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Abstract

Sleep is a complex and multifunctional physiological process that rejuvenates the
brain after several hours of work and also accomplishes various necessary tasks. It
is divided into two stages: Rapid Eye Movement (REM) sleep and non-Rapid Eye
Movement (NREM) sleep. The NREM stage is characterized by three prominent
EEG rhythms: cortical slow oscillations (SOs), thalamic sleep spindles, and
hippocampal sharp wave ripples (SPW-Rs). The experimental observations suggest
that these EEG rhythms potentially play a role in memory consolidation. In this
work, a series of computational models for simulating SPW-Rs, SOs, and sleep
spindles were developed and investigated.

In first study we present a theoretical model of SPW-Rs. We demonstrate the impact
of calcium influx and gap junctions on pyramidal cells for the modulation of SPW-
Rs in a computational model of CA1l. In this model, SPW-Rs are simulated with
gradual reduction of calcium and with decreasing conductance through gap junctions
in PCs. Both, with calcium reduction as well as with conductance reduction through
gap junctions, SPW-Rs are suppressed. Both effects add up synergistically in
combination.

In second study, we present a thalamocortical computational model for NREM sleep
that exhibits both fast and slow spindles along with the SOs. In humans, sleep
spindles are categorized into slow spindles (8—12 Hz) and fast spindles (12—-16 Hz),
with different properties. Our modeling results show that fast spindles lead to faster
cortical cell firing, and subsequently increase the amplitude of the cortical local field
potential (LFP) during the SO down-to-up phase. Neither the SO rhythm nor the
duration of the SO down state is affected by slow spindle activity. Together, our
model results suggest that slow spindles may facilitate the initiation of the following
SO cycle, without however affecting expression of the SO Up and Down-states.

In last study, we present another thalamocortical model with closed loop stimulation
(CLS) protocols to investigate the impact of CLS on spindle activity. Our model
results show that the power of spindles is significantly increased when stimulation
cues are applied at the commencing of an SO Down to Up-state transition, but that
activity gradually decreases when cues are applied with an increased time delay from

this SO phase. Conversely, stimulation is not effective significantly when cues are
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applied during the transition of an SO Up to Down-state. Furthermore, our model
suggests that a strong inhibitory input of reticular (RE) layer to a thalamocortical
(TC) layer in the thalamic network shifts leads to an emergence of spindle activity at
the SO Up to Down-state transition and the spindle frequency is also reduced (8-11
Hz) by thalamic inhibition.

In summary, neuronal network oscillations of various frequencies play a crucial role
in different mnemonic functions, such as the acquisition of learning, formation of
memory traces, and memory consolidation. These oscillations strengthen synaptic
plasticity and enhance neural synchrony. This neural synchronization is believed to
be important for facilitating communication and transferring information among
different regions of the brain. Computational models of these network oscillations
have opened up multifaceted opportunities to gain an understanding of complex
neural phenomena and to elucidate underlying mechanisms that are often unattain-
able through experimental studies alone. In this study, computational models of SOs,
sleep spindles, and SPW-Rs have been constructed. The effects of various
stimulations on different parameters of these oscillatory patterns have been investi-
gated. This theoretical work on neuronal network oscillations shall contribute to
bridging the gap between various physiological functions, experimental observat-

ions, and the intricate mechanisms that underlie them.
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Zusammenfassung

Schlaf ist ein komplexer und multifunktionaler physiologischer Prozess, der das
Gehirn nach mehreren Stunden Denkarbeit erfrischt und noch weitere wichtige
Aufgaben erfiillt. Man unterteilt Schlaf in zwei Phasen: REM-Schlaf (Rapid Eye
Movement) und NREM-Schlaf (Non-Rapid Eye Movement). Die NREM-Phase ist
durch drei auffillige EEG-Rhythmen gekennzeichnet: kortikale langsame
Oszillationen (Slow oscillations; SOs), thalamische Schlafspindeln und sogenannte
"hippocampal sharp-wave rippel" (sharp wave ripples; SPW-Rs). Die experiment-
ellen Beobachtungen legen nahe, dass diese EEG-Rhythmen moglicherweise eine
Rolle bei der Geddchtniskonsolidierung spielen. Im Rahmen dieser Arbeit wurden
eine Reihe von Computermodellen zur Simulation von SPW-Rs, SOs und
Schlafspindeln entwickelt und untersucht.

In der ersten Studie stellen wir ein theoretisches Modell der SPW-Rs vor. Wir
demonstrieren die Auswirkungen des Kalziumeinstroms und der Gap-Junctions auf
Pyramidenzellen fiir die Modulation von SPW-Rs in einem Computermodell von
CAl. In diesem Modell werden SPW-Rs mit einer allméhlichen Kalziumreduktion
und mit einer abnehmenden Leitfdhigkeit durch Gap Junctions in PCs simuliert.
Sowohl bei der Kalziumreduktion als auch bei der Leitfdhigkeitsreduktion durch Gap
Junctions werden SPW-Rs unterdriickt. Beide Effekte kombiniert addieren sich
synergistisch.

In der zweiten Studie stellen wir ein thalamokortikales Berechnungsmodell fiir den
NREM-Schlaf vor, das neben den SOs auch schnelle und langsame Spindeln
aufweist. Beim Menschen werden Schlafspindeln in langsame Spindeln (8-12 Hz)
und schnelle Spindeln (12-16 Hz) mit unterschiedlichen Eigenschaften eingeteilt.
Unsere Modellierungsergebnisse zeigen, dass schnelle Spindeln zu einer schnelleren
kortikalen Zellfeuerung fithren und in der Folge die Amplitude des kortikalen
lokalen Feldpotenzials (LFP) wihrend der SO-Abwirts-nach-Aufwirts-Phase
erhohen. Weder der SO-Rhythmus noch die Dauer des SO-Down-Zustands werden
durch langsame Spindelaktivitidt beeinflusst. Zusammengenommen deuten unsere
Modellergebnisse darauf hin, dass langsame Spindeln die Einleitung des folgenden
SO-Zyklus erleichtern konnen, ohne jedoch die Auspriagung der SO-Auf- und Ab-

Zustinde zu beeinflussen.



In der letzten Studie haben wir ein weiteres thalamokortikales Modell mit Closed-
Loop-Stimulationsprotokollen (CLS) vorgestellt, um die Auswirkungen von CLS
auf die Spindelaktivitit zu untersuchen. Die Ergebnisse unseres Modells zeigen, dass
die Leistung der Spindeln signifikant erhéht wird, wenn die Stimulationsreize zu
Beginn eines SO-Abwiirts-zu-Aufwirts-Ubergangs appliziert werden, dass aber die
Aktivitdt allmdhlich abnimmt, wenn die Stimulationsreize mit einer groferen
zeitlichen Verzogerung zu dieser SO-Phase appliziert werden. Umgekehrt ist die
Stimulation nicht signifikant wirksam, wenn die Stimulationsreize wéhrend des
Ubergangs von einem SO Up zu einem Down-State angewendet werden. Dariiber
hinaus deutet unser Modell darauf hin, dass ein starker inhibitorischer Input von der
retikuldren (RE) Schicht zu einer thalamokortikalen (TC) Schicht im thalamischen
Netzwerk zu einem Auftreten von Spindelaktivitit beim Ubergang von SO Up zu
Down-State flihrt und die Spindelfrequenz durch thalamische Inhibition ebenfalls
reduziert wird (8-11 Hz).

Zusammenfassend ldsst sich sagen, dass Oszillationen verschiedener Frequenzen in
neuronalen Netzwerken eine entscheidende Rolle bei verschiedenen
mnemotechnischen Funktionen spielen, z. B. beim Lernen, bei der Bildung von
Gedidchtnisspuren und bei der Geddchtniskonsolidierung. Diese Oszillationen
verstiarken die synaptische Plastizitit und verbessern die neuronale Synchronitit.
Man geht davon aus, dass diese neuronale Synchronisation wichtig ist, um die
Kommunikation und die Ubertragung von Informationen zwischen verschiedenen
Hirnregionen zu erleichtern. Computergestiitzte Modelle dieser Netzwerk-
oszillationen haben vielfiltige Moglichkeiten erdffnet, komplexe neuronale
Phénomene zu verstehen und die zugrunde liegenden Mechanismen aufzukliren, die
durch experimentelle Studien allein oft nicht erreicht werden konnen. In dieser
Studie wurden Berechnungsmodelle fiir SOs, Schlafspindeln und SPW-Rs erstellt.
Die Auswirkungen verschiedener Stimulationen auf unterschiedliche Parameter
dieser oszillatorischen Muster wurden untersucht. Diese theoretische Arbeit iiber
neuronale Netzwerk-Oszillationen soll dazu beitragen, die Wissensliicke zwischen
verschiedenen physiologischen Funktionen, experimentellen Beobachtungen und

den komplizierten Mechanismen, die ihnen zugrunde liegen, zu schlieBen.
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Chapter 1

Introduction

Sleep is an important reversible state that demonstrates distinctive features of loss of
consciousness, behavioral control, and reduced response to external stimuli. It has a
critical role in multiple physiological functions (1) and among these functions, the
establishment of memories seems quite important. Sleep assists in consolidation of
newly encoded memory during an awake state (2), (3), (4). Consolidation form and
merge these memories with preexisting long-term memories.

In mammals, sleep is classified into two primary stages: rapid eye movement (REM)
sleep and NREM sleep. Both stages alternate in a cyclic form during nocturnal sleep.
NREM sleep is further classified into three stages: N1, N2, and N3. These stages are
characterized by low frequency and high amplitude oscillations in the
electroencephalogram (EEG). On the other hand, REM sleep is characterized by
wake-like fast and low-amplitude oscillatory brain activity. N2 is characterized by
the occurrence of sleep spindles (waxing and waning like a spindle shape) and K
complex rhythm. N3 also corresponds to slow wave sleep (SWS), which is
dominated by low-frequency, high-amplitude oscillation referred to as slow wave
activity (SWA) and hippocampal sharp wave ripples (SPW-Rs). In rodents, the N2
and N3 stages are merged into single N3 stage. In human nocturnal sleep, SWS is
the most prominent in the early part of sleep and decreases in duration and intensity
as sleep progresses. On the other hand, REM sleep becomes more dominant in the

later part of sleep (Figure. 1.1).
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REM sleep

REM

N1

N2

N3

Slow wave sleep

Early sleep Late sleep

23:00 0:00 1:00 2:00 3:00 4:00 5:00 6:00 7:00 h

Figure 1. 1 A single night of human sleep.

Human sleep alternates between multiple cycles of REM and NREM. The NREM sleep is subdivided
into light sleep stages: N1 and N2, and deep sleep/slow wave sleep (SWS), which corresponds to N3.
SWS/N3 sleep dominates during the first half of the sleep, while REM sleep dominates during the
second half. The figure was adopted from (2).

1.1 Sleep and memory

One of the most influential roles of sleep is to facilitate the consolidation of newly
encoded memories through specific neuromodulations. (5), (3), (2), (6). Before
moving forward, we will briefly discuss memory. Memory can be defined as the
information acquired from the surrounding environment and stored for survival in a
dynamic environment. Normally, memory is divided into two categories based on
storage time period: short-term memory and long-term memory. The short-term
memory holds a limited amount of information for a limited time period (for a few
seconds) (7). Conversely, long-term memory permanently stores an unlimited
amount of information. Moreover, long-term memory comprises various types of
contents that are processed and stored in different brain structures, ultimately
dividing it into two categories: declarative memory and non-declarative memory (8).
Declarative memory deals with the memory of explicit events and facts, whereas
non-declarative memory is associated with habits, skills, and emotions (9), (10), (11),
(1). Coming back to the relationship between sleep and memory, it has been

hypothesized that REM sleep is strongly associated with the processing of non-
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declarative memory, while NREM sleep is linked to the processing of declarative

memory (12), (13), (3), (2).

1.2 Characteristics of NREM sleep

The cortex, thalamus, and hippocampus play highly interactive roles during NREM
sleep (14). In SWS, the cortical network generates slow wave activity (SWA) that is
dominated by low frequency (1<Hz); slow oscillation (SO) (15), (16). The thalamic
network generates burst-like waxing and waning-shaped sequences of 10-16 Hz
oscillations that correspond to sleep spindles. In humans, sleep spindles are
frequently found in N2 sleep but are also observed in SWS (17), (18). Finally, the
hippocampal sharp-wave ripples (SPW-Rs) are another prominent EEG rhythm
during NREM sleep. Sharp waves are fast-depolarizing waves that are generated in
the CA3 region and are accompanied by fast oscillations (110-200 Hz) called ripples
(19).

1.2.1 Cortical Structures and slow oscillations (SO)

The neocortex is a highly organized, six-layered, and densely interconnected
structure (20), (21), (22). Each layer, from the superficial layer 1 to the deepest layer
6, each consists of different types of neurons and their efferent and afferent pathways
(23). These layers contain two types of excitatory neurons: spiny stellate cells and
pyramidal cells. The spiny stellate cells are located in the internal granular layer I'V.
These cells receive thalamocortical input and generate excitatory feedback in
association with pyramidal cells (24), (25), (26), (27). The pyramidal cells, which
are extensively located in layers III and V (26), (28). These cells have unique
properties, consisting of long axons that allow them to connect with other regions of
the brain, such as the thalamus and hippocampus (29), (30). Besides excitatory cells,
each cortical layer also contains inhibitory cells, also called GABAergic
interneurons, which form close local connections (22).

Slow oscillations (SOs) are cortical EEG rhythms with a large amplitude and a low
frequency (~1 Hz), have been extensively studied during the last two decades.
According to experimental and modeling studies, SOs are the result of synchronized
depolarization and hyperpolarization activity in a wide range of cortical cells (31),

(15), (32), (33). During the large amplitude of SOs, also known as up states, the
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majority of cortical neurons fire or become depolarized and maintain in this
depolarized state for several hundred milliseconds. Conversely, during the down
state, virtually all cortical neurons remain silent or exhibit a hyperpolarized state for

a few hundred milliseconds (15), (34), (35), (36).
,,/A: Cortical Local field potential (LFP)
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Figure 1. 2 Cortical LFP and single cell activity.

Cortical local field potential (LFP) and activity of single pyramidal (PY) cells in slow oscillations
(SOs). A, Cortical LFP exhibits slow oscillations with up/depolarized and down/hyperpolarized
states. B, A single PY cell synchronously fires during the up state of SO and becomes silent during
the down state of SO.

In some experimental observations, mini postsynaptic currents were found in cortical
cells during the down state of SO (32). It has been suggested that the summation of
these mini currents may depolarize the membrane potential of any single PY cell
sufficiently to trigger a persistent sodium current Na(p). This further depolarizes the
PY cell, leading to the generation of an action potential. The action potential of one
or a few cortical neurons may trigger activity in the entire cortical network and
initiate the SO (32). Conversely, the calcium-dependent potassium current and
progressive synaptic depression terminate the depolarized/up state and bring the

cortical network back to the down state (37).

1.2.2 Thalamic structures and sleep spindles

The thalamus serves as the primary gateway to the cortex. Nearly all sensory inputs
from the outside the world must pass through the thalamus. The thalamus forms a
relatively small structure on each side of the midline and can be divided into multiple
nuclei. Each nucleus is responsible for transmitting specific types of afferent sensory
signals (38). Among these nuclei, the thalamic reticular nucleus (TRN) enfolds rest
of the nuclei and provides them with inhibitory feedback through GABAergic
reticular (RE) cells (39). TRN receives excitatory input from both the VI layer of the

neocortex and dorsal thalamic nuclei, but it only sends feedback to thalamic nuclei
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(40), (38). As we discussed earlier, the thalamic relay cells target the spiny stellate
cells in layer IV. Layer IV sends input to the PY cells in layer V, which in turn project
back to thalamus, completing the thalamocortical loop.

The thalamic network initiates sleep spindles (17), (41), (42), which are one of the
hallmark EEG rhythms of NREM sleep. They are extensively found in the N2 stage
(18). Sleep spindles are bursts of waxing and waning-shaped sequences of 10-16 Hz
oscillations that last between 0.5 to 3 seconds and reappear after 5-15 seconds (Fig
1.3A) (18). In the thalamic network, the interactions between thalamocortical (TC)
and reticular (RE) cells produces sleep spindle oscillations. These oscillations are
primarily influenced by the TC hyperpolarization current (I;) and the transient
calcium current (I7), also known as low threshold calcium (43), (44), (45). Moreover,
TRN alone can also generate a sustained spindle rthythm with the assistance of It
current (46), (47).

In humans, sleep spindles are classified into two categories: fast spindles (12-16 Hz)
and slow spindles (8-12 Hz), each with differential characteristics. The fast spindles
are mostly found in the central and parietal cortical regions, and they are nested with
SOs during the first-half of the up state. Slow spindles are observed in the frontal
cortical area, and these are nested with SO during the second-half of the up state,
(Fig 1.3B) (18), (48). Fast spindles have been extensively studied in terms of their
origin, generation mechanism, functional role, temporal, and spatial appearance in
various cortical regions (49), (50), (51), (18). Slow spindles, mainly found in the
human deep sleep EEG, have been less extensively studied and their source,

generation, and functional roles remain unclear.

A Sleep spindle B Neocortical slow oscillations
up-state down-state

down-to-up
transition

Fast spindles ~1s Slow spindles



6 Chapter 1. Introduction

Figure 1. 3 Sleep spindles.

Morphology of sleep spindles and their coordination with the slow oscillations. 4, Sleep spindles are
distinct events with waxing and waning morphology. B, During sleep, fast spindles often emerge
during the first-half of the up state of SO. The slow spindles often emerge during the second-half of
up state of the SO. The figure was modified from (52).

1.2.3 Hippocampal structures and sharp-wave ripples SPW-Rs

The hippocampal formation is one of the most extensively researched brain
structures in the field of neuroscience. In the human brain, it is located deep within
the medial temporal lobe (53), (54), (55). The hippocampal formation is fundament-
ally classified into four cortical regions: the dentate gyrus, the hippocampus proper,
the subiculum, and the entorhinal cortex (53), (54). The hippocampus is further
divided into three subfields: CA3, CA2, and CAl. The sub-regions of the
hippocampal formation mostly make connections in a unidirectional way. The
prefrontal pathways of the entorhinal cortex project to the dentate gyrus, providing
it with significant input. Similarly, the dentate gyrus targets to CA3 via the mossy
fibers of granule cells, and CA3 targets the CA1 via the Schaffer collaterals of CA3
pyramidal cells (53). Along with the slow oscillations and sleep spindles, sharp-wave
ripples (SPW-Rs) are another prominent EEG rhythm of NREM sleep that are
initiated in the hippocampus.

In the rat hippocampus, SPW-Rs are the most consistent oscillatory rhythms,
exhibiting high local field potential amplitude (~1 mV) and high spatial coherence
over 1 mm (56), (57), (58), (19). In the stratum radiatum of CAl, SPW-Rs are
generated due to synchronous excitatory input from the CA3 pyramidal cells through
Schaffer collaterals (59). These Schaffer collaterals initiate high-frequency
oscillations (ripples; 140-250 Hz) in the CAl region (Fig 1.4). The cellular
mechanism of SPW-Rs in vivo and in vitro is highly debated. In SPW-Rs, the high-
frequency component (ripples) appears to arise through the collaboration of both
chemical synaptic and non-chemical (electrical synapses/gap junctions) mechanism,

particularly at the in vitro level (60), (61), (62).
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Figure 1. 4 Frequency Components of sharp wave ripple In Vitro.

A, Raw data recorded from the hippocampal PY cells of mice. B, The raw data after the band-pass
filter (150-300Hz) shows ripples. C, The raw data after the low-pass filter (1-50Hz) shows the
presence of a sharp wave. The figure was modified from (60).

1.3 NREM sleep rhythms and active system consolidation

As discussed in the previous sections, NREM sleep plays a crucial role in the
consolidation of declarative memories. In the standard two-stage memory model,
declarative memories are initially encoded into a temporary store, known as the
hippocampus, before being transferred and stored in the neocortex as long-term
memories during sleep (63), (64), (65). Based on this two-stage model, sleep is
proposed to serve as an active system consolidation. Moreover, active system
consolidation is a process in which newly encoded memories are redistributed and
stored in other neuronal circuits as long-term memories (14). According to the active
system consolidation model, newly acquired information, particularly episodic
memory, is initially encoded simultaneously in both the neocortical networks and the
hippocampus along with the adjacent medial temporal lobe. In subsequent sleep,
particularly during SWS, these newly acquired memory traces are repeatedly
reactivated and eventually, redistributed, strengthening the neocortical synaptic
connections and forming persistent memories.

Several experimental studies reveal that the higher rate of information encoding
during the active state increases the density and amplitude of SOs in subsequent SWS
(66), (16), (67). Moreover, at the local field potentials (LFPs) level, along with SOs,
the activities of sleep spindles and hippocampal ripples also increase during sleep
after learning experiences (68), (69), (2), (18). Likewise, these increased activities
also improve the retention rate of the learned experiences (70), (71), (72), (2).
During SWS, synchronized cortical neuronal activity also activates the thalamic and
hippocampal networks through efferent pathways, initiating thalamocortical spindles

and hippocampal SPW-Rs (Fig. 1.5). Eventually, the depolarized/up state of SO
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provides a broad temporal framework in which hippocampal circuits of memories
are repeatedly reactivated in the form of SPW-Rs, in parallel with the thalamocortical
spindles. In a meanwhile, both thalamic and hippocampal structures send feedback
to the neocortex, which arrives at the same time and is still in the up/depolarized state
of SO. The hippocampal ripples and accompanying memory traces become nested
within the single troughs of spindle (73), (74). Moreover, the spindles reach the
neocortex, likely to assist in Ca?" influx for subsequent processes of synaptic
plasticity (2), (75), (76). In summary, the transfer of reactivated memory traces from
the hippocampus to the neocortex, which occurs during the up/depolarized state, is
parallel to the arrival of spindles. This transfer is a prerequisite for the better

formation of persistent memory traces in the neocortical network (14).
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Figure 1. 5 Active system consolidation during SWS.

A, Newly acquired memories are initially encoded in a temporary store, namely the hippocampus,
and later reactivated to be distributed in the neocortex as long-term storage during SWS. B, Interaction
between neocortical, thalamic, and hippocampal structures during SWS. The depolarized/up state of
SOs (red) repeatedly reactivates the hippocampal memory traces along with SPW-Rs (green). These
SPW-Rs become nested within single troughs of the thalamic spindle (blue) in the fine temporal
window. The figure was taken from (2).

1.4 Chemical synapses and electrical synapses

Generally, neurons in different brain structures communicate with one another by
releasing chemical messengers called neurotransmitters, which can have either an
excitatory or inhibitory effect. The key excitatory neurotransmitter in the brain is the
amino acid glutamate, while the main inhibitory neurotransmitter is gamma-
aminobutyric acid, also known as GABA. All types of neurotransmitters induce their

postsynaptic electrical response by binding to and activating various groups of
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proteins called neurotransmitter receptors (77). The main excitatory (ionotropic)
receptors discussed are o-amino-3-hydroxy-5-methyl-4-isoxazolepropionic acid
receptors (AMPAR) and N-methyl-D-aspartate receptors (NMDAR). AMPARs
show a faster response, whereas the NMDARs show a slower response after the
release of neurotransmitters in synaptic the cleft (78). In addition, both AMPAR and
NMDAR play important roles in the synaptic plasticity (79), (80), (81), (82).
Similarly, the y-Aminobutyric acid type A receptors (GABAAR) are fast inhibitory
(ionotropic), while y-Aminobutyric acid type B receptors (GABAgR, metabotropic)
are slow inhibitory receptors (83), (84).

Besides chemical synapses, electrical synapses are found in the nervous systems of
rodents, humans, and other species. In electrical synapses, the membranes of both
communicating neurons come extremely close to each other and are linked together
by an intracellular mechanism called a gap junction (85), (86). The gap junctions
consist of aligned channels in both the membranes of adjacent neurons, and these
aligned pairs of channels form a pore. These pores of gap junctions are quite large
compared to the pores of chemical synapses (48) and as a result, ions and molecules
diffuse directly through the pores of gap junctions. The response of electrical
synapses is significantly faster compared to chemical synapses, and they are believed
to have an important role in the brain development and pattern formation (87). Gap
junctions are thought to play a crucial role in sharp wave ripples (SPW-Rs),
especially in neuronal synchronization during high-frequency ripples (~200 Hz)
activity based on an in vitro study (88). Moreover, various theoretical modeling
studies suggest that gap junctions are located between the axonal compartments of

hippocampal pyramidal cells (89), (90), (91).

1.5 Role of calcium and gap junctions in modulation of SPW-Rs

Several investigations reveal that variations in cholinergic input to the hippocampus
have been involved in the sudden transitions of SPW-Rs to gamma oscillations and
vice versa (92), (93), (94). In addition to acetylcholine (ACh), other neuromod-
ulators, such as norepinephrine (NE), serotonin (5-HT) also suppress ripple activity
in rodents (95), (96), (97). These neuromodulators act through various receptors,
which engage different signaling cascades and have multiple effects on hippocampal

neurons. NE and 5-HT cause mild to moderate hyperpolarizations of CA3 pyramidal
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neurons, while ACh depolarizes them. Briefly, they modulate synaptic strength and
efficacy, alter excitation and inhibition, interfere with transmitter release, and reduce
calcium influx (98), (99), (100), (101). In spite of having multimodal effects, these
neuromodulators suppress SPW-Rs possibly by reducing the calcium influx to axon

collaterals, (93), (95), (97) and altering conductance through gap junctions (60).

1.6 SWS and external stimulations

We have already discussed the role of SWS in the consolidation of declarative
memory. The higher rate of information encoding during active state increases the
density and amplitude of SOs in subsequent SWS (66), (16), (67). In addition to SOs,
the sleep spindles are also directly linked to memory formation during sleep (102),
(103). Different experimental studies have revealed that the activity of slow
oscillations (SO) and sleep spindles can be increased through sensory and electrical
stimulation during NREM sleep. Likewise, this increased SW activity also improves
sleep performance in terms of memory consolidation (104). In these studies, applied
sensory stimuli were associated with the learning material during the training (also
called the target memory reactivation; TMR) before sleep (105), (106), (107), (108).
In the result of learning associated sensory stimuli, the memory performance was
relatively better compared to the non-simulation case (109).

In some other studies, stimuli unassociated with learning content were also applied
in the form of pink noise during NREM sleep (110), (111). The unassociated stimuli
were effective only when the auditory ‘clicks’ were synchronously delivered with
slow waves and subsequently, the amplitude of the slow waves and retention
performance were improved. On the other hand, outside of the phase, stimuli were
not effective in relation to memory performance (110), (112). In electrical
stimulation, transcranial direct current stimulation (tDCS) utilizes electrodes that are
bilaterally positioned at central and/or frontal cortical locations to deliver a slow
oscillating current (.75 Hz). This current is applied with a reference electrode that
completes the circuit (113), (114). In the result of tDCS, the retention rate of the
learned experiences before sleep was improved compared to the non-stimulation

paradigm (113).
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1.7 Outline and main research questions

In the second chapter, various modeling approaches commonly used for neuronal
modeling are discussed. The next three chapters (3 to 5) deal with modeling studies.
In these three chapters, the introduction and the methods used in the study are
included at the beginning of each chapter. The last chapter deals with discussion and
summary of all three studies.

Chapter 2: Methods. In this chapter, various neuronal modeling methods are
discussed. Along with other methods, the conductance-based modeling approach is
discussed in detail which is used in current modeling studies. Additionally, the
NEURON simulator is discussed which was used to develop these models.
Chapter 3: Suppression of SPW-Rs by controlling calcium and gap junctions.
In this chapter, a computational model for SPW-Rs is presented. This study
demonstrates the impact of calcium influx and gap junctions on pyramidal cells in
the modulation and suppression of SPW-Rs in a computational model of CA1.
Chapter 4: Differential thalamocortical interactions in slow and fast spindle
generation. In this chapter, a thalamocortical computational model for NREM sleep
is presented, which demonstrates the presence of both fast and slow spindles, as well
as the occurrence of SOs. The purpose of this study is to investigate the potential
mechanism of slow sleep spindles initiation and their role.

Chapter 5: Closed loop stimulations and sleep spindles. In this study, we present
another thalamocortical model for NREM sleep that exhibits fast spindles along with
the SO rhythm. In addition, closed loop stimulation (CLS) protocols are also
implemented to study the effect of stimulation cues on the activity of sleep spindles.
The purpose of this study is to find the optimal SO phase for stimulation cue in order
to achieve increased spindle activity.

Chapter 6: Discussion and summary. In the last chapter, the thesis concludes with

a discussion and summary of these three studies.
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Chapter 2

Methods

In neuroscience, mathematical models, along with experimental approaches, play a
very important role in understanding the process of information processing in the
nervous system. These modeling studies provide possible explanations of
information processing and sometimes provide predictions about the results of new
experiments. If the new experimental observations agree with the model predictions,
the model is considered reliable and accepted for the time being. Conversely, if the
experimental results disagree with the model predictions, the model theory is
rejected. Eventually, computational models are used to assist in reasoning, removing
ambiguity from theories, and can be helpful for testing hypotheses in some cases. In
this chapter, various computational modeling approaches are discussed that are
widely utilized in the field of neuroscience. Our main focus is the conductance-based

modeling approach that was employed in this work.

2.1 Conductance based models

Two English physiologists, Alan Hodgkin and Andrew Huxley, laid the foundation
for conductance-based models, also known as Hodgkin-Huxley (HH) based models.
They quantitatively characterized the voltage dependence of membrane currents in
the giant squid axon and demonstrated how the action potential can be generated and
propagated (115), (116), (117), (118), (119). They conducted an experiment on the
giant axon of a squid and revealed that the action potential emerges as a result of the
interplay between two voltage-dependent currents: sodium (Na*) and potassium (K*)
with the cable properties of the axon. They simulated the shape of an action potential
using a quantitative model that consisted of a set of differential equations.

The HH model consists of two types of currents: the capacitive current /. and the
ionic currents /; shown in the equivalent circuit diagram in Fig 2.1.

I=1+ I 2.1.1

where [ represents the membrane current, which is sum of both /; and ..

dv
I.=¢C

— 2.1.2
M dt

13
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Here, Cwm represents the membrane capacitance. Similarly, in the basic model, the
total ionic current is the sum of three ionic currents: sodium (/na), potassium (/x),
and leak (/) currents.

Ii :INa+ IK+IL 2.1.3

Each ionic current is calculated by multiplying the driving force of the ion with the

membrane conductance of that ion (120).

Ina = gna(V — Enag)

Iy = gx(V — Ex)

I, =g.(V—E)

Where V is the membrane potential, gna, gk, and g are the conductances of sodium,
potassium, and leak currents, respectively and FEwa, Ex, and Ep are their

corresponding equilibrium potentials. Finally, by adding the derived values of /; and

I: in equation 2.1, we obtain the general differential equation of HH model.

av
I = CME-}_gNa(V_ Ena) + 9x(V — Ex) + g.(V — Ep) 2.1a
I(t)
9. % 9« % Ina
C, ——
1T 1 I
EL EK ENa

Figure 2. 1 HH-type circuit diagram.

The basic circuit diagram of Hodgkin-Huxley-type models. Cm represents membrane capacitance,
while gna, gk, and gL represent the conductances of the ionic currents Na, K, and L, respectively. Ena,
Ex, an d EL denote their corresponding reversal potentials.

2.1.1 Voltage-Gated Channels

In the HH model, each channel is considered a transmembrane protein that forms a
pore. This pore allows specific ions to diffuse through the membrane. The pores

contain gates that can be opened or closed depending on the membrane voltage.
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Where C corresponds to the closed state of the gate and O corresponds to the open
state of the gate. (V) and B(V) are voltage-dependent rate constants that determine
the opening and closing of the gate, respectively, from the closed and open states. If
m is considered a fraction of open gates, then 1-m represents the fraction of closed

gates. According to the law of mass action,

e (V)(1—m) — f(V)m = T2 215

d (V)

where m.( V) is steady state, (V) time constant,

_ (V)
® T x(V)+B(V)

1

S ED 2.1.6

and T(V) =

This equation can be simplified if V' is constant. The solution starts from m(0) is

m(t) = me (V) + (m(0) — me, (V))e t/7™),

Hodgkin and Huxley solved the equations for sodium and potassium conductances
by using the voltage-clamp data. They proposed:
Ina = Gnam3h, and gx = ggn* 2.1.7

Where gy, and gx are the maximum conductances of sodium and potassium,
respectively, and m, h, and n are gating variables that range from 0 to 1. The n*
represents the probability that the potassium channel is open. Similarly, m?
represents the probability that the sodium activation gate is open, and 4 represents
the probability that the sodium inactivation gate is open.

The final set of equations of the HH model that calculate the total membrane current

(as mentioned in equation 2.1) and the gating variables n, m, and 4 are:

av
I = CME+gNam3h(V_ Eng) +g_Kn4(V— Ex)+ g.(V— Ep)

d

= (V{1 = m) = fp (V)
dh

ac Xn )@ —h) = Br(V)h

d

= =e, (N =) = f(N)n

where
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25—V
«,, (V) =0.1 55V ,
exp (Zrg—) 1

B V) = 4exp (7)),

o, (V) =0.07 exp <_—V),

20
1
ﬂh(v) = 30—V )
exp (—10 ) +1
10—V
o, (V) =0.01 0=V ,
exp 10 ) -1

B, (V) = 0.125 exp (;—Z) .

The parametric values are: Ex = -12 mV, Exa = 120 mV, EL = 10.6 mV, gx = 36
mS/cm?, gya = 120 mS/cm?, and g, = .3 mS/cm?, C = 1 pF/em?,

The basic Hodgkin and Huxley model simulated only three ionic currents to
reproduce the action potential. Current models include various types of currents and
neurons, such as calcium currents (121), persistent sodium current, low threshold
calcium currents, calcium-dependent potassium currents, hyperpolarization current
(45), (43), (122), (123), (124) and others. Similarly, some recent models present a
morphologically complex structure with multiple interconnected compartments

(125), (91), (89).

2.2 Simple models

The conductance-based models provide significant details and some level of
accuracy for each individual network cell. However, they require extensive
computational resources and time. These models can be useful for small neuronal
networks that deal with synaptic plasticity and/or specific intrinsic neuronal currents
(126), (127), (128). Some neuronal models do not require detailed intrinsic
information about individual neurons. Instead, they focus on specific aspects such as
action potentials or the collective output of a network, such as local field potentials
(LFP) and electroencephalograms (EEG). For this type of neuronal models, the
lower-dimensional models or simple models can be more efficient, fast, and

computationally less expensive than the conductance-based models. The three-
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dimensional model of Hindmarsh-Rose (129), as well as the two-dimensional models
of FitzHugh-Nagumo (130) and Morris-Leclar (131), are widely used and they also
preserve the basic dynamical properties. The integrate and fire model is one of the
most common and simplified reduced models, along with these other models. The
integrate-and-fire modeling approach has a long history of over a hundred years and
it has been widely used in neuronal modeling (132), (133), (134), (135). Integrate-
and-fire models are relatively simple and fast as compared to the conductance-based
models. These models describe the neuronal membrane potential in terms of injected
currents and excitatory or inhibitory synaptic inputs received from other neurons
through their associated synapses. When the membrane potential reaches the
threshold, an action potential or spike is produced, regardless of the actual intrinsic

neuronal mechanism that generates it (136).

dv(t)
CMT = Ileak(t) + Is(t) + Iinj(t)' 2.2.1

where Cwv represents the membrane capacitance, /icak(?) represents the passive leak
current of the membrane, /s(f) describes the synaptic input received from connected
neurons, and /ixj(f) describes the injected current into the neuron. The leak current is

calculated by
C
Loar () = —T—M[+v(t) + V] 2.2.2
M

where Cwm represents the membrane capacitance, Vo denotes the resting potential and

Tm represents the passive membrane time constant.

2.3 Firing-Rate models

In some experimental paradigms, the exact time course of each and every neuron in
a network might be irrelevant, and the focus might be on the output of average
activity output of multiple neurons rather than the activity of individual neurons
(137). In surface electroencephalogram (EEG), field potential, and functional
magnetic resonance imaging (fMRI), the average firing rate of the local neuronal
population is recorded without considering individual neuronal activity. To simulate
this type of activity, the firing-rate modeling approach is considered the best choice
for modeling. In the firing-rate modeling approach, the average firing rate of the

entire network of neurons is represented instead of individual neurons in the network.
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These models are also referred to as population models because they deal with a large
population of network neurons. The firing rate models were introduced in the 1930s
for neural network research, and a comprehensive history of them was written by
Cowan and Sharp (138). Many rate models have been developed and successfully
used to simulate various activities in large neuronal network (139), (140), (141),
(142), (143).

The neural mass models (NMM) are another subtype of rate models used to
describe brain functions at a mesoscopic level (144), (145), (146), (147), (148),
(149). The NMMs provide an average dynamic of neural ensembles, which offer
both biological plausibility and mathematical simplicity (150), (151). These models
are widely used for simulating electroencephalogram (EEG) (152). Usually, in
NMM, mean membrane potential and mean firing rate of neural ensembles (referred

to neural masses) are quantified using differential equations.

2.4 NEURON simulator

The differential equations of a neuronal model require a simulation environment to
construct and execute this model. Various simulation environments have been
developed for this purpose. These simulators offer the ability to construct models of
single neuron (with complex morphological and biophysiological properties) as well
as large-scale neural network models. Some of these prominent neuronal simulators
are NEURON (153), (154), GENESIS (the GEneral NEural SImulation System)
(155), NCS (NeoCortical Simulator) (156), XPPAUT (157) , SNNAP (158), (159)
are widely used in the field of neuroscience. In this research, we utilized the
NEURON simulation environment to develop hippocampal and thalamocortical
network models. Therefore, we will provide a brief overview of this simulation
environment.

The NEURON simulation environment was presented nearly four decades ago to
construct neural network models, comprising neurons with complex anatomical and
biophysiological properties that are nearly similar to real neurons. These properties
cover the extracellular potential near the cell membrane, different types of channels,
and the inhomogeneous distribution of channels. NEURON can handle diffusion
reaction models (160), (161) and integrating diffusion functions into cellular

networks and synaptic models. Similarly, in NEURON, morphologically detailed
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single neuron models demonstrate the spatial diversity of biophysiological and
electrical cellular properties. Morphologically, an individual neuron is treated as a
tree of unbranched cables, referred to as sections and each section can have distinct
biophysiological parameters from the others. Moreover, each section can be
discretized into multiple adjacent segments called compartments (153). The main
purpose of discretization is to achieve more realistic results in the spatial domain. In
compartmental models, each neuron can have distinct morphological features,
inhomogeneities, and connectivity pattern from other neurons. In a single neuron,
the electrical activity of each section of the neuron is modeled by using cable
equation (162), (160) and the membrane potential is obtained at a specific point in
space and time.

The electrical and chemical signals, distributed in space and time, interact with each
other through the involvement of neuronal function. The procedures that produce
these signals and modulate their interactions have a wide range of diverse properties,
such as differences in neuronal cell class, species, and developmental stage (163).
The NEURON provides a flexible and powerful simulation environment for
developing biophysiological mechanisms using a high-level language called
NMODL (Neuron MOdel Description Language). The NMODL was derived from
MODL (MOdel Description Language), which was initially developed at NBSR
(National Biomedical Simulation Resource) to provide a platform for simulating
models for SCoP (Simulation Control Program) (164). NMODL for NEURON was
originally implemented by Michael Hines and later extended to generate code for
linking with GENESIS. The high-level language NMODL code is passed to a
translator that converts and generates this NMODL code into C language code,
which is executable in NEURON (160). Furthermore, C language code can also be
added to achieve specific goals.

Some essential information of NEURON simulator is provided below.

NEURON developers: Michael Hines (Department of computer science, Yale
University, USA), John Wilson Moore Late (Duke University, USA), and Ted
Carnevale (Yale school of medicines).

Programming Languages: C, C++, and user programs in HOC (High Order
Calculator) and/or Python.

Package compiled binaries: Microsoft Windows, Linux, and Mac OS X.
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License: Open source.

URL: www.neuron.yale.edu



Chapter 3

Suppression of SPW-Rs by controlling calcium and gap

junctions

Parts of this chapter have been published in Mushtaq et. al, 2021 (165). The
hippocampus exhibits a variety of neuronal network oscillations, which are
associated with various mnemonic functions. These oscillations are mainly theta (0;
4-10 Hz), gamma (y; 30-90) and sharp wave ripples (SPW-Rs; 140-250 Hz). Theta
and gamma oscillations appear during spatial searching, acquisition of learning and
rapid eye movement (REM) sleep, while SPW-Rs emerge during slow-wave sleep
(SWS), immobile state, during eating and drinking, and are essential for memory
consolidation processes (59), (56), (166). In rat hippocampus, SPW-Rs are the most
consistent oscillatory rhythms having high local field potential amplitude (~1 mV)
and high spatial coherence over 1 mm (56), (58), (57). In CA1’s stratum radiatum,
SPW-Rs are generated due to the synchronous excitatory input from the CA3
pyramidal cells through Schaffer collaterals (59). These Schaffer collaterals initiate
high frequency oscillations (ripples; 140-250 Hz) in the CA1 region. The place cells,
which fire during spatial searching or explorative behavior, exhibit reactivation
during sleep, and in this reactivation period, cells have the same temporal firing
pattern as it was during spatial searching (167), (168), (169). Previously stored
information reactivation is strongly observed during SPW-Rs in immobile state,
slow-wave sleep (170), (171) and rarely during searching (172), (173). This behavior

dependent switching of hippocampal network oscillations is an abrupt process.

3.1 Suppression of SPW-Rs

Several investigations reveal that variations in cholinergic input to the hippocampus
have been involved in these sudden transitions (92), (94), (93). In addition to
acetylcholine (ACh), other neuromodulators such as norepinephrine (NE), serotonin
(5-HT) also suppress ripple activity in rodents (95), (97), (96). These
neuromodulators act via a variety of different receptors involving different signaling

cascades and exert multiple effects on hippocampal neurons. NE and 5-HT cause

21
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mild to moderate hyperpolarization of CA3 pyramidal neurons while ACh
depolarizes them. Briefly, they modulate synaptic strength and efficacy, alter
excitation and inhibition, interfere with transmitter release and reduce calcium influx
(98), (99), (100), (101). In spite of having multimodal effects, these neuromodulators
suppress SPW-Rs possibly by reducing calcium influx to axon collaterals (95), (97),
(93) and altering conductance through gap junctions (60).

3.2 QOur study purpose

As mentioned above, modulation of calcium influx and electrical coupling play a
pivotal role in the suppression of SPW-Rs in different experimental settings.
Scientific literature reveals that there are several computational models for the
generation of SPW-Rs, but there is not a single report describing the modulation of
SPW-Rs based on calcium influx and electrical coupling in pyramidal cells. We
evaluated the role of calcium influx and electric conductance through gap junctions
on the generation of SPW-Rs. For these evaluations, after SPW-Rs generation, we
gradually reduced calcium influx and decreased conductance through gap junctions
in the pyramidal cells of our SPW-Rs model and examined the effects of these

alterations on the generation of SPW-Rs.

3.3 Different SPW-Rs models

The majority of the SPW-Rs models are based on two elements: chemical synapses
and gap junctions. Chemical synapses based SPW-Rs models with replay are based
on strong synaptic connectivity in recurrent networks (174). These models explain
the encoding achieved by spike timing dependent plasticity with phase precession.
According to Memmesheimer’s model (175), transient ripples can appear in a
network of cells linked by excitatory synapses. Taxidis (176) suggested another
SPW-Rs model, in which ripple-frequency rhythm in CA1 is generated only in
interneurons, which are connected to each other by GABAA synapses. Traub &
Bibbig suggested a SPW-Rs model based on gap junctions. The axons of the
pyramidal cells were stimulated by random spikes at low frequency, which generated
high frequency (140 Hz or high) rhythms (177). A later model of Traub (178)
produced the axonal plexus driven SPW-Rs, where gap junctions were situated in

axonal branches away from the soma. In another computational study for declarative
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memory formation (179), the SPW-Rs were studied in basket cells network with
different transient and noisy excitatory inputs. In recent studies, (179) focused on
disinhibition of the CA3 network and the role of interneurons during SPW-Rs

activity.

3.4 SPW-Rs model for our study

In this study, we chose Vladimirov’s model (with small modifications) (91), which
possibly provides a bridge between two presently opposite models of SPW-Rs, the
first based on gap junctions and the other based on chemical synapses. In this
proposed model of ripples, the occurrence of ripples and antidromic spikes are
regulated by the input from dendrites of PCs. Slight alterations in somatic potential
gate spike transmission from an axonal collateral to the main axon, so that EPSPs
can turn on and IPSPs can turn off ripple-associated somatic spikes. Using the same

mechanism, the replay in the ripple-associated PCs is demonstrated.

3.4.1 CA1 pyramidal cells

The pyramidal cell model of Roger Traub and colleagues (180) was used for the
computational simulation of a CA1l network model. In this cell model, six ionic
currents were used: (i) fast sodium current, [Na (Fast)], (i) potassium after-hyper-
polarization, Kanp) (iii) potassium delayed-rectifier, Kipr) (iv) potassium transient
current, K(a), (v) high-threshold calcium current, Ca, and (vi) calcium-dependent and
voltage-dependent potassium current K(ca). For the soma-dendritic compartment k,

the ionic current was computed by the equation:
Lionick = JuiVk + GnaxmMihc Vi = Vya) + JearSik Vi = Vea)
+ Grory e Vie = Vie) + Grecay k@b Vie — Vi)
+ Jkane) k9 Vi — Vi)
+ Gxccayi X min(1.0,%% /e 0) X (Ve = Vie) + Ly
— Iinjk (1.1
For the axon-initial segment compartment k, the ionic current was computed by
Lionick = 91V + Gnachiemi Vie = V) + Gxoryc* Vie = Vi) + Tsyn
—linjx  (1.2)
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In the above equations, k denotes the compartment index and g represents the
maximum conductance for a particular ion in compartment k (given in Table B 3.1).
Vi is the local membrane resting potential and grk is the leak conductance. The
resting potential of given ions is Vna = 115 mV, Vk = -15 mV, Vca = 140 mV. For
the axonal-initial segment (AIS) compartment we have Vk = -25 mV. yx represents
the Ca®" in the submembrane shell in arbitrary units. m, &, n, s, a, b, g, and c are state
variables having values between 0 and 1. The dynamics of these state variables is
like follows: Let xi represent a dimensionless state variable m, A, n, s, a or b and Vi
represent the membrane potential in compartment k (if xx represents q then Vi is xx).

Then these state variables follow the Hodgkin-Huxley (119) like equation:

dxp

ar o (Vi) (1 = X)) — B (Vi) X (1.3)

where ax and Bx are forward and backward rate functions, presented in Table A 3.1
and 3.2.

Conductance densities of somato-dendrites were taken from the basic model (180)
excluding the fast sodium in lower areas of the soma (0.070 S/cm?) to ensure that
only a small number of spikes turn into soma spikes (181). The densities of the ionic
conductances were the same in all axonal compartments of the main axon,
collaterals, and the axonal initial segment (AIS): Na (Fast) 0.3 S/cm? and potassium
delayed-rectifier 0.4S/cm? (Table B 3.1). The dimensions of the axonal
compartments, i.e. AIS, main axon, collaterals, and the two collaterals branched out
of the main axon (Fig. 3.1A) were set according to Vladimirov’s model (91).

All compartments had the same membrane capacitance of 0.75 pF/cm?. The
membrane resistance (Rm) for soma and dendrites was 5 x 10* Qcm? and for axonal
compartments 10° Qcm?. The cytoplasmic resistance of the soma and the dendritic
compartments was 200 Qcm and in axonal compartments 100 Qcm. Leak current
reversal potentials (Erey) in all compartments were —65 mV. All compartments had
50 mV Na E. Similarly, K reversal potential was —80 mV in compartments of
soma-dendrites, and axonal compartments had —90 mV reversal potential (180). The
Reversal potential of AMPA was 0 mV. To suppress spike propagation into the main
axon from proximal collaterals, AISs of all PCs except the first three PCs of the
network were hyperpolarized by -0.107 nA during resting mode. According to (182),

the place cells have a slide somatic depolarization compared to silent cells. In our
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model, the first three pyramidal cells played the place cell role and their AISs
membrane potentials were set a bit more depolarized than the rest of the pyramidal
cells. The AISs of the first three PCs were less hyperpolarized compared of other
network cells (for instance, AIS of PC no. 0 was hyperpolarized by -.099 nA). The
passive cable length constant A = v/aRm/2Ra for the apical dendritic shaft was set
to 2500 pum, for proximal basal dendrites to 1768 pum, for the main axonal trunk to

158 pm, and for the AIS to 223 pum.

3.4.2 Interneuron

A single compartmental model was used for the interneuron (183), which follows

the current equation:

dv
Cma = _INa - IK - IL - Isyn + Iinj (31)

where Cny = 1 uF/cm2 is membrane capacitance, Isyn is the synaptic current, iy the
injected current, Iy the leak current (I = gr(V-Er) with leak conductance gr = 0.1
mS/cm? and a reversal potential, EL = -65mV) and Na* and K" are spike generating
voltage dependent ion currents. Ina and Ik follow a Hodgkin and Huxley (119)
kinetics. The sodium current is given by

INa = gna mPh(V-Ena) (3.2)

with gna = 0.035 S/cm? and Ena= 55 mV. m and h are again state variables. m is an
activation variable substituted by the steady function mw = ow/(0m*Pm) where am(V)

= -0.1(V+35)/(exp(-0.1(V+35)) — 1) and PB,,(V) = 4exp(-(V + 60)/18). The

inactivation state variable h is calculated by a first order kinetics:

= = ¢an(1—h) - Byh) (3.3)

where an(V) = 0.07 exp(-(V+58)/20) and Bn(V) = 1/(exp(-0.1(V +28)) +1) and ¢ = 5.
The potassium delayed-rectifier current is described by:

Ik = gkn*(V-Ek) (3.4)

where gk = 0.009 S/cm? and Ex = -90mV. The activation variable n is also

calculated by a first order kinetics:
= = ¢on(1 —n) — Bun) (3.5)

where an(V) = 0.01(V+34)/(exp(-0.1(V + 34)) — 1) and Bn(V) = 0.125 exp(- (V
+44)/80).
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The cell had the same diameter and length of 20 um.
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Figure 3. 1 Network design and simulation of CA1 SPW-Rs.

A, Schematic model of the pyramidal cell consisting of 64 compartments for soma and dendrites and
the interneuron consisting of single compartment. B, A network of 25 PCs (ten shown) and one
interneuron. PC no. 0 receives an excitatory afferent (‘cue’) in its apical dendrites and starts replay
sequentially in PC no. 1 and 2 which are synaptically connected. The distal collateral of PC (i) projects
to the basal dendrite of PC (i+1) (1= 0, 1) by an AMPA synapse (Arrows). Proximal collaterals of all
PCs are randomly coupled via gap junctions and get random current stimulation. All PCs project to
the interneuron by AMPA synapses (Arrows) and the interneuron targets back to the somas of all PCs
by inhibitory synapses (blunt arrows). The complete cell connectivity is shown in PC no. 2. C, PC
no. 0 synaptically stimulates PC no. 1 which repeats the previous somatic spike generation cycle of
PC no. 0 and generates a spike after ~4 ms following PC no. 0. D, Excitatory synaptic inputs of the
first three pyramidal cells. The first PC receives afferent input (cue) in its apical dendrite and starts to
reactivate the synaptically connected cells’ sequence (i.e. PC no. 0, 1, 2). E, Interneuron firing in the
network, which receives an input from a PC and generates a spike. F, Local field potential, which is
temporally correlated to synaptic inputs of the first three PCs. The first deep negative spike occurs
when PC no. 0 fires, and the ripple cycle occurs when PC no. 1 fires.

3.4.3 Synaptic connections in pyramidal cells

The conductance time course in AMPA synapses were chosen according to the
alpha-function g = gmax(t/t)exp(—(t—t)/t), which has the maximum conductance gmax
at the time 1 from start. AMPA targeted pyramidal to pyramidal cells (PC-PC) and
pyramidal cells to the interneuron (PC-IN). The parameters of the AMPA synapses
from PC-to-PC were gmax= 52 nS, =2 ms, and from PCs-to-IN synapses gmax= 4 nS,
7= 0.8 ms. The excitatory afferent synaptic input ‘cue’ to the first PC was set to 5 nS,

1=2 ms, and the Nernst potential was 0 mV. The PCs communicate to the targeted
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cells via the distal axonal collateral. The GABAA4 synapses, which target to the PCs,
are located in the middle of the PCs’ soma. The conductance time course for GABAA
synapses from IN to PCs was simulated by a double exponential function g =
Zmax(T2/T2—T1)(—exp(—t/t1)+exp(-t/12)), which approaches gmax at time tit2log(ti/12)/
(t1—T2) after the start. The values of the parameters were 11 =2 ms, T2 = 5 ms, Erey =

-75 mV, and the maximum conductance was gmax =40 nS (91).

3.4.4 Gap junction connections

In our network model, every PC had three gap junctions (GJ) situated in its proximal
axonal collateral. These gap junctions were positioned in a random fashion in the
range from 0.25 to 0.75 on the proximal collateral. Different collateral gap junctions
were randomly interconnected in the network, with a connection probability
independent of the cell distance. Cells were not allowed to make self-connections,
but two cells were permitted to have double connections between each other. All

pyramidal cells were electrically coupled and no cells were isolated.

3.4.5 Network architecture

The network model contained 25 pyramidal cells and one interneuron (Fig. 3.1B).
The first PC received an excitatory afferent input into its apical dendrites. We
suppose that prior theta oscillations between PCs of CAl formed some AMPA
synapses via LTP (168) Two AMPA synapses made contact between the first three
PCs in a feed forward pattern. The first synapse is connected from PC no. 0 to 1, the
second one from 1 to 2. Both synapses were set on PCs basal dendrites, 35 um away
from somas and played a gating role for antidromic spikes in targeted PCs and
generated antidromic ripples in the CA1 network. All pyramidal cells of the network
projected to the interneuron through AMPA synapses (3.5 nS). The interneuron also
targeted back to the somas of all PCs through powerful GABAA synapses (40 nS).
The network model was implemented with the NEURON simulation environment

(153), (154).

3.4.6 Reduction of calcium influx and conductance through GJ

A single pyramidal cell (Fig 3.1A) of model had 11 soma-dendritic branching levels.

The calcium conductance densities for the different branching levels was 1 mS cm™
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for levels 1-6, 2 mS cm for level 7, 3 mS cm™ for level 8-9 and 1 mS cm for level
10-11. In the soma, the calcium conductance density was 1 mS c¢cm (180). The
calcium conductance was gradually decreased in each dendritic level and in the soma
with the same proportion to evaluate effects of presynaptic calcium influx on sharp
wave ripples. Four simulation results were gathered with different calcium
conductances in pyramidal cells: 0% gca, 30% gca, 50% gca, and 100% gea. Similarly,
in order to investigate the role of gap junctions on the modulation of SPW-Rs, the
conductance through gap junctions was decreased to half (partial reduction) and to
complete blockage (full reduction). Calcium conductance was set to 50% and gap
junction conductance to 1.6 nS (partial reduction) for obtaining synergistic effects of

Ca and gap junctions on SPW-Rs modulation.

3.5 Simulation results

In this study, we evaluate the effects of a reduction in calcium influx and electrical
coupling on the generation of SPW-Rs in a computational model of these network
oscillations. SPW-Rs are generated by a variant of the computational model
proposed by Vladimirov and colleagues (91). In a next step, calcium influx and gap

junction conductances are gradually decreased during the simulation of SPW-Rs.

3.5.1 Simulation of SPW-Rs

In a first step, we simulated a network model with 26 cells, 25 multi compartment
pyramidal cells and one interneuron having a single compartment (Fig. 3.1A, 3.1B).
In this network, proximal collaterals of pyramidal cells are coupled randomly
through gap junctions, and these proximal collaterals are stimulated in a semi random
fashion (NetStim.noise = 0.5 in the NEURON simulator) by current insertion via a
distal tip (0.042 nA for 3 ms). As a proximal collateral of a single cell is stimulated,
all proximal collaterals of the remaining cells participating in the network also
generate action potentials synchronously within 0.5 to 1 ms with a frequency of ~250
Hz. All 25 pyramidal cells target to one interneuron and the interneuron targets back
to all somas of the pyramidal cells. The first three pyramidal cells of the network are
connected by two AMPA synapses. The distal collateral of pyramidal cell (i) targets
to the basal dendrite of its next neighboring pyramidal cell (i+1) by an excitatory

synapse (Fig. 3.1B). The somatic and axonal both inputs together reach the threshold
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and generate an action potential, which propagates in both directions: antidromic and
orthodromic. In result of the antidromic propagation, the soma of PC no. 0 generates
a spike. By this mechanism, one cell activates another cell by EPSP and, similarly,
the other cell develops an EPSP in chain on replay basis (Fig. 3.1C). According to
Lee (182) place cells have a more somatic depolarization ‘hill’ compared to the silent
cells. In our model, the somas and AISs of the first three PCs of the network had
more depolarization than the other twenty-two pyramidal cells. When the AIS of PC
no 0 gets strong input from proximal collaterals in combination with maximum gap
junctions input, its reaches the threshold because of less hyperpolarization as
compared to other cells, which leads to an action potential. This process produces
second and so forth SPW-Rs (Fig. 3.2D).

The first PC of the network receives an excitatory afferent input (cue) into its apical
dendritic shaft, and it starts firing and delivers EPSPs to the next cell, which also
starts firing after a short delay (~ 4 ms). Similarly, the third cell also fires but
produces only spikelets (Fig. 3.1C). Initially, only the first three synaptically
connected PCs participate in the SPW-Rs generation (Fig. 3.1F). If any pyramidal
cell fires it triggers the interneuron, which also fires following that pyramidal cell
(Fig. 3.1E). This is consistent with the experimental results that excitatory
postsynaptic currents (EPSCs) and inhibitory postsynaptic currents (IPSCs) in
pyramidal cells are phase-locked to the ripples, and IPSCs follow EPSCs (62). The
remaining 22 pyramidal cells are axonally linked to the other pyramidal cells via gap
junctions. The proximal collaterals are stimulated by a current injection of 0.042 nA

for 3 ms.

3.5.2 Suppression of calcium influx

Before proceeding with the results, we want to mention that in all simulation results,
spikes or spikelets mean somatic spikes or spikelets (shown in Figures’ spike raster).
Reduction in calcium influx weakens the strength of chemical synapses in pyramidal
cells (Fig. 3.2A). Due to these weaker synapses, the targeted cells fire with a time
delay or cannot produce complete spikes (Fig. 3.2B) at all. Reduction in calcium
influx by 50% causes a 1.8 ms delay in the spike generation of PC no. 1 (Fig. 3.2B).
Consequently, the second SPW-R appears ~ 40 ms later than in the normal network

(Fig. 3.2D and 3.2E). A further decrease in calcium influx (30% of the normal
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calcium influx) results in an even longer delay in firing of PC no. 1, which now fires
3.86 ms later as compared to normal calcium influx. Similarly, there is a marked
delay of ~420 ms in the appearance of the second SPW-Rs (Fig. 3.2D and 3.2F). In
the next step, calcium is completely suppressed, PC no. 1 does not produce any spike,
however, spikelets are generated (Fig. 3.2B & 2G spike raster) and PC no. 2 does
not generate even any spikelet (Fig 3.2G spike raster). In addition it decreases the
amplitude and the number of ripples. The duration and the incidence of sharp waves
are also decreased (Fig. 3.2C). Moreover, in this paradigm, the network does not
produce a second SPW-R (Fig. 3.2G). The number of SPW-Rs in the network
simulations is 4, 3, 2 and 1 at 100%, 50%, 30% and 0% calcium influx, respectively
(Fig. 3.2D-G also Fig. 3.4C) in 650 ms.
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Figure 3. 2 Effects of suppression of calcium influx on SPW-Rs.

A, Calcium suppression effects on synapse no. 1, which makes a connection from PC no. 0 to PC. no.
1. Note that when calcium is decreased, the strength of the synapse is also decreased, which causes a
delayed activation of the targeted PC or a suppression of spikes. B, PC no. 1 firing behavior with
different calcium quantities. With gradual calcium suppression it takes more time to produce a spike.
Complete calcium suppression leads to spikelets (red). C, Local field potentials for different calcium
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influxes showing less ripples in sharp waves. D-G, Local field potentials (left) and spike raster of the
first three PCs (right thick and dark ones are spikes and thin ones are spikelets) during different
calcium influxes in pyramidal cells of the network. Note that gradual calcium suppression in PCs
decreases the number of SPW-Rs.

3.5.3 Reduction in gap junction conductance

In another series of simulations, we studied effects of variations in gap junction
conductance on network oscillations. As we mentioned earlier, when a proximal
collateral is stimulated it generates an action potential in collateral. All other
proximal collaterals of the network fire action potentials synchronously within 0.5
to 1 ms (Fig. 3.3A). We observe that a reduction in electrical conductance through
gap junctions reduces the synchronous activity of proximal collaterals of pyramidal
cells (Fig. 3.3B, 3.3C). Partial or full reduction in conductance through gap junction
in proximal collaterals disturbs the temporal correlation among axonal and AIS
inputs. Consequently, it weakens the strength of synapses (Fig. 3.3D) because of
inadequate proximal collateral input. This weakened synaptic strength during partial
reduction causes 1.62 ms delay in PC no. 1 compared to a normal network with
normal gap junction conductance (Fig. 3.3E). PC no. 0 also generates a spike with a
time delay of 1.1 ms with partial conductance (half blocked gap junction). Moreover,
the number of spikelets also decreases in this scenario (Figure 3.3H, 3.3I spike
raster). Consequently, the second SPW-Rs with partial conductance appears ~ 182
ms (Fig. 3.3H) later than the respective SPW-Rs in a normal network (Fig. 3.3G).
PC no. 1 produces only one spikelet during complete gap junction blockage (Fig.
3.3C, 3.3E), and PC no. 0 produces a spike with a delay of 2.3 ms and generates even
fewer spikelets (one) than the normal GJ network (four spikelets) (Fig. 3.3G and 3.31
raster plot). Proximal collaterals produce temporally unsynchronized action
potentials during the complete gap junction blockage (Fig. 3.3C). These sparse
proximal collaterals’ spikes don’t make temporal coordination with somatic synaptic
activities and, therefore, PC no. 1 cannot generate an action potential. These sparsely
distributed proximal axonal action potentials decrease the amplitude of ripples and

produce high frequency jittery pulses (Fig. 3.3F).
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Figure 3. 3 Effects of reduction in conductance through GJ on SPW-Rs.

A, Proximal collaterals (green) of the first ten PCs with normal conductance generate synchronous
action potentials, which are temporally coherent to AIS (blue) and somatic input (red) of PC no. 1. B,
Partial conductance through gap junctions leads to a decreased synchronous activity of the proximal
collaterals, which also decreases the temporal correlation between somatic, AIS, and axonal inputs.
Therefore, PC no. 1 produces only two spikelets after a spike (red), in contrast to four spikes with
normal conductance. C, Proximal collaterals exhibit a sparse firing activity with fully blocked gap
junctions. AIS and axonal input do not correlate enough to reach the threshold, hence, the soma of
PC no. 1 produce only one spikelet. D, Synapse no. 1 looses its strength with gap junction blockage
and causes a delay in the next SPW-Rs generation. E, The firing behavior of PC no. 1 during normal
conductance, partial and complete GJ blockage. The cell produces a spike with delay and only two
post-spikelets with partial conductance, and it does not produce any spike but only one spikelet at all
with complete GJ blockage. F, The local field potentials (LFP) with partial and full GJ blockage
exhibit ripples with small amplitude because of unsynchronized proximal collateral action potentials.
G-I, LFPs (left) and spike raster of first three PCs (right thick and dark ones are spikes and thin ones
are spikelets) with normal, partial, and complete gap junction blockage in the pyramidal cells. Partial
and complete GJ blockages also decrease the number of spikes and spikelets during SPW-Rs.
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3.5.4 Synergistic effects of reduction in calcium influx and GJ conductance

According to the above results, the suppression of calcium influx or electrical
conductance through gap junctions in pyramidal cells suppresses SPW-Rs. Calcium
suppression decreases the strength of synapses, whereas the blockage of gap
junctions decreases the synchronized activities of proximal collaterals. Weak
coordination between proximal collaterals and AIS input also weakens the strength
of synapses. In set of simulations, we investigated the combined effects of gradually
reduced calcium influx and gap junction conductance on SPW-Rs. The simulation
with 75% Ca and 75% GJ conductance shows approximately the same results as with
50% Ca suppression (Fig. 3.2E and 3.4D). Three SPW-Rs occur at time 27 ms, 216
ms, and 539 ms, respectively. In another simulation with simultaneous 65% Ca and
GJ conductance, the network generates only two SPW-Rs (Fig. 3.4E), the first at

time 27 ms and 2™ at 341 ms after the start of the simulation.
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Figure 3. 4 Synergistic effects of calcium and GJ blockage.

A, PC no. 1 shows a spike delay with 65% calcium influx and 65% gap junction conductance (blue)
as well as with 50% calcium and 50% gap junction blockage (red). B, Partial blockage of gap junction
conductance (50%) and calcium influx (50%) affects the number of ripples and their amplitude (red).
G, First, second, and so forth SPW-Rs occurrence time with different level of calcium and gap junction
conductances. D-F, LFPs (left) and spike raster (right) with 25% suppression of Ca and 25% blocked
GJ (D) 35% suppression of Ca and 35% blocked GJ (E) and 50% blockage of both Ca and GJ (F).
Note that during 650 ms, the network doesn’t generate a second SPW-R and PC no. 2 does not produce
any spike or spikelet during a 50% simultaneous reduction of calcium influx and gap junctions’
conductance.
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With simultaneous 50% suppression of Ca influx and gap junction blockage, PC no.
1 generates only spikelets and not, a spike, conversely it produces a complete spike
in individual partial suppression of Ca (Fig. 3.2B) or gap junction blockage (Fig.
3.3E). Disturbance in synchronized proximal collateral activity and weakness in
synaptic strength are further increased resulting in a marked delay in spiking and
decrease in the number of spikelets of PC no. 0 and 1. PC no. 2 does not produce
even any spikelet (Fig 3.4F spike raster plot). However, amplitude and incidence of
the ripples are similar to the partially blocked gap junction network because of sparse
proximal collateral activities. The network does not generate a second SPW-Rs
within 650 ms (Fig. 3.4F). Interestingly, we observed that 50% blockage of gap
junctions together with 50% calcium suppression had a stronger effect on SPW-Rs

suppression than the individual effects of 50% Ca influx or gap junction blockage.

3.6 Results summary

From these observations and findings we conclude that a sudden switching of
behavioral dependent oscillatory patterns of the hippocampal neurons partially
depends on the combined effects of decreased calcium influx and reduced gap
junction coupling along with possible postsynaptic mechanisms like an imbalance of

depolarization and hyperpolarization, mainly caused by increased cholinergic input.



Chapter 4

Differential thalamocortical interactions in slow and fast

spindle generation

Parts of this chapter have been published in Mushtaq et. al, 2022 (184). Sleep plays
an important role in memory consolidation. Two thalamo-cortical oscillatory
rhythms, the sleep slow oscillations (SO) and sleep spindles of non-rapid eye
movement (NREM) sleep play a comprehensive role in declarative memory
consolidation (185), (113), (186). It is believed that cortical SOs provide a temporal
frame where recently-acquired memory can be replayed, and transferred to cortical
regions for long-term memory storage (5), (3), (187). During sleep spindles, which
occur endogenously in temporal association with both the SO and hippocampal sharp
wave ripples (188) processes of long-term potentiation and synaptic plasticity take
place (189), (103), (190). During the large amplitude SOs so-called Up states the
majority of cortical neurons fire or become depolarized and maintain this depolarized
state for several hundred milliseconds. Conversely, during the Down state, virtually
all cortical neurons remain silent or exhibit a hyperpolarized state for a few hundred

milliseconds (31), (36), (34), (35).

4.1 Fast and slow sleep spindles

In humans, sleep spindles are classified into two categories: fast spindles (12-16 Hz)
and slow spindles (8-12 Hz), with differential properties. Fast spindles are well
studied regarding their origin, generating mechanism, functional role, temporal, and
spatial appearance in different cortical regions (49), (50), (51), (18). Slow spindles —
mainly found in human deep sleep EEG — have been less extensively studied and
their source, generation, and functional roles remain unclear. Some pharmacological
and computational studies suggest that slow spindles may rely relatively more on
cortical and less on thalamic sources as compared to fast spindles (191), (192). On
the other hand, the level of thalamic hyperpolarization has been suggested to affect
differences in spindle frequency, and other spindle properties (193). Bastuji et al.

(194) using intrathalamic EEG recordings in humans, observed a significantly slower

35
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spindle frequency (11.89 Hz) in the ventral lateral posterior (VLp) thalamic nucleus
as compared to other local posterior thalmic nuclei. Most interestingly the VLp was
the most anterior of the recorded thalamic nuclei, and projects to the frontal cortical

region.

4.2 Study purpose

In this study, we present a thalamocortical computational model for NREM sleep
that exhibits both fast and slow spindles along with the SO rhythm. Fast and slow
spindles are simulated in two independent fast and slow thalamocortical sub-
networks, whereby each interacts with its own reticular sub-networks (195). In the
model both cell layers (TC and RE neurons) of the thalamic network for slow
spindles are set to a more hyperpolarized level than the fast thalamic network. Our
model provides a platform to investigate the interactive role of both fast and slow
spindles during NREM sleep. Model results suggest that the role of slow spindles

may be to facilitate ongoing cortical SO activity.

4.3 Thalamocortical model for our study

In this study, a conductance based thalamocortical model for NREM sleep was
extended from existing model (33). All network neurons were modeled by Hodgkin-
Huxley kinetics. Synaptic current calculations were based on first and higher-order
synaptic activation schemes. Standard intrinsic currents and their conductance are
described in Table A 4.1 and Table B 4.1. The synaptic currents developed and
balanced for SOs and both spindles are given in Table B 4.2. Our thalamocortical
network model incorporates three interactive sub-networks (Fig 4.1). The first is a
cortical network for SOs comprising pyramidal cells (PY) and interneuron (IN). The
second and third sub-thalamic networks are for fast and slow spindles, respectively.
Each sub-thalamic network is comprised of a thalamocortical/relay (TC) and

reticular (RE) cell layer.
4.3.1 Cortical intrinsic currents
The pyramidal and interneuron cells of the cortex are modeled as two separate

compartments (dendritic and axosomatic compartment) as initially proposed by

Mainen and Sejnowski (196) based on Hodgkin-Huxley kinetics (33).
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dVp, )
dat = —g.(Vp — E;) — gsp(Vp — Vs) — Ibnt —I5m,

0= —gps(Vs — Vp)
— [t (4.1)

Cn

In equation 1, C,, and g; are the membrane capacitance and leakage conductance of
the dendritic compartment. E; is the reversal potential, Vp the dendric and Vs is the
axosomatic compartment membrane potential. gsp and gps are the conductances
between the axosomatic and dendritic compartments, respectively and g SD =
1/(R*Sgoma *165) and g DS = 1/(R*S,ma) where R = 10 MQ and Ssoma = 1.0%10°¢
cm?. I3 is the sum of active dendritic, & the sum of active axosomatic currents
and IY" the sum of synaptic currents. [5** and I are the sum of the following
intrinsic currents:

I8 = Ing + Inagy + Ik + Inav + Ixca + Ixm.

I = Iyg + Iya) + Ik

Thereby, Iy, represents the fast sodium current, Inq() the persistent sodium current,
11k the potassium leak current, /x4y the high-threshold calcium current, k., the slow
calcium-dependent potassium current, Ixyv the slow voltage-dependent non-
inactivating potassium current and /x represents the delayed rectifier potassium
current. The IN cell compartments have the same intrinsic currents except for Iyap)
that is only included in PY cells, The ratio of dendritic area to somatic area was set
to p =165 in PY cells, and to p =50 in IN cells. All voltage-dependent currents /.
were simulated in the same fashion:

L. = gemMhN(V-Eo)

where g is the maximum conductance, m is an activation gating variable, M is the
number of activation gates, / is an inactivation gating variable, and N is the number
of inactivation gates. V' is the corresponding compartment voltage and E. is the

reversal potential. The dynamics of all gating variables were solved with the same

equations:
dy X — Xeo
at Ty

T = (1/(ax + Bx))/Qr
Xoo = A/ (Qx + By)
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where x is a gating variable, x = m or A, the temperature-related term, Qr= Q (T-32/10)
=2.9529 where Q=2.3, T=36°C. a, and (3, are voltage-dependent transition rates.
All individual intrinsic currents are described in Table A 4.1 and their units and

parametric values are described in Table B 4.1.

4.3.2 Thalamic intrinsic currents

Two separate sub-thalamic networks for fast and slow spindles, respectively, were
developed, each with a thalamocortical/relay (TC) and reticular (RE) cell layer. Cells
of each layer were modeled based on a single compartment (somatic compartment)
using the same voltage-dependent and calcium-dependent currents dynamics as

expressed by Hodgkin-Huxley kinetics schemes (33):
c av
™ dt

where C,, is the membrane capacitance, g; the leakage conductance, £; the reversal

—- _ L(V _ EL) _ Iint _Isyn' 4.2
9

potential, and ¥ the voltage of the compartment. /¥ denotes the sum of the synaptic
currents and similarly /" the sum of the active intrinsic currents. The sum of these
active currents for TC, I¥¥ and RE, I¥¥ are described as

ITE = Ing + I + Igy + 1y + I,

If = Ing + Ix + Igy, + I

here Iy, represents the fast sodium current, /x the fast potassium current (197), Ixz
the potassium leak current, 7, the hyperpolarization-activated cation current (198), I
the low-threshold calcium current in TC (124) and /r in RE neuron (123). The
potassium leak current is /xz = gkz(V-Exz) in both TC and RE cells where gxz is
potassium leak conductance and Ex; is the potassium reversal potential (Exz = -95
mV). Calcium dynamics for thalamic cells is described by;

d[Ca]i/dt = -Alt+ ([Ca] - [Ca]i)/t,

where [Ca]e=2.4 * 10*mM, 4 = 5.1819 * 10> mM cm?/(ms pA) and T = Sms.

All individual voltage-dependent currents were simulated in the same fashion as the

cortical intrinsic currents given in Table A 4.1. Table B 4.1 gives the parametric

values developed in our model.
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4.3.3 Synaptic currents

For synaptic signaling four types of synaptic currents, Iy, were used, three
(AMPARs, GABAaRs, and NMDARSs) were modeled by the first-ordered activation
scheme (199), (37). Accordingly, these synaptic currents are given by

Isyn = Ysyn [O]f(V)(V - Esyn) (43)

where gy, is the maximal synaptic conductance, [O] is the fraction of open channels
and Ey, is the synaptic reversal potential. For AMPARs and NMDARSs, Ej,» =0 mV,
whereas for GABAARS, Ej,, = -70 mV. For AMPARs and GABAARSs f{(V) =1, for
the NMDARs, the voltage-dependent sigmoidal function f(V)=1/(1+
exp (—(V — Vi) /o)) was used (197), (199), where 0 =12.5 mV, Vi =-25 mV. The
fraction of open channel [O] was computed by the following equation:

d[o]/dt = a(1—[ODI[T] - B[O],
[T] = AO(to + tax — DO — o)

where 79 is the time for receptor activation and 6 (x) is the Heaviside function (200).
The duration and amplitude parameters for the neurotransmitter pulse are #ua = 0.03
ms and A = 0.5. The synaptic current rate constants for AMPARs were o = 1.1 ms
and = 0.19 ms, for GABAARs a = 10.5 ms and f# = 0.166 ms, and for NMDARSs a
=1 ms and f = 0.0067 ms. Intracortical currents were modified by multiplying the
short-term depression term “D” (201), (127) with the maximal synaptic conductance

in equation 3 for AMPARs and GABA4Rs receptors:
Isyn = Dgsyn [O]f(V) (V - Esyn)J

where D is the amount of available synaptic resources, calculated by the following

scheme:
At
Dpsr = 1= (1= Dp(1 = 1)) exp(-—),

where the synaptic resources time recovery is 7 = 700 ms, the interval between nth
and (n+1) At, and the fraction of resources used for each action potential is U (for
AMPARs U = .07, for GABAARs U = .073).

The fourth synaptic current, GABAgBRSs is computed by a higher-ordered activation

scheme that involves potassium channel activation by a G-protein, (199), (202):
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Igapap = Geapap([G]*/([G]* + K))/(V — Eg)
d[R]/dt = K;(1— [RD[T] -
d[G]/dt = K3[R] — K,[G],

where [G] reflects the G-protein concentration, [R] the fraction of activated
receptors, and the potassium reversal potential Ex = -95 mV. K1 = 0.052 my'ms™,
K2 =0.0013 ms™!, K3 = 0.098 ms™!, and k4 = 100 pum* were the rate constants. The
maximal synaptic conductance used here for each synapse is described in Table B
4.2.

4.3.4 Network geometry

The network model is comprised of six one-dimensional layers of neurons (Fig 4.1).
Each layer of cells has N neurons, (N = 40) except the PY neurons layer, which has
5N neurons (200 neurons) (203). The first and second cortical layer of PY and IN
neurons initiate SOs. The third and fourth are thalamic layers for fast spindle
initiation, and similarly the fifth and sixth are also thalamic layers that initiate slow
spindles. The radii of synaptic connections between different layers are described in
Table B 4.2. For each SO cycle initiation, EPSPs and IPSPs miniature currents were
implemented to PY-PY, PY-IN and IN-PY cells via AMPARs and GABAAaRs
receptors (204). These mini currents emerge ~ 100 ms after the start of the SO
downstate. For Poisson input implementation, NetStim.noise was set to 1 in the

NEURON simulator.
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Figure 4. 1 The thalamocortical network geometry and connection scheme.

The network is comprised of six cell layers. The top two consist of cortical PY and IN neurons. The
middle two layers are thalamic TC and RE neurons for fast spindle generation, and the bottom two
thalamic TC and RE neuron layers generate slow spindles. The cortical PY cells layer contains 200
neurons, all other layers contain 40 neurons. Small green-filled circles symbolize GABAARSs or
GABAAaRs+ GABABRs, and corresponding connections. Red arrowheads represent correspondingly
AMPARs or AMPARs+ NMDARSs receptors.

4.4 Simulation results

Our model exhibits both fast and slow spindles along with SOs. Both fast and slow
spindles were initiated in two separate thalamic subnetworks. The main network
comprises six layers of cells (Fig 4.1), the top two of which are cortical layers of PY
and IN cells for SOs, while the middle two are thalamic layers of TC and RE cells
that initiate the fast spindles (‘fast thalamic network’) and the lower two layers are
for slow spindles (‘slow thalamic network’). The thalamic subnetwork for slow
spindles has the same type of intrinsic and synaptic current dynamics and network
architecture as the fast thalamic subnetwork, however, it has a larger
hyperpolarization than the fast thalamic subnetwork. Hyperpolarization of the slow
thalamic subnetwork was increased by setting the reversal potential of GABAARS to
EcaBaa = -88 mV in TC cells. The reversal potential of passive currents was set to

ErL=-77mV in TC cells and EL = -82 mV in RE cells.

4.4.1 Initiation of slow oscillations

The main thalamocortical network is initiated by mini synaptic current to both
cortical layers during the hyperpolarized Down state. Once the SO cycle is initiated,
the mini synaptic current is terminated. During the Down state, the mini synaptic
current activates the persistent sodium current of PY neurons and consequently these
PY neurons depolarize and reach firing threshold. Initially only one or few PY
neurons generate an action potential, yet they target their neighboring PY's by strong
PY-PY excitatory connections. Due to the strong PY-PY excitatory connections and
persistent sodium current they sustain this depolarized Up state for 500-1000 ms.
The calcium dependent potassium current and progressive synaptic depression
terminate the depolarized Up state and bring cortical network back to the Down state.

After ~100 ms of terminating the SO cycle, the mini synaptic current is again
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activated for the next SO cycle initiation and similarly this process is repeated for

each SO cycle.

4.4.2 Initiation of spindles generation

As the cortical network is activated, both layers of the fast thalamic subnetwork (TC
and RE cells layers) also receive cortical inputs and become active. In the fast
thalamic network, the interaction of TC and RE cells produces fast spindle
oscillations with a major contribution of the TC hyperpolarization current (I5) and
transient calcium current (I7) (45). The fast thalamic output is sent back to the cortical
network by TC cells. The cortical network receives this fast thalamic feedback ~200
ms after the initiation of the SO cycle (Fig. 4.2). The thalamic network for slow
spindles receives cortical inputs with a 600 ms time delay (600 ms after the initiation
of SO). Hyperpolarization of the slow thalamic network was increased by setting the
reversal potential of GABAARS to Ecasaa = -88 mV in TC cells. The reversal
potential of passive currents was set to Er. =-77 mV in TC cells and EL =-82 mV in
RE cells. This more hyperpolarized thalamic network produced slow spindle
oscillations that send excitation back to the cortical network via TC cells. The
cortical network receives this slow thalamic input ~800 ms after the initiation of the
SO cycle (Fig. 4.2 bottom two raster plots of entire slow thalamic network activity,
left, and unit activity, right). Cortical LFP was calculated as the sum of the
presynaptic currents (AMPARs, NMDARs, GABAARs) of PY cells. The resultant
cortical local field potential (LFP) is depicted in Figure 4.3.
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Figure 4. 2 Layer specific network activity



4.4  Simulation results 43

A, Space-time raster plots show the simultaneous activity of each neuron layer (200 PY, 40 IN, and
40 cells in each thalamic layer). The membrane potential of each cell is color coded. TC(f) and RE(f)
represent thalamocortical and reticular cells of the fast thalamic network and similarly TC(s) and
RE(s) represent thalamocortical and reticular cells of the slow thalamic network. B, Corresponding
single-cell activity of each neuron layer. Slow thalamic cells respond relatively seldom (bottom two)
compared to the cells of the fast thalamic network. C, Zoomed LFP and single cell activity of one SO
cycle.

The LFP was smoothed using the function; filter() (MATLAB) with a window size
of 200 for better visualization of spindles, nested with the cortical LFP (Fig. 4.3B).
The fast thalamic input (Fig. 4.3C and D, red) projected to the cortical network ~200
ms after the initiation of the SO cycle, whereas the slow thalamic input (Fig. 4.3C
and D, green) projected to the cortical network ~800 ms after the initiation of the SO
cycle, nearly a few hundred ms before the termination of the SO cycle. Similarly, the
fast thalamic inputs were found in every SO cycle but the weaker inputs did not have
an impact on the cortical LFP (Fig. 4.3D 2" to 4™ SO cycle).
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Figure 4. 3 Resultant cortical local field potential (LFP).

A, Cortical LFP calculated as the sum of presynaptic currents (AMPARs, NMDARs, GABAARs) of
PY cells. B, Smoothed LFP revealing up and down SO states more clearly. C, Spontaneously
occurring Cortical LFP indicating times of both thalamic synaptic inputs. The occurrence of slow and
fast spindles varies during long time simulations. The ‘fast thalamic’ input (red) responsible for fast
spindle generation occurs at the SO down-to-up state transition SO. The slow thalamic input (green)
is responsible for slow spindle generation and occurs at the SO up-to-down state transition. D, zoomed
figure of C indicating fast thalamic spindle (red) input nested within the first SO-half (pink filled box,
time period of ~500 ms). The green input and green filled box describe slow thalamic input and its
time period. E, time-frequency spectrogram (calculated by short-time moving window Fourier
transform) (range, 5-20 Hz) of LFP, for shaded area (panel E) indicates the bands of fast and slow
spindles. F, Log power spectrum of the LFP across the time period of 120 s, exhibiting power in the
SO (~1 Hz), slow spindle (8-12 Hz), and fast spindle (12-16 Hz) frequency bands. G, time-frequency
spectrogram (range 0-25 Hz) of the LFP of 120 seconds duration indicates SO, fast and slow spindle
activity.

Moreover, in the temporal window the thalamic inputs with a lifetime of less than
0.5 seconds were not considered proper spindles. In normal simulations, the number
of fast spindles was high compared to that of slow spindles (see Fig 4.3C above). In
our slow spindles results, generally the waning phase of the slow spindle was
completed before the completion of the SO cycle, although sometimes a few spikes
of the waning phase were also observed after the completion of the SO cycle, i.e. in
the down state of the SO. Sometimes slow spindles initiated the second SO cycle
before the completion of the preceding SO cycle (Fig 4.4B 6" and 8" SO cycle).
Slow spindles initiated approximately 10% of SO cycles during normal or control

simulation (See Fig 4.51 below).
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A Cortical LFP with Fast spindles
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Figure 4. 4 The influence of different thalamic inputs on the cortical LFP.

A, The cortical LFP coupled with fast thalamic spindles (slow spindles were blocked). Slow thalamic
network layers (layers 5 and 6) were blocked by setting synaptic conductance to zero between PY-
TC(S) and PY-RE(S) cells. A1, Power spectra of the cortical LFP with fast thalamic spindles 42, The
corresponding time-frequency spectrogram of cortical LFP. B, The cortical LFP with slow spindles
(fast spindles were blocked). BI, The corresponding power spectra of LFP. B2, The corresponding
time-frequency spectrogram of LFP. In the spectrum, the number of slow spindles was relatively low
compared to fast spindles (See 42). C, The cortical LFP without fast and slow thalamic inputs. Fast
and slow spindles disappeared in both the power (C1) and time-frequency (C2) spectrum.

For further investigation, mini synaptic currents that initiate SOs, were reduced to
observe the role of the slow spindle in SOs initiation. The time period of SO down
states was shorter in the presence of slow spindles (see Fig 4.5G-I). The finding that
slow spindles may contribute to maintenance of SO activity is the major finding of
our model.

Independence of fast and slow spindle networks was investigated in another set of
simulations in which network activity was produced after blocking the fast thalamic
network (blocking layer 3 and 4), slow thalamic network (blocking layer 5 and 6) or
by blocking both thalamic networks (blocking all four thalamic layers). Results
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indeed show the temporal properties of fast and slow spindles can be retained
independently of one another (Fig. 4.4). The thalamic layers were blocked by setting
the synaptic conductance to zero between the cortical PY cells and thalamic cells

(PY to TC and PY to RE cells).

4.4.3 Properties of SO — spindle interactions

In-vivo fast spindles occur normally during the SO down-to-up transition and SO up
state. We refer to this interval as the SO first-half in our model. Correspondingly, the
second SO-half (~ 800 ms after the initiation of the SO) characterizes the up-to-
down state transition during which slow spindles occur. The fast thalamic
subnetwork input projected to the cortical network increases the firing rate of cortical
cells (Fig. 4.5A, B). Their spiking occurred earlier as compared to spikes from non-
thalamically innervated cortical cells (Fig. 4.5D). Furthermore, the first SO-half
associated with fast spindles obtained a larger amplitude (Fig. 4.5E) than without
input from the fast spindle thalamic network. The average amplitude of SO cycles
coupled with fast spindles was ~8.1 mV, whereas the average amplitude without
spindles was ~7.6 mV. Thus, in our model, fast spindles increase both the firing rate
of cortical cells and SO amplitude. Slow spindles emerge later, during the second
SO-half around ~700 ms after the initiation of the SO cycle, when the SO has already
reached its peak amplitude and starts to decline. Omission of the slow spindle
thalamic subnetwork (Fig. 4.5C vs. 4.5D) had two effects: a slowing of up state
cortical firing rate, and a reduced SO duration. On the other hand, the duration of the
second SO-half was more frequently longer in the presence of slow spindles than
when only fast spindles were present-(Fig. 4.5C vs. 4.5A). Thus, in our model slow
spindles appear to essentially assist in initiating the SO. To underpin this finding, we
observed the model output across a time span of 120 second. The total time spent in
SO down states was only ~16 seconds when slow spindles coupled to the SO up-to-
down transition in the cortical LFP whereas without slow spindles a longer total time
was spent in the down state, i.e. ~ 32.6 seconds. In this control simulation
approximately 10% of SO cycles were initiated by slow spindles (e.g., Fig 4.51 red
circled SOs): In cases of SO initiation by slow spindles miniature synaptic currents

were not required for the initiation of SO.
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®Both spindles
@Fast spindles
@ Slow spindles
®No spindles

(G Cortical LFP with slow spindles
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Figure 4. 5 The influence of different thalamic inputs on the SO cycle dynamics.

A, PY spike raster plots for one SO cycle with both fast and slow spindles inputs; B, with only fast
spindles (slow spindles were blocked). PY firing rate is relatively increased by fast spindle input (red);
C, with only slow spindles (fast spindles were blocked). PY firing rate is relatively increase by slow
spindle input (green). D, without spindle input (both fast and slow spindles were blocked). E, Average
cortical LFP amplitude in the presence of both fast and slow spindles (blue), fast spindles only (red),
slow spindles only (green), and without spindles (gray). Average SO amplitude is lowest when
spindles are absent. Asterisks show significant difference between the amplitudes (two sample t-test
with *P <.01). F, Average SO cycle duration dependent upon presence of spindles. Duration was
longest for the presence of slow spindles. Error bars describe standard deviation between SO cycles.
Asterisks show significant difference between the SO cycle duration (*P <.01). G, Resultant cortical
LFP when the input of miniature synaptic current was reduced, but slow spindles were still generated
by the model. The horizontal red bars indicate periods of increased down state duration due to weak
mini synaptic current. H, Same as for G, however slow spindles are blocked. The down state durations
are on average longer than when slow spindles are present (G). I, The cortical LFP with the input of
miniature synaptic current (red) and slow spindles (green). The red circles indicate SO initiated by
slow spindles without mini current.

In the second-SO-half, the cortical network unit frequency is comprehensively

reduced and cortical cells cease firing. To better distinguish between the interaction
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of slow and fast spindle subnetworks with SO properties in this critical second SO-
half, we replaced slow spindles with the fast spindles (see Fig 4.6), i.e., fast spindles
were generated both during the first and second SO-halves (Fig. 4.6B). Fast spindles
in the second SO-half eliminated the down/hyperpolarized state of SO, the cortical
network remained in its state of increased firing (similar to the first SO-half), albeit
exhibited activity was irregular compared to controlled simulation results (Fig.
4.6A). In another control simulation, the model only allowed for generation of fast
spindles during the second SO-half. The down states of SOs again disappeared and
inconsistent cortical LFPs were observed (not shown in figure). From these results,
we conclude that slow spindles maintain a slow oscillation rhythm by preserving the

SO down state.

PY index

Figure 4. 6 The influence of fast spindles in the SO cycle.

A, The control simulation in which the fast spindles are coupled with SO-first-half and slow spindles
with the SO-second-half. Cortical and network exhibit regular LFP and both the up and down states
of Sos are quite clear. B, The simulation in which fast spindles were coupled with both phases of the
SO cycle, the first half and the second half. Top panel: PY raster plot revealing that fast spindle
coupling in the second phase almost diminished the down/hyperpolarized state of SO. Middle and
bottom panels: Fast thalamic activity in both SO halves produced irregular (middle) and more
depolarized (bottom) responses.

4.4.4 Hyperpolarized fast thalamic subnetwork

The thalamic membrane potential level (in both TC and RE cell layers) differs,
physiologically, between depths of NREM sleep and thus plays a role in the
likelihood of spindle generation (205), (206). To investigate the response of the
model, we increased the hyperpolarization level of fast thalamic subnetwork.

Hyperpolarization was increased by altering the conductance of potassium leaked

current (gx): gkr = .033 mS/cm? (from gkr = .03 mS/cm?). The hyperpolarization
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response is depicted by raster plots of the all TC cells in the fast (40 TC(f) cells) and
slow (40 TC(s) cells) thalamic subnetworks and by the power spectra of the
corresponding cortical LFPs (Fig. 4.7): The membrane potential of TC cells of the
fast thalamic subnetwork decreased with increased thalamic hyperpolarization
compared to control fast thalamic subnetwork activity (Fig. 4.7A-B). In each fast
thalamic subnetwork with hyperpolarization a decreased number of spikes per event
(~ 6 spikes) were observed relative to control simulations (~ 9 spikes/event; Fig.
4.7D). Fast spindle LFP power also decreased with hyperpolarization (Fig. 4.7 B,
left). Interestingly, this increase in hyperpolarization of the fast thalamic subnetwork
resulted in a stronger slow thalamic subnetwork input to the cortical network and
subsequently, the number of slow thalamic subnetwork events was increased (~25
events per minutes) as compared to the control simulations (~ 19 events per minute:
Fig. 4.7 C). The resultant cortical LFP power in the slow frequency range remained
the same after hyperpolarization (Fig. 4.7ab right). In summary, the
hyperpolarization of the fast thalamic subnetwork reduces fast spindle activity and

increases activity within the slow thalamic subnetwork.
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Figure 4. 7 Influence of increased hyperpolarization.

Influence of increased hyperpolarization of fast TC and increased potassium leak current in the fast
thalamic subnetwork on spindle activity. 4, Plots of fast TC and slow TC cell membrane potential
(color coded, right axis) overlayed by the firing rate (left axis) during control simulation (left) and the
corresponding power spectrum of cortical LFP (right; a). B, Plots of fast TC and slow TC cell
membrane potential (color coded, right axis) overlayed by the firing rate (left axis) during
hyperpolarization simulation (left) and the corresponding power spectrum of cortical LFP (right; b).
C, In control simulations, the input from the slow thalamic subnetwork projecting to the cortical
network generated only a few events (~19 events per minute; above panel, left), whereas in
simulations with increased K leak current, the number of events was higher (~25 events per minute;
bottom panel, left). D, In control results, The fast thalamic subnetwork exhibited stronger response in
each event (~ 9 spikes in event; above panel) in control results, whereas in increased K leak these
results, the event response was weaker (~ 6 spikes in event; bottom panel). ab, The resultant cortical
LFP power in the slow frequency range remained the same after hyperpolarization.
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4.5 Model validation

Finally, we disintegrated all three subnetworks; cortical, fast thalamic, and slow
thalamic subnetworks to validate the main rhythms; SO, fast spindles and slow
spindles in each individual network. The cortical network initiation procedure was
just like in the integrated model. Both fast and slow thalamic subnetworks were
initiated by injecting step current to TC and RE cells. In both thalamic subnetworks,
RE cells got .09 nA current whereas TC cells got .065 nA current for 600 ms after
every 3 seconds (see Fig. 4.8). All three networks successfully generated expected
frequency range. Cortical network generated LFP with little high frequency ~ 1.3 Hz
(Fig. 4.8A). Thalamic results were observed in single cell activity. TC cells of the
fast thalamic subnetwork fires with frequency of ~ 16 Hz. Moreover, the fast
thalamic subnetwork shows weaker response with high potassium leak current (~ 14
Hz) (Fig. 4.8B-C). Similarly, the slow thalamic subnetwork cells fire with frequency
~ 10 Hz (Fig. 4.8D).

A Independent cortical network LFP

B Single cell from independent fast thalamic network

B |
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C Fast thalamic network with high K leak current

A

i
D Independent slow thalamic network
} H‘ &k
< 7‘1‘ —————— Wl———— W/ LIL'\’*
re) 2s
81 1 i 1

Figure 4. 8 Each individual network response.

A, The resultant local field potential of the individual (two layered) cortical network. B, Single TC
cell exhibits frequency ~16 Hz in individual fast thalamic subnetwork when step current was applied.
C, The TC cell of fast thalamic subnetwork with high potassium leak current shows relatively weaker
response (~14 Hz). D, The TC cell of slow thalamic subnetwork shows slow frequency ~10Hz.
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4.6 Results summary

In summary, in our model slow spindle properties can be modeled by a thalamic
subnetwork that differs from the fast spindle thalamic subnetwork; Our model
revealed the following properties of SO and spindle interactions:

(a) fast spindles increased the SO amplitude;

(b) slow spindles assisted in initiating the SO;

(c) slow spindles regularized and stabilized the SO rhythm by preserving the

SO down state; and

(d) hyperpolarization of the fast thalamic subnetwork reduced fast spindle

density and increased the number of slow thalamic network events (slow

spindles).



Chapter 5

Closed loop stimulations and sleep spindles

This chapter deals with sleep spindles and closed loop stimulation protocols. Sleep
spindles are already introduced and discussed in previous chapter. As discussed
earlier, Slow oscillations (SOs) and sleep spindles are two characteristic EEG
rhythms of non-rapid eye movement (NREM) sleep. Both rhythms are attributed
roles in memory consolidation (113), (185), (207), (208). According to the concept
of active system consolidation, cortical SOs provide a temporal window for neuronal
reactivation processes during which the transfer of recently acquired memory traces
to the cortex for long-term storage is presumed to occur (5), (3), (187). Burst-like
waxing and waning EEG sleep spindles are the hallmark of NREM sleep stage N2,
but are also found in N3 (209), (18), (48), and are often concurrent with SOs. Like
sleep spindles hippocampal sharp wave ripples (SWRs) occur in a phase-dependent
manner relative to SOs, and also spindles, (188), (210). The simultaneous occurrence
of these and other electrophysiological events reflecting parallel neuronal network
activity is indicative of inter-regional communication and cellular plasticity such as
long-term potentiation (211), (189), (103), (102), (212). Long-term potentiation like
processes were found to specifically occur during sleep spindle-like activity (75).
Combined behavioral and EEG studies on human and experimental animals show an
association between memory consolidation and spindles activity (spindle density
and/or sigma power) in different experimental observations (68), (213), (214), (215).
Several experimental studies show that spindle activity can be enhanced through
sensory or electrical stimulation during sleep (113), (216), (110), (111). Closed loop
acoustic stimulation (CLAS), i.e., acoustic stimulation applied during a specific
phase of the SO, presents an intriguing method to study network and behavioral
responsiveness in a phase-dependent manner, even across species. CLAS modifies
endogenous slow oscillations, sleep spindles, and hippocampal sharp-wave ripples
and has been shown to enhance sleep-associated memory consolidation (217). CLAS
relies on a specific brain state for stimulation, and timing (i.e., stimulation phase of

the oscillatory rhythm) is decisive (112), (218), (219), (220). CLAS is most widely
53
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used as a double stimulation with two stimuli given at the same phase of two
successive SOs, the initial study in humans applied closed loop stimulation as a
single stimulus. A closed loop driving stimulation (DSt), in which was previously
used to optimize the closed loop procedure (110), (111). In humans, CLAS presents
a noninvasive tool to potentially improve sleep functions and is more versatile than

targeted memory reactivation (TMR) (106).

5.1 Study purpose

In this study, we present a thalamocortical computational model for NREM sleep
that produces fast spindles along with the SO rhythm (184), (33) and the response of
fast sleep spindles to stimulation cues. Several closed loop stimulation protocols are
implemented. Stimulation cues are given to the TC layer of the thalamic network as
an increase in AMPA currents. The purpose of this study is to develop a
computational model which provides a theoretical setup for closed loop acoustic
stimulation through which we can improve the activity of sleep spindles by closed
loop stimulation protocols during NREM sleep. Our model provides a platform to
detect more precise SO states for stimulation cues for both double-click closed loop
stimulations (CLS) and driving stimulations (DSt). To better simulate acoustic
stimuli, computational current injection targets the thalamic network. Furthermore,

this set up provides discrete traces of spindles along with their power.

5.2 Thalamocortical model for this study

In this conductance-based thalamocortical model for NREM sleep intrinsic and
synaptic currents were computed for all network neurons. The intrinsic currents and
their conductances are described in Table A 4.1 and Table B 5.1, and the synaptic
currents in Table B 5.2. Our thalamocortical network model consists of two
interacting sub-networks (Fig 5.1). The first one is a cortical network for SOs
comprised of pyramidal (PY) and interneuron (IN) cells. The second thalamic
network generates sleep spindles. The sleep spindles are primarily initiated by the
interaction of hyperpolarization current (I5) and the transient calcium current (I7) of
thalamocortical/relay (TC) and reticular (RE) cells (45), (43). The thalamic network

is also comprised of two cell layers: TC and RE cells. All network neurons are
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modeled by Hodgkin-Huxley kinetics. In this model, same intrinsic and synaptic

currents are used which are used in previous model (Discussed in chapter 4).

5.2.1 Network geometry

The network model is comprised of four one-dimensional layers of neurons (Fig 5.1).
Each layer of cells had N neurons, (N = 40) except the PY neurons layer, which had
5N neurons (200 neurons) (203). The first and second cortical layer of PY and IN
neurons initiate SOs. The third and fourth are thalamic layers for sleep spindle
initiation. The radii of synaptic connections between different layers are described
in Table B 5.2 For each SO cycle initiation, EPSPs and IPSPs miniature currents
were given to PY-PY, PY-IN and IN-PY cells via AMPA and GABA receptors. For
Poisson input implementation, NetStim.noise was set to 1 in the NEURON

simulator.

Cortical layers (for slow oscillations)

v Q000000000 OO\?VO

IN
Thamalic Iayers (for sleep spmdles

- I
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—» AMPA/AMPA+NMDA —e GABAA/GABAA+GABAB

Figure 5. 1 The thalamocortical network geometry.

The network is comprised of four cell layers. The top two consist of cortical PY and IN cells. The
bottom two, thalamic TC and RE neuron layers, generate sleep spindles. The cortical PY cells layer
contains 200 neurons, all other layers contain 40 neurons. Small, green-filled circles symbolize
GABAARs or GABAARs+ GABABRSs, and corresponding connections. Red arrowheads represent,
correspondingly, AMPARs or AMPARs+ NMDARs receptors.

5.2.2 Stimulation protocols

Since the intent of this model is to mimic auditory closed loop stimulation, we
introduced a sensory neuron (SN), which sends a sensory cue to the thalamocortical
(TC) layer of the thalamic network via AMPA receptors. The model also implements
a slow oscillation detection algorithm to precisely monitor and detect the different
SO states. This algorithm monitors the activity of individual PY cells to help
determine SO Down-states. If PY cells are silent for > 100 ms the algorithm starts

counting the number of spontaneously occurring PY spikes (action potentials). When
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the number of these spikes reaches 75, the algorithm declares this time point as the
commencing of the Up-state, i.e., The Down-to-Up- state transition (Fig 5.3C, dark
green circle). The stimulation cue is delivered to the TC layer relative to this
transitory time period (Fig 5.3). The sensory cue has a duration of 20 ms.

In this study, CLS, sCLS, and DSt protocols were implemented and their effects on
sleep spindle activity investigated. In CLS, the stimulation cue was applied at the
same phase of two successive SOs (Fig 5.3A, red vertical arrows). After the second
of these two cues, the SO detection was paused for 2.5 seconds (Fig 5.3A, grey
shaded area) and subsequently resumed, detecting SOs for the next two clicks and so
on. The sCLS protocol has the same procedure as CLS, except here, SO detection
was paused for 2.5 seconds after applying a single SO stimulation cue.

In the driving stimulation (DSt) protocol, the stimulation cue was applied at every
proceeding SO (Fig 5.3B) as long as the silent (Down-state like) period was shorter
than 0.5 second (Fig 5.3B time mentioned before the first grey shaded area). If the
Down-state like period was longer than 0.5 s SO detection paused for 2.5 seconds

(grey shaded area).

5.3 Simulation results

In this study, we presented a conductance-based thalamocortical model for NREM
sleep and its application to simulate closed loop stimulation protocols. Our NREM
sleep model exhibits sleep spindles along with SOs: The main network comprises
four layers of cells (Fig 5.1), the top two of which are cortical layers of PY and IN
cells for SOs, and the bottom two are thalamic layers of TC and RE cells that initiate
the sleep spindles. The TC layer receives information from a SN.

The main thalamocortical network is initiated by applying a mini synaptic current to
the cortical layers during the Down state. Once the SO cycle is initiated, the mini
synaptic current is removed from the cortical layers. During the SO Down state, the
mini synaptic current activates the persistent sodium current of PY neurons and,
consequently, these PY neurons depolarize and reach the firing threshold. As one or
more PY neurons produces an action potential, they target their neighboring PYs by
strong PY-PY excitatory connections and sustain this active/depolarized state for
500-1000 ms because of a strong PY-PY excitation and persistent sodium current.

The calcium-dependent potassium current and progressive synaptic depression
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terminate this active/depolarized state and bring the cortical network back to the
down/silent state (See Fig 5.2A for entire network activity and Fig 5.2B and 2C for
single cell activity). One hundred milliseconds after the SO cycle terminates, the
mini synaptic current is applied again to initiate the next SO cycle and, similarly, this
process is repeated for each SO cycle.

Activation of the cortical network activates, both layers of the thalamic network (TC
and RE cells layers). In the thalamic network, the interaction of TC and RE cells
produces spindle oscillations with a major contribution of the TC hyperpolarization
current (I) and transient calcium current (I7) (45). The thalamic output is sent back
to the cortical network by TC cells. The cortical network receives this thalamic
feedback 50-100 ms after the initiation of the SO cycle (Fig. 5.2D blue traces). The
cortical local field potential (LFP) was calculated as the sum of the presynaptic
currents of PY cells (Fig. 5.2D red traces). In the frequency domain, the thalamic
network produced the spindle activity within the frequency range ~10-16 Hz, shown
in Fig 5.2E (Time-frequency histogram of Fig 5.2D) and Fig 5.2F (power spectrum
density (PSD) of cortical LFP across the 5 minutes time period). In simulation time
period of 60 s, an average of 32.6 SOs and 4.6 spindles were observed in the control
simulation (Fig 5.2G).
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Figure 5. 2 Layer specific network activity.

A, Time-space raster plots exhibit the simultaneous activity of pyramidal (PY) and thalamic layers
(200 PY, 40 cells in each thalamic layer). The membrane potential of each cell is color coded. TC and
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RE represent thalamocortical and reticular cells of the thalamic network. B, Corresponding single-
cell activity within each neuron layer. C, Zoomed single-cell activity of (blue shaded) one slow
oscillation (SO) cycle. D, The cortical LFP (red), calculated as the sum of presynaptic currents
(AMPA, GABAA NMDA) of pyramidal (PY) cells. The thalamic activity (blue) appears at the SO
Down to Up-state transition of. E, Time-frequency spectrogram (calculated by short-time moving
window Fourier transform) (range, .1-18 Hz) of corresponding cortical LFP of SO and sleep spindle
activity. F, Power spectrum density (PSD) of the corresponding cortical LFP, exhibiting a peak in the
sleep spindle (10—16 Hz) frequency band. G, The average number of SOs and spindles per minute.

5.3.1 Results with Stimulation protocols

We implemented two stimulation protocols; “double” click closed loop stimulation
(CLS) and driving stimulation (DSt) protocols (Fig 5. 3) which targeted the TC layer
of the thalamic network (for details, see stimulation protocols section in methods).
To define different states of SOs, the SO is topographically divided into four states
(Fig 5.3C), and its corresponding phase angles are also derived from the Hilbert
transformation of filtered LFP (Fig 5.3D). The first phase is the Down state (its
corresponding phase angle is 180°) when the entire cortical network goes into a silent
state. The second state is the Down to Up-state transition (D2U state transition, phase
angle between 180°-360°) commencing when the cortical network starts
depolarizing (Fig 5.3C, green bar). The third is the Up state (360°) when the
amplitude of cortical LFP reaches its peak, and the last state is the SO Up to Down-
state transition (U2D state transition, phase angle between 0°-180°) when the
amplitude of cortical LFP starts dropping (Fig 5.3C, red bar) back to a Down state.
In the present study, stimulation cues were topographically applied on different states
of SOs, but here in the results, four of them were discussed in detail and shown in
Fig 5.3C (small colored circles). The first stimulation point was at the commencing
of the D2U state, Fig 5.3C, dark green circle) the term “Point 1” was used for this
stimulation point. Similarly, for the next two points, when stimulation cues were
applied with a time delay of 120 ms and 180 ms (Fig 5.3C, light green circles) after
the commencing of the D2U state, the terms “Point 2” and “Point 3” were used
respectively. For the last stimulation point when stimulation cues were applied
during the transition from the Up to Down-state (Fig 5.3C, red circle), the term “Point

4” was used.
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Figure 5. 3 CLS and DSt protocols.

A, In this CLS protocol, the stimulation cues (red arrows) were applied at the commencing of the SO
Down to Up-state transition of two successive SOs. After these two cues, SO detection was paused
for 2.5 seconds (grey-shaded). B, In the driving stimulation (DSt) protocol, the stimulation cues were
delivered to the transition of the SO Down to Up-state for as long as the duration of Down state was
below 0.5 seconds. C, Different states of SO and stimulation points. The dark green circle is the
stimulation point at the commencing of the D2U state transition called “Point 17, the light green
circles present the stimulation points with 120 ms and 180 ms time delay from the SO detection point
(dark green), called “Point 2” and “Point 3” respectively. The red bar presents the SO Up to Down-
state transition and the red circle is the stimulation point during the U2D state transition called “Point
4”. The black arrows point to different states of SO and stimulation points. D, Filtered SOs and their
corresponding calculated phases.

5.3.2 Results of CLS simulations

In CLS simulation (Fig 5.3A) spindle power was adequately increased when
stimulation cues were applied at the “Point 1”. Conversely, CLS was not effective
when cues were applied at the “Point 4”. The power spectral density (PSD) of the
cortical LFP revealed a strong increase in the sigma band (10-16 Hz) when
stimulation cues were applied at “Point 1” compared to “Point 4” stimulation and
control simulations (Fig 5.4A). In addition, the sigma band at “Point 4 stimulations
was even slightly reduced compared to the control PSD. Similarly, at “Point 17
stimulations, the density of spindles was higher (average of 8 spindles per minute)
than in the control and “Point 4” stimulation (4.6 and 4 spindles per minute

respectively) (Fig 5.4B). In addition, the spindle density was also high when the cue



60 Chapter 5. CLS and Sleep Spindles

was applied at “Point 2” and “Point 3” (Fig 5.3 C). However, spindle activity
decreased at longer delays (Fig 5.4C). Moreover, the corresponding PSDs of the
“Point 2” and “Point 3” were also higher than the control PSD (not shown in the
figure). At “Point 1” stimulation, the inter-spindle time period was significantly
decreased because of more spindle events, and the spindle events occurred in around
regular time intervals (7.3 s, standard deviation; 2.7 s). Conversely, in “Point 47,
spindle events occurred in irregular, large time intervals (14 s, standard deviation;
9.4 s). In another set of simulations, CLS was applied at “Point 1” with different
pause times (2 s, 3 s, and 4 s) between pairs of clicks (see pause time in Fig 5.3A).
In the resultant PSDs of cortical LFP, the sigma band was adequately weaker when
the pause time was set to 3 s and 4 s, but the results with 2 s and 2.5 s pauses were
approximately the same. In summary, the CLS was more effective for spindle power
and density when the cue was applied at the commencing of D2U state transition
(Point 1), but increased stimulation delay (from “Point 1) decreased the effect of
stimulation cues. Conversely, the CLS wasn’t effective when the stimulation cue was

applied during U2D state transition (Point 4).
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Figure 5. 4 Closed loop stimulation (CLS) simulation results.

A, Power spectral density (PSD) of the cortical LFP across a 300 s time period with “Point 1”” (green),
“Point 4” stimulation (red), and control (grey) simulation. Spindle power was increased compared to
Control when the stimulation cue was applied at “Point 1”. Conversely, spindle power was not
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increased when the cue was applied at “Point 4”. B, Number of spindles in resultant simulations.
Mean value of spindle density was increased during “Point 1” (green) compared to “Point 4”
stimulation (red) and control simulation (grey). C, Mean value of spindle density was decreased when
the stimulation cue was applied at both delays after the “Point 1” point. The stimulation cue was less
effective with a larger time delay (180 ms) compared to a smaller time delay (120 ms). D, Average
inter-spindle time. The average inter-spindle time period was also significantly reduced when
stimulation cues were applied at “Point 1”” compared to “Point 4” (red) and control simulation (grey).

*P< .005, two sample t-test.

5.3.3 Results of DSt simulations

In the driving stimulation (DSt) protocol (Fig 5.3B), the stimulation cue was applied
on every successive SO until its post Down state time period was less than 0.5 s. As
the time period of the Down state exceeded 0.5 s, stimulation was paused for 2.5 s
(see Fig 5.3B). In the DSt simulation results, the spindle power was also adequately
higher in “Point 1” stimulation. In the resultant PSD of cortical LFP, the sigma band
activity was higher than the “Point 4” and control simulations (Fig 5.5A). Similarly,
in “Point 17, the spindle density was also higher (Average 8.2 spindles per minute)
than in “Point 4” control simulation (4.6 and 3.4 spindles per minute respectively)
(Fig 5.5B). Even in “Point 4”, the average number of spindles was less than the
average number of spindles in control simulations. In addition, the spindle density
was also high when the cue was applied on “Point 2” and “Point 3” but the spindle
density was decreased with an increased delay (not shown in figure) like CLS
simulation results. At “Point 17, the inter-spindle time period was sufficiently
decreased, and the spindle events occurred in regular time intervals (7 s, standard
deviation; 2.9 s). Conversely, at “Point 4”, spindle events occurred at irregular and
large time intervals (17 s, standard deviation; 9.5 s). Moreover, in DSt (during “Point
1) the number of clicks (Fig 5.4D) was less than CLS in 5 minutes of simulation
time (73 clicks and 115 clicks respectively). Compared to CLS and DSt results, the
spindle densities were approximately the same in both protocols during “Point 1,
“Point 27, and “Point 3” stimulations. On the other hand, the in PSD of CLS during

“Point 17, the sigma band was slightly higher than the corresponding PSD of DSt.
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Figure 5. 5 Driving stimulation (DSt) simulation results.

A, PSD of the cortical LFP across a 300 s time period with “Point 17 (green), “Point 4 stimulation
(red), and control simulation (grey). Spindle power was increased compared to Control when the
stimulation cue was applied at “Point 1. Conversely, this power was not increased when the cue was
applied at “Point 4”. B, Number of spindles in resultant simulations. Mean value of spindle density
was increased when the stimulation cue was applied at “Point 1” (green) compared to “Point 4”
stimulation (red) and control simulation (grey). C, The average inter-spindle time period was also
significantly reduced when stimulation cue was applied at “Point 1” compared to “Point 4”

stimulation (red) and control simulation (grey). *p< .005, two sample t-test with. D, Number of
clicks (cues) in CLS and DSt simulations across the time period of 300 s. The number of clicks was
significantly higher in CLS compared to the DSt simulation.

5.3.4 Results of sCLS simulations

In another set of simulations, one click closed loop stimulation (sCLS) was applied
to the TC model. In this stimulation protocol, the stimulation was paused for 2.5 s
after each click. In sCLS at “Point 17, the spindle power was also higher than control
simulations (Fig 5.6A); particularly, the spindle density was significantly higher (Fig
5.6B) than the sigma band of corresponding PSD. The sCLS wasn’t very effective
with a delayed cue; particularly on “Point 3”, the results couldn’t show a notable
change in the sigma band of the corresponding PSD and control PSD. Moreover, on
the optimal simulation point (“Point 1”°) the sigma band of sCLS LFP was weaker

than the corresponding CLS sigma band (Fig 5.6C). In conclusion, sCLS was
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effective when the cue was applied at “Point 1”. The delayed cue (particularly on

“Point 3”’) wasn’t as effective as in CLS and DSt.
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Figure 5. 6 One click Closed loop stimulation (sCLS) simulation results.

A, PSD of the cortical LFP across a 300 s time period with “Point 17 (green), “Point 4” stimulation
(red), and control simulation (grey). Spindle power was increased compared to Control when
stimulation cues were applied at “Point 1” like CLS and DSt. B, Mean value of spindle density in
Control, “Point 17, and “Point 4 stimulation. C, PSDs of cortical LFP with control simulation, sCLS,
and CLS stimulation at “Point 1” stimulation. The sigma power was higher in CLS than in sCLS.

5.4 Initiation of slow spindles: Possible mechanism

In our model, we observed that the shift of cortico-thalamic potential from the TC
layer to the RE layer exhibited an important role in the frequency of spindles and
their topographical occurrence on SOs. In normal simulation results, the TC layer
received a stronger input (by increased synaptic conductance, PY-TC; .003 pS) than
the RE layer (PY-RE; .0015 uS) from the cortical network (Fig 5.7A). As a result of
this higher cortical input, the TC layer interacted with the RE layer instantly and
initiated spindles rhythms which nested to cortical LFP during the transition from an
SO Down to Up-state (Fig 5.7A, 5.7A1). The corresponding single-cell activities of
both thalamic layers also simultaneously emerged during the time period of the SO
Down to Up-state (Fig 5.7A2).

In another set of simulations, the cortico-thalamic potential was altered in both
thalamic layers and conversely, the RE layer received a stronger cortical input (PY-
RE; .0021 uS) than the TC layer (PY-TC; .001 uS). In response to the stronger
cortical input, the RE layer produced stronger activity and sent strong inhibitory
feedback to the TC layer (Fig 5.7B). This inhibitory feedback actually
hyperpolarized and suppressed the activity of the TC layer during the SO Down to
Up-state transition. Moreover, this inhibitory feedback was gradually decreased and
after approximately ~400 ms (Fig 5.7B1), the TC layer (received reduced RE
feedback became depolarized) interacted with the RE layer and produced slow
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spindle activity (Fig 5.7B3) which was nested with SO during the SO Up to Down-
state transition. In the corresponding single-cell activity of both thalamic layers, the
RE cell presented very strong activity during an D2U state time and, meanwhile, the
activity of the TC cell was completely or partially suppressed. In a later part (U2D
state) when RE activity became a bit weaker, the TC cells became depolarized and
interacted with RE cells (Fig 5.7B2) and produced slow spindles. In conclusion,
strong inhibitory feedback of the RE layer to the TC layer shifted the spindle activity
in the U2D state and the frequency of spindles was also decreased (8-11 Hz) by this
inhibition.
A Mechanism for fast spindles B Mechanism for slow spindles
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Figure 5. 7 Possible mechanism of the initiation of fast and slow spindles.
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A, A cartoon diagram of fast spindles’ mechanism. The thalamocortical (TC) layer receives a stronger
cortical excitatory input (large red plus sign) from the pyramidal layer, whereas the reticular (RE)
layer receives a weaker cortical input. Having a relatively strong excitatory input, the TC layer
produces fast thalamic activity which is nested with SOs during the D2U state transition (left bottom).
A1, The cortical LFP (red) with fast thalamic input (blue) which is nested with cortical LFP during
the D2U state transition. A2, The corresponding activity of single TC (red) and RE (green) cells. 43,
PSD of cortical LFP with fast spindles. B, A cartoon diagram of slow spindles’ mechanism. The RE
layer receives a stronger cortical excitatory input (large red plus sign) from the pyramidal layer
whereas the TC layer receives a weaker cortical input. Having an excitatory input, the RE layer sends
a strong inhibitory input to the TC layer and resultantly, the TC layer produces slow thalamic activity
during the U2D state transition (left bottom). B1, The cortical LFP (red) with a slow thalamic input
(blue) which is nested with cortical LFP during the U2D state transition. B2, The corresponding
activity of single TC (red) and RE (green) cells. The TC cell activity is observed later (~400 ms)
during the SO Up to Down-state B3, PSD of cortical LFP with slow spindles.

5.5 Results summary

In summary, our model showed the possible ways to improve the activity of sleep
spindles via CLS and DSt protocols and also the role of strong RE activity in SO
phase shifting of slow spindles. Our model revealed the following effects of
stimulation protocols on sleep spindles and the role of strong RE-TC activity:
1. Spindle power and density were increased when stimulation cues were
applied at the commencement of the SO D2U state transition (“Point 17).
2. The effect of stimulation was decreased when cues were applied with
increased delay from the “Point 1.
3. Spindle power and density were not improved when cues were applied
during the U2D state transition.
4. The sigma power of CLS was significantly stronger than DSt and sCLS
during “Point 1” stimulation.
5. A strong inhibitory input of the RE layer to the TC layer shifts the spindle

activity to U2D state transition (from D2U state).
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Chapter 6

Discussion and summary

First study

In our first study, we demonstrated the modulatory effects of calcium influx and gap
junction activation during the expression of sharp-wave ripples in CAl. In our
computational model we showed that the expression of SPW-Rs was a calcium
dependent process. The number of SPW-Rs decreases with a reduction of calcium
influx through pyramidal cells. Interestingly, similar results are obtained when the
current is reduced through gap junctions. In another set of simulations, we
demonstrated that a reduction in calcium influx and a decreased conductance through
gap junctions had synergistic effects on the generation of SPW-Rs in our
computational model of CA1.

Neurotransmitters like acetylcholine, norepinephrine, serotonin etc. suppress SPW-
Rs in experimental animals (93), (95), (97). These neuromodulators are thought to
reduce the calcium influx through presynaptic terminals in Schaffer collaterals (95),
(61). This reduction in calcium influx in turn decreases the glutamate release in the
synaptic cleft resulting in a decreased firing rate of neurons and eventually affects
the network’s fast oscillations. Reduction in calcium influx into the PCs of CA3 and
CAL1 weakens the contact among neighboring cells by recurrent axonal collaterals
(60). This leads to less synchrony of postsynaptic cells and a suppression of SPW-
Rs in CA3 and CAl.

In our model, we gradually reduced the calcium influx through axonal collaterals and
dendrites assuming that this decline in calcium influx partially mimics the decrease
in presynaptic calcium mediated by various neuromodulators in experimental
settings. The decrease in calcium conductance weakens the strength of the synapses
of the pyramidal cells. These weak synapses don’t provide enough strength to
targeted cells to fire in the network. Similarly, with low calcium conductance
targeted cells depolarize slowly, which causes a delay in SPW-Rs generation.

Furthermore, SPW-Rs disappeared when calcium influx was completely blocked in

67
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pyramidal cells in both models of ten cells (data not shown) and 26 cells except for
the first sharp wave, which occurs during network stimulation time.

In our computational model we observed that SPW-Rs were also suppressed by
reducing the conductance through gap junctions. Moreover, reducing both calcium
influx and gap junction coupling had a synergistic effect on the suppression of SPW-
Rs. As previously described, excitatory synaptic interaction and electrical signaling
through gap junctions coordinate ripple activities (175), (89). Thus, these ripples are
inhibited by blocking gap junctions (60), (61). Interestingly, monoamines like
norepinephrine, serotonin and dopamine reduce the gap junction coupling mainly by
two different signaling mechanisms, i.e. through the IP3/Ca?'/ protein kinase C
pathway and the adenylyl cyclase/cAMP/protein kinase A pathway (221), (222),
(223). In addition, cholinergic input also reduces gap junction coupling (224). In a
recent publication from Buzsaki’s lab, Fernandez-Ruiz and colleagues showed that
SPW-Rs were prolonged during learning processes, and these prolonged ripples
recruit new neurons (225). This finding opens a new window for a modulation of the
temporal structure of SPW-Rs and its implication for learning, both experimentally

and theoretically.

Second Study

Sleep spindles are the other prominent EEG rhythm of NREM sleep. These are
initiated by the interaction of thalamocortical (TC) and reticular (RE) cells of
thalamic nuclei (45). These spindles are also sent to the cortical network by
collaterals of TC cells. Generally, these are nested with cortical SOs at the initial
phase of the SO cycle, the first-half phase in primates and rodents. In human sleep
studies, spindles are classified into two categories, namely fast (12-16 Hz) and slow
(8-12 Hz) spindles. The fast spindles are mostly found in central and parietal cortical
regions, and these are also nested with SOs during the first-half of up state. Slow
spindles are observed in the frontal cortical area, and these are nested with SO during
the second-half of up state, (18), (48). Fast spindles are extensively studied in the
experimental and computational arena regarding their role in long-term potentiation
and synaptic plasticity (189). Conversely, slow spindles need lot of work to find clear
answers about their origin, cellular mechanism, and most importantly their role in

such a framework (SO, fast spindles, hippocampal ripples) that is dedicated for
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memory consolidation. As a step ahead, it would be useful to explore the functional
relation between SOs and slow spindles.

In this study, we developed a thalamocortical model for SOs, fast and slow sleep
spindles. The novel aspect is the inclusion of thalamic-based slow spindle
generation. Two independent sub-thalamic networks were developed for each fast
and slow spindles. Physiologically fast and slow spindles occur at the SO down-to-
up transition / SO up-phase and at the SO up-to-down transition, respectively. In the
model fast spindles are nested with SOs during the first-half of the SOs cycle (SO
down-to-up transition / SO up-phase) and the slow spindles are nested with SOs
during the second SO-half (end of the SO up state/up-to-down transition). Slow
spindles are produced with the same intrinsic and synaptic current dynamics as fast
spindles but the thalamic subnetwork is in a more hyperpolarized state. According
to our model results, slow spindles can initiate SOs and may thereby facilitate the
maintenance of ongoing SOs. A contribution of slow spindles to the maintenance of
activity in the SO state could also be deduced from the decrease in SO duration on
omission of slow spindles. Faster electrophysiological activity ensues as NREM
sleep lightens.

Fast spindles could not replicate these actions of slow spindles on the SO. When
simulations were run for fast spindles nesting within the second SO-half (end of the
up-state), the cortical network exhibited an irregular LFP pattern and the down states
of SOs practically disappeared. Moreover, the fast thalamic subnetwork response
was reduced when the hyperpolarization level in this network was increased, in
contrast to the facilitatory response of the slow thalamic subnetwork to
hyperpolarization. Thus, our model shows that slow spindles can facilitate cortical
network activity while maintaining the natural rhythm of SOs.

To which neurophysiological processes are the model properties consistent?
Prominent initial studies revealed that SO arise from layer 5 pyramidal cells and that
SOs continue despite thalamic deafferentiation (32) e.g. through intrinsic activity
emerging in layer 5 pyramidal cells. (31), (32), (226). It was recognized that thalamic
input can contribute to cortical Up-states (227), however, the argument that SOs do
not require thalamic input for initiation contrasts more recent studies that disclosed
thalamic activity preceding the onset of cortical Up states, and also that severing

thalamocortical connections reduced the incidence of spontaneous cortical Up states
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(228), and also modified ongoing SO frequency (229). Experiments on anaesthetized
cats demonstrated that thalamic oscillations contribute importantly to the cortical
network in generating SOs and can results explain previous contradictory findings
(230), reviewed in (67). Thalamic output at the time of slow spindle activity may
thus deliver the input to the cortex required for triggering cortical Up states. Some
thalamocortical cells, including the ventral lateral posterior (VLp) nucleus as a
possible thalamic source of slow frequency spindles (194), possess both core-like
and matrix neurons, and project thus to both superficial and deeper cortical layers,
including axonal arborizations to layer V (231), (232), (233). The intrinsic initiation
of SOs in cortical layer 5 is discussed in the context of one the of two possible
mechanisms, firstly, by persistently active pacemaker-like cortical cells, and
secondly by temporal summation of spontaneous synaptic activity (226), (67). Any
one of both mechanisms cannot initiate the SOs unless it counters the activity-
dependent K* conductances that are activated during active states. Consistent with
our modeling results slow spindle could assist in SO initiation by providing some
depolarization to counter activity-dependent hyperpolarization conductances.
Independent on whether such bilayer cortical input could be beneficial for SO
initiation in layer 5 pyramidal cells, the above cytoarchitectonics and
neurophysiological processes may allow to explain model results on slow spindle-
SO initiation.

Processes underlying the maintenance of the SO rhythm are undoubtedly even more
diverse and complex than can be reflected in our model. Human intracranial
recordings and rodent local field potentials describe mechanisms on how thalamic
spindles may drive cortical spindles emerging during the SO down-to-up transition
(234), (235). Slow and fast spindles are found however to occur during the same SO
phase (234), thus findings on the temporal relationship between thalamic and cortical
down states are not comparable with our modeling results. These inconsistencies in
slow spindle timing present a major focus of ongoing research (236), (237), (238).
Modeling results presented two properties regarding the impact of fast spindle on the
slow spindle network. Firstly, that fast spindles increased the firing rate of cortical
cells and SO amplitude, and secondly that the hyperpolarization of the fast thalamic
network reduced fast spindle, yet increased slow spindle activity. Both properties are

associated with membrane potential level of thalamic cells and coincide with results
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linking increased thalamic hyperpolarization to the emergence of delta oscillations
and increased NREM sleep depth. (239). In deeper NREM sleep occurrence and
frequency of spindles are also reduced in humans (193).

Taken together, our modeling results present above most a further platform to test
the potential role to thalamic spindles in SO initiation. In future work, we will extend
this study by making structural and physiological modifications for more detailed
experiments. For instance, by including neuronal plasticity in the current model we

could analzye the potential contribution of slow spindles to this function.

Third study

In this study, we developed a thalamocortical model for SOs and fast sleep spindles.
The SOs are initiated in two layered (PY and IN layers) cortical networks and sleep
spindles are initiated by the interaction of two layers (TC and RE Layers) of the
thalamic network. Physiologically, fast and slow spindles occur at the D2U state
transition and at the U2D state transition, respectively. In the model, fast spindles are
nested with SOs during the first half of the SOs cycle (D2U state transition). In
addition, the stimulation protocols were implemented on the thalamic network. The
TC layer received a stimulation cue via AMPA receptors. Two types of stimulation
protocols were implemented in the model: CLS and DSt (for details, see Stimulation
protocols section in Methods).

According to our model results, in both CLS and DSt, an increased spindle activity
was observed when stimulation cues were applied at the commencing of the D2U
state transition (Point 1). In addition, the spindle activity gradually decreased when
stimulation cues were applied with a time delay from the commencing of the D2U
state transition. On the other hand, the cues didn’t have a significant effect during
the U2D state transition (Point 4). The sigma power of CLS results was
comparatively higher than DSt results when stimulation cues were applied at “Point
17, but the spindle density was almost the same in both results. Finally, in another
set of simulations, we observed that the slow spindles can be produced by the same
thalamic network by the shift of cortico-thalamic potential from the TC layer to the
RE layer. A strong inhibitory input of the RE layer to the TC layer shifted the spindle
activity to the U2D state transition (from the D2U state transition) and the frequency
of spindles was also reduced (8-11 Hz) by this inhibition.
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During slow wave sleep, both cortical and thalamic networks display phase-related
synchronous activity in a narrow time window (240). The sleep spindles and SOs
emerge approximately in the same temporal window. Actually, as the cortical
network initiates a SO, it also sends feedback to the thalamic network at the same
time and ultimately, the thalamic network initiates fast spindles, which are observed
a few milliseconds after the initiation of a SO (33).

When a cortical network initiates a SO, the PY cells start depolarizing and generate
action potentials. At the start of the D2U state transition, the PY cells exhibit a very
strong depolarization, and resultantly the cortical LFP rise with a steep slope.
Meanwhile, the thalamic network also receives a stronger synaptic input via
corticothalamic projections, and this strong cortical input eventually initiates
spindles. Furthermore, the resultant thalamic feedback to the cortical network also
supports the role of a strong corticothalamic input because the fast spindles are also
found quite soon after the commencing of the D2U state transition. Our model results
suggest that, at the commencing of the D2U state transition, the strong
corticothalamic input and concurrent stimulation cue synergistically increase the
spindle activity. On the other hand, the stimulation cues were less effective when the
thalamic network received weaker corticothalamic inputs.

Gonzalez-Rueda et al. (241) conducted an in vivo experimental study on mice. They
conducted in vivo single-cell recordings, and optogenetic stimulation of presynaptic
inputs in the murine cortex. The results showed that conventional spike timing-
dependent plasticity was observed during Down-states of SWS activity. On the other
hand, Up-states are linked to a decrease in EPSPs slopes. Presynaptic stimulation
that results in postsynaptic spikes would protect (but not enhance) the corresponding
connections during the SO Up-states of SWS activity. The stimulation protocols of
Gonzélez-Rueda study and our model are nearly similar to each other because in both
studies the stimulation cues were applied on a cellular level. Interestingly, in both
studies, the stimulation cues were effective approximately in the SO Down-state.
Moreover, another computational study (204) also observed that, when stimulation
cues were applied to the cortical network during the SO Down-state, positive effects
were observed on synaptic plasticity. On the other hand, some experimental studies
suggested that cues were effective during the SO Up-state (110), (111). There can be

different reasons for this SO state discrepancy. The foremost reason could be the
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delay from the cue sound to the brain. The other possible reason can be the difference
in state detection methods in both groups of studies. We detected the SO state on the
basis of cellular activity whereas Ngo et al. (110), (111) used EEG traces for SO state
detection.

In our previous study (184) we presented a thalamocortical model for both fast and
slow spindles along with SOs. In that study, we proposed that the slow spindles are
possibly initiated in a more hyperpolarized thalamic sub-network, and for their
emergence during the second-half SO Up-state, we suggested the synaptic delay of
600 ms time between PY-TC connections. Then we couldn’t find experimental
evidence for the 600 ms synaptic delay because of an insufficient number of human
studies. In this study, we found an interesting observation about phase shifting
without adding a synaptic delay between PY-TC cells. During the first SO phase, a
strong RE to TC negative feedback actually hyperpolarized and suppressed the
activity of the TC layer. This inhibitory feedback was gradually decreased and after
approximately ~400 ms (Fig 5.7B1), the TC layer became depolarized and interacted
with the RE layer and produces slow spindle activity (Fig 5.7B3) during the second
SO phase/U2D state transition.

Functionally, sleep spindles are considered very important for sleep quality (242),
(243) neuronal development (244), (245) and synaptic plasticity and memory
consolidation. The bursting property of sleep spindles sends a strong synaptic input
which eventually triggers synaptic plasticity (246). This repetitive discrete bursting
thalamic activity actually generates robust calcium entry in the dendrites of cortical
cells (247). The entry of calcium might provide an ideal environment to prime
synapses for plastic changes (248). Rosanova and Ulrich (190) showed that sleep
spindles induce long-term synaptic changes and also induce Hebbian long-term
potentiation in rat somatosensory layer V pyramidal cells.

Taken altogether, our model provides a platform to find the optimal topographical
state point of the SO to apply stimulation cues in CLS which eventually improves
spindle activity. Furthermore, in the experimental paradigm, the role of reticular
network activity needs to be investigated in the occurrence of slow spindles during
the SO Up to down-state transition. In future work, we will extend this study by

including neuronal plasticity into the current model to make it learning based model.
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Furthermore, we will study the role of CLS and increased spindle activity in synaptic

plasticity.

Summary

In preceding chapters, three main EEG rhythms of NREM sleep were discussed. We
presented a series of computational models for simulating SPW-Rs, SOs, and sleep
spindles for exclusive investigations.

In first study we presented a theoretical model of hippocampal SPW-Rs. The
hippocampus plays a key role in memory formation and learning. According to the
concept of active systems memory consolidation, transiently stored memory traces
are transferred from the hippocampus into the neocortex for permanent storage. This
phenomenon relies on hippocampal network oscillations, particularly SPW-Rs. In
this process prior saved data in the hippocampus may be reactivated. Recent
investigations reveal that several neurotransmitters and neuromodulators including
norepinephrine, acetylcholine, serotonin, etc., suppress SPW-Rs activity in rodents’
hippocampal slices. This suppression of SPW-Rs may depend on various presynaptic
and postsynaptic parameters including decrease in calcium influx, hyperpolarization
/ depolarization and alteration in gap junctions’ function in pyramidal cells. In this
study, we demonstrate the impact of calcium influx and gap junctions on pyramidal
cells for the modulation of SPW-Rs in a computational model of CA1. We used
SPW-Rs model with some modifications. SPW-Rs are simulated with gradual
reduction of calcium and with decreasing conductance through gap junctions in PCs.
Both, with calcium reduction as well as with conductance reduction through gap
junctions, SPW-Rs are suppressed. Both effects add up synergistically in
combination.

In second study, we presented a thalamocortical computational model for NREM
sleep that exhibits both fast and slow spindles along with the SOs.Cortical SOs and
thalamocortical sleep spindles are two prominent EEG rhythms of slow wave sleep.
These EEG rhythms play an essential role in memory consolidation. In humans, sleep
spindles are categorized into slow spindles (8—12 Hz) and fast spindles (12—-16 Hz),
with different properties. Slow spindles that couple with the up-to-down phase of the
SO require more experimental and computational investigation to disclose their

origin, functional relevance and most importantly their relation with SOs regarding
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memory consolidation. To examine slow spindles, we propose a biophysical
thalamocortical model with two independent thalamic networks (one for slow and
the other for fast spindles). Our modeling results show that fast spindles lead to faster
cortical cell firing, and subsequently increase the amplitude of the cortical local field
potential (LFP) during the SO down-to-up phase. Slow spindles also facilitate
cortical cell firing, but the response is slower, thereby increasing the cortical LFP
amplitude later, at the SO up-to-down phase of the SO cycle. Neither the SO rhythm
nor the duration of the SO down state is affected by slow spindle activity.
Furthermore, at a more hyperpolarized membrane potential level of fast thalamic
subnetwork cells, the activity of fast spindles decreases, while the slow spindles
activity increases. Together, our model results suggest that slow spindles may
facilitate the initiation of the following SO cycle, without however affecting
expression of the SO Up and Down states.

In last study, we presented another thalamocortical model with closed loop
stimulation (CLS) protocols to investigate the impact of CLS on spindle activity.
Sleep spindles are one of the prominent EEG oscillatory rhythms of non-rapid eye
movement sleep. In the memory consolidation, these have an important role in the
processes of long-term potentiation and synaptic plasticity. Moreover, the activity
(spindle density and/or sigma power) of spindles has a linear association with
learning performance in different paradigms. According to the experimental
observations, the sleep spindle activity can be improved by closed loop acoustic
stimulations (CLAS) which eventually improve memory performance. To examine
the effects of CLAS on spindles we propose a biophysical thalamocortical model for
slow oscillations (SOs) and sleep spindles. In addition, closed loop stimulation
(CLS) protocol is applied on a thalamic network. Our model results show that the
power of spindles is significantly increased when stimulation cues are applied at the
commencing of an SO Down to Up-state transition, but that activity gradually
decreases when cues are applied with an increased time delay from this SO phase.
Conversely, stimulation is not effective significantly when cues are applied during
the transition of an SO Up to Down-state. Furthermore, our model suggests that a
strong inhibitory input of reticular (RE) layer to a thalamocortical (TC) layer in the

thalamic network shifts leads to an emergence of spindle activity at the SO Up to
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Down-state transition (rather than at SO Down to Up-state transition), and the

spindle frequency is also reduced (8-11 Hz) by thalamic inhibition.

In summary, our models revealed the following properties of SPW-Rs, SO and sleep

spindles:

First study:

Sharp-wave ripples occurred by summation of electrical coupling among
CAL cells and synaptic inputs of place cells.

Sharp-wave ripples were suppressed by reduction in calcium influx.

Weak electrical coupling between place cells weakened SPW-Rs activities.
Combined reduction of calcium influx and electrical coupling had strong

suppressive effect on SPW-Rs.

Second study:

Fast spindles increased the SO amplitude.

Slow spindles assisted in initiating the SO.

Slow spindles regularized and stabilized the SO rhythm by preserving the
SO down state.

Hyperpolarization of the fast thalamic subnetwork reduced fast spindle
density and increased the number of slow thalamic network events (slow

spindles).

Third study:

Spindles activity was increased when stimulation cues were applied at the
commencement of the SO Down to Up-state transition.

The effect of stimulation was decreased when cues were applied with
increased delay from the commencement of the SO Down to Up-state
transition.

Spindle activity was not increased when cues were applied during the SO
Up to Down-state transition.

The sigma power of CLS2 was significantly stronger than DSt and CLS1
during D2U.
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* A strong inhibitory input of the RE layer to the TC layer shifts the spindle
activity to an SO Up to Down-state transition (from an SO Down to Up-

state).
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Table A 3. 1 Rate functions for soma-dendrite compartments

Function
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72—V P\ 10
exp (—5 ) -1
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Table A 4. 1 Dynamical models of all intrinsic currents

For PY neurons

(Axosomatic + dendritic) Fast sodium current Ina

M=3; N=1

™m = 0.34/(al + B1); mowo =al/(al + B1);

th = (1/(02 + 2))/2.9529; hoo = 1/(1 + exp((V + 55)/6.2));
(Axosomatic & dendritic) Fast potassium current Ix

M=1; N=0;

a=0.02 * (V=25)/(1 — exp(—=(V — 25)/9));

B =-0.002 * (V= 25)/(1 — exp((V — 25)/9));

™m = (1/(a + B))/2.9529; moo = o/(a + B);

(Axosomatic + dendritic) Persistent sodium current Inagp)
M=1; N=0;

moo = 0.02/(1 + exp(—(v + 42)/5));

(Dendrite) Slow voltage-dependent non-inactivating potassium current /xm
M=1,N=0;

a=0.001 x (V+ 30)/(1 — exp(—(V + 30)/9));

B=-0.001 x (V+ 30)/(1 — exp((V + 30)/9));

tm = (1/(0. + B))/(=30); meo = a/(a + B);

(Dendrite) Slow calcium-dependent potassium current Ixca
M=1,N=0;

a=0.01 x [Ca*"];;

B=0.02;

™m = (1/(a + B))/2.9529; moo = o/(a. + B);

(Dendrite) High-threshold calcium current Iuva

al = 0.182(V + 25)/(1 — exp(~(V + 25)/9)) if |V — 10/35 > 10-6= 1.638 if |V — 10|/35 < 106

a2 = 0.024(V + 40)/(1 — exp(~(V + 40)/5)) if |V — 10]/50 > 10" = 0.12 if |V — 10}/50 < 10°°

B1 = 0.124(—(V + 25))/(1 — exp((V + 25)/9)) if |V — 10)/35 > 10° = 1.116 if |V — 10//35 < 10"

B2 =0.0091(V — 85)/(1 — exp(~(V — 85)/5)) if |V — 10//50 > 106 = 0.0455 if |V — 10|/50 > 106
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M=2;N=1;

al =0.055 x (=27 = V)/(exp((—27 — V)/3.8) — 1);
Bl =0.94 x exp((—75 — V)/17);

™m = (1/(al + 1))/2.9529; meo = al/(al + p1);
02 =0.000457 x exp((—13 — V)/50);

B2 =0.0065/(exp((—V — 15)/28) + 1);

Th = (1/(a2 + $2))/2.9529; hoo = 02/(a2 + B2);
(Dendritic) Potassium leak current Ixv
M=0;N=0;

gKL = 0.0025mS/cm?;

For IN neurons

IN cells have same current dynamics as PY cells except INap). INap) is not included in IN cells

For TC neurons (TC neurons for both thalamic layers have same current
dynamics)

Fast sodium current Ina

M=3;N=1,

al =0.32 x (=37 — v)/(exp((13 — (V + 40))/4) — 1);
B1 = 0.28 x (¥ — 90)/(exp(((V + 40) — 40)/5) — 1);
™m = l/(al + B1); moo = al/(al + B1);

a2 = 0.128 x exp((17 — (V + 40))/18);

B2 = 4/(exp((40 — (V' + 40))/5) + 1);

Th =1/ (02 + B2); hoo = a2/(a2 + B2);

Fast potassium current /x

M=4;N=0;

al =0.032 x (=35 = V)/(exp((=35 = V)/5) — 1);

Bl =0.5 x exp((—40 — V)/40);

™m = l/(al + B1); moo = al/(al + B1);

Low-threshold calcium current It
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M=4;N=1,

if V<-63

tm = (1.0/(exp((V' +35.82)/19.69) + exp(—(V' + 79.69)/12.7)) + 0.37)/3.9482; moo = 1.0/(1 + exp(—(V
+ 60)/8.5));

th = 1.0/((exp((V + 46.05)/5) + exp(—(V + 238.4)/37.45)))/3.9482;

if V'=-63

Th = 19.0/3.9482; hoo = 1.0/(1 + exp((V + 78)/6));

hyperpolarization-activated cation current In

Voltage dependence: C 5 o, 0 E> C

hoo = 1/(1 + exp((V + 75)/5.5));

ts = (20 + 1000/(exp((V + 71.5)/14.2) + exp(—(V + 89)/11.6)));
o = hoo/Ts

B=(1— how)/ts

Calcium dynamics:

d[Ca]i/dt = -Alr+ ([Ca]= - [Ca]i)/7,

[Cale=2.4*10"mM, 4 = 5.1819 * 10> mM cm?/(ms pA) , T = Sms

Potassium leak current Ixi

M=0;N=0;

gKL = 0.03mS/cm?;

For RE neurons (RE neurons for both thalamic layers have same current

dynamics)

Fast sodium Ina and fast potassium current Ik (RE cells have same Ina and Ik current dynamics
as TC cells)

Low-threshold calcium current I

M=2;N=1;

™m = (3 + 1/(exp((V + 27)/10) + exp(—(V + 102)/15)))/6.8986; moo = 1/(1 + exp(—(V + 52)/7.4));

th = (85 + 1/(exp((V + 48)/4) + exp(—(V + 407)/50)))/3.7372; hoo = 1/(1 + exp((V + 80)/5));

Potassium leak current Ixi.
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M=0;N=0;
gKL = 0.005mS/cm?;
Appendix B Parameters
Table B 3. 1 Maximum conductance densities
Level Na* K(DR) K(AHP) I((A) Ca** K(Ca)
1 - - 0.0008 - 0.001 0.004
2 - - 0.0008 0.0005 0.001 0.004
3 0.001 0.015 0.0008 0.0005 0.001 0.008
4 (Soma) 0.070 0.170 0.0008 0.0005 0.001 0.02
5 (Shaft) 0.003 0.020 0.0008 0.0005 0.001 0.008
6 0.003 0.020 0.0008 0.0005 0.001 0.008
7 - - 0.0008 - 0.002 0.004
8 - - 0.0008 - 0.003 0.012
9 - - 0.0008 - 0.003 0.012
10 - - 0.0008 - 0.001 0.004
11 - - 0.0008 - 0.001 0.004
AlS 0.300 0.400 - - - -
Axon 0.300 0.400 - - - -
Table B 4. 1 Model parameters and their values
Parameter Value Description
name

Cortical neurons, PY and IN (soma)

Cnm .75 pF/cm?

e 3000 mS/em? (PY; IN)
gk 200 mS/cm?* (PY; IN)
Snap) 15 mS/cm? (PY)

Cortical neurons, PY and IN (dendrite)

Cnm .75 pF/cm?

&na 1.5 mS/cm? (PY; IN)
Exe 50 mV (PY; IN)

% 0.003 mS/em? (PY; IN)
Eix 295 mV (PY; IN)

g 0.034 mS/cm? (PY; IN)

Membrane capacitance
Maximal sodium conductance

Maximal potassium conductance

Maximal persistent sodium

Membrane capacitance
Maximal sodium conductance
Sodium reversal potential
Potassium leakage conductance
Potassium leakage reversal
Leakage conductance
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EL -68 mV (PY; IN) Leakage reversal potential

ENa(p) 2.5 mS/cm? (PY) Maximal persistent sodium
conductance

Zhva 0.01 mS/cm? (PY; IN) Maximal high-threshold Ca**
conductance

gkca 0.3 mS/cm? (PY; IN) Slow  Ca?*  dependent K
conductance

Skm 0.02 mS/cm? (PY); 0.03 mS/cm?  Slow voltage-dependent non-

(IN) inactivating K* conductance

Thalamic neurons, TC and RE (for fast spindles)

Cnm 1 pF/cm? Membrane capacitance

e 90 mS/cm? (TC); 100 mS/cm?> Maximal sodium conductance
(RE)

Ena 50 mV (TC; RE) Sodium reversal potential

g 10 mS/cm? (RE); 10 mS/cm? (TC) Maximal potassium conductance

Ex -95 mV (TC; RE) Potassium reversal potential

gxL 0.033 mS/cm? (TC); 0.005 mS/cm?  Potassium leakage conductance
(RE)

Exi -95 mV (TC; RE) Potassium leakage reversal potential

g 0.01 mS/cm? (TC); 0.05 mS/cm? Leakage conductance
(RE)

EL -70 mV (TC); -77 mV (RE) Leakage reversal potential

gr 1.8 mS/cm? (TC); 1.8 mS/cm?> Low-threshold Ca*" conductance
(RE)

n 0.025 mS/cm? (TC) Hyperpolarization-activated cation

conductance
E, -40 mV (TC) Hyperpolarization-activated cation

reversal potential

Thalamic neurons, TC and RE (for slow spindles)

e 70 mS/cm? (TC); 100 mS/cm?> Maximal sodium conductance
(RE)
Ena 50 mV (TC; RE) Sodium reversal potential
g 10 mS/cm? (RE); 12 mS/cm? (TC) Maximal potassium conductance
Ex -95 mV (TC; RE) Potassium reversal potential
gxL 0.03 mS/cm? (TC); 0.015 mS/cm?  Potassium leakage conductance
(RE)
Exi -95 mV (TC; RE) Potassium leakage reversal potential
g 0.01 mS/cm? (TC); 0.016mS/cm? Leakage conductance
(RE)
EL -77mV (TC); -82 mV (RE) Leakage reversal potential
g1 1 mS/cm? (TC; RE) Low-threshold Ca?" conductance
n 0.017 mS/cm? (TC) Hyperpolarization-activated cation
conductance
E, -40 mV (TC) Hyperpolarization-activated cation

reversal potential

Table B 4. 2 Model Synaptic receptors and their conductance
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Source to target Receptor Synaptic Connecting
neuron conductance (puS) radius
Intracortical connections
PY—> PY AMPARs .026 11
PY—>PY NMDARs .0018 11
PY—IN AMPARs .05 3
PY—IN NMDARs .001 3
IN>PY GABAARs .16 11
Intrathalamic connections (Fast spindles)
TC»—>REq AMPARs 025 17
RE(Q—)TC(Q GABAARS .05 17
RE(Q—)TC(Q GABABRS .01 17
RE(Q—)RE(Q GABAARS 075 11
Thalamocortical connections (Fast spindles)
TCH—PY AMPARSs 012 21
TC@—IN AMPARs 012 5
Cortico-thalamic connections (Fast spindles)
PY—TCyp AMPARSs 0013 21
PY—RE AMPARs 0032 17
Intrathalamic connections (Slow spindles)
TC(S)—)RE(S) AMPARSs .022 17
RE(S)—)TC(S) GABAARS 22 17
RE(S)—)TC(S) GABABRS .025 17
RE(S)—)RE(S) GABAARS .05 11
Thalamocortical connections (Slow spindles)
TCs)—>PY AMPARs .004 21
TC(s)—IN AMPARs 004 5
Cortico-thalamic connections (Slow spindles)
PY—>TCs AMPARs .0009 21
PY—>RE) AMPARs .002 17
RE) and TCy) thalamic neurons (Layer 3 and Layer 4 neurons) produce fast spindles and REs,
and TC, thalamic neurons (Layer 5 and Layer 6 neurons) produce slow spindles.

Table B 5. 1 Model parameters and their values
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Table B 5.1: Model parameters, their values, and description.
Parameter name Value Description

Cortical cells, PY and IN (soma)

&na 2000 mS/cm? (PY; IN) Maximal sodium conductance
g 200 mS/cm? (PY; IN) Maximal potassium conductance
ENatp) 15 mS/cm? (PY) Maximal persistent sodium

Cortical cells, PY and IN (dendrite)

&va 1.3 mS/cm? (PY; IN) Maximal sodium conductance

gL 0.0033 mS/cm? (PY; IN) Potassium leakage conductance

Eix -95 mV (PY; IN) Potassium leakage reversal

g 0.033 mS/cm? (PY; IN) Leakage conductance

EL -68 mV (PY; IN) Leakage reversal potential

ENalp) 2.5 mS/cm? (PY) Maximal persistent sodium conductance

Ziva 0.01 mS/cm? (PY; IN) Maximal high-threshold Ca?*
conductance

gxca 0.4 mS/cm? (PY; IN) Slow Ca?* dependent K* conductance

Ekm 0.014 mS/cm? (PY); 0.03 mS/cm? (IN) ~ Slow voltage-dependent noninactivating

K* conductance
Thalamic cells, TC and RE

Cn 1 pF/cm? Membrane capacitance
Ena 90 mS/cm? (TC); 100 mS/cm? (RE) Maximal sodium conductance
g 10 mS/cm? (RE); 10 mS/cm? (TC) Maximal potassium conductance
gl 0.03 mS/cm? (TC); 0.03 mS/cm? (RE)  Potassium leakage conductance
Exr -95 mV (TC; RE) Potassium leakage reversal potential
g 0.028 mS/ecm? (TC); 0.08 mS/cm? Leakage conductance
RE
Ev g70 1)nV (TC); -77 mV (RE) Leakage reversal potential
&r 1.1 mS/cm? (TC); 2 mS/cm? (RE) Low-threshold Ca* conductance
&, 0.011 mS/cm? (TC) Hyperpolarization-activated cation
conductance

Table B 5. 2 Model Synaptic receptors and their conductance
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Table B 5.2: Synaptic receptors, conductance, and their connecting radii
Source to target Receptor Synaptic Connecting
cell conductance (puS) radius
Intracortical connections
PY— PY AMPA .025 11
PY—>PY NMDA .0019 11
PY—IN AMPA .055 3
PY—IN NMDA .001 3
IN->PY GABAA .055 11
Intra-thalamic connections
TC—RE AMPA 1 17
RE-TC GABAA .05 17
RE-TC GABAg .02 17
RE—RE GABAA .05 11
Thalamocortical connections
TC—PY AMPA .01 21
TC—IN AMPA .01 5
Cortico-thalamic connections
PY->TC AMPA .003 21
PY—>RE AMPA .0015 17
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