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1 Abstract

The nerve cells in the mammalian brain come in various shapes and sizes. They constitute a
complex system emerging from a complicated interplay of biophysical principles. Functionally,
they can be compared to a computing unit transferring input into useful output, leading
ultimately to cognitive functions or behaviour. This processing of information is called the
input-output (IO) function of a neuron. The focus of this dissertation is on the particular IO
function of hippocampal neurons, their underlying structure (morphology) and their intrinsic
mechanisms (ion channels). In order to study these nerve cells, computational models offer
the advantage of disentangling the involved biophysical mechanisms and their functional
effects in a controlled manner. Therefore, I implement biologically realistic computational
models of hippocampal neurons to simulate their IO function in several major, complementary
in silico investigations. Initially, using detailed neuron models that include active ion channels
and other dendritic non-linearities, I demonstrate that the neural IO function can be invariant
even when the stimulated dendrites of the nerve cells show vastly different morphological
structures and sizes. These results reveal a general principle called accordingly “dendritic
constancy”. Notably, the dendritic constancy principle can have important clinical implications
for neurological diseases. For example, it has been suggested that morphological alterations
lead to the concurrent increase in excitability of principal hippocampal nerve cells during
Alzheimer’s disease (AD). However, in line with the dendritic constancy principle, I show
that the dendritic remodeling in AD cells is likely a homeostatic mechanism to maintain the
cell IO function and information flow. The simulations instead reveal, that other intrinsic (ion
channels) and extrinsic mechanism modifications lead to the excitability increase observed in
AD cells in a multi-causal manner. Finally, various expressions of underlying ion channels
cannot only affect the altered, pathological behaviour but potentially result in an optimised
IO function and information processing. For instance, hippocampal granule cells (GCs) are
believed to convert similar inputs into dissimilar outputs (pattern separation) while using as
little energy as possible. The findings in this thesis reveal that the experimentally validated
GC model seems to be close to optimal among a population of random, but valid, GC models
with different ion channel expressions for the simultaneous performance of pattern separation
and economy. In summary, by applying computational models in this dissertation I uncover a
relationship between the underlying structure and ion channels of various nerve cells and

their 10 function.
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2 Zusammenfassung

Die Nervenzellen von Sdugetieren konnen verschiedene Formen und Grofien aufweisen. Sie
bilden ein komplexes System, das sich aus einem komplizierten Zusammenspiel biophysikalis-
cher Prinzipien ergibt. Funktionell konnen sie mit einer Recheneinheit verglichen werden, die
Eingaben in niitzliche Ausgaben umwandelt, was schliefilich zu kognitiven Funktionen oder
Verhalten fiihrt. Diese Informationsverarbeitung wird als Eingabe-Ausgabe (EA) Funktion
bezeichnet. Der Schwerpunkt dieser Dissertation liegt auf der spezifischen EA-Funktion
von Neuronen des Hippocampus, ihrer zugrunde liegenden Struktur (Morphologie) und
ihren intrinsischen Mechanismen (Ionenkanéle). Zur Untersuchung dieser Nervenzellen
bieten Computermodelle den Vorteil, die beteiligten biophysikalischen Mechanismen und ihre
funktionellen Auswirkungen kontrolliert zu analysieren. Zunéchst zeige ich mit detaillierten
Neuronenmodellen, dass die EA-Funktion selbst dann konstant sein kann, wenn die stim-
ulierten Dendriten sehr unterschiedliche Strukturen und Gréfien aufweisen. Diese Ergebnisse
offenbaren ein allgemeines Prinzip, das entsprechend als “dendritische Konstanz” bezeichnet
wird. Das Prinzip der dendritischen Konstanz kann zudem wichtige klinische Auswirkun-
gen fiir neurologische Erkrankungen haben. So wurde beispielsweise vermutet, dass mor-
phologische Verdnderungen zu einer gleichzeitigen Erh6hung der Erregbarkeit der Pyrami-
dalzellen des Hippocampus bei Alzheimer fiihren. In Ubereinstimmung mit dem Prinzip
der dendritischen Konstanz zeige ich jedoch, dass dendritische Verdnderungen in Alzheimer
wahrscheinlich ein homdostatischer Mechanismus zur Aufrechterhaltung der EA-Funktion
sind. Die Simulationen demonstrieren stattdessen, dass andere intrinsische (Ionenkanéle)
und extrinsische Mechanismen auf multikausaler Weise zu der beobachteten Erhohung der
Erregbarkeit in Alzheimer fiihren. Dariiber hinaus konnen verschiedene Auspragungen der
zugrunde liegenden Ionenkanile moglicherweise auch zu einer optimierten EA-Funktion
und Informationsverarbeitung fithren. Es wird beispielsweise angenommen, dass die Kérn-
erzellen des Hippocampus dhnliche Eingaben in unterschiedliche Ausgaben umwandeln
(Mustertrennung). Die Ergebnisse dieser Doktorarbeit belegen, dass das experimentell vali-
dierte Kdrnerzellen-Modell im Vergleich zu einer Vielzahl an giiltigen Modellen mit variierten
Ionenkanilen nahezu optimal zu operieren scheint fiir die gleichzeitige Maximierung der
funktionellen EA-Mustertrennung und Energieminimierung. Zusammenfassend zeige ich mit
Hilfe von Computermodellen in dieser Dissertation eine Relation zwischen den zugrunde

liegenden Strukturen und Ionenkanélen von Nervenzellen und ihrer EA-Funktion auf.
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3 Introduction

What is the input-output (IO) relationship of a nerve cell, one of the main computational units
in the brain? Can it be calculated? The IO function of a neuron is commonly considered as
the information flow within the cell in the following order: the reception of inputs in the
dendrites (the tree-like structure of the nerve cell), the integration of the signals on their
way to the soma (the cell body), the generation of action potentials (reversed potential) near
the soma and eventually the further flow of the output via the axon connected to other
neurons (Cook et al.,2007). The overall picture of neural function via dendritic integration and
computation of the input signals is rather complicated with non-linear processes involved and
has been studied in detail in the past decades (Rall, 1959; Segev and London, 2000; London
and Hausser, 2005; Poirazi and Papoutsi, 2020). Following in the footsteps of these works, this
dissertation constitutes a contribution to realistic single nerve cell modelling. The emphasis is
on the structure-function relationship at the interplay of morphological and compartmental
modelling with active mechanisms to simulate the IO function of rodent hippocampal neurons.
The IO function is exemplified in three major, complementary investigations in this thesis:
tirst, general invariant principles; second, pathologically altered activity; third, optimised
performance.

The introduction gives background information about theoretical fundamentals that are
considered necessary in understanding the research in this thesis. Initially, the passive cable
equation by Rall is introduced in 3.1, and its further application to dendritic trees with synaptic
activation is derived in 3.2. Next, the passive cell model is extended to an active and more
realistic cell model by including voltage-dependent ion channels. Therefore, the Hodgkin &
Huxley model as well as the compartmental neuron model with ionic currents are introduced
in 3.3 and 3.4. Compartmental models constitute the main computational modelling of
nerve cells in this thesis. These nerve cells are located in the rodent hippocampus for all
investigations here. Consequently, a neurophysiological background of this brain region is
given in 3.5. Importantly, nerve cells can undergo pathological changes leading to impaired IO
function. A prominent, pathological example is AD hyperexcitability for which an overview
is given in 3.6. Subsequently, section 3.7 introduces the concept of Pareto optimization and a
new measure for pattern separation. Both are important tools to investigate the IO function of
hippocampal GCs. Thereby, mature GCs are compared to newly formed GCs. The introduction

is closed with section 3.8 detailing the scope and aim of this dissertation.
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3.1 The passive cable model of a nerve cell

What influence does cell structure have on cell activity and are there analytical tools to investi-
gate it? When we observe the difference in morphology and topology in various neuronal
cells we can easily assume that different structural architecture points to different function
and behaviour of the cells. Previous work has demonstrated that indeed the computation
done in the dendrites is complex and depends on morphology (Vetter et al., 2001; Kath) 2005}
London and Hausser, 2005; Silver, 2010; Poirazi and Papoutsi, 2020; Gidon et al., 2020; Bicknell
and Hausser, 2021). Consequently, changes in size or layout of that morphology can alter
the excitability and spiking behaviour of the cell (Krichmar et al., 2002; |[Van Ooyen et al.,
2002; van Elburg and van Ooyen, [2010). At the same time, even with such high diversity of
dendritic structures among the cells there exist constraints and scaling laws that limit and
predict morphological size and shape (Wittenberg and Wang, 2007; Teeter and Stevens, 2011;
Cuntz et al., 2012, 2013). In addition, general principles have been demonstrated that preserve
specific passive and active electrotonic properties independent of cell size or shape (Jatfe and
Carnevale, [1999; [Hausser| 2001} Bakken and Stevens|, 2012 |Bird and Cuntz, 2016; Cuntz et al.,
2021).

Seminal theoretical work on electrotonic features and the prediction of the electric potential
in neurons and dendrites with only passive properties has been done by e.g. Rall, Rinzel,
Koch and Segev (Rall, 1959; Rall et al., 1967; Rinzel and Rall, 1974; Segev and Rall, 1988; Koch
and Segev, 1998). An important example of a cell’s property is the input resistance, which
is dependent on the cell’s size (Rall, 1959, |1962). With other passive and active electrotonic
properties being the same, a larger cell usually has more dendritic cable resulting in a stronger
leak and therefore a larger input conductance, or inversely, the input resistance is smaller
compared to a smaller cell. As a consequence (Ohm’s law), the cell is less excitable (less

depolarisation) if somatic current injection is considered.

The main idea of Rall (Rall, [1959, [1962) was to treat the branch of a neuronal dendrite as
a passive, conducting cable comparable to cables in telegraph communication and their
mathematical descriptions. Thereby, the branch L(x) at location z is discretised into several
segments. Within a dendritic segment Az the potential V(z) and current /(z) are considered
uniform. Each segment is surrounded by a membrane that consists of two thin layers. In

electrical terms it can be represented by a capacitor. The cable here is considered passive,

12/[153]
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which means the membrane resistance is voltage independent. Characteristic properties of
the cable and its membrane are therefore the specific membrane resistance R,, (in Q2cm?), the
specific axial resistance R, (in Q2cm) and the specific membrane capacitance C,, (in F//cm?)

applied to a cylindrical dendritic segment with membrane surface as in Figure

A extracellular (outside)
intracellular /
(inside) L(xo) ; d
\
Xo X1
B i |_(Xo) I
inside |\, ), a(%1) r AX
e I B
1 1(x0)AX
Q -
outside =V,
inside ‘ V.
C,AX J‘ Qﬂrlonmx g r/AX
I
outside J_ Y E on E,

Figure 1. Analogy of a piece of dendrite as a cable and an electrical circuit

A, Dendritic segments can be described as a cylindrical cable with diameter d (in ¢m) and length
Az (in em) as in Rall (1959, 1962). B, The dendrite can be compared to an electrical circuit with the
axial segments of the internal medium as axial resistances r, = 4R, /(7d?) (in Q/cm) in a row and
with the membrane as the membrane capacitance ¢, = Cp,7d (in F'/em) and resistance r,,, = Ry, /(7d)
(in Qcm) in parallel, contributing to the membrane current I,,, that leaks from I,. The quantities
are defined with respect to a unit length of the cylinder and have to be scaled with the increment
Az (Az — 0in equations). V;, V. and E are the intracellular, extracellular and resting membrane
potential respectively, resulting in electrotonic potential V' = V; — V. — E. C, An active membrane
patch includes voltage-dependent resistances 7;,,, per ion species in addition to the constant leak r;
with their respective equilibrium potentials E;,, and E; as batteries.
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Three rules and their interplay within an electrical network are important in deriving the cable
equation to calculate current I and voltage V in a dendrite: Ohm’s law, V' = I R; capacitor
formula, I = C % ; and Kirchhoff’s rule of current conservation at a node, > I = 0. The
schematic in Figure (1| B summarizes the cable theory of a dendrite as an electrical circuit. First,
when only the current in axial direction is considered without any leak from the membrane,
it follows that, by using Ohm’s law, a current injection at = will result in a voltage change at

x + Az (Rall, 1959; Nelson et al.,[2008):

R, oV R,

V(z) = V(e + Az) = Ll(x’t)Axw(d/?)Q = a(xat) = _]a(x=t>7r(d/2)2 (1)

The right side switched to a continuous representation with Az — 0. The specific axial
resistance R, is a fundamental quantity for a unit length and had to be divided by the cross
sectional area 7(d/2)? to account for the whole cylindrical segment. Next, when also the
membrane resistance is included, it follows that the axial current leaks through the membrane
proportional to the considered distance Ax. It can be described by Kirchhoff’s rule as the

currents are conserved:

I(x) — I,(z + Az) = L, (z,t) Az = (2{; (x,t) = —In(x,t) (2)

Thereby, the membrane current is defined as current flow across the membrane per unit length
in A/m. When substituting I, from Equation [1]into 2] one obtains:
0*V R

W(%t) = Im(ﬂf,t)ﬂ(d—;;y 3)

Additionally, the membrane current is composed of two parts: the capacitive current due to
the capacitance formula and the leak current due to Ohm’s law (Figure 1| B). The membrane
current further has to be scaled with the membrane circumference 7d to account for the whole

cylindrical segment. This results in:

ov vV
[m(l', t) = [C(Qf,t) + Ileak(ﬂj,t) = ’ﬂ'd(CmE(.T,t) + R—(Qf,t)) (4)
Combining Equations [3|and [ results into the cable equation:
*V ov
20V _ 9V
A 52 (x,t) =7 5 (z,t) + V(x,t) (5)
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The general form of the cable equation is a second order differential equation of the electrotonic
potential V with V' = V,, — E, the difference between membrane potential V,,, and resting mem-
brane potential £ as the driving force, and V,,, = V; — V., the difference between intracellular
and extracellular potential. Thereby, ) is the electrotonic length constant A = /(R,,/R,)(d/4)

(in m) and 7 is the time constant 7 = R,,C,, (in s) describing the voltage attenuation over

space and time respectively. The steady-state solution at 0V /0t = 0 for a semi-infinite cable

with somatic current injection /,,, and somatic voltage response V, = V(z = ) is as follows:
V(z) = Voe™ (6)

The voltage V' in that case decays with 1/e ~ 37% at distance A\. Another particular boundary
condition is the case of a natural sealed end of a terminal dendritic branch which is more
relevant for a real morphology. In that case, a closed cable of total length [ is considered, which

results in the following solution (Rall, 1959):

(7)

Since the cable equation in 5|is only linearly depending on V/, and as the example of the
steady-state solution is an exponentially decaying voltage signal, it is obvious, that the cable
equation in this form can not have a traveling wave solution. It can therefore not transmit
pulses as observed in neural action potentials. In addition, distributed synaptic inputs to a
branching dendrite are more realistic than the somatic input here. These issues are addressed

in the next sections.

3.2 The passive cable equation to distributed synaptic inputs

Complementary to somatic inputs, synaptic inputs and dendritic current transfer have also,
but rarely, been explored (Rall ef al.,1967; Rall and Rinzel, {1973} Rinzel and Rall, 1974; London
et al.,1999; Segev and London, 2000; Bird and Cuntz, 2016; Bird et al., 2021b). However, only
recently synaptic current injections on a level of whole cell distributed synaptic inputs have
been examined regarding the IO behaviour of cells with different sizes and shapes. Such
investigation resulted in the discovery of the general principle of dendritic constancy, meaning

that the output voltage remains largely invariant to dendritic length for synaptic activation
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(Cuntz et al., 2021). According to the analytical calculation along the entire electrotonic length,
input resistance (decreased in a larger cell) and synaptic currents (increased in a larger cell
with constant density) cancel one another. The solution in the paper by |Cuntz et al.| (2021) is a
continuation of the works by Rall (1959); Rall et al.| (1967); Koch and Segev|(1998), represented
by the Equations [5 and [7] derived above, for a closed cable of total length I with synaptic
current injections. For the voltage v, (0) at the root due to current injection /,,, in the dendrites

at a distance z from the soma one obtains:

(8)

I,
Uy (0) — Gpp

cosh (l—_w)]

X
sinh (ﬁ)

Thereby, G is the input conductance at the proximal sealed end in a semi-infinite cable and A
the length constant as introduced above. When short cables are considered, G, depends only
linearly on A and can be approximated with the total conductance of a A length cylinder of
the cable G, = G,,md\. Additionally, it could be shown an equivalence of voltage responses
to distributed current injections /4, per unit length and the total current that was inserted
over the total length [ of the cell (Cuntz et al.,2021). To get the total voltage V' for all injected

currents the integral from Equation 8/ has to be taken over all synaptic sites x:

Laist /l (l — l’)
“o = s (D) Jy MU )™ ®)
[dist)\ [dist
Vis = = 10
= G T G (10)

The shape of this equation shows a clear similarity to Ohm’s law. It can be considered as
an adaptation of the law to the case of dendritic trees (Cuntz et al., 2021). In that case, the
voltage responses to distributed synaptic inputs are independent of the (cable) length of the
neuronal cell. They depend however on the specific membrane conductance G, (inverse of
R,,) and the diameter d of the cable. They also depend on the specific axial resistance R, via
I4s: defined per unit electrotonic length. In comparison, voltage responses to proximal and

especially somatic current injections follow the relation V' = 5, which means a big

I
Goo tanh(l/X)

cell with long length [ and short length constant A leads to small V. Looking at biological
neurons and their environment, the most likely scenario for inputs are excitatory, synaptic
inputs to the dendritic tree of the cell. They are distributed over the whole cell instead of the

soma only. These synaptic currents first go through synaptic conductances which add to the
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overall conductance per unit length under the condition of invariant synapse density. As a
result, the voltage responses to distributed synaptic conductances are a little lower than the
ones from current injections above. Importantly, there is still no length dependency of the

voltage response (Cuntz et al., 2021):

I
Vi = 20— 11
Y Grmd + Gayp, (11)
Here, Gy, is the specific synaptic conductance. In conclusion, the analytical calculations and
numerical simulations in Cuntz et al. (2021) reveal an electrotonic principle of dendritic con-
stancy ensuring an equal impact of distributed synaptic inputs in a passive cable independent

of its length.

Consequently, in the paper by Cuntz et al.| (2021) the derived equations were tested and applied
to a database of different neuronal cell types showing a wide range of size and complexity.
Thereby, real dendritic morphologies from the NeuroMorpho.Org database were selected (July
2016, Ascoli et al., 2007; 9841 reconstructions). After normalising the diameters (to an average
diameter of 1yum) and applying common values of G,, = 504 for the specific membrane
conductance, the steady-state voltage responses to distributed synaptic inputs were measured
(Figure2). As a result, a striking similarity of voltage responses for dendrites with different
lengths spanning five orders of magnitude and including a large variety of different cell types
and shapes was observed (Cuntz et al., 2021). Importantly, at the far left and the far right end
of the curve in the rare cases of very small or very large neuronal morphologies (yellow and
red dots in Figure [2), the voltage response differed more compared to the average and the
analytical predictions. The black line corresponded here to the analytical prediction from
Equation [10| (equation 1 in Cuntz et al., 2021). As a statistical analysis of the data a linear
regression was applied. It demonstrated a small overall downward slope of —0.2% per mm
that was statistically significant (Cuntz et al.| 2021). Overall, however, the average voltage

change could be well approximated with the derived Equation

For real cells with active membrane kinetics such an analytic solution as in Equation [11|does
not exist though. Active (voltage-dependent) ion channels, together with other non-linear
processes in the dendrites, add complexities to the dendritic computation and signal transfer
that make it difficult to analyze mathematically. However, in order to describe the voltage

signal in a neuron realistically and accurately, ion channels and their dynamics have to be
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included in the calculation of the IO function. An important historic approach and model,

that includes ion currents, is introduced in the next section.

NeuroMorpho.Org database
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Figure 2. Dendritic constancy leads to striking similarity of the IO function for distributed
inputs in passive neurons of different shapes covering orders of magnitude in size

Reproduced Figure 4 A Top from ”A general principle of dendritic constancy: A
neuron’s size- and shape-invariant excitability” (Reference: |Cuntz et al, 2021, doi:
https:/ /doi.org/10.1016 /j.neuron.2021.08.028) by Cuntz H, Bird AD, Mittag M, Beining M,
Schneider M, Mediavilla L, Hoffmann FZ, Deller T, Jedlicka P in Neuron, 2021, and licensed under an
Elsevier user license (Copyright Elsevier Inc. 2021, https:/ /www.elsevier.com/about/policies-and-
standards/open-access-licenses/ elsevier-user):

Somatic voltage change to dendritic inputs in morphologies from NeuroMorpho.org including 223
datasets with 9841 reconstructions after diameter normalization (1xm). Different cell groups are
shown in different colors (see labels). The black line corresponds to the analytical prediction from
Equation 10 (equation 1 in Cuntz et al., 2021).

3.3 The Hodgkin & Huxley model

A real nerve cell is not just a passive cable. The cell membrane is permeable to several ion
species, most notably sodium and potassium, in an activity-dependent manner. Bernstein,
Hodgkin, Huxley and Katz (among others) contributed seminal work in the discovery of
the importance of ions in membrane mechanisms and action potential (AP) propagation in
neurons (Bernstein, 1902; [Hodgkin and Katz, 1949; Hodgkin et al.,[1952; Hodgkin and Huxley,
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1952). When ion currents for sodium and potassium are included in the membrane current,
it follows that Equation [4 from the cable model has to be adapted. For a membrane patch
without axial dependence it follows (Nelson et al., 2008; Mallot, [2013):

L (t) = Io(t) + Ik (t) + Ina(t) + Lear(t) (12)

av
In(t) = Co o () + gx (V) = Exc) + gna(V(#) = Ena) + a(V(t) — B (13)
The equilibrium potentials £ are a result of the electrochemical gradient due to the concentra-
tion differences of the ions inside and outside the membrane, and are calculated by the Nernst

potential for each ion species.

For example, the squid giant axon in the experiments by Hodgkin and Huxley|(1952) displayed
potentials for sodium and potassium at Ex = —75mV and Ey, = 54mV. This was quite
different to the actual potential of the membrane at E,.,, = —60mV/, especially for sodium,
and was therefore called the sodium anomaly. Inspired by the membrane theory of selective
permeability by Bernstein (1902) and as a consequence of the sodium anomaly, Hodgkin
and Huxley proposed their ion channel hypothesis: The membrane mechanisms consist of
various voltage-gated ion channels, which open and close with a certain probability to let ions
flow inside and outside the cell depending on as well as leading to the observed polarisation
reversal. Mathematically interpreted, the ion conductances depend on time and voltage
(9(V,t), see also R;,,(V,t) in Figure[1/C). In order to fit the measured, variable conductances
to a formula, two experimental techniques had to be employed. First, voltage clamps were
developed to maintain the membrane potential at a target voltage. Second, the ion currents
were disentangled by controlling the extracellular sodium concentration. Subsequently, the
following model consisting of four coupled differential equations was developed by [Hodgkin
and Huxley| (1952):

In(t) = Cm%/(t) + gxn(V(t) — Ex) + gnam®h(V(t) — Eno) + G(V(t) — B)  (14)
=@, (V)(L=n) = (V) (15)

W 0 (V)1 = m) — 5V (16)

O = (V)1 = 1) = Bu(V)h (17)
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Here, o and [ are rate constants that depend only on the voltage, g is the maximum of the
conductance g, and n, m, h are probabilities that represent the activation and inactivation of
the potassium and sodium channels. Hodgkin and Huxley called them gating variables and
postulated that they represent the dynamics of the underlying ion channels. Astonishingly, the
formulated dynamics indeed fit the underlying structure. For instance, the potassium channel
of the squid axon consists of four subunits which are well represented by the fourth power of

n. Only when all subunits are open the potassium ions can flow through the membrane.

Taking the passive cable Equation |5/from Rall and combining it with the model from Hodgkin
and Huxley results in the following equation for the total voltage:
1 0*V av

R_QW(I, t) = Cmﬁ(t) + gren*(V(t) — Ex) + gnamh(V(t) — Exo) +5(V(t) — E;)  (18)

3.4 The compartmental neuron model

The cable equation previously described (see Equation [6) with their analytical solution for
a dendrite morphology with a branching arbor of cables are only applicable under certain
constraints. For instance, it is assumed that the dendrite diameter of the branches follows
a power law of dﬁéient = dif/;m + di’,/lfl & (Rall, 1959, 1962). Then, the dendritic tree can be
mapped to an electrophysiological equivalent (non-branching) cylinder of total length .
Later theoretical work has loosened these geometrical constraints to a certain degree but
not completely (Rall and Rinzel, |1973; |Goldstein and Rall, 1974). Additionally, for these
calculations the dendrites were assumed to be passive and linear, i.e. currents sum linearly.
In reality however, morphologies of dendrites come in a variety of shapes and sizes with
complex branching patterns. Moreover, actual nerve cells contain several active properties
and non-linearities in their dendrites, e.g. voltage-dependent ion channels. The model by
Hodgkin & Huxley described above included a sodium, a potassium and a leak channel
(mainly due to chloride). The biological complexity is even greater with neurons including
dozens of different region-dependent ion channels. Together they result in a non-linear state
equation in the shape of [18 which is not solvable by known functions and rules. In order
to go beyond the theoretical constraints and to investigate realistic cell reconstructions it
is useful to discretize the dendritic tree into multiple isopotential compartments. Within

a compartment the various voltage-dependent ion channels contribute to the membrane
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current (see R — C' unit in Figure[1/C). Each individual compartment of a dendrite segment
is modeled by a typical cylinder of chosen length L(z) (depending the desired resolution,
Figure|3) and diameter d which connects with a specific resistance to any number of branching
cylinders in the axial direction. Differences in these properties then lead to different potentials
between the cylinders. The great advantage of such approach is the possibility to represent
any dendritic tree and branching pattern with compartments of different sizes including
various non-linearities. Examples of compartmental neuron modelling were developed by
Rall (1964); Koch and Segev|(1998) and were extended to computational software by Carnevale
and Lebeda (1987). In this thesis, the NEURON environment from Carnevale et al.|(1997) is

employed to model the nerve cells.

Wy

Figure 3. Discretized compartments as morphology representation

From left to right: Schematic of a granule cell (GC) reconstructed with a high number of segments (fine
discretization) or low number of segments (coarse discretization). The more number of compartments
used the more realistic the cell representation becomes but the more computation is necessary.

For example, a compartmental model of a neuron with just two compartments and two ion

channels (sodium and potassium) obeys the Equations [14/and 18} In that case, the left side of

the equation can be substituted with the axial current between the two compartments defined

by the conductance between them, g, . For the current from compartment 1 to 2 follows:
dVa

G12(Vo — V1) = Cm,l%(t) + grn*(Vi(t) — Ex) + gnam®h(Vi(t) — Ena) + ai(VA(t) — E) (19)

Additionally, the compartments can include current contributions from the synaptic inputs
with gy, (V, t)(V(t) — Esyp). This equation can be solved numerically by computational models.
The compartmental models employed in this thesis (Jarsky et al., 2005/and Poirazi et al.,2003b
for PCs, Beining et al.|, 2017 for GCs) are even more complex including various distance-
dependent ion channels. Their implementation and application to investigate the IO function

of hippocampal cells is described in detail in the Methods section.
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3.5 Neurophysiological background:

Cells, structure and connectivity of rodent hippocampus

The focus of this dissertation is on single cells and their IO function based in the rodent
hippocampus. This includes cells from rats, but mainly from mice. The hippocampal structure
in both species is similar. Typically in the rodent brain, the hippocampus is located in the
medial region of the temporal lobe and is considered to play an essential role in memory and
learning (Kogan et al., 2000; Schimanski and Nguyen, 2004; Opitz, 2014). The general memory
hypothesis states that the underlying neural mechanisms for information storage during
learning and memory encoding in the brain are due to structural and synaptic changes at the
cellular level, called plasticity (Martin et al., 2000; Abraham et al.| 2019). The hippocampus
in particular is considered to show a great capacity for plastic changes (Leuner and Gould,
2010). For instance, structural changes in the hippocampus occur throughout life and include
neurogenesis, i.e. the creation of adult born (ab) cells (Barker et al., 2011; Moreno-Jiménez et
al., 2019) with the formation of completely new connections between neurons. In addition to
structural plasticity, the experience dependent synaptic plasticity (Snyder et al., 2001) with
its interplay between presynaptic and postsynaptic activity leading to changes in synaptic
strength is involved in the hippocampal function. These plasticity mechanisms seem to
follow rules based on the specific timing of pre- and postsynaptic AP firing. They include
the so called spike-time-dependent-plasticity STDP (long-term-potentiation and long-term-
depression LTP/LTD, Bliss and Lemo, (1973; Bliss and Collingridge, (1993; Neves et al., 2008;
Buchanan and Mellor, 2010; Bliss and Cooke} 2011) and homeostatic regulations such as
metaplasticity rules (Abraham and Bear), |[1996; Abraham et al., 2001; Benuskova and Abraham,
2007). Episodic memory formation in the hippocampus (long term memory of events and
feelings) necessarily consists of the encoding of space and time (Olton et al., 1979; Eichenbaum,
2017; Ekstrom and Ranganath), [2018; Buzsaki and Tingley, 2018). This includes the notable
discoveries of functionally specialized cell types (e.g. grid and place cells) as part of the
entorhinal-hippocampal system (Moser et al., 2015). It is apparent that the hippocampus is a
widely studied brain area across several species (Eichenbaum et al.,[1992; Derdikman et al.,

2014). Nevertheless, its function is not fully understood yet.
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Figure 4. Neuroanatomical structure and connectivity of the rodent hippocampus

A, Schematic of a sagital slice through the rodent hippocampus including cornu ammonis with CA1
(yellow), CA2 (green), CA3 (light blue) and the Sub (orange) and DG (pink), as well as the EC with its
medial (MEC) and lateral (LEC) part (dark blue), as described in Cutsuridis et al.|(2019). B, Schematic
of main connections (input) between CA1, CA2, CA3, DG and Sub (black arrows), between LEC and
HF (blue arrows), as well as MEC and HF (green arrows), as described in Cutsuridis et al.| (2019).
Additionally, the EC receives input from the NC.

In addition to continuous changes due to memory formation within the hippocampus, the
main structural organization and connectivity on a microcircuit level with its important input
pathways and projections remain constant in a healthy animal. The rodent hippocampus, also
known as the hippocampal formation (HF), consists of three main subregions, namely the
dentate gyrus (DG), the hippocampus proper (CA1, CA2, CA3 with CA = "Cornu Ammonis”)
and the subiculum (Sub, see Figure[d A), which are three-layered structures (Witter et al., 2017;
Cutsuridis et al., 2019). In simple anatomical terms, these three hippocampal subregions form
two “C” shaped structures that are entangled with each other. To understand the HF and the
hippocampal memory system, the neighboring area of the entorhinal cortex (EC) is equally
important. The EC is mainly divided into a medial (MEC) and a lateral (LEC) part, which

consist of six layers. The EC is the principal source of input to the HF. The wide neuronal
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projections, called the perforant pathway, project to all subregions of the HF (Figure [4| B).
Thereby, entorhinal layer II projects to the DG, CA2 and CA3, whereas layer III projects to
CA1 and Sub. MEC and LEC reach proximal (e.g. middle third of DG molecular layer) or
distal (e.g. outer third of DG molecular layer) laminar depths of the subregions, respectively.
DG, CA2 and CA3 have no direct projections back to the EC. However, DG projects to CA3
(strong projection, DG cell axons to CA3 are called mossy fibers), while CA3 and CA2 project
to CA1 (Schaffer collaterals pathway from CA3 to CA1) and CA1 in turn to Sub. Eventually,
CA1 and Sub project back to the EC. In that indirect way, the connections to DG and CA3
return to the EC.

Not surprisingly, these structures are relevant for both the healthy memory function of
the hippocampus as well as several neurological disorders (Anand and Dhikav), 2012). For
example, alterations of the perforant pathway to DG and CA1 or the Schaffer collaterals
pathway to CA1 can lead to dendritic atrophy during AD (Halliday| 2017; see also Figure
orange cell example from Siskova et al.,2014) or after lesions (Vuksic et al.,[2011) affecting the
normal activity. Therefore, the focus of this dissertation is on these particular pathways for

the cell input.

200um 200um 100pm

Figure 5. Examples of primary cells of the rodent HF used in this thesis

Left: Typical rat CA1 PC from NeuroMorpho.Org (Ascoli et al., 2007), Middle: Reconstructed, healthy
(black) and atrophied (orange) mouse CA1 PCs (Siskovdé et al.,|2014) and Right: Reconstructed mouse
DG GC (Vuksic et al.,[2011).
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Different brain regions typically contain different cell types. In general, the mammalian
brain shows a strong heterogeneity of cells regarding type (Masland, |2004), morphology
and physiology (compare e.g. the neuron database NeuroMorpho.org, |Ascoli et al., 2007).
However, in the rodent hippocampus the main type of cell is excitatory (i.e. the probability
of postsynaptic firing is increased). In particular, the CA regions consist predominately of
pyramidal cells (PCs), which have a soma in the shape of a pyramid and two dendritic parts,
the basal dendrites near the soma and the apical dendrites following one major apical branch
(Bannister and Larkman), [1995; Megfias et al., 2001} Bloss et al., 2016; see Figure |5, left and
middle). The DG though mainly consists of GCs which are cone-shaped and smaller than PCs
(Claiborne et al., 1990; Schmidt-Hieber et al., 2004, 2007; see Figure |5, right). In the overlapping
area between DG and CA region (the hilus) one can find the mossy cells (MCs, Buckmaster
et al.,[1996). In addition, inhibitory (i.e. the probability of postsynaptic firing is decreased)
interneurons can be found in all regions but to a lesser degree. Neurological disorders can lead
to pathological hippocampal cells displaying morphological changes such as dendritic atrophy
for PCs (Sigkova et al., 2014; see Figure [5, orange cell example). A more detailed description of
the cells employed in this thesis with regards to their morphology and electrophysiological
features is given in the Method section, especially in comparison to pathological cells with

intrinsic and extrinsic alterations.
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3.6 Neurological disorder: Increased excitability in Alzheimer’s disease

A prominent pathological cell development examined in chapter two of this dissertation is
AD, a neurodegenerative disorder that affects memory and thought processes (Mittag et al.,
2023). The investigated cells are particularly from an early stage of the disease progression
(Dickerson et al., 2005; Busche and Konnerth| 2015) during which the AD-affected cells show
dysfunction by increased excitability (hyperexcitability) and burst firing (Siskova et al., 2014).
This neuronal hyperexcitability is a well documented pathological hallmark of AD (Palop and
Mucke, 2009; Vossel et al., 2017} [Zott et al., 2018 Kazim et al., 2021; Targa Dias Anastacio et
al.,[2022), which has been observed in human patients (Palop et al., 2007; Vossel et al., 2013;
Palop and Mucke, 2016 [Horvath et al., 2021} |Ranasinghe et al., 2022 |Vossel et al., 2021)) as
well as animal models such as the mouse (Busche et al., 2008, 2012, 2015a)b; Rudinskiy et al.}
2012; Grienberger et al., 2012; Scala et al., 2015; Maier et al., 2014; Siskova et al., 2014; Hall et
al., 2015} Xu et al.|, 2015; |Liebscher et al.| 2016; Keskin et al., 2017; Miiller et al.,|2021) and the
rat (Sosulina ef al., 2021). In hippocampal microcircuits of the mouse, the hyperactivity can
reach epileptiform seizures and disruptions of neuronal activity (Palop et al., 2007; Palop and

Mucke, 2009; Born et al., 2014; Vossel et al.,[2021) causing memory deficits.

Importantly, the focus of chapter two in this thesis will not only be on impaired IO function by
increased excitability but on the change of firing mode towards stronger bursts with increased
frequency. Shifts in firing mode and bursting patterns have been associated with amyloid-beta
accumulation during AD (Chen), 2005; Minkeviciene et al., 2009; Kellner et al., 2014). Other
neurological disorders such as stress (Okuhara and Beck, [1998) and epilepsy (Sanabria et al.,
2001 (Wellmer et al., 2002; Pothmann et al., 2019) show similar burst increase.

An established mouse model of AD is the APP/PS1 model. Mice with the APP and PS1 human
transgenes contain the APP Swedish mutation and PSEN1 with an L166P mutation. They
lead to increased amyloid plaque deposition affecting the surrounding cells (Maia et al., 2013)
which is a hallmark of AD (Chen, 2005; Minkeviciene et al., 2009). Experiments of APP/PS1
mice (in vivo and in vitro, patch-clamp and extracellular recordings) revealed hyperactivity of
CA1 PCs with increased mean firing rate as well as enhanced bursting (Sikova et al., 2014).
The simulations of AD cells in chapter two of this thesis aim to numerically reproduce the data
by Sigkova et al., 2014, see Table[1. Their main prediction was that denervated and therefore

smaller cells would have a higher input resistance and therefore increased excitability. The
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modelling of AD in this dissertation complements the modelling by Sigkové et al.[(2014) with
more realistic synaptic activation comparing effects of the denervated APP/PS1 cells together
with other AD related changes to generally show possible mechanisms of hyperexcitability
(described and published in Mittag et al., 2023)).

Table 1. Single spikes, bursts and triplets in in vivo whole-cell patch-clamp recordings from
CA1 PCs in WT and APP/PS1 mice (from Figure 1 B by Sigkova et al., 2014). Reproduced from
"Modelling the contributions to hyperexcitability in a mouse model of Alzheimer’s disease” (doi:
https:/ /doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L, Remy S, Cuntz H, Jedlicka P and li-
censed under CC BY 4.0 (Copyright Mittag et al., 2023} http:/ / creativecommons.org/licenses /by /4.0/).

Singlets (1AP) Bursts (>1AP) Triplets (3AP)
mean value pyr (Hz) 1.54 0.84 0.16
SE My 0.43 0.22 0.04
mean value papp/ps1 (Hz) 1.47 n.s. 2.06 s. 0.60 s.
SEM spp po 0.51 0.31 0.10

s./n.s. = significant/not significant

Note predominantly burst firing vs. solitary firing in APP/PS1 vs. WT mice, respectively.

There are three major explanations of neuronal hyperexcitability due to alterations in AD
currently found in the literature (Ferrao Santos et al.,[2010; [Zott et al., 2018; Vyas et al., 2020;
Maestu et al.| 2021 [Targa Dias Anastacio et al., 2022): alterations of intrinsic properties by
dendritic degeneration or by ion channel changes, or alterations of extrinsic network properties
by enhanced synaptic excitation-inhibition (£/1) ratio. These three possible explanations are

described below in more detail (see also Mittag et al., 2023).

3.6.1 Morphological changes

A major pathological characteristics of AD is the dendritic structural degeneration of the
neurons (Braak and Braak| 1991; Braak et al., 1993; Anderton et al.,|1998). It has been shown
in humans (Augustinack et al., 2002; Grutzendler et al., 2007; Merino-Serrais et al., 2013) and
in animal models (Grutzendler et al.|, 2007; |Le et al., [2001; Tsai et al., 2004; Moolman et al.,
2004). Thereby, the progression of AD-related degeneration can be found in areas of the brain
(HF with DG, CA1 and Sub) that are important for cognitive functions such as learning and
memory (Spires and Hyman, 2004; |(Grutzendler et al., 2007; Adlard and Vickers, 2002; Falke
et al., 2003; Geula et al} |[1998). Alterations in morphology with a simultaneous decline in
synapse number have previously been linked to AD development (Terry et al., 1991; Masliah
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et al., [1994; Cochran et al., 2014). However, the consequences for cell function as a result
of these changes are unclear. On the one hand, for APP/PS1 mouse model cells a recent
study has suggested that dendritic degeneration in CA1 PCs can potentially lead to enhanced
excitability, i.e. increased somatic firing rates due to stronger and more bursting (Siskova et al.,
2014). An explanation might be the lower input conductance in a shrunken cell suffering from
dendritic degeneration. On the other hand, the known synaptic loss in AD cells might lead to
less excitation and therefore counter exactly the excitability increasing effect of the dendritic
degeneration; as a result the original excitability is maintained as a form of homeostasis
(Platschek et al., 2016, 2017; Cuntz et al., 2021; Mittag et al., 2023). Hence, the AD related loss of

synapses and dendritic degeneration are implemented at the same time in this thesis.

3.6.2 Ion channel changes

The pathological development of AD has been associated with alterations in the intrinsic
excitability with respect to ion channel contributions (Kerrigan et al., 2014). Previous experi-
ments have shown changes in channel densities in AD cells, such as A-type K, voltage-gated
Na*t and delayed-rectifier K+ channels (Good et al., 1996; Kim et al., 2007; Brown et al., 2011}
Scala et al., 2015} |Liu et al., 2015; Wang et al., 2016; Ghatak et al.|, 2019). For instance, for the
A-type K current a reduction in channel expression linked to enhanced excitability has been
observed in AD cells (Chen), 2005; Morse et al., 2010; Culmone and Migliore} 2012; Scala et
al., 2015; Hall et al., 2015} Frazzini et al., 2016; Rodrigues et al., 2017). Further experimental
findings have revealed the influence of the small and large calcium-activated K * channels in
AD mouse models (Beck and Yaari, 2008; Zhang et al., 2014; Wang et al., 2015a,b). Also the
disruption of C'a** signaling and C'a®t channels plays an important role in the pathogenesis
of AD (Bezprozvanny and Mattson, 2008; Bojarski et al., 2008; | Anekonda et al., 2011} Tan et al.}
2012). For AD-related pathologies the L-type C'a*" channel (Anekonda et al., 2011} Berridge,
2014), the A-type K+ channel (Chen, 2005) and Na* channels (Wang et al., 2016, (Ghatak
et al., 2019; Miiller et al.| 2021) have been shown to be involved in burst rate amplification.
Modelling studies (Medlock et al., 2018; |Garg et al., 2021; Mittag et al., 2023) confirm the role of
channels for enhanced burst firing. Evidently, the modification of intrinsic excitability due to
alterations in ion channel expression is well documented in AD. It is important to note that
the effect of every ion channel, on its own and together, on AD development and particu-

larly hyperexcitability is currently unknown. For example, previous studies concerning the
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hyperpolarisation-activated H channel show unclear results, i.e. depending the experiment
the channel density was lower or higher in AD cells compared to control cells (Musial et al.}
2018; |Vitale et al., 2021). The interplay of channel alterations with additional synaptic and
dendritic changes is investigated in this thesis (see also Mittag et al.,[2023).

3.6.3 External network changes

Previous research on AD has further shown alterations in the E/I ratio due to increased
glutamatergic excitation (Busche and Konnerth, [2016; Zott et al., 2019) as well as impaired
inhibition (Busche et al., 2008, 2012; Takahashi et al.,[2010;|Schmid et al., 2016; Palop and Mucke,
2016, Ambrad Giovannetti and Fuhrmann, 2019; Xu et al., 2020; Gervais et al.| 2022; [Ruiter
et al., 2020; Melgosa-Ecenarro et al.,|2022). Especially, changes in the perisomatic inhibition
are noteworthy (Verret et al.,|2012) as they can alter the firing pattern towards more bursts
(Pouille and Scanziani, 2004). The excitatory drive constitutes one of the main determinants of
neuronal firing rate (Frere and Slutsky, 2018). A shift towards synaptic excitation (Roberson
et al.,2011) that increases the E/I ratio may therefore explain enhanced firing rates in AD
during spontaneous activity. Epileptiform disruption of spontaneous neuronal activity in
hippocampal circuits is a typical feature in mouse models of AD (Palop et al., 2007), where
sharp synchronous discharges linked to memory deficits have been observed (Born et al., 2014).
In line with the relevance of enhanced F/I ratio, recent clinical observations suggest that
pharmacological suppression of glutamatergic excitation (by levetiracetam) is a promising
way of improving cognition in AD patients with epileptiform hyperexcitability (Vossel et al.,
2021). CA1l pyramidal neurons are part of a larger network and receive input from CA3 and
the EC. Previous studies have shown hyperactivity in EC for AD pathology models of mice
(Khan et al., 2013; Angulo et al., 2017 Petrache et al., 2019) as well as CA3 (Kazim et al., 2017}
see also computer AD models containing CA1 and CA3 Swietlik et al., 2019). An increased
excitatory network activity in these pre-synaptic areas could therefore spread to CA1 and

contribute to the observed hyperexcitability and burstiness in AD cells (Mittag et al., 2023).

Although these three groups of mechanisms have been proposed to account for AD-related
hyperexcitability, their contributions and mutual interplay are not fully understood. Therefore,
this dissertation takes advantage of the unique feature of biophysical modelling that enables

the investigation of isolated and combined parameter changes. The computational approach
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allows the possibility to disentangle which changes and their contributions to hyperexcitability
in AD are most relevant (Mittag et al., 2023).

3.7 Hippocampal granule cell function: Pattern separation and economy

3.7.1 Pattern separation and information processing

The hippocampus is a brain region associated with encoding memory. One type of memory
is spatial navigation which depends strongly on pattern separation. Several experimental
studies confirm the potential role of dentate GCs in pattern separation (Leutgeb et al.,2007;
Bakker et al., 2008; Neunuebel and Knierim|, [2014; [Yassa and Starkl,[2011; Chavlis and Poirazi,
2017). Thereby, pattern separation is the ability of the GCs to transform similar synaptic inputs
into less similar somatic outputs as IO function. In this dissertation, it is investigated how the
GC pattern separation function together with energy constraints depends on the underlying
biophysical modelling. By comparing the input patterns with the output patterns, a pattern

separation measure can be calculated.

Traditional theoretical measures of pattern separation include the reduction in similarity
between input and output spike time patterns in the DG (Bird et al., 2024), e.g. orthogonali-
sation (Marr, [1969; Rolls, 2013) or decorrelation (Madar et al.,[2019; Guzman et al., 2021). An
increased measure of the distance (e.g. Hamming or Wasserstein) between spike trains is
another common way of quantifying the degree of pattern separation (Chavlis et al., 2017).
Often these measures include the idea that an increase in sparsity is beneficial for pattern
separation. However, it has been shown that increased sparsity in its extreme can lead to a loss
of information to the point of a destroyed pattern (Santoro, 2013; Vineyard et al., 2016; Chavlis
and Poirazi, 2017} Bird et al.,2024). It seems apparent that a more complete pattern separation
measure should therefore include a measure of information content as well. Information
as a mathematically describable quantity had been introduced by Shannon| (1948). Existing
attempts to involve information calculations while investigating the function of the hippocam-
pus still look at both measures, information and pattern separation, separately (Faghihi and
Moustafa, [2015; |Vineyard et al., 2016). Only recently it has been proposed to directly include
information theoretic concepts such as mutual information (MI) or redundancy, that also

measure the information content of the input and output spike trains, for the calculation of
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the pattern separation function (Bird et al., 2024). Originally, according to Shannon| (1948), the
expected information /(X)) in bits of a random variable X can also be called uncertainty or
entropy H(X). It is dependent on the probability p (between 0 and 1) of its potential values

and defined in the following:

;{ )] = E[—logsp(X)] = — Zp(x)loggp(x) (20)

( ) zeX

H(X) = E[I(X)] = E[log,(

Furthermore, the MI of (X, Y') between variables X and Y measures the decrease of uncer-

tainty over Y by knowing about X or vice versa (Shannon, 1948):
Ixyy=H(X)-H(X|Y)=H(Y)-H(Y | X) (21)

With H(X | Y) being the conditional entropy and with Bayes’ rule this yields:

pxy) (T, y)
I ) = Px, Z)’J,ylog (—) .
0= X S to i (R )

Here, p(X,Y), p(X) and p(Y) are the joint and marginal distributions respectively. For inde-
pendent X and Y, I xy) equals 0. This can be applied to neural spike trains with input and
output patterns X and Y. For a combined measure of pattern separation and information

theory this MI is weighted with the number of spikes m, and n, of X and Y to give:

My — Ny

Yo =

Iixy) (23)

T

Next, the redundancy Rx within input spike trains X is considered as the minimum MI
between any part or single train x; and the rest of the ensemble X \z; (Williams and Beer,
2010):

p z5,2:)\ Ly Y
Z P(x\zi,x;) ('T? y)lOQQ < s )( ) ) ) (24)

yEx; p(X\zi)(x)p(ﬂH)(y)

RX:mi_n Z <

zeX\z;

The same holds for the output spike trains Y to calculate Ry. Relative redundancy reduction

as a new measure for pattern separation then means to compare both redundancies and weigh
them with the MI of /(X,Y):

Tr=(Rx — Ry)lxy) (25)
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In this dissertation, the Matlab pattern_separation_toolbox (Bird et al., 2024; see also Eqns. 1, 3, 14
and 16 there) combining information theoretical aspects and traditional distance measures is
used to calculate a robust pattern separation quantity in the DG. Thereby, the marginal and
joint distributions of the input and output patterns are evaluated. They are detailed in the
Methods section.

3.7.2 Pareto optimality of economy and function

The function of a neuron mostly involves the electrical response of it in the form of a specific
dendritic or somatic potential or firing rate. Such function demands material and energy, e.g.
ions have to be transported in and out the cell (Attwell and Laughlin, 2001; Harris et al., 2012).
However, naturally their exists only a limited supply of material and energy for a cell at a given
moment. The cell is put under a constraint, or in other words, has to find an optimal solution
for multiple objectives (Laughlin and Sejnowski, 2003). The neuron can either maximize the
function or minimize the material and energy consumption. Multiple tasks present a problem,
because it is not possible to be optimal at all tasks simultaneously and hence compromises
are necessary. The nerve cell consequently shows trade-offs when performing multiple tasks.
Recent studies on Pareto optimality (Szekely et al., 2013; [Jedlicka et al., 2022) show that it can
be a helpful tool to determine conditions for the best performance of a neuron with multiple
tasks and trade-offs, e.g. low energy consumption, defined as high economy, while showing
high functionality with as little impairment of either as possible (Yu and Yu, 2017; Remme et
al.,2018). The Pareto approach can facilitate the search for optimal solutions by filtering the
parameter space of conditions and introducing a geometrical perspective (Alon, 2006; Shoval
et al.,2012; Sheftel et al., 2013). The Pareto principle reduces the parameter space of a neuron
by removing sub-optimal parameter sets and keeping the parameter sets with an optimal
trade-off. At the same time, the feature or performance space of the relating tasks is reduced
to a low-dimensional hyperspace of Pareto optimal solutions, the so called Pareto front. A
neuron is called Pareto optimal in performance space as well as parameter space when no
other neuron can outperform it in all tasks at the same time (Szekely et al., 2013; Jedlicka et al.|
2022); the improvement in one task would mean an impairment in another task. By comparing
the performance of all possible neurons and applying the Pareto optimal criterion the Pareto
front is constructed. For two tasks the Pareto front necessarily is a line which connects both

tasks, no matter how many parameters are involved in the optimization.
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O GC model with different
ion channel expressions

Archetype 1

Task 1: Economy
(negative ATP
energy count)
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- Pareto front

Archetype 2
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Figure 6. Pareto optimality in performance space for two competing tasks of economy and pattern
separation for GCs

Different conditions (e.g. various ion channel configurations in GCs, circles) potentially lead to varying
performances of the desired tasks (e.g. economy and pattern separation). Optimal conditions cannot
be outperformed in all tasks at the same time. They are called Pareto optimal and constitute the
Pareto front (black line, Jedlicka et al.,2022). The Pareto front is a barrier beyond which by definition
no possible solution exists. Extremes favouring one task in particular are called archetypes, other
solutions in between and on the front are called generalists.

Figure [6|shows an example of the overall Pareto front (black) for the two-task optimisation of
economy and pattern separation performance. The different models (circles) arise for different
parameters of the biophysical features, i.e. ion channel expressions. In this dissertation, the
two tasks of energy economy and pattern separation function for dentate GCs are compared

for a population of models.
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3.7.3 Neurogenesis in the hippocampus

The GCs of the DG, individually and in their integrated network, undergo changes during
their lifetime. In this dissertation, for instance, the important process of adult neurogenesis
is considered and its effect on excitability and IO function is investigated (Jessberger and
Kempermann, 2003; Kempermann et al., 2004). Adult neurogenesis in the DG entails the
continuous creation of new GCs (= abGCs) which show different electrophysiological chara-
teristics and increased excitability as well as plasticity (Schmidt-Hieber et al., 2004} Ge et al.,
2007; Mongiat et al., 2009; Beining et al., 2017; | Doan et al.,2019). Importantly, only few brain
areas exhibit neurogenesis. Besides the DG of the hippocampus, it was found to occur also in
the lateral subventricular zone, an important area for olfactory function especially in rodents
(Alvarez-Buylla and Garcia-Verdugo, 2002). In humans and other mammals, it is debated if
neurogenesis is a lifelong process or possibly stops at some point, which would have severe
effects on hippocampal function (Kuhn ef al.,|1996; Kempermann ef al.,2015). In particular, the
importance of abGCs is manifested in their functional role in memory formation including
pattern separation in the hippocampus (Clelland et al., 2009; Johnston et al., 2016). Impaired
neurogenesis therefore is linked to neurological disorders, such as AD and stress, affecting the
memory function (Gould and Tanapat, [1999; Moreno-Jiménez et al., 2019). On the good side,
neurogenesis can be stimulated and as a result improve function again (Van Praag et al., 1999;
Gould et al} [1999). Clearly, neurogenesis is an important process in the brain. However, how
newly formed GCs are integrated in the memory and pattern separation function is not fully
understood yet (Kempermann, 2002; Lopez-Rojas and Kreutz, 2016} Johnston et al., 2016).

In chapter three of this dissertation, the physiological changes in the DG due to neurogenesis
on a single cell level are investigated, particularly the integration of new GCs with regard to

their pattern separation performance under energy constraints.
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3.8 Scope of the thesis and research questions

The overall aim of this dissertation is to get a deeper understanding of the dependence of the
IO relationship in hippocampal nerve cells on dendritic structural differences and intrinsic ion
channel mechanisms between neuron morphologies. Therefore, the focus of this dissertation
is on finding underlying principles and mechanisms at the intersection of morphological and
biophysical compartmental modelling with respect to IO function of hippocampal nerve cells
including the polar perspectives of optimal and pathological conditions. This is represented

in the three major, complementary investigations in this dissertation.

In chapter one, I investigate the general principle of “dendritic constancy” for several well-
known active compartmental models of PCs. It has been shown previously that there exists
a passive backbone of equalising neuronal activity independent of dendrite morphology
(i.e. dendrite size and shape) under the condition of distributed synaptic activation, called
dendritic constancy (Cuntz ef al., 2021). However, it is unclear if the dendritic constancy
principle holds for more realistic, active models with voltage-dependent ion channels as well.
The goal in the first chapter therefore is to test the length- and morphology-invariance in
realistic biophysical models. To that end, I implement two compartmental models, namely
by |Poirazi et al. (2003b) and Jarsky et al.| (2005). Specifically, non-linearities are added to the
models such as NMDA synapses and realistic, heterogeneous synaptic weight distributions to
examine the robustness of the IO function. In addition to distributed (nonclustered, whole cell)
synapse placement, also clustered synapses are added and investigated. Finally, in order to test
the generalisation of the dendritic constancy claim, I implement a third compartmental model
by |/Almog and Korngreen| (2014) describing cortical PCs. In all conditions in the first chapter,
I examine the activity of nerve cells with respect to their dendritic length independence,

according to dendritic constancy.

In chapter two, I apply the dendritic constancy principle to pathological cells. In particular,
I investigate the enhanced activity (hyperactivity) in an Alzheimer’s disease (AD) model
in mouse CA1 PCs. It is known, that AD can lead to both, hyperactivity and dendritic
atrophy. In this second chapter, I therefore aim to answer the question if there is a causal
link between both pathological features. Again, I employ the two compartmental models
by |Poirazi et al. (2003b) and Jarsky et al.|(2005) from chapter one to perform the simulations.

Three major input pathways are investigated separately to check for selective gating of layer-
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specific input. Moreover, other intrinsic and extrinsic mechanisms and possible contributors
to the AD-related hyperactivity that have been observed in the literature are investigated.
In summary, in the second chapter of this thesis I study four distinct modifications of the
nerve cells (and their combinations) that may contribute to enhanced firing and bursting:
morphological changes (dendritic degeneration), increased network activity that leads to
an increased burst input to the neuron, increased excitation to inhibition ratio due to less
inhibitory input and concomitant increased network activity via upregulated excitatory input

frequency, and intrinsic alterations of the ion channel contributions.

In chapter three, I extend the investigation of the cell function further to the GCs of the DG. The
goal is to include information-theoretical and pattern separation measures as well as energy
constraints when comparing the IO function of the cells. I use the concept of Pareto optimality
to analyse the performance of both pattern separation and economy at the same time as a
two-task optimisation problem. To perform the simulations, I implement a compartmental
GC model based on Beining et al.|(2017). It is compared to a population of GC models with
varied ion channel compositions but similar somatic behaviour, in line with the concept of
degeneracy. In addition, in this third chapter I examine newly formed, abGCs containing
intrinsic (ion channel) and extrinsic (synaptic input) alterations compared to the mature and
already integrated GCs. Finally, I investigate the underlying mechanisms that influence the
optimisation of the IO function of the GCs. The results reveal that the overlap of the potassium

and sodium currents play an important role for economy and pattern separation performance.
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4 Materials and Methods

The Methods section describes how I investigated the research questions of this dissertation
with computational models and what simulations I subsequently performed with them in
detail. First, an overview of the morphological data sets employed in each chapter of this
thesis is given in 4.1. The reconstructed cells had to undergo some form of manipulation before
being usable. The ensuing section 4.2 then gives a specification of how the active ion channel
models (four models in total) were inserted into the morphologies. These models depend
on the cell type and differ in complexity. They constitute the core modelling part of this
dissertation to answer the question of how IO function is affected in particular hippocampal
nerve cells. The focus is thereby on realistic synaptic activation. It is described in detail for
all three chapters of the thesis in the following section 4.3. For chapter two, intrinsic (ion
channel expression) and extrinsic (E/I relation) conditions were manipulated for plausibly
explaining hyperexcitability in AD PCs. Hence, all modifications are described in section 4.4.
In the final sections (4.5 and 4.6) ATP calculations are derived to asses the energy economy
of the cells and a pattern separation measure is applied to the cells to assess their function.
Both quantitative measures are important tools for the third chapter to investigate the cells’

multi-objective performance.

Morphological analysis was performed in Matlab (Mathworks Inc, version 2018a) using the
software package of the TREES toolbox (Cuntz et al., 2011} www.treestoolbox.org). All
passive and active compartmental model simulations were run in NEURON (Hines and
Carnevale, 2004) via a newly developed software to control NEURON with Matlab and the
TREES toolbox, the TREES-to-NEURON (T2N) interface (Beining et al.,2017).
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4.1 Morphological models

In chapter one of this thesis, reconstructions of rat hippocampal PC morphologies (n = 105,
examples in Figure [7] A) from NeuroMorpho.Org (Ascoli et al.,[2007) were used, that were of
sufficient quality. This entails a complete profile in morphological diameters and enough
information in the z-dimension (with no abrupt jumps). After applying these criteria the
dendrite diameters were normalised to 1;m (local diameter divided by total average diameter).
To generalize the claim, cortical rat PCs were included with another active biophysical model
by Almog and Korngreen| (2014). The reconstruction data set (n = 20, examples in Figure 7| B)
from Korngreen available on NeuroMorpho.Org was used.

Figure 7. Rat hippocampal and cortical PC dendrite reconstructions used in chapter one

A, Seven example reconstructions of rat hippocampal PC morphologies (n = 105 in total) from
NeuroMorpho.Org (Ascoli et al., 2007). B, Seven example reconstructions of rat cortical layer five (L5)
PC morphologies (n = 20 in total) from NeuroMorpho.Org (Ascoli et al., 2007).
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In chapter two of this thesis, a data set that included 59 mouse hippocampal CA1 PC mor-
phologies from 10-14 months old WT (n = 31) and APP/PS1 (n = 28) mice was employed
(Siskova et al., 2014). The 3D reconstructions were loaded into Matlab and rigorously re-
viewed to exclude graphical artefacts and unrealistic morphological inconsistencies. The
morphologies therefore had to be prepared before analysis: unrealistic nodes and trifur-
cations were removed (repair_tree, clean_tree) and corrected for abrupt shifts in the
z-axis (zcorr_tree, smooth_tree). Separated partial trees of basal and apical regions
were concatenated. To map discretised compartments to the original morphology recon-
structions, all compartmental nodes were distributed to have equal distance of 1m for a
high spatial resolution (resample_tree). The diameter distribution of the dendrites in
each morphology was adjusted to follow realistic values and account for the lack of di-
ameter information in the original data. Therefore the dendrites were tapered (quadratic
taper: quadfit_tree, quaddiameter_tree as in Cuntz et al., 2007). As shown in Mit+
tag et al. (2023) and in Figure [§| statistical comparison of average dendritic path length
(WT 5.19 £ 1.75mm, APP/PS1 4.00 & 1.22mm, p = 0.00380), number of branching points
(WT 52.16 4+ 17.79, APP/PS1 41.61 + 11.67, p = 0.0100) and dendrite surface area (WT
0.026 &= 0.008mm?2, APP/PS1 0.02 £ 0.007mm?, p = 0.00708) between WT and APP/PS1 model
cell groups displayed significant differences. In contrast, the average dendritic diameter
was equal for both cell groups (WT 1.6 & 0.24um, APP/PS1 1.57 £ 0.23um, p = 0.603). This
value is unrealisticly high as PCs typically depict an average dendritic diameter of 0.8um
(Benavides-Piccione et al., 2020). Consequently, the dendrites were normalized to a reduced
average diameter of 1pum (Cuntz et al., 2021). An artificial cosine shaped soma was added
to the dendrites as none of the reconstructions included an original soma. The soma com-
partments had a surface area of 560um? (=~ 4 - 137um?, which is the soma perimeter) and a
maximum diameter of 10pm, corresponding to the typical average size of somata in pyramidal
neurons (Benavides-Piccione et al., 2020). An artificial axon was created as well. It consisted of
cylindrical compartments totaling a length of 630m with an average diameter of 0.5um. The
axon hillock, initial segment, five nodes of Ranvier and myelination were specific sections

included in the axon (Benavides-Piccione et al.,[2020).
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Figure 8. Reconstructed WT and APP/PS1 CA1 mouse PCs and their morphological measures

Reproduced Figure 1 A from “"Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http://creativecommons.org/licenses/by/4.0/): Left, sorted distribution of the dendritic length
of all reconstructed PCs (Siskova et al.,[2014). Black denotes the WT cell, orange the APP/PS1 cell and
grey is the basal portion. Right, the comparison of average dendritic path length, number of branching
points and dendrite surface area shows significant differences depicted by the asterisks.

Most published cell models have been created by inserting ion channels into just one specific
cell. However, one of the tasks of this thesis was to investigate the effect of morphological
differences of many cells. In order to apply ion channel models for various morphologies
of different sizes and shapes, the passive and active mechanisms must be distributed in a
coherent manner. Therefore boundaries for the anatomical layers of the hippocampus and
regions of the dendritic tree, in which the ion channels are embedded, had to be defined in
a normalised way. Accordingly, the layers stratum oriens (SO), stratum radiatum (SR) and
stratum lacunosum-moleculare (SLM) comprised 40%, 40% and 20% of the cell’s dendritic
length (Bannister and Larkman), 1995; Trommald et al., 1995; Megias et al.,[2001). Below the
SO/SP axis reside the basal dendrites, above the apical dendrites. Within the apical dendrites
the dendritic portion between SO/SP boundary and SR/SLM limit was 2/3 of the total apical
length. Important points for distance dependent electrotonic properties and active channels
along the somato-dendritic axis are present at approximately 8% (proximal SR), 48% (middle
SR), 67% (distal SR, same as the SR/SLM boundary) and 85% of total apical length (based on
experiments from Carnevale et al.,[1997; Pyapali et al.,[1998; Megias et al., 2001 Golding et al.,
2005; Bezchlibnyk et al., 2017; found on NeuroMorpho.Org). Branches with a majority of nodes
below the SR/SLM boundary were part of the trunk subregion for the main apical dendrite or
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peritrunk/oblique with further orthogonal distance to the trunk (after 50xm). Branches with
most nodes above the SR/SLM limit were part of the tuft.

The data used in chapter three of this research thesis came from 2 — 4 months old C57BL/6
mice (n = 8, Schmidt-Hieber et al., 2007) and 11 — 12 months old adult male Thyl — GF'P
transgenic mice (n = 15, Vuksic ef al| [2011) as shown in Figure [9) A and B respectively.
The compartmental model by [Beining et al.| (2017) was implemented for the mature GCs
(mGCs). An altered model version was used for the newborn GCs (same morphologies with
modified channel expression and synaptic connectivity). The abGCs are highly dynamic in
their dendritic structure during maturation. Between 4 — 6 weeks after birth the total dendritic
length stabilises and the cells show increased plasticity (Ge et al., 2007; Kim et al., 2012). At
around 8 weeks they are fully matured and integrated in the GC network. Therefore, the
time period considered here in the thesis for abGCs is between 4 — 8 weeks from birth. The
GCs from the Schmidt-Hieber lab had reconstructions that contained dendrites, somas and
axons. The GCs from the Vuksic lab however only contained reconstructed dendrites and
somas. For that reason, the same example axon coming from the Schmidt-Hieber data was
accordingly attached to all dendrites from the Vuksic data set. GCs typically show a layered
structure (granule cell layer and inner-, middle- and outer molecular layer) which was added
to all cells according to |Beining et al. (2017). This is important to insert region dependent ion
channel densities. Finally, similar as in part one and two of the thesis for PCs, also the GCs

were normalised to 1pm regarding the average dendritic diameter.

A A AAA A
\AAAAA Y

Figure 9. Mouse hippocampal GC dendrite reconstructions used in chapter three

A, Seven example reconstructions of mouse hippocampal GC morphologies (n = 8 in total) from
Schmidt-Hieber et al.| (2007). B, Seven example reconstructions of mouse hippocampal GC morpholo-
gies (n = 15 in total) from Vuksic et al.| (2011).

41/[153



Thesis Martin Mittag

4.2 Compartmental cell models

4.2.1 CA1models by Poirazi et al. and Jarsky et al.

First, a biophysically realistic model based on the model developed by Poirazi et al. (2003b,a)
was implemented (see model #20212 in ModelDB |Hines and Carnevale, 2004; McDougal et al.,
2017) and ported to T2N as in Cuntz et al.| (2021) and |Mittag et al. (2023). The model by Poirazi
consisted of active and passive membrane mechanisms. In total, it included 16 different ion
channels which were mostly heterogeneously distributed with dendritic distance to soma (see
region dependence in Figure 10| A and C). The maximum length of the apical trunk of the
original cell model by Poirazi was 423.75um, a point at which the conductance values of the
distance dependent channels reached a maximum. According the subregion devision above,
this value was different for each of the reconstructed cells. Every individual cell received a
rescaled channel distribution in order to have a distance relation of the channel conductances
that would lead to identical channel densities at the beginning (soma) and end (tuft) of the
apical depth compared to the original cell (Figure (10| B). The division of the dendritic tree
into subregions necessary for channel distribution followed the typical regions in PCs: basal

dendrites, soma, trunk, apical dendrites (oblique, peritrunk, tuft) and axon.

Second, a further CA1 PC model by Jarsky et al.| (2005) was implemented (see model #116084
in ModelDB and the publications Cuntz et al., 2021/ and Mittag et al., 2023). The properties
consist of homogeneous passive parameters for the whole cell and four active ion channels,
namely a voltage-gated sodium conductance, a delayed-rectifier potassium conductance and
a proximal and distal A-type potassium conductance (increased half-inactivation voltage).
Both A-type potassium conductances followed a channel distribution depending on apical
path distance from the soma with a maximum conductance in the tuft that was six times
higher than in the soma (Figure [11). Therefore, different morphologies had a different slope
of the ascending channel distribution which was rescaled in a similar manner as the distance
dependent channels in the model by Poirazi et al. (2003b) as described above. The sodium
and delayed rectifier conductances however had a simple homogeneous distribution with low

excitability.
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Figure 10. Ion channel distribution according to the model by Poirazi et al. (2003b)

Reproduced Figure 2 from "Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ / creativecommons.org/licenses/by/4.0/): (See next page)
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Figure 10. (continued) A, Division of the dendritic tree into layers and subregions. The boundaries
between different parts correspond to changes in the electrotonic properties and ion channel densities.
B, Ion channels are non-linearly distributed depending on the distance to soma. For diverse CA1 PCs
with different morphologies and sizes the channel distribution had to be rescaled accordingly. Top:
Trunk of the original cell. Bottom left: cell with an apical trunk half the size of the original. Resampling
of the original laminar depth. Bottom right: Adjustment of the laminar depth to fit the new trunk
size. C, Ion channel distribution within the CA1 PC depending on dendritic region according to the
biophysical model by |Poirazi et al. (2003b). Left: exemplary morphology. Right: Distribution of ion
channel density. The relative thickness of the lines indicates the channel density.

All NEURON channel models were used with no modification. The division of the dendritic
tree into subregions needed for the models channel distribution followed the typical sublayer
division of PCs as described above: basal dendrites, soma, proximal SR, middle SR, distal SR,
tuft and axon. Furthermore, the model by Jarsky et al.| (2005) consisted of a passive method to
correct for the missing implementation of actual spines: the specific membrane capacitance
was scaled with 2 and the specific membrane resistance for regions above the distal SR with
0.5.
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Figure 11. Ion channel distribution according to the model by Jarsky et al. (2005)

Reproduced Figure 3 A from “Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ /creativecommons.org/licenses/by/4.0/): Ion channel distribution within the CA1 PC de-
pending on dendritic region according to the biophysical model by Jarsky (Jarsky et al., 2005). Left:
exemplary morphology. Right: Distribution of ion channel density. The relative thickness of the lines
indicates the channel density.
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Both models (Jarsky et al., 2005; |Poirazi et al., 2003a,b) have been tested and verified during
their development via comparison to in vitro experiments. In this thesis however, a different
computational tool is used (T2N, Beining et al., 2017; |Cuntz et al., 2021; Mittag et al., 2023)).
Therefore, it was important to test the behaviour of the implemented models to match the orig-
inal ones and get equal results with no significant differences. In total, ten electrophysiological
properties were calculated and analyzed between the cell models built in NEURON and T2N
resulting in comparable values with small deviation (see Table . Furthermore, both models
were implemented in an additional set of rat hippocampal CA1 PC morphologies (acquired
2018 NeuroMorpho.org database) and compared to experiments (acquired at NeuroElectro.org
database).

Table 2. Comparison of electrophysiological features between the original NEURON models (Poirazi

et al., 2003albj Jarsky et al., 2005) and their T2N versions, and between NeuroMorpho models and Neu-
roElectro data. Adapted from ”A general principle of dendritic constancy: A neuron’s size- and shape-
invariant excitability” (Reference: |(Cuntz et al., 2021} doi: https://doi.org/10.1016 /j.neuron.2021.08.028)

by Cuntz H, Bird AD, Mittag M, Beining M, Schneider M, Mediavilla L, Hoffmann FZ, Deller T,

Jedlicka P in Neuron, 2021, and licensed under an Elsevier user license (Copyright Elsevier Inc. 2021,
https:/ /www.elsevier.com/about/policies-and-standards/open-access-licenses/ elsevier-user).

Spiking Poirazi: Poirazi: Poirazi: Jarsky: Jarsky: Jarsky: Neuro-
features Original | T2N Neuro- Original | T2N Neuro- Electro
model version Morpho model version Morpho data
(rat) model (rat) model (rat)
Input Resis- 65.25 64.16 53.92 67.72 68.46 70.37 107.00
tance (M) +14.21 +40.64 +77.58
Total Capaci- 115.60 110.88 232.20 81.84 80.93 143.10 89.80
tance (pF) +61.11 +43.71 +53.65
Time 11.02 12.68 9.70 7.74 7.59 9.34 24.50
Constant (ms) +1.12 + 1.67 +21.49
Resting Poten- —68.40 —68.40 —69.13 —71.95 —72.25 —73.21 —65.23
tial (mV) +0.28 +0.37 +4.89
Spike Thresh- —58.60 —58.51 —42.84 —62.92 —62.30 —50.75 —47.60
old (mV) +0.53 +1.64 +7.73
Spike Ampli- 80.00 77.88 35.74 97.93 97.51 83.65 86.36
tude (mV) +1.61 +2.00 +12.26
Spike 21.11 19.33 —7.01 34.93 35.05 32.90 31.74
Peak (mV) +1.61 +2.83 +13.29
Spike 1.77 1.75 1.10 0.82 0.82 0.81 1.32
Width (ms) +0.06 +0.06 +0.61
AHPHAmpli- 1.67 1.30 2.01 5.80 7.28 16.03 6.96
tude (mV) +1.36 +4.02 +5.22
Rheobase (pA) 120 130 460 130 150 440 189
+110 + 140 £ 287

! Afterhyperpolarisation
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Subsequently, the two validated biophysical models by Jarsky et al.| (2005) and [Poirazi et
al.| (2003b) were implemented in reconstructed morphologies from WT and APP/PS1 mice
(see Table 3| for their electrophysiological features and [Sigkova et al., 2014) and used in all
simulations in chapter two of this thesis (Mittag et al., 2023).

Table 3. Major electrophysiological features of the two biophysical models (Poirazi et al., 2003alb; [Jarsky
et al.,2005) implemented in reconstructed WT and APP/PS1 PC morphologies (mice) using T2N. Repro-
duced from “Modelling the contributions to hyperexcitability in a mouse model of Alzheimer’s disease”

(doi: https://doi.org/10.1113/JP283401) by Mittag M, Mediavilla L, Remy S, Cuntz H, Jedlicka P and li-
censed under CC BY 4.0 (Copyright Mittag et al., 2023, http:/ /creativecommons.org/licenses /by /4.0/).

Spiking features Poirazi: Poirazi: Jarsky: Jarsky:
WT APP/PS1 WT APP/PS1
model cells model cells model cells model cells

Input 117.04 133.70 212.05 262.68

resistance (M 2) +22.11 +33.15 + 60.74 +94.45

Total 96.92 75.85 54.22 41.68

Capacitance (pF’) 4+ 31.55 + 20.42 + 18.88 +12.37

Time 9.29 8.34 12.51 12.90

Constant (ms) +1.10 +0.90 +1.30 +1.92

Resting —68.39 —68.40 —71.38 —71.38

Potential (mV) +0.20 +0.34 +0.29 +0.47

Spike —60.07 —59.99 —53.80 —55.57

Threshold (mV) +0.34 +0.16 +5.30 +5.98

Spike 81.04 82.25 89.56 91.37

Amplitude (mV) +3.02 +3.26 +5.75 +6.11

Spike 20.97 22.25 35.75 35.80

Peak (mV) +3.05 +3.30 + 1.66 +1.17

Spike Width 1.46 1.43 0.79 0.79

(at —30mV,inms) +0.11 +0.06 +0.05 +0.04

AHPU 1.40 1.31 17.05 14.91

Amplitude (mV) +0.20 +0.26 +5.83 +6.90

Rheobase (pA) 33+ 14 28 +12 119 £+ 38 95+ 35

4.2.2 Cortical cell model by Korngreen et al.

Additionally to the two hippocampal models by [Jarsky et al. (2005) and Poirazi et al. (2003b),
a third active model for PCs was implemented. The model by Almog and Korngreen| (2014)
was ported to T2N in a similar manner as the models above. A specific feature of this model
is to produce dendritic and NMDA spikes in cortical rat L5 PCs which has been shown in
previous experiments. As described in Cuntz et al.|(2021), the model includes eight voltage-

and calcium-gated ion channels: a slow inactivating K* channel, a fast inactivating K* channel,
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a hyperpolarisation-activated Ih channel, a Na" channel, a high voltage-activated (HVA)
Ca”" channel, a medium voltage-activated (MVA) Ca** channel, a small-conductance Ca**-
gated K* (SK) channel and a large-conductance Ca2+-gated K" channel (BK). The conductance
distribution in the dendrites decreases exponentially with somatic distance for the potassium
channels and the h channel. The remaining channels show a linear decrease with somatic
distance. Again, the channels were adapted in a similar manner as with the models above
in order to ensure the same distance relation and maximum values in all cells with different
morphologies and sizes. Note, though, that in contrast to the hippocampal models the distance
dependent conductances here in the cortical model decay with increasing distance to soma,
partially in an exponential and not linear way. The passive and active model parameters fall
within the values of Almog and Korngreen! (2014) and lead to similar behaviour (compare
electrophysiological features and model validation in Table [4). Though the capacitance is
higher and input resistance lower, respectively, in the original cell, since it was much bigger
than the average of the data set used here.

Table 4. Spiking features of the model by Almog and Korngreen|(2014). Reproduced from ”A general

principle of dendritic constancy: A neuron’s size- and shape-invariant excitability” (Reference: Cuntz ef

al., 2021, doi: https://doi.org/10.1016 /j.neuron.2021.08.028) by Cuntz H, Bird AD, Mittag M, Beining

M, Schneider M, Mediavilla L, Hoffmann FZ, Deller T, Jedlicka P in Neuron, 2021, and licensed under

an Elsevier user license (Copyright Elsevier Inc. 2021, https://www.elsevier.com/about/policies-and-
standards/open-access-licenses/elsevier-user).

Spiking features Original model T2N version L5 morphologies
Input resistance (M) 6.56 6.16 21.35+9.3
Total Capacitance (pF) 111.72 112.61 53.10 4 22.42
Time Constant (ms) 1.3 1.43 1.31+£0.26
Resting Potential (mV') —71.3 —71.03 —69.84 £6.5
Spike Threshold (mV’) —67.5 —66.6 —64.9£0.84
Spike Amplitude (mV) 75.6 75 85.7+4.5
Spike Peak (mV') 8.1 8.35 20.8 +5.1
Spike Width (at —30mV/, in ms) 0.68 0.64 2.03+0.74
AHPT Amplitude (mV) 1.65 2.1 3.6 L0.84
Rheobase (pA) 500 500 270 £ 90

4.2.3 GC model by Beining et al.

For the GCs the compartmental model from Beining ef al. (2017) was used. It consists of

16 voltage-gated ion channels including region- and voltage-dependent Na*, K* and Ca**
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channels as well as calcium-dependent K* channels (SK, BK). Ion channel distribution and
layer dependence is shown in Figure[12| This GC model was further employed to create a
population of models to study the impact of the model itself on the GC function. In total, 20000
GC models were generated by variation of 27 parameters, especially the channel conductances,
in a range of [0, 2] times the original value, as shown in Schneider et al. (2023). Approximately
7% of the model population could be considered “good” regarding a Fiitness function (F' < 2)
that calculated the closeness of the electrophysiological behaviour to experiments (Schneider
et al.,2023). Additionally, reduced and valid models of just 9 channels were generated and
compared. From 20000 reduced GC models only 3% had a Fitness function of F' < 2. The
robustness, i.e. the ability of the model to still generate realistic behaviour under perturbations,
of each model set and performance was investigated. Thereby, channel noise of £5%, £15%
to £25% and +£45% to £55% was added respectively. In order to simulate abGCs, the same
reconstructed morphologies as for the mGCs were applied but with decreased synaptic
density (40%, see schematic in Figure 28/ top) and (partially) blocked channels (Kir, Kv, BK
channels) according to literature (Mongiat et al., 2009; Beining et al.,|2017). Table [5/shows
electrophysiological features comparing the mGC and abGC models.

4.2.4 Leaky-integrate-fire model

As a fast toy model without actual ion channels but with the dendritic morphology included,
a leaky-integrate-fire (LIF) model was implemented by using the LIF_tree function from the
TREES toolbox (Cuntz et al., 2007). The LIF model induced distributed synaptic conductances
into the morphologies and calculated the resulting local voltage change. Synaptic conduc-
tances followed a double exponential (1, = 0.4ms, 7, = 2.5ms). G, was scaled with Geqe
according to Equation (10, Time constant 7, and membrane conductance G,, were varied with
scale = [0.2,0.5, 1, 2, 3] to generate a population of LIF models. When the voltage at the root
exceeded the threshold of V};, = 10mV an AP was generated; afterwards the voltage was set
again to V, = OmV.
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Figure 12. Ion channel distribution according to the model by Beining ef al. (2017)

Reproduced Figure 2 A from “T2N as a new tool for robust electrophysiological modeling demon-
strated for mature and adult-born dentate granule cells” (doi: https://doi.org/10.7554/elife.26517)
by Beining M, Mongiat LA, Schwarzacher SW, Cuntz H, Jedlicka P and licensed under CC BY 4.0
(Copyright Beining et al., 2017, http:/ / creativecommons.org/licenses /by /4.0/): A, Left: Ion channel
distribution within the GC from the mouse DG depending on cell region (OML, outer molecular layer;
MML, middle molecular layer; IML, inner molecular layer; soma; axon; AIS, axon initial segment).
The relative thickness of the lines indicates the channel density. Right: Three exemplary reconstructed
mouse GC morphologies from |Schmidt-Hieber et al.| (2007).

Table 5. Spiking features of several GC model cells with Beining et al. (2017) implementation

Spiking features Schmidt-Hieber Vucsic et al. adult born
GCs WT GCs GCs
Input 207.92 214.83 208.59
resistance (M) +17.93 +10.93 +17.55
Total 50.79 45.81 50.88
Capacitance (pF) +7.99 +4.70 + 8.03
Time 25.03 25.54 25.25
Constant (ms) +0.77 +0.49 +0.89
Resting —89.79 —89.82 —87.43
Potential (mV) +0.04 +0.04 +0.04
Spike —44.61 —44.04 —44.61
Threshold (mV) +1.10 +0.30 +1.20
Spike 76.55 86.37 76.68
Amplitude (mV) +9.30 +7.95 +9.02
Spike 31.94 42.33 32.07
Peak (mV) +9.72 +7.91 +9.50
Spike Width 1.54 1.16 1.52
(at —30mV, in ms) +0.42 +0.24 +0.41
AHPU 5.87 5.65 5.19
Amplitude (mV) +0.17 +0.12 +0.16
Rheobase (pA) 55.75 + 9.38 49.27 £5.12 46.50 £ 7.62
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4.3 Excitatory and inhibitory synapses and their activation

In both active compartmental CA1 PC models by Jarsky et al.|(2005) and Poirazi et al.| (2003b),
the cortical L5 PC model by Almog and Korngreen! (2014) and the DG GC model by Beining et
al.| (2017) excitatory, glutamate Alpha-amino-3-hydroxy-5-Methyl-4-isoxazole-Propionic Acid
(AMPA) synapses were implemented along the dendrites. They constitute the main signal
transfer of the neurons. The synapses were realised as time-dependent conductances following
a dual-exponential with rise time constant of 7; = 0.2ms and decay time constant of 7, = 2.5ms
(Cuntz et al., 2021; Mittag et al., 2023). Thereby, the reversal potential sat at 0mV (Exp2Syn
NEURON object). In chapter one of this thesis, for all simulations with homogeneous synapse
distribution, the synaptic weights had a strength between 0.2n.5 (low conductance) and 0.8n.5
(high conductance state) and the synapse density was 1 - synapse/um. In chapter two, the

synaptic weights were reduced to 0.1n.S and the density to 0.5 - synapse/um.

With increased model complexity more biological details were incorporated. Consequently,
N-Methyl-D-Aspartate (NMDA, another glutamate receptor) synapses were included with
a voltage-dependence that is non-linear. They consisted of a magnesium block which could
be released with strong enough depolarisation. Compared to AMPA synapses the NMDA
synapses had slower exponentials with rise time constant of 7, = 0.33ms and decay time
constant of 7, = 50ms with the same reversal potential of 0mV (Exp2nmda2 NEURON object
based on Krueppel et al., 2011). The NMDA synapses resided at the same location as the
AMPA synapses and therefore had the same density distribution and were excited by the same
presynaptic Poisson input. In chapter two, as a control experiment, the decay time constant 7,

was increased as a possible consequence of amyloid-3 accumulation.

As a third group of synapses, inhibitory GABA-A (Gamma-Aminobutyric Acid) synapses
were added. They were modeled with the Exp2Syn function (similar to AMPA synapses)
but with a negative equilibrium potential. In chapter one, their reversal potential varied
between —80mV and —65mV as a control experiment (Cuntz et al., 2021). In chapter two,
it was constant at —70mV’. The weights of the GABA-A synapses in chapter one had, as a
simplification, the same strength as the AMPA synapses. In chapter two, a more realistic
strength of 2n.S was implemented (Bloss et al., 2016; Mittag et al.,|2023). In chapter three no

inhibition was added.
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For chapter one, with respect to the theoretical calculations (see Introduction), it was necessary
to employ a homogeneous synapse distribution. For chapter two and three, more realistic,
inhomogeneous synaptic distributions for the densities of the AMPA, NMDA and GABA-
A synapses were implemented. Each subregion of the dendritic tree displayed a different
synaptic density with respect to experimental data from Megias et al.| (2001); Sigkova et al.
(2014); Bloss et al.| (2016) for the hippocampal PCs and proportional to Schmidt-Hieber et al.
(2007) for the dentate GCs. For pathological AD cells in APP/PS1 morphologies the AMPA
density in the tuft region was reduced to 82.3% of WT synapse density as seen in experiments
by Sigkova et al.|(2014). Furthermore, the synaptic weights were inhomogeneously distributed
as well. The apical synaptic weights in CA1 PCs generally increase for AMPA synapses and
simultaneously decrease for NMDA synapses with increased path length to soma (Magee
and Cook, 2000; [Katz et al., 2009; Kim et al., 2015; Mittag et al.,[2023). Therefore, in chapter
one, the AMPA synapses were scaled linearly with a factor between 0.8 and 1.2 of the original
value along the apical center line with the maximum value at the longest distance from
soma (Cuntz et al., 2021). In chapter two, the AMPA synapses increased with the relation
gampa = (0.4 + p) - scale aprpa for the conductance values with scaley pa = 0.1n.S and p the
path-length from soma to synapse location x divided by the maximum path-length of the PC
p = path(z)/mazx(path(cell)). Additionally, the NMDA synapses decreased with the relation
gnmpa = (1.2—0.4-p)-scalenrrpa with scalenypa = 0.1nS (Mittag et al., 2023). The respective
slopes of the weight distributions were calculated beforehand by injecting depolarising inputs
to the PC trunks. Subsequently the weights were changed with respect to soma distance to
ensure similar somatic answers and EPSPs. This is in accordance with experiments and the
principle of dendritic democracy (Magee and Cook, 2000; Hausser, 2001). In contrast, synaptic
weights in the tuft area of CA1 PCs are constant (Bittner ef al., 2012) and take the maximum
value of the AMPA and NMDA conductances as calculated above. Finally, in chapter two
and three, lognormal (hippocampal PCs: ;1 = —1.5,0 = 0.9, dentate GCs: ;1 = —2.2,0 = 0.5)
distributions were added to the excitatory conductances (weighted with scaleppa/2 and
scalennrpa/2 respectively) to increase their variability and convert the weights into a more
realistic distribution with mostly weak and just a few strong synapses (Mittag et al., 2023, PCs:
Ballesteros-Yanez et al., 2006[ |Arellano et al., 2007; Katz et al., 2009 Benavides-Piccione et al.,
2013; Bromer et al., 2018, GCs: Jungenitz et al., 2018)).
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Table 6. Hippocampal CA1 PC model synapse densities based on data from Megias et al.|(2001), Bloss et
al|(2016) and [Sigkovd et al.| (2014). Reproduced from “Modelling the contributions to hyperexcitability
in a mouse model of Alzheimer’s disease” (doi: https://doi.org/10.1113/JP283401) by Mittag M,
Mediavilla L, Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ / creativecommons.org/licenses/by/4.0/).

Dendritic region AMPA NMDA synapse/pum GABA synapse/um
Proximal basal 0.1 0.3
Middle basal 0.3 0.2
Distal basal 2.0 0.06
Proximal apical trunk 0.3 0.3
Distal apical trunk 3.5 0.06
Proximal apical oblique 2.2 0.05
Distal apical oblique 2.7 0.05
Proximal tuft 1.2 0.2
Distal tuft 0.8 0.2

Table 7. Dentate Gyrus GC synapse densities.

Denderitic region GCL IML MML OML
AMPA NMDA synapse/um 0.05 0.1 0.2 0.05

Activation of the synapses was implemented via VecStim point processes. These can be
seen as artificial point neurons that induce input spike trains to the synapses (T2N function
t2n_poissonSpikeGen: APs from a presynaptic spike generator with Poisson distribution).
For each chapter of this thesis, different input frequencies for the Poisson spike trains were
implemented. In all simulations however, the cells were subject to ongoing background
activity generated randomly (Poisson distribution) with an average spiking frequency that
ranged from 0.1Hz to 15H 2. In chapter one, clustered stimulations of only a subgroup of
synapses in the basal or apical dendrites of PCs was added to test the limits of the dendritic
constancy hypothesis (Cuntz et al., 2021). In chapter two, the addition of strong perisomatic
inhibition in the high v range of 50—100H z (Craig and McBain, 2015; Striiber et al., 2017; Mittag
et al., 2023) created spontaneous burst firing patterns (inter-spike-interval /51 < 13.3ms),
a typical firing mode in AD cells (Sigkova et al., 2014). More importantly, neuronal firing
of the cells was induced by the major input pathways from the surrounding network. In
addition to background activation, correlated theta input of 5H z was included to the excitatory
synapses in tuft (perforant pathway), basal (Schaffer collateral basal pathway) and apical
(Schaffer collateral apical pathway) dendritic regions of the CA1 PCs in chapter two (Bannister
and Larkman, 1995; Megfias et al., 2001; Ang et al., 2005; Manns et al., 2007; Takahashi and
Magee, 2009; Lopez-Madrona et al., 2021). In chapter three, perforant pathway input (from
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EC) to the GCs was implemented. In order to have a specific correlation of the input spike
trains for each pathway, a spike generator was created that copied a random spike train
with a probability equal to the target correlation for the input spike train of another synapse
(t2n_poissonSpikeGen2). In chapter three, the selection of the input spike trains was even
more careful. In order to create an ensemble of spike trains with specific train number, Poisson
frequency, phase and correlation the pattern separation toolbox was used (Bird et al., 2024). This
was necessary to compare input (5 — 8 random key input synapses in the outer molecular
layer) and output (evaluated at soma) spike trains for the pattern separation measure as
described below. The detailed activation frequencies of the experiments are mentioned in the

corresponding section and figure.

4.4 AD-related extrinsic (network) and intrinsic (ion channel) modifica-

tions

As described in detail in the paper by Mittag et al.|(2023), a total of eleven possible configura-
tions of parameter changes and their effects on simulated synaptic activation of APP/PS1 CA1
PCs were explored (see Table|[8). These configurations included observed extrinsic alterations
of excitatory, inhibitory and network inputs as well as intrinsic alterations of ion channel

densities, and all their possible combinations, as listed below:

Excitation: increased frequency + correlation of Poisson input to AMPA /NMDA synapses
Burst input: increased presynaptic burst frequency and pattern

Inhibition: decreased GABAergic synaptic input

Channels: scaling of the channel densities Iy p, Inap, Ine and Ioqr

E/I imbalance (enhanced excitation, reduced inhibition),

Burst input plus inhibition,

Channels plus excitation,

Channels plus inhibition,

Channels plus E/I,

Burst input plus channels,

o X NGl WD

—_ =
)

. Burst input plus inhibition and channels.

A 4-step system of incremental alterations of parameters from P1 to P4 was implemented
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with increasing distance to the control value for each of the configurations. Starting with the
parameter setup for the WT cell group, the respective parameters in the APP/PS1 cell group
were progressively modified to eventually achieve a similar spike rate and pattern as in the
data from Sigkova et al.[(2014). Further variation of the parameters was continued until the

tiring rate and burst rate diverged again from the data.

Configuration Excitation: the Poisson frequency of the excitatory input to the AMPA/NMDA
synapses was enhanced from the control ”P0” value of 1Hz to P1 of 1.1Hz, up to P4 of 1.8H z;

meanwhile the input correlation ranged from P1 of 0.7 to P4 of 1.

Configuration Inhibition: the GABA synapse density was reduced step-wise from P1 of 75%
to P4 of 35%.

Configuration Burst input: spike trains of elevated burst activity were fed to 4% of excitatory
synapses. In line with the range of firing rates and burst patterns from in vivo patch-clamp
recordings in healthy cells (Siskova et al.,[2014), the WT and control (” P0”) APP/PS1 model
cells received four singlets and one doublet per two seconds per synapse (input frequency
3Hz, input burst frequency 0.5H z, ISI 10ms). Whereas the modified APP/PS1 model cells
received more and stronger bursts from P1 (input frequency 4H z, input burst frequency 1H z)
to P4 (input frequency 8.5H z, input burst frequency 2.5H z). The input pattern can be seen in
Figure 21| C. The coefficient of variation (cv) for the input frequency per cell in all cases was 0,

since all stimulated synapses received the same number of input spikes.

The other configurations regarding combinations of changes included also combined alter-
ations of the same parameters. In these cases, the individual parameters were varied less
strongly but within the same range. A complete overview of all parameter configurations is
given in Table [8|and Mittag ef al.| (2023).
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Table 8. All explored extrinsic and intrinsic parameter configurations. Reproduced from “Mod-
elling the contributions to hyperexcitability in a mouse model of Alzheimer’s disease” (doi:
https:/ /doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L, Remy S, Cuntz H, Jedlicka P and li-
censed under CC BY 4.0 (Copyright Mittag et al., 2023} http:/ / creativecommons.org/licenses /by /4.0/).

Config- Feature Control Variation Variation Variation Variation
uration P1 P2 P3 P4
g}eplﬁenc 1Hz 1.1Hz 1.3H > 1.6H = 1.8H >z
Excitation ~ Cilt Y
put 0.4 0.7 0.8 0.9 1
correlation
Inhibition %o GABA 100 75 60 45 35
activation
input 1Hz 1.1Hz 1.3H > 1.3H 2 1.3H 2
Scenario 1: frequency
E/I nput 0.4 0.7 0.8 0.9 1
imbalance correlation
% GABA 100 50 75 60 50
activation
scale Iy, 1 1.1 1.3 1.5 3
scale Ingp 1 2.5 2.5 2.5 3
Channels scale Tour T 25 25 25 3
scale Iagp 1 0.8 0.5 0.3 0.1
nput 1H> 1.1H> 1.2H 1.3H 2 1.3H 2
frequency
input
Channels correlation 0.4 0.7 0.8 0.9 0.9
plus scale Iy, 1 1.3 1.3 1.3 1.5
excitation scale Inqp 1 2.5 2.5 2.5 2.5
scale Icqr 1 2.5 2.5 2.5 2.5
scale I4gp 1 0.5 0.5 0.5 0.3
%o GABA 100 70 60 50 50
activation
Channels scale Iy, 1 1.3 1.3 1.3 1.5
plus scale Inap 1 2.5 2.5 2.5 2.5
inhibition scale Icar 1 2.5 2.5 2.5 2.5
scale I4gp 1 0.5 0.5 0.5 0.3
input 1Hz 1.1H:z 1.1H:z 1.1Hz 1.3Hz
frequency
mput 0.4 0.7 0.7 0.8 0.9
Scenario 2: correlation
Channels %o GABA 100 60 70 60 75
lus E / I activation
Ii:’mbalance scale Ina T 13 15 15 13
scale Inqp 1 2.5 2.5 2.5 2.5
scale Icqr 1 2.5 2.5 2.5 2.5
scale I4gp 1 0.5 0.3 0.3 0.8
. input 3H > 4H > 6H > TH: 8.5Hz
Scenario 3: frequency
Burstinput | inputburst | /. 1H> 2H 2.5H 2.5H
frequency
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Continuation of Tablelg]
Config- Featur Control Variation Variation Variation Variation
uration eature ontro P1 P2 P3 P4
input 3H: 6H = 6H = TH: TH:
. frequency
Burst input input burst
plus P 0.5Hz 2H 7 2H 2 2.5Hz 2.5Hz
R frequency
inhibition " GABA
o 100 80 50 80 50
activation
input 3H- AH: 6H = TH: 7.5H>
frequency
Burst input gg’q“:;‘f;t 0.5H 1Hz 2H 2.5H 2.5H
Eﬁgimels scale Ina i 13 13 13 13
scale Inqp 1 2.5 2.5 2.5 2.5
scale Icqr 1 2.5 2.5 2.5 2.5
scale Iagp 1 0.5 0.5 0.5 0.5
mnput 3Hz 4Hz 6Hz 6H:z THz
frequency
Burst input }?flicelzzrst 0.5Hz 1H=z 2Hz 2Hz 2.5Hz
inhibition  [— g 5 Ay
and o 100 80 80 50 50
channels activation
scale Iy, 1 1.3 1.3 1.3 1.3
scale Inqp 1 2.5 2.5 2.5 2.5
scale Icqr 1 2.5 2.5 2.5 2.5
scale Tagp 1 0.5 0.5 0.5 0.5

4.4.1 Configurations of hyperexcitability scenarios

After investigation of all possible parameter configurations of observed extrinsic and intrinsic

alterations, three scenarios were identified showing increased firing rates and the change in

the firing mode from singlets to bursts (Mittag et al., 2023) as measured in Sigkova et al.[ (2014).

Scenario 1 (E/I imbalance): a close match to the data was achieved by the parameter variation

P3 via increased Poisson input frequency (from 1Hz to 1.3Hz) and stronger spike train

correlations (increased from 0.4 to 0.9) combined with diminished inhibitory inputs (40%

decrease of dendritic and somatic inhibition). The cv of the input per cell was 0.41 (in WT),
0.41 (in APP/PS1) and 0.16 (P3 of APP/PS1) respectively. This was due to higher mean input

frequency and smaller variation. A further increase of input frequency or impairment of

inhibition in P4 of Scenario 1 worsened the reproduction with data (Mittag et al., 2023).
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Scenario 2 (Channels plus E/I): a close match to the data was achieved by the parameter
variation P4 (Mittag et al., 2023), which was comparable to Scenario 1 but with a milder
reduction of inhibition (25% decrease in GABA density) and additional scaling of ion channel
densities (1.3 for Iy,, 0.8 for I4yp and 2.5 for Iy, and I¢,r). The cv per cell input was 0.41
(WT), 0.41 (APP/PS1) and 0.17 (P4 of APP/PS1).

Scenario 3 (Burst input): a presynaptic network with burst input to 4% of the AMPA/NMDA
synapses was implemented using four singlets and one doublet per two seconds in the control
condition P0. Subsequently, enhanced network burst input was modelled using an increasing
number of bursts in the parameter variations P1 to P4. A close match with the data was seen
for P3 with synaptic input of one singlet, two doublets and three triplets per two seconds
(Mittag et al., 2023). Importantly, a different input spike train of one less burst or one more
singlet (P2 and P4) showed a higher error and no change in the firing mode from singlets to
bursts as shown in Figures [20|and

4.4.2 Ion channel configurations

Ion channel alterations were modelled by modifying their respective conductances according
to observed experiments in AD research and the in silico investigations (Mittag et al., 2023) in
this thesis. Ion channel expression was reduced or its density increased with a scaling factor to
the maximum channel conductance. For example, the voltage-dependent sodium channel 7y,
in the axon (Liu et al., 2015; Wang et al., 2016; Ghatak et al., 2019) was scaled up in the range
[1,2] and the persistent sodium channel /y,, in the soma (Williams and Stuart, [1999; Yue et al.,
2005; Beck and Yaari, 2008) was scaled up in the range [1, 3]. At the same time the medium
AHP calcium-activated potassium channel /45 p in the soma and apical dendrites was scaled
down in the range [0.3, 1] in line with experimental values (Beck and Yaari, 2008; Zhang et
al., 2014;|Wang et al., 2015bja; Niday and Bean, 2021). Meanwhile the T-type calcium channel
Icqr in dendrites (Yaari et al., 2007, Beck and Yaari), 2008; Cain and Snutch, 2013; Medlock et
al., 2018;|Garg et al., 2021) was scaled up in the range [1, 3]. Altogether these changes yielded
a four-dimensional parameter space of the corresponding four channels. Subsequently, the
parameter space was scanned and the firing behaviour of the altered AD cells compared to the
Sigkova et al.| (2014) data by implementing a cost/error function that measured the distance

to the data. The dependence of each channel scaling on the other channels was illustrated
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in Figure 20, A distinct minimum of the error for the chosen parameter range was found at
a scaling of 1.3 for Iy,, 0.5 for I4zp and 2.5 for In,, and Ic.r. A targeted sensitivity check
was performed by looking at the vicinity of the ion channel scaling that increased bursting
and lowered the error, in particular [1.1,1.2,1.3,1.4, 1.5] for I, and [0.35,0.45,0.5,0.55, 0.65]
for I, p. Values beyond 3 for I,, and /¢, were not considered as they seemed biologically
unrealistic and not supported by the literature, though it is entirely possible that such scaling
could induce hyperexcitability as well. The focus was rather on the possibility of channel
changes influencing and enhancing burst firing at all, which was ultimately observed in the

chosen range in line with the literature (and see Mittag et al.,2023).

Configuration Channels: the result of the ion channel conductance scan was applied to the
simulations containing ion channel changes. The variation of parameters ranged from P1
(scaling Iy, = 1.1, Iygp = 0.8, Icar = Ingy = 2.5) to P4 (scaling Iy, = 3, Iagp = 0.1,
Icar = Inap = 3). A complete list of all configurations of channel parameters is given in
Table 8 and Mittag et al., 2023|

44.3 Cost functions

In order to compare the results of the simulations with the experimental results of Sigkové
et al. (2014), an error function (Error) was introduced which measured the distance between
simulation (Sim) and experiment (Exp) via a root mean squared error normalised by the root
of the squared standard error of the mean (SEM) (Borst and Haag, [1996; Mittag et al., 2023):

Firingmode
Errorgy, = Z (,qu'ring,Sim - MFiring,Emp)Z (26)
Firingmode
ErrOrExp = Z (SEMFiring,Exp)Q (27)
Error = (Errorsm/ErrorExp)l/z (28)

This sum over firing modes included singlets (1AP), bursts (> 1AP) and triplets (3AP). The
experimental values were taken from Table [2| (Siskova et al., 2014). Additionally, the error
included the change in the firing mode from singlets to bursts with a preference of enhanced
bursting (Mittag et al., 2023, see an application in Figure 20| D, right):
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USinglet = MBursts — mode = 1 (29)
USinglet < HBursts —7 mode = —1 (30)

This was considered in the evaluation and interpretation of simulations since data show a
distinct mode transition from singlets to bursts (Siskové et al., 2014). Therefore, models with a
clear qualitative transition to bursts represent a better match to the data than models with a
small quantitative error in firing rates, but a preferred firing mode of mainly singlets. Both

costs were analysed together.

4.5 ATP consumption

In order to calculate the energy of the cell activity an ion counting system was used in chapter
three. The Na" ions needed for the postsynaptic currents and APs are the main contributors to
the energy budget (Attwell and Laughlin, 2001). For example, after a concentration change
due to the flux of Na" and K" for an AP generation, the ion concentrations have to be restored
again by ion pumps. In general, the Na*/K* pump extrudes three Na* and imports two K*
ions per one adenosine triphosphate (A7 P) molecule (Post and Jolly, 1957). Therefore, for
the calculation of the energy the AT P consumption can be used with the following relations,

similar to Remme et al.| (2018):

Na"/K" pump with 1AT P consumption = 3 Na" ions extrusion.
Na*/Ca®" exchange with 1 Ca*" ion = 3 Na" ions.

Charge Q of 1C of Na" with 6.24 - 10'® particles.

Charge Q of 2C of Ca™ with 6.24 - 10'® particles.

All currents of the /¢, channels were read out directly with the code. The sodium current

however consisted of several contributions:

INa = INa,channels + INa,syns + INa,leak + IN(z,h (31)
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For the first term, the sodium channels were read out with the code. The other three terms

were determined by the following calculations, e.g. synaptic transmission:

Isyns = [Na,syns + [K,syns + ([C’a,syns) (32)

The synaptic transmission included cations only. In AMPA synapses the Ca®* ions could be

neglected (see Harris et al., 2015).

Similarly, the Leak current consisted of several contributions:

Dieak = INajeak + I icak + (Icajeak + Lcticak) (33)

External Ca®* was neglected as it only indirectly influences the leak sodium channel (see Lu
et al.,2010). Chloride was neglected as well since its influence occurs via GABA synapses
which were not included in the set up. With Ohms law and the synaptic current the following

expression was derived:

9syns = 9Na,syns + 9K ,syns (34)
Isyns - gNa,syns(v - VNCL) + gK,syns(v - VK) = gsyns(v - Vtsyns) (35)
With the equilibrium potential for the synapses at Vs = 0. Setting V' = 0:

Vk

a,syns — Ysyns v, 1, N 36
Inasy Jov (Vi — Vva) (36)
It follows for Ing syns:
Vi
[asns: sns—v_va 37
Na,sy gy (VK_VNa)< N) ( )

With Jsyns — JAMPA.
Under the assumption of minimal Ca** entry through NMDA, the same expression for

Ing,NMDA With gsyns = gnmpa follows.

The same derivation as for Iy, syns can be done for the sodium contributions of Iy, jcqr and
Inap (leak and HCN channel):

(VK - V;"est)

s V= Vi) (38)

INajcak = Gieak
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(Vk = Va)

Ingn = V — Vg 39
Na,h gh(VK_vNa>( Na) (39)

With the equilibrium potentials at Vy, = 87.76mV, Vx = —93mV and V), = —41.9mV respec-
tively.

With the total sodium current I, and calcium current I, per time step, consequently, the
time dependent integral over the whole stimulation period T' can be computed to get the

charge:
T
| vt =, (40)
to=0

The same goes for Q)cy.

With the relations above AT P = AT Py, + AT P¢, can be calculated. One charge of sodium
relates to 1/3 - 6.24 - 10" AT P molecules and two charge of calcium relate to 6.24 - 10'® AT P

molecules, yielding:
1 1
ATP = (gQNa + 5Qoa) -6.24-10" (41)
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4.6 Pareto optimality of economy and pattern separation

Known input frequencies of GCs in DG projecting from the EC were used (the perforant
pathway with theta and beta signals between 5Hz and 20H z, Quintanilla et al} 2022). In
detail, two different frequencies with three different spike train patterns respectively were
successively fed into five key input synapses of the GC outer molecular layer: phase-locked
spike ensemble with three component trains, a spiking rate of 10/{z and 20H z, a correlation
strength of 0.7 and a phase rate of 6/{z. The different spike trains were generated with
the pattern separation toolbox by Bird et al.| (2024). The somatic output spikes were recorded
at the same time. By comparing input and output spike patterns via the pattern separation
toolbox by Bird et al. (2024) the relative redundancy reduction and sparsity weighted MI
could be calculated as in Equations 23|and 25/to get the pattern separation measure. During
the simulation time of 2s the ATP (energy used for the extrusion of sodium and calcium
as in Equation with contributions from the channels and synapses (Equation [37) was
recorded. For all valid GC models (Schneider et al., 2023) the economy of energy and the
pattern separation performance were calculated and compared. A model was decided to be
on the Pareto front if it could not be outperformed by any other model in both, economy
and pattern separation, at the same time. Additionally, the “efficiency” was defined and
calculated: pattern separation divided by ATP use; as well as the “robustness”: efficiency
under noise divided by efficiency with no added noise. This is in similarity to commonly
defined metabolic efficiency of MI/energy as for example in Stone (2018). Thereby, the added
channel noise was homogeneously distributed between +5% and +15% to +25% respectively;
and an input noise (input loss due to deleted spikes) of 25% and 50% was integrated. The
change in Pareto front was analysed under these conditions in chapter three in Figure
Furthermore, a systematic search for an improved Pareto front was set out. An optimisation
algorithm was used to perturb the channel conductances (27 in total for all regions) one by
one and in combination (£5% each step) to find improved performances regarding economy
and pattern separation, individually and simultaneously, for the experimentally validated
GC model by Beining et al.|(2017) in the 10H z input condition. Resulting mechanisms were
applied to the 20H z condition as well. Importantly, the electrophysiological somatic Fitness of

a model was not a constraint of the optimisation.
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5 Results

5.1 Simulations and investigated questions

The main objective of this dissertation is to investigate the IO function of hippocampal nerve
cells with a specific focus on their different morphological structures and intrinsic ion channels.
How do these physiological differences and mechanisms affect the IO function? As a result,
this dissertation uncovers an underlying principle for the cells” invariant activity. Furthermore,
mechanisms for particular activity modification as well as optimisation are revealed. These
are exemplified and investigated in two prominent cases: the pathological feature of AD
hyperexcitability for CA1 PCs and the important memory function of pattern separation for
DG GCs. In the following sections, the 72N ported morphological and compartmental single
cell models are applied. They are the main investigative in silico tools in this thesis, and their
simulation results are presented here:

In chapter one (section 5.2), I investigate the hypothesis of invariant IO function for synaptic
activation as a passive backbone and general activity-equalising principle of all cells, indepen-
dent of their morphology or size. This is the dendritic constancy principle. Does the dendritic
constancy claim still hold for realistic, active compartmental models including multiple com-
putational non-linearities?

In chapter two (section 5.3), I investigate the dendritic constancy principle for pathological
cells during AD progression. Here, I investigate the effect of dendritic retraction on the IO
function in form of increased burst firing. If the dendritic remodeling does not cause the
hyperexcitability then what other intrinsic (e.g. ion channels) or extrinsic (e.g. excitation and
inhibition network) alterations during AD could be possible causes?

Finally, in chapter three (section 5.4), I focus on the GCs of the DG, an important area involved
in memory formation. Here, I investigate the actual firing patterns of the cells with respect
to the specitfic GC pattern separation 1O function. How do various, valid cell models with
different intrinsic ion channel expressions influence the GCs function of pattern separation
and economy of energy simultaneously? Are there differences in IO function and underlying

mechanisms for mGCs and newly formed abGCs?
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5.2 Chapter 1: Dendritic constancy in active compartmental models

The main idea for the dendritic constancy hypothesis relates to the intuition that larger cells
have a smaller input resistance and are therefore less excitable, but at the same time they
also have more synaptic input and are therefore more excited. Ideally, both compensate each
other for realistic synaptic activation. Indeed, the recent paper by |Cuntz et al.|(2021) showed
analytically and numerically for a large data set from NeuroMorpho.Org (Ascoli et al., 2007,
9841 reconstructions) that for passive dendrites under the condition of same average dendritic
diameter for homogeneously distributed synaptic activation the voltage change at the soma is
roughly the same. Consequently, the aim of this first chapter was to see if the results could be
transferred to more realistic, active compartmental models that include voltage-dependent
ion channels and other non-linearities. Hence, two well-known and validated CA1 PC models
were implemented (Jarsky et al., 2005/ and Poirazi et al., 2003b) to perform simulations of
activated distributed synapses and to verify the results were model-independent. First,
reconstructions of CA1 PCs from the NeuroMorpho.Org data set were investigated including
mechanisms by Jarsky (n = 105, example morphology and simulation schematic in Figure
A, see also Cuntz et al., 2021). The dendrites were stimulated with different input frequencies
(1Hz and 2H z) and synapse strengths (AMPA with 0.2n.5,0.4nS, 0.8n.S). For the results, the
cell activity is shown versus dendritic path length, and the average value for the whole
group is shown by a dashed line. In nearly all cases the firing rate was independent of
the dendritic length and cell size (see Figure [13] B and Table [9). In addition to whole cell
activation, more realistic clustered stimulation was investigated such as only distal apical
dendrites (simulating the perforant pathway from EC), only basal dendrites (simulating the
Schaffer Collateral pathway from CA3), 30% subtrees (1H z) or hotspots (patches of 0.2% or 20
normalized synapses in the middle apical dendrite with 50 H z) as shown in Figure[13|C. Again,
the firing rate was independent of cell length in all examples. Second, the reconstructions
of CA1 PCs were investigated with a different model by |Poirazi et al. (2003a). For both, low
and high conductance activation (1Hz and 3.5H z), the somatic firing rate was independent of
dendritic length. The model by Poirazi et al.| (2003a) is known for producing dendritic spikes
in addition to somatic events (see voltage traces in Figure [13| D). These dendritic events were
largely independent of cell size as well. Even when there was a significant increase of the
linear regression, the slope was quite small with only 3% rise per mm length (Cuntz et al.,
2021).
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Figure 13. Distributed synaptic inputs in CA1 PCs with active biophysical compartmental mod-
els by Jarsky et al. (2005) and Poirazi et al. (2003b) lead to similar size-independent responses

A, Example morphology of hippocampal PC from NeuroMorpho.Org database (Ascoli et al., 2007).

B, Somatic firing rate responses to distributed AMPA inputs for three different synaptic strengths
(0.8n.S black, 0.4n.S blue, 0.2nS red) and two input frequencies (1H z left, 2H z right) for PCs with chan-
nels by Jarsky et al.| (2005). C, Synaptic activation of clusters. Left, apical vs. basal activation and
their firing rate responses. Middle, activation of a subtree containing 30% of total dendritic length.
Right, cluster of 20 synapses (normalized for total dendritic length) is activated. D Top, Somatic firing
rate responses to low (1H z, black) and high (3.5H z, grey) activation of AMPA synapses for PCs with
channels by Poirazi et al. (2003b). Bottom, same activation as above but for the dendritic responses.
(See next page)
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Figure 13. (continued) Panels B left, C left and right adapted from ”A general principle of dendritic
constancy: A neuron’s size- and shape-invariant excitability” (Reference: Cuntz et al., 2021} doi:
https://doi.org/10.1016 /j.neuron.2021.08.028) by Cuntz H, Bird AD, Mittag M, Beining M, Schneider
M, Mediavilla L, Hoffmann FZ, Deller T, Jedlicka P in Neuron, 2021, and licensed under an Elsevier user
license (Copyright Elsevier Inc. 2021, https:/ /www.elsevier.com/about/policies-and-standards/open-
access-licenses/ elsevier-user).

Further complexities and non-linearities were added to the morphology models in order to
make them more realistic and test the robustness of the dendritic constancy principle. On
top of AMPA synapses also NMDA synapses were put (consisting of double exponentials
for rise and decay time, and a voltage dependent magnesium block). Additionally, 20% of
the total number of synapses were turned into inhibitory GABA synapses. For different
reversal potentials of the inhibition (see Figure 14/ A) and different strength of the NMDA
synapses (see Figure (14| B) the firing rate remained independent of cell length (Cuntz ef al.}
2021, compare also the black dots for the models with only AMPA synapses). Notably, the
added non-linearities did not diminish the dendritic constancy principle but consolidated its

general rule.

As seen in the mathematical analysis (e.g. Equation [10/and Cuntz ef al., 2021) of the passive
dendrites, the somatic voltage for synaptic inputs depends on the average dendritic diameter.
The reconstructed diameters are mostly unreliable and were normalized in the preprocessing
of the morphologies. Therefore, simulations with original reconstructed diameters were
compared to normalized diameters (see Figure [14/ C). The firing rate varied greatly among

different dendrites but remained independent of dendritic length.
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Figure 14. Distributed synaptic inputs to CA1 PC model cells with active biophysics and complex
synapses (NMDA, GABA) can lead to similar size-independent responses

A, Example morphology as in Figure[13|but with inhibitory GABA synapses added. 20% of the total
synapses were chosen randomly and turned into GABA synapses by changing the reversal potential
to —80mV (middle red) and —65mV’ (right red) respectively. Compare the black dots showing the pure
AMPA stimulation as in Figure 13| B, Example morphology as in Figure[13|but with NMDA synapses
added to the AMPA synapse locations. Firing rate responses to different AMPA and NMDA strength
combinations (middle) and input frequencies (right) are shown. C, Comparison of normalized average
dendritic diameter (1, see also Equation [11]for diameter dependence) to the original (unreliable)
diameter reconstruction (in green). Panels A middle and right and C right adapted from ”A general
principle of dendritic constancy: A neuron’s size- and shape-invariant excitability” (Reference: |(Cuntz et
al., 2021, doi: https://doi.org/10.1016/j.neuron.2021.08.028) by Cuntz H, Bird AD, Mittag M, Beining
M, Schneider M, Mediavilla L, Hoffmann FZ, Deller T, Jedlicka P in Neuron, 2021, and licensed under
an Elsevier user license (Copyright Elsevier Inc. 2021, https://www.elsevier.com/about/policies-and-
standards/open-access-licenses/elsevier-user).
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Finally, a third active ion channel compartmental model was incorporated for cortical PCs. As
with the two active hippocampal models, the cortical model by Almog and Korngreen (2014)
showed independence of dendritic length and size for several input frequencies of synaptic
activation (Figure[15] see also Cuntz ef al.,[2021).

A Cortical layer 5 PC B Almog and Korngreen
~ \! "‘ 30 mv
— | | 0.8nS
_‘ 100 ms
AMPA
—
— 150
— Somatic voltage I
readout electrode o 100
_‘ '5 —-.,.1———-5'—.——._——- 2 Hz
_{ @ 50
:E e R 1Hz
[T
01 :
100 pm 0 5 10 15

Length [mm]

Figure 15. Distributed synaptic inputs to cortical PCs in a model by Almog and Korngreen (2014)
lead to size-independent responses

A, Example morphology of a cortical L5 PC from the Korngreen dataset (n = 20) available on
NeuroMorpho.Org. B, Firing rate responses to different input frequencies (1H z light brown, 2H z dark
brown) are depicted.

Panel B adapted from “A general principle of dendritic constancy: A  neu-
ron’s size- and shape-invariant excitability” (Reference: Cuntz et al, 2021, doi:
https:/ /doi.org/10.1016/j.neuron.2021.08.028) by Cuntz H, Bird AD, Mittag M, Beining M,
Schneider M, Mediavilla L, Hoffmann FZ, Deller T, Jedlicka P in Neuron, 2021, and licensed under an
Elsevier user license (Copyright Elsevier Inc. 2021, https:/ /www.elsevier.com/about/policies-and-
standards/open-access-licenses/elsevier-user).
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Table 9. Linear regression and slope of data
Figure panel p value slope Figure panel p value slope
[%0/mm] [%/mm]
13B Jarsky 0.2n.5 0.004 3.1 13D dendritic 1H z 0.09 0.6
13B Jarsky 0.4n.S 0.08 0.9 13D dendritic 3.5H z 0.005 3.2
13B Jarsky 0.8n.S 0.19 0.4 14A GABA E = —80mV 0.17 0.5
13B Jarsky 2H z,0.4 0.4 —0.2 14A GABA E = —65mV 0.14 0.5
13B Jarsky 2H z,0.2 0.3 0.4 14B Jarsky NMDA 0.15n.5 0.28 0.4
13C apical cluster 0.87 —0.2 14B Jarsky NMDA 0.3n.5 0.24 0.5
13C basal cluster 0.3 0.7 14B Poirazi NMDA 1H z 0.66 0.2
13C subtree cluster 0.55 1.4 14B Poirazi NMDA 2H z 0.99 —0.002
13C patch cluster 0.44 —0.7 14C Jarsky real diameter 0.13 1.8
13D Poirazi 1H 2 0.37 0.4 15B Korngreen 1H z 0.13 —5.1
13D Poirazi 3.5H z 0.46 0.1 15B Korngreen 2H z 0.92 0.2

Taken together, the results from chapter one of this dissertation demonstrate that the dendritic

constancy principle holds for a variety of active compartmental models and cells with realistic

biophysics including voltage-dependent ion channels and AMPA, NMDA and GABA synapses

(Cuntz et al., 2021). It is a general principle. An important next step is: can it be applied to

specific examples? For instance, many neurological pathologies such as AD are characterised

by morphological changes. Can the dendritic constancy principle help to investigate the

functional effects of these structural changes? This, among other intrinsic and extrinsic AD

alterations, is the topic of the next chapter.
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5.3 Chapter 2: AD hyperexcitability scenarios in CA1

One of the prominent features of AD pathology is morphological remodeling of the cells in the
form of dendritic degeneration (Baloyannis, 2009). Furthermore, it has been observed that the
neuronal excitability is increased in AD cells in CA1 (Vossel et al.,[2017). This increase is shown
predominantly in the boosted burst firing of the cells (Sikova et al.,2014). The question arises
if morphological changes and altered firing behaviour of the AD cells are linked together
(Mittag et al., 2023). The dendritic constancy results from the previous investigation in chapter
one suggest that the altered size of the AD-affected cells should in principle not lead to a
change in the IO function. The consequences of dendritic degeneration and the possible
causes of hyperexcitability in AD are clearly not yet fully understood. One of the aims of the
dissertation in this chapter was therefore to investigate whether dendritic remodeling alone
could lead to the experimentally attested simultaneous increase in excitability. In order to
examine the IO behaviour, biophysically realistic and anatomically detailed compartmental
models were implemented for the reconstructed morphological data provided by the Siskova
et al. (2014) lab. The data consisted of control (wild type, WT) and APP/PS1 CA1 mouse PCs.
An example morphology for each cell group is shown in Figure |16/ A. Similar to chapter one
of this thesis, the cell activity (voltage change or firing rate) is shown versus dendritic path

length, whereby the group average is depicted by a dashed line.

5.3.1 Dendritic degeneration alone does not account for synaptically driven hyperex-
citability in APP/PS1 CA1 PC models

Firstly, the behaviour of the AD cells for electrically passive dendrites in the context of mor-
phological alterations was investigated. A statistical comparison of morphological measures
between WT and APP/PS1 PCs showed clear and significant differences in cell sizes (see
Figure [8)in Methods). The simulation result of the passive modelling was, that the observed
dendritic degeneration in the APP/PS1 morphology group did not lead to an increase in
the somatic voltage responses (Figure [16| B, cross markers, see also Mittag et al., 2023)). This
occurred even though the reduction in cell size generally increases the cell’s input resistance
and somatic excitability. In fact, the APP/PS1 cell group showed on average a reduced voltage
change when compared to the WT group (mean voltage passive model: WT 6.45 £ 0.67mV/,
APP/PS1 5.74 + 0.80mV/, the asterisk depicts p = 0.000467).
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Secondly, in order to explore neuronal excitability in more realistic and active dendrites,
active ion channels from a well established biophysical CA1 PC model were inserted (Poirazi
et al.,2003b, ion channel composition in Figure [10/in Methods). A previously established
scaling method was used for transferring distance-dependent ion channel densities to multiple
CA1 PC morphologies (Cuntz et al., 2021; Mittag et al.,|2023). After insertion of active ion
channels, the subthreshold behaviour of the neurons in response to synaptic activation showed
a reduction and equalising of the voltage responses for both morphology groups (Figure
B, circle markers, mean voltage subthreshold active model: WT 1.47 &+ 0.17mV, APP/PS1
1.41 £ 0.51mV, Mittag et al., 2023). In the next step the synaptic activation was increased
to reach suprathreshold behaviour, i.e. the cells were spiking. The firing behaviour was
comparable across both cell groups, shown by the overlapping firing curves (Figure [16/C left)
and nearly identical average firing rates (Figure [16|C right). Both cell groups displayed no
dependency of the firing rate on dendritic length (0.8 Hz input: WT 17.35 £ 5.29H z, APP/PS1
1540 £ 7.72H z; 4.4H z input: WT 69.91 £ 7.23H 2, APP/PS1 68.29 4 9.41 H =, Mittag et al.,2023)
even though at the extreme limit of very small cells the firing was smaller for the 4.4Hz
input condition. This independence was preserved for other morphological measures such as
branch points and surface area (Figure [16/D).
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Figure 16. Dendritic degeneration in APP/PS1 model PCs leads to similar responses and does not
cause hyperexcitability for distributed synaptic (AMPA) inputs

Combined Figure 7 and Figure 1 C from “Modelling the contributions to hyperexcitability in a
mouse model of Alzheimer’s disease” (doi: https://doi.org/10.1113/JP283401) by Mittag M, Medi-
avilla L, Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http://creativecommons.org/licenses/by/4.0/): A, Morphology examples of reconstructed wildtype
(WT, black) and APP/PS1 (orange) CA1 PCs. AMPA synapses are homogeneously distributed (black
triangles) and receive Poisson input. B, Somatic voltage changes of all cells with respect to their
dendritic length after 0.2H z Poisson input to AMPA synapses for the model by [Poirazi et al. (2003b).
WT group is shown in black (n = 31), APP/PS1 in orange (n = 28), passive model with crosses and the
subthreshold active model with dots. Throughout the thesis, the dashed lines depict the mean. The
asterisk indicates p = 0.000467. C Left, Average somatic firing rate of all WT and APP/PS1 cells versus
synaptic input frequency for the active model by Poirazi et al.|(2003b). Voltage traces with spikes are
shown for the two sample cells for input frequencies of 0.8 z and 4.4H z. Right, Firing rate is plotted
against dendritic length for the data points with input frequency of 0.8 Hz and 4.4H z as seen left. D,
Same data as in C right but versus number of branch points and surface area.
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Figure 17. Dendritic degeneration in APP/PS1 PCs with the model by Jarsky et al.|(2005) does not
cause hyperexcitability for distributed synaptic (AMPA) inputs

Reproduced Figure 3 B-E from “"Modelling the contributions to hyperexcitability in a mouse
model of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediav-
illa L, Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag ef al., 2023,
http://creativecommons.org/licenses/by/4.0/): A, Same experimental setup as Figure [16({ A but
with ion channel model by Jarsky et al. (2005) (WT in dark blue, APP/PS1 in light blue). The inset
shows voltage traces of the two sample cells for the passive model with whole cell distributed AMPA
stimulation of 1H z Poisson inputs. B, C, Same passive and active model simulations as in Figure
B, C depicting voltage change response and firing rate versus dendritic length and input frequency
respectively with the model by Jarsky et al. (2005). Mean voltage passive model: WT 9.11 + 0.43mV,
APP/PS1 8.91 &+ 0.64mV; mean voltage subthreshold active model: WT 1.69 + 0.18mV, APP/PS1
1.53 £ 0.22mV, the asterisk depicts p = 0.00360; output firing rate to 64 z input: WT 49.05 + 2.52H z,
APP/PS1 45.12 £ 8.9Hz2, p = 0.0217; 15Hz input: WT 76.11 &+ 4.58 Hz, APP/PS1 71.66 &+ 5.07H z,

p = 0.000817.

In summary, the results from whole-cell synaptic activation show that the dendritic degen-
eration observed in the APP/PS1 group does not lead to a stronger synaptic integration for
either the passive or active neuron model, when compared to their WT counterparts. These
results were further confirmed by using a second and simpler CA1 PC biophysical model
(Jarsky et al}, 2005, Figure [17). Taken together, these results suggest that other mechanisms are

necessary to account for the cellular hyperexcitability observed in the APP/PS1 mouse model

(Mittag et al.,|[2023).

73/[153]



Thesis Martin Mittag

5.3.2 Dendritic degeneration can affect CA1 PC excitability by selective gating of layer-

specific inputs

Previous research has shown that some dendritic subregions are affected by dendritic degen-
eration more than others. For example, basal dendrites are generally lost before the more
peripheral portions of the apical tree in CA1 PCs (Scheibel, [1979; Sigkové et al., 2014). These
observations open the question whether subregion-specific dendritic degeneration leads to
a change in CA1 PC behaviour in response to layer-specific input pathways. To address
this, a more realistic distribution of synaptic inputs based on anatomical synaptic data was
implemented: layer-specific synapse densities as well as distance-dependent and lognormal
synaptic weight distributions were incorporated based on Magee and Cook|(2000); Megias et
al.[ (2001); Katz et al.| (2009); Siskova et al.|(2014); Kim et al. (2015); Bloss et al.| (2016). NMDA
and GABA synapses were added to the AMPA synapses; a weight distribution example for
AMPA is shown in the schematic in Figure 18 A right insets. Three major layer-specific input
pathways to the CA1 cells were explored: the perforant pathway and the apical and basal
Schaffer collateral pathways (Figure |18/ C, top).

Initially, only synaptic background activity (Poisson-like) targeting all dendritic regions did not
lead to an increased excitability in the APP/PS1 cell group. Moreover, the spiking behaviour
still remained independent from the cell’s dendritic length (Figure 18/ B, WT 25.24 £+ 6.74H z,
APP/PS1 23.69 + 3.87H z; see comparison with Figure |16/ C).

In order to simulate the input coming from each different pathway, correlated synaptic activity
was introduced, separately targeting layer-specific subregions within the dendritic tree. In this
way, “clustered” synaptic activation coming from particular input pathways could be studied
(Mittag et al., 2023). Would they lead to a difference in the response behaviour between the
two morphology groups? Thus, rhythmic activation of the synapses was simulated in each of
the three input areas (EC input, CA3 input to oblique and basal dendrites, see Figure [18|C, D)
at a theta frequency (5H z), which resembled a prominent behavioural input pattern received
by the hippocampus (Bannister and Larkman), 1995; Megias et al.,2001; Ang et al., 2005; Manns
et al.,2007; Takahashi and Magee} 2009; Lopez-Madrona et al.,|[2021).
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Figure 18. Dendritic degeneration can cause alterations in excitability in APP/PS1 model cells
via input gating for synaptic activation (AMPA, NMDA and GABA) of the major layer-specific
pathways

Reproduced Figure 8 from “Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ /creativecommons.org/licenses/by/4.0/): A, Example cells of CA1 PCs (WT in black, APP/PS1
in orange) with AMPA (black triangle), NMDA (magenta triangle) and GABA (black circle) synapses. Right
shows the distribution of AMPA strengths regarding distance to the soma. B, Firing rate responses
vs. dendritic length of WT and APP/PS1 PCs for synaptic Poisson input stimulation at 0.5H > in an
active model by [Poirazi et al.|(2003b). C, Voltage change responses vs. dendritic length of WT and
APP /PS1 PCs for three pathway stimulations (Perforant pathway, Schaffer collateral apical and basal
pathway) of 5H z for the passive model by |Poirazi et al. (2003b). The dashed lines show the mean
voltage responses (the asterisk depicts p = 0.0456). D, Same as in C but for the active model by [Poirazi
et al. (2003b). Firing rate responses vs. dendritic length of WT and APP/PS1 PCs. The dashed lines
show the mean firing rate (the asterisk depicts p = 0.0169).
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The passive cell model without active channels was used first and the response to the different
input pathways was investigated (Figure [18| C). It resulted in similar voltage changes for
passive WT and APP/PSI1 cells evoked by the perforant pathway stimulation (Figure
C, Left panel: WT 20.12 + 4.05mV, APP/PS1 18.68 £ 4.72mV’). However, when stimulating
the Schaffer collateral inputs on the apical dendrites, the results were slightly larger voltage
changes in the APP/PSI1 cell group (Figure (18| C, Middle panel: WT 39.48 £ 7.63mV, APP/PS1
43.26 £ 6.48mV; p = 0.0456). Interestingly, this behaviour was reversed for the voltage change
caused by the Schaffer collateral inputs to the basal dendrites (Figure 18/ C, Right panel: WT
28.86 + 6.31mV, APP/PS1 25.53 + 7.10mV, p = 0.0618). The insertion of active conductances
into the cell model (Poirazi et al., 2003b) was the next step and it led to comparable results as
for the passive model case (compare Figure 18 C and Figure [18/ D). The perforant pathway
input resulted in similar firing rates across the WT and APP/PS1 cell groups (Figure [18/D,
Left panel: WT 54.07 £ 9.38Hz, APP/PS1 53.62 £ 12.47H z). For the apical Schaffer collateral
pathway, the APP/PSI1 cells displayed marginally larger firing rates when compared to the
WT cells (Figure 18D, Middle panel: WT 84.38+£14.44H z, APP/PS190.31+£13.27Hz, p = 0.107).
In contrast, the Schaffer collateral inputs to the basal dendrites led to a strong correlation
between the cell’s firing rate and dendritic length, displaying a significant decrease in the
average firing rate in APP/PS1 neurons when compared to WT controls (Figure (18/ D, Right
panel: WT 82.44 + 27.70H z, APP/PS1 67.11 + 18.79H 2, asterisk depicts p = 0.0169, see also
Mittag et al., 2023).

A possible explanation for these pathway-dependent differences in somatic excitability could
be due to the variability found in basal/apical dendritic length ratios across the data set
(Figure 19| A, mean ratio WT 0.55 & 0.26, APP/PS1 0.39 & 0.22, asterisk depicts p = 0.0126). A
cell with a smaller basal/apical ratio receives relatively less basal input per total dendritic
length, and experiences a larger inactivated apical region that acts as a voltage sink, which

could then lead to the differences in the firing output (Mittag et al., 2023).

For the purpose of testing this idea, morphological modelling was performed via scaling of
the WT and APP/PSI1 cell morphologies to a fixed 30/70 basal/apical ratio (Figure [19(A, right
panel, purple). After this structural scaling, the strong correlation between the cell’s output and
dendritic length was lost, leading to an almost identical average voltage change and firing
rate for both morphology groups (Figure[19B, left: perforant pathway, WT 18.99 £ 4.02mV/,
APP/PS1 16.93 £ 3.91mV, middle: apical Schaffer collateral, WT 41.15 & 8.88mV, APP/PS1
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41.09 £ 7.73mV, right: basal Schaffer collateral, WT 28.88 + 7.25mV, APP/PS1 28.92 + 7.10mV
and Figure[19|C, left: perforant pathway, WT 52.18+9.34H z, APP/PS1 52.404+11.79H z, middle:
apical Schaffer collateral, WT 87.28 + 16.62H z, APP/PS1 87.33 = 12.12H 2, right: basal Schaffer
collateral, WT 78.02 + 23.16 Hz, APP/PS1 80.10 + 20.41H z, Mittag et al.,2023).
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Figure 19. Equalizing the ratio of basal/apical dendrite length equalizes the responses of WT and
APP/PS1 model cells for the synaptic activation of the major input pathways

Reproduced Figure 9 from "Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http://creativecommons.org/licenses/by/4.0/): A, Left: Different basal/apical ratio between WT
and APP/PSI1 cells due to denervation (asterisk depicts p = 0.0126). Middle: The basal/apical ratio
vs. total dendritic length. Right: PCs remodeled to have equal basal/apical ratio (30%/70%) for all
morphologies (dark purple: WT, light purple: APP/PS1). B, C, as in Figure [18/C, D for remodeled
morphologies with equal basal/apical ratio (30%/70%).
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Overall, the results in Figure [18/and Figure [19|indicate that the stronger degeneration of basal
dendrites compared to apical dendrites observed in APP/PS1 cells may lead to increased
tiring as a response to the activation of CA3 Schaffer collateral inputs on the oblique dendrites,
while leading to decreased firing as a response to the activation of CA3 Schaffer collateral
inputs on the basal dendrites (Mittag ef al., [2023). Importantly though, the APP/PS1 cells
had no significant increase in firing for the active models, in particular, no burst increase was
shown. Taken together, these results suggest that the morphological changes observed in AD
are not responsible for the concurrent increase in firing and bursting. It follows, that other
mechanisms are necessary to account for the hyperexcitability (Mittag et al., 2023). These

mechanisms are investigated in the next section.
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5.3.3 Concomitant network and intrinsic cell changes lead to enhanced excitability in
APP/PS1 cells

Although dendritic degeneration can modulate CA1 PC excitability by selectively gating layer-
specific inputs, it cannot fully account for the hyperexcitability observed in APP/PS1 mice
(Mittag et al., 2023). Besides the discussed morphological changes, pathological alterations
in the network input as well as in the intrinsic properties of APP/PS1 CA1 PCs could be
responsible for their enhanced firing and bursting. Thus, the focus of the next investigation
in this dissertation was to clarify the relative contribution of changes in the E/I balance and
ion channel densities in order to predict which changes may be most relevant for AD. The
computational analysis was able to disentangle the various mechanisms for hyperexcitability

previously observed in AD mouse models (Mittag et al., 2023).

The transition in the firing mode of pyramidal neurons from solitary spiking to burst firing
is the most important feature of the increased firing in AD-related cells and has been shown
experimentally (Chen, 2005; Minkeviciene et al., 2009; [Kellner et al., 2014; Berridge, 2014;
Ghatak et al., 2019; Miiller et al., 2021). This shift of the firing mode towards spike bursts has
been previously detected in CA1 PCs in the APP/PS1 mouse model of AD (Siskova et al., 2014).
Nevertheless, the mechanism for this is unclear. So far, the results in this chapter showed
that morphological changes alone cannot fully explain cellular hyperexcitability in AD mouse
models. Alternatively, the effects of several different configurations of AD-related changes
and all their possible combinations potentially leading to hyperexcitability and especially
enhanced bursting were investigated: observed extrinsic alterations of excitatory, inhibitory

or network inputs as well as intrinsic alterations of ion channel densities (Mittag et al., 2023).

The goal was to identify those scenarios that could explain the observed findings in Sigkov4 et
al.|(2014). Therefore, each configuration (eleven in total, Figure [20|D, middle) was quantified
using an error function (root-mean-squared error: Equations that compared the in
silico results with existing data regarding firing rate and mode (Sigkova et al., 2014; compare
Table 2 and Figure20). Following this approach, it was eventually possible to identify three
scenarios where an increased burst firing was observed without changes in solitary spike firing
(Figure [21| A-C), as shown experimentally in APP/PS1 PCs in mice. These three scenarios are
detailed below (see also Mittag et al., 2023).
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Figure 20. Systematic examination of AD-related extrinsic and intrinsic alterations that poten-
tially cause enhanced burst firing in APP/PS1 model cells

Reproduced Figure 10 from “"Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag ef al 2023,
http:/ /creativecommons.org/licenses /by /4.0/): A, Left: A, Same example morphologies and model
setup as in Figure[18| A with GABA synapses inhibiting the soma region as well. B, Voltage responses
(traces) of WT (black), APP/PS1 (orange) and APP/PS1 morphology with modified ion channels
(blue) for 1H z Poisson activation. C, An error function was introduced (Equations see also
Table 2} small error equals small distance to data). Here, the error function is shown for the firing rate
responses for APP/PS1 cells with changes in the ion channel conductances (i.e. Inq, Iarp, Icqor and
Ingp channels). The original conductance is indicated in orange and the conductance leading to the
smallest error in blue. (See next page)
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Figure 20. (continued) D, Error function matrix (left) and matrix of preferred firing mode (right) for
all configurations (11 rows) of intrinsic and extrinsic model modifications (middle). The model scan
covers 4 incremental changes in parameters (P1 to P4 columns, details in Methods). The highlighted
configurations S1, S2 and S3 show a good match with data (low error left) with a simultaneous
transition to preferred burst firing in APP/PS1 cells (right). Ion channel modifications alone (C and
4th row in D) do not fully account for the data, especially there is no change in firing mode (right).

Scenario 1: Increased E/I ratio with increased excitatory and decreased inhibitory input

Enhancement of excitatory glutamatergic transmission (Busche and Konnerth, 2016; Zott et
al.,2019) as well as impairment of inhibitory GABAergic transmission have been shown to
contribute to neuronal network dysfunction in AD (Busche et al., | 2008; Schmid et al., 2016;
Palop and Mucke, 2016; Ambrad Giovannetti and Fuhrmann, 2019; Xu et al., 2020; Hijazi
et al., 2020; |Gervais et al., 2022; Ruiter et al., 2020; Melgosa-Ecenarro et al., 2022). Based on
an incremental parameter scan (Figure 20| D), an increased E/I ratio (E/I imbalance) due to
reduced GABAergic inhibition combined with enhanced glutamatergic input was able to
reproduce experimental data (Sigkova et al., 2014, Table . Consequently, this configuration
was identified as a successful Scenario 1 (green). In contrast, the configurations of increased
Excitation and decreased Inhibition could not separately reproduce the data with low errors
(Figure 20| D, left), although a decrease of GABAergic inhibition alone led to a shift in the
preferred firing mode towards bursts (Figure 20| D, right), with a modestly increased firing
rate. In Scenario 1 the overall firing rate (Figure 21| A, Left: WT 3.35 £+ 1.87Hz, APP/PS1
2.46 &+ 1.48Hz, P3 of APP/PS1 in Scenario 1 9.42 + 3.76Hz with p < 1-10~*) and especially
the number of bursts (Figure A, Middle: WT 0.68 &+ 0.59H z, APP/PS1 0.52 4+ 0.52H z, P3 of
APP/PS1 in Scenario 1 1.98 £ 0.65Hz with p < 1-10~*) were significantly increased in the
modified APP/PS1 cell group without affecting the single spike rate (Figure 21| A, Middle: WT
1.40 £ 0.99Hz, APP/PS1 1.09 + 0.56 H z, P3 of APP/PS1 in Scenario 1 1.67 & 0.98H z) exactly
as reported in experiments of Siskova et al.| (2014). The rate of triplets for the parameter
configuration P3 (Figure A, Right: WT 0.23 + 0.34Hz, APP/PS1 0.08 + 0.25Hz, P3 of
APP/PS1 in Scenario 1 0.44 4 0.49H z with p = 0.0964 compared to WT) was not significantly
higher but the trend was similar to the data in Siskova et al.| (2014). Interestingly, it could
be significantly increased with a simultaneous increase in single spike rate in the parameter
configuration P4 (Figure 21| A: singlets 2.07 £+ 1.11H z with p = 0.0146, triplets 0.5 & 0.44H »
with p = 0.0143). Thus, given its successful replication of the transition to the bursting mode

(Figure 20| D, right), Scenario 1 with the parameter configuration P3 was found to provide a
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good qualitative and a medium quantitative match with data (Mittag ef al., 2023).
Scenario 2: Increased extrinsic F/I ratio plus intrinsic ion channel alterations

Alterations of ion channel contributions constitute another potential mechanism of AD-
associated neuronal hyperexcitability (Yaari et al., 2007; Beck and Yaari, 2008; Zhang et al.}
2014; Wang et al., 2015alb; [Liu et al., 2015; Wang et al., 2016; |(Ghatak ef al., 2019; Niday and
Bean, 2021; (Garg et al, 2021). A targeted parameter scan and sensitivity analysis for the
up- or downscaling of four ion channel conductances known to play a role in AD-linked
hyperexcitability was performed (see Methods). Importantly, the simulation results confirmed
the findings from previous experimental studies: by decreasing the /45 p channel density
and increasing the density of I, In, and Ic,r channels in sample APP/PS1 morphologies,
the output firing rate and burst rate increased, leading to a minimum in the error function
(Figure 20| C, marked with blue circles). The corresponding channel values for the minimized
error were applied to all APP/PS1 morphologies and the four ion channel conductances were
scaled accordingly (incremental scaling P1-P4 in the configuration Channels in Figure [20|D,
left). This led to enhanced firing rates and burst rates, but not to a transition from solitary to
burst firing, even when the conductances were scaled to extreme values (Figure 20| D, right).
However, in combination with the change in E/I balance, the ion channel modifications were
able to reproduce the experimental data (Channels plus E/I in Figure 20| D, compare Table [2).
Therefore, this configuration was identified as a successful Scenario 2 (purple). Similarly as
in Scenario 1, also in Scenario 2 the overall firing rate (Figure 21/ B, Left: WT 3.35 + 1.87H 2,
APP/PS1 2.46 + 1.48H z, P4 of APP/PS1 in Scenario 2 8.96 4 3.51Hz with p < 1-10~%) and
burst rate were increased (Figure 21| B, Middle: WT 0.68 + 0.59H z, APP/PS1 0.52 + 0.52H 2,
P4 of APP/PS1 in Scenario 2 1.88 4= 0.63H z with p < 1-107%). At the same time, in line with
data from [Sigkové et al.|(2014), the single spike rate remained similar (Figure 21| B, Middle:
WT 1.40 + 0.99H z, APP/PS1 1.09 + 0.56H z, P4 of APP/PS1 in Scenario 2 1.60 + 0.66H z).
Interestingly and most importantly, compared to the previous Scenario 1, changes in the
intrinsic excitability added to changes in E/I led to a significant boost in the triplet firing
frequency (Figure 21| B, Right: WT 0.23 &+ 0.34Hz, APP/PS1 0.08 £ 0.25H z, P4 of APP/PS1
in Scenario 2 0.56 &+ 0.60H z with p = 0.0125), which improved the quantitative match with
electrophysiological data (Sidkové et al., 2014, Mittag et al., 2023, and Table .
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Scenario 3: Increased excitatory network burst input

The PCs of the hippocampal CA1 region do not exist in isolation but are embedded in a wider
network. Parts of the network can show hyperexcitability before the pathology propagates
to other parts (Palop and Mucke, 2016; |Zott et al.| 2018} Selkoe, 2019; Kazim et al.,|[2021). For
instance, it has been shown that EC or CA3 hyperactivity can occur during AD pathology
(Khan et al., 2013; |Angulo et al.,[2017; |Petrache et al., 2019) and possibly spread towards its
post-synaptic CAl area. As a consequence of these observations, increased network activity
with enhanced bursting was examined and whether it would transfer to increased burst
tiring in model neurons (configuration Burst input in Figure 20| D). The simulations revealed
that presynaptic input spike trains containing bursts (P3 in Figure [21] C, Top) could evoke
CAL1 PC responses that were consistent with experimental data (Table[2). Consequently, this
configuration was identified as a successful Scenario 3 (turquoise). The output pattern was
sensitive to the input pattern inasmuch as one less burst or one more singlet in the input
spike train (P2 and P4 in Figure 21| C, Top) failed to provoke a firing mode change towards
bursts (Figure 20| D, right). Modifications in network activity in Scenario 3 on average led
to an increase of firing frequency in APP/PS1 cells, when compared to the behaviour of
the cell groups with a non-hyperexcitable (control) network input (Figure 21| C, Left: WT
4.74 £ 2.08Hz, APP/PS1 3.65 4+ 1.43H z, P3 of APP/PS1 in Scenario 3 7.89 & 2.36H z with
p < 1-107*). This overall increase in the cell’s excitability was due to a transition from
solitary action potentials (1APs) to burst firing of more than one AP (Figure 20| D, Right and
Figure 21/ C, Middle: WT 1.02 £ 0.51H 2, APP/PS1 0.83 = 0.48 H z, P3 of APP/PS1 in Scenario 3
1.99 + 0.69H > with p < 1-10~%). Most notably, in line with experimental data in Sigkov4 et
al. (2014), a significant increase of the number of triplets was displayed (Figure 21| C, Right:
WT 0.32 +£0.35Hz, APP/PS1 0.38 + 0.32H z, P3 of APP/PS1 in Scenario 3 0.79 & 0.62H z with
p = 3.64 - 107*), while the single AP firing rate remained constant (Figure 21| C, Middle: WT
1.66 + 0.68 Hz, APP/PS1 1.32 + 0.58 Hz, P3 of APP/PS1 in Scenario 3 1.43 + 0.83H z). This
indicates a change of firing mode from predominantly single spikes to burst firing in APP/PS1
cells with increased network activity input in Scenario 3 (p14p~14p = 0.00801, Mittag et al.,
2023). Interestingly, bursty input in combination with reduced inhibition (Burst input plus
inhibition) yielded comparable results to the ones observed for the bursts alone (Figure
D). This configuration can be seen as a particular version of E/I imbalance with the increased

excitatory input due to bursts.
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A Presynaptic Poisson activation, Scenario 1:
- APP/PS1 cells with increased E/I ratio: gradual change of parameters P1-P4
with decreased GABA input and increased AMPA/NMDA input
The dashed lines indicate Siskova et al. (2014) in vivo APP/PS1 data
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Figure 21. Hyperexcitability and transition to preferred burst firing mode in APP/PS1 cells in
consequence to extrinsic (network) and accompanied by intrinsic neuronal alterations

Reproduced Figure 11 from “"Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ /creativecommons.org/licenses/by/4.0/): A, Scenario 1: Overall firing rate, single APs, bursts
(> 1AP, ISI < 13.3ms) and triplets (3APs) in WT (black), APP/PS1 (orange) and in APP/PS1 PCs
with gradually increased E/I ratio (P1-P4, green, details in Methods). (See next page).
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Figure 21. (continued) B, Scenario 2: Overall firing rate, single APs, bursts and triplets in WT (black),
APP/PS1 (orange) and APP/PS1 PCs with gradually increased E/I ratio plus experimentally observed
ion channel changes (P1-P4, purple: increased Inqp, Ina, Icqr densities, decreased 14y p density). C,
Scenario 3: Overall firing rate, single APs, bursts and triplets in WT (black), APP/PS1 (orange) and
APP/PS1 PCs with gradually increased burst input (P1-P4, turquoise). Top, exact input pattern of
singlets, doublets, triplets and quadruplets for P1-P4 conditions. Throughout the figure the dashed
lines in grey indicate the mean event rate according to(Sigkova et al.| (2014), the single asterisk indicates
a significant value of p < 0.05, two asterisks indicate p < 0.01 and three asterisks indicate p < 0.001.
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B Enhanced glutamate transients in APP/PS1 cells simulated by prolonged NMDA kinetics:
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Figure 22. Enhanced burst firing but no transition to preferred burst mode in APP/PS1 PCs in

consequence to isolated ion channel modifications and no increase in burst firing for extended
NMDA kinetics

Reproduced Figure 4 from "Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http:/ /creativecommons.org/licenses /by /4.0/): A, Overall firing rate, single APs, bursts (> 1AP)
and triplets in WT (black), APP /PS1 (orange) and APP /PS1 PCs with intrinsic ion channel modifications
(P1-P4, red: increased Inqp, Ina, Icar channel densities, decreased 14 p density; see details in Table
|§[). The asterisks denote a significant increase in firing rate (p = 0.00301) and burst rate (p = 0.0112)
between WT and P4 configuration. B, Left, Examples of voltage traces for WT (black), APP/PS1 (orange)
and APP/PS1 PCs with enhanced NMDA decay time constant (P1, brown: Tpi NvMDA = 2- TWT,NMDA)-
Middle, Overall firing rate, single APs, bursts and triplets of the left cell groups. The asterisks denote

p < 0.0001 for increased single spike rate and overall firing rate between WT and P1 configuration
with increased NMDA decay.
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In the configuration Channels, with solely modifications to the ion channel conductances, the
tiring rate and burst rate were enhanced with increased scaling of ion channels (see P4 in
Figure 22| A: the asterisks denote p = 0.00301 and p = 0.0112 for firing rate and burst rate,
respectively), though, importantly, no mode change towards bursts was noticed (Mittag et
al., 2023) even when scaling the conductances to extreme values (compare also Figure 20| D,

right).

In addition, control simulations were performed by applying the same AD-related ion channel
and network modifications from above to all of the WT morphologies as well. As a result, an
even higher increase in burst firing than in APP/PS1 morphologies could be registered for the
different scenarios (see Figure [23; extrinsic changes in Scenario 1 for WT 2.22 £+ 0.85H 2 and
APP/PS1 1.61 £ 0.75H 2, p = 0.00469; and extrinsic/intrinsic changes in Scenario 2 for WT
2.46 +£0.95H z and APP/PS1 1.88 +0.63H 2, p = 0.00939). Since WT cells have larger sizes than
APP/PS1 cells (due to the lack of dendritic degeneration), the differences in morphological
structure and dendritic length between those groups could be an explanation. This is in
agreement with previous studies showing elevated burst firing for larger cells (van Elburg
and van Ooyen, 2010). Accordingly, a smaller dendritic size would reduce synaptically driven
burst firing suggesting that dendritic degeneration may serve as a compensatory mechanism
(Mittag et al., 2023).
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Enhanced burst firing in WT cells with same modifications as in APP/PS1
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Figure 23. WT morphologies show a greater transition from single to burst firing than APP/PS1
PCs for extrinsic (network) and intrinsic (ion channel) modifications

Reproduced Figure 5 from “Modelling the contributions to hyperexcitability in a mouse model
of Alzheimer’s disease” (doi: https://doi.org/10.1113/]JP283401) by Mittag M, Mediavilla L,
Remy S, Cuntz H, Jedlicka P and licensed under CC BY 4.0 (Copyright Mittag et al., 2023,
http://creativecommons.org/licenses/by/4.0/): Overall firing rate, single APs, bursts (> 1AP)
and triplets for original WT PCs (black), Scenario 1 for WT PCs (green, extrinsic changes) and Scenario
2 for WT PCs (purple, extrinsic/intrinsic changes). The original APP/PS1 PCs and the modified
APP/PS1 PCs of Scenario 1 and 2 are shown in grey. The asterisks indicate that the modified WT PCs
of Scenario 1 (p = 0.0164) and Scenario 2 (p = 0.00871) show a greater increase in overall firing rate
than the respective modified APP/PS1 PCs. Concomitantly, for burst firing, the asterisks indicate that
the modified WT PCs of Scenario 1 (p = 0.00469) and Scenario 2 (p = 0.00939) show a greater increase
in burst rate than the respective modified APP/PS1 PCs.

In summary, the results for £/ imbalance and network and ion channel changes, separately
and in combination (Figure 20[and [21)), lead to the conclusion that the mode transition from
solitary to burst firing that has been observed in APP/PS1 CA1 pyramidal neurons (Siskova et
al.,2014) can be explained by changes in £/I balance (Scenario 1), joint changes in £/ balance
and ion channels (Scenario 2), or modified input network dynamics (Scenario 3), see Mittag
et al.| (2023). The role and interplay of intrinsic and extrinsic mechanisms in pathological
AD hyperexcitability as an example of impaired IO function is more understood now. But
what about the implications of these mechanisms regarding optimal IO function? This is
investigated for the specific example of GC pattern separation under energy constraints in the

next chapter.
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5.4 Chapter 3: GC economy and pattern separation

The third chapter of this dissertation focused on the specific IO relationship of the GCs as a
prominent hippocampal function, concentrating on biophysical modelling and optimisation.
The main function of the GCs of the DG is their ability to perform pattern separation. They
convert similar synaptic input into less similar somatic output on the single cell level as
well as separating network input within GC circuits (Leutgeb et al., 2007; Bakker et al., 2008;
Neunuebel and Knierim, 2014; Yassa and Stark, 2011; Chavlis and Poirazi, 2017). At the same
time, biological functions are costly with respect to metabolic demands while their resources
are limited. The cell therefore has to perform its function under energy constraints (Attwell and
Laughlin, 2001; Harris et al., 2012). Here, I investigated if and how the GC is optimized for the
simultaneous performance of its pattern separation function in the form of relative redundancy
reduction (Equation 25) and economy in the form of energy efficiency (negative ATP count:
Equation [41) via the Pareto perspective. To answer this research question, the default GC
model (Beining et al., 2017) was compared to a population of GC models (Schneider et al.,
2023) whose ion channels were randomly modified and whose somatic behaviour had been
previously inspected. The electrophysiological features of the somatic APs in all population
models were similar to the experimentally validated (original) GC model (F'itness < 2). This
means the models showed degeneracy with respect to their ion channel composition as many
different compositions led to the same somatic output. Further constraints and functions, such
as economy and pattern separation, could potentially separate the degenerate population
models. The Pareto perspective helped to identify those models within the population that
could be considered optimal due to their location on the Pareto front. Astonishingly, the
original GC model was on the Pareto front and therefore seems to be Pareto optimal. A
possible explanation for high performance was investigated with respect to the underlying
sodium and potassium currents. The results revealed that a small temporal overlap of these
currents was beneficial. As a test for the robustness of the results, input and channel noise
were added which influenced the GC performance and the Pareto front. Finally, the important
process of neurogenesis was included in the pattern separation evaluation (Kempermann et
al., 2004; Johnston ef al., 2016).
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5.4.1 The original GC model lies on the Pareto front for simultaneous optimisation of

economy and pattern separation

For the simulation of the information flow in GCs, known inputs to the GCs of the DG coming
from the perforant pathway were investigated (theta and beta input between 5H z and 20H z,
Quintanilla ef al., 2022). Here, phase-locked spike ensembles with three component trains
(i.e. three patterns, Bird et al., 2024) were fed to the key input synapses of the GC outer
molecular layer consisting of a spiking rate of 10/ z and 20H z, a correlation strength of 0.7
and a phase rate of 6H 2 (schematic in Figure 24/ A). When comparing the synaptic input
with the somatic output to measure the performance, the original GC model (Beining et
al.,2017) was found to be on the Pareto front for the simultaneous maximisation of pattern
separation and economy (triangles in Figure 24/ B, top) compared to all other valid GC models
(dots, Fitness < 2, see Methods) in a random population of GC models (Schneider et al.,
2023). Thereby, the original GC model neither showed the highest economy nor the highest
pattern separation performance on its own but for both tasks together it was among the best
performing models shown by its location on the Pareto front. It was Pareto optimal. This was
true for the comparison with all valid 15 channel models as well as for the reduced model with
only 9 channel models (Figure 24| B, bottom) and for the information transmission measure in
form of the ML

89/[153]



Thesis Martin Mittag

A Reconstructed GC model Key synaptic input Somatic output

\/H T L L
1l ‘\ UL
o | I DAL

Key input synapses

for pattern separation | ’ | lUL’ ’ ' || “| |||
® \nd
Background synapses ‘ I | LJLJUML“U“L“L
Poisson input of 1Hz
ose AT L DCAOND
_ 60mV I_
100um 1s 1s
lon channel degeneracy 10Hz/ frequency to key synaptic input sites
top/bottom: 15/9 channels models 10Hz/20Hz input for reduced models
2 oy 04 ]
©
2 ” E -0.5
39 E 1
=S <
B E 2-15{ .
o o 4
c c -2 ]
S g
© W 2.5 S —
A experimentally validated GC model
o 2 . 054 .
S )
5 o = 0.5
Qo o
O 5 1]
58 @ <
g ol © 2]
8 E339R88x S
gLz § o 2.5 S I
O Random (ion channel) GC model 1 _2 3 ) _4 2 4 6 8 1012
Four sample models per channel Information transmission Pattern separation
(Mutual information)  (Relative redundancy reduction)

[bits] [bits?]

Figure 24. Simultaneous optimisation of economy and pattern separation for a population of
valid GC models

A, GC morphology with key input synapses for pattern separation (left, orange), input spike ensemble
for two frequencies (10H z and 20H z, middle, Bird et al., 2024) and corresponding somatic output traces
(right). B, Left: Ion channel composition and degeneracy for valid 15 and 9 channel models (blue and
green respectively, adapted from [Schneider et al.,[2023). Right: Information transmission and pattern
separation versus economy shown for populations of valid GC models. The black line denotes the
Pareto front and the triangle the original GC model (experimentally validated by Beining et al., 2017).
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5.4.2 How is the GC model performing so well?

The underlying sodium and potassium currents show small overlap

Previous experiments and computer simulations have shown a link between optimal energy
use and the overlap of sodium (influx of Na*) and potassium (outflux of K*) currents in the
case of AP generation and transfer in mossy fibers (Alle et al., 2009) and other cells (Crotty
and Levy, 2007; Stemmler et al., 2011; Niven, 2016). Interestingly, measures such as AP
height or width seem to be poor predictors of the energy use (Sengupta et al.,2010). It was
therefore of interest to investigate if low usage of ATP could be explained by the overlap of
the currents (example schematic in Figure 25/ A) and further be a possible explanation for
the optimised performance of the original GC model. First, a link between the GC model
channels and the GC performances was established (Figure 25/B). Several correlations were
revealed: Economy (negative ATP count), pattern separation (relative redundancy reduction)
and efficiency (pattern separation/ATP) correlated positively with the axon hillock Kv723
channel and most strongly with the dendritic Kv42 channel. A negative correlation was
seen for the axon hillock sodium na8st and the potassium Kv14 channels. For the current
overlap the same channel correlations could be seen but with reverse sign (except for sodium).
Interestingly, an additional negative correlation of the current overlap with respect to the
somatic Kv21 and a positive correlation with the somatic na8st channel conductances could be
observed (Figure 25 B). Importantly, this was not seen for economy, pattern separation nor
efficiency. Second, the current overlap was directly compared to the performances. When
comparing the overlap of somatic Na* and K" currents for the whole population of valid GC
models, a negative correlation of the overlap with respect to economy, pattern separation and
overall efficiency could be seen as shown in Figure [25/C. Especially the result for the relative
redundancy reduction was interesting and its negative correlation to the current overlap is
not obviously understood. The original GC model thereby had the smallest currents” overlap
(see triangles). The points of the Pareto front (10Hz: pink, 20Hz: purple) are distributed among
the whole data cloud, i.e. in a range between small and high current overlap. In all panels the

correlation values for both input frequencies (r1 and r2) are indicated.
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Figure 25. Sodium and potassium current overlap as a possible explanation for the optimal GC
performance correlating negatively with economy and pattern separation

A: Example of current overlap for Na* and K (sodium influx mirrored; overlap in grey). B: Correlation
of channel conductances (13 out of the 15 model channels in the three cell regions were modified; the
HCN channel and the passive conductance were not modified in Schneider et al., 2023) with respect to
the performance of pattern separation, economy (negative ATP) and efficiency (relative redundancy
reduction divided by ATP) as well as the current overlap for both input frequencies. C: Mean Na" and
K" overlap vs. economy, pattern separation and efficiency is shown. Correlation values are indicated
in the panels. The triangle denotes the original GC model by Beining et al.{(2017).
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5.4.3 The original GC model shows high efficiency but only average robustness for the

two-task optimisation of pattern separation and economy

Next, the robustness of the results was tested by introducing noise to the input (25% and 50%
random input spike loss, schematic in Figure 26/ A) as well as to the channel conductances
(£5% and £20% additional conductance, Figure 26/ B). The random loss of input spikes (brown
and orange group) led to less ATP use compared to the no-noise condition (Figure [26/C, left).
The shift to the left of the probability density functions (PDFs) confirmed the lower ATP use
during input loss. This is not surprising as less synaptic input means less synaptic energy and
lower somatic firing rate (reduced energy from the action potentials). In both noise groups
the original GC model was at the low end of ATP use overall, however, more models showed
even less ATP use than in the no-noise condition (see triangles).

Regarding the pattern separation function under noise in the form of relative redundancy
reduction the original GC model performed at the upper end compared to the population of
valid models in most conditions (Figure [26/C, right). Only in the 10H z condition during input
spike loss the performance went down to the population average (brown group). The loss of
input spikes did not have such a strong effect in the 20H z input condition compared to 10H 2
since the cell received more (absolute number) input spikes overall and therefore the pattern
was not as easily destroyed by missing spikes. The population of models as a whole showed a
smaller maximum of the pattern separation performance and smaller variance for both noise
conditions with 10H z input (brown and purple). The PDFs of the 20H z conditions for ATP and
pattern separation measure were shifted to the right compared to the 10z conditions. More

input therefore led to more ATP use but also better pattern separation.

Robustness of function after ion channel perturbation has been measured in previous studies
by counting the fraction of perturbed models that still perform as the unperturbed model
(Zang and Marder) 2023). In the investigations in this chapter, two functions are considered
simultaneously: economy and pattern separation. Therefore these functions were combined
into one efficiency measure defined as Pattern separation divided by ATP use. This is similar

to commonly defined metabolic efficiency of MI/energy (Stone, 2018).
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Figure 26. Efficiency and robustness to noise (intrinsic and extrinsic) of GC models regarding
their concurrent pattern separation performance and economy

A: Schematic of input spike loss (input noise) for several spike trains and degrees of spike loss
shown. B: Noise added to the channel conductances (£5% and +15 to +25%) for the original GC
model. C: Energy and relative redundancy reduction for all noise groups shown (Blue/cyan: no noise,
brown/orange: input noise, purple/pink: channel noise). D: Efficiency vs. efficiency under noise and
robustness (ratio of efficiency during noise divided by no-noise) shown for all noise conditions. The
black line denotes the Pareto front and the triangle the original GC model by Beining et al.| (2017).
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The efficiency analysis revealed that in both noise conditions (input noise: Figure 26| D, left;
and channel noise: Figure 26| D, middle), the original GC model performed better without
noise than with noise as it was located on the right side of the Pareto front (see triangles). This
was true for the 10H z and the 20H z condition. The slope of the population data in the input
noise condition was higher than in the channel noise condition and the PDFs were shifted to
the right due to the lower ATP use associated with input spike loss leading to higher efficiency
(compare Figure 26/ D, left and middle). Instead of counting the fraction of perturbed models
performing to one specific, collective value (Zang and Marder, 2023), the robustness measure
here compared the performance of each individual model with and without perturbation to
itself. It was defined as efficiency during the noisy conditions divided by the efficiency of
the no-noise condition. Consequently, a value smaller than 1 showed impaired performance.
The robustness analysis of the efficiency performances confirmed that the effect of noise was
stronger in the 10H =z condition: the original GC model was below population average when
compared to other valid models for the robustness ratio (Figure [26| D, right). At the same time
the robustness value of the original GC model was smaller than 1 in most conditions showing
impaired performance under noise. Regarding the population average the robustness measure
was bigger than 1 for input noise, confirming the higher efficiency under noise, and around
1 for channel noise, showing that some models improve and others impair the efficiency

performance while the average stays robust.

For all conditions of the performances, the data showed skewed distributions (see PDFs in
Figure 26/C and D). The ATP measure was positively skewed with a long right tail which
meant most models in the population had a low use of energy, or conversely the economy was
high and negatively skewed. The pattern separation measure, however, was more symmetric
and resembled a normal distribution. Together, the efficiency measure of pattern separation
divided by ATP resulted in a negatively skewed distribution with a long left tail. Most

population models therefore showed high efficiency.

Finally, in all investigated situations here the original GC model was on the Pareto front show-
ing high efficiency but only average or below average robustness to noise for simultaneous

optimisation of pattern separation performance and economy of energy.
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5.4.4 Is the Pareto front the actual front?

Perturbations and constraints can influence the Pareto front location

The robustness analysis earlier (Figure revealed that the experimentally validated GC
model performed better when there was no perturbation compared to the conditions of
extrinsic (input loss) or intrinsic (channel) noise. Though, in most cases the performance was
still among the best compared to the population of random GC models. Since two tasks were
considered simultaneously, it was beneficial to analyse the results from the Pareto perspective.
Therefore, the actual Pareto front for each of these noisy conditions was analysed in more
detail, specifically with focus on the stability of its location. Overall, the Pareto front as well
as the performances of the original GC model were not fixed and moved slightly for noisy
conditions (Figure 27| A). In more detail, input spike loss moved the Pareto front towards
lower energy (higher economy) and eventually with high noise (75%, red) towards lower
pattern separation performance (Figure [27| A, left). This is understandable since less input
spikes means less synaptic energy and less somatic firing. The 10/ > condition was more
sensitive to input loss than the 20/ z condition shown by the movement of the Pareto front
towards lower pattern separation performance already for medium noise (50%, orange). For
channel noise the Pareto front stayed similar for random conductance variations up to 20%
(vellow and orange) but high noise (50%, red) led to lower energy and lower pattern separation
performance (Figure 27| A right). In all cases the original GC model was surprisingly close to

the Pareto front (see triangles).

A further analysis of the Pareto front of the two-task optimisation problem for pattern sepa-
ration and economy was performed by comparing the GC model (all valid models in grey,
original GC model with blue triangles) with a toy model, namely the leaky integrate fire model
(LIF, Figure 27| B, blue dots). The LIF model did not include channels but the morphology was
taken into account (see Methods). In the LIF model, a somatic AP was generated once a certain
voltage threshold had passed; this was followed with a reset of the voltage to its baseline.
Additionally, the active GC model was compared with the non-spiking GC model (passive
and blocked na8st channel). As a result, the LIF Pareto front was similar to the GC model
Pareto front but with a shift to a higher maximum for the pattern separation performance and
higher energies even though only synaptic energy was counted since the LIF model did not
contain channels that could contribute to the ATP count. The passive and blocked GC models

did not perform any pattern separation due to having no somatic output spikes. Consequently
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they had a lower energy count and higher economy. They could be considered archetypes of

the GC model Pareto front for the economy dimension.
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Figure 27. Stability of the Pareto front of the GC two-task optimisation during random noise and
its comparison to a LIF model and a general parameter search

A: The Pareto fronts for simultaneous optimisation of pattern separation and economy shown for
various degrees of input noise (left) and channel noise (right) as applied in Figure The grey dots
show all the random valid GC models from Figure 24, The upwards triangle denotes the original
GC model by Beining et al.| (2017). B: Leaky integrate fire (LIF) models and their economy versus
pattern separation performance shown for input frequencies of 10H z and 20H z (blue and cyan). C: An
optimisation algorithm was applied to the channel conductances of the original GC model (triangle)
to improve performance in the 10H z input condition with priority to economy or pattern separation
(dark green). The application of the found mechanisms to the 20H z input condition is depicted in light

green.
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Could the Pareto front, that was constructed by the performance of all random and valid GC
models, be improved, i.e. moving its location towards higher pattern separation and economy?
An optimisation algorithm was implemented that incrementally changed the conductances
of 27 channels and regions (£5% steps) of the original GC model (triangle). The goal was to
concurrently improve economy and pattern separation in the 10/ z input condition without
the original Fitness constraint. In case this was not possible the priority of the algorithm
was for simulation one to improve economy and for simulation two to improve the relative
redundancy reduction (Figure 27| C, simulation one with 23 solutions and simulation two
with three solutions of the optimisation walk respectively, totaling 26 solutions for both with a
Pareto front in dark green). Indeed, the algorithm found channel parameters for which higher
pattern separation or economy was possible: 24 of the 26 solutions showed lower ATP use, 23
higher relative redundancy reduction performance, and 21 improved in both simultaneously
when compared to the performance of the original GC model. The channel mechanisms found
by the optimisation algorithm were then applied to the 20/ z input condition as a control and
generalisation test of the solutions (in light green). In that case, again 24 solutions showed
lower ATP use, but only three improved in relative redundancy reduction performance, and
only one in both at the same time (meaning 100%, 13%, and 5% compared to the number of
solutions in the 10/ z condition respectively). It is important to note, that the Fitness of the
newly found GC models and their altered mechanisms with regards to somatic features was
not a constraint of the search algorithm. This is in contrast to the population of GC models
(grey) which were chosen to be valid due to having a Fiitness < 2 and therefore being similar
to experimental data and the original GC model by Beining et al. (2017), see Schneider et al.
(2023). Likely, a longer and more detailed parameter search (see Methods) might have found

even better results for the performances.

In summary, the perturbations due to input or channel noise did not disturb the Pareto front
much when the noise was moderate. For high noise the Pareto front moved first to lower
energies and then to lower pattern separation performance. Interestingly, compared to a model
without ion channels (LIF) the GC models established a Pareto front with higher economy
but smaller maximum pattern separation. Without the somatic behavioural constraint of the
population models a parameter search could find ion channels that resulted in slightly better

performances beyond the original Pareto front.
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5.4.5 Young GCs simultaneously optimise for the pattern separation performance and

economy with tendency towards low energy

Young abGCs can contribute to pattern separation and play a role in memory formation in
the hippocampus (Clelland et al., 2009; Johnston et al., 2016). Therefore, in this section of
the GC investigation the mature cells (blue) were compared to newly formed cells (red, see
schematic in Figure 28/ A). In order to do that, the original GC model (Beining et al.,2017) was
implemented in a whole dataset of 23 GC reconstructions (Schmidt-Hieber et al., 2007; |Vuksic
et al,2011). Importantly, all cells per cell group had the same ion channel expressions and
only differed in morphology. The mGC group was distinguished from the abGC group by
using the same morphologies but with decreased synaptic density (40%, see also schematic
in Figure 28/ A) and blocked channels (Kir, Kv, BK channels according to Mongiat et al., 2009;
Beining et al., 2017). For different pattern separation measures (relative redundancy reduction
in Figure [28/B left, and sparsity weighted MI in Figure 28| B middle) the abGCs were located on
the Pareto front with a tendency towards higher economy. They also showed higher efficiency
(relative redundancy reduction per ATP use in Figure 28 B right) compared to the mGCs (10H z:
p =0.023, 20H z: p = 0.009). Overall the abGCs simultaneously optimised the performances
of pattern separation and economy leaning towards lower energy use than mGCs. This was
mainly due to the lower synaptic density in abGCs and therefore less synaptic energy. At the
same time the change in ion channel composition increased the excitability of abGCs but did
not lead to higher energy use by the channels. It rather led to similar somatic firing rates and
similar pattern separation measures even with less input. Both, mGCs and abGCs, showed a
negative correlation of cell path length with respect to economy (negative ATP count), pattern
separation and efficiency (Figure 28/ C), i.e. a small cell showed higher economy since it has a
smaller amount of channels and synapses that could contribute to the ATP count compared
to a big cell. At the same time also the pattern separation (relative redundancy reduction)
performance preferred a smaller cell. This led to an overall high anti-correlation between cell
length and performance efficiency as it is defined by pattern separation over ATP use. The
abGCs displayed even higher anti-correlation than the mGCs for most cases. The correlation

values for both input frequencies (r1 and r2) are indicated in the respective panels.
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Figure 28. Comparison of mGCs and abGCs regarding simultaneous optimisation of pattern sep-
aration and economy and their dependence on cell length

A: Example morphologies for mGCs and abGCs. B: Economy vs. pattern separation (relative re-
dundancy reduction, left, and sparsity weighted MI, middle) shown for mGCs (blue) and abGCs (red).
The 20H z condition is shown by the light colors. Right: Efficiency (pattern separation over ATP use)
shown for both cell groups and input frequencies. C: Path length vs. economy, relative redundancy
reduction and efficiency shown for mGCs (top, blue) and abGCs (bottom, red) with the correlation
values indicated in the panels.
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6 Discussion

The aim of this dissertation was to investigate rodent hippocampal nerve cells via realistic
in silico models with respect to their morphology, intrinsic mechanisms and IO function.
Thereby, several physiological and pathological conditions were compared in three major,
complementary investigations covering invariant, impaired and optimised IO function. In
the first chapter of this dissertation, a general principle of invariant IO function was revealed,
called “dendritic constancy”. It was confirmed as a fundamental, activity-equalising princi-
ple for several cell models independent of size and complexity during synaptic activation.
Importantly, the cell models included realistic, dynamical non-linearities such as NMDA
synapses and especially voltage-dependent ion channels. The dendritic constancy principle
held true under all conditions. Furthermore, the dendritic constancy principle aided in the
investigation of dendritic structural changes and the concurrent pathological hyperexcitability
prevalent in AD PCs in the second chapter of this dissertation. Three possible scenarios for
hyperexcitability as a form of impaired IO function could be identified that most likely cause
the observed enhanced bursting in AD. The hyperexcitability scenarios were independent of
the morphological changes but included modifications of intrinsic (ion channels) and extrinsic
(£/I ratio) mechanisms during AD. The ion channel mechanisms played a further role in the
third and final investigation of the thesis concerning optimised GC IO function. Chapter three
established the original GC model, which had been validated by literature and experiments,
as one of the optimal models located on the Pareto front in a population of valid GCs for
the simultaneous performance of the pattern separation IO function and economy. This was
supported by the fundamental finding that low energy usage and high pattern separation
performance correlated with low current overlap of sodium and potassium. This is due to
the particular ion channel expressions ultimately affecting the IO function. Finally, young
abGCs were located on the Pareto front as well with tendency to low energies revealing
the important role young GCs could play in pattern separation and in general in memory
formation in the hippocampus. In summary, all in silico investigations in this dissertation
revealed a close relationship between morphology, intrinsic ion channel mechanisms and 10

function of hippocampal neurons.
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6.1 Range of application and limitations of dendritic constancy

In the first chapter of this thesis, three compartmental models were implemented (Poirazi et al.,
2003a; Jarsky et al., 2005; Almog and Korngreen, 2014) describing the underlying biophysics
of rat PCs. They included several voltage-dependent ion channels and therefore made the
cell models more realistic. For all models and reconstructions (n = 105 hippocampal CA1
PCs and n = 20 cortical layer 5 PCs) the IO function was invariant under synaptic activation
continuously showing an independence of the activity from the cell size. This is a confirmation
of the dendritic constancy principle previously shown for passive dendrites (Cuntz et al.,[2021).
Furthermore, adding the synaptic transmission for excitatory NMDA and inhibitory GABA
receptors, which contribute to the non-linear dynamics of the synaptic input signal, expanded
the working range of the dendritic constancy principle further. This was true for whole cell
and clustered synaptic activation. Importantly, each step of this investigation (from Figures
-|15) incorporated more accurate biophysics to the model neurons as shown in literature.
Thereby, the results from this dissertation were key in validating the dendritic constancy
principle by expanding it from theoretical considerations (Equation (11) and passive models

(Figure 2) to realistic, active neuron models for synaptic activation (Cuntz et al., 2021).

There are several assumptions involved in the derivation of the analytic solution of the den-
dritic constancy rule for neurons, that have consequences for the applicability and limitations
of it as a general principle (Cuntz ef al., 2021). They mainly relate to morphological and
electrophysiological features of the cells. The Equations [10,and [11)show that, even though
there is no length dependence, the voltage change still depends on the specific membrane con-
ductance, the synaptic conductance and the average dendritic diameter. But it also depends
on the axial conductance and the somatic leak conductance. First, the membrane conductance
can vary greatly between individual neurons even from the same cell type which has been
shown in previous studies: Garden et al. (2008) showed that the best approximation of data,
especially for input resistance, was achieved with a non-uniform distribution of the membrane
conductance within the cell; and |Grashow et al.|(2010) showed that the membrane conductance
of a cell could vary between two- and eight-fold for different cell types. However, the average
membrane conductance was comparable again between the cell types. Second, the average
dendritic diameter was normalised for all cell reconstructions in this thesis. But real diameters
can vary as can be seen in Figure [14|C for the PC data set used here. For an individual neuron

this means, in consequence of Equation [11, that also the voltage response can vary. On a
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population level, however, these differences matter less as they affect small and big cells
alike and there is no length dependency. The variance in voltage response and firing rate
gets bigger with bigger variance in dendritic diameter but the average response is still well
approximated by Equation [11{using the average dendritic diameter of all cells (Figure [14/C).
Third, the somatas in this thesis did not have synapses located on their surface bodies as only
the dendrites received synaptic input. This means that there was an empty “cable” surface that
constituted a leak and potentially influenced the neural activity since one of the requirements
of the dendritic constancy equation derivation was to give synaptic inputs along the whole
cell surface area. According to |Cuntz et al.| (2021) the somatic leak effect can be minimised
by small somatic conductances or by including the somatic diameter in the overall diameter
normalisation of the cells. Fourth, synaptic conductances are not constant within a cell. They
were modeled to increase with soma distance for AMPA and to decrease for NMDA to ensure
realistic synapse strength distributions and dendritic democracy (Hausser, 2001; Kim et al.,
2015). The dendritic constancy principle still held true with these non-homogeneous synapse
strengths. Interestingly, in potential numerical experiments, the synaptic conductances can in
fact be used to approximate a certain desired output voltage change or subsequent firing rate:
given Equation [11|for certain values of the dendritic diameter and membrane conductance,
the synaptic conductances can be set in a way to reach the desired somatic voltage response
(Cuntz et al} 2021). For the example of non-normalized dendrite diameters, the synaptic
conductances could be scaled with the average diameter of the corresponding dendrite to
control the voltage response and get the analytically predicted response as for the normalized
diameter (Cuntz et al., 2021). In a further step, knowing the synaptic conductances then can be
used to approximate the synaptic input activation necessary for the desired voltage response.
In addition to the synaptic conductances, the entire synaptic kinetics can potentially vary
between synapses including the equilibrium potential which would certainly influence the

voltage response and firing behaviour to synaptic input.

In combination, several variations of different parameters or mechanisms at the same time
could possibly be able to cancel each other; e.g. different somatic leaks or different dendritic
loads due to different morphologies might be canceled by concurrent variation of the AIS
(location plasticity, Jamann et al., 2021; Kumar et al., 2022) or by ion channel density changes
within the soma or axon (Hay et al., 2013; [Zbili et al., 2021) to still guarantee the same somatic
tiring behaviour in a homeostatic manner. AIS plasticity was not included in this dissertation

and has to be further investigated. However, ion channel alterations were an essential intrinsic
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modification in this thesis and are discussed later in detail.

Dendritic constancy has specific clinical implications since changes in cell size and structure
occur within several neural pathologies such as AD (Spires and Hyman), 2004; Grutzendler
et al., 2007; Siskova et al., 2014; Rao et al., 2022), epilepsy (Theodore et al.,[1999; Aroor and
Brewster, 2021), stress (Magarin et al.| 1995; Belleau et al., 2019) and depression (Sheline et al.,
1996; Roddy et al., 2019). In this dissertation, pathological morphological changes in nerve cells
in the form of dendritic atrophy are discussed. AD-related dendritic structural degeneration
of CA1 PCs is a prominent example (Braak et al.,[1993; Cochran et al., 2014; Siskova et al., 2014).
Often, dendritic atrophy is considered a feature of the pathology (Fiala et al, 2002; Sigkova
et al.,2014; Halliday, 2017). But previous studies already proposed the degeneration to be a
mechanism of the cells” homeostasis regulatory system (Vlachos et al., 2012; Dell’Orco et al.,
2015; Lenz et al., 2023). For example, for dendritic structural changes in denervated GCs of
the DG the modelling studies of |Platschek et al. (2016, 2017) showed that there was a balance
between synapse loss and dendritic reduction which kept the synapse density equal and
resulted in similar somatic responses for synaptic activation. Experimental results confirmed
that the density of synapses in pathological cells after denervation indeed reached a level equal
to the healthy cells before (Steward et al.,|1988; Vuksic et al.,2011). Under these conditions,
dendritic constancy is a general principle that can be applied to explain equal firing rate for
cells of different sizes due to pathological dendritic changes (Cuntz et al., 2021). Similarly,
this dissertation demonstrates that concurrent with synapse loss the dendritic atrophy during
AD can be a homeostatic mechanism to keep the cell function stable by increasing the input
resistance and therefore excitability in order to counter the lower synaptic excitation (Mittag

et al.,2023). This is discussed in more detail for chapter two involving AD hyperexcitability.

The dendritic constancy principle is not the only rule involved in the processes and dynamics
of the nerve cells. It is rather an underlying, activity-equalising principle whereupon other
processes can act. In the dendrites, several linear and non-linear computations (London and
Hausser|, 2005 Payeur et al., 2019; Bicknell and Hausser, 2021) and synaptic plasticity rules
(Turrigiano and Nelson, 2004; Morrison et al., 2008; Magee and Grienberger, 2020; Inglebert et
al.,2020) are known to exist and interact with each other. These processes can be local or global
within the cell and add to the transformation of synaptic signals into somatic voltage or firing
patterns in a complex way. In addition to dendritic spikes (a feature of the compartmental
model by Poirazi et al., 2003b, see Figure 13| D) there are further dendritic events possible in a

104/[153)



Thesis Martin Mittag

neuron, such as NMDA and calcium spikes (Golding et al., 2002; Larkum et al., 2007; Major et
al., 2013} Larkum et al., 2022). They add further non-linearities to the dendritic computation.
The inhibition employed in chapter one was distributed along the dendrites and relatively
weak. It did not disrupt the dendritic constancy principle. However, strong inhibition is
known to have an effect on neurons in the form of shunting. For instance, it has been observed
that the inhibition causes the input resistance to drop locally in such a drastic manner that the
resulting voltage response is decreased in a supra-linear way (Mitchell and Silver, 2003). In
chapter two, strong somatic inhibition was applied to the CA1 PCs (high v range of 50 —100H z)
in order to create burst activity. Remarkably, the dendritic constancy principle was still valid

in that case.

It is important to note that the dendritic constancy principle only refers to the firing rates of
cells, i.e. the number of spikes. The exact timing of the spikes can vary between cells even
though they might show the same average firing rate. For example, Cuntz et al. (2021) showed
different firing patterns (including bursts) between different cell types while displaying the
same firing rate for all of them (see also Connors and Gutnick) (1990). Nevertheless, the specific
spike pattern and variety in spike timing can be important for the cell and brain function
(Shinomoto et al., 2009; Gjorgjieva et al.,2016; Deneve et al.,2017;|Paton and Buonomano, 2018).
Consequently, in the third chapter of this dissertation, special attention was given to the spike
pattern. It was investigated with respect to the pattern separation performance of dentate GCs
(Bakker et al.,[2008; |Yassa and Stark, 2011} |Rolls| 2013; Bird et al.,[2024). This will be discussed
further for chapter three.

6.2 AD dependent dendritic changes and its relation to hyperexcitability

In the second chapter of this dissertation, the dendritic constancy principle was a helpful guide
in the investigation of hyperexcitability in AD, an impaired IO function. Hyperexcitability,
the phenomenon of increased firing rate, has been investigated in many AD studies covering
different methods such as in vivo (Palop et al., 2007; Busche et al., 2008, 2012; Sigkova et al.|
2014; |Verret et al., 2012; Busche and Konnerth, 2016; Palop and Mucke, 2016 Sosulina et al.,
2021), in vitro (Siskova et al., [2014) and organoids experiments (Ghatak et al., 2019). This
includes computational studies (Sigkové et al.,2014; van Elburg and van Ooyen) 2010; Vitale

et al., 2021} Mittag et al., 2023). However, the actual underlying mechanisms and causes are
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not fully understood. At the same time, another characteristics of AD has been shown in
previous studies: dendritic structural degeneration of the neurons (Braak and Braak, 1991;
Braak et al., [1993; |Anderton et al., (1998 Le et al., 2001; Augustinack et al.|, 2002; Isai et al.)
2004; Grutzendler et al., 2007; Merino-Serrais et al., 2013). In fact, few studies suggested a link
between the enhanced firing and the dendritic degeneration (Siskova et al., 2014; Ghatak et al.,
2019). The reasoning behind it can be understood from the following physical considerations
of the electrotonic mechanisms. Morphological changes in a neuron in the form of dendrite
shrinking lead to a reduction in membrane surface and consequently membrane conductance.
The cell’s input resistance is increased and therefore also the voltage response, i.e. the cell
is more excitable (Van Ooyen et al., 2002; van Elburg and van Ooyen, 2010). Importantly,
this holds true for somatic current injections as well as for synaptic activation if the absolute
number of synapses is constant between a small and a large cell (Siskova et al., 2014). In
line with dendritic constancy, the dendritic atrophy can potentially be a homeostatic effect
to maintain IO function when also synapse loss occurs at the same time. In that case, the
dendritic shortening with its resulting increase in excitability may counteract the lower number
of synapses and therefore lower synaptic excitation. Even though the absolute number of
synapses is decreased in this situation, the relative synapse density is invariant (Siskova
et al., 2014) which is a requirement of dendritic constancy (Cuntz et al.,|2021). For another
pathological case of dendritic atrophy in GCs after EC lesion the electrophysiological modeling
study by Platschek et al.| (2016 explored the relationship of synapse loss and morphological
changes. It revealed that dendritic atrophy was capable of adjusting the excitability of neurons
thus compensating for the denervation-evoked loss of synapses (Platschek et al., 2016, 2017).
The computational principle of dendritic constancy has been previously shown for various
cell types with a variety of dendritic shapes and sizes for passive models in Cuntz et al.|(2021).
It was further generalised to a large data set of CA1 PCs for several active, biophysical models
in the first chapter of this dissertation. In summary, the analytical derivation (Cuntz ef al.)
2021) and numerical simulations (Cuntz et al., 2021; Mittag et al., 2023) have shown that
neuronal excitation in response to distributed synaptic inputs was generally independent
of the cell length for invariant synaptic density. As an application of dendritic constancy
from chapter one, rigorous computational modelling in chapter two indicates that atrophied
APP/PS1 cell morphologies do not lead on their own to increased firing and bursting as
compared to the WT group (Figure[16/and Figure [18, Mittag et al.,|2023). This is based on the

same density of distributed synaptic inputs which is in line with data showing comparable

106/[153)



Thesis Martin Mittag

spine and synapse density in APP/PS1 and WT PCs (Sigkova et al., 2014). At a later stage
of the disease progression (> 20 months) additional spine loss can occur resulting in lower
synapse density (Spires-Jones et al., 2007; Knobloch and Mansuy) 2008; Bittner et al.,2010). In
that case, the homeostatic effect of dendritic degeneration obeying the dendritic constancy
principle might break down since further shrinking of the dendrites to keep the synapse
density constant seems to reach a limit. In this thesis however, the activity-invariant effect of
dendritic degeneration on excitability in AD model cells was persistently observed. It was
valid for the simple synaptic models with AMPA synapses (Figure [16) as well as for more
complex synaptic models with distributed AMPA, NMDA and GABA-A synapses (Figure
B). Additionally to changes in dendritic length in the APP/PS1 cell morphologies also other
morphological measures such as the number of branch-points and the surface area of the
cells were concomitantly altered. Likewise, these changes had no effect on the excitability
(Figure [16/ C). No hyperactivity was found in the APP/PS1 cells, which display dendritic
degeneration, for any of the whole cell stimulations. A second compartmental model by Jarsky
et al.|(2005) was implemented to check for variability or robustness of the results regarding the
underlying biophysical mechanisms in form of ion channels. It confirmed the results of the
previous model by Poirazi et al.| (2003b) similarly showing no hyperexcitability in APP/PS1
cells based on morphological changes alone (Figure [17).

Moreover, whole cell distributed synaptic activation is not the only input mode received
by the cells. Three prominent input layers such as EC input to the tuft, and CA3 input to
oblique and basal dendrites are known, which show a distinct behavioural input pattern
(theta frequency 5H 2) received by the hippocampus (Bannister and Larkman, 1995; Megias
et al., 2001} Ang et al., 2005; Manns et al., 2007; [ITakahashi and Magee, 2009; |Lopez-Madrona
et al.,2021). Since basal dendrites are generally lost before the more peripheral portions of
the apical dendrites in AD-related CA1 PCs (Scheibel, [1979; Sigkové et al., 2014), layer specific
inputs could potentially lead to different excitation. As a result, a link between dendritic
degeneration and excitability change could be seen, which is a direct effect of specific pathway
inputs on the cell’s response for both morphology groups (Figure [I8). On the one side,
stimulation of basal dendrites resulted in decreased firing of APP/PS1 cells compared to WT
cells (Figure (18 C, D, Right panels). On the other side, stimulation of apical dendrites increased
the activity of APP/PS1 cells though it was only significant in the passive model (Figure
C, D, Middle panels). An explanation of this effect is that the decrease in basal/apical ratio in

APP/PS1 cells due to stronger basal degeneration resulted in less stimulated area per whole
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cell surface for activation of basal dendrites. Alternatively, the stimulated area per whole cell
surface was increased for activation of apical dendrites (Figure[19|A, Left). The disproportional
change of basal and apical dendrites hence led to a selective gating of inputs from CA3. As a
consequence, the effect of basal/apical ratio was tested. Indeed, in case of equal basal/apical
ratio this difference in excitation disappeared (see morphological modelling of scaled WT
and APP/PS1 PCs in Figure (19, Mittag ef al., 2023). Nevertheless, the increase in activity for
APP/PS1 cells after apical stimulation was minimal and can not explain the hyperexcitability,
and especially burst increase, observed in APP/PS1 cells (see Table 1|and Siskové et al., 2014).

The modelling results in the second chapter point to the conclusion that morphological
changes during AD are not leading to hyperactivity and enhanced bursting. The APP/PS1
cells display no hyperexcitability compared to the WT cells even though they are statistically
smaller (see Figure[8). Other intrinsic and extrinsic alterations are necessary to explain the
observed in vivo data of increased firing rate (Siskova et al., 2014). Still the general opinion in
the literature supports the idea that cells possess a specific structure in order to fulfil a specific
function (Meinertzhagen et al., 2009). However, it has been shown that dendrite morphology
can be rather well predicted by anatomical connectivity (Cuntz et al., 2010; Holtmaat and
Caroni, [2016), and that connected neuron ensembles rather than single neurons constitute an
emergent functional unit (Yuste, 2015). Instead of a clear structure to function relationship,
this dissertation proposes that the structure and size of a cell change to keep the function
stable: dendritic atrophy, in AD and other pathologies, might be a compensatory mechanism
contributing to firing rate homeostasis after synapse loss. This is in line with several modeling
studies (Platschek et al., 2016, 2017; Cuntz et al., 2021; Mittag et al., 2023). Consequently,
dendritic remodelling that happens after synapse loss in AD might help restore the IO function
of the cell. IO homeostasis of that kind would be advantageous for the single neuron and
moreover for the network that it is a part of. In the literature compensatory mechanisms
have been already shown for several cell types in different animals, in experiments and
modeling (Weaver and Wearne} 2008; Tripodi et al., 2008; Cuntz et al., 2013} |Yin and Yuan,
2015; Platschek et al.}, [2016; [Lenz et al., 2023). In AD, morphological compensatory effects
have been observed which might work against the experimentally documented decline in
cell function. As an example, an increase in size of the dendritic spines that are left after
AD-related spine loss (Fiala et al., 2002; Moolman et al., 2004; Dickstein et al., 2010; Neuman
et al.|,2015) and topological modifications of dendrites (Graveland et al., 1985; |Arendst et al.,

1995} Szot et al., 2006) are indications of a functional beneficial effect of spine and dendrite
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alterations. Consistent with the concept of homeostasis, studies have shown a conservation
of the electrophysiological features even during structural changes of AD-affected neurons
(Rocher et al., 2008; |Abuhassan et al., 2014; Somogyi et al., 2016). From the perspective of
metabolic cost and energy demand, dendritic degeneration with its shrinkage in overall cell
size as well as reduction in the amount of membrane surface and available space for synaptic
contacts has its advantages: it saves energy resources. In chapter three of this thesis, economy
of energy is one of the cell’s tasks considered in the performance and discussed later. Taken
together, chapter one and two confirm, that the cell’s size and shape is largely independent for
it’s output under controlled conditions of distributed synaptic activation (Cuntz et al., 2021;
Mittag et al., 2023). This indicates, that AD-related alterations of the dendrite structure and
size during the beginning of the disease progression compensate for synaptic loss as long as
possible and maintain the IO function such as somatic firing. Consequently, other mechanisms

are required to explain the observed hyperexcitability in AD.

6.3 Multiple intrinsic and extrinsic mechanisms of AD hyperexcitability

The results in chapter two established that hyperexcitability in APP/PS1 neurons could not
be explained by changes in the PC morphology. For that reason, other possible alternative
explanations of hyperexcitability were investigated. This included several observed config-
urations of extrinsic and intrinsic changes during AD, and its combinations: elevated input
frequency and correlation of excitatory input, diminished GABAergic inhibitory input, ion
channel modifications, and increased network burst activity (Mittag et al., 2023). From this it

was possible to identify three scenarios of hyperexcitability in AD.

Regarding Scenario 1, £//I imbalance, Figure 21| A: Previous studies of AD mouse models
have shown modifications in E/I balance due to reduced inhibition and increased excitation
(Busche et al., 2008} Schmid et al., [2016; Palop et al., 2007; Palop and Mucke, [2016; Ambrad
Giovannetti and Fuhrmann, 2019; Xu et al., 2020; Hijazi et al., 2020; |Gervais et al., 2022; Targa
Dias Anastacio et al., 2022). The simulation results support the conclusion that the observed
impairment of GABAergic inhibition and the concomitantly enhanced glutamatergic excitation
(increased input frequency and input correlations in AMPA /NMDA) can be one of the main
contributions to the AD-related hyperexcitability (Mittag et al.,[2023). Notably, these alterations

can reproduce the data (Siskova et al., 2014) leading not only to elevated firing rates but also
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to a transition of the firing mode from single to burst firing in APP/PS1 PCs.

Regarding Scenario 2, alterations in E/I balance and ion channels together, Figure 21| B:
AD hyperexcitability has been previously associated with ion channel alterations such as
down-regulation of /45 p current (Beck and Yaari, 2008; Zhang et al., 2014; Wang et al., 2015a;
Niday and Bean, 2021), up-regulation of Iy, and persistent /y,, currents (Williams and Stuart,
1999; Yue et al., 2005; Beck and Yaari, 2008} Liu et al., 2015; Wang et al., 2016; Ghatak et al., 2019)
and up-regulation of T-type calcium current /¢,r (Yaari et al., 2007; Beck and Yaari, 2008; Cain
and Snutch| 2013; Medlock et al., 2018; Garg et al., 2021) as described in Mittag et al. (2023).
The results of this dissertation in chapter two suggest that solely intrinsic changes of the ion
channels are not sufficient to account for the observed AD hyperexcitability. Indeed the mode
change from solitary firing to predominantly burst firing (Siskova et al., 2014) could not be
shown, even though the simulations (Figure [20|C) showed several ion channel changes that
increased the overall spike rate and burst firing. However, the combined alterations in £/1
balance and ion channels simultaneously could replicate the AD-related hyperexcitability in a
quantitative and qualitative manner including also the mode change from single spikes to
bursting (Figure 21| B). Clearly, ion channels and their alterations are part of the AD pathology
and can be one of the main contributions to the AD-related increased excitability (Mittag et
al.,2023). Ion channel changes can have a combinatorial effect that is non-linear and which
can be described as synergistic: they can result in more triplets than E/I imbalance on its own,
and with a smaller perturbation of the healthy control situation. As a control, the ion channel
and network modifications were applied to the healthy group of the WT PCs. Importantly, it
resulted in a higher increase in burst firing in comparison to the APP/PS1 cells (see Figure 23).
Hence, one important conclusion in this dissertation is, that the dendritic degeneration is a
stabilising attempt which can partially counter the increase in burst firing in APP/PS1 cells.
Previous studies of computational and morphological modelling confirm the effect of dendritic
size and topology on the bursting behaviour of neurons (van Elburg and van Ooyen, 2010).
Different ion channel changes can lead to ion channel variability occurring among the cells.
Therefore, the important concepts of ion channel degeneracy and homeostasis are discussed
(Drion et al.,2015; O’Leary, 2018; Goaillard and Marder, 2021; Schneider et al., 2023). Single
PCs can possibly develop differently during AD and show different (degenerate) ion channel
changes still resulting in the same somatic hyperexcitability with enhanced firing and bursting
(many to one mapping). Moreover, the stage and region of the disease progression can lead

to different populations of the cells showing a variety of AD-effects displaying increased

110/153)



Thesis Martin Mittag

or even decreased excitability (Busche et al., 2008; Zott et al.,[2018; Dunn and Kaczorowski,
2019). This is in contrast to healthy cells, where ion channel variability and degeneracy can
be helpful with respect to robustness of function and homeostasis (Marder and Goaillard,
2006; Schneider et al., 2023). There is however a limit to the applicability of the homeostatic
compensation (= stabilise/restore function). It might only be possible for a limited parameter
region. The manifold and complex interplay within the multi-dimensional parameter space
of the mechanisms (O’Leary) [2018; Yang et al., 2022} |Stober et al| [2023; Mittag et al., 2023)
complicate a homeostatic reaction. On the one hand, the high-dimensional parameter space
potentially offers more solutions to reach homeostasis (Schneider et al., 2023), on the other
hand these solutions can be difficult to find as it includes the adjustment of many parameters
and properties simultaneously (Yang et al.,2022; Jedlicka et al.,[2022). One hypothesis for AD
progression is the deteriorating loop of impaired function and failed homeostatic reaction
which reinforce each other (Frere and Slutsky, 2018; Dunn and Kaczorowski, 2019). Therefore,
the ion channel variability in AD and the function/dysfunction of firing rate homeostasis
remain important topics for future experimental and computational research (Mittag ef al.,
2023). In this thesis, the same AD-related intrinsic and extrinsic alterations were consistently
implemented in all cells. It is however quite realistic that some of the AD cells show increased
excitability because of impaired £/I balance while others display impaired £/ together with
ion channel changes leading to hyperexcitability in a degenerate way (Mittag ef al., 2023). The
heterogeneity of these effects between neurons may depend on the stage of AD progression

and has to be investigated in further experiments.

Regarding Scenario 3, enhanced network activity in AD cell regions, Figure 21| C: network
hyperexcitability has been previously shown (Sigkova et al., 2014; Palop and Mucke, 2016;
Zott et al., 2018; Selkoe, 2019; Maestu et al.,2021; Kazim et al., 2021). It ultimately can result
into epileptiform activity (Minkeviciene et al., 2009; Noebels, 2011). In this thesis, enhanced
excitability of the surrounding excitatory network due to more input bursts into the APP/PS1
PCs was sufficient to raise the somatic burst rate of the cells including a change of firing mode
from single spike to bursting (Figure 21| C) as observed in APP/PS1 mice (Sigkové et al., 2014).
These results suggest that extrinsic network bursts are one of the main contributions to AD
hyperexcitability (Mittag et al., 2023). Notably, this means that the hyperactivity caused in
one AD area, e.g. EC or CA3 (Khan ef al., 2013; Dutty et al., 2015;|Angulo et al., 2017; |Petrache
et al., 2019), could expand to other areas such as CA1 resulting in a network dependent

increase in firing rate and bursting. Most neurons are part of a network. AD in one region can
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easily spread into another due to the network connectivity, which would potentially lead to a
domino effect infecting one network after the other with hyperactivity. One way to confirm
this hypothesis in future research would be to apply information theoretical measures to
analyse AD-related changes combined with the spreading of activity in hippocampal areas, as
illustrated in Swietlik et al./(2019).

In chapter two, this dissertation investigated AD cells at a time of the disease progression
that shows clear formation of amyloid plaques in the hippocampus. Besides that, different
AD stages and regions have to be further investigated. At an earlier stage before plaque
formation, transgenic rats in an in vivo study showed hyperexcitability that was mainly caused
by increased intrinsic excitability (Sosulina et al., 2021). It follows, that an impaired extrinsic
E/I ratio (Busche and Konnerth, 2016) would be expected to be initiated and be important at
later phases of AD (Mittag et al., 2023). The precise sequence of pathophysiological events
still has to be demonstrated though. One idea is to compare several time points of the disease
with respect to the underlying mechanisms and pathological progression, especially the
increasingly synergistic effects of combined intrinsic and extrinsic alterations. An example
study of APP/PS1 mice including and comparing three different ages originates from the
group of |Vitale et al.| (2021). They showed alterations in membrane time constant, HCN
channels, AP width and firing behaviour in APP/PS1 mice depending on the age and AD
stage. It is important to note that in the mentioned study the activation was caused by
somatic current injections. However, the simulations in this thesis suggest, that for a complete
understanding of AD hyperactivity and its development in single cells and networks, the
synaptically activated firing behaviour is more realistic and relevant. The focus in chapter two
was exclusively on the AD-based hyperexcitability in the hippocampus region of APP/PS1
model mice. Increased activity due to AD in other regions and for other AD models as well
as other species should be further investigated in experimental and computational studies
as they might reveal other mechanisms and interactions (Mittag et al., 2023). For example,
recent investigations have shown that increased excitability in the somatosensory cortex of the
familial AD mouse model is a consequence of an impaired function in the firing of GABAergic
parvalbumin interneurons which is caused by changes in the Kv3 potassium channel (Olah et
al.,2022).

The mechanisms investigated in chapter two do not yet yield the complete picture of possible

AD-related changes involved in hyperexcitability. Hence, it is worth to mention a few relevant
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features that should be further examined. For instance, amyloid-beta accumulation is an
important characteristics of AD and potentially has an effect on the extracellular glutamate
concentrations (Bezprozvanny and Mattson, 2008; Scimemi et al., 2013} Bao et al., 2021} Targa
Dias Anastacio et al., 2022). The thesis attempted to simulate amyloid-beta accumulation
only indirectly by an increased NMDA time constant meaning a delayed clearance of synapti-
cally released glutamate. The results showed an increased firing rate of APP/PSI1 cells (see
Figure 22| B) due to an increased single spike rate but with a constant burst rate (Mittag et
al., 2023). This entails that other changes are necessary to explain the data of hyperactivity.
Alterations in the synaptic plasticity, suppressed LTP and memory impairments are further
consequences of AD and amyloid-beta (Rowan et al., 2003; Shankar et al., 2008). Nevertheless,
the interactions are complicated and could potentially also lead to hypoactivity (Irinchese
et al.,2004). Furthermore, the AIS has a strong influence on the cell excitability (Kuba et al.,
2014; Evans et al, 2015). For example, alterations in AIS plasticity following amyloid-beta
formation in AD affect firing behaviour (Leén-Espinosa et al., 2012; Sun et al., 2014; Zhang
et al., 2014; Dongmin Sohn et al.,|2019; Booker et al., 2020). One limitation of the modelling
performed in chapter two is, that AIS changes were not included since there was no AIS
anatomical information available in the morphology data sets (Mittag et al., 2023). Future
research therefore should investigate the role of the AIS and its potential changes in AD and

hyperexcitability.

In conclusion of the second chapter of this dissertation, several mechanisms contributing to
hyperexcitability in AD were revealed. Degeneracy with respect to these involved intrinsic
and extrinsic mechanisms can be a useful concept to understand the AD pathology (Tononi
et al., 1999; [Edelman and Gally, 2001). Systems within the brain can be considered degen-
erate with the following definition: multiple distinct mechanisms are sufficient, but none
of them is necessary, to fulfil a certain function. In the same manner this also accounts for
pathomechanisms leading to dysfunction (from regular- to hyper-activity, Neymotin ef al.,
2016; Ratté and Prescott, 2016; O’Leary, 2018; Medlock et al., 2022; Kamaleddin, 2022} Mittag
et al.,2023). In this thesis, Scenario 1 with increased E/I ratio, or Scenario 2 with increased
E/I ratio combined with ion channel changes, or Scenario 3 with increased network burst
input are sufficient to explain the mode change from single AP to burst firing (Mittag ef al.,
2023, in silico study reproducing Siskova et al., 2014). No scenario on its own is necessary,
though all scenarios include extrinsic changes. The observed degeneracy of mechanisms

leading to pathologies can make it difficult to fix a function as one mechanism is likely not
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sufficient for the recovery (Kamaleddin, 2022} Stober et al., 2023; Mittag et al.,|2023). Various
homeostatic mechanisms (O’Leary, 2018; Sakurai et al., 2014; Onasch and Gjorgjieva, 2020)
further compound clinical approaches as individual mechanism therapies are ineffective
(Ratté et al.|, 2014; Ratté and Prescott, 2016). Future therapies could benefit from the results
obtained in this thesis by implementing approaches that incorporate multiple scenarios and

pathomechanisms underlying AD hyperexcitability (Mittag et al., 2023).

6.4 Pareto optimal GCs and beyond

Somatic firing rate and potential are important indicators of a neuron’s IO function. Usually,
additional computations operate within the neuron which define its function more precisely
(London and Hausser, [2005). For instance, GCs of the DG perform pattern separation between
input and output as their major function (Sahay et al., 2011; Schmidt et al., 2012; Rolls, 2013)).
This was the topic of the third and final chapter of this dissertation.

In general, function and computation of a neuron as a single unit and within a network are
dependent on cell type, location, connectivity, developmental stage, and other factors (Pravet-
toni et al., 2000; Masland, 2004; Esposito et al., 2005; Marder and Goaillard, 2006; Sahay et al.,
2011; McKenna et al., 2014; Yuste, 2015). These characteristics in turn differ in their underlying
mechanisms and constraints. One particular constraint of the cell is the amount of available
resources at its disposal or, in other words, the cell has to use its energy efficiently (Attwell
and Laughlin, 2001; Quintela-Lopez et al., 2022). Taken together, functions and constraints of a
neuron interact. Intriguingly, the recent study by |Ali et al.|(2022) has shown that an energy
constraint alone can be sufficient to give rise to emergent functions such as predictive coding
in an artificial neural network. Thereby, predictive coding entails the hypothesis that the
brain inhibits future input of the senses which match its predictions and that it highlights
the input which is surprising and has most informative content. In that way, efficient coding
naturally leads to a network that is favorable in predicting the world since this minimises
the required energy. Similarly, the GCs of the DG have to perform their pattern separation
function in an energy efficient (economic) manner. This was the motivation to investigate
pattern separation (Bird et al., 2024) and economy for GCs as a two-task optimisation problem
by applying the Pareto perspective in the third chapter (Alon, 2006; Jedlicka et al., 2022). Pareto
optimality was a helpful guide here to find the best group of GC models performing both
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tasks simultaneously, especially, since the improvement in one task typically came with a
trade-off in the other. The experimentally validated (original) GC model (Beining et al., 2017)
turned out to be on the Pareto line as one of the best models for both tasks without being
the best for the individual tasks alone (Figure 24). The original model by Beining et al.|(2017)
was created using the vast amount of literature and experiments (mainly electrophysiological
data measuring channel densities and features of the somatic AP) available at the time. It
was not tuned to the performance of pattern separation or to save energy. Nevertheless, the
results in chapter three of this thesis demonstrate, that the original GC model seems Pareto
optimal for both of these tasks. The comparison of the original GC model to a population of
valid, random GC models (1140 models are valid among 20000 randomly created models with
a Fitness < 2, Schneider et al.,2023) reveals that the population models can display quite
different performances of pattern separation and economy, even though they initially display
similar somatic firing behaviour. This underlines the astonishing function of the original GC
model to not only fit the experimental data but to also perform Pareto optimal for pattern sep-
aration and economy for which it was not designed. Remarkably, it points to an evolutionary
development of the GC with all its internal mechanisms to function well for pattern separation
with low energy use and a behavioural constraint (Laughlin and Sejnowski, 2003} |Shoval et al.,
2012; |Pallasdies et al.,|2021)). Thereby, Pareto optimality is a possible explanation for how the
GCs evolved to their optimal biophysics (Shoval et al., 2012; Jedlicka et al., 2022). Additionally,
the results from chapter three showed that the GC performances were robust with little change
in the Pareto front even during moderate noise. This economic and robust pattern separation
ability of GCs in the DG is consistent with literature as part of the memory function of the
hippocampus (Yassa and Stark, [2011; Opitz, 2014; Madronal et al.,2016). In order to do that,
the GCs control the flux and decorrelation of information from neocortex to hippocampal
regions via perforant pathway of the EC (Jarrard, 1995; Amaral et al., 2007; Lopez-Rojas and
Kreutz, 2016; Burke et al., 2018) with sparse, energy-efficient activity and coding (Leutgeb
et al.,2007; Krueppel et al., 2011; Tonegawa et al.| 2015;|GoodSmith et al., 2017; Jaeger et al., 2018).

A promising explanation of energy efficiency in neurons has been previously proposed
and investigated by Alle et al.| (2009) in mossy fibers. They showed a link between low overlap
of sodium/potassium (Na*/K") currents during spiking and minimal energy used for this
process. Otherwise, a high overlap would lead to more sodium load needed for the process,

and therefore also more energy. During the overlap of the currents, sodium and potassium
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compete with each other and cancel each of their intended effects of depolarisation or repo-
larisation of the neuron (Sengupta et al., 2010; Hasenstaub et al.| 2010). The energy during
that overlap is wasted. Accordingly, the current overlap for the population of GC models
was examined and likewise a correlation between the overlap of somatic Na*/K" and the
ATP consumption was found. Or vice versa, the current overlap was anti-correlated with
the economy function of the cells (Figure 25). Ideally, the currents reduce their overlap by
faster Na* channel inactivation and a delayed onset of K" channel opening (Crotty and Levy,
2007; Sengupta et al., 2010; Stemmler ef al.,[2011; Yu and Yu, 2017). Furthermore, the results
in chapter three showed that the original GC model displays minimal currents’ overlap and
seems Pareto optimal near perfect energy economy among the population of investigated
models that are valid. It is important to note, that the energy estimation in this dissertation is
based on an ion counting system relating the ATP used for the Na*/K" pumps (Equation
Attwell and Laughlin, 2001). However, other approaches of calculating the energy usage of the
cell are possible. For example, previous work calculated the total electrochemical cell energy
as a function of its state variables (Moujahid and d”Anjou, 2012). Surprisingly, the pattern sep-
aration performance via relative redundancy reduction in this thesis showed anti-correlation
as well with the currents’ overlap, i.e. it preferred separate Na* /K" currents. One reason for
this interesting relation could be that a clear spiking pattern is dependent on the separation
of Na* /K" currents to generate the action potentials accurately in time. Or, more likely even,
the separate currents add noise to the signal and therefore output pattern which makes it
more distinguishable from the input pattern. Previously, there have been modeling attempts
to investigate the link between Na*/K" currents and reliable spike timing (Schreiber et al.,
2004). In another study, it was shown how voltage-gated conductances (including Na* /K"
channels) could be modified to learn a maximised information transfer of MI (Stemmler and
Koch, [1999). Such MI measure was also part of the relative redundancy reduction measure
for pattern separation in this thesis. Future research should investigate the link between ion
channel mechanisms and cell function optimisation such as pattern separation maximisation
turther.

What is a cell’s actual fitness function or objective to optimise (Van Geit et al., 2008)? In
a previous study by Schneider et al.|(2023), the selection of valid GCs was determined via
similarity to somatic electrophysiological features such as AP width and height and ISI
(Fitness < 2). Notably, dendritic features such as backpropagating action potentials were not

included as a constraint for the comparison. In this dissertation however, further tasks were
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added to evaluate the performance of GC models: pattern separation and economy. As a result,
the valid population models show differences in pattern separation and energy economy, and
therefore can be discriminated by them. When these optimisation tasks were incorporated
into the function of the GCs, only a handful of models remained, including the original model,
which showed Pareto optimality. In general, it is not known what the total objective function
of the GC is. It is reasonable to make assumptions based on biophysical experiments, showing
the involvement of GCs in pattern separation (Yassa and Stark, 2011) and using the metabolic
resources rationally (Alle et al., 2009; Sengupta et al., 2010; Schmidt-Hieber and Bischofberger,
2010; Yu and Yu, 2017). Several recent studies have successfully used similar approaches by
including energy constraints in the function and optimisation of neuron models (Remme et
al., 2018} Fardet and Levina) 2020; |Ali et al., 2022). Additionally, other constraints or tasks
could very well be involved in the natural function of the GC beyond a two-task optimisation
problem. For instance, one could also include the function of pattern completion for mGCs
(Nakashiba et al., 2012), dendritic computations (London and Hausser, 2005; Larkum et al.,
2007) or several plasticity phenomena (Morrison et al., 2008; Magee and Grienberger, 2020;
Inglebert et al.,2020). In this thesis, the constraints arise from the implemented morphological
and biophysical models. Subsequently, a population of models was selected which all show
very similar somatic behaviour as another constraint. Without any further conditions, the
results indicate, that for pattern separation and economy the original GC model functions

Pareto optimal among a population of models.

In chapter three, the Pareto front location was analysed for several conditions of input and
noise. Further, an optimisation algorithm was implemented to find channel compositions
(starting with the original GC mechanisms) which could move the Pareto front in the direction
of improved relative redundancy reduction or economy or both simultaneously for GCs.
Without the constraint of the somatic Fiitness function, which was a boundary of the GC
population models originally, the algorithm eventually found channel solutions that pushed
the Pareto front further (Figure 27| C, 26 solutions in total). Importantly, the performance
improvement was small (max. 20% for economy and max. 10% for relative redundancy
reduction). Control simulations in the 20H z input condition revealed that the same models
did not perform as well as in the 10H z input condition for which they were optimized: the
number of solutions for better pattern separation performance reduced to 13% and the number
of solutions for both, better pattern separation performance and economy together, reduced

even to just 5%. Looking at the channel modifications that contributed to this performance
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improvement, certain trends could be identified. An increase in calcium and calcium-activated
potassium channels as well as the big voltage-gated potassium channel (sometimes two to
three times as much as in the original model, which seems biologically unrealistic) was
observed. Especially, a decrease in the axon hillock sodium na8st channel and an increase
in the dendritic potassium Kv42 channel could be seen. This is in agreement with an earlier
finding in this thesis, which showed correlations between performance and the conductances
of na8st and Kv42 for the population models (Figure 25/ B). What is the location of the Pareto
front? For medium noise the front was quite robust. For high noise the pattern separation
was impaired but economy could be consolidated. With a parameter optimisation algorithm
without any further constraint the front moved slightly towards better performances of pattern
separation and economy. More constraints or tasks could move the front again, likely towards
worse performances of the current tasks due to trade-offs. Pareto optimality can help to

investigate this further.

Ion channel degeneracy played an important role in the second chapter of the thesis regarding
hyperexcitability in AD cells. On the one hand, degeneracy and variability of ion channels can
be a helpful feature for robustness and homeostasis of a system to keep a stable function of
the cell. For example, a particular channel failure might be compensated by other redundant
channels (many to one mapping of channels to function, |Rich et al., 2022; Schneider et al.,
2023). On the other hand, in a pathological development of the cell, multiple pathomecha-
nisms including different ion channel changes could lead to the same pathology, e.g. AD
hyperexcitability, and therefore making it very difficult to apply efficient treatment strategies
(O’Leary, 2018; Stober et al., 2023; |Yang et al| 2022; [Yang and Prescott, 2023 Mittag et al.)
2023). Notably, ion channel variability and degeneracy played a major role in the third chapter
regarding GC performance as well. [Schneider ef al.| (2023) showed degeneracy of the GC
model regarding its various ion channel compositions and its distinct somatic spiking be-
haviour, and ultimately emphasized the advantage of its biological existence for homeostasis.
However, the simulations in chapter three exposed, that the inclusion of other tasks in the cell
function reduced the population of GCs to a handful of models that performed Pareto optimal
for pattern separation and economy. It follows, that a perturbation of an ion channel can
potentially be compensated by changes of other channels to fulfil the somatic GC behaviour
in a degenerate way. Unfortunately, these compensations could at the same time perturb the
functions of pattern separation and economy since the effect of an ion channel is usually not

limited to one feature (see pleiotropy in Edelman and Gally, 2001} Yang and Prescott, 2023).
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In consequence, to keep all functions stable an even higher degree of degeneracy might be
necessary to have enough adjustment potential. As an example, it is easier to regulate ion
channels in a homeostatic manner for just invariant somatic behaviour compared to invariant
somatic behaviour, pattern separation and economy in parallel. As another example, the
optimisation algorithm applied in this thesis found good solutions for pattern separation
and economy by adjusting mainly the sodium channel, which could be therefore seen as
one mechanism of the GC function homeostasis. However, the Fitness function of the GC
somatic spike behaviour was disturbed in that case. It is clear that homeostasis of the GCs
several functions is more complicated than previously thought and involves likely different
regulatory systems to avoid unintended effects (O’Leary, 2018} Niemeyer et al., 2021} Yang et
al.,2022). Energy regulation seems to be just one candidate to control for behaviour (Vergara
et al.,2019). The existence of multiple homeostatic regulatory systems opens up more chances
to counter pathological developments for neuron functions (Davis and Bezprozvanny, 2001;
Marder and Goaillard, 2006; (Cannon and Miller, 2016).

6.5 The role of young abGCs

Pattern separation is not only a function of mGCs (Leutgeb et al., 2007; Bakker et al., 2008;
Neunuebel and Knierim, 2014} Yassa and Stark, 2011; Chavlis and Poirazi, |[2017) but possibly
involves young, abGCs as well (Clelland et al., 2009; Johnston et al., 2016). However, the exact
function of abGCs and what part each subpopulation of old and young GCs play in pattern
separation is still on debate in the literature (Kempermann, 2002; Jessberger and Kempermann,
2003} Lopez-Rojas and Kreutz, 2016; Johnston et al., 2016). In addition, previous studies have
shown that the role of young GCs is highly dependent on activity and regulation during
maturation (Fabel and Kempermann, 2008; Kempermann et al., 2015). The computational
results in this dissertation confirm the major role of newly formed GCs, and thus neurogenesis,
in the GC function of pattern separation and memory (see also Sahay et al., 2011; Tuncdemir
et al., 2019; Kroptf et al., 2015). Indeed, the abGCs seem to be Pareto optimal for pattern
separation and economy with a tendency towards lower energy usage compared to mGCs
(Figure[28). An interpretation of this result could very well be, that neurogenesis is an energy-
intense process (Perera et al.,[2011). Therefore, it might be initially more optimal to save energy
while performing the pattern separation function. At a later maturation stage the GC has

more energy at its disposal and hence can perform more to the right of the Pareto front with
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better pattern separation performance to the cost of less economy, as shown by the mGCs. The
mice used in part three of this research were 2-4 months old and 11-12 months old adult male
transgenic mice containing matured GCs, with either the compartmental model by Beining et
al.|(2017) implemented for the mGCs or the model version with altered ion channel densities
for the abGCs. Future studies should look at several temporal stages of the maturation of
GCs from new to mature under the influence of activity and plasticity to investigate how the
function of the GC arises and how it is optimised for pattern separation. Importantly, the
integration of the single GC into its DG network needs to be investigated further as ultimately
no cell is an island and rather part of a subpopulation or circuit function (Kee ef al., 2007}
Tuncdemir et al.,2019). This network integration however can be source of a pathology as
well, especially when it goes wrong, e.g. as seen by epileptic seizures due to increased GC
network activity after neurogenesis (Parent ef al., 1997; Sparks et al., 2020/ and see also Stober
et al., 2023). Mostly though, the literature shows a positive effect of neurogenesis and the
integration of new GCs into the hippocampal network on memory, behaviour and well-being
of animals: there seems to be a link between enhanced learning and increased neurogenesis
(Van Praag et al., 1999; (Gould et al., 1999; |Leuner et al., 2006) as well as heightened stress
and decreased neurogenesis (Gould and Tanapat, (1999; Snyder et al., 2011). The detailed
mechanisms underneath the benefits of neurogenesis are still not fully known though. One
possibility is that new GCs temporarily increase plasticity (Kropff ef al., 2015; Kempermann,
2022) and add to sparsity (Lodge and Bischotberger, 2019), both of which can be beneficial
for pattern separation. Alternatively, the new GCs help forgetting old memories and forming
new ones via easier integration of new information into familiar contexts. This is a possible
strategy to solve the plasticity-stability dilemma: balancing the acquisition of new memories
without disrupting old memories too strongly (Yau et al., 2015; Kempermann, 2022). The
balance between old and new memories could potentially be established by a balance between

old and new GC populations.

Additionally, a length dependency was revealed by comparing all cell reconstructions. This
is in contrast to the results in chapter one regarding dendritic constancy: the thesis revealed
that there is an anti-correlation between cell size and economy as well as pattern separation
performance. This means, smaller GCs on average perform better than bigger GCs. Regarding
energy demand, it is easy to see that a smaller cell with less surface and fewer ion channels
needs less energy to perform and has less metabolic demand (Miettinen and Bjorklund, 2017).

It is however surprising that a smaller cell also performs better in pattern separation. Why do
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bigger neurons exist then? This possibly relates to other GC functions and computations of
their dendrites (London and Héusser, 2005} Larkum) 2013). For instance, a recent paper by
Wilmes and Clopath! (2023) pointed to the importance of dendrites in mitigating the plasticity-
stability dilemma, which was mentioned for abGCs earlier. Moreover, GCs are part of a bigger
network in which they possibly connect more optimally with bigger cell size (Bird et al., 2021a).
Previously, Chklovskii (2000) and Cuntz et al. (2007) investigated and linked optimisation
of morphology and connectivity. The results in chapter three indicate, that cell morphology,
network function and connectivity are features that should be investigated further in their
interrelation, particularly for the GCs and their pattern separation performance. This includes
the network integration and interplay of the old mGC and young abGC subpopulations. These
constraints and functions could be part of a multi-dimensional Fitness or optimisation function
beyond just somatic behaviour (Schneider et al., 2023) and the two-task optimisation of single
cell pattern separation and economy which were the topic of the third chapter of this disser-
tation. A recent promising approach to model the DG-EC-CA3 network function including
information transfer and pattern separation as well as completion originates from the group
of Miiller-Komorowska et al.|(2023). However, single cell compartmental modelling details
were not fully included. Ideally, single cell and network approaches should be combined. A
detailed single cell bottom-up approach investigating the GC pattern separation function with
energetic constraints, as done in this thesis, is an important first step. Future research should
broaden the focus of investigation and consider GCs in a more holistic circuit manner, with

additional network functions and constraints, including the integration of young GCs.
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6.6 Closing remarks

At the conclusion of this dissertation I refer again to the initial questions: what constitutes the
IO relationship of nerve cells? What mechanisms or principles underlie their IO function?

First, the study of the structure-to-function relationship is a major aim in neuroscience.
Morphological size and structure clearly influence the neural IO function. Complementary, in
this dissertation I reveal a fundamental principle, called dendritic constancy, which entails
that the IO function can in fact be independent of cell size under certain conditions.

Second, ion channel variability is an important phenomenon observed within nerve cells.
I show in this thesis, that the specifically altered expression of ion channels during patho-
logical cell development can lead to the observed impaired IO function (e.g. in AD cells).
Likewise, the specific ion channel expression arising during healthy cell development can be
the resulting evolutionary solution of cells to optimise their performance (e.g. in GC pattern
separation).

Together, morphological structure and the involved non-linear ion channel mechanisms
within that structure strongly affect the IO function of nerve cells revealing particular structure-
to-function connections. I demonstrate this for three in silico investigations of hippocampal
neurons and their known IO activity in this dissertation. Moreover, the results have a broader
relevance and can likely be generalised to other nerve cells beyond the hippocampus and fur-
ther IO functions during healthy and pathological evolution, though this has to be scrutinized.

Thereby, Pareto optimality has turned out to be a useful explanatory tool, especially for
biological systems such as the nerve cells in this thesis, to investigate several tasks and/or

constraints simultaneously as part of the neural IO function.
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