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Abstract 

Spatial navigation is an essential ability for animal survival since it is involved in a variety of 

behaviors including foraging, search for coverage and mating. There is strong evidence that 

the CA1 subregion of the hippocampus, in collaboration with other brain regions, supports 

spatial representation and memory. A substantial neuronal population of CA1 pyramidal 

cells exhibits spatial selective firing patterns, referred as place cells. However the 

understanding of the exact mechanisms underlying these processes remains a challenge.  

Here, we argue that NMDARs facilitate this process by providing long-lasting depolarization 

to CA1 pyramidal cells. Thus, we aim to provide a mechanistic description of the role of 

NMDARs in spatial representation. 

Towards this goal, we took advantage of a computational network model of CA1 where we 

applied realistic and more sophisticated inputs. Specifically, we simulated direct input from 

EC LIII and indirect intrahippocampal input from DG-CA3. The network model consists of 130 

pyramidal cells and a wide variety of 20 inhibitory local circuit interneurons, namely Basket, 

Axo-axonic, Bistratified, O-LM, VIP/CR+ and VIP/CCK+ cells. To examine the contribution of 

both NMDAR kinetics and the corresponding synaptic strengths during place cell formation 

and dynamics, we modified appropriately, these features. Then, we used quantification 

metrics to measure the quality of successfully constructed place cells.  

Interestingly, we predict that NMDAR-mediated nonlinearities in distal apical dendrites of 

CA1 PCs facilitate place cell formation. At the same time, the increase of NMDAR synaptic 

strength in proximal apical and basal dendrites impairs place cell formation by providing a 

prolonged depolarization to pyramidal cells.  
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Περίληψη 

Η πλοήγηση στο χώρο αποτελεί μια σημαντική ικανότητα για την επιβίωση των 

οργανισμών, καθώς εμπλέκεται σε συμπεριφορές, όπως η αναζήτηση τροφής, καταφυγίου 

ή συντρόφου. Επιστημονικές μελέτες υποδεικνύουν πως η CA1 υποπεριοχή του 

ιππόκαμπου, σε συνεργασία με άλλες περιοχές του εγκεφάλου, υποστηρίζουν την χωρική 

αναπαράσταση και μνήμη. Σημαντικός αριθμός των πυραμιδικών νευρώνων της CA1, 

γνωστά και ως κύτταρα περιοχής, χαρακτηρίζονται από διακριτά μοτίβα ενεργοποίησης στο 

χώρο. Η κατανόηση, όμως, του ακριβή μηχανισμού που διέπει τον σχηματισμό των 

κυττάρων περιοχής παραμένει για την επιστημονική κοινότητα μια πρόκληση. Στην 

παρούσα εργασία προβλέπουμε ότι η ύπαρξη των NMDA υποδοχέων στους κορυφαίους 

δενδρίτες των κυττάρων αυτών διευκολύνει τον σχηματισμό τους, μέσω της 

παρατεταμένης εκπόλωσης της μεμβράνης τους. Σκοπός μας, λοιπόν, είναι η μηχανιστική 

περιγραφή του ρόλου των NMDA υποδοχέων στην χωρική αναπαράσταση. 

 Για να επιτύχουμε τον σκοπό αυτό, χρησιμοποιήσαμε ένα υπολογιστικό βιοφυσικό 

μοντέλο της CA1 περιοχής, τροφοδοτώντας το με πιο ρεαλιστικά σήματα εισόδου. Πιο 

συγκεκριμένα, προσομοιώσαμε τα σήματα εισόδου προερχόμενα από τον ενδορινικό 

φλοιό, προβάλλοντας είτε άμεσα στους πυραμιδικούς νευρώνες, είτε έμμεσα περνώντας 

από άλλες περιοχές του ιππόκαμπου, την οδοντωτή έλικα και την CA3. Το μοντέλο αυτό 

αποτελείται από 130 πυραμιδικά κύτταρα και 20 ανασταλτικούς ενδονευρώνες: Basket, 

Axo-axonic, Bistratified, O-LM, VIP/CR+ και VIP/CCK+.Για να εξετάσουμε την συνεισφορά των 

του ρυθμού ενεργοποίησης-απενεργοποίησης των NMDA υποδοχέων, καθώς και της 

αγωγιμότητας τους κατά τον σχηματισμό των κυττάρων περιοχής, τροποποιήσαμε 

κατάλληλα τα προαναφερθέντα χαρακτηριστικά τους. Έπειτα, χρησιμοποιήσαμε μετρικά 

για να αξιολογήσουμε την ποιότητα των ιδιοτήτων των κυττάρων περιοχής που 

σχηματίστηκαν. 

Με το παρόν μοντέλο, μπορούμε να προβλέψουμε, λοιπόν, ότι οι NMDA υποδοχείς στους 

απομακρυσμένους κορυφαίους δενδρίτες των  πυραμιδικών κυττάρων της CA1 περιοχής 

του ιππόκαμπου είναι ικανοί να διευκολύνουν τον σχηματισμό των κυττάρων περιοχής. 
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Παράλληλα, η αύξηση της αγωγιμότητας των υποδοχέων αυτών στους κορυφαίους 

κοντινούς στο σώμα και στους βασικούς δενδρίτες έχει τα αντίθετα αποτελέσματα, ίσως 

λόγω της αυξημένης ενεργοποίησης τους και σε περιοχές εκτός του επιθυμητού διακριτού 

πεδίου ενεργοποίησης των  κυττάρων περιοχής. 
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Chapter 1. Introduction 

1.1. Hippocampus 

Survival is the primary aim of all living organisms. In order to survive, animals have 

developed the ability to navigate in their environment seeking food, shelter or mate and 

avoiding predators. They can also remember not only the important places they have 

visited, but also their unique self-position in space. Hippocampus is a brain region highly 

associated with episodic memory formation, storage and retrieval (Morris et al., 1986; 

Squire and Wixted, 2011), as well as with spatial navigation (see: Grieves and Jeffery, 2017 

for a review; O’Keefe and Dostrovsky, 1971). Several studies support the notion that 

hippocampal neurons contribute to the “where” component of episodic memory (Moser et 

al., 2008). As a result, researchers try to reveal how cognitive spatial maps are constructed. 

In a similar vein, the present study focuses on the CA1 area of the hippocampus for 

understanding place cell formation dynamics in the framework of a local circuitry and the 

contribution of N-methyl-D-aspartate receptors (NMDARs) in the processing of spatial 

information. 

What is the link between spatial representation and NMDA receptors? NMDA receptors 

seem to play a vital role in mnemonic processes (Malenka and Nicoll, 1993; Nakazawa et al., 

2004), and subsequently in spatial navigation (Morris et al., 1986). Thus, unraveling the 

implication of NMDARs in spatial representation is fundamental. 

1.1.1. Connectivity of hippocampus  

The two main areas presumably involved in spatial processing are the hippocampal 

formation (HF) and the entorhinal cortex (EC). The first comprises three structural and 

functional distinct sub-regions: the dentate gyrus (DG), the Ammon's horn (CA4, CA3, CA2, 

CA1), and the subiculum (Sub), while the EC, the perirhinal (PER) and the postrhinal (POR) 

cortices belong to the parahippocampal region (PHR). The HF and the PHR regions mainly 

differ in the number of principal layers, as the HF exhibits a characteristic four/five-layered 
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structure, while PHR comprises of six layers (like most cortical regions) (Witter, 2010). PHR is 

the main conjunction between the hippocampus and the neocortex, (Figure 1.1). The EC is 

subdivided into medial (MEC) and lateral (LEC) domains, and each one interacts with POR 

and PER, respectively (Henriksen et al., 2010; Witter et al., 2006, 2013).  

Interestingly enough, CA1 not only constitutes the primary output of the hippocampus, but 

is also located at the intersection of two major parallel pathways originating in EC, (i) the 

direct EC LIII to CA1 projection and, (ii) the indirect cortical input via EC LII, through DG and 

CA3 (i.e., trisynaptic loop; EC-DG-CA3-CA1) (Amaral and Witter, 1989). These inputs come 

from separate pathways until they project to CA1 pyramidal cells (EC, direct vs. trisynaptic 

loop, indirect), in distinct dendritic domains (distal vs. proximal-basal, respectively) (Witter 

et al., 2006). Motivated by its unique architecture, a study on how the CA1 region performs 

input integration could reveal its local functional properties and also highlight its intrinsic 

features critical for the processing of incoming information. 

 

Figure 1.1. The connectivity of the parahippocampal region (PHR) and hippocampal formation 

(HF). PER, perirhinal region; POR, postrhinal region; LEC, lateral entorhinal cortex; MEC, medial 

entorhinal cortex; DG, dentate gyrus; CA3 & CA1, Cornu Ammonis areas; Sub, subiculum; adopted 

from Witter et al., 2000. 
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1.1.2. Inputs to hippocampus 

The major direct cortical inputs to hippocampal formation come from MEC and LEC to 

proximal and distal CA1 dendrites, respectively, through the temporoammonic pathway. 

Projections from MEC layer III (LIII) are thought to provide the CA1 PCs with mostly spatial 

information, as it contains strongly position-modulated neurons (Hafting et al., 2005; Taube 

et al., 1990), while neurons located in LEC layer III (LIII) encode other features, such as 

object (Deshmukh and Knierim, 2011) and odor (Xu and Wilson, 2012). MEC LII and LEC LII 

target CA1 indirectly via the perforant pathway through DG-CA3, which mainly innervates 

the proximal and basal dendrites of CA1 PCs. More specifically, dentate granule cell axons, 

i.e., mossy fibers, innervate CA3 pyramidal neurons, which, in turn, project to CA1 neurons 

via connections known as Schaffer collaterals. These inputs target local inhibitory 

interneurons and provide the CA1 network with feedforward inhibition. The 

aforementioned flow of information (i.e., EC → DG, DG → CA3, CA3 → CA1), is widely known 

as the trisynaptic circuit, first described by Santiago Ramon y Cajal (Andersen, 1975). 

1.1.3. CA1 circuit organization 

The CA1 region contains a homogeneous neuronal population of excitatory principal cells, 

known as pyramidal cells (CA1 PCs), and a diverse population of inhibitory cells, the 

interneurons (INs). This diversity of INs might support the equilibrium between excitatory 

and inhibitory inputs, keeping the neural circuits functional (Markram et al., 2004). In 

general, the cell bodies (somata) of each neuronal type are located at specific positions 

within the organized layers across the transverse axis in CA1 hippocampal region. 

The main layer is the pyramidal cell layer (stratum pyramidale), containing the somata of 

the CA1 PCs. Above this layer is the stratum oriens, including the basal dendrites of CΑ1 PCs, 

whereas, below the pyramidal cell layer, stratum radiatum is located; a home to the 

proximal apical dendrites. Finally, the distal apical tuft dendrites of CA1 PCs compose the 

stratum lacunosum-moleculare (Witter et al., 2000). 
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Each CA1 PC receives about 30,000 synaptic inputs across its different domains. The cell 

body and the axon-initial segment of CA1 PCs are innervated solely by GABAergic INs, while 

the apical and the basal dendrites receive afferents from both excitatory and inhibitory 

populations (Klausberger and Somogyi, 2008). GABAergic INs can be distinguished in 

different classes based on their morphology, their electrophysiological properties, and their 

expression of calcium-binding proteins (e.g., parvalbumin, calretinin) and the co-expression 

of neuropeptides (e.g., somatostatin, vasoactive intestinal polypeptide). Thus, based on 

parvalbumin expression (PV), GABAergic INs are segregated into two subtypes (i) PV positive 

(PV+) and (ii) PV negative (PV-) cells. The first subtype contains axo-axonic (AAC), basket (BC) 

and bistratified (BSC) cells, while PV-negative INs are mainly somatostatin-positive (SOM+) 

cells and vasoactive intestinal polypeptide (VIP)-positive cells (Bezaire et al., 2016; 

Klausberger and Somogyi, 2008; Neske and Connors, 2016). The somata of these INs are 

located in different layers in CA1 region; PV+ (AACs, BCs, BSCs) INs are located in SP and SO, 

while O-LM and VIP+ INs in SLM (Milstein et al., 2015; Tyan et al., 2014).  

Each subtype of GABAergic INs targets CA1 PCs to a distinct region of its morphological 

structure: AACs project exclusively on the axon-initial segment of CA1 PCs; BCs provide 

somatic and perisomatic inhibition; BSCs project to medial apical and basal dendrites; and 

O-LMs inhibit the apical distal dendritic domains (Klausberger and Somogyi, 2008; Tyan et 

al., 2014). On the contrary, VIP+ INs innervate mostly the somata of pyramidal neurons 

(Klausberger and Somogyi, 2008; Tyan et al., 2014), and other interneurons, through 

disinhibitory synapses (i.e., on O-LMs and BCs), operating as a conserved circuit mechanism 

implicated in high order brain functions, such as learning and memory and spatial 

navigation (Artinian and Lacaille, 2018; Turi et al., 2019). Therefore, each type of inhibitory 

cell could be involved differently in the spatial information processing (Miao et al., 2017; 

Turi et al., 2019). 

As mentioned above, dendrites of CA1 PCs are innervated by two pathways, both directly 

and indirectly. The same pathways differently activate numerous types of local INs, except 

for O-LMs that lack direct input from CA3 (Kim et al., 2012) and EC LIII (Maccaferri and 
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McBain, 1995), nevertheless they receive a strong excitatory feedback input from CA1 PCs 

(Losonczy et al., 2002).  

1.2. Place cells, Grid cells and their contribution to spatial mapping  

1.2.1. Place cells: Properties and Functions 

A prominent behavioral output of the CA1 area is the so-called place coding. Specifically, in 

CA1 26-42% of all pyramidal neurons encode incoming spatial information (Fenton et al., 

2008). These “place cells” are characterized by spatially localized firing, named “place field” 

(Figure 1.2 A), observed both in freely-moving rats (O’Keefe and Dostrovsky, 1971), and in 

non-human primates (Ludvig et al., 2004). Different place cells have different place fields to 

a particular environment (O’Keefe, 1976), indicating that a small proportion of place cells 

express the same place fields in a given environment. 

 

Figure 1.2. Place cells in the hippocampus, and grid cells in the entorhinal cortex are spatially-

tuned cells forming cognitive maps of the environment. (A) Illustration of a place firing field (or a 

spatial heatmap of occupancy) in an open-field box and (B) Illustration of a grid firing pattern in an 

open-field box In both cases, rat’s trajectory is represented by a gray line, while the positions where 

a specific place or grid cell fires are marked with red dots. Most of the place cell’s spikes occur when 

the rat is at a specific position inside the box, in contrast with the hexagonal pattern that a grid cell’s 

activity forms, adopted from (Derdikman and Moser, 2011).  

A B 
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After revealing that the place fields of a place cell changes across environments (O’Keefe 

and Conway, 1978), O’Keefe & Nadel (O’Keefe and Nadel, 1978) proposed that place cells 

are the neuronal substrate of a cognitive map, representing the spatial relations between 

landmarks (allocentric representation of space). A considerable amount of literature 

suggests that place cells are highly sensitive to changes in context. As regards the number of 

place fields, when the animal moves across a cylinder or a linear track, most place cells have 

a single place field (Muller, 1996), in contrast with the multiple place fields (around three) 

observed in a square box (Park et al., 2011). More interestingly, place cells 'remap' (either 

change their firing location, or from silent become active and vice versa), when the animal 

explores two different in shape and/or external stimuli environments (Colgin et al., 2008; 

Leutgeb, 2005).  

Because of place cell’s distinct and unique firing profile, it is suggested that place-related 

firing depends on intrahippocampal computations (Brun, 2002). Although, when Brun and 

colleagues (2002) removed the intrahippocampal input from DG-CA3 to CA1, the place cells 

in the CA1 area remained stable. The conclusion reached from this experiment is that EC 

afferents targeting directly areas in the hippocampus could be the key mediators of place 

cell formation and preservation. 

1.2.2. Grid and other spatial cells in entorhinal cortex 

In pursuing the possibility that cells outside the hippocampus convey spatially tuned signals 

to CA1 PCs, neuroscientists recorded neurons in EC, the major hippocampal input. They 

found that neurons in layers II and III of MEC were able to encode space, similarly to place 

cells in the hippocampus (Fyhn, 2004), but display distinct spatial firing profile and 

dynamics. In contrast to the single firing field of place cells, neurons in MEC have multiple 

firing fields that are periodically arranged to form a hexagonal firing pattern, “grid field”, 

tessellating all environments, Figure 1.2 B, (Hafting et al., 2005). 

Grid fields are characterized by three features: spacing (i.e., distance between fields), 

orientation (i.e., rotation relative to a reference axis), and phase (i.e., displacement relative 

https://www.sciencedirect.com/science/article/pii/S0896627315005267
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to a reference point). Grid cells originating in the same region of MEC have similar spacing 

and orientation characteristics. On the contrary, average grid spacing and field size 

increases systematically along the dorsoventral axis of MEC, from dorsal to ventral (Brun et 

al., 2008; Hafting et al., 2005), mirroring the enlargement of place fields towards ventral 

hippocampus, Figure 1.3, (Maurer et al., 2005). 

 

Figure 1.3. A theoretical model for place cell formation: how grid cell output might be combined to 

produce place fields in the hippocampus. The firing fields of grid and place cells are illustrated in 

square boxes, as a rate map (different colored spots indicate a firing field). Grid cells have firing 

fields arranged in a regular grid pattern (left), while place cells have a single firing field (right). Size 

and spacing of grid fields increase from dorsal MEC to ventral MEC. Field size of place fields also 

increases towards ventral HPC, (adapted from (Solstad et al., 2006)). 

Theoretical models have proposed a possible way to translate different grid firing patterns 

to construct place-like firing. Specifically, the formation of a specific place field is based on 

the summation of grid-like firing patterns with similar phases, but diverse orientations and 

spacing (Solstad et al., 2006). In other words, this theoretical model predicts that place 
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fields emerge from an increase in the size of the central firing peak, and a cancellation of 

surrounding peaks, due to the different spacing and orientation of grid patterns. 

Beside grid cells, head direction cells and border cells are also located in MEC and exhibit 

spatially selective firing. The first, encode an animal’s head direction in the two-dimensional 

space independently of its location, as it moves in a given environment (see: Taube, 2007 

for a review; Taube et al., 1990). Border or boundary cells fire at a specific direction and 

distance from geometric boundaries (Solstad et al., 2008). These spatial cells may also 

contribute to the formation of place-like firing pattern.  

During path integration, a non-spatial feature of navigation, the locomotion speed of the 

animal, is also encoded by specific neuronal populations, the “speed cells” (Góis and Tort, 

2018; Kropff et al., 2015). Firing rate of the speed cells is positively modulated by animal’s 

acceleration, providing low levels of spatial and directional information. Interestingly, speed 

cells comprise a subpopulation of excitatory cells in MEC (Kropff et al., 2015), while in CA1 

region, interneurons engage in coding of movement speed (Góis and Tort, 2018). 

Considering their fast response in behavioral changes, speed cells may code a more dynamic 

representation of self-location. 

1.3. NMDA receptor & spatial representation 

N-methyl-D-aspartate receptors (NMDARs) are glutamate-gated ion channels, playing an 

important role in synaptic plasticity (Malenka and Nicoll, 1993) and spatial memory 

(Nakazawa et al., 2004). In brief, the activation of postsynaptic NMDARs is highly associated 

with long-term potentiation (LTP) in the hippocampus, while their blockade prevents LTP 

induction (first demonstration that LTP in the hippocampus is NMDAR dependent: 

(Collingridge et al., 1983)). In terms of spatial memory, systemic pharmacological blockade 

of NMDARs with AP5 (i.e., (2R)-amino-5-phosphonovaleric acid; NMDAR antagonist) in 

animals causes impairment of their spatial learning and memory capabilities (Morris et al., 

1986). 
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The NMDAR displays a post-synaptic voltage-dependent channel with, Na+, K+, and high Ca2+ 

permeability (Nowak et al., 1984), and also slow activation and deactivation kinetics (Lester 

and Jahr, 1992). Because of the Mg2+ block, NMDARs are open when the postsynaptic 

membrane is depolarized highly enough via AMPARs (i.e., α-amino-3-hydroxy-5-methyl-4-

isoxazolepropionic acid receptor). Specifically, AMPARs evoke Na+ influx and mediate a fast 

somatic depolarization. As a result, they activate indirectly NMDARs by removing the 

voltage-dependent Mg2+ block. This depolarization can also activate voltage-gated calcium 

channels (VGCCs) as well (Losonczy and Magee, 2006). Without denying the implication of 

NMDAR mediated plasticity in place cell formation, we are interested in exploring whether 

their slow nature directly affects this process. 

Over the past decades, evidence from both theoretical and experimental studies highlighted 

the nonlinear integration of spatiotemporal coincident excitatory inputs onto CA1 PC 

dendrites (Losonczy and Magee, 2006; Poirazi et al., 2003; Segev and London, 2000). In 

other words, when excitatory synaptic inputs arrive in the thin terminal branches of CA1 PCs 

within a small time window (i.e., spatiotemporal correlation), their integration is nonlinear, 

as a result of local dendritic spikes (Losonczy and Magee, 2006). Such spike events can be 

mediated by NMDA currents and often generate long-lasting somatic depolarization (Tsay et 

al., 2007). During spatial navigation, the slow dynamics of NMDARs currents in CA1 PCs are 

likely to provide them with an increased time window over which facilitation of place cell 

formation can occur. 

1.4. Motivation of the present study 

Motivated by the role of NMDARs in nonlinear integration of synchronous excitatory 

synaptic inputs and their role in learning, our aim is to investigate how the properties of 

NMDARs (i.e., slow kinetics, synaptic strength) contribute to pyramidal cell computations. 

More specifically, we focus on place cell formation and characteristics as a function of 

NMDA operation.  



10 

 

Towards this direction, we used a biologically inspired network model of the CA1 area, 

which can integrate sophisticated EC (grid-like) and CA3 (place-like) inputs. The model was 

validated against an extensive amount of electrophysiological data (cellular properties and 

local connectivity rules) to ensure biological relevance. By altering the kinetics and the 

synaptic weights of NMDARs, we were able to study their effect on the integration of spatial 

information coming from EC and CA3. 
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Chapter 2. Methods 

2.1. Network 

Using a computational model of CA1 area of hippocampus adopted from Turi et al., 2019, 

we updated the spatial input from CA3 in order to represent the spatial tuning of CA3 place 

cells. This model consists of 130 principal neurons of the CA1 area, i.e., pyramidal cells and a 

highly diverse population of interneurons: two AACs, eight BCs, two BSCs, two O-LMs, one 

VIP+/CCK+ and five VIP+/CR+ cells. Especially, neurons’ -except VIP+/ cells- ionic 

mechanisms and morphology derived from (Cutsuridis et al., 2009), while the 

electrophysiological and synaptic properties were validated based on (Bezaire et al., 2016), 

experimental evidence (Bezaire and Soltesz, 2013). Additionally, we constructed VIP+/CCK+ 

and VIP+/CR+ interneurons with ion channel and morphology characteristics adopted from 

(Cutsuridis et al., 2009) and (Konstantoudaki et al., 2014), respectively. Their properties are 

also, in fair alignment with experimental data (Bezaire and Soltesz, 2013; Bezaire et al., 

2016; Tyan et al., 2014). Finally, each individual neuron model was constructed as a 

simplified compartmental model, with active dendrites based on Hodgkin and Huxley 

formalism (Hodgkin and Huxley, 1952). The modeling of these neurons, their synapses, the 

validation and their connectivity is thoroughly described below. 

2.1.1. Modeling principal neuron: Pyramidal cell 

As the principal neurons in CA1 hippocampal region are pyramidal cells, we modeled the 

functional pyramidal domains -soma, basal dendritic tree, and apical proximal and apical 

distal dendrites- using 27 compartments, whose lengths and diameters are shown in Table 

2.1. Each of 6 compartments of SO region is simulated using HH ionic mechanisms: a fast 

Na+ current (INa), a delayed rectifier IK, a fast inactivating A-type and a slowly inactivating M-

type IK, Ca+2-dependent slow and medium AHP IK, an HVA L-type, HVA R-type and LVA T-type 

ICa, a Ca+2 pump and buffering mechanism and an Ih (Table 6.1), (Poirazi et al., 2003). 

Accordingly, ion channels that are inserted into soma, axon and apical tree, are also shown 
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in Table 6.1. Additionally, we constructed the two major inputs to CA1 pyramidal: a cortical 

input from EC LIII to distal apical dendritic compartments of CA1 PCs and a CA3 input to 

basal and to proximal apical dendrites (see Methods 2.4.1). Each CA1 PC, also, receives 

recurrent connections from other CA1 PCs, somatic inhibition from BCs and VIP+/CCK+ cells, 

axo-axonal inhibition from AACs, while other interneurons innervate specific dendritic 

branches: O-LMs inhibit CA1 PCs to apical distal tree, while BSCs to apical proximal and basal 

dendrites. Finally, we distributed excitatory and inhibitory background noise to different 

dendritic regions of CA1 PCs. 

Table 2.1. Morphological properties of pyramidal model cell. 

Area Name 
Dimensions (μm

2
) 

Diameter x length 

Number of 

compartments 

stratum lacunosum 

moleculare, 

(SLM) 

lm_thin 1.0 x 50 4 

lm_medium 1.5 x 100 2 

lm_thick 2.0 x 100 2 

stratum radiatum, 

(SR) 

radTdist 2.0 x 200 1 

radTmed 3.0 x 200 1 

rad_thin 1.0 x 50 4 

rad_medium 1.5 x 100 2 

rad_thick 2.0 x 100 2 

stratum pyramidale, (SP) 
radTprox 4.0 x 100 1 

soma 10 x 10 1 

stratum oriens, (SO) 
oriprox 

oridist 

2.0 x 100 

1.5 x 100 

2 

4 

2.1.2. Modeling Interneurons 

In contrast with the complex morphology of a pyramidal model, we simulated inhibitory 

interneurons with a more simplistic morphology. The model consists of 6 subtypes of 

interneurons, i.e., AACs, BCs, BSCs, O-LMs, VIP+/CCK+ and VIP+/CR+ cells.  

Axo-axonic cell (AAC) 
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Each AAC model neuron consists of the soma and 16 dendritic compartments, with 

morphological and electrophysiological properties shown in Table 2.2Table 2.2, Table 6.2, 

and Table 6.3, respectively. Distal apical dendrites of AAC receive EC LIII excitatory 

connections, and inhibition from O-LM, while proximal apical dendrites receive excitatory 

synaptic input from CA3 and inhibitory input from BSCs. Additionally, CA1 PCs and Septum 

provide the basal dendrites of AAC with excitation and inhibition, respectively, while BCs 

and VIP+/CCK+ interneurons provide them with somatic inhibition.  

Table 2.2. Morphological properties of Axo-axonic model cell. 

\Area lmt1 lmM1 radDist radMed radProx soma oriProx oriMed oriDist 

Dimensions 

(μm
2
) 

1.0x100 1.5x100 2.0x200 3.0x100 4.0x100 10x20 2.0x100 1.5x100 1.0x100 

Number of 

compartments 
2 2 2 2 2 1 2 2 2 

Basket cell (BC) 

Each BC model neuron consists of the soma and 16 dendritic compartments whose 

morphological and electrophysiological features are shown in Table 2.3, Table 6.2 and Table 

6.3, respectively. Distal apical dendrites of BC receive EC LIII excitatory input, and inhibition 

from O-LM, while proximal apical dendrites receive excitatory synaptic input from CA3 and 

inhibitory input from BSCs. Moreover, their soma and basal dendrites are inhibited by BCs, 

BSCs and Septum, respectively, while CA1 PCs provide excitatory input at their basal 

dendritic domains. 

Table 2.3. Morphological properties of Basket model cell. 

\Area lmt1 lmM1 radDist radMed radProx soma oriProx oriMed oriDist 

Dimensions 

(μm
2
) 

1.0x100 1.5x100 2.0x200 3.0x100 4.0x100 10x20 2.0x100 1.5x100 1.0x100 



14 

 

Number of 

compartments 
2 2 2 2 2 1 2 2 2 

Bistratified cell (BSC) 

Each BSC model neuron has a more simplistic morphology, containing a soma and 12 

dendritic compartments whose morphological and electrophysiological properties are listed 

in Table 2.4, Table 6.2, and Table 6.3, respectively. EC LIII and CA3 projections provide their 

apical dendrites with excitatory input, while O-LMs and other BSCs inhibit them at the same 

regions. Additionally, BSCs receive inhibition from BCs and VIP+/CCK+ interneurons to their 

soma, from Septum to their basal dendrites, and excitation from CA1 PCs to basal domains.  

Table 2.4. Morphological properties of Bistritified model cell. 

\Area radDist radMed radProx soma oriProx oriMed oriDist 

Dimensions 

(μm
2
) 

2.0x200 3.0x100 4.0x100 10x20 2.0x100 1.5x100 1.0x100 

Number of 

compartments 
2 2 2 1 2 2 2 

Oriens-Lacunosum Moleculare cell (O-LM) 

Each O-LM model neuron has a simplistic morphology: a soma, an axon and 2 dendritic 

compartments, whose morphological and electrophysiological features are shown in Table 

2.4 and Table 6.4, respectively. Basal dendrites of the O-LM model receive excitatory 

connections from CA1 PCs, as well as somatic inhibition from BCs, BSCs, VIP+/CR+ and other 

O-LMs, and from Septum as well. 

Table 2.5. Morphological properties of OLM model cell. 

\Area dend Soma Axon 
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Dimensions 

(μm
2
) 

3.0 x 250 10x20 1.5 x 150 

Number of 

compartments 
2 1 1 

VIP+/CR+ cell (VIPCR) 

Each VIPCR model neuron consists of a soma and 16 dendritic compartments whose 

morphological and electrophysiological properties are listed in Table 2.6 and Table 6.5, 

respectively. VIPCRs receive excitatory input from EC LIII to their distal apical dendrites, 

from CA3 pyramidal neurons to their proximal apical dendrites, as well as from PCs to their 

basal dendritic domains. Additionally, VIPCR receive somatic inhibition from Septum.  

Table 2.6. Morphological properties of VIP+/CR+ model cell. 

\Area lmt1 lmM1 radDist radMed radProx soma oriProx oriMed oriDist 

Dimensions 

(μm
2
) 

1.0x100 1.5x100 2.0x200 3.0x100 4.0x100 10x20 2.0x100 1.5x100 1.0x100 

Number of 

compartments 
2 2 2 2 2 1 2 2 2 

VIP+/CCK+ cell (VIPCCK) 

Each VIPCCK model neuron consists of a soma and 16 dendritic compartments including 

mechanisms whose morphological and electrophysiological description is listed in Table 2.7 

and Table 6.2, Table 6.3 respectively. EC LIII and CA3 provide excitatory input to VIPCCK 

neuron’s apical dendrites, while O-LMs and BSCs inhibit them at the same regions. 

Additionally, VIPCCK receive somatic inhibition from Septum. 
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Table 2.7. Morphological properties of VIP+/CCK+ model cell. 

\Area lmt1 lmM1 radDist radMed radProx soma oriProx oriMed oriDist 

Dimensions 

(μm
2
) 

1.0x100 1.5x100 2.0x200 3.0x100 4.0x100 10x20 2.0x100 1.5x100 1.0x100 

Number of 

compartments 
2 2 2 2 2 1 2 2 2 

2.2. Validation 

Passive membrane properties of individual model neuron -resting membrane potential, 

input resistance, membrane time constant and rheobase current- were calculated and 

validated against experimental data, Table 2.8, Figure 2.1, and Figure 2.2. Membrane 

capacitance was determined using the square pulse method.  

Table 2.8. Intrinsic properties of individual model and real neurons. 

Cell 

Rin [MΩ] τm [ms] Vrest [mV] Rheobase [pA] 

Model Biological Model Biological Model Biological Model Biological 

Pyramidal 73.5 65±4 9.4 24.5±20.5 -64.4 -62.4±2.4 110 182.4±55 

AAC 70 122±57 11.1 11.9±2.2 -64.4 -65.1±3.9 270 283±152 

BC 150 251±50 31.3 13.3±5.4 -61.1 -63.5±1.6 110 70±11 

BSC 98.7 109±30 14.4 12.2±0.6 -67.0 -63.6±4.7 260 101±24 

OLM 291.5 263±106 21.6 30.0±12 -73.4 -65.2±1.3 30 38.7±0 

VIP+/CCK+ 90.6 281.7±78 16.1 25.5±5 -64.5 -61.4±3.2 90 60±0 

VIP+/CR+ 320.6 496±28.6 23.9 25.0 -70.2 -74.2±0.7 40 42±8 

(Bezaire et al., 2016; Tyan et al., 2014) 
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Figure 2.1. Morphological properties of simulated neuronal types and corresponding voltage traces 

for negative (-0.2 nA) and positive (top of the traces) current injections at the soma (for 1,000 ms), 

(adapted from Turi et al., 2019). 
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Figure 2.2. Firing properties of simulated cells in the CA1 network model. Excitability (f-I curves) of 

model cells in response to somatic pulse current injection (for 500 ms), (adapted from Turi et al., 

2019). 

2.3. Modeling synapses 

Since the respective roles of excitatory and inhibitory projections to CA1 PCs from EC LIII, 

CA3 Schaffer collaterals and local INs, respectively, the model includes both excitatory and 

inhibitory synapses. Thus, the total synaptic current is a summation of excitatory currents 

through AMPA and NMDA receptors, and inhibitory currents through GABAA and GABAB 

receptors.  

The equations that describe the synaptic transmission through AMPA, GABAA and GABAB 

ionotropic receptors in the open state, display an approximately linear current-voltage 

relationship, and are written below: 

         ( )[  ( )      ], Equation (1) 
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Equation (2) 

where syn can be: AMPA, GABAA and GABAB, and Esyn the relative reversal potential for each 

one. Additionally, Vm is the membrane voltage, t the time step of stimulation and τtise and 

τdecay the rise time and time constant of decay, respectively. 

NMDARs are glutamate-gated ion channels, and are subject to a postsynaptic voltage 

dependent block by Mg2+. The equation that governs the behavior of NMDA-mediated 

synaptic current in the model has the following form: 

           ( ) ( )[  ( )       ], Equation (3) 

The time-dependent rate of change of NMDA conductance is described by Equation (2), (the 

same as used with other receptors).  

 ( )  
       

   [    ]     
, Equation (4) 

where η is the sensitivity of Mg unblock, γ the steepness of Mg unblock, [Mg+2] is the 

extracellular magnesium concentration and ENMDA is the NMDA reversal potential. For 

NMDA receptors we used η*[Mg+2]=0.33 and γ=0.0625 mV-1. 

Synaptic properties such as conductance, τrise and τdecay are adopted from Bezaire et al., 

2016 and are listed in Table 6.6, while all axonal synaptic delays were set to 1ms. Finally, in 

order to validate the synaptic weights, we calculated EPSCs (i.e., excitatory postsynaptic 

current) and IPSCs (i.e, inhibitory postsynaptic current) for each synaptic connection, using a 

voltage clamp routine in NEURON simulator (Figure 2.3).  
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A       B 

 

C           D 

 

Figure 2.3. Synaptic currents of model cells in the CA1 network model. A. Excitatory post-synaptic 

current (EPSC) from a pyramidal neuron (recurrent connection) and inhibitory post-synaptic currents 

(IPSCs) from AAC, BC, BSC, OLM and VIP+/CCK+ cells to CA1 pyramidal cells. Voltage clamp protocol 

was simulated by holding the membrane potential at rest levels. Different colors denote different 

pre-synaptic neurons. B. EPSCs for AMPA (bottom) and NMDA (top) currents. For AMPA traces, the 
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membrane potential was held at rest levels, while for NMDA at +40 mV. C. Excitatory and inhibitory 

post-synaptic currents (EPSCs and IPSCs) onto each type of interneurons. In all cases, a voltage clamp 

was applied to the soma holding the membrane potential at rest levels. D. Inhibitory postsynaptic 

currents (GABAA and GABAB) from Septum to INs (Voltage clamp at -50mV). Septal cells are modeled 

as bursts of action potentials using a presynaptic spike generator. The septal inputs are 

asynchronous. Notice that for O-LM INs, a 10-fold increased synaptic weight was used for illustration 

purposes. 

2.4. Connectivity 

CA1 network model consisted of 130 pyramidal cells (CA1 PCs) and 20 interneurons (INs). 

Each of them -PCs and INs- receives excitatory input from EC, and all model neurons but O-

LM receive excitation only from CA3 and PCs, Figure 2.4. The exact number of synaptic 

connections is listed in Table 2.9.  

 

Figure 2.4. Schematic illustration of CA1 network model connectivity. EC LIII, entorhinal cortex 

layer III; DG-CA3, dentate gyrus-CA3 (trisynaptic pathway, DG-CA3-CA1); SEP, septum; PYR, 

pyramidal cell; AAC, axo-axonic cell; BC, basket cell; BSC, bistratified cell; OLM, Oriens-lacunosum 

moleculare cell; VCCK, VIP+/CCK+ cell; VCR, VIP+/CR+ cell.  
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Table 2.9. Number of synapses between each model cell. 

PRE\POST EC CA3 PC AAC BC BSC OLM VIPCCK VIPCR SEP 

EC x x 8 27 3 24 x 10 30 x 

CA3 x x 6 231 336 321 55 111 139 x 

PC x x 3 14 35 31 198 115 115 x 

AAC x x 1 1 x x x x x x 

BC x x 3 5 1 1 x 1 x x 

BSC x x 2 2 3 4 4 11 4 x 

OLM x x 2 3 3 3 2 11 x x 

VIPCCK x x 2 3 x 3 x 8 x x 

VIPCR x x x x 3 x 11 x x x 

SEP x x x 10 10 10 10 10 10 x 

2.4.1. External input to CA1 circuit 

Anatomical studies of the entorhinal-hippocampal system (Witter, 1993; Yeckel and Berger, 

1990) reveals the two major inputs to CA1 microcircuit: a direct cortical input from EC layer 

III (ECIII) and indirect multisynaptic input from EC layer II through DG-CA3 area, Figure 2.5. 

Thus, we simulated and distributed these spatially tuned excitatory synaptic inputs from EC 

and DG-CA3, randomly, on target’s region dendritic compartments, as listed in Table 2.9. 

Specifically, each CA1 PC receives an octal of grid-like inputs from ECIII to apical distal 

dendrites and a hexal of place-like inputs from CA3 to apical proximal and another hexal of 

the same inputs to basal dendrites. The creation of these inputs is described below. Inputs 

are constructed in order that, as a virtual animal moves across the linear track, firing pattern 

of all place cells reflect the “current” position of the animal, at a specific period of time or 

distance.  
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Figure 2.5. Input and Output of the CA1 network model. Each pyramidal neuron receives an octal of 

grid-like inputs from MEC LIII and a hexal of place-like inputs from DG-CA3 pathway. INs receive 

inputs from randomly selected MEC LIII and CA3 pyramidal cells and inhibitory septal inputs. (A) 

Illustration of the grid-like inputs (top) and (B) the place-like inputs (bottom). Color-coded rate maps 

showing the distribution of firing rate of grid and place-like inputs (left), and place cells (right) across 

the linear track (blue, no firing; yellow, peak firing). 

2.4.2. EC grid-like input 

EC grid-like input is constructed from three sinusoidal waves as per (Solstad et al., 2006). 

The convergence of eight grid cells, differing in their size and spacing of their firing fields, 

can generate a single place field, as each grid cell of an octal have a field that is located at a 

predefined or ‘theoretical’ place firing location. Whereas, positions outside this predefined 

location receives less input. Figure 2.5 shows that all grid-like inputs have a firing field in the 

middle of the linear track, as well as the place cell output of CA1 model has a place field at 

the same position of the track. To cover a 100 cm-long linear track, we used 21 subsequent 

locations where each place cell received a perfect octal of inputs (from 0 to 100, with 5 cm 

step). 

2.4.3. CA3 place-like input 

We produced 6 CA3 similar place-like cells per place field center. In order to simulate the 

place input -location specific input- from CA3 hippocampal area, place-like input is produced 

by spatial filtering the EC grid-like inputs that cover the virtual linear track. First, the pooled 
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octal of EC (NEC) is converted into events in space with respect to time spent in each position 

(occupancy) and divided into two non-overlapping categories: in-field (NEC, infield) and out-of-

field (NEC, outfield) spiketime vectors, as described below.  

For a specific theoretical place field: 

      

{
 

 
                                                                             

                                                                                                                  

 

where NEC includes all spike times of EC octal input, Ppeak is the theoretical place field center 

and Pborder = 6cm, thus every spike that occurs in place field center plus/minus 6 cm is 

considered as infield, Figure 2.6A. Subsequently, in order to take into consideration the CA3 

place cell’s properties that are observed experimentally -higher mean firing rate inside the 

place field (Figure 2.6B), and low mean firing rate outside (Figure 2.6C), (Leutgeb, 

2004)(Diehl et al., 2017), we kept a random amount of spikes per place like cell. The 

mathematically description is indicated below: 

    
 
                     (              )                       (               ) 

with j denoted each one of hexal place cells (j=1, ... ,6). Thus, we increased the signal to 

noise ratio for each place cell. Finally, this process was repeated for all predefined place 

fields and the CA3 input production from EC input ensured its theta-rhythm-locked firing 

(see: Buzsáki, 2002 for a review). 
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Figure 2.6. Metrics for CA3 place-like and EC grid-like inputs. (A) Boxplots of the field size 

distribution of 126 place-like inputs (6 CA3 cells x 21 locations of predefined place fields) and 168 

grid-like inputs (8 EC cells x 21 locations of predefined place fields). (B) Boxplots of the mean firing 

rate inside the field distribution of same CA3 and EC inputs. (C) Boxplots of the mean firing rate 

outside the field distribution of same CA3 and EC inputs. After the spatial filter, each place-like input 

provides a spatial selective firing field, with 16cm median field size, 51Hz median of mean firing rate 

inside the place field, and 1.5Hz median of mean firing rate outside the place field. 
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2.5. Septal input 

Septal input is simulated as rhythmic bursts of action potentials in order to capture theta 

rhythmic firing of GABAergic neurons in the medial septum area, and as a result, to produce 

theta-locked interneurons in CA1 circuit (Freund and Antal, 1988; Hangya et al., 2009; 

Klausberger and Somogyi, 2008). Thus, the presynaptic input of each of 10 septal cells to INs 

was constructed with a spike generator giving spike time points for a half theta cycle -

bursts- followed by a half theta cycle of silence -no spikes-, and provided with GABAA and 

GABAB synaptic currents. Because of septal GABAergic projections in CA1 exclusively 

targeted INs, CA1 PCs does not receive inhibition from Septum (Unal et al., 2015).  

2.6. Background noise 

Finally, each CA1 PC, also receives a spatially unspecific excitatory and inhibitory input at 

dendritic domains and soma, respectively, listed in Table 2.9. In order to produce a totally 

random for each PC background noise, we construct a pool of 1000 noisy sources using 

identically and independent distributed spike trains (Poisson distribution) with mean firing 

rate of 5 Hz. 

2.7. Quantification of spatial memory 

For each pyramidal cell, we extracted all spike time points, and after their transformation 

from time to space, we created a spike map, i.e., a map of the visual linear track divided into 

spatial positions (1cm each) allocating a number of spike events within each one. Then, we 

calculated the rate map from the spike map for each CA1 PC as following: the 

transformation of spikes to frequency was determined with respect to time that the virtual 

mouse spent in each bin (i.e., time occupancy), then the rate map is binned in order to 

reduce the number of positions by half (100 positions; after binning → 50 positions or bins) 

and it was smoothed applying an one-dimensional (1-D) Gaussian filter with sigma equal to 

3 bins.  
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For each CA1 PC, we calculated the following quantification metrics: (i) spatial information, 

(ii) sparsity, (iii) selectivity, (iv) peak frequency, (v) field size, (vi) mean firing rate inside and 

(vii) outside of the place field, and (viii) stability of place cells. 

2.7.1. Spatial Information 

Spatial information rate (S, bits/s) is calculated as 

   ∑   (
  

 
)     (

  

 
)                

  

    

 
    , 

when the virtual linear track is divided into i = 1, … , n, non-overlapping spatial bins, ti is the 

time spent in i-th bin and tall the total spending time in the track. Thus, Pi describes the 

probability for occupancy of each bin i. Also, Ri is the mean firing rate for bin i, while R is the 

overall mean firing rate of each neuron (Markus et al., 1994; Skaggs et al., 1996). 

Significance of the spatial information was calculated using a circular run shuffling 

procedure. For each run, the position of the animal was circularly shifted by a random 

amount and then the new rate map and its corresponding spatial information was 

calculated across all shuffled runs. This procedure was repeatedly and independently 

applied to generate a null distribution of 200 information content values to determine a 

significance measure for each neuron’s spatial activity rate map. Thus, after comparing the 

actual spatial information value of a cell with values given by null distribution, a cell was 

considered to have significant spatial information content when the actual value exceeded 

95% of the values in the corresponding null distribution. 

2.7.2. Sparsity, Selectivity 

Sparsity measures the fraction of the virtual linear track in which a place cell is active and 

selectivity is equal to the peak (global maximum) firing rate divided by the mean firing rate 

of the cell. Thus, higher selectivity means greater concentration of place cell’s firing (Skaggs 

et al., 1996; Treves and Rolls, 1991).  
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2.7.3. Place field size 

A place field is defined as a continuous region consisting of bins that a place cell exceeds a 

firing rate up to 20% of its peak firing rate (Muller and Kubie, 1987). Moreover, mean firing 

rate inside and outside the place filed were determined. 

2.7.4. Stability of place cells 

Stability of a single neuron’s spatial activity rate map was calculated by taking the Fisher Z-

score of the Pearson correlation coefficient between the spatial activity rate maps at two 

time points. Within trial, stability was calculated by averaging the stability measure of odd 

vs even runs with the stability measure of first half vs. second half of runs. 

Significance of the stability index was calculated using a circular run shuffling procedure (see 

Methods 2.7.1). Yet again, a cell was considered to have significant stability index when the 

actual value exceeded 95% of the values in the corresponding null distribution. 

2.7.5. Place cell criteria 

The CA1 PCs were considered as place cells when their maximum firing rate is above 3Hz, 

their field size is between 5-20 bins, and their spatial information and stability index were 

significant using the aforementioned circular shift procedure. Using 200 shufflings, we 

constructed null distributions and compared the actual values with the randomized ones. 

Significance were considered when the p-value is greater than 0.95. Besides that, for each 

place cell, quantification metrics such as sparsity, selectivity, peak frequency, and mean 

firing rate inside and outside of the place field were also calculated. Thus, systematic 

metrics were used to measure the dynamics of place cells. 

2.8. Statistical analysis 

For analyses involving comparison of more than two groups, one-way analysis of variance 

(ANOVA) was utilized. If ANOVA test identified that there were significant differences 
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among groups, we used the Holm-Bonferroni method for post-hoc analysis to compare each 

group with the control group.   

2.9. Tools 

Neuron models are based on standard techniques from compartmental and ion channel 

modeling (Hodgkin and Huxley, 1952), implemented in NEURON v7.5 (Hines and Carnevale, 

2001), and are available for download from ModelDB database at 

http://modeldb.yale.edu/256311. Also, the data analysis performed using custom-based 

routines written in Python 2.7. All simulations and analysis were performed on a High-

Performance Computing Cluster (HPCC) with 312 cores under 64-bit CentOS Linux operating 

system. 

2.10. Simulation parameters 

The simulation of CA1 hippocampal network ran for ~5.000ms, while the integration time 

step (dt) was 0.1ms. A simulation (run) describes an artificial mouse as it runs along a virtual 

linear track. Assuming the time of mouse spent in each position as ~50ms (a normal random 

distribution with mean 50ms and standard deviation 2ms), as experimentally observed 

(Cabral et al., 2014). Furthermore, model inputs were activated 400ms from the beginning 

of the simulation, a time window that is excluded from the analysis. Finally, in order to 

ensure robustness of the model, we simulated 10 runs -different background noise input to 

the model / run- and 5 trials -different structural connectivity between neuron models / 

trial- representing 5 mice. 
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Chapter 3. Results 

CA1 circuit computational model 

We proposed a CA1 computational model consisting of biophysical neurons (details in 

Methods 2.1, & Turi et al., 2019) for simulating place cells and modeling spatial maps, which 

allows combining the spatial information provided by spatial cells, grid cells in MEC and 

place cells in hippocampal CA3 area. Thus, from the prior CA1 network model (Turi et al., 

2019) we updated the DG-CA3 input, as a “realistic” place-like one (Shuman et al, under 

revision), (Methods, 2.4.3). The firing of CA1 PCs for two randomly selected trials, 

representing two “virtual” animals when they move across a linear track, is shown in Figure 

3.1. The model is able to capture experimentally recorded place cells in CA1 hippocampal 

subregion. 

 

Figure 3.1. Firing rate maps of all CA1 pyramidal cells, as a “visual” animal moving across a linear 

track. Figures right and left represent the output of all 130 pyramidal cells of the model for two 

different trials. Color code is showing the distribution of firing rate of pyramidal cells across the 

linear track (blue, no firing; red, peak firing). 
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Nonlinear NMDAR-mediated currents in distal apical dendrites of CA1 pyramidal cells 

facilitates place cell formation 

To investigate the contribution of NMDAR in the CA1 PCs’ dendritic integration of spatial 

information from EC and DG-CA3 projections, we modified the activation and deactivation 

kinetics of NMDARs only in these synapses. Under control conditions, PCs received 

excitation through AMPA and NMDA receptors in their distal apical (EC input), proximal 

apical (CA3 input) and basal dendrites (CA3 input). Then, we modified the rise time and the 

decay time constants of NMDARs to match the values of those that AMPARs have: 1. In thin 

distal apical dendrites of PCs where EC LIII innervates them, 2. In proximal and basal apical 

dendrites of PCs where DG-CA3 projections provide them excitation, 3. In proximal apical 

dendrites of PCs, and 4. In proximal basal dendrites of PCs, Figure 3.2A-E.  

First, we filtered the CA1 PCs in order to capture only place cells (see: Methods 2.7.5). Then, 

for each place cell, we used various quantification metrics, such as spatial information (how 

precisely each neuron codes for spatial location), peak firing frequency, size of the place 

field, and mean firing rate inside and outside this field to measure place cell’s quality. We 

found that only the modification of NMDAR’s kinetics in distal apical synapses resulted in 

number of PC deficits, (Figure 3.3A; one-way ANOVA: F (4, 24) = 11.42, p < 0.005, and 

Bonferroni, α = 0.0025). Also, in this case, mean firing rate inside (Figure 3.3C) and outside 

(Figure 3.3D) the place field, and peak firing frequency (Figure 3.3E) decreased (for each: 

Bonferroni, α = 0.0025), while spatial information remained stable (Figure 3.3B). In other 

cases, the proportion of place cells was not significantly changed (Figure 3.3A; Bonferroni: 

False for α = 0.0025). Peak firing frequency and mean firing rate inside and outside the place 

field decreased (Figure 3.3E; Figure 3.3C, and Figure 3.3D, respectively; for each: 

Bonferroni: α = 0.0025), while spatial information of place cells increased (Figure 3.3B; α = 

0.0025). 
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Figure 3.2. Firing rate maps of all CA1 pyramidal cells for three different cases. (A) Control case. (B)  

Modification of the activation and deactivation kinetics of NMDAR in thin distal apical dendrites of 

PCs, where EC LIII innervates them. (C) Modification of the activation and deactivation kinetics of 

NMDAR in proximal and basal apical dendrites of PCs, where DG-CA3 projections provide them 

excitation. (D) Modification of the activation and deactivation kinetics of NMDAR only in proximal 

apical dendrites of PCs. (E) Modification of the activation and deactivation kinetics of NMDAR only in 

basal dendrites of PCs. Color code shows the distribution of firing rate of pyramidal cells across the 

linear track (blue, no firing; red, peak firing). 

The increase of NMDARs’ synaptic strength in proximal apical and basal dendrites of CA1 

pyramidal cells impairs place cell formation 

In order to examine the contribution of synaptic strength of NMDARs in the CA1 PCs 

dendritic integration of spatial information from EC and DG-CA3 projections, we changed 

the conductance of NMDARs only in these synapses. Under control conditions, PCs receive 

excitation through both AMPA and NMDA receptors in their distal apical (EC input), proximal 

apical (CA3 input) and basal dendrites (CA3 input). Then, we altered the synaptic strength of 

NMDARs -holding AMPARs’ synaptic strength into control levels- in different dendritic 

domains of PCs: 1. In distal apical dendrites where EC LIII innervates them, 2. In proximal 

apical and basal dendrites where DG-CA3 projections provide them with excitatory input, 

and 3. In both distal apical (EC input), and proximal apical and basal dendrites of PCs (CA3 

input). NMDAR’s synaptic strength was increased (2-fold) or reduced (2-fold) for each case, 

Figure 3.4A-E. 
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Figure 3.3. Features of place cells in all aforementioned different cases. (A) Proportion of place 

cells and (B) spatial information, (C) mean firing rate of place cells inside the place field, (D) outside 

the place field, and (E) the mean firing frequency of place cells across the linear track. Stars denote 

significance with unpaired t test with Bonferroni’s correction. (A) One-way ANOVA: F (4, 25) = 11.42, 

p < 0.005, (B) one-way ANOVA: F (4, 25) = 764, p < 0.005, (C) one-way ANOVA: F (4, 25) = 192, p < 

0.005, (D) one-way ANOVA: F (4, 25) = 377, p < 0.005, (E) one-way ANOVA: F (4, 25) = 188, p < 0.005. 

Our data revealed that the increase of synaptic strength of NMDARs in DG-CA3 synaptic 

connections led to a decline in the number of place cells (Figure 3.5A; Bonferroni: α = 

0.0016). In contrast, we found no differences in the number of place cells when the synaptic 

strength of NMDARs had increased in distal apical dendrites, and when their synaptic 

strength had decreased in proximal apical and basal dendrites (Figure 3.5A). With respect to 

the quality of the place cells, we found that synaptic strength of NMDARs was positively 

correlated with the below metrics: size of the place field (Figure 3.5C; Bonferroni: α = 

0.0016), mean firing rate inside (Figure 3.5D; Bonferroni: α = 0.0016) and outside (Figure 

3.5F; Bonferroni: α = 0.0016) the place field, and peak firing frequency (Figure 3.5E; 

Bonferroni: α = 0.0016). When the synaptic strength of NMDARs was decreased, size of the 

place field, mean firing rate inside and outside the place field, and peak firing frequency also 

decreased (Figure 3.5C-F; Bonferroni: α = 0.0016).  

As regards the spatial information of place cell’s rate map, reduction of NMDAR synaptic 

strength resulted in augmentation of spatial information content of place cells, while when 

NMDARs’ strength was enhanced, spatial information content increased (Figure 3.5B; 

Bonferroni: α = 0.0016). Interestingly, the modification of NMDAR-mediated currents led to 

a notable increase in spatial information, only in cases where proximal apical and basal 

synapses were altered (i.e., target domains of DG-CA3 projections).  
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Figure 3.4. Firing rate maps of all CA1 pyramidal cells for five different cases. (A) Control case. (B) 

NMDAR conductance increased (2-fold) in thin distal and proximal apical, and in basal dendrites of 

PCs, at where both EC and CA3 contact them. (C) NMDAR conductance was increased (2-fold) in 

proximal apical and in basal dendrites of PCs, at where only CA3 inputs are coming. (D) NMDAR 

conductance was increased (2-fold) in distal apical dendrites of PCs, at where EC provide excitation 

to them. (E) NMDAR conductance was reduced (2-fold) in thin distal and proximal apical, and in 

basal dendrites of PCs, at where both EC and CA3 provide excitation to them. Color code rate maps 

are showing the distribution of firing rate of pyramidal cells across the linear track (blue, no firing; 

red, peak firing). 
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Figure 3.5. Features of place cells in all aforementioned different cases. (A) Proportion of place 

cells and (B) spatial information of them in each case, (C) size of place field, (D) mean firing rate of 

place cells inside the place field, (F) outside the place field, and (E) mean firing frequency of place 
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cells across the linear track. Stars denote significance with unpaired t test with Bonferroni’s 

correction. (A) one-way ANOVA: F (6, 35) = 478, p < 0.005, (B) one-way ANOVA: F (6, 35) = 911, p < 

0.005, (C) one-way ANOVA: F (6, 35) =233, p < 0.005, (D) one-way ANOVA: F (6, 35) =138, p < 0.005, 

(E) one-way ANOVA: F (6, 35) =172, p < 0.005, (F) one-way ANOVA: F (6, 35) =1866, p < 0.005. 
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Chapter 4. Discussion 

The present CA1 network model is able to successfully simulate place cell formation, with 

spatial firing that encodes a specific location of a “virtual” animal moving across a linear 

track (Figure 3.1). As this network model replicated the experimentally observed place cells 

in CA1 hippocampal subregion, it can be used to further study spatial navigation and 

memory.  

The main finding of the present study is that NMDAR-induced nonlinearity may be 

associated with neuronal post-synaptic integration (“dendritic integration”) of spatial 

information mostly in the thin distal dendrites of PCs. Studies have shown that direct EC LIII 

input to distal apical tree of CA1 PCs is not able to trigger action potentials in the latter 

(Bittner et al., 2015; Jarsky et al., 2005), despite the strong EC LIII input (60–100 Hz), 

(Fernández-Ruiz et al., 2017; Schomburg et al., 2014). Also, multiple excitatory synaptic 

inputs to CA1 PC dendrites should arrive almost simultaneously to generate supralinear 

responses at the soma (Losonczy and Magee, 2006), and grid cells in MEC LIII seems to 

provide place cells with burst input. Taking into account the nonlinear NMDAR-mediated 

currents, the investigation of their contribution to dendritic integration of spatial 

information was a straightforward goal.  

After replacing the NMDARs kinetics with those of AMPARs -make them faster- we observed 

that the place cell numbers were reduced only in the case of change in synapses located in 

distal apical dendrites of CA1 PCs, (No NMDAR/EC condition), Figure 3.3A. Interestingly, the 

mean firing rate inside (Figure 3.3C) and outside (Figure 3.3D) the place field and the peak 

firing frequency (Figure 3.3E) decreased. Considering, also, the strong octal grid-like input, 

in contrast with the two less strong hexal place-like inputs, we predict that nonlinear 

NMDAR-mediated currents facilitates the place cell formation by providing a prolonged 

depolarization lasting for several milliseconds to the soma.  

In order to verify that our results were independent of synaptic activity, we chose to change 

the kinetics solely, and not to remove the whole synaptic NMDAR-mediated current, 

indicating that the deficits we observed in number of formed place cells were not due to 
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changes in the activity of neurons. Therefore, we predict that the key component of place 

cell deficits was the slow deactivation of NMDAR.  

Furthermore, the spatial information content remained stable when we modified the 

NMDAR kinetics in distal apical dendrites of PCs, while in other cases increased, with 

NMDARs in basal dendrites seems to have a more considerable role (Figure 3.3B). Also, the 

mean firing rate outside the place field was remarkably decreased in successfully 

constructed place cells, (Figure 3.3D). Thus, spatial information may increase as a result of 

the reduction of mean firing out the place field. A possible explanation is the following: 

since the nonlinear NMDAR-mediated currents provide a prolonged depolarization of place 

cells (as described above), low level post-synaptic firing from both CA3 and background 

noise could not provide the PC membrane with suprathreshold depolarization. In case of the 

modification of NMDAR kinetics in distal apical dendrites, the spatial information content 

remained stable as a result of the overall reduction of mean firing rate. 

Next, we observed that the increase of synaptic strength of NMDARs in DG-CA3 synaptic 

connections led to a decline in the number of place cells (Figure 3.5A), while the spatial 

information of the remaining place cells was immensely low (Figure 3.5B). Taking into 

consideration the increase in: (i) place field size, (ii) mean firing rate outside and (iii) inside 

the place field, and (iv) peak firing frequency (Figure 3.5C-F), we predict that the 

enhancement of nonlinear NMDAR-mediated currents provide a prolonged depolarization in 

the membrane of place cells causing a strong firing activity out of the place field. As a result, 

these cells did not fulfill the place cell criteria (i) size of field and (ii) p-value of spatial 

information (Methods, 2.7.5). Thus, a mechanistic explanation of deficits in the number of 

place cells could be the following: a change in the synaptic strength of NMDARs may evoke a 

critical imbalance in CA1 local circuit’s functionality, as well as in the place cell formation 

and spatial representation.  

A limitation of the present CA1 network model is the use of the same source input to 

construct the grid-like and place-like inputs. From a biological perspective, we know that 

different layers of EC are implicated in the direct and indirect inputs coming to CA1. 
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Specifically, the direct input to CA1 PCs origins from the ECLIII, while the EC LII innervates 

CA1 PCs via DG-CA3 synapses (i.e., indirect input). 

The number of place cells was decreased after the modification of NMDAR kinetics (similar 

to AMPAR) in distal dendrites of PCs, whereas the relative modification in proximal apical 

and basal dendrites of PCs shown no differences. Two potential reasons of this behavior are 

(i) the morphology of the dendritic tree (i.e., thinner dendrites) (ii) the different input 

coming at these synapses. We successfully studied the first one, but the second needs to be 

answered. 

Finally, incorporating plasticity rules into the present CA1 network model could allow us to 

study spatial memory and navigation. NMDA receptor-dependent form of LTP and LTD 

(long-term potentiation and depression, respectively) is preferentially observed at CA3-CA1 

synapses (Oliet et al., 1997). Thus, since studying the synaptic strength of NMDARs, one 

prominent scientific question is how spatial memory is affected through changing the 

NMDAR properties. 

Overall, the current study provides a potential indication of the value of NMDARs in 

facilitating place cell formation as a result of their nonlinear operation on postsynaptic place 

cells. 
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Chapter 6. Appendix 

Table 6.1. Morphological properties of pyramidal model cell. 

 SLM stratum radiatum, SR stratum pyramidale, SP stratum oriens, SO 

 
lm_thin/ 
medium/ 

thick 
radTmed radTdist 

rad_thin/ 
medium 

/thick 
radTprox soma axon 

oriprox/ 
oridist 

Leak 
conductance 
[S/cm2] 

0.0002 0.0002 0.0002 0.0002 0.0002 0.0002 0.000002 0.0002 

Delayed 
rectifier K

+
  

conductance 
[S/cm2] 

0.007 0.007 0.007 0.007 0.007 0.007 0.2 0.007 

Proximal A-
type K

+
  

conductance 
[S/cm2] 

0.00086 0.00086 0.00086 0.00086 0.00086 0.00086 0.05 0.00086 

Distal A-type 
K

+
  

conductance 
[S/cm2] 

- 0.03 0.045 - 0.015 0.0075 0.015 - 

M-type K
+
  

conductance 
[S/cm2] 

0.04875 - - 0.04875 - - - 0.0075 

Ih 
conductance 
[S/cm

2
] 

- 0.06 0.06 - 0.06 0.06 0.03 0.06 

L-type Ca
+2

 
conductance 
[S/cm2] 

- 0.0001 0.00035 - 0.0001 0.00005 - 0.000015 

R-type Ca
+2

 
conductance 
[S/cm2] 

- 0.000031635 0.000031635 - 0.000031635 0.0007 - 0.0007 

T-type Ca
+2

 
conductance 
[S/cm2] 

- 0.00003 0.00003 - 0.00003 0.0003 - 0.000031635 

Ca
+2

 
dependent 
sAHP K

+
  

conductance 
[S/cm2] 

- 0.0005 0.00005 - 0.0005 0.0015 - 0.0005 

Ca
+2

 
dependent 
mAHP K

+
 

conductance 
[S/cm2] 

- 0.033 0.033 - 0.033 0.45375 - 0.033 
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Table 6.2. Ionic mechanisms of axo-axonic(AAC), basket(BC), bistratified(BSC) and VIP/CCK model cell. 

 AAC BC BSC VIP
+
/CCK

+ 

Leak conductance 

[S/cm2] 
0.00018 0.00006 0.000016 0.00009 

Na
+
 conductance 

[S/cm2] 
0.135 0.1692 0.09 0.18 

Delayed rectifier K
+
 

conductance [S/cm2] 
0.0195 0.01105 0.018 0.013 

A-type K
+
  

conductance [S/cm2] 
0.00013 0.0003 0.00005 0.015 

L-type Ca
+2

  

conductance [S/cm2] 
0.005 0.005 0.004 0.005 

N-type Ca
+2

 

conductance [S/cm2] 
0.0008 0.0008 0.0004 0.0008 

Ca
+2

 dependent K
+
 

conductance [S/cm2] 
0.000004 0.000004 0.000002 0.00000004 

Ca
+2

 and voltage (V) 

dependent K
+
  

conductance [S/cm2] 

0.0002 0.002 0.0002 0.02 

Table 6.3. Electrophysiological properties of axo-axonic (AAC), basket (BC), bistratified (BSC) and VIP
+
/CCK

+
 

model cell. 

 AAC BC BSC VIP
+
/CCK

+ 

Membrane 
Capacitance, Cm 
[μF/cm2] 

1.4 1.4 1.4 1.4 

Axial resistance, Ra 
[Ohm*cm] 

100 100 100 100 

Resting potential, EL 
[mV] 

-60 -60 -60 -60 
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Sodium equilibrium 
potential, ENa [mV] 

55 55 55 55 

Potassium 
equilibrium potential, 
EK [mV] 

-90 -90 -90 -90 

Calcium equilibrium 
potential, ECa [mV] 

130 130 130 130 

Table 6.4. Electrophysiological properties of OLM model cell. 

 Soma Axon Dendrite 

Leak conductance 
[S/cm2] 

0.000025 0.000025 0.000025 

Na
+
 conductance 

[S/cm2] 
0.0107 0.01712 0.0234 

Delayed rectifier K
+
 

conductance [S/cm2] 
0.04785 0.05104 0.460 

A-type K
+
 

conductance [S/cm2] 
0.01248 0.0048 0.0048 

h-type conductance 
[S/cm2] 

0.000035 - - 

Membrane 
capacitance, Cm 
[μF/cm2] 

1.6 1.6 1.6 

Axial resistance, Ra 
[Ohm*cm] 

150 150 150 

Resting potential, EL 
[mV] 

-65 -65 -65 

Sodium equilibrium 
potential, ENa [mV] 

90 90 90 

Potassium 
equilibrium potential, 
EK [mV] 

-100 -100 -100 
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Table 6.5. Electrophysiological properties of VIPCR model cell. 

 Soma Axon 

Leak conductance 
[S/cm2] 

0.00005 0.00005 

Na+ conductance 
[S/cm2] 

0.015 0.09 

Delayed rectifier K
+
 

conductance [S/cm2] 
0.018 0.009 

D-type K
+
 

conductance [S/cm2] 
0.000725 - 

N-type K
+
 

conductance [S/cm2] 
0.001 - 

Ca
+2

 -dependent K
+
 

conductance [S/cm2] 
0.00003 - 

Membrane 
capacitance, Cm 
[μF/cm2] 

1.2 1.2 

Axial resistance, Ra 
[Ohm*cm] 

150 150 

Resting potential, EL 
[mV] 

-65 -65 

Sodium equilibrium 
potential, ENa [mV] 

55 55 

Potassium 
equilibrium potential, 
EK [mV] 

-90 -90 

Calcium equilibrium 
potential, ECa [mV] 

130 130 

Table 6.6. Synaptic properties of CA1 network connections. 

PRE\POST PC AAC BC BSC OLM VIPCCK VIPCR 

EC 

g(nS) 

AMPA NMDA AMPA AMPA AMPA AMPA AMPA AMPA 

1.6e-4 1.6e-4 1.2e-4 0.1e-4 1.5e-4 x 3.0e-4 3.0e-4 

τrise(ms) 0.50 2.30 2.00 2.00 2.00 x 2.0 2.0 

τdecay(ms) 3.00 100 6.30 6.30 6.30 x 6.3 6.3 
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CA3 

g(nS) 

AMPA NMDA AMPA AMPA AMPA AMPA AMPA AMPA 

1.6e-4 1.6e-4 1.2e-4 2.2e-4 1.5e-4 1.05e-4 1.05e-4 1.05e-4 

τrise(ms) 0.50 2.30 2.00 2.00 2.00 2.00 2.00 2.00 

τdecay(ms) 3.00 100 6.30 6.30 6.30 6.30 6.30 6.30 

PC 

g(nS) 

AMPA AMPA AMPA AMPA AMPA AMPA AMPA 

4.2e-4 4.0e-5 7.0e-4 1.9e-3 2.0e-4 5.0e-4 5.0e-4 

τrise(ms) 0.10 0.30 0.07 0.11 0.30 0.50 0.50 

τdecay(ms) 1.50 0.60 0.20 0.25 0.60 3.00 3.00 

AAC 

g(nS) 

GABAA x x x x x x 

1.725e-3 x x x x x x 

τrise(ms) 0.28 x x x x x x 

τdecay(ms) 8.40 x x x x x X 

BC 

g(nS) 

GABAA GABAA GABAA GABAA GABAA GABAA x 

3.0e-4 1.2e-4 1.6e-3 2.9e-3 x 1.2e-3 x 

τrise(ms) 0.30 0.29 0.08 0.29 x 0.29 x 

τdecay(ms) 6.20 2.67 4.80 2.67 x 2.67 x 

BSC 

g(nS) 

GABAA GABAB GABAA GABAA GABAA GABAA x x 

7.65e-4 5.1e-4 6.0e-4 9.0e-3 5.1e-4 8.0e-4 x x 

τrise(ms) 0.11 35 0.29 0.29 0.29 1.0 x x 

τdecay(ms) 9.70 100 2.67 2.67 2.67 8.0 x x 

OLM 

g(nS) 

GABAA GABAB GABAA GABAA GABAA GABAA GABAA x 

4.5e-4 3.0e-4 1.2e-4 1.1e-3 1.1e-4 9.6e-4 1.2e-3 x 

 

 

τrise(ms) 0.13 35 0.73 0.25 0.60 0.25 x x 

τdecay(ms) 11.0 100 10.0 7.50 15.0 7.50 x x 

VCCK 

 

 

g(nS) 

GABAA GABAA x GABAA x GABAA x 

1.5e-4 7.0e-4 x 7.0e-4 x 4.5e-4 x 

τrise(ms) 0.70 0.43 x 0.43 x 0.43 x 
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 τdecay(ms) 7.10 4.49 x 4.49 x 4.49 x 

VCR 

 

 

g(nS) 

x x GABAA x GABAA x x 

x x 4.5e-2 x 1.68e-3 x x 

τrise(ms) x x 0.43 x 1.0 x x 

τdecay(ms) x x 4.49 x 8.0 x x 

SEP 

 

 

g(nS) 

x GABAA/B GABAA/B GABAA/B GABAA/B GABAA/B GABAA/B 

x 2.0e-4 8.0e-5 8.0e-4 0.1e-6 6.0e-4 2.0e-4 

τrise(ms) x 1/35 1/35 1/35 1/35 1/35 1/35 

τdecay(ms) x 8/100 8/100 8/100 8/100 8/100 8/100 

 


