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Abstract

Alzheimer’s disease (AD) is the leading cause of dementia in the modern
day, due to the rapid increase in life expectancy across the developed world.
While there is no known cure for AD, a sufficiently early diagnosis can pre-
cipitate better outcomes in terms of preserving the quality of life experienced
by AD patients. In the earliest stages of AD, studies have reported abnor-
malities in the electrophysiological properties of neurons in the entorhinal
cortex (EC), a region of the brain that plays a crucial role in spatial naviga-
tion. In particular, grid cells in the EC have been shown to exhibit altered
firing patterns in AD patients. Grid cells are neurons that fire in a spatially
periodic manner, and are thought to be responsible for the brain’s ability to
form cognitive maps of the environment. Using a biophysically-realistic com-
putational model of the grid cells, we have investigated the effects of varying
electrophysiological properties in the EC on the network dynamics of grid
cells. Our results show that altering certain electrophysiological properties
lead to changes in the spatial periodicity of the grid cells, creating a signature
which could potentially be used as a diagnostic tool for AD. While further
work is needed to validate these results, our study provides a proof-of-concept
for the use of computational models in understanding the pathophysiology
of AD.
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Chapter 1

Introduction

As a result of the blistering pace of advancement in the medical sciences, the
average life expectancy in the developed world has skyrocketed by nearly 30
years in the last century, precipitating the rise of senescence-related ailments
like Alzheimer’s disease (AD) (Boudoulas et al. (2017)). Thus, the need for a
deeper understanding of the mechanisms underlying AD has never been more
pressing. This chapter will provide an overview of the "required reading"
necessary to understand the context of this study - including a brief report
on AD and its progression, grid cells, and the link between the entorhinal
cortex and AD. In this study, we aim to investigate the effect of AD-like
conditions on grid cells in the entorhinal cortex of using a computational
model described in Chapter 2.

1.1 Background

Spatial memory and navigation have been topics of considerable interest in
the field of neuroscience ever since Tollman’s seminal experiments in the
1940s prompted him to postulate the existence of a "cognitive map" in the
brain that could store spatial information, as well as mechanisms to learn, up-
date and retrieve this information (Tolman (1948); Bellmund et al. (2018)).
Over two decades later, a neural basis for such a cognitive map was discov-
ered in the hippocampus when O’Keefe and Dostrovsky (1971) found that
rats with hippocampal damage performed poorly on spatial tasks. Further
experiments discovered spatially-selective pyramidal neurons dubbed place
cells which fire when the animal is in a specific location in the environment
(O’Keefe (1976); O’Keefe and Nadel (1978)), providing substantial evidence
for the existence of the theorized cognitive map.

While such a map is essential for executing spatial tasks, it is not suffi-
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cient. A static map in the hippocampus would not be able to account for
the process of hippocampal remapping, a process by which place cells rapidly
change their firing fields when the animal is placed in a novel environment
(O’Keefe and Burgess (1996)). This suggests that the hippocampal cogni-
tive map is not static, but rather there must exist upstream computational
mechanisms that continually relay information about the environment to the
hippocampus. For example, a representation of directionality was discovered
by Taube et al. (1990) in the form of head direction cells in the postsubicu-
lum, which fire when the animal faces a specific direction in the environment.

It is known that the entorhinal cortex (EC) is a major source of inputs to
the hippocampus, and these projections are arranged in a precise topological
pattern, with bands of entorhinal neurons projecting to specific regions of
the hippocampus. This led to the hypothesis that the EC might host a neu-
ral mechanism that could serve as a consistent measure of spatial distances
(O’Keefe and Nadel (1978)).

1.2 Grid Cells

Located in the medial entorhinal cortex (MEC), grid cells are neurons with
egocentric hexagonally/triangularly tessellating firing fields as seen in Figure
1.1 B. First described by Hafting et al. (2005), grid cells are thought to pro-
vide a metric for spatial distances as well as a representation of directionality.
The discovery of grid cells was a major breakthrough in the field of cogni-
tive neuroscience. May-Britt Moser and Edvard I. Moser, along with John
O’Keefe, were awarded the Nobel Prize in Physiology or Medicine in 2014
for their insights into how our brains represent the world around us (Burgess
(2014)).

Grid cells remain an active area of research; Moreover, the importance of
other network mechanisms is also being explored. For example, Schlesiger
et al. (2018) discovered that global remapping in the hippocampus is not
solely dependent on MEC inputs. Similarly, the exact mechanisms by which
grid cells generate their firing patterns are still not fully understood, though
several credible models have been proposed (Burgess and O’Keefe (2011);
Giocomo et al. (2011)). We will discuss our model in greater detail in Chapter
2.
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Figure 1.1: A: The medial entorhinal cortex, highlighted in red is the track
along which the corresponding recordings were obtained. B: Firing fields of
three grid cells. Left column - trajectory of the rat (black) with locations
where the cell spiked superimposed (red). Middle column - firing rate map,
with maximum record rate. Blue is low, red is high. Right column - Spatial
autocorrelation for the rate map. Adapted from Hafting et al. (2005).

1.3 Alzheimer’s Disease

Alzheimer’s disease (AD) is a progressive neurodegenerative disease charac-
terised by protein agglomerates, neurofibrillary tangles and an accumulation
of amyloid and tau proteins in neurons and cerebrospinal fluid (Yaari et al.
(2011)), and it is a leading cause of dementia (Reitz et al. (2011)). Although
studies project that by 2050 approximately 100 million patients will suffer
from AD, currently available treatments only provide symptomatic relief and
do not address the underlying causes of the disease (Breijyeh and Karaman
(2020); Galimberti and Scarpini (2011)).

The dominant model of AD pathogenesis is the amyloid cascade hypoth-
esis, which posits that the accumulation of insoluble amyloid-β peptides (the
proteolytic product of the larger Amyloid Precursor Protein, also known as
APP) in the brain is the primary cause of the disease (Hardy and Higgins
(1992)). Though the instigating causes of this amyloid build-up are still un-
known (and likely multifactorial and intercorrelated), some risk factors are
known. For example, according to Liu et al. (2013), human carriers of the
ε4 allele of Apolipoprotein E (APoE) have a higher-risk of developing AD
later in life. This makes sense, as APoE is known to bind amyloid-β peptides
and prevent the build-up of toxic aggregates. In fact, given the failures of
amyloid-targeting drugs in clinical trials, it is likely that the characteristic
amyloid plaques are downstream symptoms of the disease, rather than the
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root cause.

Figure 1.2: Typical characteristics of Alzheimer’s disease across scales (Brei-
jyeh and Karaman (2020)).

The initial progression of AD is characterised by a prodromal or pre-
clinical stage where cellular and molecular damage accumulates in the brain
without any noticeable cognitive symptoms for over a decade, (Bateman et al.
(2012); Buchhave et al. (2012); Funato et al. (1998)). It is important to note
that this stage (Braak stages I and II) is only "invisible" to external ob-
servers; the brain is already undergoing significant and measurable changes
- according to Fagan et al. (2014) the cerebrospinal fluid (CSF) levels of
biomarkers of AD pathology are altered (amyloid-β1−42 concentrations are
reduced, while tau and phosphorylated tau concentrations are increased),
and according to Dubois et al. (2016) evidence for brain amyloidosis can be
detected using positron emission tomography (PET) imaging.

Next, the disease progresses to a mild cognitive impairment (MCI) stage,
where the patient experiences moderate memory deficits (missing appoint-
ments, forgetting items, etc.) noticeable to the patient and their family,
but not severe enough to meet reasonable diagnostic criteria for dementia
(Petersen et al. (1999)). It is in this stage (also designated as Braak stages
III and IV) that hippocampal dysfunction is observed in animal models of
AD (Jun et al. (2020)). It should be noted, however, that transgenic animal
models of AD are poor representations of human AD and its progression, as
characterised by the drastic differences in the onset and progression of defects
and abnormalities in various transgenic models (see Figure 1.3). This is likely
due to the fact that these animals develop AD due to an artificial overexpres-
sion of human genes, and not due to the natural progression of the disease.
Thus, while the insights gained from experiments conducted on these mod-
els is valuable, we should take care when extrapolating these results to the
progression of the disease in human patients, as no currently available mouse
model accurately mimics the accumulation of amyloid-β and tau proteins in
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the human brain in most cases of AD (Yokoyama et al. (2022)).

Figure 1.3: Schematic summary of differences in the progression and onset
of defects and abnormalities associated with AD in various transgenic mouse
lines. Figure taken from Igarashi (2023).

The final stage of AD is characterised by severe cognitive impairment and
dementia, with the patient experiencing severe memory loss, disorientation,
and difficulty in performing daily tasks. This is usually the point where a
patient is diagnosed with dementia. Even at the very beginning of this stage,
widespread irreversible neurodegeneration has ravaged the brain (see Figure
1.2). Gómez-Isla et al. (1996) showed that layer II of the EC (where grid cells
are located) in patients with even the mildest clinically detectable dementia
had a 32% fewer neurons than similarly-aged cognitively-normal individuals.
This figure can rise to 90% as the disease progresses. A similar depletion of
neurons in the EC is observed in animal models of AD as well (Chin et al.
(2007)).

1.3.1 Preclinical Alzheimer’s Disease

As described in §1.3 and shown in Figure 1.5 B, by the time a patient is typi-
cally diagnosed with AD, significant neurodegeneration has already occurred.
It is unlikely that any medical interventions would able to reverse the damage
done to the brain at this stage and restore cognitive functions. However, if
the disease is caught early before it has the chance to cause widespread cell
death, it is feasible that once the mechanisms behind the causes of AD are
better understood, a cure that could halt or reverse the molecular damage
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caused by the disease could be developed. Thus, an early diagnosis of AD
(perhaps via the implementation of a age-based screening procedure as part
of routine outpatient medical check-ups) combined with a better understand-
ing of the causes facilitating the failures in the molecular machinery could
help develop treatments that may preserve cognitive functions and lead to
better patient outcomes in the next few decades (Igarashi (2023); Sperling
et al. (2011)).

As discussed above in §1.3, evidence for the pathophysiology of AD is
detectable in CSF samples and PET scans in the preclinical stage. How-
ever, testing the CSF via lumbar puncture is invasive, and PET scans are
expensive and risk radiological exposure (Schöder and Gönen (2007)). Nei-
ther of these methods are suitable for routine screening of patients at risk of
developing AD. Thus, there is a need for a non-invasive, cost-effective, and
easily accessible method for early diagnosis of AD. Given the involvement of
the EC in the early stages of AD, screening for defects in spatial-information
processing functions controlled by the EC could be early non-invasive and
low-risk methods for diagnosing preclinical AD.

One potential pathway for diagnostic research might come from research
done by Bierbrauer et al. (2020), who found that APoE-ε4 carriers with
normal cognitive abilities show reduced path integration performance in a
virtual navigation task compared to a non-carrier control group when no
boundary or landmark cues are present (See Figure 1.4). The presence of
this defect in "pure" path integration and the absence of noticeable defects
in assisted path integration points to two conclusions: First, there may be
compensatory mechanisms that support the path integration process when
given spatial cues, like boundary cells and object-vector cells (Solstad et al.
(2008); Høydal et al. (2019)). Second, understanding the ways grid cells
behave differentially in AD could provide a mechanistic understanding of
preclinical AD progression; Bierbrauer et al. (2020) propose that the path
integration deficits are caused by grid cell dysfunction, based on the fMRI
study correlating poor grid-like representations in the EC with poor naviga-
tional performance. Thus, understanding the effects of AD-like conditions
on grid cells in the EC could be useful in understanding these defects and
support the creation of new diagnostic techniques.

1.3.2 Grid Cells in Alzheimer’s Disease

The entorhinal cortex is one of the first regions to be affected by AD, and
it is also where the first signs of dysfunction are observed (see second row of
Figure 1.5 B) (Igarashi (2023)).

Many studies have explored the differential behaviour of grid cells in AD
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Figure 1.4: The path integration performance of APoE-ε4 carriers and non-
carriers in the virtual navigation task. Here PPI stands for "pure" path
integration, while BPI and LPI stand for boundary-assisted and landmark-
assisted path integration respectively. Figure taken from Bierbrauer et al.
(2020).

models. While studying place cell remapping in an APP knock-in (APP KI)
mouse model of AD, Jun et al. (2020) found that young (3 to 5 months old)
APP KI mice had similar spatial memory performance as young wildtype
(WT) mice despite the presence of amyloid-β plaques in the hippocampus
and the MEC, but old (7 to 13 months old) APP KI mice perform signifi-
cantly worse than old WT mice in Y-maze tasks and discriminating between
two distinct environmental context. The authors propose that this due to
the differential place cell remapping ability in young and old APP KI mice.
However, the study also discovered that MEC dysfunction emerges early, and
is already present in young APP KI mice. Electrophysiological recordings
found that EC cells showed lower spatial selectivity in young APP KI mice
compared to young WT mice, which provides more mechanistic evidence for
the results of Bierbrauer et al. (2020) as discussed above.
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What are the mechanisms involved in the dysfunction of grid cells in
AD models? We can gain some insights from single-cell electrophysiological
studies that have been conducted in AD model systems. Heggland et al.
(2019) found increased excitability in stellate cells of McGill-R-Thy1-APP
transgenic rats. Specifically, they demonstrated that the stellate cells had an
increased initial frequency of firing in response to injected current, which the
authors attributed to altered calcium-dependent potassium (KCa) channels
(see Figure 1.6 A). The results of Marcantoni et al. (2014) reinforce the exis-
tence of such hyperexcitability, as they showed a reduced interspike interval
(ISI), that is, the time between two successive action potentials in grid cells
of Tg2576 mice, as seen in Figure 1.6 B.

From electrophysiological studies like the ones mentioned above, as well
as from single-channel studies, it is clear that the dysfunction of grid cells in
AD is, in part, likely due to changes in the electrophysiological properties of
KCa channels (Trombetta-Lima et al. (2020)). For instance, it is known that
amyloid-β peptides can bind Homer1a, which results in the suppression of
large conductance KCa (BK) channels in 3xTg AD model mice, and deficits
in spatial memory performance in these mice are ameliorated by isopimaric
acid, a BK channel opener (Yamamoto et al. (2011); Wang et al. (2015)).
Thus, to investigate the effects of AD-like conditions on grid cells in the EC,
we need to mimic this KCa channel dysfunction and replicate the results of
Heggland et al. (2019) and Marcantoni et al. (2014) in our computational
model.
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Figure 1.5: A: A diagram showing the EC and hippocampus in humans and
mice, two regions heavily involved in episodic memory, spatial navigation
and Alzheimer’s disease progression. B: A heuristic diagram depicting the
putative time course of the progression of Alzheimer’s disease in human and
animal models. Figure taken from Igarashi (2023).
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Figure 1.6: A: The initial firing rate of stellate cells in wildtype and McGill-
R-Thy1-APP transgenic rats as a function of the strength of depolarizing
current. Figure taken from Heggland et al. (2019). B: The interspike interval
(ISI) of grid cells in wildtype and Tg2576 mice. Figure taken from Marcantoni
et al. (2014). In both cases, light grey depicts the AD model group, and dark
grey depicts the wildtype control group.
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Chapter 2

Model

To investigate the effects of varying electrophysiological properties in the
entorhinal cortex, we have built a network model of conductance-based neu-
rons. This model is heavily based on previous work done by the Assisi lab
(Neru and Assisi (2021)), which we have extended to include a more detailed
description of the calcium dynamics using simplified models of calcium cur-
rents (ICa), after-hyperpolarization currents (IAHP ) and calcium regulation
dynamics adapted from models described in Bazhenov et al. (2001). The
model consists of two types of neurons, Stellate cells (SC) and inhibitory
Interneurons (IN), which are connected in a manner described in more detail
in section 2.2. The model is driven by external inputs that carry velocity
inputs, which are described in section 2.3.

2.1 Conductance-Based Models
The first conductance-based models were developed in the 1950s and 1960s by
Hodgkin and Huxley (1952) based their work on the squid giant axon. They
described the dynamics of the membrane potential as the voltage difference
across two points, one inside and the other outside the cell, bridged by a
circuit of a capacitor and conductances connected in parallel (See Figure
2.1). The capacitor emulates the membrane capacitance of the cell, and
the conductances represent the ionic currents flowing across the membrane
- sodium channels (gNa), potassium channels (gK), and a leak current (gL).
Thus, the membrane potential can be calculated using Kirchoff’s laws, which
gives us the following equation:

Cm
dV

dt
= Iext − INa − IK − IL (2.1)

These models are more computationally-expensive compared to simpler
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Figure 2.1: The equivalent circuit for the simplest conductance-based model
of an excitable cell, the Hodgkin-Huxley model (Hodgkin and Huxley (1952)).
The model consists of a membrane capacitance Cm in parallel with three
conductances: sodium (gNa), potassium (gK), and leak (gL).

models like the integrate-and-fire model, which can make them slower to sim-
ulate. However, conductance-based models are more biophysically realistic
than these simpler models, as they allow us to explicitly and independently
model various ionic channels and mechanisms. This makes the model more
tractable, as it allows us to investigate the effects of varying electrophysio-
logical properties on network dynamics, which is not possible with simpler
models.

Our model is more complex than the Hodgkin-Huxley model described in
Equation 2.1, and is described in the following sections.

2.1.1 Basic Ion Channels and Dynamics

To model the currents flowing across the membrane we use the following
equations. Any given current Ii can be defined as

Ii = gi(V − Ei)

where gi is the conductance of the channel, V is the membrane potential,
and Ei is the reversal potential of the channel. For an ion channel, the
reversal potential is calculated via the Nernst equation. Here, gi is not a
constant; it is a time-dependent variable, and is in general given by the
following equation:

gi = ḡim
ahb
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where the constant ḡi is the maximum conductance of the channel, m
and h are the activation and inactivation gating variables. For example, the
sodium current INa is given by the following equation:

INa = ḡNam
3h(V − ENa)

The dynamics of these gating variables are given by the following differ-
ential equations:

dm

dt
= αm(1−m)− βmm

dh

dt
= αh(1− h)− βhh

where αm, βm, αh, and βh are voltage-dependent functions.

Voltage-Gated Calcium Channels

While several studies have shown the diversity of the calcium channels present
in the EC (Topczewska et al. (2019)), for the sake of simplicity and compu-
tational efficiency, we have found it sufficient to model a abstracted calcium
current (ICa). We have done so with the following equation taken from
Bazhenov et al. (2001).

ICa = ḡCam
2h(V − ECa)

where all the variables have the same meanings as described in §2.1.1.

Calcium-Activated Potassium (KCa) Channels

These KCa channels give rise to the after-hyperpolarization current (IAHP ),
which is a slow, calcium-dependent potassium current. During the course of
this study, we experimented with several models of after-hyperpolarization
currents to find a suitable simple model. We had initially implemented the
10-state Markov model BKCa (large conductance) channel as described in
Cox et al. (1997) and Cox (2014), but found it to be too computationally ex-
pensive for our purposes. We also simultaneously implemented multiple KCa

channel models (described in Poirazi et al. (2003)) with varying conductances
and kinetic timescales , based on the findings of Khawaja et al. (2007) who
proved that multiple KCa currents exist within EC layer II SCs. However,
we found that the simpler model described by Bazhenov et al. (2001) was
sufficient for our purposes.

16



IAHP = ḡKCa
m(V − EK)

where m is the gating variable governed by the following equation:

dm

dt
=

(m∞ −m)

τm

where m∞ and τm are the steady-state activation and timescale of the
gating variable m. Both are dependent on the intracellular calcium concen-
tration [Ca2+]i in mM.

m∞ =
[Ca2+]i

([Ca2+i ] + 0.02)

τm =
5

([Ca2+]i + 0.02)
(ms)

Calcium Dynamics near the Plasma Membrane

This mechanism simulates the dynamics of the intracellular calcium concen-
tration [Ca2+]i in a thin shell near the plasma membrane with a thickness
set by the variable "depth". It is adapted from Mittal and Narayanan (2018)
and Poirazi et al. (2003). The dynamics of [Ca2+]i are given by the following
equation:

d[Ca2+]i
dt

= driveCa +
([Ca2+]∞ − [Ca2+]i)

τCa

where [Ca2+]∞ is the steady-state calcium concentration, and τCa is the
timescale of calcium decay. "driveCa" is the calcium influx due to the calcium
current ICa. By convention, inward current of a positive ion is considered
negative, so "driveCa" is defined as:

driveCa =

{
−10000·ICa

36·F ·depth if ICa ≤ 0

0 otherwise

2.1.2 Stellate Cells

The SCs are Reelin-expressing excitatory principal neurons found in layer II
of the EC (Pérez-García et al. (2001)) which are modelled using the following
equation:
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Cm
dV

dt
= Iexts − INa− IK − IL− Ih− INaP − ICa− IAHP − Isyn− INoise (2.2)

where Iexts is the external current input to the cell, Ih is the hyperpo-
larization activated cation current, INaP is the persistent sodium current
(described in detail in Neru and Assisi (2021), we have skipped it here as it
is not central to our study’s objectives), ICa is the calcium current, IAHP is
the after-hyperpolarization current, Isyn is the synaptic current, and INoise

is a gaussian noise input.

2.1.3 Inhibitory Interneurons

The INs are modelled using the following equation:

Cm
dV

dt
= Iexti + Ipulse − INa − IK − IL − Isyn − INoise − Iθ (2.3)

where Iexti is the external current input to the INs, Ipulse is the pulse input,
Iθ is the theta rhythmic current that generates subthreshold oscillations in
membrane potential. Ipulse and Iθ are described in more detail in §2.3.

2.2 Connecting Neurons

2.2.1 Synapses

When a presynaptic neuron crosses a preset threshold voltage, we record an
action potential and inject a weighted synaptic current into the post-synaptic
neurons after a delay of 1 ms. The synapses are modelled similarly to the
other conductances, but with a few differences in the differential equation
regulating the gating variable s. The equation for the synaptic current is:

Isyn = Wḡsyns(Vpost − Esyn)

where Isyn is the current injected into the post-synaptic cell, Vpost is the
membrane potential of the post-synaptic cell, W is the weight (representing
the strength of the synaptic connection), and Esyn is the reversal potential
of the synapse. The reversal potential determines whether the synapse is
excitatory when set to 0 mV or inhibitory when set to -80 mV. The dynamics
of the gating variable s are given by the following equation:
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ds

dt
= F (Vpre)αs(1− s)− βss

where F (Vpre) =
1
2
(1 + tanh(Vpre

4
)) is the presynaptic voltage-dependent

function that models the opening of the synapse-associated ion channels.

2.2.2 The Motif

The basic connectivity motif in our model is depicted in Figure 2.2. The SCs
don’t interact with each other directly, but they do provide excitatory inputs
to the IN directly opposite them. The INs inhibit each other, while also
inhibiting the SC diagonally opposite them. This kind of inhibitory network
architecture has been proposed to exist throughout the EC (Couey et al.
(2013); Nilssen et al. (2018)) to explain the tight and sequential burst firing
patterns of principal neurons. The interneurons are set to fire continuously,
but due to reciprocal inhibition, only one fires. Here, SCs fire when subjected
to hyperpolarizing inputs due to (Ih). This drive allows a SC to fire and
switch which IN is firing, giving us rhythmic switching behaviour which is
the basis for the phase-shifted grid fields observed in the EC.

Figure 2.2: The motif model proposed by Neru and Assisi (2021)

2.2.3 Connectivity Kernel and Ring Model

The final model is a ring network of 303 neurons, with a ring of 101 INs
sandwiched between two rings of 101 SCs each. The connectivity strengths
between the SCs and INs is modelled with Gaussian kernels, as seen in the
right half of Figure 2.3. As seen in the figure, the INs provide symmetric
inhibitory inputs to both SC rings, while the SC rings provide asymmetric
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excitatory inputs to the IN ring. One of the SC rings has a connectivity
kernel that is biased towards the "right" or "clockwise" direction, while the
other is biased towards the "left" or "counter-clockwise" direction.

Figure 2.3: The pattern of connectivity between Stellate cells and Interneu-
rons in the model. Figure made by Inayath Shaikh.

One of the SC rings is driven by a constant external current input Iexts ,
while the other is kept silent. Since the SCs can only provide "positive"
inputs to the INs, two rings are needed to convey the direction of movement:
The active ring determines the direction of movement, and the strength of
the drive provided to it encodes the speed of movement.

2.3 External Inputs
These external inputs in our model are the same as those from the model
proposed by Neru and Assisi (2021). The SCs and INs are both given constant
external current inputs Iexts and Iexti , respectively. Our simulations only deal
with constant velocity inputs, and thus in this case Iexts encodes velocity
information as mentioned in §2.2.3.

The interneurons are given rhythmic theta inputs, modelled as sinusoidal
inputs with an amplitude A, threshold voltage Vth and a frequency ω. The
current injected into the interneurons is given by the following equation:

Iθ = A sin(2πωt+ ϕ)(V − Vth)
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Chapter 3

Methods

As mentioned in Chapter 2, to investigate the effects of varying electrophys-
iological properties in the entorhinal cortex, we simulated a network model
of single-component conductance-based neurons. This chapter describes the
particulars of the these simulations.

All biophysical simulations were run using the NEURON simulation en-
vironment (Hines and Carnevale (1997)). The model was implemented in
Python using the PyNEURON interface (Hines et al. (2009)). The code for
the model will be made available on the Assisi lab GitHub page (https:
//github.com/assisilab) at a suitable time.

3.1 Single-Cell Simulations

To test if we could replicated the changes in ISI observed in Marcantoni et al.
(2014), we created a single-compartment model of a layer II stellate cell in
the medial entorhinal cortex, and simulated the cell’s behaviour in isolation
for 1 second of activity; first without the presence of voltage-gated calcium
channels and then with the channels present. These cells fire spontaneously,
and thus needed no external input to generate action potentials. We recorded
the membrane potential of the cell and calculated the average ISI of the spikes
generated. The results of these experiments will be discussed in §4.1.

3.2 Network Simulations

These simulations were set up as described in §2.2.3. The network model
of the entorhinal cortex was simulated for 30 seconds of activity, and the
activity of the SC and IN rings was recorded.
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3.2.1 Manipulations of calcium homeostasis timescales

As an important second messenger molecule, calcium plays a crucial role in
various intracellular regulatory processes. Thus, healthy cells have multiple
mechanisms to maintain calcium homeostasis, ensuring that calcium messag-
ing is reliable and efficient. One of the most important organelles involved
in calcium homeostasis is the endoplasmic reticulum (ER), which acts as a
sequestering site for calcium ions and a regulator of intracellular calcium dy-
namics. It is also known that these homeostatic mechanisms break down in
AD, and disrupted calcium signalling creates a cascade of detrimental cellular
effects (Wang et al. (2017); Yu et al. (2009)).

To simulate the breakdown of the ER’s ability to sequester calcium, we
manipulated the timescale of the calcium dynamics in the model by changing
the time constant of the calcium decay in the SCs. We ran the network model
with the default "healthy" calcium decay timescale (τCa), and altered this
timescale in steps to model the reduced efficacy of the ER in sequestering
calcium ions in AD.

3.2.2 Manipulations of Maximum Afterhyperpolariza-
tion Conductance

As discussed in §1.3.2, the electrophysiological properties of KCa channels
in the entorhinal cortex are altered in AD, although the exact nature of
these changes is still the subject of active research. More specifically, we
have discussed studies that imply that the maximal conductances of KCa

channels are altered in AD, leading to changes in the firing properties of
the cells. While our AHP current model (described in §2.1.1) is a gross
simplification of the complex biophysics of the multiple KCa channels present
in EC SCs, we believe that for the purpose of an exploratory study this model
is sufficient. To investigate the effects of these changes, we manipulated the
maximal conductance (ḡKCa

) of the afterhyperpolarization current (IAHP ) in
the SCs. We ran simulations with the default ḡKCa

value of 0.01 S/cm2, and
reduced the conductance in steps to try and reflect the hyperexcitability of
EC SCs in AD, as discussed in §1.3.2.

3.3 Mathematical Analysis

3.3.1 Decoding Spikes and Path Integration

We can decode the position of the simulated animal from the spiking data
from SCs in the network model, using the following calculations. Each SC is
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assigned a phase ϕk based of its index k in the network, which runs from 0
to N − 1, where N is the number of SCs in a ring.

ϕk =
2πk

N

Then, we create a complex population vector P (t), using the scalar firing
rate of the SCs (rk(t)) and the phase of each SC (ϕk).

P (t) =
N∑
k=1

rk(t)e
iϕk

Here, P (t) is the phase-weighted average of the firing rates of the SCs in
the network. To get the decoded phase Φ(t) from P (t), we can simply take
the resultant angle of the weighted average.

Φ(t) = arg(P (t))

3.3.2 Circular Variance

To quantify the spread of the phase of the SCs in the network, we can run
multiple simulations of the network model and record the decoded phases of
the SCs at each time step. Let the decoded phase at time t from the jth

simulation be Φj(t). We can then calculate the circular variance, which is a
measure of the spread of the decoded phases across the 100 simulations. The
circular variance is defined as:

1−

∣∣∣∣∣ 1n
n∑

k=1

eiΦj(t)

∣∣∣∣∣
where n is the number of simulations. This function was implemented in

Python using the SciPy library.
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Chapter 4

Results

In this chapter, we shall discuss the most salient results obtained over the
course of this project.

4.1 Spike Frequency Adaptation in Isolated SCs

As seen in the voltage traces in Figures 4.1a, 4.1b, and 4.1c, the stellate cell
model exhibits spike frequency adaptation when both voltage-gated calcium
channels (VGCC) and afterhyperpolarization (AHP) currents are present,
but not when the AHP currents are missing. Moreover, the average interspike
interval (ISI) of the stellate cell model under the effects of different calcium
dynamics is shown in Figure 4.1d, and as we can see, the ISI is significantly
increased from the control (no VGCC or AHP currents) simulation when
both VGCC and AHP currents are present, but not with calcium dynamics
alone. This implies that the KCa channels are largely responsible for the spike
frequency adaptation, replicating the experimental results of Khawaja et al.
(2007) who proved that KCa channels are responsible for spike frequency
adaptation in EC stellate cells.

Applying the manipulations we described in §3.2.1 and §3.2.2, we can
clearly see that it is possible to induce lower ISI in the isolated SC model by
reducing the calcium decay timescale (τCa) or reducing the maximal conduc-
tance of the afterhyperpolarization current (ḡKCa

). This is shown in Figures
4.2a and 4.2b respectively. Thus, it is possible to alter the electrophysio-
logical properties of the cell to reflect the reduced ISI observed in AD, as
described by Marcantoni et al. (2014) (detailed in §1.3.2).
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(a) No calcium dynamics (b) Only VGCC currents

(c) VGCC and AHP (d) ISI

Figure 4.1: Spike frequency adaptation in stellate cell models with different
calcium dynamics, and average ISI in these different simulations. Note that
the ISI is almost doubled when both VGCC and AHP currents are present
in comparison to the other two conditions.

4.2 Network Behaviour

While the previous section gave us valuable insights into the behaviour of
our SC model in isolation, we must also consider its behaviour in a network
setting, and confirm that the manipulations discussed above have the desired
effects when the network is taken as a whole rather than the sum of its parts.

First, we ran the network model with and without the the presence of
IAHP currents in the SCs, and recorded the spiking activity of the SC and IN
rings. Comparing the raster plots in Figures 4.3a and 4.3b, we can see that
the ISI clearly decreases when no IAHP currents are present in the SCs, as
expected from our single cell results. However, we also see that the bursting
activity of the SCs is widened when IAHP currents are present, which is
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unexpected! Here, we see the SCs become more excitable (as described in
Heggland et al. (2019)) when we change ḡKCa

in the opposite direction! This
is a clear indication that the network behaviour is not a one-to-one replica
of the behaviour of the isolated SC model. Moreover, it presents us with a
dilemma: it seems that our model cannot produce both the reduced ISI and
the widened bursting activity (indicative of increased excitability) in SCs at
the same time.

Similarly, as shown in Figure 4.4, we see that the ISI decreases with
decreasing τCa in the network model, just like in the isolated SC model.
However, the bursting is widened for the high τCa case, which is again unex-
pected. These results imply that either the model is too simple to capture the
full complexity of the changes occurring in AD that lead to the electrophysi-
ological properties described in Heggland et al. (2019) and Marcantoni et al.
(2014) simultaneously, or that the changes observed in one of these prop-
erties (reduced ISI or hyperexcitability) might be an experimental artifact:
after all, the electrophysiological properties of the cells were measured in iso-
lation and in response to injected currents in these studies, and as we have
shown with our network model, the microcircuits in the can show emergent
properties not captured by the studies mentioned above.

4.3 Errors in path integration
We calculated the path integration errors in the network model as described
in §3.3.2 for network simulations over 30 seconds for different values of ḡKCa

and τCa. As shown in Figure 4.5a, there are no significant changes in the
path integration errors with changing ḡKCa

. However, as shown in Figure
4.5b, the path integration errors reduce slightly with increased τCa.

This is an interesting result, as it implies that the network model is more
accurate in path when τCa is higher. Here, we see that our network model
is able to "deal" with increased excitability in the SCs caused by the ac-
cumulation of Ca2+ ions due to the increased calcium decay timescale. As
seen in Figures 4.4 and 4.2a, simulations with lower τCa have lower ISI, and
these are the same simulations with greater path integration errors. Thus,
our results agree with the experimental findings of Marcantoni et al. (2014),
and suggest that the SC hyperexcitability observed in Heggland et al. (2019)
is not the imperative cause of path integration defects in early stage AD,
a conclusion supported by the fact that another study (Jun et al. (2020))
found no hyperexcitability in MEC SCs from APP-KI mice.

26



(a) ISI vs τCa

(b) ISI vs ḡKCa

Figure 4.2: These plots depict the time evolution of the ISI of the single
stellate cell model with varying (a) calcium decay timescales and (b) maximal
conductances of the afterhyperpolarization current.
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(a) No calcium dynamics

(b) With calcium dynamics

Figure 4.3: Raster plots of spikes in the active SC and IN rings the network
model with (a) and without (b) calcium dynamics. Note the sparser yet
widened bursting in SCs when calcium dynamics are present.
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Figure 4.4: Effects of decreasing τCa on the activity of an SC in the network
model. The ISI decreases with decreasing τCa, just like with an isolated SC
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(a) Path integration errors with changing ḡKCa

(b) Path integration errors with changing τCa

Figure 4.5: Path integration errors in the network model. The errors are
calculated as described in §3.3.2.
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Chapter 5

Discussion

5.1 Concluding Remarks

The mechanisms that kick off the cellular cascades that cause the charac-
teristic cellular damage in AD are still not well understood. Insights into
the early stages of the disease are especially confounded, due to the fact that
model transgenic lines are often engineered to express proteins like APP that
overexpressed in AD, which may just be symptoms of a different "underly-
ing cascade" in in vivo cases of AD. This is supported by the mountains of
literature with often conflicting results on the electrophysiological effects of
amyloid-β on cells.

While several other lines of research are indeed hunting for these proposed
underlying cascades, we propose that understanding the effects of electro-
physiological changes that occur in model animals in a network simulation
could be a useful tool to filter through mechanisms that are not likely to
be involved in the early stages of in vivo AD. For instance, if a proposed
mechanism in a new AD model line creates changes that, upon simulation,
do not result in the characteristic spatial integration deficits observed in AD,
than it is likely that the given mechanism is not the "whole story".

Our report also showed that altered calcium homeostatic mechanisms had
a more significant effect on the spatial integration performance of the network
than the altered IAHP conductance. This is interesting, as the IAHP conduc-
tance is often cited as a major player in the electrophysiological changes that
occur in AD. This suggests that either in vivo grid cell microcircuits may be
able to compensate for changes in KCa channel properties in grid cells, or
that our model not detailed enough to accurately represent the effects of al-
tered electrophysiological properties of SC KCa channels on grid cell function
in AD.
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5.2 Future Directions
As mentioned above and in Chapter 2, our model, though biophysically re-
alistic and tractable, is still a gross oversimplification of the sheer diversity
of ionic and molecular mechanisms that are likely involved in the electro-
physiological changes that occur in AD. For example, the model compresses
all KCa conductances into a single IAHP current, despite the overwhelming
evidence that there are several different types of KCa channels in layer II SCs
of the MEC. Moreover, we have also simplified the vast array of homeostatic
mechanisms that are likely involved in the regulation of calcium into a single
first-order differential equation. Simplifications like these are necessary to
make simulating the model feasible, but also casts doubt over the veracity of
this study’s findings. While this level of detail is sufficient for an exploratory
study, better insights would be gained by creating a more detailed model.
Perhaps separating out different KCa conductances and explicitly modelling
more realistic regulatory mechanisms like the Ryanodine receptors and the
SERCA pumps, with an additional compartment to model the ER, would
provide a more accurate representation of the intracellular dysfunction that
occurs in AD.
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