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Abstract

In this thesis, a method for evaluating the accuracy of mathematical neuron models
is developed, with the objective to both improve the quality and the speed of param-
eter optimization. To evaluate the method, we used a conductance based model of
the cuneate nucleus. The model behavior was evaluated against neurons recorded
in vivo. A big challenge when modeling neurons is the timing of the action poten-
tials, since the initiation is stochastic. Therefore, the model artificially inserts the
spikes at the recorded spike times. The accuracy of the model is evaluated as its
capacity to capture the time evolution of the membrane potential both following
and preceding the spikes. The evaluation method uses the L2-norm when compar-
ing a few important time windows of the recording and the model. The method was
used to optimize the parameters of the model. Sensitivity analysis is used to learn
which model parameters affect the model accuracy the most. The results from the
optimization showed that the developed method well describes the quality of the
neuron model for different parameters. This tool will make it easier to build models
that capture the responsive properties of the membrane potential in neuronal in vivo
recordings.
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1
Introduction

1.1 Background

The brain consists of billions of nerve cells, or neurons, that communicate with
each other. A first step of understanding the brain is to understand how neurons
work. Many modeling studies are carried out every year to understand how the dif-
ferent parts of the brain work, for a few examples see [LeMasson et al., 1993; Liu
et al., 1998; Siegel et al., 1994; Taylor et al., 2009]. When studying the brain, rele-
vant in vivo data are not always accessible. When experimental data are accessible,
good methods to evaluate neuron models of the data might be lacking. Thus, a new
method for measuring the quality of a neuron model would be a useful contribution
to the science community. It is especially relevant to study the cuneate nucleus be-
cause its spontaneous activity is known and it is a limited system that only processes
sensory information from the forelimbs [Jörntell et al., 2014]. Thus, it is interest-
ing to understand how this network is set up and to investigate this. To this end, a
detailed model of these neurons is necessary.

1.2 Statement of the problem

The main purpose of this thesis is to propose an evaluation method or goodness
measure that define how well a neuron model mimics neuronal recordings. The
availability of such a measure would enable us to conduct parameter sensitivity anal-
ysis and optimization. Several studies show that there are differences between neu-
ron recordings and mathematical models such as the conductance based Hodgkin-
Huxley model [Hodgkin and Huxley, 1952; Naundorf et al., 2006], but there is no
consensus on how to quantify such discrepancies.

1.3 Method overview

This project will be based on intracellular in vivo recordings from a part of the brain
called the cuneate nucleus [Jörntell et al., 2014]. One of the reasons that record-
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Chapter 1. Introduction

ings from the neurons in the cuneate nucleus are being used is that it is relatively
easy to control what information the cells receive when the electrical potential over
the cell membrane is recorded since they mainly receive sensory information from
the skin. The fact that it is relatively easy to control what information the cells re-
ceive is expected to make it easier to measure how well the model captures what is
happening in the real neuron. The work will be done based on a model of Hodgkin-
Huxley formalism [Hodgkin and Huxley, 1952], where the action potentials (also
called spikes) will be generated artificially. A model for the projection neurons in
the cuneate nucleus has been developed [Spanne, 2011]. The projection neurons
transmit information from the nucleus to other parts of the brain. The model has a
calcium dynamic that resembles what happens in the real cell. This model will be
modified and used in this project. The evaluation method will be developed by first
comparing the visual similarity of the model and the intracellular recordings and
then finding a way to numerically quantify the differences between the model and
the data. When developing the evaluation method, already existing methods need
to be investigated. Similar problems have been examined by [Lepora et al., 2012]
and [Brookings et al., 2014]. The next step is to use this method to optimize the
parameters of the model.

Another important step in the process of parameter optimization is sensitivity
analysis which will be carried out to investigate which parameters contributes the
most to the variance of the quality of the model. Some parameters can possibly be
excluded from the optimization if it turns out that they can be varied a lot without
affecting the output of the model.

All experimental data used in this thesis are in vivo recordings from the cat brain,
provided by Henrik Jörntell at the Department of Experimental Medical Sciences,
Section for Neurophysiology, Lund University
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2
Theory

2.1 The neuron model

The membrane potential is created and sustained by the outflow and inflow of elec-
trically charged ions through the ion channels in the cell membrane. Neurons com-
municate by action potentials (also called spikes) that propagate through a network
of dendrites and axons. These action potentials are all-or-none events that could be
compared to a Dirac pulse in a mathematical context or in a computer setting a bi-
nary signal. In the time domain, the duration of an action potential is about 1 ms.
An action potential is formed by the interaction of sodium and potassium channels
in the cell membrane [Purves et al., 2008]. In the cuneate nucleus high voltage acti-
vated calcium channels are also contributing to the generation of an action potential
as described below [Spanne, 2011]. The system is stiff, since the fast dynamics are
an order of magnitude faster than the rest of the events of the neuron. This together
with the fact that the timing of the action potentials are stochastic [Spanne et al.,
2014] is the reason that the action potentials are artificially created in this project.

The model of the cuneate neuron
There are some well established mathematical neuron models such as the Rulkov
map [Rulkov, 2002], the FitzHugh-Nagumo model [Nagumo et al., 1962; FitzHugh,
1961] and the Hodgkin-Huxley model (Eq. (2.1)) [Hodgkin and Huxley, 1952].
They all have in common that they are approximations of the biophysical processes
that take place in the cells.

The model used in this thesis is a conductance-based model. This is the most
basic biophysical representation of a neuron. The lipid bilayer of the cell membrane
is represented by a capacitor and the ion channels are represented by conductances
[Skinner, 2006]. The ion currents in conductance-based models try to individually
pull the membrane potential towards its respective reversal potential E. In an elec-
trical context the driving force of the ions acts as a battery. The driving force of an
ion is proportional to the difference between the voltage of the membrane potential
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Chapter 2. Theory

and the ion’s reversal potential [Purves et al., 2008]. We have that

Cm
dV (t)

dt
=−∑ Ii(t,V ), (2.1)

where Cm is the capacitance of the cell membrane, V (t) is the membrane poten-
tial and Ii is the voltage-dependent ion currents. A circuit diagram of the original
Hodgkin-Huxley model can be seen in Fig. 2.1.

Figure 2.1 A circuit diagram of how the membrane potential is created at the cell
membrane. Source: [Skinner, 2006].

Hodgkin and Huxley (1952) proposed a model of the membrane potential of
the neuron consisting of several states modeling the activation and inactivation of
the sodium and potassium channels that generate the action potentials. An action
potential is created by a feedback loop. The rise of the action potential is caused
by activation of sodium channels. The rapid decay of the action potential is caused
by a combination of inactivation of sodium channels and an activation of potas-
sium channels. Throughout the years the original model by Hodgkin and Huxley
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2.1 The neuron model

[Hodgkin and Huxley, 1952] has been widely accepted and used. It is often altered
by adding ion channels of for example Ca2+. The original model consists of four
states, one describing the membrane potential and the other three modeling the ac-
tivation and inactivation variables. The model of the cuneate neuron used in this
thesis is a modified version of the Hodgkin Huxley model.

In addition to the sodium and potassium currents there are dynamics of the neu-
ron that operate with slower time scales. These are the low voltage activated (LVA)
calcium channels and the calcium-dependent potassium currents. They are charac-
teristics of the cuneate neuron. These currents of ions flow in or out of the cell
for several milliseconds, while the sodium current endure a fraction of a millisec-
ond. These currents accomplish fine tuning of the membrane potential. The cuneate
neuron also has Ca2+-dependent potassium currents that cause a strong hyperpo-
larization of the membrane potential after a burst. Bursting is when the neuron fire
groups of action potentials, as can be seen in Fig. 2.5. The potassium channels react
to the depolarization of the membrane potential and to the high concentration of
Ca2+ in the cell [Spanne, 2011]. The calcium dynamics can also be modeled using
only high voltage activated (HVA) calcium channels [Saarinen et al., 2008].

The model used in this thesis Eq. (2.2) consists of six states. These states are
described in Table 2.1. The parameters of the model are described in Table 2.2. The
potassium current is, as stated above, dependent both on the voltage of the mem-
brane potential and the Ca2+ concentration at the cell membrane. The conductances
act like a weight on the ion currents that determine how big part each of the currents
play in creating the potential across the cell membrane. The conductance increases
with increasing amount of ion channels in the cell membrane. When the membrane
potential is lower than Ei voltage the current becomes positive and vice verse. The
parameter DCa determines how much the calcium current affect the calcium concen-
tration of the cell. The parameter ai is the membrane potential value (equilibrium
potential) that determines when the voltage gated ion channels activate or inactivate.
The parameter bi determines in what range of the membrane potential in the vicinity
of a the voltage gated ion channels activate or inactivate. The ai values are usually
approximately the same as the ion’s respective reversal potential because that is
when the respective ion channels are open. The equation of the activation and inac-
tivation variables consists of a sigmoid subtracted by the activation variable, these
sigmoids can be seen in Fig. 2.2 and Fig. 2.3. The time constant τi determines how
fast or slow the inactivation or activation is, a small τ gives a fast activation or inac-
tivation. The system has a current that is not voltage dependent and that is the leak
current, which is caused by the leakage of ions through the cell membrane. This
sums up to 24 parameters. The parameter values used in this project were found by
Spanne [2011].
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Chapter 2. Theory

dx1

dt
=

1
Cm

(−gL(x1−EL)−gCax3
3x4(x1−ECa)−gKx4

5x4
6(x1−EK)+ Iapp)

dx2

dt
= DCagCax3

3x4(x1−ECa)+
([Ca2+]rest − x2])

τ[Ca2+]

dx3

dt
=

1
τ3

(
1

1+e
a3−x1

b3

− x3

)

dx4

dt
=

1
τ4

(
1+ −1

1+e
a4−x1

b4

− x4

)

dx5

dt
=

1
τ5

(
1

1+e
a5−x2

b5

− x5

)

dx6

dt
=

1
τ6

(
1

1+e
a6−x1

b6

− x6

)
(2.2)

Figure 2.2 The sigmoid functions that describe the equilibrium of the voltage-
dependent activation and inactivation variables.
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2.1 The neuron model

Figure 2.3 The sigmoid functions that describe the equilibrium of the calcium-
dependent activation variable of the potassium current.

Table 2.1 The states of the model

x1 Membrane potential.
x2 Ca2+-concentration close to the cell membrane.
x3 Voltage-dependent Ca2+ channel activation variable.
x4 Voltage-dependent Ca2+ channel inactivation variable.
x5 Ca2+-dependent potassium channel activation variable.
x6 Voltage-dependent potassium channel activation variable.

Table 2.2 The parameters of the model

gi Conductance of each ion current.
Ei Reversal potential of each ion.
Iapp Time-dependent function modeling the applied current.
DCa Scaling constant of the calcium concentration.
[Ca2+]rest Resting concentration of Ca2+ in the cell.
τ[Ca2+] Time constant of the Ca2+-concentration.
ai Center of each sigmoid.
bi Slope of each sigmoid.
τi Time constant of the voltage gated ion channels.
Cm Membrane capacitance.
Vboost Change of membrane potential after a spike.
[Ca2+]boost Change of calcium concentration after a spike.

A big challenge when modeling neurons is the timing of the action potentials,
since the initiation is stochastic [Spanne et al., 2014]. Therefore, the model artifi-
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Chapter 2. Theory

cially inserts the spikes at the recorded spike times. After each spike, the membrane
potential, x1, and the calcium concentration, x2, are reset to new values while the
other states are unchanged. The reset mechanism is described in Eq. (2.3).

x1(tspike +∆t) = EL− Iapp(tspike)/gL +Vboost
x2(tspike +∆t) = x2(tspike)+ [Ca2+]boost

(2.3)

The parameters Vboost and [Ca2+]boost define how much the membrane potential
and calcium concentration change after the spikes.

Identifiability and parameter optimization
System identification is an important part of modeling studies. It involves building
models by using data. There are different methods to estimate and identify param-
eter sets for the model at hand [Johansson, 1993]. The identifiability of the param-
eters of the Hodgkin-Huxley model has not been widely considered [Walch and
Eisenberg, 2015]. A study [Walch and Eisenberg, 2015] has shown that some of the
parameters of the Hodgkin-Huxley model are identifiable under certain conditions.
In this project the amount of data that is needed for identification of parameters have
been limited and the focus has not been as much on the identification of parameters
as on developing a method to compare a model and a data set. When fitting a model
to data it is also important to differentiate between the inability of the model to
fit the data due to lack of model complexity and due unaccounted for disturbances
[Johansson, 1993].

Parameter optimization of neuronal models is the process of identifying param-
eters that give a neuron model a desired electrical activity pattern. It is not feasible
to find all parameter values of a neuron modelby doing experimental measurments.
There are several ways to find good sets of model parameters [Prinz, 2007]. Hand-
tuning is one way to find parameters. Hand-tuning is the act of manually changing
one or a few parameters at a time until the desired electrical pattern is achieved. An
advantage with this method is that a goodness function or an advanced optimization
algorithm is not necessary. A downside is that it is subjective and time consuming
[Skinner, 2006]. This method was used by for example Nadim and collaborators
when building a model of the leech heartbeat elemental oscillator [Nadim et al.,
1995]. Another method for parameter optimization is parameter space exploration,
such as the Nelder-Mead algorithm [Lagarias et al., 1998], which is being used in
this thesis. A benefit with this method is that it provides information about the be-
havior of the model throughout the parameter space. A disadvantage is that it is
computationally expensive [Skinner, 2006]. A third example of a parameter opti-
mization method is evolutionary algorithms. This method was used by for example
Taylor and collaborators when they optimized motor neuron synchronization [Tay-
lor and Enoka, 2004]. An advantage with evolutionary algorithms is that they are
computationally efficient [Moles et al., 2003], a disadvantage is that the result can
be very sensitive to the choice of goodness function [Skinner, 2006].
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2.2 The cuneate nucleus

Examples of existing goodness measure methods
The main purpose of this project is to propose an evaluation method or goodness
measure that defines how well a neuron model mimic neuronal recordings. There
exist a few already developed and used methods to measure the quality of neuron
models. Some examples of such methods are:

• Visual resemblance of the model voltage trace and the recorded voltage trace.
This method is simple because it requires no programming skills, a down-
side is that it is subjective and it can not be used for computerized parameter
optimization [Guckenheimer et al., 1993].

• Similarities between the characteristics of the model voltage trace and the
recorded trace, for example spike amplitude or inter-spike intervals [Bhalla
and Bower, 1993]. To quantify the similarities between the characteristics of
the model and the recordings requires algorithms that compute for example
the spike amplitude. A benefit of this method is that it is not computationally
expensive and it is objective. A downside is that the method is not able to
measure the subthreshold dynamics of the model.

• Using the root-mean-square difference between the recorded voltage trace
and the model voltage trace [Bhalla and Bower, 1993]. A big problem with
this method is that when the spikes in the model are off just a little bit in time
it causes a big error. The error does not depend on how far off the spike is,
which is an even bigger issue. An advantage with this method is that it is very
useful for voltage traces without spikes, where it is an accurate and objective
error measurement [Brookings et al., 2014].

• So called all-or-non measures that define goodness based on whether the neu-
ron model pattern is of the same type as the recording, for example tonic firing
or bursting [Prinz et al., 2003; Prinz et al., 2004]. A benefit with the all-or-non
measure is that it does not require advanced programming skills and computer
algorithms. A problem with all or non measurement is that the method is not
accurate.

A new evaluation method needs to be developed for situations when the methods
mentioned above are insufficient like in the case with the model of the cuneate
nucleus.

2.2 The cuneate nucleus

The cuneate nucleus (CN) can be found in the lower brain stem, see Fig. 2.4. Some-
thing that is special about the CN is that the information travels directly to the
CN from the peripheral skin sensors. The peripheral skin sensors are primary af-
ferents that send signals regarding touch to the brain. According to the so called
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Chapter 2. Theory

”labeled-line-theory”, the CN does not affect the signals that travel through the la-
beled afferent fibers from the peripheral skin sensors through the CN to the primary
somatosensory cortex [Culberson and Brushart, 1989]. However, more recent find-
ings suggest that the CN has a more important role, it preprocesses the information
before it reaches the cortex [Jörntell et al., 2014].

Figure 2.4 The back side of the medulla, which is the lower part of the brainstem.
The cuneate nucleus is marked with a red triangle. Source: [Walker, 2013].

One of the characteristics of the CN is the ability of firing doublets or triplets
of spikes spontaneously without external input. This can be seen in Fig. 2.5, which
shows a recorded trace where the neuron fires spikes at a very high frequency (1000
Hz) [Spanne, 2011].
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2.2 The cuneate nucleus

Figure 2.5 A recorded trace that shows the calcium dynamics that contribute to the
bursting of the cuneate neuron. Source: [Spanne, 2011].

The cuneate neurons exhibit so called rebound firing, as can be seen in Fig. 2.6.
Rebound firing is defined as ”a brief but strong hyper-polarizing input transiently
increases their firing rate to much higher levels compared with that prior to the in-
hibitory input” [Alviña et al., 2009]. The cuneate neurons have many voltage gated
calcium channels [Reboreda et al., 2003]. The rebound firing of the cuneate nucleus
can be provoked under controlled circumstances as can be seen in Fig. 2.6, which
(together with the large amount of calcium channels) shows that this spiking behav-
ior is caused by an intrinsic dynamic such as the one of the voltage gated calcium
channels.

Figure 2.6 Rebound firing in the cuneate nucleus. Source: [Spanne, 2011].
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Chapter 2. Theory

2.3 Sensitivity Analysis

Sensitivity analysis (SA) reveals how changes of the model parameters affect the
model output. There are many reasons to perform SA. In this thesis, it is done to
investigate what parameters of the model contribute to the output variability, and to
find out if there are parameters that are insensitive.

There are two types of SA, global and local. A global sensitivity analysis method
(GSA) can be used for non-linear models, like the one in this thesis, or when differ-
ent input signals are affected by uncertainties. Local methods are often referred to as
one-at-a-time (OAT) measures. By using partial derivatives they assess how varying
one parameter affects the output while keeping the other parameters at a nominal
value. GSA on the other hand evaluate the effect of a parameter while all the other
parameters are being varied at the same time, which gives more information about
the sensitivity of the parameters [Campolongo et al., 2011].

SA can be divided into two other other categories, variance based SA and
screening. Variance bases SA quantifies exactly how much each parameter con-
tributes to the variability of the output, while screening methods provide a ranking
of the parameters’ sensitivity. The drawback of variance based methods is their
time complexity. Screening methods are not as time consuming [Campolongo et al.,
2011].

All GSA approaches can be described through three basic steps [Saltelli et al.,
2000]:

1. Sampling the input parameters within their variability space.

2. Evaluating the model against the sampled input parameters.

3. Post-processing the input and output samples together to compute the sensi-
tivity measures.

The screening method used in this thesis is one proposed by [Morris, 1991] and
later referred by Campologno and co-workers as the Elementary Effects method or
EE [Campolongo et al., 2007]. The method varies one parameter at a time while
holding the other parameters fixed. The method is categorized as global because it
uses different OAT-instances that are estimated and averaged. Each input param-
eter is associated with its so-called elementary effect. The elementary effect of a
parameter defines the ratio between the variation in the output of the model and the
variation of the input parameter. The EE method produces two sensitivity measures,
µ and σ . The measure µ is the average of many elementary effects and σ is the
standard deviation of the same elementary effects.
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3
Method

3.1 Model and data choice

To be able to create a general method for measuring the error of a model compared
to a data trace recorded from a neuron, the approach taken here has been to start
with a simple case and then move on to make the method more general. Once the
method works for one neuron type it can be adjusted to work for other neuron types
as well.

The cuneate nucleus was chosen as a good example to start with. As described
above, it has interesting properties, and there exists a model that captures the special
Ca2+-dynamics of the projection neurons [Spanne, 2011]. Another major reason
this neuron type was chosen is because it is easy to control the input of the neuron.

The data traces
The data used in this project has been collected by Jörntell and collaborators. For
information about the experiments and the data collection see [Jörntell et al., 2014].
The data is recorded from a cat brain in vivo. All the experiments were performed
according to the ethical regulations and the cats were anesthetized during the ex-
periments. A hyperpolarizing current is injected for 100 ms in the recorded neuron.
This controls the membrane potential and keeps it low. When it is released the cell
depolarizes and the membrane reaches the threshold for action potential and fires
spikes. While injecting the current in the neuron an artifact from the experiment
is added to the data trace. This artifact appears because the pipette used in the ex-
periment is clogged with small pieces of cell membrane, which creates an extra
resistance. This is compensated for by manually modifying the data traces before
they are being compared to the mathematical model.

3.2 Solving the system of equations

The system of differential equations Eq. (2.2) was solved using a built-in ODE
solver in Matlab called ode15s. It is a variable-step, variable-order (VSVO) solver
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Chapter 3. Method

that is based on the numerical differentiation formulas of orders 1 to 5 [Shampine
and Reichelt, 1997]. At each step, the solver uses the event-option to see if it has
reached the time point of a spike. A maximum step size of 5×10−4 is required for
the solver to be able to get close enough to the spike times. If the solver has reached
the time point of a spike it aborts. The ODE solver is then run again from this time
point but the membrane potential and the Ca2+-concentration are set to new values.
The different solutions from the runs of the ODE solver are all added up as one so-
lution. The reset mechanisms of the membrane potential and calcium concentration
are explained in Chapter 2. A threshold-detection algorithm was written to find the
spike-times for the data traces.

To facilitate comparison between the model trace and the data trace, they need to
be sampled the same way. Thus, each point in the time vector must correspond to a
point in the membrane vector. The ODE solver does not give a solution that is sam-
pled in a eqi-temporal manner, the stiff parts of the model are sampled with a higher
frequency. The model trace is therefore interpolated with a linear interpolation.

3.3 The evaluation method

The evaluation method proposed in this project is a weighted L2-norm. It consists of
three or four parts that are added together and weighted. To capture the timing of an
action potential exactly is very difficult since the mechanisms behind the timing are
stochastic [Spanne et al., 2014]. However, it is feasible to model the timing of the
rise of the membrane potential before the membrane fires a spike. This is the part
of the voltage trace between the green dots in Fig. 3.1. To optimize this part of the
model an evaluation method consisting of an overall root-mean-square-error (RMS
error) plus an extra term with the RMS error of this time window was created, see
Eq. (3.1). The output of the evaluation method is denoted E. The vector e(t) is the
difference between the two voltage traces, i.e e(t) = x1m(t)− x1d (t).

E =

√
1
N

∞

∑
k=0

e2(tk)+α

√√√√ 1
N

t2

∑
k=t1

e2(tk) (3.1)

This evaluation method Eq. (3.1) was able to measure the error at this specific
time window. However, when the evaluation method was used to optimize the whole
voltage trace it did not give satisfying results. For example, the model was not able
to mimic the recording after the spike. This led to the creation of a new evalua-
tion method. The new evaluation method Eq. (3.2) measures the RMS-error at time
windows before and after the spikes.
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3.3 The evaluation method

E = α

√√√√ 1
N

t2

∑
k=t1

e2(tk)+β

√√√√ 1
N

t4

∑
k=t3

e2(tk)+ γ

√√√√ 1
N

t6

∑
k=t5

e2(tk)+δ

√√√√ 1
N

t8

∑
k=t6

e2(tk)

(3.2)
An example of the different time windows is shown in Fig. 3.1. The first time

window (black) measures the error during the time the cell is stimulated. The
calcium-dependent potassium current and the calcium current are activated dur-
ing this time, which causes a slow oscillation of the cell membrane. How well the
model mimic this behavior is measured at this time window. The second time win-
dow (green) is the same as in the first evaluation method, it measures how well the
model captures the rise of the membrane potential just before the first spike. The
third time window (pink) measure how accurately the model mimic the dynamics
after the spike when the membrane potential hyperpolarizes. For some instances, the
membrane potential oscillates with a very low frequency after the spike last spike,
see Fig. 3.1. The error at this slow oscillation is not measured by the evaluation
method. If there is a second spike, a fourth time window (yellow) measures how
well the model fit to the data after the second spike when the membrane potential
hyperpolarizes. There are cases where there is a burst which consists of two spikes
and then a third spike, in that case the fourth time window measures the error after
the third spike. All weights; α ,β ,γ ,δ are equal to 1.

Figure 3.1 An example showing the different time windows where the model is
compared to the recorded trace with the L2 norm.

Differential evaluation method
To make sure that the model output mimics the shape of the membrane potential,
an attempt was made to compare the first derivative of the model trace and the data
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trace. The same time windows as described above where used but the error vector
e(t), was defined as in Eq. (3.3).

e(t) =
dx1m(t)

dt
−

dx1d (t)
dt

(3.3)

When doing this, the model trace got an offset that was compensated for by
subtracting the mean of the difference between the model trace and the recorded
trace. Even though the data traces come from good recordings there is inevitably
noise, which means that the derivative of the data trace will contain even more
noise. Both the model trace and the data trace were filtered with a low-pass filter
before the derivative was computed numerically. When the derivative is computed
numerically, errors are inevitably introduced in the signal. In this project a first order
forward finite difference derivative method was used to compute the derivative. The
truncation error for such an algorithm for the derivative is of the order of the step
size [Iserles, 2009]. The sample frequency that was used is 50 000 Hz, which gives
an error of the order of 10−5 at each time point. This size of the error was acceptable
since the derivative was on the order of 104.

The model evaluation method using the derivative performed equally well at
measuring the error of the model as the one using the unprocessed voltage traces.
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3.4 Sensitivity analysis

A Matlab toolbox called SAFE [Pianosi et al., 2015] was used to do a sensitivity
analysis of the model. The model was analysed with a screening method proposed
by Morris [Morris, 1991] called the Elementary Effects method. As stated in Chap-
ter 2, there are three steps in global sensitivity analysis methods (GSA).

Step 1: Sampling the inputs within their variability space. The first step is
done by sampling r amount of a vectors and r amount of b vectors (where r is
the screening sample size). Both vectors a and b are sets of parameter values for
the model, uniformly drawn from the interval (0.95xintial ,1.05xintial). The vectors
a and b are used to create the vector X , containing r amount of blocks of the size
(M + 1×M), where M is the amount of parameters of the model. The first row in
each block consists of the vector a which is the nominal values of that block. The
other rows are identical to the first row except for one parameter that is changed in
each row of the block, taken from the vector b see Table 3.1.

Table 3.1 Radial scheme, used in the screening method, block of size (M+1×M)

a1 a2 a3 ... ak
b1 a2 a3 ... ak
a1 b2 a3 ... ak
a1 a2 b3 ... ak
...
a1 a2 a3 ... bk

Step 2: Evaluating the model against the sampled input combinations. An
Y vector, consisting of r amount of vectors of size (M+1) is created with the output
values from each model evaluation.

Step 3: Post-processing the input/output samples to compute the so called
sensitivity measures. The screening method then creates a (r×M) matrix with the
elementary effects of the by iterating diagonally through each block. The elementary
effects are described in Eq. (3.4).

EE(i, j) =
|Y (k+1)−Y (ki)|
|X(k+1, j)−X(ki, j)|

·Dr( j). (3.4)

The index k is the row number of the block in the X matrix and the Y vector re-
spectively, and ki is the first row in each block. Each elementary effect is normalized
by multiplying with Dr( j) where each element in Dr is the range of that parameter.
The sensitivity measures µ and σ are then created by averaging and calculating the
standard deviation of the columns of the EE matrix respectively.
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3.5 Parameter optimization

One of the usages of the the evaluation method is to optimize the parameters of
neuron models, which in this thesis is the model of the cuneate nucleus. It is known
to be difficult to estimate the parameters of nonlinear systems and it is very hard to
use linear systems identification methods to nonlinear systems [Johansson, 1993].
Therefore the heuristic built-in Matlab optimization function fminsearch (which is
well suited for nonlinear problems) was used. The function uses the Nelder-Mead
algorithm [Lagarias et al., 1998]. The method may find the global minimum but the
probability is very small, it is very efficient at finding local minimum compared to
other optimization algorithms [Spanne, 2011]. To find a good local minimum, the
initial parameters need to be chosen carefully. The model was optimized against
several different voltage traces from the same cell with the same stimuli. For the
optimization against each data trace, the set of initial parameter values was drawn
uniformly from the interval (0.95Xnom,1.05Xnom). The nominal values for the op-
timization, Xnom, are the parameter values Spanne found by hand-tuning the model
[Spanne, 2011]. Spanne also used a computational optimization algorithm to en-
hance the set of parameters but with a different firing mechanism and a different
goodness function than the ones used in this project. A much bigger interval was
first used, (0.7Xnom,1.3Xnom), but this yielded local minima far from the global. The
fminsearch function was at first run for thousands of iterations but a local minimum
was found after less than 300 iterations. The optimization function was then run for
each trace with a maximum amount of 300 iterations. The new parameter values
were then saved and used as initial values for another round of fminsearch with 300
iterations. This does not yield the same results as running the simulation for 600
iterations since the Nelder-Mead algorithm starts out by creating a new simplex by
adding 5 % to each parameter value [Lagarias et al., 1998]. The second optimization
was done to make sure that the evaluation method could be used when optimizing a
model with a small error. The new parameter set was better than the previous one.
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4.1 Sensitivity analysis

The screening method was run with r = 1000, where r is the screening sample size.
It had a computation time of 6000 s. The result of the screening is shown in Fig. A.1.
The boxes show confidence intervals, they were computed with a bootstrap sample
size of 10000. The y-axis is the standard deviation of the elementary effects and
the x-axis is the mean of the elementary effects. The y-values show the parameters
sensitivity to non-linear effects and to interactions. The x-values show the overall
sensitivity. There are three parameters that distinguish themselves and have a much
higher sensitivity than the other. Those are a4, EL and a3. The parameter ai is the
membrane potential value that determines when the voltage gated ion channels ac-
tivate or inactivate. The states x3 and x4 are the voltage-dependent activation and
inactivation variables respectively. EL is the reversal potential of the leak current.
The parameters Vboost and [Ca2+]boost have almost 0 sensitivity.

4.2 Parameter optimization

The evaluation method was used to optimize the model of the CN. All the figures
from the parameter optimization can be found in the Appendix. The model was
optimized against voltage traces from an experiment with a step current of size 60
pA. The injected current inhibits the cell and the membrane potential hyperpolar-
izes. All figures show traces of a recording from one single experiment and one
single cell. The different responses to the step size are due to the stochastic nature
of the neuron. The same nominal parameters are being used for all different voltage
traces. This means that the shape of all the different traces with the nominal values
are identical until the stimuli is released. The compensation of the offset which is
described in chapter three differs between the traces which causes the error of the
first time window to be different even though the parameters are the same.

The model parameters are allowed to vary without any boundaries during the op-
timization. In some of the simulations there are parameters that increase or decrease
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significantly compared to their initial values. In the simulations where multiple pa-
rameters have changed more than 30 % of its initial value during the optimization,
the parameter values can be found in tables where X is the set of parameter values.

One spike
The model parameters were optimized for two different traces that contain one
spike. The first trace has a fast rise of the membrane potential before the spike
(Fig. A.2) and the second trace has a slowly rising membrane potential before the
spike (Fig. A.3). One difference between the two simulations is that the activa-
tion variable for the potassium current is fully active during the whole simulation
for the simulation with the slowly rising membrane potential (see in Fig. A.3(c)),
while in the first simulation the activation variable varies during the simulation
(see Fig. A.2(c)). The second simulation has a much higher total error with the
set of nominal parameter values than the first simulation (see Tables 4.1 and 4.2 ),
but after optimization they have about the same total error. Another difference be-
tween the two simulations can be seen in the plots showing the Ca2+-concentration,
where the Ca2+-concentration changes almost continuously in the first simulation
(Fig. A.2(e)) while in the second simulation the concentration of Ca2+ is almost
constant for a long time and then jumps at the time of the spike (Fig. A.3(e)).

Several of the parameters changed significantly when fitting the model to the
recording with a slowly rising membrane potential (Fig. A.3). This can be seen in
Table 4.3. Several of the time constants increased a lot, which means that those
currents endured for a longer time, which is also what is happening (Fig. A.3(d)).
A parameter that increases more than 100 % is the membrane capacitance, Cm. The
membrane capacitance determines how much the ion currents affect the membrane
potential. An increased capacitance means that the membrane reacts slower to the
flow of ions across the cell membrane, which is also what is happening (Fig. A.3).

Window 1 Window 2 Window 3 Window 4 Total

Error for Xnom 1.5 2.7 2.6 n/a 6.8
Error for Xopt 0.7 0.7 0.7 n/a 2.1
% of error remaining 47 % 26 % 27 % n/a 31 %

Table 4.1 A comparison of the error for the nominal parameter values and the
parameter values of the optimized model for the recording with a spike preceded by
a rapidly rising membrane potential, see Fig. A.2.
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Window 1 Window 2 Window 3 Window 4 Total

Error for Xnom 1.5 7.4 2.5 n/a 11.4
Error for Xopt 0.6 0.7 1.2 n/a 2.5
% of error remaining 40 % 9 % 48 % n/a 22 %

Table 4.2 A comparison of the error for the nominal parameter values and the
parameter values of the optimized model for the recording with a spike preceded by
a slowly rising membrane potential, see Fig. A.3.

gL Cm [Ca2+]boost τ3 τ4 τ5 b3

Xnom 8.1e-9 4.3e-11 8.3e-8 2.7e-4 2.0e-2 1.2e-3 6.3
Xopt 11e-9 9.7e-11 13e-8 6e-4 3.7e-2 1.6e-3 9.7
% increase 38 % 130 % 62 % 134 % 87 % 31 % 54 %

(a) The parameters that increased significantly during the optimization.

ECa gK τ6 b3 a5 b6 D

Xnom 120 2.0e-8 1.1e-3 1.3 2.2e-7 0.8 250
Xopt 82 1.3e-8 0.6e-3 0.9 1.1e-7 0.3 33
% decrease 31 % 34 % 41 % 31 % 49 % 75 % 87 %

(b) The parameters that decreased significantly during the optimization.

Table 4.3 The parameters that increased or decreased more than 30 % when fit-
ting the model to the recording with a spike preceded by a slowly rising membrane
potential.

Two spikes
The model parameters were optimized for a trace containing two spikes ( Fig. A.4).
The optimized model has a much lower error than the model with the nominal pa-
rameter values, (the final error is 18 % of the original error). The biggest improve-
ment can be seen at the rise of the membrane potential after the stimuli is released,
where only 2 % of the error remain (see Table 4.4). The model trace containing two
spikes exhibits discontinuities in the plot of the Ca2+-concentration (Fig. A.4(e))
just like the second simulation with one spike (Fig. A.3(e)).

The Tables 4.5(a) and 4.5(b) show the biggest increase and decrease of some
of the parameters respectively. The potassium current is active during both spikes
while the calcium current is active mostly during the first spike (Fig. A.4(d)). Two
values that stands out are τ4 and D. The low D-value explain the discontinuities of
the Ca2+-concentration, a very low D-value means that the calcium current does
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not affect the Ca2+-concentration of the cell. τ4 is the time constant of the voltage-
dependent calcium channel inactivation variable. An increase of this parameter re-
sults in a slower inactivation of the calcium channel. This can be seen in Fig. A.4(c).

Window 1 Window 2 Window 3 Window 4 Total

Error Xnominal 0.8 8.5 2.6 2.1 14.0
Error Xopt 0.4 0.2 0.6 1.3 2.5
% of error remaining 50 % 2 % 23 % 62 % 18 %

Table 4.4 A comparison of the error for the initial parameter values and the param-
eter values of the optimized model for the recording with two spikes, see Fig. A.4.

[Ca2+]rest τ4 b5

Xnominal 1.0-7 2.0e-2 8e-8
Xopt 1.4-7 4.6e-2 6.4e-8
% increase 37 % 130 % 34 %

(a) The parameters that increased significantly during the
optimization.

D

Xnom 250
Xopt 18
% decrease 93 %

(b) The parameters that de-
creased significantly during
the optimization.

Table 4.5 The parameters that increased or decreased more than 30 % when fitting
the model to the recording with two spikes.

A double spike
The model parameters were optimized for a trace containing a burst (Fig. A.5). The
optimized model has a much lower error than the nominal model (the final error
is 13 % of the original error). The biggest improvement can be seen at the rise of
the membrane potential after the stimuli is released where only 2 % of the error
remain (see Table 4.6). The potassium current is active during both spikes while the
calcium current is active mostly during the first spike (Fig. A.4(d)).

Tables 4.7(a) and 4.7(b) show the biggest increase and decrease of some of the
parameters respectively. It is worth noting that these parameters changed by more
than 30 % also when the model was fit to the trace with two spikes.
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Window 1 Window 2 Window 3 Window 4 Total

Error Xnom 1.3 9.0 2.4 n/a 12.7
Error Xopt 0.8 0.2 0.6 n/a 1.6
% of error remaining 62 % 2 % 25 % n/a 13 %

Table 4.6 A comparison of the error for the nominal parameter values and the
parameter values of the optimized model for the recording with a double spike, see
Fig. A.5.

[Ca2+]rest τ4

Xnom 6.3e-3 1.2e-3
Xopt 8.8e-3 1.6e-3
% increase 40 % 32 %

(a) The parameters that increased signifi-
cantly during the optimization.

D

Xnom 250
Xopt 152
% decrease 39 %

(b) The parameters that de-
creased significantly during
the optimization.

Table 4.7 The parameters that increased or decreased more than 30 % when fitting
the model to the recording with a double spike.

A double spike and a third spike
The model parameters were optimized for a trace containing a burst with a following
spikes (Fig. A.6). The optimized model has a lower error than the model with the
nominal parameter values. The improvement of the error is big but not as big as
in the cases described above. The error at the different time windows are listed in
Table 4.8.

Window 1 Window 2 Window 3 Window 4 Total

Error Xnom 1.0 6.5 3.0 1.2 11.7
Error Xopt 0.8 0.2 0.7 0.5 2.2
% of error remaining 80 % 3 % 23 % 42 % 19 %

Table 4.8 A comparison of the error for the nominal parameter values and the
parameter values of the optimized model for the recording with a double spike and a
third spike, see Fig. A.6.

A double spike and a third and a fourth spike
The model parameters were optimized for a trace containing a burst and two fol-
lowing spikes (Fig. A.7). The optimized model has a lower error than the model
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with the nominal parameter values. The optimized model is not able to mimic the
behavior of the trace after the third spike (Fig. A.7(b)). The error at the different
time windows are listed in Table 4.9.

Window 1 Window 2 Window 3 Window 4 Total

Error Xnom 0.9 7.0 3.0 1.6 12.5
Error Xopt 0.8 0.2 0.8 0.9 2.7
% of error remaining 90 % 3 % 27 % 56 % 22 %

Table 4.9 A comparison of the error for the nominal parameter values and the
parameter values of the optimized model for the recording with a double spike and
with a third and a fourth spike, see Fig. A.7.
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Discussion

5.1 About the results

Sensitivity
The sensitivity analysis showed that a few parameters has a much higher sensitivity
than the other. A high sensitivity means that changes of the parameters affect the
quality of the model a lot. The parameters with highest sensitivity were a4, El and
a3. The two a-parameters are the membrane potential values that define the center
of the sigmoid of the activation and inactivation of the calcium current. El is the
reversal potential of the leak current. One reason that the parameters a3 and a4 are
extra sensitive might be that they play an important role in the calcium dynamics
and the evaluation method is aiming to measure the calcium dynamics of the model.
This indicates that the evaluation method successfully measures how well the model
mimic the calcium dynamic of the neuron. The parameter EL defines the resting
potential of the cell membrane, which means that small changes of EL may have a
big effect on the activity of voltage-dependent variables.

A thought we had was to use sensitivity analysis to speed up the process of
parameter optimization by eliminating some of the insensitive parameters of the
model. We tried this but it turned out that the optimization time was the same and
the error was much bigger.

One of the parameters that vary a lot during the optimization of the model for
some recordings is D. It is a parameter that is defined by a relationship between a
constant and the size of the area of the cell where the Ca2+-ions are. The parameter
decides how much the calcium-current contributes to the calcium concentration.
One situation where D decreases by more than 90 % is the simulation with two
spikes. The plot of the calcium-concentration (Fig. A.4(e)) clearly shows how the
calcium current does not affect the calcium concentration in the cell, since D is so
small. However, the result of the sensitivity analysis suggested that the parameter
D is not sensitive. The low sensitivity of D might be explained by the fact that
the sensitivity analysis was performed for a trace where D was not sensitive. This
constant, D, is not likely to vary much during an experiment since the size of the
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cell is constant. Thus, the results would probably have been different if D would
have been constrained to a narrow interval.

The odd voltage trace
The recording with a very slowly rising membrane potential after the stimuli is re-
leased (Fig. A.3) differs from the other since all the other traces exhibit a rapidly
rising membrane potential after the stimulus is released. This difference is also clear
when looking at how much the parameters change during the optimization (Ta-
ble 4.3). Several variables change more than 50 %. The parameters in the cell of
the recording are not likely to change this much in-between two stimuli. Therefore,
this odd behaviour of the cell is probably caused by outer factors that can not be
controlled during the experiment.

Limitations of the model
Both recordings with one spike (Figs. A.2 and A.3) or a burst (Fig. A.5) exhibit a
slow oscillation with a small amplitude after the spikes. The model is not able to fit
to the oscillating membrane potential. There are slow dynamics in the model like the
oscillatory dynamics during the inhibition but these slow dynamics are apparently
not able to also model the oscillation at the end of the voltage trace. The last time
window is not covering the whole oscillation, so one reason the model is not able
to fit the oscillation might also be that the time window was to narrow. An option
would be to add a fifth time window that covers the whole oscillation.

In the case with a burst and two following spikes the model is not able to capture
the last spike. The membrane potential of the optimized model is decreasing at the
time point when the spike is inserted. If the model would have been able to handle
the spike, the membrane potential would have started to depolarize before the spike.
This spike could be caused by the slow oscillation mentioned above or some outer
input. This might be the explanation why the model is not able to predict the last
spike.

The potassium dynamics
The voltage-dependent activation variable of the potassium current is constant for
one simulation (Fig. A.3), and the model still captures the dynamics of the recording
well. For the other simulations this activation variable is changing mostly when the
model is stimulated. Thus, the variable might be contributing to the slow dynamics
during the stimulation of the cell. Since the variable is constant during one of the
simulations, it could possibly be replaced with a constant. The number of parame-
ters would be reduced by four by doing that. This would make the model simpler
and easier to work with.
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5.2 Future work

5.2 Future work

One issue with the recorded data is that it is stochastic in the sense that when the
same cell is stimulated with the exact same stimuli it responds in very different
ways. Sometimes when the inhibition of the membrane potential is released the
neuron fires one spike and sometimes it fires a double-spike and then another spike,
or just a double spike. It would be interesting to investigate which components of
the neuron contributes the most to these behaviours. This could done by optimizing
the model for a set of, for example, 40 different data traces with the exact same
applied current and then comparing the parameters to see which parameters change
the most. The variance of the parameters could then be compared to the results from
the sensitivity analysis. It would be interesting to find out for example if sensitive
parameters vary more than the other.

To make the evaluation method proposed in this thesis more useful it needs
to investigated whether it can be used for recordings with several different step size
amplitudes. A challenge will probably be to find good weights on the different traces
to get parameters that are satisfying for all different step sizes. Furthermore it would
be interesting to investigate if this method or a modified version could be used for
models of other neuron types.

5.3 Conclusions

The aim of this project has been to develop a measurement of the quality of a neuron
model of the cuneate nucleus. The use of a weighted L2-norm proved successful,
because the developed method enabled parameter optimization of the model. The
evaluation method was able to accurately measure how well the model mimic the
calcium dynamics of the cuneate nucleus. The sensitivity analysis showed that the
calcium dynamics is significant for the quality of the model. This tool will make
it easier to build neuron models that capture the responsive properties of the mem-
brane potential in neuronal in vivo recordings.
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A.1 Table of all the parameters

Table A.1 All model parameters

Parameters Unit Value What is known
a3 mV -60 appr. same as EL
a4 mV -68 appr. same as EL
a5 mV 2.2e-07 appr. same as [Ca2+]rest
a6 mV -64 appr. same as EL
b3 mV 6.3 unknown
b4 mV 1.3 unknown
b5 mV 4.8e-08 unknown
b6 mV 0.8 unknown
gL S 8.1e-09 found experimentally
gCa S 2.1e-08 (1e-7,1e-9)
gK S 2.0e-08 (1e-7,1e-9)
EL mV -62 found experimentally
ECa mV 1.2e2 (80, 140)
EK mV -1.0e2 (-110,-70)
[Ca2+]rest M 1.0e-07 (1e-6, 1e-8)
τ[Ca2+] s 6.3e-3 unkown
τ3 s 2.7e-04 unkown
τ4 s 2.0e-2 unkown
τ5 s 1.2e-3 unkown
τ6 s 1.1e-3 unkown
Cm: F 4.2e-11 found experimentally
D: M/SmVs 2.5e2 found experimentally
[Ca2+]boost : M 8.3e-8 found experimentally
Vboost : mV 6.7 found experimentally
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A.2 Figures

Figure A.1 The result of the sensitivity analysis. The y-axis shows the parameters’
sensitivity to interactions and non-linear effects and the x-axis shows the parameters’
overall sensitivity. The legend shows the parameters ranked in descending order from
top to bottom based on their x-values.

39



Appendix A. Appendix

(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.2 An example where the evaluation method optimizes the parameters of
a trace with a spike preceded by a rapidly rising membrane potential.
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(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.3 An example where the evaluation method optimizes the parameters of
a trace with a spike preceded by a slowly rising membrane potential.
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(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.4 An example where the evaluation method optimizes the parameters of
a trace with two spikes.
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(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.5 An example where the evaluation method optimizes the parameters of
a trace with a double spike.
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(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.6 An example where the evaluation method optimizes the parameters of
a trace with a double spike and a third spike.
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(a) The model with the initial parameters (red) is stimulated with 60 pA for 100 ms beginning at 50 ms.
The recorded trace is superimposed (blue).

(b) The model with optimized parameters (red) is also stimulated with 60 pA for 100 ms beginning at
50 ms. The recorded trace is superimposed (blue).

(c) The activation and inactivation variables. The blue and orange curves are the voltage-dependent
activation and inactivation variables of the Ca2+-current respectively. The yellow curve is the calcium-
dependent activation variable of the potassium current. The purple curve is the voltage-dependent acti-
vation variable of the potassium current.

(d) The calcium current (red) and the potassium current (blue).

(e) The Ca2+-concentration close to the cell surface changes as a consequence of the Ca2+-current.

Figure A.7 An example where the evaluation method optimizes the parameters of
a trace with a double spike and with a third and a fourth spike.
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