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CHAPTER 1 – INTRODUCTION 

 Neuroscience attempts to better understand the function and behavior of neurons 

and networks in the brain and body. Computational neuroscience has grown as a research 

field to provide an important tool and aid in the study of neuroscience. Beginning with the 

work of Hodgkin and Huxley to study mathematical properties of ionic currents in a squid 

axon, mathematical models of neurons and their ionic currents have been extensively 

studied and developed. The mathematical models represent neurons as equivalent circuits 

to study their electrical properties. These neuron models can be combined into larger 

networks to study network behavior of biological structures. Computational models allow 

neuroscientists to test hypotheses much faster than physical experiments on biological 

cells, for example in changing parameters of neurons that would be very time consuming 

and difficult in biological experiments. These models can be used to make predictions to 

assist neuroscientists. Neuroscientists can use the predictions to focus their biological 

experiments to work more efficiently and have a higher rate of success in their experiments. 

Any results obtained in biological experiments can be used to make the model more 

accurate and improve its predictive value.  

 Models of biological networks allow neuroscientists to study biological systems in 

ways that biological experiments cannot. While single cell neuron models attempt to 

replicate the membrane potential and ionic current behavior of individual neurons, network 

models connect many individual cell models with synaptic connections to study the 

interaction and communication between cells in a biological system. Network models can 

simultaneously track and analyze the behavior of hundreds or even thousands of individual 

neurons and the synaptic connection activity between them. This gives neuroscientists 
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another tool to study complex biological systems to help understand the underlying 

mechanisms and functions of biological phenomena that take place in large biological 

structures. 

 The mathematical equations that describe these behaviors of the neurons and their 

ionic currents are often highly nonlinear and therefore do not have an analytical solution. 

Computer simulation must be used to simulate the ionic currents and cell potentials over 

time. Biologically realistic models select parameter values to match biological cell values 

in an attempt to reproduce the ionic currents and cell potentials as closely as possible to 

actual biological cell recordings. 

 This dissertation involves three studies of computational models at both the 

individual neuronal level and the network level. Each study is presented in the form of a 

stand-alone journal article as described below.  

 1. Generation and preservation of the slow underlying membrane potential in a 

model bursting neuron. A biophysical model of a class of slow-wave bursting cells with 

six active currents was developed to investigate and generalize correlations among 

maximal current conductances that might generate and preserve its underlying oscillation. 

The underlying oscillation of the membrane potential was divided into three phases: 

generation, maintenance, and termination. The contributions of this study include: i) 

suggestion that different current modules can co-regulate to preserve the characteristics of 

each phase, ii) co-regulation of a burst current and a potassium current within distinct 

boundaries maintains the dynamics during the generation phase, iii) co-regulation of a 

transient calcium and a delayed rectifier potassium current maintain the peak and duration 
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of the underlying oscillation, and iv) a calcium-activated potassium current ensures 

appropriate termination of the oscillation while adjusting duration independent of the peak. 

 2. Cellular and synaptic correlates of pattern formulation in a hippocampal model. 

We adapted a computational network model of the hippocampus to include biologically 

realistic conductance-based cells in CA3 and dentate gyrus (DG) regions. Single cell 

biophysical models were developed for principal cells and the two abundant interneuron 

types in CA3, basket cells (BCs) and for oriens lacunosummoleculare (OLM) interneurons. 

The network model included synaptic current dynamics, spatial connectivity patterns, 

short-term synaptic plasticity, and known effects of acetylcholine, and enabled an 

investigation into the cellular and synaptic correlates of pattern formation in CA3, when a 

specific pattern is projected from the entorhinal cortex (EC). The contributions of this study 

include: i) inhibition was found to be the dominant factor influencing the recruitment of a 

CA3 cell into a pattern, ii) differential connectivity and inhibitory dynamics between BCs 

and OLM cells enabled the former to control the recruitment of specific pyramidal cells 

into the CA3 pattern, and the latter to regulate pattern size, iii) BCs and OLM cells 

participate in a disynaptic inhibitory mechanism, and iv) biological realism in both 

connectivity and cell types also suggested that back-projections from CA3 to DG both 

stabilized patterns in CA3, and also helped increase pattern storage capacity in CA3.  

 3. Genesis of Hippocampal Theta Rhythm in a Computational Model. The 

mechanisms involved in the generation of hippocampal theta remain poorly understood. 

We have outlined the procedure to study the genesis of theta by adapting a computational 

network model of the rodent hippocampus. The model had biologically realistic 

conductance-based single cells models for principal cells and the two abundant interneuron 
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types in CA3 and dentate gyrus (DG) regions. The interneuron types were, basket cells 

(BCs) and oriens lacunosum-moleculare (OLM) interneurons, and the present study 

incorporated realistic gap junction and chemical synapse connectivity among and between 

these interneurons. The network model also included synaptic current dynamics, spatial 

connectivity patterns, short-term synaptic plasticity, and known effects of acetylcholine. 
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CHAPTER 2    

GENERATION AND PRESERVATION OF THE SLOW UNDERLYING 

MEMBRANE POTENTIAL OSCILLATION IN MODEL BURSTING NEURONS 

 

ABSTRACT  

  The underlying membrane potential oscillation of both forced and endogenous 

slow-wave bursting cells affects the number of spikes per burst which in turn affects 

outputs down-stream. We use a biophysical model of a class of slow-wave bursting cells 

with six active currents to investigate and generalize correlations among maximal current 

conductances that might generate and preserve its underlying oscillation. We propose three 

phases for the underlying oscillation for this class of cells: generation, maintenance, and 

termination, and suggest that different current modules co-regulate to preserve the 

characteristics of each phase. Co-regulation of IBurst (IB) and IA currents within distinct 

boundaries maintains the dynamics during the generation phase. Similarly, co-regulation 

of ICaT and IKd maintains the peak and duration of the underlying oscillation, while the 

calcium-activated IKCa ensures appropriate termination of the oscillation, and adjusts the 

duration independent of peak.  

 

 

INTRODUCTION 

  Ultimately the output of a given neuron type is most directly determined by the 

makeup and characteristics of voltage-gated ion channels inserted in the membrane at a 

given time. Yet neurons exhibit remarkably robust electrical behavior even when 

underlying biological parameters of the same cells in different individuals show a great 
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deal of variability (Golowasch et al. 1992; Swensen and Bean 2005; Schulz et al. 2006; 

Khorkova and Golowasch 2007). A compelling question from this phenomenon is how the 

individual components of biological cells possess variable underlying mechanisms and yet 

converge to generate highly similar functional output. One possibility is that different ionic 

conductances compensate for one another, and potentially are co-regulated, in order to 

maintain a particular output. For example, at the level of mRNA, quantitative single-cell 

PCR analyses on individual neurons of the stomatogastric ganglion (STG) revealed 

different sets of correlated ion channel mRNA levels in each class of identified neuron 

(Schulz et al. 2007), some of which have been demonstrated to hold true at the level of 

membrane conductance (Khorkova and Golowasch 2007), suggesting that cellular output 

in the STG may be determined in part by characteristic sets of correlated expression of ion 

channel genes and their subsequent ionic currents. This hypothesis is strongly supported 

by the fact that over-expression of a hyperpolarizing conductance (GA) in the pyloric dilator 

neuron of the STG leads to very little or no change in its activity via a compensatory 

upregulation of a depolarizing conductance (GH) (MacLean et al. 2003, 2005). These 

results suggest that positive co-regulation of GA and GH exerts a stabilizing force on 

bursting output in these cells, thus maintaining the cells in a parameter space that allows 

for appropriate activity. 

  Alternatively, there is evidence that when faced with more radical alterations to 

their output, cells can decouple these stabilizing mechanisms in order to regain, de novo, 

their patterns of activity.  For example, when STG neurons are cultured in isolation, they 

undergo dramatic changes in their firing patterns, from silent to tonic spiking until finally 

they recover a bursting phenotype (Turrigiano et al. 1995; Haedo and Golowasch 2006). 
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Underlying these changes in firing patterns are a negative relationship between 

depolarizing (GCa) and hyperpolarizing (GK) conductances (Olypher and Prinz 2010); GCa 

and GNa (depolarizing conductances) are up-regulated while GK (hyperpolarizing 

conductances) are down-regulated (Turrigiano et al. 1995; Haedo and Golowasch 2006).  

These results suggest that when forced into a parameter space that does not produce 

appropriate output, there is a decoupling of stabilizing co-regulation that allows cells to 

travel across parameter space to achieve bursting output.        

  Motivated by these biological phenomena, the present paper investigates common 

mechanisms for robustness of a particular characteristic of a class of slow-wave bursting 

cells, the ‘underlying membrane potential oscillation’. The underlying oscillation, which 

is revealed in the membrane potential trace if the spikes are removed (e.g., see Fig. 1), 

determines the number of spikes per burst for such cells, which in turn affects outputs 

down-stream, such as muscle actuation. We use a biophysical modeling approach to 

examine the parameter space that allows for such underlying oscillations, in order to 

determine both potential co-regulations among currents that might preserve this oscillation 

for slow-wave bursting cells, as well as how discrete boundaries may exist between 

conductances that shift a cell from oscillatory to other forms of firing.    

 

Underlying oscillation controls burst characteristics. Underlying oscillations can lead 

to bursting in both forced and endogenous bursters. In forced bursters, such oscillations are 

typically elicited in response to a synaptic stimulus, and are also referred to as ‘driver 

potentials’ by some authors (e.g., Tazaki and Cooke 1979). An underlying oscillation in 

such a cell is a graded depolarization from rest and re-polarization to rest of the cell on the 
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order of a few hundred milliseconds. The depolarization is typically 20-30 mV above the 

resting state. There are numerous mechanisms that cells use to generate a bursting 

phenotype (see Coombes and Bressloff (2005) and Izhikevich (2003, 2007) for 

comprehensive surveys). The classification of bursters using phenomenological models has 

been well studied. Izhikevich (2007) lists various types of fast-slow bursters for a class of 

such mathematical model systems. However, such a classification of bursters from an 

electrophysiology perspective is lacking presently. 

  Our primary test case in this modeling study, the large cell (LC) of the crab cardiac 

ganglion, is a motor neuron characterized as a forced burster that exhibits a typical driver 

potential profile. An underlying oscillation in the LC occurs with a depolarization driven 

mainly by Ca2+ currents and with repolarization driven by K+ currents (Tazaki and Cooke 

1979, 1986, 1990; Berlind 1982; Cooke 2002). Similar calcium currents have also been 

implicated in depolarization during bursting in lamprey spinal motorneurons (Grillner et 

al. 2001), and low-threshold calcium currents have been shown to be involved in the 

rhythmic activity of leech heart interneurons (Ivanov and Calabrese 2000). Bursts can be 

initiated by increased calcium or persistent sodium currents, or by decreased potassium 

currents, and a combination of these mechanisms is typically used (Harris-Warrick 2002). 

An initial study of the relationships of ion channel mRNA copy numbers revealed strong 

correlations in channel expression in LCs. Among these was a robust relationship between 

cacophony, which encodes a voltage-gated calcium channel, and shab, which encodes a 

delayed rectifier conductance (Tobin et al. 2009).  Based on these observations, Ball et al. 

(2010) used a computational model to show that co-variations in a potentially related set 

of ionic conductances (GCaT and GKd) preserves the peak and duration of driver potentials 
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of LCs in a crab cardiac ganglion. In our study, in addition to extending the investigation 

of co-variation to other conductances in the LC, we generalize this concept to two other 

types of slow-wave bursting neurons with distinct intrinsic underlying oscillations. The 

biophysical models reported in the present paper elucidate the development of the 

underlying membrane potential oscillation for such cells from a biologically realistic, i.e., 

electrophysiology, perspective.  

 

Hypothesis about phases of the underlying oscillation. The sum total of these 

experimental and modeling studies led us to hypothesize that the underlying oscillation for 

a slow-wave bursting cell has three phases: generation, maintenance, and termination, and 

that different currents or “modules” of currents are co-regulated to preserve the 

characteristics of each phase. Generation is the phase where the underlying oscillation is 

initiated, by a synaptic pulse for the forced case, and intrinsically for the endogenous case. 

The peak and duration of the oscillation are controlled during the maintenance phase. 

Termination (or repolarization) is the phase where the underlying oscillation ends and the 

membrane potential is brought back to its rest value.  

   We investigated whether distinct modules of ionic currents were primarily 

responsible for the different phases of generation, maintenance (of peak value and 

duration), and termination of the underlying oscillation, and if so, whether they co-varied 

to preserve the peak and duration of the underlying oscillation. We investigated these 

hypotheses using the LC model studied by our group (Ball et al. 2010), a forced burster 

cell that has six active currents IB, IA, INa, ICaT, IKd and IKCa, and a passive leak current. We 

then investigated whether the correlations were preserved for randomly selected points in 
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the LC maximal conductance parameter space, and then devised yet another strategy to test 

their validity. We considered the question “Would the correlations hold for other types of 

cells reported in the literature that expressed the same set of conductances?” This led us to 

consider example cases 2 and 3, the anterior burster (AB) neuron of the STG (Soto-Treviño 

et al. 2005) and the Aplysia R15 neuron (Bower and Beeman 1998), using models reported 

in the literature. 

 

METHODS 

  We considered two properties to characterize the slow underlying membrane 

potential oscillation, its peak and duration. The highest value of the membrane potential 

was defined as the peak of the slow underlying membrane potential oscillation. Duration 

of the oscillation was calculated, as in Tazaki and Cooke (1979), by extending lines down 

from the points of maximum rates of rise and fall of the oscillation, in the membrane 

potential vs. time plot. Duration was the time between the intersections of these two lines 

with the resting potential of the cell (Ball et al. 2010; fig SM1 in the supplementary 

material). In the endogenous cases, resting potential was taken to be the value of the 

membrane potential immediately prior to the upswing of an underlying oscillation. 

 

Example Case 1: The cardiac ganglion large cell (LC) is a forced burster, and a model with 

two compartments was developed using biological data (Ball et al. 2010). The soma 

compartment contained the following currents: two calcium currents - a persistent calcium 

current ICaS (referred to as the burst current IB in the following) and a transient calcium 

current ICaT; three potassium currents – an early transient potassium current IA, a delayed 
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rectifier potassium current IKd, and a calcium-dependent potassium current IKCa; and a leak 

current. The axon compartment contained the fast INa and IKd currents responsible for action 

potential generation. This model is described in more detail below. The effects of the 

sodium current INa were blocked to observe the dynamics of the underlying oscillation. 

There was no significant change in the shape of the underlying oscillation with INa present 

(data not shown; also seen somewhat in some figures in Cooke 2002) and so INa was 

blocked for ease of analysis. 

 

Example Case 2: The second example is an anterior burster (AB) neuron, an endogenous 

oscillator of the crab STG from Soto-Treviño et al. (2005). The AB model has two 

compartments, a soma and an axon. The soma contained all currents in example case 1 

(two calcium currents, three potassium currents, and the leak current), while the axon 

compartment contained the fast INa and IKd currents responsible for action potential 

generation. Again, blocking the sodium current had an insignificant effect on the shape of 

the underlying oscillation, and so this was continued for ease of analysis.  

 

Example Case 3: The third example case is an Aplysia R15 ‘regular burster’ cell that 

generates an endogenous, regular, pattern of bursts. It was modeled after the Aplysia R15 

cell at temperatures below 16°C, and it contained channel models taken from 

measurements on bursting neurons in Tritonia and Anisidoris (Bower and Beeman 1998). 

The model consisted of a single compartment that contained all of the currents cited for the 

soma compartment of the previous models, as well as a fast sodium current INa. INa was not 

blocked in this case to allow for activation of the high threshold current ICaT that otherwise 
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fails to activate at lower voltages. The burst current (IB) was a mixture of ICaS and INaP in 

this case, providing the underlying generation current, and so they were co-varied and 

considered as a single burst current IB for this example case. Since this model includes 

spiking, the underlying oscillation was obtained by filtering the high frequency spikes 

using a first order low-pass filter with a time constant of 0.5 sec. This filtered response 

(dashed line in Fig. 1C) was used to calculate peak and duration of the underlying 

oscillation. 

  We provide below the modeling details pertaining to example case 1, the LC. The 

models for the example cases 2 and 3 cells reported in the literature use the same form for 

membrane and current kinetics, and so are not reported here. The parameter values for 

example cases 2 and 3 were obtained from the literature, and can also be found in the 

supplementary material. 

 

Model of crustacean cardiac ganglion LC – Example Case 1  

  We use the LC model to illustrate the basic structure of the biophysical equations 

that have the same form for all example cases. In LCs, driver potential (underlying 

oscillation) generation and the associated conductances appear to be located in the soma, 

while action potentials are produced distally in the axon (Tazaki and Cooke 1979b). Studies 

of LCs have shown that an inward calcium current is responsible for depolarization in the 

driver potential (Tazaki and Cooke 1979a, 1979b, 1983b, 1986, 1990). Analyses of tail 

currents (Tazaki and Cooke 1990) revealed that calcium current inactivation occurs with 

two apparent time constants, a shorter time constant of 40 ms, followed by a longer time 

constant of 180 ms. Two types of calcium currents were implemented in the model to 
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reproduce this behavior: a persistent calcium current ICaS and a transient calcium current 

ICaT. Three outward potassium currents have been found in LCs (Tazaki and Cooke 1979a, 

1986): an early outward current IA, a delayed outward current IKd, and a calcium-dependent 

potassium current IKCa. The soma was modeled with these five active currents and a leak 

current. The axonal compartment was modeled with transient sodium current INa, IKd and a 

leak current to produce action potentials in response to depolarizing currents.  

  Eqns. 1 and 2 represent the membrane voltage equations for the two compartments 

of the LC, 

 (1) 

 (2) 

  where /  are the somatic/axonal membrane potentials, /  are the intrinsic 

currents in the soma/axon compartments; /  are the membrane capacitances of the 

soma/axon compartments; gLs/gLa, and ELs/ELa represent the leak conductance and reversal 

potential for the soma/axon compartments, and gc is the coupling conductance between the 

soma and the axon. The passive properties of the model were adjusted to reproduce the 

input resistance and resting potential of LCs recorded in vitro. The values for the leak 

conductance, membrane capacitance and cytoplasmic (axial) resistance are listed in Table 

1. 

 

Current kinetics. The cells in the crustacean cardiac ganglion share many similarities in 

form and function with those in the well-studied STG (Buchholtz et al. 1992; Golowasch 

et al. 1992; Turrigiano et al. 1995; Prinz et al. 2003; Prinz et al. 2004). Accordingly, 
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kinetics of the currents in the LC model and the ranges for maximal conductances were 

based on the current models in a database of model STG neurons (Prinz et al. 2003). The 

ionic current for channel i was modeled as , where gi is its maximal 

conductance, m its activation variable (with exponent p), h its inactivation variable (with 

exponent q), and Ei its reversal potential. The kinetic equation for each of the gating 

variables x (m or h) takes the form  

  (3) 

  where x∞ is the voltage- and/or calcium-dependent steady state and τx is the voltage-

dependent time constant. The maximal conductances for all ionic currents and the 

expressions for the gating variables x∞ and τx , were largely the same as in the STG database 

(Prinz et al. 2003), and are listed in Table 1. 

 

Calcium dynamics. Intracellular calcium modulates the conductance of the calcium-

activated potassium current and influences the magnitude of the inward calcium current in 

the LC (Tazaki and Cooke 1990). A calcium pool was modeled in the LC with its 

concentration governed by the first-order dynamics of Eqn. 4 (Prinz et al. 2003; Soto-

Treviñoet al. 2005), 

 (4) 

  where F=0.256 μM/nA is the constant specifying the amount of calcium influx that 

results per unit (nA) inward calcium current, and τCa represents the calcium removal time 

constant from the pool. Voltage-clamp experiments of the calcium current in the LC 

(Tazaki and Cooke 1990) showed the intracellular calcium buffering time constant to be 
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640 ms, and so this value was used for τCa. This calcium concentration was also used in the 

Nernst equation to determine the reversal potential for calcium currents, assuming an 

extracellular calcium concentration of 13 mM, at a temperature of 25°C, as used in 

electrophysiological experiments by Tazaki and Cooke (1979a, 1979b, 1979c).  

   As mentioned, example cases 2 and 3 also had the same currents as example case 

1, resulting in the same set of equations 1-4, albeit with different parameters and 

activation/inactivation functions (see supplementary material Tables SM1 and SM2). The 

activation values for the Aplysia R15 model were used in table form from experimental 

values (Bower and Beeman 1998). All the models have been validated by their authors 

(Bower and Beeman 1998; Soto-Treviño et al. 2005; Ball et al. 2010). For the present study, 

the models for all the example cases were developed using the General Neural Simulation 

System (GENESIS; Bower and Beeman 1998), with an integration time step of 10 µs. 

 

RESULTS 

Slow underlying oscillations in the nominal model  

  The nominal models of the three example cases produced underlying membrane 

potential wave forms with the following characteristics: the LC model had a peak of -31 

mV and a duration of 283 ms; the AB model had a peak of -27 mV and duration of 151 

ms; and the Aplysia R15 model had a peak of -38 mV and duration of 10.4 s. Figure 1A 

shows the plots of the LC currents that made up the underlying oscillation initiated after a 

current pulse of 40 nA for 20 ms (see Ball et al. 2010). The initial spike in the voltage and 

currents in Fig. 1A was a result of this current pulse. Note that the other two example cases 

are endogenous bursters and so do not require such input pulses. The underlying membrane 

potential oscillations and the corresponding currents for the AB and Aplysia R15 cells are 
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shown in Figs. 1B and 1C, respectively. The membrane potential in Fig. 1C exceeded 0 

mV at the peak of action potentials, but was cut off at -30 mV to focus on the underlying 

slow wave oscillation. The current plot in Fig. 1C was also zoomed in to the -50 to 50 nA 

scale to focus on the slow currents. 

 

Effects of maximal conductance variations of individual currents. We began our 

investigation of the effects of altering maximal conductances with the LC model. All five 

maximal conductances were varied individually to 0.5, 3 and 5 times their nominal value, 

to investigate the effect on duration and peak of the underlying membrane potential 

oscillation. Representative results for LC are shown in Fig. 2, where the small arrows 

indicate traces that represent silent and endogenous behaviors. Increasing GB from 0.5 to 5 

times its nominal value resulted in moving the cell progressively from not producing an 

underlying oscillation at 0.5 times the nominal value, to a forced burster at the nominal 

value, and then to an endogenous burster at 3 and 5 times nominal value (Fig. 2A). 

Changing only GA across the same range had exactly the opposite effect, i.e., increasing GA 

over this range moved the cell progressively from being a forced burster to not producing 

an underlying oscillation (Fig. 2B). Increasing only GCaT from 0.5 to 5 times its nominal 

value caused the peak to increase by 18% and the duration to decrease by 64%, as shown 

in Fig 2C. Actual values for peak and duration for the plots in Figs. 2A-2E are given in Fig. 

2F. Similar changes to GKd had exactly opposite effects to those of GCaT, i.e., increasing 

GKd from 0.5 to 3 times its nominal value decreased peak by 46% and increased duration 

by 175% (Fig. 2D). Increasing the conductance to 5 times its nominal value caused the cell 

to become silent. A cell was considered silent if the membrane potential did not rise more 
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than 10 mV above its ‘rest’ membrane potential. Finally, increases in only GKCa from 0.5 

to 5 times the nominal value had little effect on the peak, reducing it by only 3%, while it 

caused a decrease in duration of 34% (Fig. 2E). The results in Fig. 2 suggested pairs of 

currents that might oppose each other in their effects on membrane potential characteristics, 

which we then investigated as possible ‘modules’ subject to co-regulation. 

  The currents in the other example cases, the AB cell and the Aplysia R15 cell, 

exhibited similar characteristics, but both were endogenous oscillators at nominal 

conductance values. Peak and duration values for individual current conductance variations 

for the AB cell and the Aplysia R15 cell are shown in supplementary material Tables SM3A 

and SM3B respectively. In both cells, increasing only GA (to 1.5 times the nominal value 

for AB and to 4 times for Aplysia R15) caused the cell to cease endogenous oscillation. 

Decreasing only GB (to 0.5 times the nominal value for AB and to 0.2 times for Aplysia 

R15) also gave the same result. Increasing only GCaT across the same range (0.5 to 5 times 

the nominal) caused an increase in peak (AB: 29.6%, R15: 8%) and a simultaneous 

decrease in duration (AB: 60.9%, R15: 46.5%) for both AB and Aplysia R15 models. 

Increasing only GKd over the range caused both lower peaks (AB: 25.9%, R15: 2.9%) and 

shorter durations (AB: 45.7%, R15: 60.9%). In both models, increasing only GKCa reduced 

the duration (AB: 18%, R15: 51.2%) with a saturation effect, but with little effect on peak 

height (AB: 3.7%, R15: 5%). Decreasing only GKCa below nominal values lengthened the 

duration. These trends were similar to those seen for example case 1. 
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Role of current modules in various phases of the underlying oscillation of the LC 

  We first set out to exhaustively examine the role of the ionic conductances as 

combined units, or ‘modules’, in the generation, maintenance, and termination of bursting 

activity using one of our model cells, the LC of the cardiac ganglion.   

 

Generation of the underlying oscillation. Increases in only GB from 0.5 to 5 times its 

nominal value caused the LC to move from silent, to forced bursting, to endogenous 

bursting. The exact opposite behavior was observed when increases in only GA were 

considered, raising the question whether GB and GA might co-regulate to preserve the 

generation of the slow underlying oscillation. We hypothesized that the pair GB and GA act 

as the ‘generation module’, and thus we varied both the conductances proportionally, i.e., 

co-varied them, to investigate the effects on the underlying oscillation. 

  For the LC, which is a forced burster, the underlying oscillation had to be initiated 

by an input pulse that was sufficiently strong to activate IB which then began the generation 

of an oscillation. For the LC, a 40nA 20ms pulse was chosen for the plots in Fig. 3. Ball et 

al. (2010) showed that the underlying oscillation had similar peaks and durations even with 

variations in input stimulus amplitude. Since IA countered IB during the generation of the 

underlying oscillation, we investigated whether there was a boundary in the GB-GA 

parameter space to separate a forced burster from an endogenous one, and similarly, 

separated a forced burster from a “silent” cell (i.e., a cell that does not produce an 

underlying oscillation in response to a given input stimulus). Our investigation led to the 

finding of two characteristic boundary lines for the LC, as shown in Fig. 3A1 (note that the 

nominal model has a multiplier of 1 for GA and GB). Data points in Fig. 3A1 were generated 
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by specifying fixed values of either GA or GB, then increasing or decreasing the other 

conductance incrementally until the generation dynamics were changed. All other 

conductances were kept at nominal values. The solid upper line delineates the boundary 

between forced and endogenous oscillations, and the lower dashed line separates the forced 

bursters from the silent cells. For instance, if GB is increased from a point below this 

boundary to one above it, keeping GA constant, the cell will transition from a forced burster 

to an endogenous one. The upper boundary is not affected by the strength of the stimulus 

since the entire line is a bifurcation line (Izhikevich 2007) for the system as GB and GA are 

varied. The line separates endogenous from non-endogenous behavior and no stimulus is 

needed to generate oscillations above the line. If, on the other hand, the cell is located in 

the middle of the forced burster (meaning it is silent without an input stimulus) region and 

GA is increased keeping GB constant, the cell moves below the lower boundary line into the 

silent region where no oscillation can be initiated with the given input stimulus. 

  Increasing the input stimulus beyond the nominal value lowered the dashed line 

(and vice versa), as expected, since a stronger input pulse requires less GB to initiate the 

oscillation. Conversely, a larger GA is required to prevent the oscillation with a stronger 

pulse. Since IB is activated during the pulse, and is responsible for initiating the underlying 

oscillation, stronger pulses increasingly activated IB. If the input pulse is stronger, the 

underlying oscillation can be initiated with a smaller GB but more activated IB. Therefore, 

stronger input pulses lowered the boundary for initiation along the GB axis. Doubling the 

length of the input stimulus lowered the initiation boundary line by 14%, while a doubling 

of both length and magnitude of the stimulus lowered it by 36%.  
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  Examination of the effects of varying the other conductances revealed that GKd 

could be viewed as having a role in the ‘generation module’; higher multiples of GKd 

resulted in shifting the LC from a forced burster to a silent cell (Fig. 2D). To investigate 

the role of GKd in the generation of bursting, we added this conductance to the co-variance 

experiments with GB and GA.  While GKd was able to suppress bursting activity at high 

conductance values (> 4x multiplier), this conductance made no substantial impact on the 

boundary lines that separated the regions of generation (Fig. 3A2), and thus was not 

considered to be part of the generation module. The effect of GCaT was on the generation 

boundaries was also studied. As shown if Fig. 3A2, increasing GCaT from 1 to 5 times the 

nominal value did lower the endogenous boundary, but not substantially, and so this current 

was not considered to be part of the generation module. 

 

Maintenance of the underlying oscillation. Previous modeling experiments in the LC have 

shown that the peak and duration of the underlying oscillation can be preserved by ICaT and 

IKd (Ball et al. 2010). Our non-intuitive finding from examining the individual current 

conductance variations in Figs. 2C and 2D (see also 2F), indicated, in addition, that 

increasing only GCaT decreased the duration of the oscillation, and increasing only GKd 

increased it. To study the potential relationship between GCaT and GKd in preserving peak 

and duration of the oscillation, each was varied from 0.5 to 5 times its nominal values 

across the 2-dimensional space. 

  As cited, the nominal LC model produced an underlying membrane potential 

oscillation with a peak of -31 mV and duration of 283 ms. For comparison with biological 

ranges, in biological recordings from 79 cells, the oscillation duration had a mean of 250 
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ms with a SD of 50 ms, and the peak had a mean of -32 mV and SD of 3 mV (Tazaki and 

Cooke 1979b). This represents a SD of 20% of the mean for duration. Figures 3B1 and 3B2 

show the % changes in peak and duration values, respectively, as GCaT and GKd are varied 

from 0.5 to 5 times their nominal values (with all other Gi constant). The figures were 

generated using peak and duration data at every .5 multiple of GCaT and GKd in the two-

dimensional space. MATLAB was then provided the data at the grid points (shown by dots 

in the figures) and its contour plot utility generated the trends shown. The positive 

(negative) directional arrows indicate increasing (decreasing) peaks and durations. They 

show that a 1:1 variation might help preserve both features, with a deviation of 13% in 

peak and 7% in duration for a 5x increase in nominal values for both conductances.  

  How should the ratio of GCaT:GKd vary to best maintain the peak and duration of the 

oscillation? Our model experiments showed that this was dependent on the nominal 

biological values of the conductances. In the nominal LC cell, equal increases in both GCaT 

and GKd strengthened ICaT disproportionately, yielding larger peaks and shorter durations 

for the underlying oscillation. Using this insight, we were able to determine that a 1:1.1 

ratio in variations of GCaT:GKd best preserved the features (see Table SM4 in the 

supplementary material for numerical estimates). The ratio for co-regulation will thus 

depend on the relative strengths of GCaT and GKd at nominal values for different types of 

cells (see other example cases below). 

  We then investigated the relationship between peak and duration in a given 

maintenance phase of the underlying oscillation by performing a regression analysis on the 

outputs for the entire range of GCaT and GKd values. Figure 3C shows that peak and duration 

had an approximately linear inverse relationship when only GCaT and GKd were permitted 
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to vary over the two-dimensional space, i.e., higher peaks resulted in shorter durations and 

vice versa (R2 = 0.89).  This relationship can be explained by noting that higher peaks 

provided more Ca2+ influx, which led to faster and stronger termination via IKCa, as well as 

to faster inactivation of the depolarizing Ca2+ currents. This relationship allows for a 

prediction of the peak based solely on duration, or vice versa, assuming GKCa to be fixed. 

This also shows how GCaT and GKd can maintain the duration of the oscillation by 

controlling the level of depolarization, i.e., peak, for fixed values of GKCa, supporting our 

counter-intuitive prediction that higher peaks result in shorter durations. 

 

Termination of the underlying oscillation. Model experiments showed that IKCa was the 

main current in controlling termination of the oscillation for the LC, due to its dependence 

on calcium for activation. Without IKCa, the oscillation returned to the resting potential only 

after 603 ms, primarily due to the slow inactivation of ICaS. Although the GCaT-GKd module 

controlled both peak and duration as discussed in the previous section, GKCa was found to 

modulate the duration of the oscillation with little effect on peak (Fig. 3D). Larger GKCa 

promoted shortening of the duration, but with a saturation effect. Varying GKCa from 0.5 to 

5 times the nominal value resulted in the duration values changing from +16% to -24% of 

the nominal duration. Importantly, for any duration set by a fixed value of GKCa, the GCaT 

-GKd module could maintain that duration and peak if they co-varied in a particular 

proportion.  

  Although inter-burst interval is not considered in this study due to the fact that it 

depends additionally on synaptic inputs, it is noted that increasing GKCa may increase the 
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refractory period, i.e., it may extend the time elapsed before another successful oscillation 

can be generated with the same input stimulus.  

 

Conservation of generation, maintenance, and termination modules in other model 

bursting cells 

  After establishing the role of these ionic conductances in all phases of bursting 

output, we sought out, as cited, two other independent model neurons from the literature, 

the STG AB cell (Soto-Treviño et al. 2005) and the Aplysia R15 cell (Bower and Beeman 

1998) to determine whether these findings from the LC model applied to other types of 

bursting cells that had the same currents.   

Generation of the underlying oscillation. Our initial LC results indicated that GB and GA 

may form a module controlling the generation of the underlying observation. Further, we 

were able to establish boundary lines across conductance levels for GB and GA that 

governed the transition from silent cells to forced bursters to endogenous oscillators for the 

LC. Our results for AB and R15 were consistent with and extended these observations.   

 

Example case 2, AB cell:  For the AB cell, the nominal parameter values placed the 

endogenous burster in the upper region of the parameter space in Fig. 4A. A 5nA pulse for 

10ms was used for generating the boundaries below the ‘nominal’ point (large filled circle) 

in the figure. The amplitude of this stimulus was sufficient to initiate the oscillation and 

the duration of the pulse was 5-10% of the oscillation duration, similar to example case 1. 

As shown in the figure, we were able to replicate the finding of these boundary lines for 

the AB cell. In addition, the boundaries were steepest for this example case. Increasing the 
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input stimulus also altered the lower boundary in AB; doubling the duration of the input 

stimulus lowered the boundary line by 14%, while doubling both duration and magnitude 

lowered it by 28%.   

 

Example case 3, Aplysia R15 cell: For the R15 neuron, as expected, the parameter values 

also placed this endogenous burster in the upper endogenous region in the parameter space 

of Fig. 4A. Using the same logic as in example cases 1 and 2, a 40nA pulse for 250ms was 

used for generating the boundaries. The slopes of the boundaries were smallest in this case, 

indicating that a comparatively larger change in GA was needed to counter an increase in 

GB. Doubling the duration of the input stimulus lowered the lower boundary line by 21%, 

while doubling both duration and magnitude of the stimulus lowered it by 28%.   

  All three example cases had boundary lines with different slopes due to the 

differences in the maximal current conductances and kinetics for each of the models. 

Furthermore, individual adjustments to the other current conductances (GCaT, GKd and 

GKCa) did have some effect on the endogenous boundaries. At nominal conductance values 

for the other currents, increasing GKCa to 5 times nominal value raised the endogenous 

boundary line by only 3.3% and 5% respectively, for example cases 1 (LC) and 2 (AB). In 

example case 3 (R15), increasing it to 5 times nominal value raised the endogenous 

boundary by 445%. Increasing only GCaT to 5 times the nominal value shifted the 

endogenous boundaries down only by 23% and 9%, respectively, for LC and R15. For AB, 

an increase of GCaT to 5 times the nominal value caused the cell to become endogenous 

even with GCaS set to 0. Increasing only GKd to 5 times the nominal value shifted the 

endogenous boundaries up by 33% in LC, 289% in AB, and 9% in R15.  Thus, while GB 
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and GA appear to form a module to conserve the generation of bursting, the unique output 

of a cell is, as always, a mix of the total ionic conductances present at any given time.   

 

Maintenance of the underlying oscillation. Our initial LC analysis identified a 

relationship between GCaT and GKd that maintained the peak and duration of the underlying 

oscillation.  Our model experiments with the AB and R15 cells also yielded consistent 

findings. 

Example case 2, AB cell: The nominal AB model produced an underlying membrane 

potential oscillation with a peak of -27 mV and duration of 151 ms. For comparison with 

biological ranges, in biological recordings from isolated AB neurons, the oscillation 

duration had a mean of approximately 170 ms with a SD of ~20 ms, and with the peak 

amplitude had a mean of ~9 mV and SD of ~0.7 mV (Bal et al. 1988). This represents a 

SD of 12% of the mean for duration. Figures 5A1 and 5A2 show plots of the % changes in 

peak and duration values, respectively, as GCaT and GKd were varied from 0.5 to 5 times 

their nominal values (with all other Gi constant) for AB. These figures were generated in 

the same manner as Figures 3B1 and 3B2. Positive (negative) directional arrows indicated 

increasing (decreasing) peak heights and durations. Gray areas in Figs. 5A1 and 5A2 show 

cases where GKd was too large to allow normal endogenous oscillations. A 1:1 ratio of co-

variation for GCaT and GKd was found to result in a deviation of 65% in peak and 160% in 

duration with a 5x increase in nominal values for both conductances. In the nominal AB 

cell, equal increases in both GCaT and GKd strengthened IKd disproportionately. We found 

that a 1:0.5 ratio for GCaT:GKd best preserved the features of the underlying oscillation for 

the model AB cell (see Table SM5 in supplementary material for numerical estimates).   
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Example case 3, Aplysia R15 cell: The nominal Aplysia R15 cell model had an underlying 

membrane potential oscillation with a peak of -38 mV and duration of 10.4 s. For 

comparison with biological ranges, in biological recordings from n=7 R15 neurons, the 

oscillation duration had a mean of approximately 8.5 s with a SD of ~1.875 s, and the peak 

amplitude had a mean of ~8.5 mV and SD of ~0.6 mV (Coyer 1986).  This represents a SD 

of 22% of the mean for duration. Figures 5B1 and 5B2 show plots of the % changes in 

peak and duration values, respectively, as GCaT and GKd were varied from 0.5 to 5 times 

their nominal values (with all other Gi constant). These figures were generated in the same 

manner as Figures 3B1 and 3B2, i.e., positive (negative) directional arrows indicated 

increasing (decreasing) peak heights and durations. A 1:1 variation was found to result in 

a change of 8% in peak and 92% in duration for a 5x increase from nominal values of both 

conductances. Again, careful analysis revealed that a ratio of 1:0.35 in covariations for 

GCaT:GKd best preserved the output features (see Table SM6 in the supplementary material 

for numerical estimates) for the model R15 cell.  

  As in the LC example, we performed regression analyses on height vs. duration for 

the entire range of GCaT and GKd values, for AB and R15 model cells. For the Aplysia R15 

cell, we removed values where GKd was too strong because this prevented action potentials 

and so affected the activation of GCaT. Figure 4B shows that for AB and R15 cells, as with 

the LC, oscillation height and duration had an inverse relationship when only GCaT and GKd 

were permitted to vary independently across the two-dimensional space, i.e., higher peaks 

resulted in shorter durations and vice versa. R2 values were 0.71 and 0.87 respectively, for 

the AB and Aplysia R15 model cells.  
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Termination of the underlying oscillation. GKCa was found to modulate the duration of the 

oscillation without affecting peak in AB and R15 cells, as it did in the case of the LC. 

Larger GKCa promoted shortening of the duration, but with a saturation effect (Fig. 4C). 

Varying GKCa from 0.5 to 5 times the nominal value resulted in the duration values 

changing from +7% to -13% and +62% to -21% of nominal duration values for the AB and 

R15 cells, respectively. As in the LC case, for any duration set by a fixed value of GKCa, 

the GCaT -GKd module could maintain that duration and peak if they co-varied in the right 

proportion.  

 

DISCUSSION 

  Slow-wave bursting cells exhibit a characteristic underlying oscillation in their 

membrane potential. We investigated how maximal conductances of the active ionic 

currents might interact to preserve the peak and duration of such oscillations, for both 

forced and endogenous bursters. This led to the several findings related to the role of 

individual currents and current groups (modules) in shaping the characteristics of the 

phases of the oscillation. The LC and AB models are likely fold/homoclinic or ‘square 

wave’ bursters with the intracellular Ca2+ concentration as the slow resonant variable. Ca2+ 

builds up during the oscillation and the cell transitions back to resting through the Ca2+ 

gated activation of IKCa and the Ca2+ gated inactivation of IB. The time constant for IB is not 

‘slow’ for these two examples. However, for the R15 model the time constant of IB is ten 

times higher than those of the fast currents and so IB acts as an additional slow variable, 

leading to circle/circle or ‘parabolic’ bursting (Izhikevich 2007). Since the paper focuses 
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on insights from an electrophysiology perspective, these analytical issues have not been 

emphasized here. 

 

Characteristics of the slow-wave underlying oscillation 

Role of individual currents in shaping the underlying oscillation. Analysis of the effects of 

individual variations in maximal current conductances (e.g., Fig. 2, where the effects of 

varying individual current conductances are shown) showed that the peak and duration are 

not robust to changes in each conductance.  However, co-regulation of certain current 

‘module’ conductances was discovered to largely preserve the features of generation and 

to preserve its peak and duration. Based on an analysis of the individual currents during 

the slow wave underlying oscillation, and the effects of individual conductance variations 

as shown in Fig. 2, the role of the active currents involved in the underlying oscillation can 

be summarized as follows: IA countered IB during the generation of the oscillation, with 

ICaT taking over for the majority of the faster depolarizing dynamics of the oscillation. 

Depolarization activated IKd which then countered ICaT to control the peak of the oscillation. 

ICaT and IKd had similar effects but with opposite signs. Ca2+ buildup within the cell 

strengthened IKCa which terminated the oscillation by repolarizing the membrane potential.  

IKd decreased as the oscillation went down, while IKCa increased and IB inactivated. This 

implies that IKCa contributed to termination (together with inactivation of ICaT and IB) of the 

oscillation. It is noted that because INap may be involved in generation of the oscillation in 

some cells, it could be included in the term burst current IB in such an analysis. Individual 

current variations thus affect the dynamics of the underlying oscillation in different, yet 

somewhat related ways. 
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Peak and duration of an underlying oscillation are strongly related. Counter to intuition, 

it was found that increasing the hyperpolarizing current IKd lengthened the duration of the 

oscillation. It was also found that increasing the depolarizing current ICaT shortened the 

duration. Two reasons account for these phenomena. First, higher peaks occurred when the 

depolarizing current ICaT was stronger. This caused greater activation of Ca2+ currents 

leading to a larger buildup of calcium. This buildup, along with a higher voltage, led to 

stronger and quicker activation of IKCa, resulting in a faster termination of the oscillation. 

Second, higher peaks (voltages) also caused the depolarizing Ca2+ currents to inactivate 

earlier and cause quicker termination. On the other hand, increases in GKd caused lower 

peaks. Lower peaks caused less activation of the Ca2+ currents and less buildup of calcium, 

resulting in a later onset of the terminating IKCa current, and slower inactivation of the 

depolarizing Ca2+ currents. Thus, counter to intuition, stronger IKd lengthened the duration 

of the oscillation and stronger ICaT shortened it. Also, higher peaks were found to 

correspond to shorter durations, and vice versa. 

 

Separate current modules control different phases of the underlying oscillation 

  An underlying oscillation of a slow-wave bursting cell can be divided into three 

phases: generation, maintenance of peak and duration, and termination. Opposing currents 

with similar activations seem to pair together to control these separate phases. IB and IA 

form the generation module since, when varied individually, they act in opposite ways to 

control the generation of the oscillation. It is noted that the other currents do have an effect 

on the boundary lines as quantified earlier, but a key observation is that for fixed values of 
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those currents, IB and IA could always be co-varied to control generation of the underlying 

oscillation.  

  Similarly, ICaT and IKd form the maintenance module, i.e., they can be appropriately 

co-varied to preserve the peak and duration of the oscillation. These currents have faster 

dynamics and higher voltage activations, providing them with finer control for shaping the 

peak and duration of the oscillation, with ICaT promoting higher peaks and shorter 

durations, and IKd doing the opposite. Again, the other currents did affect peak and duration 

values, but with those fixed, co-variation of only ICaT and IKd was found to preserve peak 

and duration of the oscillation. 

  IKCa was found to act as a termination module due to its calcium-dependent 

activation. The activation of IKCa occurred only after calcium build-up during the 

depolarized phase of the oscillation. Hence, it became active only during the termination 

phase and had little effect on the early dynamics. Although IKCa did affect the duration of 

the maintenance module to a limited extent, it had little effect on peak. It is not considered 

a part of the maintenance ‘module’ since it cannot be co-varied with either GCaT or GKd to 

maintain both duration and peak height, has a saturation effect in its limited ability to 

shorten the duration, and alters other properties such as after-hyperpolarization (AHP). 

Moreover, as cited, it was found that for any fixed GKCa, GCaT and GKd can be co-varied 

appropriately to maintain the peak and duration of that oscillation, indicating that GKCa 

plays only a secondary role during the maintenance phase. In summary, IKCa can be viewed 

as semi-independent of the other modules with its primary role being termination of the 

oscillation. 
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  Once the correlations were determined in the LC model for the baseline case, we 

questioned whether the correlations were general and held throughout the conductance 

space. As cited earlier, in addition to investigating whether the correlations were preserved 

for randomly selected points in the parameter space, we devised a different strategy to test 

their validity. We considered example cases 2 and 3, the AB cell and the R15 cell, both of 

which had the same set of conductances. 

  To investigate whether the correlations would hold at other locations in the 

parameter space for the LC model, we considered several widely-separated points in the 

maximal conductance space. For the GCaS-GA generation boundary, four points were 

considered: (1x GCaT, 1x GKd, 1x GKCa), (5x GCaT, 1x GKd, 1x GKCa), (1x GCaT, 5x GKd, 1x 

GKCa), and (5x GCaT, 5x GKd, 1x GKCa). Here Gi represents the nominal value of the 

conductance i. The correlation did hold at each point and also the boundary did not deviate 

by more than 33% for any of these tested points. This boundary was also found to deviate 

very little for maximal changes in GKCa, less than 4% difference for 5x GKCa. Since the 

boundary was found to exist for maximal changes in each of the conductances, as well as 

in the maximal two-dimensional space of GCaT and GKd, without drastic changes to the 

boundaries for any of these conditions, we feel that the GCaS-GA module will hold for any 

set of GCaT, GKd, and GKCa.  

  Further, the coregulation of GCaT with GKd to preserve the duration and peak was 

also found to hold for variations in the other three parameters. Three random points from 

the parameter space were selected: (1.25x GCaS, 1x GA, 1x GCaT, 0.8x GKd, 1.5x GKCa), 

(1.75x GCaS, 2x GA, 1x GCaT, 0.75x GKd, 0.5x GKCa), (2.5x GCaS, 3.5x GA, 1.6x GCaT, 2.5x 

GKd, 5x GKCa). Our finding is that a ratio between GCaT and GKd, albeit different for different 
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sets of parameters, can be found that preserves the duration and peak of the underlying 

oscillations. For all three random points in the parameter space, we were able to find 

appropriate ratios that preserved the characteristics. Since the insight is also based on the 

similarities of the current kinetics (shapes of the activation/inactivation curves and time 

constants), we believe it is general enough and should hold for other points in the 

conductance space. 

  The current IKCa does not activate until the end of the oscillation after enough 

calcium has accumulated inside the cell. For each of the points chosen, we consistently 

found that IKCa shortened the duration without any significant effect on the peak of the 

underlying oscillation. So, random sampling of points in the multi-dimensional space for 

the LC model indicates that the GCaS-GA generation boundary is present for other points in 

the (GKd, GCaT, GKCa) space, and that it is possible to find a ratio of GKd to GCaT for other 

points in the (GCaS, GA, GKCa) space that preserves duration and peak of the oscillations. 

The generation boundaries and the GKd to GCaT ratios themselves do vary depending on the 

other parameters, but they have been shown to exist for all points where the cell is not 

silent. As cited, the kinetics of the activation and inactivation curves for the currents 

involved also support the existence of these correlations. These correlations were then 

found to hold for example cases 2 and 3 also. Thus, we conclude that distinct currents or 

modules of currents largely control the different phases of the underlying oscillation for 

such slow wave bursters, with GB and GA controlling generation, GCaT and GKd controlling 

maintenance of peak and duration, and GKCa primarily controlling termination.            
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The GB-GA parameter sub-space has characteristic ‘functional’ boundary lines 

  Model experiments revealed that the GB-GA parameter subspace was divided into 

three separate functional regions, by two characteristic boundaries: an upper region where 

the parameter values led to an endogenous oscillation, a middle region where forced 

oscillations occurred such that the cell was silent (i.e. does not produce an underlying 

oscillation) until an appropriate input stimulus caused an oscillation, and a lower region 

where the cell did not produce an oscillation irrespective of the stimulus strength. Changes 

in the other conductances (GCaT, GKd, and GKCa) had an effect, albeit minor, on either the 

location or the overall shape of the characteristic boundaries. The leak current may appear 

to play a role similar to that of the burst current in the generation module, in some cases. 

However, we feel that is should not be grouped with IA in the generation module for several 

reasons. Firstly, Ileak switches between being an inward or outward current due to its 

reversal potential being close to the ‘rest’ for both AB and R15 cells, whereas IA is always 

an outward current. Thus, in the AB and R15 models, Ileak assists IB with depolarization 

during the early part of the ‘rest’ phase but then assists IA in hyperpolarizing the cell prior 

to the upswing of the membrane potential. Kuznetsova et al (2010) report that in 

dopaminergic neurons, A-type potassium currents can increase the firing frequency of 

pacemaking neurons, if the conductance is reduced. We find a similar result for all three 

model cases in that the inter burst interval decreases as GA is reduced. However, reducing 

Gleak actually prolongs the amount of time until the initiation of an oscillation in the AB 

and R15 models, playing an exactly opposite role. Secondly, Ileak is not an active current. 

For that reason, Ileak can only increase linearly with membrane potential changes. Ileak is 

thus not capable of countering the rapidly increasing nonlinear activation of IB during the 
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generation phase. However, IA also has a nonlinear activation curve that increases rapidly 

around ‘rest’, making it an ideal candidate to counter IB.  To prevent a forced oscillation 

by an input current injection in the LC, it was found that the % increase in Ileak had to be 

2.3 times that of the % increase in GA. To prevent endogenous oscillation in the other 

models, it was found that the % increase in Ileak had to be ten times that of the % increase 

in GA for the AB model (1.25 times for the R15 cell), showing that IA correlates much more 

strongly with IB, compared to Ileak.  Thirdly, Ileak is persistent and so affects other phases of 

the oscillation more compared to the rapidly inactivating IA. This means that increases to 

GA will alter primarily the generation module, but increases to Gleak can affect the entire 

course of the oscillation, including the AHP.   

  We thus find that the mechanism delineating endogenous oscillating, forced 

bursting, and non-bursting is most directly attributable to the relative contributions of GB 

and GA.   Furthermore, these conductances can co-vary to maintain generation of the 

underlying oscillation, a feature that may explain similar variability in conductances 

reported in recent studies (Ball et al. 2010). 

 

GKd and GCaT can co-regulate to maintain peak and duration  

  For slow-wave bursting cells with the active currents cited, a proportional ratio 

could always be found for GCaT and GKd such that the peak and duration of the underlying 

oscillation were preserved by co-regulating the two conductances in that ratio. For example 

case 1 (LC), a GCaT:GKd ratio of 1:1.1 best preserved the peak and duration values, 

indicating that the strength of ICaT was comparable to that of IKd. Remarkably, this ratio is 

consistent with the relationship in mRNA copy number for two channels that may 
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contribute to this relationship, cacophony and shab (Tobin et al. 2009).  However, the 

precise relationship between mRNA copy number and conductance is unknown for these 

channels. For example cases 2 and 3 (AB cell and the Aplysia R15 cell), IKd was stronger 

compared to ICaT when each conductance was varied in the similar proportion from its 

nominal value. So, a near 1:1 co-regulation did not preserve the peak and duration in this 

case, with positive changes resulting in lower peaks and longer durations. However, co-

regulation in GCaT:GKd in ratios of 1:0.5 and 1:0.35 respectively, for the AB cell and Aplysia 

R15 cell, ensured that the peak and duration were preserved. These results are consistent 

with those reported for channel mRNA; different cell types of the STG often have similar 

correlations among channel mRNA levels that differ in the slope of their relationship 

(Schulz et al. 2007). Therefore, even with different activation curves and conductances for 

the currents in the three example cases, co-regulation of GCaT and GKd can preserve the 

peak height and duration of the underlying oscillation in all the cases.  

 

CONCLUSIONS 

  If compensatory mechanisms exist to stabilize or regenerate the output of neurons, 

then a balance must be struck between stabilizing mechanisms and those that initiate 

processes of plasticity for recovery of output.  Evidence of stabilizing mechanisms has 

been documented at multiple levels.  For example, STG neurons collected from intact 

networks with ongoing activity show distinct correlations at the level of both ion channel 

expression (Schulz et al. 2007) and membrane conductance (Khorkova and Golowasch 

2007). Furthermore, when an STG cell with intact ongoing activity is challenged with an 

over-expression of a hyperpolarizing conductance (GA), it is able to maintain its output by 
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a complementary upregulation of a depolarizing conductance GH (MacLean et al. 2003, 

2005). Thus, evidence for co-regulation of conductances to stabilize or maintain output 

exists to justify this line of thought.  However, when the output of a cell is changed 

dramatically, there appear to be plasticity mechanisms that override these stabilizing forces 

to recover rhythmic activity.  For example, when an STG neuron is isolated in cell culture, 

it undergoes a series of changes in firing pattern ranging from tonic spiking to silent before 

recovery of bursting is obtained (Turrigiano et al. 1995; Haedo and Golowasch 2006).  

These mechanisms include an increase in inward currents such as calcium currents and a 

decrease in outward potassium currents (Turrigiano et al. 1995; Haedo and Golowasch 

2006).  In a modeling study of the functional recovery of STG neurons, a full account of 

the regulation was found in the case of correlated or anticorrelated changes of the maximal 

conductances of the calcium and potassium currents (Olypher and Prinz 2010). Thus, these 

two classes of maintenance of output, stabilization and recovery, may represent changes in 

the relationship among currents from co-variation to independent or inverse regulation.   

  Our study identifies potentially conserved ‘modules’ involved in different phases 

of output conservation. In addition, we identify boundaries amongst these relationships that 

divide the output of these cells into endogenous oscillating, forced bursting, and silent (not 

producing underlying oscillations). These modules allow for targeted hypothesis 

generation for examining potential regulatory mechanisms. For example, if a cell loses its 

ability to generate bursting, this may represent disruption in the relationship of GB and GA. 

In this case, as with the cultured STG neurons, the cells seem to shift into the “silent” phase 

of the generation module boundary. One possible mechanism towards recovery of bursting 

activity could be an uncoupling of compensatory co-regulation of the generation module, 
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so that the cell can once again cross boundaries (by upregulating GB and/or downregulating 

GA) and re-enter the oscillating zone (see Fig. 3A1 for example boundary regions).   

 

Limitations. The present study has some limitations that should be noted. First, 

preservation of the underlying oscillation in a biological cell may not simply entail 

balancing maximal conductances, but may also result from post-translational mechanisms 

modifying channel kinetics. While compensatory changes that stabilize neuronal output in 

the absence of changes in channel kinetics have been demonstrated in Drosophila neurons 

(Peng and Wu 2007), homeostatic regulation may occur at multiple levels of processing. 

Second, our model assumes co-localization for all conductances known to generate the 

underlying oscillation. However, little is known about functional compartmentalization of 

channel types in these cells. The study considers a class of bursters with six active currents, 

and future studies could explore co-regulation features in other types of bursting cells.  

Also, the reported models and analyses can be extended to include post-translational and 

other relevant mechanisms as they become better understood biologically, and can then be 

used to study their effect on preserving output function.  
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Table 1. Biophysical details of example case 1 (cardiac ganglion LC) 

 

1A: Model parameters. 

 

Current Parameters 

 
Soma Axon 

Gmax (mS/cm2) 

 
Erev (mV) Gmax 

(mS/cm2) 

Erev (mV) 

INa -- -- 600 50 

IKd 190 -73 200 -73 

IA 90.25 -73 -- -- 

IKCa 40 -73 -- -- 

IB 6.83 Nernst -- -- 

ICaT 2.4 Nernst -- -- 

ILeak 0.04 -55 0.04 -55 

Other Parameters 

Surface Area 8.88 x 10-3 cm2 0.98 x 10-3 cm2 

 Capacitance 2.35 µF/cm2 2.13 µF/cm2 

Base [Ca2+]in 0.5 µM -- 

 640 ms -- 

 0.256 µM/nA -- 

Raxial 1.5 MΩ -- 

   

2Ca


2Ca
F
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1B: Gating functions for these currents. 

Iion xp x∞ (V in mV, [Ca] in µM) τx
 ms, (V in mV) 
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FIG. 1. The underlying membrane potential oscillations and corresponding currents for the 

three example cases:  A. Large Cell (LC) of the crustacean cardiac ganglion, B. Anterior 

Burster (AB) cell of the crustacean stomatogastric ganglion, C. R15 cell of the Aplysia 

abdominal ganglion. The voltage trace has been cut off at -30 mV for the Aplysia R15 cell 

to magnify the underlying oscillation. The current trace has also been cut off at -50 nA and 

50 nA for the Aplysia R15 cell to magnify the slow currents. 
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FIG. 2. The underlying membrane potential oscillations resulting from variations in 

conductance of each of the individual currents in the LC. Values shown are 0.5x, 1x, 3x, 

and 5x of the nominal conductance values. A. GB, red arrow denotes silent behavior for 

0.5x case, blue and green arrows denote endogenous oscillatory behavior for 3x and 5x 

cases. B. GA, blue and green arrows denote silent behavior for 3x and 5x cases. C. GCaT D. 

GKd, green arrow denotes silent behavior for the 5x case. E. GKCa. F. Peak and duration 

values for individual conductance variations shown in plots A-E. 
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FIG. 3. Relationships among conductances in the proposed modules for the LC.  

A1. Characteristic GB -GA boundaries. Upper boundary (solid line) represents the transition 

from endogenous oscillation to forced bursting, and lower boundary (dashed line) is the 

transition from forced burster to silent cell (i.e., does not produce an underlying 

oscillation).  X-axis is the conductance multiplier for variation from the nominal values of 
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GA, and Y-axis is the conductance multiplier for variation from nominal values of GB. 

Nominal model values are at 1,1 of the x-y axes. 

A2. Co-variation of GB -GA preserves the shape of the upper boundary of Fig. 3A1 even 

with variations in GKd (3
rd axis) and GCaT (top surface is 1x nominal GCaT, while the lower 

surface is 5x nominal GCaT value; GKCa is 1x for both surfaces).   

B. Change in peak (B1) and duration (B2) of the underlying oscillation, with variations in 

GCaT and GKd from 0.5 to 5 times the nominal value (other Gi at nominal values). Percentage 

change from nominal values of peak and duration are indicated by the color map. Grey 

areas in the figure indicate conductance pairs that did not produce a proper underlying 

oscillation. Positive (negative) directional arrows indicated increasing (decreasing) peak 

heights and durations. 

C. The peak of the underlying oscillation varied inversely with duration when GCaT and 

GKd were varied individually across a 0.5x to 5x range of their nominal (in bold) values. 

D. Relationship of duration and peak as GKCa is varied, with all other Gi held at nominal (in 

bold) values. 
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FIG. 4. Relationships among conductances in the proposed current modules for the AB cell 

and Aplysia R15 cell also follow the same pattern as found for the LC.  

A. Characteristic GB -GA boundaries. Upper boundary (solid line) represents the transition 

from endogenous oscillation to forced bursting, and lower boundary (dashed line) is the 

transition from a forced burster to a silent cell (i.e., does not produce an underlying 

oscillation).  X-axis is the conductance multiplier for variation from the nominal values of 

GA, Y-axis is the conductance multiplier for variation from nominal values of GB. Nominal 

model values are at location (1,1). 

B. As in Figure 3C, the peak of the underlying oscillation varied inversely with duration 

when GCaT and GKd were varied individually across a 0.5x to 5x range of their nominal (in 

bold) values, for the AB and Aplysia R15 example cells also. 

C. The variation of duration with GKCa, with all other Gi held at nominal (in bold) values, 

followed a similar pattern to that for the LC (Fig. 3D). 
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FIG. 5. The changes in peak and duration of the underlying oscillation in AB and Aplysia 

R15, with variations in GCaT and GKd from 0.5 to 5 times their nominal value (other Gi at 

nominal values), followed a similar pattern to that found in the LC. Percentage change from 

nominal values of peak and duration are indicated by the color map. Positive (negative) 

directional arrows indicated increasing (decreasing) peak heights and durations. Grey areas 

in the figure indicate conductance pairs that did not produce a proper underlying 

oscillation: A1. AB cell Peak; A2. AB cell Duration; B1. Aplysia R15 cell Peak; B2. 

Aplysia R15 cell Duration. 
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CHAPTER 3 

CELLULAR AND SYNAPTIC CORRELATES OF PATTERN 

FORMATION IN A HIPPOCAMPAL MODEL 

 

ABSTRACT 

 The hippocampus processes contextual information that likely involves both place 

awareness and episodic memory. We studied the underlying mechanisms in hippocampal 

memory formation by adapting a computational network model of the rodent hippocampus 

to incorporate biologically realistic conductance-based cells in CA3 and dentate gyrus 

(DG) regions. Single cell biophysical models were developed for principal cells and for the 

two abundant interneuron types in CA3, basket cells (BCs) and oriens lacunosum-

moleculare (OLM) interneurons. The network model included synaptic current dynamics, 

spatial connectivity patterns, short-term synaptic plasticity, and known effects of 

acetylcholine. The model was then used to investigate the cellular and synaptic correlates 

of pattern formation in CA3 when a specific pattern was projected from the entorhinal 

cortex (EC). Multiple analyses suggested that inhibition was the most significant factor 

influencing the recruitment of a CA3 cell into a pattern. The normalized relative 

importance of the afferents in influencing this recruitment was as follows: 1 for inhibition, 

0.65 for EC, 0.49 for DG, and 0.07 for the CA3 recurrent collaterals. Furthermore, 

differential connectivity and inhibitory dynamics between BCs and OLM cells was found 

to enable the former to control the recruitment of specific pyramidal cells into the CA3 

pattern, and the latter to regulate pattern size. Analysis also revealed the participation of a 

disynaptic inhibitory mechanism in this recruitment. Finally, biological realism in both 

connectivity and cell types suggested that back-projections from CA3 to DG both stabilized 
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patterns in CA3, and helped increase pattern storage capacity in CA3 by 16%. This first 

fully biologically-based network model of the hippocampus also provides a test-bed for 

studying phenomena such as genesis of oscillations that are thought to require models with 

high fidelity. 

 

INTRODUCTION 

 The hippocampus has long been implicated in memory storage and retrieval. 

Through the process of memory retrieval, termed “pattern completion”, the CA3 region of 

the hippocampus aids in the retrieval of previously learned memory traces even from partial 

cues or noisy inputs (Marr 1971). In contrast, the dentate gyrus (DG) functions to separate 

neural representations of similar memories, via a different circuit, to optimize their storage 

and later retrieval (Marr 1971); for review, see Hunsaker and Kesner 2013). Computational 

models of pattern separation and completion in the hippocampus have provided an 

important conceptual framework to study the underlying mechanisms (Hasselmo et al. 

1995; Treves and Rolls 1992) and several of their predictions have been validated 

experimentally (Leutgeb et al. 2007; Neunuebel and Knierim 2014; Rolls and Kesner 

2006). The differential roles for CA3 and DG have inspired a formulation that divides the 

major synaptic pathways in this circuit as either biasing the circuit towards pattern 

completion or separation. For example, the input from the entorhinal cortex (EC) to CA3 

has been theorized to provide sufficient plasticity to store patterns and allow their later 

retrieval (pattern completion), while the connections from DG to CA3 have been theorized 

to transmit separated representation of memory patterns to CA3. More recently, there has 

also been interest in the role of the previously neglected back-projections from CA3 to DG 
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(Myers and Scharfman 2011). This projection has been theorized to enhance the ability of 

the network to perform pattern separation, but has not been fully characterized (Myers and 

Scharfman 2011).  

 Locally in CA3, the recurrent excitatory connections have been associated with 

memory retrieval or pattern completion, with many computational studies employing 

recurrent local connectivity to store patterns of neuronal activity. Inhibitory pathways, 

however, have not been as well examined. Previous modeling studies used generic forms 

of inhibition, and only a few explicitly modeled interneurons (Cutsuridis et al. 2010; Kunec 

et al. 2005) and these did not study their specific roles. Nonetheless, hippocampal 

interneurons display substantial heterogeneity in terms of their connectivity patterns and 

temporal dynamics, and likely contribute differentially to memory formation.   

 While there seems to be consensus about the interactions between the various 

hippocampal regions at the population level, the relative contribution of the excitatory and 

inhibitory mechanisms to the dynamics during pattern formation remains unclear. 

Moreover, the interplay of multiple cell types in a distributed circuit makes it difficult to 

unravel the roles of such interactions in experiments. A computational model knows no 

such limitations. We developed a biologically realistic network model of the CA3 and DG 

regions of the rodent hippocampus that included pyramidal neurons (PNs) and two 

interneuron types. The model was developed by matching biological data including 

neuronal firing patterns, synaptic dynamics, short-term synaptic plasticity, 

neuromodulatory effects, and the three-dimensional organization of the regions. Dissection 

of the neural pathways of the network replicated findings from previous theoretical models 

on the role of major hippocampal pathways in pattern completion and separation. The 
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present model provided several new insights into the hippocampal mechanisms during 

pattern formation in CA3, including the contributions of specific excitatory and inhibitory 

connections. Inhibition was found to be the most important factor in determining which 

CA3 PN was recruited into a pattern. Furthermore, the model suggested differential roles 

for BCs and OLM cells in pattern formation, with BCs being more closely involved in 

recruiting a particular CA3 PN into a CA3 pattern (i.e., cell assembly selection) and OLMs 

in stabilizing the general network activity. Finally, we found support for the hypothesis 

that back-projections from CA3 to the dentate gyrus enhance pattern separation (Myers 

and Scharfman 2011), and also quantified the corresponding increase in storage capacity 

in CA3. 

 

METHODS 

 We developed a network model of the rodent hippocampus in a prior study using 

Izhikevich single cell models, synaptic currents, spatial connectivity patterns, short- and 

long-term plasticity and known neuromodulator effects (Hummos et al. 2014). The model 

included CA3 and DG regions that received inputs from EC. The present study used the 

same model, except for replacing the Izhikevich single cell models with biophysical 

conductance-based models matched to biological data. We provide information related to 

the single cell models followed by an overview of the network model and key features. The 

reader is referred to our previous study for details, including a complete listing of other 

parameters (Hummos et al. 2014). The model, developed using the package NEURON 

(Carnevale and Hines 2006), will be made available upon publication via the public 

database ModelDB (http://senselab.med.yale.edu/ModelDB/).   
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Single cell models 

 Single neurons were modeled using the Hodgkin-Huxley formulation (Byrne et al. 

2014) and included multiple compartments with known currents and neuromodulator 

receptors. CA3 model cells included PNs and the two most abundant interneuron types, 

BCs and OLM cells (Vida 2010). DG model cells included granule cells, BCs, and Hilar 

Perforant Path-associated (HIPP) cells. All model neurons were matched to the salient 

features reported in biology. CA3 PNs fire in bursts of 2-3 action potentials as well as 

individual spikes (Tropp Sneider et al. 2006). These PNs respond to current injections with 

an initial burst followed by either silence or tonic firing at different frequencies (Brown 

and Randall 2009; Hemond et al. 2008) and are also capable of bursting in response to a 

very short (2-5 ms) current pulse with a burst of action potentials that out-live the stimulus 

(Brown and Randall 2009; Wong and Prince 1981). Model CA3 PNs had a resting potential 

of -75 mV, input resistance of 80 MΩ and time constant of 21 ms. Parvalbumin-positive 

basket cells (BCs) are characterized by fast spiking patterns and a small membrane time 

constant (~10 ms) and little spike frequency adaptation (Bartos and Elgueta 2012). The cell 

model had these characteristics, with a resting potential of -64 mv and firing rate vs. current 

injection relationship that matched data in Buhl et al. (1996). OLM cells have a high input 

resistance (496 MΩ) and slow membrane time constant (71 ms) (Lawrence et al. 2006). 

Action potentials are followed by a characteristic long-lasting, slow after-hyperpolarization 

with rebound spikes occurring commonly on repolarization. Model OLM cells captured 

these characteristics, and had a resting membrane potential of -68 mv (Ali and Thomson 

1998). OLM model cells were also tuned to produce the observed slow AHP, rebound 

spikes and the characteristic sag with negative current injections. Granule cells in DG 
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display a very low basal firing rate in vivo with an average < 0.5 Hz, and bursts shorter 

than those in CA3 cells (Jung and McNaughton 1993). These cells predominantly fire in 

single spikes with spike frequency adaptation (Staley et al. 1992). DG model cells had 

resting membrane potential of -73 mV (Staley et al. 1992) and matched biological data 

including passive properties and responses to current injections (Staley et al. 1992). 

Interneurons in DG used the same BC model and used the OLM model for HIPP cells 

(Katona et al. 1999). A complete listing of the parameters for the four single cell models 

described above can be found in Appendix tables 1A-1C. 

 

Network structure and connectivity 

 Typical of network models of brain regions, the network model was a scaled down 

version of the numbers of neurons in the rat hippocampus (Hummos et al. 2014; Li et al. 

2011). The CA3 region contained 63 pyramidal cells, and 8 BCs and 8 OLM cells, while 

the DG region had 384 granule cells, 32 BCs and 32 HIPP cells (Fig. 1A). The number of 

cells in each region was selected keeping the ratio between population cell numbers as 

close to biology as possible.  

 Model cells in CA3, DG and EC were distributed in three dimensions, 

corresponding to the rat hippocampal morphology. Perforant path projections from EC 

follow a lamellar organization across a longitudinal axis of the hippocampus (Naber et al. 

1997; Witter 2010), and projections from DG to CA3 follow a similar longitudinal 

organization (Hummos et al. 2014). Projections from EC to pyramidal cells and BCs in DG 

and CA3 were most likely to project to neurons in the center of their longitudinal 

neighborhood, using a Gaussian connection probability function that depended on the 
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longitudinal distance between cells. The Gaussian function had a peak probability value of 

0.4 for projections from EC to pyramidal cells and BCs in CA3. EC projections to DG had 

similar values. Mossy fiber projections from DG to CA3 followed a similar lamellar pattern 

as of EC to CA3 and EC to DG projections. Each DG granule cell connected to a maximum 

of two CA3 pyramidal neurons (Rolls and Kesner 2006), in order to create sparse MF 

connections. Previous studies have determined that projections from DG granule cells to 

CA3 BCs out-number projections to CA3 pyramidal neurons by a ratio of 10:1 (Acsády et 

al. 1998). Accordingly, DG projections to BCs followed a Gaussian distribution with a 

higher peak probability and standard deviation than projections from DG to CA3 PNs. 

Recurrent connections between CA3 PNs were generated with a fixed probability of 0.3, 

since these recurrents generally reveal limited spatial organization (Wittner et al. 2007). 

 OLM cells make many more synapses compared to BCs (Fig 1B; Sik et al. 1995), 

but have limited axonal arborization, and are believed to participate in feedback inhibitory 

loops (Maccaferri 2005). BCs have a more diffuse axonal arborization with higher 

likelihoods of connecting to pyramidal cells in the vicinity of the BCs (Sik et al. 1995). 

BCs also provide inhibitory connections to neighboring OLM cells (Bartos et al. 2010), but 

OLM cells do not project to BC cells. Again, Gaussian functions were used for connection 

probabilities (Fig. 1B). BC projections to PNs and to OLM cells shared the same spatial 

domain, while OLMs received reciprocal connections from the PNs they projected to 

(Maccaferri 2005). PNs in both DG and CA3 projected to BCs with a fixed probability of 

0.15, based on the lack of specific topography for these projections (Wittner et al. 2007). 

CA3 back-projections inhibit DG granule cells through a direct pathway (Ishizuka et al. 

1990; Li et al. 1994; Scharfman 1994) and indirectly by exciting hilar mossy cells 
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(Scharfman 2007; 1994) and also DG interneurons with dendrites in the hilus (Kneisler and 

Dingledine 1995; Scharfman 1994). 

 Connections between cells were generated randomly, based on the probabilities 

described in Hummos et al. (2014), and background input was used to match spontaneous 

firing rates of PNs and interneurons in CA3 (Mizuseki et al. 2012) and in DG (Bower and 

Buckmaster 2008). 

 

Synaptic currents 

  The synaptic AMPA, NMDA, GABAA, and GABAB currents were modeled based 

on (Destexhe et al. 1998) and their dynamics were matched to available literature. AMPA 

currents in CA3 PNs were fastest for inputs from DG and slowest for inputs from EC, while 

inputs from other CA3 cells had intermediate values (Hoskison et al. 2004; Tóth 2010). 

Additionally, BC inhibitory currents had faster dynamics than those from OLM (Bartos et 

al. 2010). Synaptic weights were assigned based on available literature. The synapses from 

DG to CA3 were selected so multiple inputs to a CA3 cell would cause the CA3 cell to 

spike, while a single synaptic input would not (Henze et al. 2002). Recurrent CA3 synapses 

used a low initial synaptic weight, based on biological data indicating low transmission 

probability of action potentials (4%) at the recurrent CA3 synapses (Miles and Wong 

1983). CA3 pyramidal cell to BC and OLM interneurons used a higher synaptic level based 

on biological data indicating a higher transmission probability of action potentials (~60%) 

(Gulyas et al. 1993; Miles 1990). In the DG region, synapses between DG granule cells 

and DG interneurons were selected to provide sparse DG firing (Bower and Buckmaster 

2008). 
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Long-term synaptic plasticity 

 Biological studies have shown classical Hebbian associative long-term potentiation 

(LTP) at the glutamatergic perforant path synapses to DG (Bliss and Gardner-Medwin 

1973) and to CA3 (Do et al. 2002). Many types of synaptic plasticity exist at GABAergic 

synapses (for a review, see Maffei (2011)). Woodin et al. (2003) reported LTP between 

hippocampal cells if the pre- and post-synaptic spikes were within 20ms of each other, 

LTD if within 50ms, and no change if longer. They also found plasticity to be dependent 

on activation of postsynaptic L-type voltage dependent calcium channels (VDCCs). 

 Consistent with these findings, the model implemented LTP using a learning rule 

based on the concentration of a post-synaptic calcium pool at each modifiable synapse 

(Shouval et al. 2002a). At excitatory synapses, calcium entered post-synaptic pools via 

NMDA receptors, and at inhibitory synapses, calcium entered through VDCCs. The 

postsynaptic pool also received Ca2+ from internal stores upon GABAB receptor 

stimulation. This approach has been used in other models by our group (Kim et al. 2013b; 

Li et al. 2009). For both types of synapses, a calcium concentration above a lower threshold 

caused synaptic weight depression, while a concentration exceeding an upper threshold 

cause synaptic weight potentiation. Because the characteristics of DG to CA3 mossy fiber 

potentiation are controversial (Neves et al. 2008), we only modeled short-term plasticity in 

the MF connections, as described below. Long-term plasticity in all synapses was 

constrained to 100%. 
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Short-term synaptic plasticity 

 In addition to long-term plasticity described above, we included short-term 

plasticity in the model based on the formulation by (Varela et al. 1997). We modeled short-

term facilitation reported at the DG to CA3 mossy fiber connections (Toth et al. 2000) and 

frequency-dependent synaptic depression reported at the recurrent CA3 connections 

(Hoskison et al. 2004). In CA1, projections from pyramidal cells to OLM cells have been 

shown to experience short-term facilitation (Ali and Thomson 1998), while projections to 

BC cells experience short-term depression (Ali et al. 1998). In the opposite direction, 

inhibitory currents from OLM cells to CA3 pyramidal cells show no short-term facilitation 

or depression (Maccaferri 2005), while inhibitory currents from BC cells to CA3 pyramidal 

cells show depression (Hefft and Jonas 2005). 

 

Acetylcholine effects 

 The hippocampus receives cholinergic inputs from the septum-diagonal band 

complex (Woolf 1991). To implement the effects of ACh in our model on cells and synaptic 

connections, a variable ‘ACh’ was used to represent discrete ACh levels of 0 (low), 1 

(baseline), and 2 (high). Under cholinergic stimulation, synaptic transmission from EC to 

CA3 is suppressed by 50%, and is suppressed by 85% at the recurrent connections in CA3 

(Barry et al. 2012; Hasselmo et al. 1995; Kremin and Hasselmo 2007). In contrast, DG to 

CA3 synaptic transmission is enhanced by 49% under cholinergic stimulation (Vogt and 

Regehr 2001). We did not modify inhibitory synaptic connections in the model based on 

ACh levels. AMPA synaptic currents were scaled by the value of ACh in our model to 

represent ACh effects on the synapses. A parameter bACh was used to determine the 
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direction and magnitude of ACh effects on a particular synapse. Values of bACh for 

different synapses were set according to experimental results. In addition to the 

synaptic effects described above, cholinergic stimulation also enhanced cellular 

excitability, depolarized the resting membrane potential of principal cells, eliminated AHP, 

decreased spike frequency adaptation and induced rhythmic burst activity (Bianchi and 

Wong 1994; Misgeld et al. 1989). Effects on BC and OLM interneurons were subtype-

dependent (McQuiston and Madison 1999a; b). Muscarinic stimulation of OLM 

interneurons depolarized the resting membrane potential, and also lowered spike frequency 

adaptation and AHP (Lawrence et al. 2006). In contrast, BC cells have low levels of 

nicotinic ACh receptors, and they respond to muscarinic receptor activation with a limited 

resting membrane potential depolarization (Cea-del Rio et al. 2010; Cobb and Lawrence 

2010). We modeled effects of ACh on neurons by linearly scaling cell parameters by the 

ACh level (see Hummos et al. 2014). 

 

Other model features 

 Random Poisson inputs were provided to principal cells in CA3 and DG to generate 

the biological spontaneous firing rates reported in vivo: CA3 – 0.49 Hz model, 0.50 Hz 

biology (Mizuseki et al. 2012); DG - 2.90 Hz model, 2-4 Hz biology (Santhakumar et al. 

2005). For inhibitory interneurons: 2 Hz model, 1.9 Hz biology (Segerstrale, 2010). As 

also noted in Hummos et al. (2014), 10 EC inputs were found to be optimal for our specific 

network size, in the sense that any more caused run-away excitation in CA3 (Fig. 1C). The 

training protocol had five 500-ms trials, involving repeated presentation of pattern 1 from 

EC (Fig. 1D). For this, pattern 1 was presented for the first 250 ms of a trial at a theta rate 
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of 12 Hz, with no input for the next 250 ms of the trial. After such a training, a neuron was 

considered ‘active’ during the presentation of a pattern if its average firing rate was 

significantly higher than the spontaneous value using a z-score cut-off of 2.58. We used 

the same parameters as in Hummos et al. (2014) and so did not perform any de novo tuning 

at all. The only modifications made were to the following parameters: initial connection 

weights from CA3 to BCs and to OLM cells were 1.5; from DG granule cells to 

interneurons in the DG region were 1.5; and from EC to DG granule cells were 1.5. Also, 

the calcium threshold for depression at EC to CA3 pyramidal cell synapses was 0.2 and the 

upper calcium threshold for potentiation was 0.4. All the other parameters and the tuning 

process including during encoding (high ACh) and retrieval (low ACh) were exactly the 

same as in Hummos et al. (2014).   

 In each retrieval trial, the number of spikes for each CA3 and DG PN in response 

to each of the eleven different patterns presented at EC was recorded (Fig. 1D; Hummos et 

al. 2014). Subsequently, for each EC input pattern, a trial “output” pattern was formed in 

each region (CA3 and DG) by combining the spike counts from all of the region’s principal 

cells into a vector that was then normalized to a length of one. The correlation between the 

output patterns of any two EC input pattern retrieval trials was then determined by 

performing a dot product of the two corresponding output pattern vectors. A correlation 

value of 0 indicated that the two output patterns being compared had non-overlapping sets 

of spiking neurons. Conversely, a correlation value of 1 indicates that the two vectors had 

the same set of neurons firing at the same rates. 

 For each region in the model (CA3 and DG), we calculated correlations between 

the output from EC input pattern 1 and the output from each of the EC input patterns from 
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1 to 11. Figure 1E illustrates these correlation values for EC, CA3 and DG regions. Because 

inputs arrived directly at EC neurons, EC correlation levels are identical to the similarity 

between input patterns. CA3 output patterns had a higher correlation than EC correlation 

(Fig. 1E), indicating that CA3 was engaged in retrieval of stored patterns. For instance, EC 

input pattern 3 had a correlation of 0.8 with EC input pattern 1, compared to a CA3 output 

pattern correlation of 0.95 between pattern 1 and pattern 3.  This indicates that even for 

dissimilar EC inputs, CA3 retrieved output patterns that are more similar to the learned 

pattern 1. Therefore, even when sensory input patterns change, CA3 may still retrieve a 

previously learned memory pattern. On the other hand, DG output patterns exhibited lower 

correlation relative to the EC input patterns, indicating that DG was biased towards creating 

new neuronal representations (Fig. 1E). These results are consistent with computational 

theories of the roles of DG and CA3 in pattern completion and separation (Kremin and 

Hasselmo 2007; McClelland and Goddard 1996; O'Reilly and McClelland 1994; Treves 

and Rolls 1992) and recent experimental evidence (Bakker et al. 2008; Lee and Kesner 

2004; Leutgeb et al. 2007; Neunuebel and Knierim 2014). 

 As cited earlier, we developed the model using the modeling software NEURON, 

and ran the model on a desktop with an integration time-step of 0.1 ms (Carnevale and 

Hines 2006). We then analyzed recorded spike times using MATLAB (Mathworks, Inc.). 

As mentioned above, cell model membrane potential values, network connectivity and 

initial synaptic weights were selected from random distributions. Accordingly, for each 

experiment, five instantiations of the network with different random initializations were 

considered. Numbers reported in results are averages ± SD over data pooled from five 

different runs. 
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RESULTS 

 We developed a biophysical network model of the rodent hippocampus using the 

same structure and parameters as in our previous model (Hummos et al. 2014), but with all 

the Izhikevich single cell models in CA3 and DG regions replaced by more realistic 

biophysical models. The revised model reproduced the pattern separation/completion 

characteristic and the findings of the prior model. The model was then used to investigate 

the hitherto unexplored underlying interactions among the excitatory and inhibitory 

connections in CA3 and DG during pattern formation. To do this, we classified individual 

cells using z-scores, and systematically investigated the training-induced effects of specific 

synaptic pathways on pattern storage in CA3.  

 To provide context to the findings reported below, we briefly describe the 

functioning of the overall model. The network included models for the CA3 and DG 

regions, with EC providing inputs to both regions; the model also included cholinergic 

modulation (Hasselmo et al. 1995; Hummos et al. 2014). At high levels of ACh, DG 

granule cells increased their firing rate through a more depolarized membrane potential, 

lower spike frequency adaptation, and lower AHP. Aided by prominent short-term 

facilitation at MF synapses, high ACh levels enhanced the flow of information from DG to 

CA3. Concurrently, the high cholinergic state also suppressed synaptic transmission from 

EC to CA3, and at the recurrent synapses in CA3, minimizing any interference produced 

by similarity to any previously stored patterns. At the same time, connections from DG to 

CA3 BCs further increased the level of inhibition on CA3 pyramidal cells, minimizing 

retrieval. As a result, high ACh levels facilitated formation of distinct representations of 

input patterns in CA3. In contrast, the following effects enabled low ACh levels to enhance 
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retrieval of stored patterns in CA3: reduced firing rate of DG granule cells, and increased 

transmission in EC-CA3 and CA3-CA3 synapses, all of which have also been shown in 

previous models (Barkai et al. 1994; Hasselmo et al. 1995; Hasselmo and Wyble 1997). 

Although these processes are understood at the larger regional level, the relative roles of 

the underlying mechanisms within CA3 and DG are unclear and have not been quantified. 

 The reader is reminded that the network model of Hummos et al. (2014) that we 

used after adding biologically realistic cells had connectivity between the EC, CA3, and 

DG regions that was more realistic than previous reported models (Fig. 1A). Consistent 

with previous studies (Hummos et al. 2014; Myers and Scharfman 2011), the training 

protocol lasted five 500-ms trials, involving repeated presentation of pattern 1. For this, the 

EC inputs (representing pattern 1) were presented for the first 250 ms of a trial at a theta 

rate of 12 Hz, with no input for the next 250 ms of the trial (see methods). To study the 

synaptic and cellular correlates of pattern formation, we first determined the underlying 

mechanisms that made certain CA3 PNs ‘active’ (based on z-scores; see methods) and 

others ‘inactive’. As cited, the cells that were ‘active’ formed the CA3 ‘pattern’. We then 

examined the numbers of intrinsic and extrinsic connections received by these two 

categories, i.e., active and inactive CA3 PNs. All results below used a large dataset with 

cells pooled from all five instantiations of the network. This pooled dataset indicated that 

a typical CA3 cell received the following numbers of afferents: 1.9±1.0 from EC cells, 

16.2±3.7 from other CA3* cells, 7.4±3.5 from DG* cells, 3.1±1.0 from BCs and 2.8±0.8 

from OLM cells. A typical BC cell received the following numbers of afferents (CA3* and 

DG* indicate PNs that received at least one active EC input, as described further below): 

1.7±1.3 from EC cells, 2.2±1.4 from CA3* cells, and 19.1±6.0 from DG* cells. A typical 
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OLM cell received the following numbers of afferents: 18.9±3.2 from CA3* cells and 

4.0±1.4 from BCs.  The initial synaptic weights for these connections were drawn from 

uniform distributions with maximum values as follows: EC-CA3 of 1.5, CA3-CA3 of 0.3, 

DG-CA3 of 0.15, DG-BC of 0.75, BC-CA3 of 2.25, and OLM-CA3 of 2.25. 

 

Inhibition and EC inputs are dominant in CA3 pattern selection 

 We investigated the roles of the following CA3 afferents in recruiting a CA3 PN 

into the pattern, i.e., making it ‘active’ (during training; high ACh levels): from EC, from 

within CA3 (CA3 principal cells and two inhibitory interneurons, BCs and OLM cells), 

and from DG regions. To ensure that the pattern in CA3 had stabilized after five trials, we 

performed a separate experiment where we continued training the network for 20 trials, 

instead of just five. This resulted in the pattern size in CA3 decreasing by 19% from trial 

5 to trial 20. The weights of all the connections did not change significantly indicating that 

training for five trials provided a stable learned state in the system for analysis purposes.  

 We used two approaches to investigate the role of individual afferents in making a 

particular CA3 PN active. In the first approach, we compared active vs. inactive CA3* PNs 

based on the numbers and types of its afferents, i.e., an analysis of differences in afferents. 

We note that a cell is considered active if its average firing rate during the presentation of 

pattern 1 from EC was higher than its spontaneous rate using a z-score cut-off of 2.58 (see 

methods). In the second approach, we used correlation and regression analyses to examine 

how the firing rate of a CA3 PN varied as a function of the types and numbers of its 

afferents. 
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Active vs. inactive CA3 PNs and afferent connectivity 

 A key initial finding was that, for all five random instantiations of the network, all 

CA3 PNs that were part of the stored pattern in CA3 received inputs from EC. This suggests 

that competition among PNs to get recruited into a stored pattern (memory) occurs only 

among PNs that receive active input from EC. These PNs are hereafter termed CA3* PNs. 

Similar to CA3, all DG PNs that were included into the DG pattern received input from 

EC, and these PNs are termed DG* PNs. Considering the CA3 region, the primary focus 

of this study, the afferents that these PNs receive are as follows: excitatory afferents from 

EC, CA3* and DG* PNs; and inhibitory ones from BC and OLM interneurons. 

 A total of 36% (99/272) of CA3* cells were found to be active after the training 

protocol described above; considering all CA3 cells, the percentage was 31% (99/315). An 

analysis of connections showed that EC afferents were significantly higher for active vs. 

inactive CA3* PNs (active 2.4±1.0 v/s inactive 1.6±0.8; p<0.001), and that DG* afferents 

were significantly higher for active vs. inactive CA3* PNs (active 8.9±2.9 v/s inactive 

6.6±3.5; p<0.001). However, excitatory connections from CA3* PNs to other CA3* PNs 

did not differ significantly between the groups (active 16.3±3.8 v/s inactive 16.0±3.5; p<1). 

Also, inhibitory connections (BC and OLM combined) did not differ significantly between 

the groups (active 5.7±1.4 v/s inactive 6.0±1.4; p<0.5). In summary, an aggregate level 

analysis showed that CA3* PNs in a stored CA3 pattern received significantly higher inputs 

from both EC and DG* PNs, compared to other CA3* PNs. After training with pattern 1, 

it was seen that 100% (20/20) of CA3* cells that received four connections from active EC 

cells were active, regardless of the other excitatory (CA3* or DG*) or inhibitory (BC or 

OLM) afferents. However, a similar trend was not seen for excitatory inputs from DG*. 
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This indicates that strong connectivity from EC can make a CA3 cell active irrespective of 

other afferent types and numbers. To study the contributions from the other afferents, we 

differentiated CA3* cells into groups that received 3, 2 or 1 EC input and analyzed their 

afferents separately. 

 CA3* cells receiving 3 EC inputs: Of the CA3* cells that received three connections 

from active EC cells, 62% (31/50) were active after training. The 38% (19/50) that were 

inactive received significantly more inhibitory connections from BCs and OLM cells 

combined (active 5.5±1.5 v/s inactive 6.7±1.3; p<0.01), and significantly less excitatory 

inputs from DG* cells (active 8.9±2.7 v/s inactive 7.2±.6; p<0.05). The difference between 

the groups for excitatory connections from CA3* cells was not significant (inactive 

15.5±3.9 v/s active 15.6±3.2; p<1). 

 CA3* cells receiving 2 EC inputs: Of the CA3* cells that received two connections 

from active EC cells, 37% (30/81) were active after training. The 63% (51/81) that were 

inactive received significantly less excitatory inputs from DG* cells (active 9.3±3.1 v/s 

inactive 7.4±4.0; p<0.05). The difference between the groups for excitatory inputs from 

CA3* cells was not significant (active 16.1±4.0 v/s inactive 15.9±3.4; p<1), and the 

difference between the groups for inhibitory connections from BCs and OLM cells 

combined was not significant (active 5.9±1.4 v/s inactive 6.1±1.4; p<1).  

 CA3* cells receiving 1 EC input: Of the CA3* cells that received one connection 

from active EC cells, 15% (18/121) were active after training. The 85% (103/121) that were 

inactive received significantly less excitatory connections from DG* cells (active 8.2±2.7 

v/s inactive 6.0±3.0; p<0.01). The difference between the groups for excitatory inputs from 

CA3* cells was not significant (active 16.7±3.4 v/s inactive 16.6±4.0; p<1), and the 



 

68 

 

 

difference between the groups for inhibitory connections from BCs and OLM cells 

combined was not significant (active 5.2±1.5 v/s inactive 5.6±1.4; p<0.5). 

 The connections analysis suggested input from EC as an important afferent in 

making a CA3 PN active. Separating the cells based on the numbers of EC inputs received 

showed that the numbers of afferents from DG* cells and from inhibitory interneurons 

(BCs and OLM cells combined) were significantly different between active and inactive 

CA3* PNs for at least some EC input levels, but their relative importance was unclear. 

Next, we discuss two additional analyses to compare the relative influence of these three 

afferents on activity of CA3* PNs. 

 

Firing rates of CA3* PNs and afferent connectivity 

 We performed two additional analyses to shed further light on the relative roles of 

the various afferents in recruiting a PN into the pattern in CA3. 

Correlation analysis. Across all CA3* cells (n=272), average firing frequency of a CA3* 

PN was significantly correlated with the number of active EC input afferents (p<0.001), 

the number of DG* afferents (p<0.001), and the number of inhibitory afferents from BCs 

and OLM cells combined (p<0.01). However, the number of CA3* recurrent excitatory 

connections by CA3* cells was not significantly correlated with CA3* firing frequency 

(p<1). Interestingly, CA3* recurrent synapses did not show any significant trends when 

grouped by EC input levels similar to the analysis in the previous section, but the others 

did. 

Regression analysis. A regression analysis was performed to determine the relative 

importance of the afferents of a CA3 PN. This yielded the following equation: CA3* cell 
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firing frequency = 2.14 + 1.86*(# of active EC inputs) + 0.02*(# of CA3* cell excitatory 

connections) + 0.36*(# of DG* cell excitatory connections) – 0.92*(# of combined 

monosynaptic inhibitory connections from BC cells and OLM cells). All coefficients were 

statistically significant (p<0.001) with the exception of CA3* excitatory connections (p<1). 

When the coefficients were multiplied by their respective average connection numbers and 

normalized to the most significant connection (inhibition), the resulting relative importance 

of each afferent was as follows: Inhibition (by BCs and OLM cells combined): 1; EC: 0.65; 

DG: 0.49; CA3: 0.07. 

 These two additional analyses suggest that inhibition via BCs and OLM cells is the 

most important afferent in making a CA3 PN active, followed by excitation from EC. 

Furthermore, excitation from DG* cells was the third, with excitation from CA3* cells 

being a remote fourth. It is noted that this is not inconsistent with the fact that the EC 

afferent is very important as stated earlier, since EC directly contributes to inhibition via 

projections to BCs. 

 

Role of Plasticity: The average growth in the different synapse types was as follows: EC-

CA3* of 33%; EC-BC of 26%; CA3*-CA3* of 48%, CA3*-BC of -1%; CA3*-OLM of 

18%; DG-CA3* of 0% (no plasticity); DG-BC of 0% (no plasticity); BC-CA3* of 6%; 

OLM-CA3* of -6%. As expected, the EC-CA3 synapses and CA3-CA3 synapses had the 

largest average growth among the synapse types, indicating that the EC-CA3 connections 

and CA3-CA3 connections play the primary role in storing the pattern during training. 

Interestingly, except for the CA3*-OLM connections, there was little change in synaptic 

strengths to and from interneurons within CA3. Excitation from EC makes BCs more active 
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compared to OLMs during encoding (Fig. 2; and Fig. 3A), and is an important reason for 

their differential involvement. This also suggests that these BCs may also effectively 

inhibit some local CA3 PNs that might receiver fewer or no EC inputs. On the other hand, 

OLMs may provide general inhibition to prevent runaway excitation. Also, the larger 

potentiation of CA3-OLM synapses compared to CA3-BC synapses suggests that 

disynaptic inhibition from CA3* PNs to other CA3* PNs comes primarily from OLM cells. 

However, greater potentiation of EC-BC synapses compared to CA3-BC synapses suggests 

that disynaptic inhibition (discussed below) onto other CA3* PNs via BCs comes primarily 

from EC. 

 

Role of neuromodulation. Most of the preceding analyses were for the encoding phase, 

with high ACh. For completion, we also studied the cellular and synaptic correlates during 

the ‘retrieval’ phase, with low ACh. Compared to the high ACh state, the CA3 pattern size 

increased by 51% at low ACh. Analysis to determine the relative importance of the 

afferents during low ACh provided the following regression equation: CA3* cell firing 

frequency = 3.24 + 8.68*(# of active EC inputs) + 0.21*(# of CA3* cell excitatory 

connections) + 0.04*(# of DG* cell excitatory connections) – 1.93*(# of combined 

monosynaptic inhibitory connections from BC cells and OLM cells). All coefficients were 

statistically significant (p<0.01) with the exception of DG* connections (p<1). When the 

coefficients are multiplied by their respective average connection numbers and normalized 

to the most significant connection (EC, in this case), the resulting relative importance of 

each CA3 afferent in making a CA3* PN active, during the retrieval phase, was as follows: 

EC: 1; Combined BC and OLM: 0.69; DG: 0.02; CA3: 0.21. Several interesting findings 
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were revealed by this analysis as compared to the results in the high ACh state. First, in the 

low ACh state, DG* connections were no longer significantly correlated with CA3* firing 

frequency (p<1 low ACh vs. p<0.001 high ACh), and had a significantly reduced 

importance relative to the other connections types (0.02 low ACh vs. 0.49 high ACh). 

Second, CA3* recurrent connections became significantly correlated with CA3* firing 

frequency (p<0.01 low ACh vs. p<1 high ACh), and had an increased relative importance 

(0.21 low ACh vs. 0.07 high ACh). Third, EC inputs had increased relative importance (1.0 

low ACh vs. 0.65 high ACh), while inhibition (BCs and OLM cells combined) had reduced 

relative importance (0.69 low ACh vs. 1.0 high ACh). Although these trends are perhaps 

expected, the benefit of such analyses is that they help provide important insights by 

quantifying the relative importance of the interactions. 

  

 To summarize, we performed two levels of analyses in this section to determine the 

importance of afferents in making a CA3 cell active. The first was at an aggregate level 

considering all CA3 PNs and analyzing whether differences in afferent connectivity would 

help classify PNs as active or inactive based on z-scores. However, connectivity considers 

neither afferent activity nor the connection weight. To incorporate both of these factors, at 

a second level, we directly correlated the firing frequency of a CA3* PN to its numbers of 

afferents. Inhibition (from BCs and OLM cells combined) was shown to be the most 

important among all afferents and EC afferents were the second most important in selecting 

a CA3 PN to be part of a stored pattern. This is consistent with the fact that EC is the 

excitatory input that drives inhibition via BCs as we explain in more detail below. The next 

afferent in importance was DG*. Interestingly, recurrent connections from CA3* PNs were 
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less important. For completion, we also note that the synaptic and cellular correlates of 

pattern formation in CA3 were also replicated for the corresponding pattern in DG (data 

not shown). We consider a third level of analysis in the next section, to separate the 

contributions of BCs and OLM cells to the overall inhibition, i.e., we asked what the 

differential roles of BCs and OLM cells were in making a PN active, and how these cell 

types influence competition among CA3* PNs. The model also suggested the existence of 

excitatory plasticity in EC-CA3* and CA3*-CA3* connections, and minimal inhibitory 

plasticity. Finally, the model helped quantify the shift in relative importance of the afferents 

in impacting the firing frequency of a PN during the retrieval phase (low ACh) as EC: 1; 

Combined BC and OLM: 0.69; DG: 0.02; CA3: 0.21.    

 

Inhibition by BC and OLM interneurons differentially effect CA3* PNs 

 The analysis in the previous section indicated that the most important input in 

determining which PN was recruited into the CA3 pattern was the number of inhibitory 

connections that a PN received from BC and OLM interneurons as a group. We then asked 

what the individual contributions of the interneuron types might be to this overall inhibition 

and to competition among CA3* PNs. Considering morphology (Fig. 2), BCs make peri-

somatic synapses onto CA3 cells, have arborized axons and also project to neighboring 

OLM cells; OLM cells synapse distally on dendrites. BCs and OLM cells have similar 

biological spontaneous rates of 1.9 Hz (Segerstrale et al. 2010).  

We first studied the influence of the two inhibitory cell types on pattern size in CA3 by 

considering three cases: control, BCs inactivated and OLMs inactivated. The reader is 

reminded that the number of active cells (z >2.58, see methods) represented the pattern 
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size, and that a typical CA3 cell received the following numbers of connections from BCs 

and OLM cells: 3.1±1.0 from BCs and 2.8±0.8 from OLM cells. The BCs or OLM cells 

were selectively inactivated (by inactivating synaptic projections to and from the cells), 

and the model was run for 20 trials to ensure that the pattern size stabilized. With 

inactivation of BCs, the pattern size increased by about 17% from the control case in five 

trials and then decreased by 4% from trial 5 to trial 20. When OLM cells were inactivated, 

the pattern size increased by about 50% from the control case in five trials and then 

decreased by 28% from trial 5 to trial 20. While these ‘artificial’ scenarios did demonstrate 

the role of inhibition, they failed to shed light on the specific roles that each cell type may 

play.  

 We then performed a comparison of connections for active and inactive CA3* PNs, 

by afferents from BCs and OLM cells separately for various cases of EC inputs, as in the 

preceding section. To our surprise, such a connection analysis did not reveal any trends 

between BCs and OLM cells, although the combined inhibition from both cell types had a 

clear trend as described in the previous section. This led us to explore the differences in 

firing rates between BCs and OLM cells as a potential factor that led to this negative result. 

Interestingly, such an analysis revealed significant differences in firing rate distributions 

among the two cell types (Fig. 3A), with BCs having widely varying rates (range: 4.4 to 

79.6 Hz; mean 41.3±20.3) while OLM cells were comparatively homogeneous (6.4 to 34.4 

Hz; mean 16.9±6.8). Variation in firing rates were found to be consistent with biological 

afferent connectivity, with BCs receiving excitation from CA3*, DG* and EC PNs, and 

OLM cells only from CA3* PNs (Fig. 2). We then performed two additional analyses 
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described next, to characterize inhibition from these two interneurons: a regression 

analysis, and a selective inactivation of inhibition by BCs and by OLM cells. 

 

Regression analysis. To incorporate the huge variations in firing rates for BCs, we first 

normalized the connection numbers from BCs with a factor = (its own firing rate/maximum 

BC firing rate). For consistency, the same normalization was also performed for the OLM 

connections. These normalized values for BC and OLM cell connections were used to 

develop a regression model for CA3 firing frequency as follows: CA3* cell firing 

frequency = 8.20 - 1.19*(# of normalized BC inputs) - 0.41*(# of normalized OLM inputs), 

for CA3* cells receiving 2, 3 or 4 EC inputs. The correlation with BC inputs was significant 

(coefficient p<0.05), but no significant correlation was found for connections from OLM 

cells (coefficient p<0.5). This suggests that, for CA3* PNs receiving 2, 3 or 4 EC inputs, 

both BCs and OLMs contribute to CA3* firing frequency, with the coefficient related to 

BCs being three times larger than the one for OLMs. However, OLM cells had a larger 

effect on CA3* cells that received only 1 EC input, as indicated by the regression equation: 

CA3* cell firing frequency = 2.50 - 0.03*(# of normalized BC inputs) - 0.99*(# of 

normalized OLM inputs). The correlation was significant with OLM inputs (coefficient 

p<0.001), but not with BC inputs (coefficient p<1). This suggests that effectiveness of 

inhibition by these two cell types on CA3* PNs may depend on the types of afferents a 

CA3* PN receives. We tested whether this finding could be replicated using another study 

described next.  

Selective inactivation of BCs and OLM cells. We investigated further the finding that 

inhibition by BCs was more potent for CA3* cells receiving more EC inputs and inhibition 
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by OLM cells was more important for CA3* cells receiving fewer or no EC inputs. For this 

we performed two additional inactivation runs. Running the model with BCs inactivated 

revealed that 12% of previously inactive CA3* cells (26/216) became active. These PNs 

received an average of 1.84±0.8 inputs from active EC cells (see Fig. 2D). On the other 

hand, running the model with OLM cells inactivated revealed that 56% of previously 

inactive CA3* PNs (120/216) became active. Those 120 cells received an average of 

1.47±0.8 inputs from active EC cells. The numbers of EC inputs that these two groups 

received differed significantly (p<0.05). This then provides support to the finding above 

from a regression analysis that BCs are more effective in inhibiting CA3* PNs that received 

more inputs from EC, and the OLM cells for the ones that receive fewer EC inputs. 

 

Competition among CA3* PNs for recruitment into a CA3 pattern 

 The preceding analysis indicated that inhibition from both BCs and OLM cells 

plays a major role in determining activity in CA3. Since excitation to these interneurons 

shapes this inhibition, we then probed the characteristics of this disynaptic inhibition. For 

this we first investigated the relative roles of the excitatory inputs from EC, CA3* and DG* 

PNs in shaping the firing frequency of BCs via a regression model, and found that BC 

firing frequency = -8.1 + 13.9*(# EC connections) + 0.59*(# CA3* connections) + 1.30*(# 

of DG* connections); the significance values for the coefficients were p < 0.001, 0.1, and 

0.01, in that order. Since the numbers of connections and synaptic weights differed among 

the afferents, we normalized them as cited earlier (see methods for # of connections and 

weights). This revealed the relative factors for EC, CA3* and DG as 1, 0.04 and 0.35, 

respectively. In a similar regression model for OLM cells, a significant correlation with the 
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number of CA3 inputs (p<0.005) was found, as expected (Fig. 3B). Separate regression 

analyses for CA3* PN groups with different numbers of EC inputs also showed the same 

trends (Fig. 3C). This analysis suggests that there might be competition among CA3* cells 

for recruitment into the stored pattern, via BCs and OLM cells. To investigate the 

competitive effect among CA3* PNs further, we performed a connections analysis of 

disynaptic inhibition via these two interneuron types.   

 

Firing frequency vs. disynaptic inhibitory inputs. A connections analysis was performed 

using disynaptic inhibitory connections from other CA3* PNs to a CA3* PN via BCs and 

OLM cells separately. Since EC had a dominant effect on firing frequency of CA3* PNs, 

subgroups with different numbers of EC inputs were considered as in previous cases. Such 

an analysis showed that the number of disynaptic inhibitory inputs that a CA3* PN received 

from excitatory PNs (EC + DG* + CA3* PNs) via BCs correlated with high significance 

to firing frequency for PNs that received 3 EC inputs (p<0.001); the correlation was 

comparatively less significant for connections via OLMs (p<0.05). For CA3* PNs 

receiving 2 EC inputs, the number of disynaptic connections via BCs was not significantly 

correlated (p<0.5), while those via OLM cells was again weakly significant (p<0.05).  On 

the other hand, for CA3* PNs that received 1 EC input, the opposite was noted, i.e., the 

number of disynaptic connections via OLMs was very significantly correlated to the firing 

frequency of CA3* PNs (p<0.001), while the number of disynaptic connections via BCs 

was not (p<0.5).  

 These analyses provided several insights about competition among CA3* PNs. 

First, EC and DG* afferents have a larger influence on BC firing rates, compared to 
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recurrent collaterals from CA3* cells. Second, in one form of competition, both EC and 

DG* afferents aid CA3* PNs in inhibiting other CA3* PNs via BCs. This disynaptic 

inhibition could then prevent a CA3* PN from being recruited into the stored CA3 pattern. 

This form of disynaptic inhibition was effective for PNs that received higher numbers of 

EC inputs. Third, disynaptic inhibition via OLM cells was different from that via BCs, in 

that OLM cells received excitatory afferents only from CA3* PNs, an artifact of biological 

connectivity (see methods). Disynaptic inhibition via OLM cells was also important in the 

competition, but was effective for PNs that received fewer EC inputs. 

 

Role of inhibitory plasticity. We next asked whether plasticity of inhibition was significant 

and whether it had any role in pattern formation. Model runs showed that excitatory 

plasticity in the EC-CA3* and CA3*-CA3* synapses grew in five trials by an average of 

33% and 48%, respectively; extending the trials to 50 showed the additional growth to be 

very modest, confirming that sufficient balance between excitation and inhibition had been 

achieved in five trials. Interestingly, in five trials, BC-CA3* synapses showed a 

potentiation of only 6%, and OLM-CA3* showed a small depression of 6%. This suggests 

that excitatory plasticity is important, but it is inhibition and not inhibitory plasticity that 

is significant. 

 

Back-projections from CA3 to DG promote separation as well as increased storage 

in CA3 

 Experiments suggest that the back-projection from CA3 to DG increases pattern 

separation during the encoding phase (high ACh), via disynaptic inhibition pathway in DG 
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(Leutgeb et al. 2007). That is, pyramidal cells in CA3 inhibit those DG granule cells which 

project to them and help increase pattern separation in both DG and in CA3. A consequence 

is increased capacity for storing patterns in CA3. Myers et al. (2011) were the first to 

investigate this using an innovative framework involving an artificial neural network. 

These authors assumed direct inhibition from CA3 pyramidal cells to DG granule cells and 

showed that back-projections increases the storage capacity in CA3. We extend this 

investigation by exploring the underlying cellular processes involved in this change in 

storage capacity using a biologically realistic model. Myers et al. (2011) included one back-

projecting inhibitory CA3-DG connection for every DG-CA3 connection. We used the 

same logic, but in contrast to the Myers et al. (2011) scheme where the CA3 cell directly 

inhibited DG granule cells, we used an indirect pathway. That is, back projections in our 

model were from the same CA3 cell to DG interneurons, consistent with biology (Leutgeb 

et al., 2007), and these interneurons then inhibited the DG granule cell. These CA3-DG 

back-projections resulted in both increased pattern completion in CA3 (17% change in area 

under the curve of Fig.4; p<0.005), and increased pattern separation in DG (23% similarly 

for the DG curve; p<0.005). Importantly, back-projection to DG resulted in a decrease in 

pattern size in CA3 by 16%. 

 For comparison, we replicated the effect of a hypothetical direct pathway in Myers 

et al. (2011) by adding inhibitory back-projection connections (probability of 1.5% for each 

DG-CA3 connection), i.e., a back-projecting CA3-DG inhibitory connection for each 

mossy fiber DG-CA3 excitatory connection. The hypothetical direct pathway increased 

pattern separation in DG by 13% (p<0.005; data not shown), increased pattern completion 

in CA3 by 9% (p<0.005; data not shown), and decreased pattern size in CA3 by 10%. 
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Compared to the hypothetical direct pathway, the physiological indirect pathway 

additionally improved pattern separation in DG 10%, and pattern completion in CA3 by 

8%, and increased pattern storage in CA3 by 6%. 

 

DISCUSSION 

 We adapted a prior model (Hummos et al. 2014) to develop a fully biophysical 

conductance-based network model of the CA3 and DG regions of the hippocampus. As 

stated in methods, we used exactly the same prior model except for the single cell 

components, i.e., all network parameters including spatial connectivity patterns, channel 

and synaptic function, short- and long-term plasticity, as well as neuromodulatory state, 

were unchanged. Single cell models in CA3 and DG regions of the present model have all 

the reported currents (see methods) and reproduced the passive and current injection 

responses reported in biology (Brown and Randall 2009; Staley et al. 1992). We first 

confirmed that the network model matched the characteristics of pattern 

separation/completion and the hypothesized role of the intrinsic mechanisms in stabilizing 

network dynamics during encoding and retrieval phases (Hummos et al. 2014). The 

realistic network model was then used to study the cellular and synaptic correlates of 

pattern formation in CA3, including the differential roles of the excitatory (EC, DG, CA3 

recurrent collaterals) and inhibitory (BC, OLM) afferents. Specifically, we investigated 

how the various afferents interacted with intrinsic mechanisms to form a memory in CA3 

of the pattern projected from EC. Furthermore, the analysis shed new light on the differing 

functional roles of BCs and OLM cells in this memory formation. 
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Differential roles of afferents in memory formation in CA3 

 Memory formation is thought to involve several factors including extrinsic and 

intrinsic connectivity among the cell types, as well as cell intrinsic, synaptic and plasticity 

mechanisms. We explored the role of these factors in the formation of the memory in CA3, 

termed ‘encoding’, with the repeated presentation of an input pattern via EC. During this 

encoding phase, ACh levels are known to be high in the hippocampus, aiding separation 

of patterns in CA3, including via enhanced inputs from DG (Hasselmo et al. 1995).  

 EC inputs arrive at CA3 via both direct and indirect (via DG) pathways, 

engendering modest excitatory and minimal inhibitory plasticity in specific connections 

that, together with short-term plasticity and neuromodulatory effects formed the model 

memory pattern in CA3. Analysis revealed that although 86% of the CA3 cells received 

inputs from EC (CA3* cells), only 31% were recruited into the pattern, or were ‘active’ 

(the corresponding number in DG was 10%); the rest of the CA3* cells were inactive. 

Competition was also shown to play a role in constraining the size of the memory/pattern 

in CA3. CA3* PNs with increasing numbers of afferents from EC were found to have a 

higher probability of being active, with a maximum of 1 for CA3* cells with four EC 

afferents. As cited in results, two separate analyses (using connection numbers and a 

regression analysis) revealed that the most significant afferent in recruiting a PN into a 

CA3 pattern was combined inhibition from BCs and OLM cells. We elaborate on the 

underlying mechanisms in inhibition in the next section. Consistent with this, input from 

EC was 35% less important than combined inhibition, based on the regression coefficients 

cited in results. Several underlying mechanisms contributed to the EC afferent being the 

most important when considered individually. First, the connection probabilities from EC 
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to CA3 were higher compared to the corresponding ones from DG (see methods). Second, 

EC excitatory connections to CA3 potentiated more than those to DG. Finally, EC afferents 

also helped generate plasticity in CA3*-CA3* connections for effective ‘binding’ of the 

pattern. Afferents from DG* cells were also significant in pattern formation, but played a 

much less prominent role, 51% less important than inhibition. Interestingly, contrary to 

expectations, excitation from the recurrent CA3* collaterals did not appear to play a role 

in the selection of CA3* PNs to the stored pattern.  In fact, the number of recurrent 

connections from other active CA3* cells was similar for both active and inactive CA3* 

PNs. However, as we report in the next section, an important finding was that CA3* PNs 

play a key role in disynaptic inhibition.  

 Analysis also revealed a process of competition among the CA3* cells during 

recruitment into the stored pattern, i.e., in determining which CA3* PN became active after 

the five-trial training with EC pattern 1. This is consistent with the formation of memories 

in other regions, e.g., Pavlovian fear conditioning results in ~20% of the amygdala PNs 

being recruited into the fear memory trace, even though 70% of PNs receive tone and shock 

inputs. The amygdalar fear memory trace was hypothesized to occur via competition 

among the PNs (e.g., Han et al. 2009), and this competition among PNs was demonstrated 

using a computational model (Feng et al. 2016; Kim et al. 2013a). Different from the 

process in the amygdala where the pairing of tone and shock led to memory formation, the 

strong shock input of amygdala is replaced by the physiological setting of multiple 

afferents from EC, DG* and CA3* PNs in the present model, as described in results.  

However, similar to the amygdala, inhibition was found to play a key role in the formation 

of the pattern in CA3, with two functionally distinct inhibitory synapses BC-CA3 and 
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OLM-CA3, and with BCs reacting earlier than OLM cells due to their faster rise and decay 

times; we elaborate on the differential roles of BCs and OLM cells in the next section.  

  As another finding, we showed how back-projections from CA3 to DG reduced 

pattern size in DG in a state-dependent manner, and how the strong mossy fiber 

connections to the CA3* PNs can both supplement lack of EC input, or add inhibition via 

disynaptic connections involving BCs (recall that BCs receive 10 times more connections 

from DG compared to those from CA3). The net effect in our model was a 16% reduction 

in pattern size in CA3. Also, during the retrieval phase (low levels of ACh), CA3*-CA3* 

connections were found to be more important compared to the DG* afferents, i.e., there 

was a switch in importance between these two CA3 afferents. 

 

Two distinct inhibitory mechanisms facilitate pattern storage in CA3 

 The functional significance of different types of interneurons in the hippocampus, 

as in other brain regions, is still not well understood (Hu et al. 2014). Our model considered 

BCs and OLM cells, which are thought to be the important inhibitory cells in CA3 

(Lawrence et al. 2006; Vida 2010). Several physiological considerations endow the two 

cell types with different roles. First, compared to OLM cells, BCs receive fewer 

connections from CA3 PNs (Buhl and Whittington, 2007). However, projections from DG 

to BCs outnumber those from CA3 by a factor of 10 (Acsády et al. 1998). OLM cells, on 

the other hand make many more synapses compared to BCs, and receive reciprocal 

connections from the same PNs they project to, in line with their function as feedback cells. 

They receive limited input from sources other than pyramidal cells (Maccaferri, 2005). 

Second, BCs provide peri-somatic inhibition, while OLM cells project to dendrites. 
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Finally, BC synapses exhibit considerably faster rise and decay dynamics compared to 

OLM cells (Bartos et al. 2010).  

 Model runs suggest that these differential connectivity and synaptic dynamic 

characteristics enable BCs and OLM cells to participate in memory formation via distinct 

mechanisms. Compared to BCs, OLM cells exhibit slow membrane dynamics with time 

constants of 10 ms and 71 ms, respectively (Bartos and Elgueta 2012; Lawrence et al. 

2006), and, as cited, receive limited input from sources other than CA3 PNs (Maccaferri, 

2005). Also, the inhibitory projections to PNs differed considerably between BCs and 

OLM cells, with synaptic GABAA rise/decay times of 0.21/3.3 ms and 2.8/20.8 ms, 

respectively (Bartos et al. 2010). This implies that BCs are well suited to respond to intense 

activity such as that follows each theta stimulation from EC. However, since they receive 

limited connections from CA3 PNs and have fast membrane dynamics, BCs are not 

positioned to capture the ‘reverberation’ activity among the CA3 PNs. On the other hand, 

OLM cells receive multiple CA3 afferents. This, together with their slower membrane 

dynamics permit them to ‘integrate’ activity among CA3 PNs effectively. Indeed, this 

ability to integrate, together with their reciprocal connectivity to CA3 PNs, underlies the 

very important role of OLM cells in controlling run-away excitation within CA3 (Hummos 

et al. 2014). So, although inhibition by OLM is delayed, it is nevertheless effective as 

shown in the preceding section. Due to their extensive connectivity, inhibition by OLMs 

cells tends to be somewhat generalized. Also, the slower synaptic dynamics implies that 

OLM inhibition cannot suppress CA3 PN activity immediately following EC input. On the 

other hand, differential excitatory connectivity (reduced afferents from CA3 PNs, but 

recipient of EC and DG afferents) and faster synaptic dynamics positions BCs to provide 
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rapid and targeted inhibition of CA3 PNs. Interestingly, the connectivity pattern also 

favored targeted inhibition by BCs. This was because EC projections targeting a CA3 PN 

also contacted local BCs with high probability indicating that a PN receiving multiple EC 

afferents was also likely to receive inhibition by BCs that were recipients of the same EC 

afferents. The opposite was true for PNs that received fewer inputs, i.e., they were more 

likely to receive effective inhibition from OLMs and not BCs, because the local BCs for 

those PNs also received fewer EC inputs. These insights from the model reveal how the 

functional requirements of inhibition are divided and effectively performed by BCs and 

OLM cells. 

 Another finding was that although plasticity in the excitatory connections (EC-CA3 

and CA3-CA3) was modest but important, inhibitory plasticity (in BC-CA3 and OLM-

CA3 synapses) was insignificant in pattern formation. This suggests that excitatory 

plasticity and inhibition by BCs and OLM cells, and not inhibitory plasticity, are important 

in CA3 pattern formation. Also, this excitatory plasticity would exert its effect via 

disynaptic inhibition as discussed in results. That is, increased firing of select CA3* cells 

due to this excitatory plasticity can effectively suppress other CA3* cells via BCs and OLM 

cells. Analysis of model output revealed training-induced increase in z-scores for 41% and 

decrease for 11% of the CA3* PNs, providing support for such a competitive effect. 

 

Model predictions   

 The study provides several predictions, some of which are testable. First, the 

probability that a CA3 PN is recruited into a pattern/memory trace is proportional to its 

EC afferent abundance: for our model structure, the probabilities were 1 for CA3 PNs 
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that received 4 EC inputs, 0.62 for those that received 3 EC inputs, 0.37 for those that 

received 2 EC inputs and 0.15 for those that received 1 EC input. Second, the model 

predicts the relative importance of the CA3 afferents in determining whether it would be 

part of the memory trace as inhibitory afferents (BCs and OLM cells combined): 1.0; EC: 

0.65, DG*: 0.49, CA3*: 0.07. The third prediction is that inactivation of OLM-CA3 

connections should result in a larger memory trace, compared to inactivation of the BC-

CA3 connections. Finally, the model predicts that BCs control CA3 PNs that receive 

larger numbers of EC afferents, and OLM cells the opposite. Of these, the last two should 

be testable presently with modern tools such as optogenetics. 

 

CONCLUSION 

 The functional relationship between structure, connectivity, cell types, plasticity 

and the role of extrinsic inputs in memory formation is difficult to study in experiments 

due to distributed and simultaneous interactions. A biologically-based model of the 

hippocampus (CA3 and DG regions) is suited for such studies. As cited earlier, although 

some of the trends reported may perhaps be expected, model analyses of the type reported 

provide biological realism and also enable quantification of the notion of relative 

importance for the contributory mechanisms. Such a network model comprising realistic 

single cell models with channel and synaptic dynamics, short- and long-term plasticity, and 

known effects of neuromodulation, provided important insights into the cellular and 

synaptic correlates of pattern formation. First, the model enabled quantification of the 

relative importance of the afferents to a CA3 cell as cited in the previous section on 

predictions. Second, BCs and OLM cells had differential roles in inhibition, with BCs 
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being effective for CA3 PNs that received higher numbers of inputs from EC, and OLMs 

for PNs that received fewer inputs. This enabled larger involvement by BCs in selecting 

CA3 cells that formed part of the pattern, while OLM cells had a more general role of 

controlling the spread of excitation, and regulating pattern size. The model also shed light 

on the underlying mechanisms involved in such pattern formation, including a new 

disynaptic inhibitory mechanism that involved excitation from both EC and DG regions. 

Third, we quantified the known effects of back-projections from CA3 to DG and showed 

that they reduced pattern size by 16% in CA3. Finally, these findings also provided 

predictions cited in the previous section. We also note that the biologically-based model 

and analysis framework is suited for studying other hippocampal phenomena such as 

oscillations that require high fidelity in modeling the intrinsic mechanisms. Furthermore, 

the deeper insights into the cellular and synaptic correlates of pattern formation provided 

by the proposed formulations have potential applicability to formation of memory in other 

brain regions.  
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APPENDIX 
1.  Mathematical Equations for voltage-dependent ionic currents   

 The equation for each compartment (soma or dendrite) followed the Hodgkin-Huxley 

formulations (Byrne et al. 2014) in eqn. A1, 

              𝐶𝑚𝑑𝑉𝑠/𝑑𝑡 = −𝑔𝐿(𝑉𝑠 − 𝐸𝐿) − 𝑔𝑐(𝑉𝑠 − 𝑉𝑑) − ∑ 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡 − ∑ 𝐼𝑐𝑢𝑟,𝑠

𝑠𝑦𝑛
+ 𝐼𝑖𝑛𝑗       (A1) 

where 𝑉𝑠/𝑉𝑑 are the somatic/dendritic membrane potential (mV), 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡  and 𝐼𝑐𝑢𝑟,𝑠

𝑠𝑦𝑛  are the 

intrinsic and synaptic currents in the soma, 𝐼𝑖𝑛𝑗 is the electrode current applied to the 

soma, 𝐶𝑚 is the membrane capacitance, 𝑔𝐿 is the is the conductance of leak channel, and 

𝑔𝑐 is the coupling conductance between the soma and the dendrite (similar term added for 

other dendrites connected to the soma). The intrinsic current 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡 , was modeled as 𝐼𝑐𝑢𝑟,𝑠

𝑖𝑛𝑡 =

𝑔𝑐𝑢𝑟𝑚𝑝ℎ𝑞(𝑉𝑠 − 𝐸𝑐𝑢𝑟), where 𝑔𝑐𝑢𝑟 is its maximal conductance, m its activation variable (with 

exponent p), h its inactivation variable (with exponent q), and 𝐸𝑐𝑢𝑟 its reversal potential (a 

similar equation is used for the synaptic current 𝐼𝑐𝑢𝑟,𝑠
𝑠𝑦𝑛  but without m and h). The kinetic 

equation for each of the gating variables x (m or h) takes the form 

                                        
𝑑𝑥

𝑑𝑡
=

𝑥∞(𝑉,[𝐶𝑎2+]
𝑖
)−𝑥

𝜏𝑥(𝑉,[𝐶𝑎2+]𝑖)
                                                  (A2) 

where 𝑥∞ is the steady state gating voltage- and/or Ca2+- dependent gating variable and 

𝜏𝑥 is the voltage- and/or Ca2+- dependent time constant. Unless otherwise indicated, 𝑥∞ is 

equal to α / (α + β) and 𝜏𝑥 is equal to 1 / (α + β) as listed in Tables 1A-1C.  The equation 

for the dendrite follows the same format with ‘s’ and ‘d’ switching positions in eqn. A1. 

The specific current equations and other parameter values for each cell type are provided 

in Tables 1A-1C.  For further details on the equations used for synaptic currents, calcium 

dynamics and Hebbian learning, and short-term plasticity, please refer to our previous 

study (Hummos et al., 2014). 
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Table A1: Parameter values for CA3 PNs. 

Current 
Type 

Soma Gmax 

(S/cm2) 
DendP Gmax 

(S/cm2) 
Gating Variable α β 

INa 0.031 0.015 
p = 3 

0.32(13.1 − 𝑣)

exp[(13.1 − 𝑣)/4] − 1
 

0.28(𝑣 − 40.1)

exp[(𝑣 − 40.1)/5] − 1
 

q = 1 0.128exp[(17 − 𝑣)/18] 
4

exp[(40 − 𝑣)/5] + 1
 

IKdr 0.06 0.03 
p = 3 

−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

0.264

exp[(𝑣 − 22)/40]
 

q = 1 0.001exp [(−2(𝑣 + 61).
𝐹

𝑅𝑇
)] 0.001 

IKCa 0.00055135 0.00055 p =1 

0.28[𝐶𝑎2+]

[𝐶𝑎2+] + exp1(0.00048, 0.84, 𝑣)
 

0.48

1 + [𝐶𝑎2+]/exp1(0.13𝑒−6, 1, 𝑣)
 

exp1 = 0.00048exp [−
0.12𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] exp1 = 0.13𝑒−6exp [−

𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

IM 0.007 0.001 p = 4 −0.006exp [(0.6(𝑣 + 55).
𝐹

𝑅𝑇
)] 0.06exp [(−9.4(𝑣 + 55).

𝐹

𝑅𝑇
)] 

ICaL 0.025 0.025 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN 0.01 0.0001 
p =2 

0.1967(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT 0.0079 0.007 
p =2 

0.2(19.26 − 𝑣)

exp[(19.26 − 𝑣)/10] − 1
 0.009exp[−𝑣/22.03] 

q = 1 0.00016exp[−𝑣/16.26] 
1

exp[(29.79 − 𝑣)/10] + 1
 

IKAHP 0.001 0.0004 p = 1 1.3 ∗ 1013[𝐶𝑎2+]𝑖
4 0.005 

IA 0.0012 0.001 
p = 1 0.02exp [(1.8(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 0.02exp [(−1.2(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 

q = 1 0.08exp [(4(𝑣 + 83).
𝐹

𝑅𝑇
)] 0.08 

Diam μm  16 3 Cm = 1.0 μF/cm2 Raxial = 210 Ω-cm Gleak = 0.00018 

Length μm 16.8 150 ENa = 45 mV EK = -85 mV Eleak = -70 mV 

    x∞ = 
α

α+β
 τx (ms) = 

1

α+β
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Table A2: Parameter values for DG PNs. 

Current 

Type 

Soma Gmax 

(S/cm2) 

DendP Gmax 

(S/cm2) 

Gating 

Variable 
α β 

INa 0.08 0.08 
p = 3 

−0.3(𝑣 − 25)

exp[(𝑣 − 25)/−5] − 1
 

0.3(𝑣 − 53)

exp[(𝑣 − 53)/5] − 1
 

q = 1 
0.23

exp[(𝑣 − 3)/20]
 

3.33

exp[(𝑣 − 55.5)/−10] + 1
 

IfKdr 0.04 0.04 p = 4 
−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

 

0.264

exp[(𝑣 − 22)/40]
 

IsKdr 0.13889 0.012 p = 4 
−0.028(𝑣 − 35)

exp[(𝑣 − 35)/−6] − 1
 

0.1056

exp[(𝑣 − 10)/40]
 

IC 0.0001 0.0001 p =2 

−0.00642𝑉𝑚 − 0.1152

exp[−(𝑉𝑚 + 18)/12] − 1
 1.7exp[−(𝑉𝑚 + 152)/30] 

𝑉𝑚 = 𝑣 + 40log (1000[𝐶𝑎]
𝑖2) 𝑉𝑚 = 𝑣 + 40log (1000[𝐶𝑎]

𝑖2) 

ICaL 0.0004 0.0004 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN 0.0005 0.0005 
p =2 

0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT 0.0005 0.0005 
p =2 

0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

IAHP 0.00005 0.00005 p = 1 

0.0048

exp[−0.5(𝑉𝑚 − 35)]
 

0.012

exp[0.2(𝑉𝑚 + 100)]
 

𝑉𝑚 = 10log (1000[𝐶𝑎]
𝑖1) 𝑉𝑚 = 10log (1000[𝐶𝑎]

𝑖1) 

IKA 0.005 ─ 
p = 1 

−0.05(𝑣 + 25)

exp[(𝑣 + 25)/−15] − 1
 

0.1(𝑣 + 15)

exp[(𝑣 + 15)/8] − 1
 

q = 1 
0.00015

exp[(𝑣 + 13)/15]
 

0.06

exp[(𝑣 + 68)/−12] + 1
 

 Diam. (μm) 16 3 Cm = 1.0 

μF/cm2 

Raxial = 210 Ω-cm Gleak = 0.0002 

Length (μm)  

(S/cm2) 

(S/cm2) 

16.8 150 ENa = 45 mV EK = -85 mV Eleak = -70 mV 

𝜏[𝐶𝑎2+] 

(sAHP)(msec) 

(sAHP)(msec) 

(sAHP)(msec) 

1000 1000 
[Ca2+]rest = 50 

nM 
x∞ = 

α

α+β
 τx (ms) = 

1

α+β
 

𝜏2[𝐶𝑎2+]  

(C)(msec) 
1 1 
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Table A3: Parameter values for BC and OLM cells (all values for are for both unless otherwise indicated). 

Current 
Soma Gmax 

(S/cm2) 
DendP Gmax 

(S/cm2) 
Gat. Var. α β 

INa 
BC-0.12; 

OLM-0.08 
BC-0.12; 

OLM-0.08 

p = 3 
−0.3(𝑣 − 43)

exp[(𝑣 − 43)/−5] − 1
 

0.3(𝑣 − 15)

exp[(𝑣 − 15)/5] − 1
 

q = 1 
0.23

exp[(𝑣 − 65)/20]
 

3.33

exp[(𝑣 − 12.5)/−10] + 1
 

IfKdr 
BC-0.0013; 
OLM-0.01 

BC-0.0013; OLM-
0.01 

p = 4 
−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

0.264

exp[(𝑣 − 22)/40]
 

IsKdr 
BC-0.0013; 
OLM-0.01 

BC-0.0013; OLM-
0.01 

p = 4 
−0.028(𝑣 − 35)

exp[(𝑣 − 35)/−6] − 1
 

0.1056

exp[(𝑣 − 10)/40]
 

IKCa (BC) 0.0002 0.0002 p =1 

0.28[𝐶𝑎2+]

[𝐶𝑎2+] + exp1(0.00048, 0.84, 𝑣)
 

0.48

1 + [𝐶𝑎2+]/exp1(0.13𝑒−6, 1, 𝑣)
 

exp1 = 0.00048exp [−
0.12𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] exp1 = 0.13𝑒−6exp [−

𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

IH (OLM) 0.00002 0.00002 p = 1 x∞ = 
1

exp[(84.1−𝑣)/10.2]+1
 τx (ms) =  

1

exp[0.116𝑣−17.9]+exp[0.09𝑣−1.84] 
 

ICaL 0.09 0.09 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN (BC) 0.0008 0.0008 
p =2 

0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT (OLM) 0.0005 0.0005 
p =2 

0.2(19.26 − 𝑣)

exp[(19.26 − 𝑣)/10] − 1
 0.009exp[−𝑣/22.03] 

q = 1 0.00016exp[−𝑣/16.26] 
1

exp[(29.79 − 𝑣)/10] + 1
 

IKAHP  0.00002 0.00002 p = 1 1.25 ∗ 1013[𝐶𝑎2+]𝑖
4 0.00025 

IA 
BC-0.00015; 
OLM-0.0001 

BC-0.00015; OLM-
0.0001 

p = 1 0.02exp [(1.8(𝑣 + 33.6).
𝐹

𝑅𝑇
)] 0.02exp [(−1.2(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 

q = 1 0.08exp [(4(𝑣 + 83).
𝐹

𝑅𝑇
)] 0.08 

Diam. (μm)   
BC-15; OLM-

10 
BC-2.5; OLM-3 

Cm = BC-2.5; 
OLM-2.0 
μF/cm2 

Raxial = BC-100; OLM-150 Ω-cm Gleak = BC-0.0002; OLM-0.0003 

Length(μm)   20 BC-300; OLM-250 ENa = 55 mV EK = -90 mV Eleak = -64 (BC); -60 (OLM) mV 

 x∞ = 

α

α+β
 τx (ms) = 

1

α+β
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Figure Titles 

Figure 1. Structure and characterization of the 3D hippocampal network. (A) Schematic 

of the network showing the modeled regions EC, CA3, and DG with their dimensions, 

cell numbers, and longitudinally organized connectivity patterns (Hummos et al. 2014). 

Neurons in EC were more likely to send connections to DG and CA3 neurons in their 

longitudinal vicinity. Similarly, DG granule cells tended to project to CA3 neurons in the 

same lamella. Cells were compacted into three sheets, in the radial dimension, 

representing stratum-pyramidale in CA3 and the granular layer in DG. (B) Schematic of 

internal circuitry within CA3. Excitatory connections terminate in arrows and inhibitory 

ones in black filled circles. (C) Activity in CA3 with increasing numbers of EC afferents, 

without inhibitory interneurons and short-term depression at the CA3 recurrent 

connections. Uncontrolled spread of excitation among CA3 PNs can be noticed when the 

number of EC inputs exceeds 10. Accordingly, we chose 10 as input size of EC afferents 

to the CA3-DG network. (D) EC cells activated during each the training protocol. The 

‘training’ phase consisted of five presentations of EC pattern 1 to the network, followed 

by a ‘retrieval’ phase where 11 patterns of EC inputs were presented with decreasing 

levels of similarity to the encoded pattern 1. (E) Correlation of output patterns in EC, 

CA3 and DG during the retrieval phase, in response to the probe patterns 1-11 from EC. 

The correlation between input pattern 1 and the probe EC patterns is shown as a reference 

point. Correlation values at CA3 pyramidal neurons lie well above the input correlation 

indicating a tendency towards pattern completion in CA3. Conversely, DG correlation 

values lie below input correlation levels indicating pattern separation. This provides 

validation that the network performs pattern completion and separation as expected. 

 

Figure 2. Morphology of inhibitory connections in the CA3 network. BCs make peri-

somatic synapses onto CA3 cells, have arborized axons, and also project to neighboring 

OLM cells. In contrast, OLM cells synapse distally onto dendrites. The CA3 pyramidal 

cell receives excitatory input from EC cells, and mossy fiber (MF) inputs from DG cells. 

DG cells also provide excitatory inputs to BCs. BCs inhibit OLM cells, but this 

projection is not reciprocated. 

 

Figure 3. Distinctive features of inhibition by BCs and OLM cells. (A) Average firing 

rate distributions of BC (blue) and OLM (orange) cells. BCs had a significantly larger 

dynamic range in firing rate compared to OLM cells. (B) Dependence of firing rate of 

BCs (blue) and cells OLM (orange) on the number of CA3* afferents. The former 

received afferents from EC and DG* but the latter did not. (C) Grouping BC firing rate 

by number of EC afferents revealed a linear trend in BC firing rates with the total number 

of CA3*+DG* afferents. (D) Inactivation of BCs resulted in significantly more (p<0.05) 

CA3* cells with higher EC afferents added to the pattern, as compared to inactivation of 

OLM cells. 

 

Figure 4. Comparison of effects of back-projection from CA3 to DG. Normal correlation 

for CA3 (red) and DG (blue) is shown in solid, and correlation with back-projection 

using disynaptic inhibition in dashed lines. This CA3-DG back-projection resulted in 

both increased pattern completion in CA3 (17% change in area under the curve; 



 

96 

 

p<0.005), and increased pattern separation in DG (23% change in area under the curve; 

p<0.005). 
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CHAPTER 4 

GENESIS OF HIPPOCAMPAL THETA RHYTHM IN A 

COMPUTATIONAL MODEL 

ABSTRACT 

 The mechanisms involved in the generation of hippocampal theta remain poorly 

understood. We studied the underlying mechanisms in the genesis of theta by adapting a 

computational network model of the rodent hippocampus. The model had biologically 

realistic conductance-based single cells models for principal cells and the two abundant 

interneuron types in CA3 and dentate gyrus (DG) regions. The interneuron types were, 

basket cells (BCs) and oriens lacunosum-moleculare (OLM) interneurons, and the present 

study incorporated realistic gap junction and chemical synapse connectivity among and 

between these interneurons. The network model also included synaptic current dynamics, 

spatial connectivity patterns, short-term synaptic plasticity, and known effects of 

acetylcholine. Work to be completed - Improve the model to include accurate LFP type 

theta detection rather than using population firing rate; Study in-depth the uncovered 

mechanisms; and investigate theta-gamma coupling. 

 

INTRODUCTION 

 Hippocampal theta frequency (4-12 Hz) oscillations are consistently recorded 

during working memory tasks, spatial navigation, and storage of episodic memory (for 

review, see Buzsáki, 2002; Colgin, 2013). During in vitro isolation, the hippocampus can 

generate its own theta rhythm (Goutagny et al., 2009), and several potential intrinsic 

mechanisms of hippocampal theta rhythm generation have been identified (for review, 
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see Buzsáki, 2002; Colgin, 2013). However, in vivo hippocampal theta is attenuated by 

disruption of input from the medial septum (Petsche et al., 1962; Brazhnik and 

Vinogradova, 1986; Stewart and Fox, 1990; Vinogradova, 1995; Boyce et al., 2016) and 

from the entorhinal cortex (EC, Alonso and García-Austt, 1987), which raises questions 

about the capability of intrinsic hippocampal theta mechanism to provide robust and 

sufficient theta rhythm generation. Further, even though multiple potential sources of 

intrinsic hippocampal theta rhythm generation have been identified, no single intrinsic 

mechanism has been shown to be sufficient for generation of theta rhythms in vivo, and 

there is currently a lack of understanding of which intrinsic mechanisms are involved in 

particular hippocampal system states. Here we study model intrinsic hippocampal theta 

mechanisms to understand their respective state-dependent roles in generating theta 

rhythms.  

 While computational models have previously identified multiple potential 

individual theta mechanisms, experiments aimed at confirming these mechanisms 

individually continue to reveal conditions where these intrinsic mechanisms are not 

involved in generation of hippocampal theta rhythms. For example, the slow firing 

oriens-lacunosum moleculare (OLM) cells exhibit behavior close to theta rhythm in vivo 

(Klausberger et al., 2003), and computational models have therefore proposed OLM cells 

as intrinsic generators of the theta rhythm (Gloveli et al., 2005; Rotstein et al., 2005; 

Neymotin et al., 2013). However, subsequent biological experiments have shown that 

OLM cells exhibit modest resonance at the theta frequency (Kispersky et al., 2012), and 

silencing OLM cells in vivo did not diminish hippocampal theta activity (Royer et al., 

2012). As a second example, intrinsic membrane conductances have been suggested as 
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contributing to generation of hippocampal theta rhythm using computational models, 

such as the spike-frequency adaptation currents (Crook et al., 1998; Fuhrmann et al., 

2002; Hu et al., 2002; Gigante et al., 2007; Augustin et al., 2013), or the h-current (Orbán 

et al., 2006; Zemankovics et al., 2010; Neymotin et al., 2013). It is difficult to study 

spike-frequency adaptation currents experimentally, but a genetic knockout of the h-

current did not disrupt hippocampal theta rhythm (Nolan et al., 2004; Giocomo et al., 

2011). Recurrent excitatory connections between pyramidal cells is a third mechanism 

proposed by computational models (Traub et al., 1989, 1992; Hansel et al., 1995; Crook 

et al., 1998; Fuhrmann et al., 2002; Netoff et al., 2005); but biological experiments again 

revealed occurrence of hippocampal theta oscillations even where excitatory AMPA 

transmission at the recurrent excitatory connections between pyramidal cells is disrupted 

(Gillies et al., 2002). In addition, a fourth proposed intrinsic mechanism for generation of 

hippocampal theta rhythm from is the divergence of afferent projections to an area,  

which has been suggested in computational models (Teramae and Tanaka, 2004; Nakao 

et al., 2005; Springer and Paulsson, 2006) and in experiments involving the olfactory 

cortex (Galán et al., 2006). However, the role of these divergent projections in generating 

hippocampal theta rhythms has not been explored. 

 We used a biophysical computational model of the hippocampus that included 

principal cells and two types of interneurons (Basket Cells (BCs) and OLM cells), to 

investigate how the various intrinsic theta mechanisms might be integrated, and to 

examine their relative contributions to the hippocampal theta rhythm generation. The 

model included neuromodulatory inputs, spatially realistic connectivity between model 

cells, and short-term synaptic plasticity, which were all constrained by prior experimental 
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observations. We examined the intrinsic hippocampal theta generation mechanisms 

independently of external rhythmic input, by removing the well-studied medial septal 

input (Denham and Borisyuk, 2000) and suppressing any rhythmicity in EC (Alonso and 

García-Austt, 1987). We found five intrinsic mechanisms that contributed differentially 

to hippocampal theta rhythm generation. Importantly, no one intrinsic mechanism was 

critical to generating the theta rhythm, which is consistent with experimental results. 

These model findings suggest that intrinsic hippocampal theta generation is robust and 

sufficient. We found that even with random Poisson activity, EC input was very 

important for theta rhythm generation. Notably, EC input had the largest relative 

contribution to theta power, followed by the recurrent connections and OLM cells.  This 

is consistent with the significant drop in theta power following removal of medial septum 

external inputs (Vinogradova, 1995) or EC inputs (Alonso and García-Austt, 1987) to the 

hippocampus in vivo. Finally, we also found that the low and the high cholinergic states 

used distinct intrinsic mechanisms for theta rhythm generation, which allowed us to 

examine which network parameters foster the engagement of specific intrinsic 

mechanisms during different cholinergic network states.  

 

METHODS 

 We developed a network model of the rodent hippocampus in a prior study using 

Izhikevich single cell models, synaptic currents, spatial connectivity patterns, short- and 

long-term plasticity and known neuromodulator effects (Hummos et al. 2014). The model 

included CA3 and DG regions that received inputs from EC. The present study used the 

same model, except for replacing the Izhikevich single cell models with biophysical 
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conductance-based models matched to biological data. We provide information related to 

the single cell models below, followed by an overview of the overall model. The reader is 

referred to our previous study for detailed descriptions including parameters related to 

other model features (Hummos et al. 2014). The model, developed using the package 

NEURON (Carnevale and Hines 2006), will be made available upon publication via the 

public database ModelDB (http://senselab.med.yale.edu/ModelDB/).   

 

Single Cell models 

 Single neurons were modeled using the Hodgkin-Huxley formulation (Byrne et al. 

2014) and included multiple compartments known currents and neuromodulator 

receptors. CA3 model cells PNs and the two most abundant interneuron types, BCs and 

OLM cells (Vida, 2010). DG model cells included granule cells, BCs, and Hilar Perforant 

Path-associated (HIPP) cells. All model neurons were matched to the salient features 

reported in biology: CA3 PNs fire in bursts of 2-3 action potentials as well as individual 

spikes (Tropp Sneider et al. 2006). These PNs respond to current injections with an initial 

burst followed by either silence or tonic firing of different frequencies (Brown and 

Randall 2009; Hemond et al. 2008) and are also capable of bursting in response to a very 

short (2-5ms) current pulse with a burst of action potentials that outlive the stimulus 

(Brown and Randall 2009; Wong and Prince 1981). Granule cells in DG display a very 

low basal firing rate in vivo with an average < 0.5 Hz, and bursts shorter than those in 

CA3 cells (Jung and McNaughton 1993). These cells predominantly fire in single spikes 

with spike frequency adaptation (Staley et al. 1992). We used a resting membrane 

potential of -73 mV (Staley et al. 1992) and matched biological membrane potential 
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responses to current injection (Staley et al. 1992). Parvalbumin-positive basket cells are 

characterized by fast spiking patterns and a small membrane time constant (~10 ms) and 

little spike frequency adaptation (Bartos and Elgueta 2012). The cell model had these 

characteristics, with a resting potential of -64 mv and firing rate vs current injection 

relationship that matched data in (Buhl et al. 1996). OLM cells have a high input 

resistance (496 MΩ) and slow membrane time constant (71 ms) (Lawrence et al. 2006). 

Action potentials are followed by a characteristic long-lasting, slow after-

hyperpolarization with rebound spikes occurring commonly on repolarization. Model 

OLM cells captured these characteristics, and had a resting membrane potential of -68 mv 

(Ali and Thomson 1998). OLM model cells were also tuned to produce the observed slow 

AHP, rebound spikes and the characteristic sag with negative current injections. 

Appendix tables 1A-1C provide a complete listing of the parameters for the four single 

cell models described above. 

 

Network structure and connectivity 

 Typical of most models, the network model was a scaled down version of the rat 

hippocampus (Hummos et al. 2014; Li et al. 2011). The CA3 region contained 63 

pyramidal cells, and 8 BCs and 8 OLM cells, while the DG region had 384 granule cells, 

32 BCs and 32 HIPP cells. The number of cells in each region was selected keeping the 

ratio between population cell numbers as close to biology as possible. Perforant path 

projections from EC follow a lamellar organization across a longitudinal axis of the 

hippocampus (Naber et al. 1997; Witter 2010), and projections from DG to CA3 follow a 

similar longitudinal organization (Hummos et al. 2014). 
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 Model cells in CA3, DG and EC were distributed in three dimensions, which 

correspond to respective dimensions of the rat hippocampus. Projections from EC to 

pyramidal cells and BCs in DG and CA3 were most likely to project to neurons in the 

center of their longitudinal neighborhood, using a Gaussian connection probability 

function that depended on the longitudinal distance between cells. The Gaussian function 

had a peak probability value of 0.4 for projections form EC to pyramidal cells and BCs in 

CA3 (Fig. 1). EC projections to DG had similar values. Mossy fiber projections from DG 

to CA3 followed a similar lamellar pattern as of EC to CA3 and EC to DG projections 

(Fig. 1). Each DG granule cell connected to a maximum of two CA3 pyramidal neurons 

(Rolls and Kesner, 2006), in order to create sparse MF connections. Previous studies have 

determined that projections from DG granule cells to CA3 BCs out-number projections to 

CA3 pyramidal neurons by a ratio of 10:1 (Acsady et al., 1998). Accordingly, DG 

projections to BCs followed a Gaussian distribution with a higher peak probability and 

standard deviation than projections from DG to CA3 PNs (Fig. 1). Recurrent connections 

between CA3 PNs were generated with a fixed probability of 0.3, since these recurrents 

generally reveal no spatial organization (Wittner et al. 2007). 

 OLM cells make many more synapses compared to BCs (Sik et al. 1995), but 

have limited axonal arborization, and are believed  to participate in feedback inhibitory 

loops (Maccaferri 2005). BCs have a more diffuse axonal arborization with higher 

likelihoods of connecting to pyramidal cells in the vicinity of the BCs (Sik et al. 1995). 

BCs also provide inhibitory connections to neighboring OLM cells (Bartos et al. 2010), 

but OLM cells do not project to BC cells. A Gaussian function was used to determine 

these connectivities (Fig. 1). BC projections to pyramidal cells and to OLM cells shared 
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the same spatial domain, while OLMs received reciprocal connections from the 

pyramidal cells they projected to (Maccaferri 2005). Principal cells in both DG and CA3 

projected to BCs with a fixed probability of 0.15, based on the lack of specific 

topography for these projections (Wittner et al. 2007). CA3 back-projections inhibit DG 

granule cells through a direct pathway (Ishizuka et al. 1990; Li et al. 1994; Scharfman 

1994) and indirectly by exciting hilar mossy cells (Scharfman 2007; 1994) and also DG 

interneurons with dendrites in the hilus (Kneisler and Dingledine 1995; Scharfman 1994) 

 Connections between cells were generated randomly, based on the probabilities 

described above, and experimental data was used to match spontaneous firing rates of 

pyramidal cells in CA3 (Mizuseki et al. 2012) and granule cells in DG (Bower and 

Buckmaster 2008). 

 

Synaptic currents 

 The synaptic AMPA, NMDA, GABAA, and GABAB currents were modeled based 

on (Destexhe et al. 1998) and their dynamics were matched to available literature. AMPA 

currents in CA3 PNs were fastest for inputs from DG and slowest for inputs from EC, while 

inputs from other CA3 cells had intermediate values (Hoskison et al. 2004; Tóth 2010). 

Additionally, BC inhibitory currents had faster dynamics than those from OLM (Bartos et 

al. 2010). Synaptic weights were assigned based on available literature. The synapses from 

DG to CA3 were selected so multiple inputs to a CA3 cell would cause the CA3 cell to 

spike, while a single synaptic input would not (Henze et al. 2002). Recurrent CA3 synapses 

used a low initial synaptic weight, based on biological data indicating low transmission 

probability of action potentials (4%) at the recurrent CA3 synapses (Miles and Wong 
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1983). CA3 pyramidal cell to BC and OLM interneurons used a higher synaptic level based 

on biological data indicating a higher transmission probability of action potentials (~60%) 

(Gulyas et al. 1993; Miles 1990). In the DG region, synapses between DG granule cells 

and DG interneurons were selected to provide sparse DG firing (Bower and Buckmaster 

2008). 

 

Long-term synaptic plasticity 

 Biological studies have shown classical Hebbian associative long-term 

potentiation (LTP) at the glutamatergic perforant path synapses to DG (Bliss and 

Gardner-Medwin 1973) and to CA3 (Do et al. 2002). Many types of synaptic plasticity 

exist at GABAergic synapses (for a review, see (Maffei 2011)). (Woodin et al. 2003) 

reported LTP between hippocampal cells if the pre- and post-synaptic spikes were within 

20ms of each other, LTD if within 50ms, and no change if longer. They also found 

plasticity to be dependent on activation of postsynaptic L-type voltage dependent calcium 

channels (VDCCs). 

 Consistent with these findings, the model implemented LTP using a learning rule 

based on the concentration of a post-synaptic calcium pool at each modifiable synapse 

(Shouval et al. 2002a). At excitatory synapses, calcium entered post-synaptic pools via 

NMDA receptors, and at inhibitory synapses, calcium entered through VDCCs. The 

postsynaptic pool also received Ca2+ from internal stores upon GABAB receptor 

stimulation. This approach has been used in other models by our group (Kim et al. 2013b; 

Li et al. 2009). For both types of synapses, a calcium concentration above a lower 

threshold caused synaptic weight depression, while a concentration exceeding an upper 
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threshold cause synaptic weight potentiation. Because the characteristics of DG to CA3 

mossy fiber potentiation are controversial (Neves et al. 2008), we only modeled short-

term plasticity in the MF connections, as described below. Long-term plasticity in all 

synapses was constrained to 100%. 

 

Short-term synaptic plasticity 

 In addition to long-term plasticity described above, we included short-term 

plasticity in the model based on the formulation by (Varela et al. 1997). We modeled 

short-term facilitation reported at the DG to CA3 mossy fiber connections (Toth et al., 

2000) and frequency-dependent synaptic depression reported at the recurrent CA3 

connections (Hoskison et al. 2004). In CA1, projections from pyramidal cells to OLM 

cells have been shown to experience short-term facilitation (Ali and Thomson 1998), 

while projections to BC cells experience short-term depression (Ali et al. 1998). In the 

opposite direction, inhibitory currents from OLM cells to CA3 pyramidal cells show no 

short term facilitation or depression (Maccaferri 2005), while inhibitory currents from BC 

cells to CA3 pyramidal cells show depression (Hefft and Jonas 2005). 

 

Acetylcholine effects 

 The hippocampus receives cholinergic inputs from the septum-diagonal band 

complex (Woolf 1991). To implement the effects of ACh in our model on cells and 

synaptic connections, a variable ‘ACh’ was used to represent discrete ACh levels of 0 

(low), 1 (baseline), and 2 (high). Under cholinergic stimulation, synaptic transmission 

from EC to CA3 is suppressed by 50%, and is suppressed by 85% at the recurrent 
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connections in CA3 (Barry et al. 2012; Hasselmo et al. 1995; Kremin and Hasselmo 

2007). In contrast, DG to CA3 synaptic transmission is enhanced by 49% under 

cholinergic stimulation (Vogt and Regehr 2001). We did not modify inhibitory synaptic 

connections in the model based on ACh levels. AMPA synaptic currents were scaled by 

the value of ACh in our model to represent ACh effects on the synapses. A parameter 

bACh was used to determine the direction and magnitude of ACh effects on a particular 

synapse. Values of bACh for different synapses were set according to experimental 

results. In addition to the synaptic effects described above, cholinergic stimulation also 

enhanced cellular excitability, depolarized the resting membrane potential of principal 

cells, eliminated AHP, decreased spike frequency adaptation and induced rhythmic burst 

activity (Bianchi and Wong 1994; Misgeld et al. 1989). Effects on BC and OLM 

interneurons were subtype-dependent (McQuiston and Madison 1999a; McQuiston and 

Madison 1999b). Muscarinic stimulation of OLM interneurons depolarized the resting 

membrane potential, and also lowered spike frequency adaptation and AHP (Lawrence et 

al. 2006). In contrast, BC cells have low levels of nicotinic ACh receptors, and they 

respond to muscarinic receptor activation with a limited resting membrane potential 

depolarization (Cea-del Rio et al. 2010; Cobb and Lawrence 2010). We modeled effects 

of ACh on neurons by linearly scaling cell parameters by the ACh level (see Hummos et 

al., 2014).  

 

Inputs and data analysis 

 For the full model and sub-circuit cases considered, appropriate model cells 

(identified in the figures) received external input as trains of Poisson-distributed spikes 
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that arrived at a dedicated synapse associated with each cell, triggering an influx of 

AMPA and NMDA currents into the cell. To limit the focus of this study to intrinsic 

hippocampal theta mechanisms, we chose to exclude input from medial septum which is 

known to generate theta in CA3 (Vinogradova, 1995). We studied two model cases: one 

with external input arriving at EC, and the other with input arriving directly at CA3 

pyramidal cells. The two types of inputs differed in the weight of the associated input 

synapses, and the base rate of the Poisson spike trains arriving at these synapses. Input to 

EC arrived at synapses with a 100% spike transmission rate to ensure that EC firing 

pattern was dictated by the Poisson input, whereas input to CA3 pyramidal cells had a 

lower weight value with parameters matching the EC to CA3 synapses (Table 1). 

 To determine the base rates of the Poisson processes generating these input trains, 

we considered place cells in CA3. Place cells respond to certain areas in the environment 

and their firing rates approximate a lognormal distribution (Mizuseki and Buzsáki, 2013) 

with an average of ~7 Hz (Mizuseki et al., 2012). In our model case where external inputs 

arrived to EC, each EC cell received a unique train of Poisson input spikes at a base rate 

of 15 Hz, which produced firing rates in CA3 pyramidal cells with a lognormal 

distribution and an average of 7 Hz (Fig. 2C1). In the model case where external inputs 

arrived directly to CA3 pyramidal cells, the input rates to different cells had to be drawn 

from a lognormal distribution (average: 50 Hz, standard deviation: 40 Hz), to produce 

firing rates with a lognormal distribution (Fig. 2C2) that matched experimental data. 

 For spectral analysis, we summed the spikes of all cells of each type in a region 

(e.g., CA3 pyramidal cells) in 0.1 ms bins and computed the fast-Fourier transform of the 

resulting vector, using the Matlab function psautospk.m (Koch and Segev, 1998), with a 
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moving window of size 1024 ms, and overlap of 512 ms. Spike data was used in spectral 

calculations as a proxy for LFP as used in network models (e.g., Brunel and Wang, 2003; 

Hoseini and Wessel, 2016; Samarth et al., 2016). 

 The model was developed using the NEURON software package (Carnevale and 

Hines, 2009) and run on a PC with an Intel i7-core processor with an integration time-

step of 0.1 ms (key results were also verified with a time-step of 0.01 ms). The code is 

available as part of our previous publication via the public database ModelDB at Yale 

University. The recorded spike times were then analyzed using MATLAB (Mathworks, 

Inc.). All simulations ran for 3 seconds except for the experiment in figure 4, where 

single neuron spike data was analyzed over a 30 second period. 

 

Model tuning and validation 

 The overall model was developed in stages: the single cell models, the properties 

of glutamatergic and GABAergic synapses, the intrinsic connections between cells, 

plasticity in appropriate connections, and, finally, neuromodulator effects. The following 

approach was used for modeling each of the above: (1) The experimental literature was 

mined, both to constrain the model and derive criteria to assess whether the model 

successfully reproduced the particular phenomena being modeled; (2) Iterative “tuning” of 

model parameters was performed until the model’s behavior matched experimental 

observations; and (3) Validation of the model, which took two forms. First, the ability of 

the model to reproduce the experimental data considered in its development. Second, the 

ability of the model to reproduce a set of experimental observations it was not designed to 

reproduce. The tuning and validation procedure used are described next. 



 

114 

 

Model Tuning: To further constrain the model and assess its functional capacity, we tuned 

it to perform pattern separation and pattern completion. The additional tuning required was 

mainly to adjust connection weights and LTP thresholds (Tables S4 and S5), to ensure 

practical neuron activity levels and synaptic learning rates.  

 Following Hasselmo et al. (1995), we ran the network through an encoding phase 

under high levels of ACh (= 2). In this encoding phase, an input pattern was constructed to 

consist of 10 randomly selected EC neurons (pattern 1), and the network was then presented 

with this input pattern for five 500 ms trials. 10 input cells were selected to study 10 

different levels of input similarity, although other values would work for other experiment 

designs. For each trial, EC neurons in the pattern received inputs for 250 ms at 12 Hz. Five 

trials were selected to stay as close as possible to some fear conditioning studies that used 

five conditioning trials. After five learning trials the model had a sufficient learning 

accuracy of recall, similar to experiments with rodents that select a cut off above a certain 

percentage where the rodent is considered to have learned the behavior in question. 

 After the encoding phase, we tested for retrieval in response to 10 input patterns 

that had decreasing amounts of overlap with the encoded pattern 1. The 10 probe patterns, 

numbered 2 to 11, were constructed as follows. Pattern 2 contained nine of the neurons in 

pattern 1 and an additional neuron selected randomly. Similarly, pattern 3 shared eight 

neurons with pattern 1 and included two other neurons selected randomly. With this logic, 

Pattern 11 had no neurons in common with pattern 1. See Figure 1D. To test for retrieval, 

all long-term plasticity was inactivated and we examined the output retrieved in response 

to probe patterns 2 to 11 under the lowered (retrieval) level of ACh (= 0). 
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 In each retrieval trial, one of the eleven patterns was presented at EC, and the 

number of spikes each neuron fired during the trial was recorded. Subsequently, to form a 

trial “output” pattern for each area, the spike counts from all its principal cells were 

populated into a vector that was normalized to a length of one. The correlation between the 

outputs of any two trials was then assessed by taking the dot product of the two 

corresponding output vectors. This correlation measure has a minimum value of 0 

indicating that the two output patterns being compared had a non-overlapping set of 

neurons firing in each. Conversely, a correlation level maximum value of 1 indicates that 

the two vectors had the same set of neurons firing at the same rates. 

 For each area in the model, we calculated pair-wise correlation comparisons 

between the output from pattern 1 and the output from each of the patterns from 1 to 11. 

Figure 1E shows these pair-wise correlation values for EC, CA3 and DG. Inputs arrived 

directly at EC neurons, thus, EC correlation levels reflect the similarity between input 

patterns. Correlation between CA3 output patterns were above EC correlation (Fig. 1E), 

indicating that CA3 was engaged in retrieval of stored patterns. For instance, input pattern 

3 had a correlation of 0.8 with input pattern 1, whereas in CA3, the output from pattern 3 

had a correlation of 0.95 with pattern 1, indicating that even for dissimilar inputs CA3 

retrieved output that are more similar to the learned pattern 1. Thus, even with changes in 

the sensory input, CA3 may still retrieve a previously learned memory pattern. On the other 

hand, DG outputs revealed lower correlation relative to inputs, indicating that DG was 

predisposed to create distinct neuronal representations (Fig. 1E). 

 These results are consistent with computational theories of the division of labor 

between DG and CA3 (Treves and Rolls, 1992; O’Reilly and McClelland, 1994; Hasselmo 
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et al., 1995; McClelland and Goddard, 1996) and recent experimental evidence (Lee and 

Kesner, 2004; Leutgeb et al., 2007; Bakker et al., 2008; Neunuebel and Knierim, 2014). 

 Model validation: Cholinergic transmission has been implicated in the modulation 

of activity in CA3 with high ACh favoring pattern separation and low ACh levels favoring 

pattern completion (Hasselmo et al., 1995; Rogers and Kesner, 2003; Meeter et al., 2004). 

Accordingly, to validate the model, we examined the effects of different levels on ACh on 

the dynamics during retrieval, and compared the results to reports in the literature. 

Averaged results from 10 random initializations of the network demonstrated that CA3 

outputs in response to probe patterns 1-11 had significantly lower correlation levels to the 

encoded pattern 1 under high levels of ACh compared to low ACh levels, while DG 

correlation levels remained unchanged (not shown). These observations are in agreement 

with previous models (Hasselmo et al., 1995; Meeter et al., 2004; for review, see Newman 

et al., 2012) and experimental results (Ikonen et al., 2002; Rogers and Kesner, 2003, 2004). 

 Limitations: Synapses from DG granule cells to CA3 parvalbumin-BCs exhibit 

short-term synaptic facilitation (Szabadics and Soltesz, 2009). However, inputs from MF 

to other types of interneurons such as Cholecystokinin-BC exhibit short-term depression. 

Therefore, we assumed that the combined input from DG to both populations of BC cells 

would then effectively have no short-term dynamics. Accordingly, the MF synapses to BCs 

in the present model did not have any short-term plasticity. 

Comparison to reduced-order model: Hummos et al. (2014) showed how nonlinear 

mechanisms such as depressing synapses at recurrent CA3 collaterals and inhibition by 

OLM interneurons were suited to prevent runaway excitation whereas inhibition by BC 

interneurons might be inefficient. Their model also showed how these intrinsic 
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mechanisms stabilized encoding and retrieval phases differentially. The present study uses 

a more realistic single cell model with individual channel currents and neuromodulation 

receptors to extend the study and investigate pattern completion and separation processes 

at the synaptic level. All reported values below are mean ± s.e.m., unless stated otherwise. 

 

RESULTS 

 Issues to consider from previous study: Poisson spikes input generates theta 

oscillations in the model – cause for these ‘spurious’ oscillations; Pyramidal cells display 

theta stochastic resonance; Divergent projections produce theta oscillations; Short-term 

plasticity stabilizes theta oscillations in recurrent networks; Pyramidal-Interneuron sub-

networks generate theta through two mechanisms; Theta mechanisms have different 

relative contributions across cholinergic states. 

 New issues to consider:  Add connections among and between BCs and OLMs – 

something not presently in the model.  Then use the model to study the following: (i) 

Role of Ih in theta rhythm – when Ih is added; disconnected cells show two power peaks 

in theta and beta range, but when connected the beta peak disappears. Also, interaction of 

ACh on individual currents?  (ii) Different ways to quantify, interpret and detect theta? 

(iii) More deeper or thorough investigation of mechanisms proposed by previous study; 

(iv) CA3 pyr cells spike randomly and it was observed that even disconnected cells show 

theta resonance because of spurious correlations and the mechanisms proposed only help 

synchronize more these spurious correlations; (v) The 3-compartment bio-realistic cells 

we will use to replace the 1-compartment Izhikevich cells should give us the opportunity 

to accurately place BC and OLM inhibition and provide more insight into these 



 

118 

 

differential inhibitory circuits; (vi) Theta rhythms are usually measured biologically using 

LFPs. May be move to more accurate LFP model to detect theta in the network is needed 

than use of population firing rates; (vii) Analysis of synchrony on complete CA3 

network.; (viii) Investigate more on the role of DG inputs on CA3. 
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FIGURES AND LEGENDS   

 
Figure 1: 

Network 3D structure and CA3 local circuitry. (A) Schematic of the network 

implemented showing the modeled regions EC, CA3, and DG with their dimensions, cell 

numbers, and longitudinally organized connectivity patterns. Neurons in EC were more 

likely to send connections to DG and CA3 neurons in their longitudinal vicinity. 

Similarly, DG granule cells tended to project to CA3 neurons with similar EC input. Cells 

were compacted into three sheets of cells, in the radial dimension, representing stratum-

pyramidale in CA3 and the granular layer in DG. (B) Schematic with details of CA3 

internal circuitry. Excitatory connections terminate in arrows and inhibitory ones in black 

filled circles. (C) The ratio of active CA3 pyramidal cells versus the number of EC cells 

stimulated by external input, without intrinsic stabilizing CA3 mechanisms such as 

inhibitory interneurons and short-term depression at the CA3 recurrent connections 

(Hummos et. al., 2014). Using this titration informed choosing a practical number of EC 

cells to receive external input, to form various patterns of input to the network. Unstable 

spread of excitation appeared to explode exponentially with more than 10 EC cells 

receiving external input, and we accordingly, to construct various input patterns to the 

network, chose 10 different EC cells to receive external input. (D) EC input patterns 

during training and retrieval modes. (E) Patten completion in the CA3 region and pattern 

separation in the DG region. 
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TABLES AND LEGENDS 

Table 1: 

bACh: a unit-less value determining the direction and magnitude of ACh effects on 

synapses (see Materials and Methods). 
 

Table 1: Summary of synaptic properties used in the CA3 network model. 

 EC input Recurrent Pyr to OLM Pyr to BC OLM to 

pyr 

BC to pyr 

Spatial 

connectivity 

Diffuse 

(Witter, 

2010) 

Homogenous 

(Wittner, 

2007) 

Reciprocal 

(Maccaferri, 

2005) 

Homogenous 

(Wittner, 

2006) 

Dense, 

compact 

(Buhl et 

al., 2007) 

Light, 

diffuse 

(Buhl et al., 

2007) 

AMPA or 

GABAA 

rise/decay 

time 

constants 

(ms) 

1.7/10.9 

(Tóth, 

2010) a 

1.1/5 

(Hoskison et 

al., 2004) 

0.27/0.57 

(Geiger et 

al., 1997) 

0.27/0.57 

(Geiger et al., 

1997) 

2.8/20.8 

(Bartos et 

al., 2010) 

a 

0.21/3.3 

(Bartos et 

al., 2010) a 

Weight 2 0.4 3 3 3 3 

Short-term 

synaptic 

plasticity 

None Depressing 

(Hoskison et 

al., 2004) 

Facilitating 

(Ali et al., 

1998). 

Depressing 

(Ali et al., 

1998) 

None Depressing 

(Hefft et al., 

2005). 

bACh -0.5 

(Kremin 

et al., 

2007) 

-0.85 (Kremin 

et al., 2007) 

None None None -0.5 (Pitler 

and Alger, 

1992) 

 

a We calculated the rise time constant from the reported 20-80% rise time or 10-90% rise time, see 

Hummos et al. (2014). 
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APPENDIX 

1.  Mathematical Equations for voltage-dependent ionic currents   

 The equation for each compartment (soma or dendrite) followed the Hodgkin-Huxley 

formulations (Byrne and Roberts, 2004) in eqn. A1, 

              𝐶𝑚𝑑𝑉𝑠/𝑑𝑡 = −𝑔𝐿(𝑉𝑠 − 𝐸𝐿) − 𝑔𝑐(𝑉𝑠 − 𝑉𝑑) − ∑ 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡 − ∑ 𝐼𝑐𝑢𝑟,𝑠

𝑠𝑦𝑛
+ 𝐼𝑖𝑛𝑗       (A1) 

where 𝑉𝑠/𝑉𝑑 are the somatic/dendritic membrane potential (mV), 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡  and 𝐼𝑐𝑢𝑟,𝑠

𝑠𝑦𝑛
 are the 

intrinsic and synaptic currents in the soma, 𝐼𝑖𝑛𝑗 is the electrode current applied to the 

soma, 𝐶𝑚 is the membrane capacitance, 𝑔𝐿 is the is the conductance of leak channel, and 

𝑔𝑐 is the coupling conductance between the soma and the dendrite (similar term added for 

other dendrites connected to the soma). The intrinsic current 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡 , was modeled 

as 𝐼𝑐𝑢𝑟,𝑠
𝑖𝑛𝑡 = 𝑔𝑐𝑢𝑟𝑚𝑝ℎ𝑞(𝑉𝑠 − 𝐸𝑐𝑢𝑟), where 𝑔𝑐𝑢𝑟 is its maximal conductance, m its 

activation variable (with exponent p), h its inactivation variable (with exponent q), and 

𝐸𝑐𝑢𝑟 its reversal potential (a similar equation is used for the synaptic current 𝐼𝑐𝑢𝑟,𝑠
𝑠𝑦𝑛

 but 

without m and h). The kinetic equation for each of the gating variables x (m or h) takes 

the form 

                                        
𝑑𝑥

𝑑𝑡
=

𝑥∞(𝑉,[𝐶𝑎2+]
𝑖
)−𝑥

𝜏𝑥(𝑉,[𝐶𝑎2+]𝑖)
                                                  

 (A2) 

where 𝑥∞ is the steady state gating voltage- and/or Ca2+- dependent gating variable and 

𝜏𝑥 is the voltage- and/or Ca2+- dependent time constant. Unless otherwise indicated, 𝑥∞ is 

equal to α / (α + β) and 𝜏𝑥 is equal to 1 / (α + β) as listed in Tables 1A-1C.  The equation 

for the dendrite follows the same format with ‘s’ and ‘d’ switching positions in eqn. A1. 

The specific current equations and other parameter values for each cell type are provided 

in Tables 1A-1C.  For further details on the equations used for synaptic currents, calcium 

dynamics and Hebbian learning, and short-term plasticity, please refer to our previous 

study (Hummos et al., 2014).  
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Table A1: CA3 cell parameter values. 

Curren

t 

Type 

Soma Gmax 
DendP 

Gmax 

Gating 

Variabl

e 

α β 

INa 0.031 0.015 
p = 3 

0.32(13.1 − 𝑣)

exp[(13.1 − 𝑣)/4] − 1
 

0.28(𝑣 − 40.1)

exp[(𝑣 − 40.1)/5] − 1
 

q = 1 0.128exp[(17 − 𝑣)/18] 
4

exp[(40 − 𝑣)/5] + 1
 

IKdr 0.06 0.03 
p = 3 

−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

0.264

exp[(𝑣 − 22)/40]
 

q = 1 0.001exp [(−2(𝑣 + 61).
𝐹

𝑅𝑇
)] 0.001 

IKCa 
0.0005513

5 

0.0005

5 
p =1 

0.28[𝐶𝑎2+]

[𝐶𝑎2+] + exp1(0.00048, 0.84, 𝑣)
 

0.48

1 + [𝐶𝑎2+]/exp1(0.13𝑒−6, 1, 𝑣)
 

exp1

= 0.00048exp [−
0.12𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

exp1

= 0.13𝑒−6exp [−
𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

IM 0.007 0.001 p = 4 −0.006exp [(0.6(𝑣 + 55).
𝐹

𝑅𝑇
)] 0.06exp [(−9.4(𝑣 + 55).

𝐹

𝑅𝑇
)] 

ICaL 0.025 0.025 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN 0.01 0.0001 
p =2 

0.1967(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT 0.0079 0.007 
p =2 

0.2(19.26 − 𝑣)

exp[(19.26 − 𝑣)/10] − 1
 0.009exp[−𝑣/22.03] 

q = 1 0.00016exp[−𝑣/16.26] 
1

exp[(29.79 − 𝑣)/10] + 1
 

IKAHP 0.001 0.0004 p = 1 1.3 ∗ 1013[𝐶𝑎2+]𝑖
4 0.005 

IA 0.0012 0.001 
p = 1 0.02exp [(1.8(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 0.02exp [(−1.2(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 

q = 1 0.08exp [(4(𝑣 + 83).
𝐹

𝑅𝑇
)] 0.08 

Diam. 16 3 Cm = 

1.0 

μF/cm2 

Raxial = 210 Ω-cm Gleak = 0.00018 

Length 16.8 150 ENa = 

45 mV 
EK = -85 mV Eleak = -70 mV 

    x∞ = 
α

α+β
 τx (ms) = 

1

α+β
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Table A2: DG cell parameter values. 

Current 

Type 

Soma 

Gmax 

DendP 

Gmax 

Gating 

Variable 
α β 

INa 0.08 0.08 
p = 3 

−0.3(𝑣 − 25)

exp[(𝑣 − 25)/−5] − 1
 

0.3(𝑣 − 53)

exp[(𝑣 − 53)/5] − 1
 

q = 1 
0.23

exp[(𝑣 − 3)/20]
 

3.33

exp[(𝑣 − 55.5)/−10] + 1
 

IfKdr 0.04 0.04 p = 4 
−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

 

0.264

exp[(𝑣 − 22)/40]
 

IsKdr 0.13889 0.012 p = 4 
−0.028(𝑣 − 35)

exp[(𝑣 − 35)/−6] − 1
 

0.1056

exp[(𝑣 − 10)/40]
 

IC 0.0001 0.0001 p =2 

−0.00642𝑉𝑚 − 0.1152

exp[−(𝑉𝑚 + 18)/12] − 1
 1.7exp[−(𝑉𝑚 + 152)/30] 

𝑉𝑚 = 𝑣 + 40log (1000[𝐶𝑎]
𝑖2) 𝑉𝑚 = 𝑣 + 40log (1000[𝐶𝑎]

𝑖2) 

ICaL 0.0004 0.0004 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN 0.0005 0.0005 
p =2 

0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT 0.0005 0.0005 
p =2 

0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

IAHP 0.00005 0.00005 p = 1 

0.0048

exp[−0.5(𝑉𝑚 − 35)]
 

0.012

exp[0.2(𝑉𝑚 + 100)]
 

𝑉𝑚 = 10log (1000[𝐶𝑎]
𝑖1) 𝑉𝑚 = 10log (1000[𝐶𝑎]

𝑖1) 

IKA 0.005 ─ 
p = 1 

−0.05(𝑣 + 25)

exp[(𝑣 + 25)/−15] − 1
 

0.1(𝑣 + 15)

exp[(𝑣 + 15)/8] − 1
 

q = 1 
0.00015

exp[(𝑣 + 13)/15]
 

0.06

exp[(𝑣 + 68)/−12] + 1
 

 Diam. 16 3 Cm = 1.0 

μF/cm2 

Raxial = 210 Ω-cm Gleak = 0.0002 

Length 16.8 150 ENa = 45 

mV 
EK = -85 mV Eleak = -70 mV 

𝜏[𝐶𝑎2+] 

(sAHP)(msec) 

1000 1000 [Ca2+]rest 

= 50 nM 
x∞ = 

α

α+β
 τx (ms) = 

1

α+β
 

𝜏2[𝐶𝑎2+]  1 1 
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Table A3: BC and OLM cell parameter values (all values for are for both BC and OLM 

cells unless otherwise indicated). 

Curren

t 

Soma 

Gmax 

DendP 

Gmax 

Gat. 

Var. 
α β 

INa 

BC-

0.12; 

OLM-

0.08 

BC-

0.12; 

OLM-

0.08 

p = 3 
−0.3(𝑣 − 43)

exp[(𝑣 − 43)/−5] − 1
 

0.3(𝑣 − 15)

exp[(𝑣 − 15)/5] − 1
 

q = 1 
0.23

exp[(𝑣 − 65)/20]
 

3.33

exp[(𝑣 − 12.5)/−10] + 1
 

IfKdr 

BC-

0.0013; 

OLM-

0.01 

BC-

0.0013; 

OLM-

0.01 

p = 4 
−0.07(𝑣 − 47)

exp[(𝑣 − 47)/−6] − 1
 

0.264

exp[(𝑣 − 22)/40]
 

IsKdr 

BC-

0.0013; 

OLM-

0.01 

BC-

0.0013; 

OLM-

0.01 

p = 4 
−0.028(𝑣 − 35)

exp[(𝑣 − 35)/−6] − 1
 

0.1056

exp[(𝑣 − 10)/40]
 

IKCa 

(BC) 
0.0002 0.0002 p =1 

0.28[𝐶𝑎2+]

[𝐶𝑎2+] + exp1(0.00048, 0.84, 𝑣)
 

0.48

1 + [𝐶𝑎2+]/exp1(0.13𝑒−6, 1, 𝑣)
 

exp1

= 0.00048exp [−
0.12𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

exp1

= 0.13𝑒−6exp [−
𝐹𝑣

𝑅[273.15 + 𝑑𝑒𝑔𝐶]
] 

IH 

(OLM) 
0.00002 0.00002 p = 1 x∞ = 

1

exp[(84.1−𝑣)/10.2]+1
 

τx (ms) = 

 
1

exp[0.116𝑣−17.9]+exp[0.09𝑣−1.84] 
 

ICaL 0.09 0.09 p = 2 
15.69(81.5 − 𝑣)

exp[(81.5 − 𝑣)/10] − 1
 0.29exp[−𝑣/10.86] 

ICaN 

(BC) 
0.0008 0.0008 

p =2 
0.19(19.98 − 𝑣)

exp[(19.98 − 𝑣)/10] − 1
 0.046exp[−𝑣/20.73] 

q = 1 0.00016exp[−𝑣/48.4] 
1

exp[(39 − 𝑣)/10] + 1
 

ICaT 

(OLM) 
0.0005 0.0005 

p =2 
0.2(19.26 − 𝑣)

exp[(19.26 − 𝑣)/10] − 1
 0.009exp[−𝑣/22.03] 

q = 1 0.00016exp[−𝑣/16.26] 
1

exp[(29.79 − 𝑣)/10] + 1
 

IKAHP  0.00002 0.00002 p = 1 1.25 ∗ 1013[𝐶𝑎2+]𝑖
4 0.00025 

IA 

BC-

0.00015

; OLM-

0.0001 

BC-

0.00015

; OLM-

0.0001 

p = 1 0.02exp [(1.8(𝑣 + 33.6).
𝐹

𝑅𝑇
)] 0.02exp [(−1.2(𝑣 + 33.6).

𝐹

𝑅𝑇
)] 

q = 1 0.08exp [(4(𝑣 + 83).
𝐹

𝑅𝑇
)] 0.08 

Diam. 
BC-15; 

OLM-

10 

BC-2.5; 

OLM-3 

Cm = 

BC-

2.5; 

OLM-

2.0 

μF/cm
2 

Raxial = BC-100; OLM-

150 Ω-cm 

Gleak = BC-0.0002; OLM-

0.0003 

Length 20 BC-

300; 

OLM-

250 

ENa = 

55 mV 
EK = -90 mV Eleak = -64 (BC); -60 (OLM) 

mV 
 x∞ = 

α

α+β
 τx (ms) = 

1

α+β
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CHAPTER 5 – SUMMARY 

 Computational models play an important role in the study of neuroscience. 

Computational models can involve either single cells or networks. Single cell models can 

be biologically realistic in which the cell is modeled as an electrical circuit with parameters 

of the cell and its ionic currents selected to match closely to biological values in an attempt 

to accurately reproduce the exact behavior of the membrane potential and individual ionic 

currents. 

 Computational models can be used to experiment with parameter variation that 

would be too time consuming to conduct solely with biological experiments. Parameter 

variation can be done to systematically adjust parameters of each of the ionic currents to 

determine relationships between individual currents that affect cell behavior. Once 

relationships are discovered, these specific predictions can be tested with biological 

experiments to confirm the results. Networks of neuronal modes can be constructed using 

synaptic connections to study biological processes and systems involving larger scale 

structures. These network models give neuroscientists additional tools to analyze 

biological systems with simultaneous time course data of hundreds or even thousands on 

neurons and synaptic connections all at once. These network models can be used to study 

complex biological processes such as fear conditioning and fear extinction in the brain. 

 

CONTRIBUTIONS 

 Generation and preservation of the slow underlying membrane potential: We have 

shown that different ionic currents can co-regulate to preserve output function of a neuron. 

Conductance parameters of pairs of ionic currents can be adjusted together and compensate 
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for variations in the paired conductance to preserve the output function. Conductances of 

a pair of opposing currents can be adjusted to preserve the generation of slow underlying 

membrane oscillations in a cell. Another separate pair of current conductances can be 

adjusted to preserve the peak height and duration of the membrane oscillation. Yet another 

separate ionic current can control termination of the oscillation to provide the cell with a 

mechanism to adjust duration of the oscillation without affecting the height. These current 

modules can be found in a class of slow wave bursting cells and can help explain how cells 

can maintain their outputs even with variations in the expressed ionic currents between 

cells. 

 Cellular and synaptic correlates of pattern formation in a hippocampal model: We 

developed a biologically-based model of the hippocampus (CA3 and DG regions) that had 

realistic single cell models with channel and synaptic dynamics, short- and long-term 

plasticity, and known effects of neuromodulation provided important insights into the 

cellular and synaptic correlates of pattern formation. The model enabled quantification of 

the relative importance of the afferents to a CA3 cell in determining whether it would be 

part of the pattern. BCs and OLM cells had differential roles in inhibition, with BCs being 

effective for cells that received higher numbers of inputs from EC, and OLMs for the 

others. This enabled larger involvement by BCs in selecting CA3 cells that formed part of 

the pattern, while OLM cells had the more general role of controlling the spread of 

excitation. The model also shed light on the role of BCs in selecting active pyramidal cells 

via a disynaptic inhibitory mechanism that involved inputs from both EC and DG regions. 

We quantified the known effects of back-projections from CA3 to DG and showed 

reduction of pattern size in CA3. Finally, the biologically-based model provides a test-bed 
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for studying other phenomena such as oscillations that require high fidelity in modeling 

the dynamics. Furthermore, the deeper insights into the cellular and synaptic correlates 

provided by the proposed formulations have applicability to memory formation in other 

regions of the brain. 

 Genesis of Hippocampal Theta Rhythm in a Computational Model: The 

mechanisms involved in the generation of hippocampal theta remain poorly understood. 

We have outlined the procedure to study the genesis of theta by adapting a computational 

network model of the rodent hippocampus. The model had biologically realistic 

conductance-based single cells models for principal cells and the two abundant interneuron 

types in CA3 and dentate gyrus (DG) regions. The interneuron types were, basket cells 

(BCs) and oriens lacunosum-moleculare (OLM) interneurons, and the present study 

incorporated realistic gap junction and chemical synapse connectivity among and between 

these interneurons. The network model also included synaptic current dynamics, spatial 

connectivity patterns, short-term synaptic plasticity, and known effects of acetylcholine. 

 

CO-AUTHORSHIP 

 Three additional works of co-authorship are summarized briefly below. The 

abstracts of each paper are included in the appendix.  

 Coregulation of ion channel conductances preserves output in a computational 

model of a crustacean cardiac motor neuron. A computational model was developed of the 

crustacean cardiac ganglion using biological data to study coregulation of ion channel 

conductances. Measurements of mRNA transcripts that encode ion channel proteins 

revealed correlations between certain channel types. The computational model was used to 
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determine whether balances of ionic currents from the revealed correlations preserved 

output of the cell, as determined by certain electrical properties of the cell. A systematic 

methodology was developed to sample a multidimensional parameter space to select an 

appropriate model set for meaningful comparison with variations in correlations seen in 

biological datasets. 

 Intrinsic mechanisms stabilize encoding and retrieval circuits differentially in a 

hippocampal network model. A reduced order model of the hippocampus was developed 

to study context dependent fear conditioning and extinction. The hippocampus is linked to 

processing contextual information and could play an important role in the context 

dependence of fear conditioning and extinction. The study involves both network structure 

and the effects of neuromodulators. The study shows that different regions of the 

hippocampus can separate novel patterns in a learning mode in one region, while 

completing similar patterns in a retrieval mode in another region. Whether the memory is 

stored as a new novel memory context or an old retrieval memory context determines the 

context dependence of the fear extinction. Neuromodulator levels can control which mode 

or region is used during this process and therefore control the context dependence of the 

fear extinction in the hippocampus. 

 Perceptions of professional skills by graduate students – A comparative study 

between Engineering, Education and Biology. A survey of graduate students from 

engineering, biology, and education was administered to determine perceived importance 

and curriculum coverage of several professional skills, including pedagogy, teamwork and 

communication, proposal development, and globalization. These responses were analyzed 

statistically to compare results between departments and between perceived importance 
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and curriculum coverage. In all professional skill categories, students viewed each skill as 

more important than it was actually covered in the curriculum, indicating the need for 

educators to increase curriculum coverage to provide more instruction in these important 

professional skills. Education students rated pedagogy higher and biology students rated 

proposal development higher. The study then proposes methods for engineering educators 

to implement successful strategies from these other areas to further improve and address 

professional skills in the engineering curriculum to overcome its current inadequate 

coverage. 

 



 

142 

 

APPENDICES 

 

Appendix A1 ---- Coregulation of ion channel conductances preserves output in a 

computational model of a crustacean cardiac motor neuron 

Appendix A2 ---- Intrinsic mechanisms stabilize encoding and retrieval circuits 

differentially in a hippocampal network model 

Appendix A3 ---- Perceptions of Professional Skills by Graduate Students – A 

Comparative Study between Engineering, Education and Biology 
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 APPENDIX A1 

 

Coregulation of ion channel conductances preserves output in 

a computational model of a crustacean cardiac motor neuron  
 

Similar activity patterns at both neuron and network levels can arise from different 

combinations of membrane and synaptic conductance values. A strategy by which neurons 

may preserve their electrical output is via cell type-dependent balances of inward and 

outward currents. Measurements of mRNA transcripts that encode ion channel proteins 

within motor neurons in the crustacean cardiac ganglion recently revealed correlations 

between certain channel types. To determine whether balances of intrinsic currents 

potentially resulting from such correlations preserve certain electrical cell outputs, we 

developed a nominal biophysical model of the crustacean cardiac ganglion using biological 

data. Predictions from the nominal model showed that coregulation of ionic currents may 

preserve the key characteristics of motor neuron activity. We then developed a 

methodology of sampling a multidimensional parameter space to select an appropriate 

model set for meaningful comparison with variations in correlations seen in biological 

datasets. 
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APPENDIX A2 

Intrinsic Mechanisms Stabilize Encoding and Retrieval 

Circuits Differentially in a Hippocampal Network Model  
 

 Acetylcholine regulates memory encoding and retrieval by inducing the 

hippocampus to switch between pattern separation and pattern completion modes. 

However, both processes can introduce significant variations in the level of network 

activity and potentially cause a seizure-like spread of excitation. Thus, mechanisms that 

keep network excitation within certain bounds are necessary to prevent such instability. 

We developed a biologically realistic computational model of the hippocampus to 

investigate potential intrinsic mechanisms that might stabilize the network dynamics 

during encoding and retrieval. The model was developed by matching experimental data, 

including neuronal behavior, synaptic current dynamics, network spatial connectivity 

patterns, and short-term synaptic plasticity. Furthermore, it was constrained to perform 

pattern completion and separation under the effects of acetylcholine. The model was then 

used to investigate the role of short-term synaptic depression at the recurrent synapses in 

CA3, and inhibition by basket cell (BC) interneurons and oriens lacunosummoleculare 

(OLM) interneurons in stabilizing these processes. Results showed that when CA3 was 

considered in isolation, inhibition solely by BCs was not sufficient to control instability. 

However, both inhibition by OLM cells and short-term depression at the recurrent CA3 

connections stabilized the network activity. In the larger network including the dentate 

gyrus, the model suggested that OLM inhibition could control the network during high 

cholinergic levels while depressing synapses at the recurrent CA3 connections were 

important during low cholinergic states. Our results demonstrate that short-term plasticity 
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is a critical property of the network that enhances its robustness. Furthermore, simulations 

suggested that the low and high cholinergic states can each produce runaway excitation 

through unique mechanisms and different pathologies. Future studies aimed at elucidating 

the circuit mechanisms of epilepsy could benefit from considering the two modulatory 

states separately.  
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APPENDIX A3 
 

Perceptions of Professional Skills by Graduate Students – A 

Comparative Study between Engineering, Education and 

Biology  

 
College graduates are increasingly expected to collaborate across disciplines in the 

modern workplace. In addition to possessing content knowledge, this requires them to be 

adept in professional skills including written and verbal communication skills, team 

building and leadership, and to have an understanding of relevant global issues.   

A growing awareness exists among educators for the need to better equip students 

with professional skills for the changing workplace. Student perceptions related to the 

importance of these topics, and to their coverage in the formal curriculum have, however, 

not been examined. A comparative study between graduate students from three disciplines 

(engineering, education and biology) is reported that quantifies these perceptions. A Likert 

survey was administered to graduate students in engineering, education, and biology, to 

determine their perceptions of the importance of professional skills to their careers, and 

whether such skills were addressed in their undergraduate and graduate curricula.  

Students from all disciplines rated professional skills as very important, and they 

also emphasized the lack of attention to these topics in their formal curricula. Engineering 

students rated pedagogy and interpersonal communication skills and proposal writing 

lower compared to students in education and biology. Students from engineering, education 

and biology perceive professional skills as being very important for their careers, and also 

report inadequate attention to these topics in their curricula. A comparative analysis 

suggests that engineering could investigate how the other disciplines incorporate content 

related to some of these important professional skills into their curricula. 
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Referred Journal papers  

Franklin CC, Hummos A, Guntu V, Nair SS (2017) Cellular and synaptic correlates of 
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1430-48. 
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conductances preserves output in a computational model of a crustacean cardiac motor 
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In preparation 
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rhythm in a computational model (in preparation) 

 

NSF GK-12 Lesson Plans 
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resources for K-12; includes powerpoint files, word docs, worksheets and 
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Conference papers and abstracts 
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computational model of the hippocampus. Society for Neuroscience Abstract, New 

Orleans, LA. 
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