using easily controlled modules. The user defines the medications of interest
and comparison groups. The data is downloaded and preprocessed, spectral features are extracted, and statistical
group comparison with visualization through a topographic EEG map is performed. The pipeline is adjustable to
answer a variety of research questions. Here, the effects of carbamazepine and risperidone were statistically
compared with control data and with other medications from the same classes (anticonvulsants and
antipsychotics).

Results: The comparison between carbamazepine and the control group showed an increase in absolute and
relative power for delta and theta, and a decrease in relative power for alpha, beta, and gamma. Compared to
antiseizure medications, carbamazepine showed an increase in alpha and theta for absolute powers, and for
relative powers an increase in alpha and theta, and a decrease in gamma and delta. Risperidone compared with
the control group showed a decrease in absolute and relative power for alpha and beta and an increase in theta
for relative power. Compared to antipsychotic medications, risperidone showed a decrease in delta for absolute
powers. These results show good agreement with state-of-the-art research. The database allows to create large
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Antiseizure
Drug-induced slowings
Epilepsy

groups for many different medications. Additionally, it provides a collection of records labeled as “normal” after
expert assessment, which is convenient for the creation of control groups.

Conclusions: The pipeline allows fast testing of different hypotheses regarding links between medications and EEG
spectrum through ecological usage of readily available data. It can be utilized to make informed decisions about
the design of new clinical studies.

Abbreviations: AD, antidepressant; AS, antiseizure; ASR, artifact subspace reconstruction; AP, antipsychotic; BDZ, benzodiazepine; EEG, electroencephalographic;
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1. Introduction

Neuroactive medications such as antidepressants, antipsychotics, or
antiseizure medications exert their clinical effect by changing brain
physiology. Most knowledge on the drugs’ mechanisms of action has
been gained by integrating findings from in vitro studies, in vivo animal
research [1,2] as well as positron emission tomography (PET) [3-5] and
single photon emission tomography (SPECT) [5,6] studies in human
subjects.

However, nuclear medicine imaging studies using PET or SPECT are
time-consuming and very demanding concerning both human and
financial resources, thus effectively limiting the number of study par-
ticipants. In comparison, electroencephalography (EEG) is a relatively
affordable technique offering insights into brain dynamics with high
temporal resolution. Indeed, several studies are using EEG data and its
spectral properties as a proxy for assessing drug-related changes in pa-
tients’ brains [7,8]. A recent perspective paper shows that functional
biomarkers obtained from EEG measurements display potential for
treating psychiatric disorders, even when the underlying pathophysio-
logical processes are not fully understood [9]. Non-invasive biomarkers,
such as EEG measurements, are of great interest for developing indi-
vidualized treatment strategies since their appeal lies not only in their
relevance to the targeted pathophysiology but also in the potential
scalability and feasibility for clinical integration [10].

However, most available pharmaco-EEG studies typically have
relatively low numbers of participants using single specific drugs.
Furthermore, typically neither the raw data nor the computational code
is made publicly available for reproducing the results or merging the
data into a larger study. Big data analysis using large databases and
standardized computational pipelines could hold the key to advancing
our understanding of the impact of neuroactive medication on the brain
and uncovering patterns and correlations that were previously elusive.

In the last years, the emerging concept of Open Science [11,12] and
FAIR (Findable, Accessible, Interoperable and Reusable) [13-15] data
handling led to the establishment of several databases [Physionet [16],
HealthData.gov [17], Chronic Disease Data [18], World Health Orga-
nization [19]] with anonymized medical data, enabling the construction
of comparable and reproducible computational methods. A world that is
becoming more digitalized and thus creating more data every year is
fueling this idea. A lot of this data remains still unused, which leads to a
scientific and financial loss for society. Amongst other challenges,
computational pipelines are needed to provide efficient data extraction
and analysis approaches to facilitate utilization of the data and thus
enable exploitation of the full potential of openly available data sets.

Temple University Hospital (TUH) EEG Corpus [20,21] with more
than 30,000 data sets is currently the largest freely available database
for research collection of medical EEG data. It provides both raw EEG
signals and physicians’ notes and is thus a source of valuable informa-
tion. However, important challenges exist regarding the scientific use of
the acquired data such as the efficient extraction of relevant informa-
tion. In addition, physician’s notes are semi-structured (i.e., imposing
additional workload on data preparation), and sometimes incomplete (e.
g., mostly no information on dosage of taken medications or psychiatric
diagnosis), thus limiting the conclusions that can be drawn from the
data. We want to address some of these challenges in the current
manuscript.

Due to available human-labeled subsets, the TUH EEG Corpus was
mainly used to develop and test machine-learning methods for the
detection of epileptic seizures and EEG abnormalities [22-27]. By the
time of manuscript submission, to our best knowledge, only Nahmias
and colleagues [28] made use of the pharmaceutical data to develop a
deep-learning approach to distinguish the users of two anticonvulsive
medications based on their EEG data.

The current work aimed to develop a computational pipeline for
mining and analyzing EEG data along with medication information from
Temple University Hospital. The goal was to increase the accessibility of
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the TUH EEG Corpus to facilitate the conduction of research projects. As
a demonstration of the utilization of the pipeline, we assessed drug-
associated EEG spectral changes for antiseizure and antipsychotic
drugs. The objective of this work is to support further research on the
EEG changes linked to neuro-active medications by improving the
accessibility of the database for physicians. We build an open-source
computational pipeline that allows to mine TUH EEG Corpus for the
records containing pre-defined medication names and preprocess the
data by removing too-short records and standard artifacts. The spectral
information is extracted for individual electrodes and compared for
different groups of subjects. The calculated information is saved in Excel
files. Finally, the results are visualized in topographic electrode maps.
This pipeline allows the user to define their medication list of interest
with further division into groups, and, depending on the research
question, compare the spectral features of different drug users to each
other. For advanced options, the open-source computational code can be
adapted to adjust the pipeline to the medical research question, or to
modify subsequent analytical steps by, e.g., using a different artifact
detection procedure.

In this work, we will further assess the drug-associated EEG spectral
changes and compare the output to findings in the literature on the
example of two use cases for antiseizure and antipsychotic drugs. The
results provide insights into the meaning and interpretability of the data
and serve future users as a reference for selecting suitable options for the
pipeline in the context of their respective research questions.

The built pipeline supports further research in the domain by
providing an open-source mining tool that facilitates accessibility and
utilization of the data to encourage more researchers to conduct projects
with the provided data. It allows for well-controlled and reproducible
results through the combination of open-source computational code and
medical data.

2. Methods
2.1. Temple University Hospital database

For our project, we used the data from the Temple University Hos-
pital (TUH) EEG Corpus [25], which contains over 30,000 anonymized
EEG data files, collected since the year 2002 up to today. This database
contains folders organized per patient. For one patient, multiple sessions
and multiple files with EEG data can exist that are available in EDF
format. In this format, not only can the raw binary signal data be stored,
but also important metadata, such as the signal condition and the
maximum amplitudes of the signal [20]. Additionally, physicians’ re-
ports are available in semi-structured text format. They include, among
others, clinical history, a list of used medications, details of the EEG
examination setup (electrodes, stimulation), evaluation of the EEG data,
and clinical correlations, which describe the physicians’ findings (see
Fig. 1 for an example). Patients can have multiple medications listed in
their report.

2.2. Ethical considerations

The data is openly available from [29] for any research purpose, after
signing a data-sharing agreement. As stated in [30] and confirmed by
the person responsible for the database, the study was conducted under
the approval of the Temple University IRB (No 20,774) and the patients
consent to the use of the anonymized data for research purposes.

2.3. Computational pipeline workflow

In the following, we will show the individual steps of our open-
source processing pipeline [31]. The pipeline is written in MATLAB
and uses the toolbox for signal processing of electrophysiological data
EEGLAB [32]. A detailed overview of the full workflow is presented in
Fig. 2.
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HISTORY:

61 v.o. female with a history of ICH, venous thrombosis referred for routine

EEG. Currently with depakote prophylaxis. no history of scizures.

MEDICATIONS:

Xanax, percocet, depakote, coumadin

SEDATION: none

TECHNIQUE:

This is a technically challenging EEG. A Digital Video 21 channel electroencephalogram (EEG) was
recorded using the International 10-20 system with T1/T2 electrodes and utilized a NicOne system.
This EEG included a single channel of EKG and stimulation.

EEG BACKGROUND:

In wakefulness there is generous muscle artifact with an 11 Hz alpha rhythm intermittently disrupted

the left occipital region.

Mild generalized slowing is present.
Focal slowing is present.
EPILEPTIFORM ACTIVITY:
None

EVENTS:
HEART RATE:

IMPRESSION:

I. Background slowing and disorganization
2. Focal slowing on the left superimposed
3. Intermittent bioccipital slowing
CLINICAL CORRELATION:

on the lefi. There is also occasional bioccipital slowing noted.
During drowsiness, there is an increase in beta and slow rolling eye movements. In stage | sleep
prominent POSTs are seen on the right only. In drowsiness there 1s also more rhythmic slowing from

Sleep is characterized by vertex waves and spindles but are not sustained.

OTHER PAROXYSMAL ACTIVITY (NON-EPILEPTIFORM):

One burst of sharply contoured activity on the Lefl is noted

ACTIVATION PROCEDURES: Hyperventilation and photic stimulation are not performed.
There are no clinical or electrographic events captured during this study.

A heart rate of max 90 bpm is captured on a single EKG lead but is slightly irregular.

This is an abnormal awake and asleep routine LEG due to:

The focal slowing is ipsilateral to the region of this patient's ICH. No definitive sharp waves were scen.

Fig. 1. Example of physicians’ report with the sections “History”, “Medications”, “Sedation”, “Technique”, “EEG Background”, “Epileptiform activity”, “Other

» o«

paroXxysmal activity”, “Activation procedures”, “Events”, “Heart rate”, “Impression”, “Clinical Correlation”.

After deciding on the main study parameters, i.e., which individual
drugs and which drug groups to include (drug list creation) and which
comparisons to make, the pipeline handles the downloading and pre-
processing of the data, the extraction of the spectral powers for each
frequency band, statistical analysis and visualization of the data. Each
step of the pipeline is modularized and can be adapted and run in
consecutive steps.

Step 1. Drug list creation

The first modules in the pipeline require active decisions from the
user to adjust the pipeline to the desired study design. The user creates a
list of drugs and their trade names, classified according to their usage,
for example, antidepressants, antipsychotics, etc. This can be easily done
by creating a string array for each class with the names of the desired
drugs that the class should contain. It is important to also add the trade
names for each drug to the list since multiple names can be used in the
physician’s report for the same drug. For our use cases, we adapted a list
of 28 drugs from Hyun [8] (see Table A1) and the trade names were
obtained from the database drugs.com. The extensive list of common
drugs of four different classes (antidepressant (AD), antipsychotic (AP),
antiseizure (AS), and benzodiazepine (BDZ)) is already implemented in
the pipeline and can be readily used.

Step 2. Choosing groups for comparison

In the next step, the user chooses the comparison groups, that can be
defined as needed. Readily available options for comparison groups are
the “Drug” group, which consists of all data files from patients that use
one specific drug from the list, or the “Class” group, which contains any
of the drugs in one class. In both cases, all files from patients who
additionally take other drugs from the predefined list can be excluded

(see next section “Data Mining”), which we will use as a standard in our
use cases. A special comparison group is the “normal” class, which
contains only EEG files labeled as “normal” and is explained in more
detail in the next section. Each of these groups can now be compared
with each other, i.e., possible comparisons are:

+ Drug vs Drug,
+ Drug vs Class,
+ Drug vs “normal’,
« Class vs Class,
. Class vs “normal”.

The advantages and challenges of these comparison possibilities are
discussed in the use cases.

Step 3. Data mining in TUH EEG Corpus

To search the TUH EEG Corpus fast and effectively, we cached the
whole database into a table, which contains all files included in the TUH
EEG Corpus with their corresponding file path, file type, last modified
date, and a list of medications for each patient. This approach enabled us
to search specifically for files from patients who used the pre-defined
medications in Table Al. In the further processing of the data, it is
possible to exclude patients who use more than one drug from the list,
which we used as a standard in our use cases. Nevertheless, analyzing
EEG profiles of individuals with multiple drug use is also in the scope of
the pipeline. Additionally, all files labeled as “normal” in the TUH
Abnormal Corpus [33] were saved.

To define a control data set, we used a subset of the EEG Corpus,
namely TUH Abnormal Corpus (v2.0.0) [34]. This subset contains 3065
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Fig. 2. Workflow of pipeline: Each module of the pipeline is shown in a different color. The squares with the red dashed lines mark steps in the process, where an

active decision of the user is necessary.

EEG files, labeled as “normal” or “abnormal” for developing machine
learning discriminative models. Each part of the database is further
divided into “train” and “eval’ parts. Here, we used all (train and
evaluation) data labeled as “normal”, which resulted in 1521 files. From
those, any files mentioning medications from the pre-defined list were
removed, so that “normal” EEGs without the influence of drugs could be
used as a reference.

Step 4. Data Preprocessing and Spectral Analysis using EEGLAB

The majority of data in the TUH Corpus employs the 10/20 system, a
widely adopted arrangement of electrodes for EEG recordings, consist-
ing of 21 evenly distributed scalp electrodes [35]. All files contain the
following overlapping set of channels which are further used for the
analysis: 'FP1’, 'FP2’,’F3’,’F4’,’C3’,’c4’,’P3’,’P4’,’01",02",’F7’, ’F8’,
'T3’,’T4’, ’T5’, *T6’, ’FZ’, ’CZ’, 'PZ’. Further, two common unipolar
montages are used: the Average Reference (AR) and Linked Ears
Reference (LE). The AR montage uses the average of specific electrodes
as a reference, while the LE montage links the left and right ears for a
stable reference point, aiming to reduce artifacts. During the pre-
processing of the data, all files that used the LE reference method were

re-referenced to AR.

For EEG preprocessing EEGLAB 2021.0 [32] was used in combina-
tion with MATLAB 2021a. EEG data was cleaned using the EEGLAB
function clean_artifacts, which removes artifacts and tries to reconstruct
the data via artifact subspace reconstruction (ASR). ASR is an auto-
mated, component-based method designed for removing transient,
large-amplitude, or highly variable artifacts in multi-channel EEG re-
cordings [36]. This technique identifies 'clean’ data segments auto-
matically to serve as references and employs principal component
analysis to eliminate artifacts in relation to the selected references. The
underlying idea is that genuine brain signals, especially those concen-
trated in specific scalp regions, exhibit lower variation compared to
artifacts. Consequently, artifacts become discernible in regions with
minimized variance. Additionally, the function automatically detects
and eliminates abnormal channels and segments of the data, such as
short-term bursts. Channels are considered abnormal if they have a
constant signal, a gradual frequency shift, have too much noise, or are
not correlated to the other channels in the recording. The arguments
used with this function were set to achieve a rather strict rejection of
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artifacts. For each parameter of the function, a reasonable range for the
values is given in the documentation of the function, ranging from "very
aggressive” to “very lax”. The fraction of channels that were allowed to
contain artifacts that could not be removed in each time window was set
to 0.05 (WindowCriterion), corresponding to a “very aggressive”
parameter setting. A channel will be removed if it is of low quality for
more than 15 % of the duration of the record (ChannelCriter-
ionMaxBadTime), which aligns with a parameter setting that is consid-
ered to be “very aggressive”. Portions of data that contained bursts were
removed altogether (BurstRejection). All files where the function clea-
n_artifacts returned an error were removed. Typically, the cause was the
file being too short for the analysis (less than 3000 data points).

The data was further divided into epochs of 5000 ms. The choice of
5000 ms for epoch length was based on the studies [33,36,37,39,41] we
used for comparisons with our results, which used epochs between 2.5 s
and 30 s with a median of 4 s. The chosen epoch length balances the
trade-off between capturing enough signal information within each
epoch while also avoiding the risk of non-stationarity of EEG signals
over time. Our analysis did not use overlapping epochs as it can intro-
duce autocorrelation and increase computational complexity.

During the implementation and testing of the pipeline, we manually

inspected portions of the data following the utilization of the clea-
n_artifacts procedure to ensure the quality of the data. We identified the
continued presence of artifacts exhibiting elevated amplitude levels,
potentially attributable to ocular blinking, muscular activity, and
related factors. Subsequently, we constructed the pipeline to eliminate
these artifacts by automatically excluding epochs with mean absolute
amplitude greater than 100 microvolts for at least one channel from
further analysis. The affected epochs were removed across all channels.

EEGLAB function spectopo was used to compute averaged per chan-
nel powers of the frequency bands defined as follows (units in hertz):
delta= [1, 3.5], theta= [3.5, 7.5], alpha= [7.5, 12.5], beta= [12.5, 30]
and gamma = [30, 60].

Step 5. Data Preprocessing for Statistical Analysis

For each patient, file-wise outlier removal was performed by
excluding all elements that exceeded three standard deviations from the
mean. The remaining files were averaged to obtain a single number for
each band and channel per patient. Finally, across-patient outliers were
removed again by excluding all elements that exceeded three standard
deviations from the mean. We also calculated the ratio alpha/theta in
addition to the individual frequency bands. This value is used as a
marker for diseases like Alzheimer’s [37] and Parkinson’s [38]. In
addition to the calculated absolute powers, we computed relative
powers by dividing the power spectrum of each patient for each band
and channel by the sum of all band powers for the respective channel,
see Formula (1).

i POWEerpand, channel

( ’
Step 6. Statistical Anal;}s,(ljgv A Vidasitattion
For the chosen comparison groups, a one-sample Kolmogorov-
Smirnov test is used to test each group for normality in each electrode
and frequency band. In every electrode and frequency band where the
test confirms the normal distribution of both groups, a t-test is used for
comparison. To prevent issues with non-matching variances, we used

relativePower pana. channel

Welch’s two-sample t-test. In every electrode and frequency band where
the normal distribution cannot be confirmed, a two-sided Wilcoxon rank
sum test is performed. Additionally, a Bonferroni correction to prevent
an accumulation of errors due to multiple testing of the same data set.
Color-coded P values are plotted in an electrode plot for each frequency.
Blue represents decreasing values compared to the reference group,
while red represents increasing values.

2.4. Use cases: antiseizure carbamazepine and antipsychotic risperidone

To illustrate some of the possible outputs and usages of the pipeline

Computer Methods and Programs in Biomedicine 255 (2024) 108319

the antiseizure drug carbamazepine and the antipsychotic drug risperi-
done were chosen. Both drugs are well-represented in the database and
well-researched in the literature.

3. Results

Before downloading and processing the data, the whole database is
cached into a table, to increase the speed of searching in the database.
The process of caching requires approXimately a week, but it is also
possible to only cache parts of the database. The downloading time of
the individual data files depends on the file size. For risperidone, all files
were downloaded in approXimately 3 h, which leads to an average
downloading time of circa 315 files per hour. Downloading all data
listed in Table Al in the AppendiX requires circa 120 h. The artifact
cleaning of the data for risperidone required approximately 1 h 20 min,
which leads to an average of 730 files/h and circa 52 h for all data used
in this paper. During the cleaning of the data, all unusable files are
removed, therefore the next steps of processing the data will be faster
due to less data. Computing the power spectrum of the data requires
approximately 5 min for 100 files, which leads to a calculation time of
circa 15 min for risperidone and circa 29 h for all our data. The rest of
the processing, statistical analysis, and visualization of the data is
comparatively fast. Each comparison of the full drug groups only re-
quires a couple of minutes.

From the general TUH EEG Corpus, we downloaded 37,746 files
from 8871 patients, who had used drugs from the list in Table A1, where
the exact number of files and patients for each drug is listed. After
cleaning and artifact removal, as well as removal from outliers, there
were 34,419 files from 8078 patients left. Demographics for patients
were not extracted for the presented use cases due to inconsistent and
missing data in patients’ records. However, we are working on
enhancing our pipeline to enable us to extract data more effectively from
these records in future iterations.

The “Abnormal EEG Corpus” consists of reviewed data of good
quality. Therefore, out of the original 1521 files, artifact cleaning did not
remove any files. After excluding patients receiving any neuroactive
drugs according to our keywords, 881 files from 840 patients remained.
Finally, after the removal of the outliers, 632 patients were left.

3.1. Use case 1: antiseizure medication carbamazepine

To show an example of how the framework can be used we chose the
well-researched drug carbamazepine. carbamazepine is an antiseizure
medication and is mainly used for epilepsy, bipolar disorder, and
neuropathic pain. The database contained 2865 files from patients
taking carbamazepine. After artifact cleaning 2315 files from 348 pa-
tients remained, which left 276 patients for comparison after averaging
individual files for each patient and outlier removal. We further
removed all patients taking multiple drugs from the pre-defined list in
Table Al to eliminate drug interactions and to investigate the effect of
only the specific drug in question. This left 173 patients in the carba-
mazepine group.

3.1.1. Drug vs. “‘normal”

We compared the carbamazepine group to the “normal” (i.e., con-
trol) dataset for each band and electrode separately using a multiple-test
correction. The resulting P values for absolute and relative powers are
visualized in Fig. 3. A power increase in relation to the control dataset is
visualized by coloring the electrodes red, while a power decrease is
indicated in blue.

For absolute powers, in the carbamazepine group, delta and theta
bands were significantly higher as compared to the "normal” group. For
the alpha and beta bands the central electrode “Cz” was increased and
for gamma, no significant changes were detected.

For relative powers, alpha, beta, and gamma were decreased over the
whole electrode map. Delta and theta both increased, while the increase
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in delta was restricted to the posterior region of the electrode map. 3.1.2. Drug vs. class

Alpha/theta decreased for absolute and relative powers in all leads. The antiseizure class (AS) consists of the common drugs carbamaz-
epine, valproate, lamotrigine, topiramate, and levetiracetam. These
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drugs were well represented in the database with more than 19,000 files
altogether, compare with Table Al. After processing the data, 3644
patients remained in the class. Here we want to compare the drug car-
bamazepine with the remaining drugs in the class. The results for the
comparison of carbamazepine with the antiseizure class are shown in
Fig. 4.

For the absolute powers, an increase in alpha and theta frequency
was observed. The relative powers increased in alpha and theta bands,
while gamma and delta were decreased. Delta showed decreasing
behavior over almost the whole electrode map, while gamma only
decreased in a few electrodes. No change emerged for beta and the
alpha/theta ratio, neither for absolute nor relative powers.

3.2. Use case 2: antipsychotic medication risperidone

As a second example, the antipsychotic drug risperidone was chosen,
which is mainly used to treat schizophrenia and bipolar disorder. For
this drug 946 files from 277 patients were found in the database. After
artifact cleaning 392 files from 84 patients remained. When filtering out
all patients who took multiple drugs on the list, 74 files from 58 patients
were left, which was further reduced to 40 patients after averaging all
files from each patient and removing outliers.

3.2.1. Drug vs. “normal”

When compared to the “normal” class, patients receiving risperi-
done, see Fig. 5, exhibited lower absolute and relative powers of alpha,
beta, gamma, and alpha/theta. The relative power within the delta and
theta band was increased, while the absolute power of delta was
decreased on the right side of the scalp and the absolute power of theta
showed no changes. The absolute powers of alpha, beta, and gamma, as
well as the relative power of alpha, mainly decreased in the outer re-
gions of the scalp. The relative power of beta decreased in all electrodes,
while gamma was only decreased in “Cz”. The increasing relative delta

Alpha/Theta

Theta

Risperidone vs. Normal, absolute powers
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powers were focused on the occipital and parietal regions, while the
increasing relative theta powers were spread additionally to temporal
and central regions. Alpha/theta was decreased in all electrodes for
relative and absolute powers.

3.2.2. Drug vs. class

We created an antipsychotic class (AP) consisting of risperidone,
aripiprazole, haloperidol, olanzapine, quetiapine, and ziprasidone, see
Table A1. It contains 2195 cleaned files from 806 patients.

When risperidone was compared to the remaining drugs in the AP
class, see Fig. 6, a decrease in absolute power emerged in the delta band
for occipital, parietal, right temporal, and the central electrode “C4”". For
all other bands and for all bands for relative powers, no significant
change was observed.

4. Discussion
4.1. Computational pipeline performance

The presented MATLAB pipeline mines the TUH EEG Corpus and
compares the spectral features between different groups of patients
defined based on their medication profile. The key feature of the pipe-
line is flexibility. It can be changed to answer a variety of medical and
technical research questions while standardizing necessary procedures,
such as extraction and cleaning of the data. The list of medications and
the defined comparison groups can be easily modified by researchers
without computational background. The user chooses the drugs of in-
terest, as well as their organization into classes. Subsequently, the user
can choose between different possible comparisons: Drug vs Drug, Drug
vs Class, Drug vs “normal”, Class vs Class, or Class vs “normal”. Thus, a
wide range of possibilities exist, and the researcher must carefully
consider which comparisons are adequate based on the individual study
design and for comparisons to the existing literature. Different modules

Gamma
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/
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Alpha/Theta

Risperidone vs. Normal, relative powers
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Fig. 5. P values from Welch'’s test for the risperidone group (n = 40) compared to the “normal” class (n = 632) per channel. Red and blue colors indicate power

increase and decrease, respectively. In addition to the basic bands, the alpha/theta ratio is shown. Each set of tests is com puted for absolute and relative powers. A

Bonferroni correction for multiple testing is applied.
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of the pipeline download, preprocess, and analyze the data, which al-
lows good control of the analytical process.

Files that are classified as “normal” (i.e., the EEG signal is similar to
the signal of a healthy person) can be treated as a control group. We can
further track the drug intake of this group to create a control group with
or without drug intake. For the drug groups, we can also control the drug
intake of other drugs and therefore create a treatment group with or
without multiple drug use.

The pipeline is restricted by the limitations of the TUH EEG Corpus.
The metadata is only semi-structured and limited to standard clinical
information, therefore full control of all potentially relevant study pa-
rameters is not possible.

The FAIR Guiding Principles, introduced to enhance the accessibility
and usability of scholarly data, promote findability, accessibility,
interoperability, and reusability by both humans and machines. Origi-
nally designed for data, the principles were intended to extend to digital
objects like algorithms, tools, and workflows that contribute to data
generation. An overview of the FAIR principles for software is given in
[39].

Our work not only shows the significance of open-access medical
data that adheres to these principles but also the importance of FAIR
software. Therefore, our developed computational pipeline aligns with
key aspects of FAIR software principles. We ensure the findability and
accessibility by documenting comprehensive details about its purpose
and functionalities in this manuscript. The software, along with its
documentation, is made discoverable through inclusion in a searchable
software registry, notably GitHub, providing a centralized location for
users to locate and access the latest version. The interoperability is
addressed as the software employs a widely used language (MATLAB),
while the documentation uses text and word files. Reproducibility is a
key focus, ensured by the documentation of the software and the
detailed description of the pipeline in this manuscript, which includes
detailed provenance information, i.e. documenting the origin and

history of the data. The software documentation adheres to domain-
relevant community standards, reinforcing the pipeline’s commitment
to the principles of FAIR software.

4.2. Medical insights

We compared our findings regarding the EEG changes of carba-
mazepine and risperidone compared to the “normal” group and the
antiseizure and antipsychotic group, respectively, with existing litera-
ture to identify and discuss consistencies and discrepancies. We will
discuss each drug separately followed by a general discussion on the
comparability of the findings and the literature. An overview of our
findings for absolute and relative powers is presented in Table 1.

When we consider carbamazepine vs. “normal’, we observe an
overall increase in delta and theta frequency bands for absolute and
relative powers. The increase in delta is also observed by [40-43] and
the increase in theta is observed by [41-44]. Further, we discovered a
decrease in the relative powers of alpha and beta. The findings for alpha
are in line with [40,41,43,44]. For beta, the information in the literature
is inconclusive with either no change [44] or inconsistent changes [41]
reported. Gamma is decreasing for relative powers and alpha/theta is
consistently decreasing for absolute and relative powers. We found no
information in the literature on the gamma frequency band or on the
results for alpha/theta.

Even though the results in the literature are mostly consistent with
the present findings, the methods of the studies differed. Marciani et al.
[40], Besser et al. [41], Frost et al. [43] and Wu et al. [44] examined
epileptic patients before and after treatment, but the time intervals for
the EEG measurements differed largely, ranging from 2 h up to 2 months
after the beginning of the treatment. Wu et al. [44] additionally exam-
ined healthy volunteers before and after treatment. Mecarelli et al. [42]
also investigated healthy subjects. They compared the effects before vs.
after treatment as well as treatment vs. placebo and treatment vs. other
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Table 1
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Overview of the changes in absolute and relative power spectrum induced by carbamazepine and risperidone compared to the normal group, the antiseizure group
(AS), and the antipsychotic group (AP), respectively. The increase (+) / decrease (-) in the power spectrum is observed in at least one electrode. If no changes were
observed, it is marked as 0. The numbers in the brackets are references to studies that observed similar effects.

Drug Alpha Beta Gamma Delta Theta Alpha /Theta Absolute or relative power

Carbamazepine vs. Normal + +/- 0 + + - absolute
[40-43] [41-44]

Carbamazepine vs. Normal - [40,41,43,44] - - + + - relative
[40-43] [41-44]

Carbamazepine vs. AS + 0 0 0 + 0 absolute

[42] [42]
Carbamazepine vs. AS + 0 - - + 0 relative
Risperidone vs. Normal - - - - 0 - absolute
[45]

Risperidone vs. Normal - - - + + - relative

Risperidone vs. AP 0 0 - 0 0 0 absolute

Risperidone vs. AP 0 0 0 0 0 0 relative

drugs.

When we compare carbamazepine to the class of antiseizure drugs,
we observe an increase in alpha and theta in the absolute powers. The
delta frequency band shows no significant changes for absolute powers.
Mecarelli et al. [42] reported a significant increase in the absolute
powers of the delta frequency band when they compared carbamazepine
with the antiseizure medications oxXcarbazepine and levetiracetam in
healthy volunteers. Values for alpha and theta bands were also
increased, but those changes were not significant, which could be due to
the small sample size of only 10 volunteers.

For the risperidone vs. “normal” comparison, we observe almost no
changes in absolute powers of delta and theta and an increase in relative
powers of delta and theta. Hughes et al. [46] reported an increase in
absolute powers for delta and theta for closed eyes, while for open eyes,
only theta was increased. Lee et al. [47] described the increase in ab-
solute delta and theta in all electrodes. Mucci et al. [45] noted that fast
theta was increased. All three mentioned studies reported these results
for the short-term effects in the first 24 h. For the long-term effects after
6 weeks of treatment, Mucci et al. [45] reported a general increase in fast
theta for all patients and a decrease in slow theta for patients who
responded to the drugs, while non-responders showed the opposite
behavior.

For alpha and beta, we observed a decrease. Lee et al. [47] observed
no changes in alpha and beta, and Hughes et al. and Mucci et al. an
increase in slow alpha and slow beta for short time effects. Mucci et al.
also observed a decrease in fast beta. For long-term effects, the authors
reported an increase in slow beta for all patients and for responders also
an increase in fast alpha, while non-responders again showed the
opposite effect. Ozaki et al. reported an increase in alpha in the elec-
trodes C3/C4 and beta in the C3/C4 and P3/P4 electrodes [48]. Hughes
et al. and Lee et al. examined healthy volunteers and compared the drug
intake to a placebo. Mucci et al. on the other hand examined patients
with schizophrenia before and after treatment. Ozaki et al. compared
schizophrenic patients to healthy subjects.

Other studies found no significant changes when comparing in-
dividuals administered with risperidone against those receiving no
medication, across both healthy [49] and schizophrenic [50]
populations.

We could not obtain any studies that compared risperidone to other
antipsychotic drugs. Overall, there exists a notable variability among
studies investigating the impact of risperidone on EEG recordings,
highlighting substantial inconsistencies in their findings. It is important
to note that the studies’ design and technical details differ majorly, and
the reports are often incomplete. Additionally, many studies conducted
on healthy individuals exclusively recruited young male participants,
raising questions about the generalizability of the findings to the
broader population. Therefore, the comparison can only serve as an
indicator of the alignment of our results with state-of-the-art knowledge.
One important factor contributing to the possible differences is that the

reviewed studies had between 10 and 20 subjects. In contrast, utilizing
the TUH EEG Corpus, we had on average 268 patients in each drug
group ranging from 18 to 1951 patients. The largely increased number
of subjects leads to an increased power of the statistical tests. Accord-
ingly, we can detect significant changes for frequency bands, where
previously no change was observed.

Another point that needs consideration is the differentiation between
the drug-induced changes and the disease-induced ones. For instance,
the review of Newson and Thiagarajan [51] on patients with schizo-
phrenia suggests that some spectral EEG alterations may be attributed to
the disease. The problem of this differentiation is also visible in the
current state of the knowledge. Faiman and colleagues [52] reviewed
the difference in EEG patterns between epilepsy patients and a control
group. In most of the reviewed studies, patients were taking antiseizure
drugs and only one study compared the changes in absolute powers
between epilepsy patients who took no drugs and a healthy control
group [53]. In the review of Yasin et al,, it was investigated how bipolar
disorder can be characterized using biomarkers in EEG measurements
[54].

In our work, the results we obtained for Drug vs. “normal” also do not
allow for the differentiation between the drug and disease effects. The
benefit of comparing a single drug effect to the whole group arguably
allows to partially remove the effect of the disease itself, though the
specific drug usage can be potentially correlated to a certain subtype of
the disease, and thus disease-linked EEG changes different from the
general patient population.

4.3. Statistical considerations

The TUH EEG Corpus, characterized by its substantial sample size,
plays a pivotal role in shaping the statistical evaluation within our
pipeline. The large sample size inherently contributes to increased
precision, thereby enhancing the reliability of estimates derived from
the data. Moreover, it augments statistical power, empowering the
pipeline to detect small effects that might be of clinical or scientific
relevance, but would not be detected in smaller samples, providing a
nuanced understanding of neurophysiological patterns. The generaliz-
ability of findings is bolstered, as the sample ensures that results are
more likely to apply to the broader population, thereby enhancing
external validity. Additionally, the large sample size facilitates robust
replications and cross-validation of findings, reinforcing the reliability
of the results. However, potential limitations associated with large
sample sizes should be acknowledged, including the possibility of
increased heterogeneity within the dataset due to diverse sub-
populations. Additionally, the lack of detailed information on drug
intake and diagnosis in this large-scale study presents a disadvantage
when compared to smaller but well-controlled studies. Potential biases,
such as selection and sampling biases where certain groups within the
population are disproportionately represented can still be present in
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large sample sizes and could affect the generalizability of the findings.
4.4. Limitations

We could not control all study parameters in our pipeline, since the
metadata of the EEG files was in a semi-structured format with sections
written in full text and possibly incomplete. The information provided
was similar to a patient report and accordingly, it was not standardized
with varying degrees of detail depending on the respective physician.

To improve the accessibility of the text reports and extract relevant
metadata in future studies, various text extraction methods can be
employed. While we have utilized regular expressions to extract patient
medicine intake data, this approach encounters limitations when
attempting to extract more nuanced information, such as medication
dosage as an example. The variability and lack of standardization in text
presentation within the text pose challenges. Therefore, alternative
methods should be considered. Text parsing techniques, capable of
breaking down unstructured text into structured data using predefined
rules or grammar, present a promising avenue. Additionally, the appli-
cation of machine learning models, particularly those rooted in natural
language processing, offers an automated means of extracting infor-
mation from text, leveraging labeled training data to discern patterns
and nuances. These multifaceted approaches contribute to a more
comprehensive and adaptable strategy for extracting intricate details
from text reports.

The text reports include important technical details, such as the type
of EEG equipment, the number of electrodes, and the electrode place-
ment used during the recording of the EEG signals. An example of this
canbe found in TextboX 1 under the Section "Technique”. However, itis
worth noting that the EEG setup can vary among different patients,
depending on factors such as the clinical indication for the EEG
recording, the patient’s age, and the EEG technician’s preference.

Not all study parameters have the same importance for the EEG
changes in the power spectrum. For example, sex, treatment response,
length of hospital stay, drug potency, and dosage (apart from clozapine)
do not seem to influence the EEG changes [41,55]. On the other hand,
some diagnoses, such as high blood pressure or bipolar disorder, age,
recording conditions, and pre-treatment state of the central nervous
system influence the EEG changes significantly [55,56]. The nature of
the database, constructed for the hospital-routine data, also limits the
options for tracking the temporal development of the changes or the
comparison to non-medication conditions for the same cohort.

4.5. Future work

While our study has provided valuable insights into the EEG profiles
influenced by carbamazepine and risperidone, many more neuroactive
drugs are present at high sample sizes in the TUH EEG Corpus that could
be easily explored using the developed pipeline. An overview of those
drugs is presented in Table Al. By understanding how various sub-
stances modulate brain activity, researchers can develop a more
comprehensive framework for evaluating the neurological effects of
different agents, thereby enhancing our understanding of brain func-
tioning in diverse contexts.

Additionally, the TUH EEG Corpus provides the unique opportunity
to investigate the interplay between different drugs, since many patients
in the database take multiple drugs. Understanding how drugs interact
with one another within the brain could provide insights into potential
synergies or antagonisms. This knowledge is of importance in clinical
settings where patients are often prescribed multiple medications
simultaneously. Exploring these interactions could lead to more tailored
and optimized drug regimens, minimizing adverse effects and maxi-
mizing therapeutic outcomes.

While the current study focused on the statistical analysis of the
frequency bands, the pipeline could be easily adapted to analyze other
important EEG-derived brain characteristics. For example, the recent
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study of Ishibashi et al. [57] shows the importance of brain connectivity
studies in the research on drug-induced alterations. Since volume con-
duction [58] can confound the interpretation of connectivity measures,
it would be important to add methods [59] to the pipeline that reduce
this effect.

Due to the modularity of our pipeline, it can serve as a foundational
framework for diverse machine learning projects, similar to other ap-
proaches using the TUH EEG Corpus, such as [28], where deep learning
and feature-based approaches were compared that could classify EEG
records regarding medication usage of the patient.

We encountered a significant challenge stemming from the un-
structured nature of text reports describing EEG data and patient in-
formation, making access difficult. Enhancements to the pipeline could
involve the implementation of novel methods to seamlessly integrate
these text reports and automatically extract relevant data from them
[60].

5. Conclusions

We successfully constructed and tested a computational pipeline for
mining and analyzing EEG data combined with medication information
from the TUH EEG Corpus. The advantage of this pipeline is that it can
be adjusted to many different study designs through its modular setup.

When we investigated the EEG profiles of individuals with drug
intake of carbamazepine or risperidone with the pipeline, our findings
revealed a high level of consistency with existing literature, indicating

the reliability of our results. The remaining differences could be
explained by several factors. On the one hand, the large sample size
provided by the TUH EEG Corpus provided hundreds to thousands of
patients with intake of a certain drug and, thereby, enabled us to un-
cover nuanced effects that might be overlooked in smaller studies. This
may lead to a more comprehensive understanding of the EEG alter-
ations. On the other hand, the methods used in the literature varied
significantly, rendering the generalization of drug effects across studies
difficult. May studies reported the results only partially. The standard-
ized, thorough, and automatic analysis of the EGG data in our pipeline
could decrease such discrepancies and provide a more detailed charac-
terization of the neural activity patterns influenced by neuroactive drugs
while facilitating the analysis itself.

The results obtained in this study and future results generated using
the computational pipeline can inform the design of controlled clinical
trials. Further, the pipeline can be used for testing preliminary study
concepts and estimating the necessary sample size. By facilitating a
standardized drug examination and analysis of EEG patterns, the pipe-
line provides a valuable tool for advancing research and clinical trial
design. Aligning with a long history of previous research the importance
of EEG measurements to assess drug-induced changes in the brain is
further supported by our results and the presented computational
pipeline.
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Drug groups with corresponding drugs and their trade names, number of files downloaded and cleaned, as well as number of patients before and after outlier removal.

drug trade names down-loaded cleaned files patients  patients after outlier
files removal
Normal
1521 1521 840 632
w/o meds:
881
Group AP
Aripiprazole Abilify, Abilify Maintena, Aristada, Aristada Initio 196 189 84 63
Haloperidol Haldol, Haldol Decanoate, haloperidol lactate 622 613 325 313
Olanzapine Zyprexa, Zyprexa Zydis, Zyprexa Relprevv, Zyprexa 218 174 83 82
Intramuscular
Quetiapine Seroquel, Seroquel XR 788 777 315 267
Risperidone Risperdal, Risperdal Consta, Perseris, Risperdal M-Tab 946 392 84 62
Ziprasidone Geodon, Zeldox 53 50 32 19
Group CLZ
Clozapine Clozaril, Clopine, FazaClo, Clozapine Synthon 64 62 22 18
Group AD
Bupropion Wellbutrin, Wellbutrin XL, Wellbutrin SR, Zyban 120 119 59 37
Escitalopram Lexapro 295 284 111 72
Fluoxetine Prozac, Prozac Weekly, Sarafem, Rapiflux 568 377 152 146
Mirtazapine Remeron, Remeron SolTab 192 188 104 88
ParoXetine Paxil, Paxil CR, Brisdelle, Pexeva 220 217 111 110
Sertraline Zoloft, sertraline hydrochloride 638 614 265 263
Trazodone Desyrel, Oleptro, Desyrel Dividose 482 473 202 152
Venlafaxine Effexor XR, Effexor, venlafaxine hydrochloride 178 176 90 63
Group AS
Carbamazepine Tegretol, Carbatrol, Tegretol XR, Epitol 2865 2315 348 302
Lamotrigine Lamictal, Lamictal XR, Subvenite, Lamictal ODT 2362 2147 520 510
Levetiracetam Elepsia XR, Keppra, Keppra XR, Roweepra, Spritam, Roweepra 13,339 12,275 2464 2136
XR
Topiramate Topamax, Trokendi XR, Topamax Sprinkle, Qudexy XR 2842 2640 529 526
Valproate Valproate Sodium, Depakene, Depacon, Stavzor 481 471 175 170
Group Li
Lithium Lithium Carbonate ER, Lithobid, Eskalith, Lithonate 68 68 33 30
Group
BDZ
Alprazolam Xanax, Xanax XR, Alprazolam Intensol, Niravam 777 753 303 281
Clonazepam Klonopin, Klonopin Wafer 1194 1154 331 272
Diazepam Valium, Valtoco, Diastat, Diastat AcuDial 379 371 153 145
Lorazepam Ativan, Lorazepam Intensol, Ativan Injection 7859 7520 1976 1951
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