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SUMMARY 

There is a significant amount of computational literature on networks of neurons 

and their resulting behavior. This dissertation combines electrophysiology experiments 

with computational modeling to validate the assumptions and results found in this 

literature. First, we investigate the weak coupling assumption, which states that the phase 

response of a neuron to weak stimuli is separable from the stimulus waveform. For weak 

stimuli, there is an intrinsic neuronal property described by the infinitesimal phase 

response curve (IPRC) that will predict the phase response when convolved with the 

stimulus waveform. Here, we show that there is a linear relationship between the stimulus 

and phase response of the neuron, and that we are able to obtain IPRCs that successfully 

predict the neuronal phase response. Next, we use hybrid networks of neurons to study 

the phase locking behavior of networks as the synaptic time constant is changed. We 

verify that networks show anti-phase synchrony for fast time constants, and in-phase 

synchrony for slow time constants. We also show that phase models and phase response 

curves (PRCs) qualitatively predict phase locking observed in electrophysiology 

experiments. Finally, we investigate the stability of the dynamic clamp system. We 

determined that the maximal conductance of the current being simulated, the dynamic 

clamp sampling rate, the amount of electrode resistance compensation, and the amount of 

capacitance compensation all affect when the instability is present. There is a dramatic 

increase in stability when the electrode resistance and system capacitance are well 

compensated. 



 

1 

CHAPTER 1 

INTRODUCTION AND BACKGROUND 

 

 The information processing power of the human nervous system far exceeds our 

current technological state of the art. With millions of neurons we are able to perform a 

wide variety of tasks, including receiving, combining, and interpreting information from 

various sensory modalities. This information is used to make decisions, store memories, 

and determine and execute motor output. While we have some rudimentary ideas of how 

these tasks are performed, we are far from a thorough understanding of how networks of 

individual neurons work. As our knowledge of neurological systems grows, we will be 

able to repair or replace nervous system functionality lost through illness and accident, 

and produce better technology by incorporating techniques used by the nervous system. 

1.1 Introduction 

 The nervous system is a complex information processing structure made up of 

networks of thousands of neurons coupled together. It integrates information efficiently 

and robustly through a highly parallelized structure. Information transfer and processing 

take place through a variety of mechanisms. One important example of this is temporal 

coding (Cariani 2004). Layers of neurons integrate information using both the properties 

of the individual neurons and the synaptic connections between them. The resulting 

information is stored in the phase relationships between firing neurons. Phase locking and 

synchrony are common examples of temporal coding. 

 Synchrony is frequently observed in the nervous system. It has been noted in 

various places in the cortex. (Schnitzler and Gross 2005; Steriade 1997). In the γ band, it 
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has been proposed as a mechanism that may perform binding of sensory and cognitive 

information (Engel et al. 2001; Gray 1999; Singer 1999; Ward 2003). It also plays an 

important role in motor control and sensory feedback, especially in the 6-9 Hz range. In 

this range, coherence between EMG recordings and MEG recordings of contralateral 

sensorimotor cortex show significant correlation (Gross et al. 2002). Abnormal 

synchronization has been demonstrated in cognitive and movement disorders, such as 

Parkinson’s disease, epilepsy, and schizophrenia (Hutchinson et al. 2004; Stelt et al. 

2004; Timofeev and Steriade 2004). Mental tasks that require heavy usage of working 

memory increase both within-frequency synchrony and cross-frequency synchronization 

of α, β, and γ oscillations (Palva et al. 2005). Finally, synchrony is also found in other 

organ systems of electrically excitable cells. For example, heart pacemaker cells are used 

to create and maintain the heartbeat, while pancreatic β-cells that secrete insulin also fire 

synchronously (Jalife 1984; Sherman et al. 1988). Examples of synchrony are also found 

throughout biology (Mirollo and Strogatz 1990; Pavlidis 1973; Winfree 2001). 

 Though phase locking and synchrony are prevalent in the nervous system, it is 

difficult to study how networks produce this activity. In vivo, it is impossible to examine 

and manipulate more than a few neurons at a time, making it difficult to study phase 

relationships among neurons. Extracellular techniques can be used; however, as the 

number of neurons being recorded from increases, the amount of information known 

about each neuron drastically decreases. It is also impossible to measure and manipulate 

the synapse parameters and connectivity patterns that make up large biological networks 

in vivo and in vitro. Computational studies have aided our understanding of the behavior 

produced by large networks of neurons; however, the models used in simulations must be 
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simplified to simulate large numbers of neurons. This makes it difficult to replicate the 

richness and variety found in biology. Often, the results of computational simulations 

heavily depend on the assumptions used. 

 Computational modeling and biological experiments are complementary 

techniques. Computational simulations help us to understand the mechanisms in biology 

that create synchrony. They predict how biological networks will behave and provide 

information about the types of properties that should be examined experimentally (Chow 

1998; Ermentrout and Kopell 1990b; Hansel et al. 1993; 1995; Sherman and Rinzel 1992; 

Van Vreeswijk et al. 1994). On the other hand, biological experiments are important for 

verifying assumptions made in computational simulations and validating their results. 

This is often done with simple biological systems, including hybrid networks (Galan et 

al. 2005; Merriam et al. 2005; Netoff et al. 2005b; Pervouchine et al. 2006). These hybrid 

preparations are used to develop basic principles, which can be adapted to more complex 

systems, such as the human nervous system. 

 Currently, there is a large amount of computational theory examining how 

networks of neurons behave when they are coupled together (Chow 1998; Ermentrout 

and Kopell 1990a; Hansel et al. 1993; 1995; Sherman and Rinzel 1992; Van Vreeswijk et 

al. 1994); however, there is significantly less experimental work validating these 

theoretical predictions (Merriam et al. 2005; Netoff et al. 2005a; Netoff et al. 2005b; 

Pervouchine et al. 2006; Preyer and Butera 2005). This is mostly due to the difficulty of 

doing these experiments. Biological systems are significantly noisier, more 

heterogeneous and less predictable than the computational work. The focus of this 

research is to use biological experiments to examine some of the theoretical assumptions 
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and predictions from computational modeling of neuronal networks. In addition, we will 

examine a commonly used tool for doing these types of experiments, the dynamic clamp. 

1.2 Specific Aims 

The long term goal of this work is to use the dynamic clamp technique to bridge 

the gap between theoretical research and electrophysiology experiments with respect to 

coupling and synchrony in neurons. In particular, we will use the dynamic clamp 

technique to validate a common assumption used in most phase model analyses of 

coupling and synchrony, known as the weak coupling assumption. We will also examine 

how well phase model predictions of synchrony and phase locking in pairs of coupled 

neurons reflect the behavior of hybrid networks of neurons. Finally, we will examine the 

stability of the dynamic clamp technique used to perform these experiments. 

1. Validate the existence of weak coupling in living neurons. The weak coupling 

assumption is commonly used in computational studies of networks of coupled neurons, 

but has never been demonstrated in living cells. We will do this by first testing the 

linearity of neuronal phase response curves (PRCs) generated in response to weak 

stimuli. We will then derive infinitesimal phase response curves (IPRCs) from 

experimentally obtained PRCs and use them to predict the phase response of live neurons 

to stimuli of different shapes. The results will be quantified by measuring the mean 

squared error (MSE) between the predicted phase response and the actual phase response.  

2. Examine how well predictions of phase-locking made with experimentally 

measured PRCs match the network behavior of pairs of neurons coupled with 

inhibitory synapses. Computational literature based on phase models predicts a change 

from anti-phase to in-phase synchrony for pulse coupled and weakly coupled oscillators 
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as the coupling time constant is increased. In this aim, we will measure PRCs from live 

neurons and Wang and Buzsaki computational models and use them to create phase 

models of hybrid networks of two neurons. We will investigate how simulations of phase 

models, based on experimentally measured PRCs, predict the phase locked solutions 

found in electrophysiology coupling experiments. We will also use the PRCs to 

analytically predict phase locking. This research will focus on transitions from anti-phase 

to in-phase synchrony that occur when the rate of synaptic coupling is increased, and 

examine the predicted transition from anti-phase to in-phase synchrony. 

3. Investigate stability of the dynamic clamp system. In this aim, we will examine 

the dynamic clamp technique that was used to perform Aims 1 and 2. During dynamic 

clamp experiments the system can become unstable, characterized by either a transient 

oscillation or total instability. We will explore the conditions that cause dynamic clamp 

instability, focusing on the dynamic clamp sampling rate, the uncompensated series 

electrode resistance, and the electrode and amplifier capacitance. After exploring the 

phenomena with the physical experimental setup, we will construct a computational 

model of delay differential equations. This model will be used to investigate how these 

factors affect the observed instability in simulation. 

1.3 Background and Significance 

1.3.1 Electrophysiology Experiments 

A significant portion of this project included biological experiments on neurons 

from the mollusk Aplysia californica. Invertebrate animals have significantly simpler 

nervous systems than vertebrates. In spite of having fewer neurons that are larger and 

more robust than vertebrate animals, invertebrates use many of the same basic 
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mechanisms present in vertebrate neurons. As a result, they provide an effective model 

for studying neuronal mechanisms, with results that can be related to more complex 

vertebrate systems. 

The experiments in this project depend heavily on coupling and phase response 

theory. As a result, tonically firing cells with extremely low variability and no extraneous 

input are essential. There are several cells in the abdominal ganglia of Aplysia that match 

these criteria, including L7, L8, and L9 (Frazier et al. 1967). These are regularly spiking 

neurons previously studied by Perkel (Kandel 1976; Perkel et al. 1964), which spike with 

periods of 200 – 500 ms. The firing rate is typically quite regular, with the coefficient of 

variation of the interspike interval varying from .0072 to .1549, with a mean of .0436 

(Preyer and Butera 2005). We were able to block synaptic input with a high magnesium, 

low calcium solution, providing a preparation that met all of our requirements. 

Methods 

 The abdominal ganglia of Aplysia californica was removed from the animal, 

pinned to a Sylgard lined dish, and surgically desheathed in a high magnesium 

desheathing solution. Intracellular recording was performed with sharp microelectrodes 

(6 – 12 MΩ) filled with 3 M potassium acetate. Neurons were identified visually and by 

their electrophysiological properties. Unless otherwise noted, recording was done with 

bridge balance compensation using an Axoclamp-2B electrophysiology amplifier 

(Molecular Devices Corporation, Sunnyvale, CA). Signals were then filtered with a 

Brownlee Precision Model 440 (Brownlee Precision Co., San Jose, CA), and acquired 

using a Digidata 1322A (Molecular Devices Corporation, Sunnyvale, CA). ClampEx 8.0 

(Molecular Devices Corporation, Sunnyvale, CA) software was used to control the 
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electrophysiology amplifier, and record the current and voltage measurements from the 

cells. A block diagram is shown in Figure 1. 

 

Figure 1. Block diagram of electrophysiology setup with dynamic clamp. The orange section represents 

standard electrophysiological techniques, including sharp microelectrode recording using the AxoClamp-

2B amplifier with external filtering. The blue square represents the ClampEx software system, while the 

green depicts the dynamic clamp system and its connections. 

 

To suppress synaptic input, recording was done using a high magnesium, low 

calcium solution, (in mM): NaCl, 330; KCl, 10; MgCl2, 90; MgSO4, 20; CaCl2, 2; Hepes, 

10 (Nowotny et al. 2003). 

1.3.2 Dynamic Clamp Technique 

 The dynamic clamp technique is commonly used to combine computational 

models with electrophysiological experiments. It is an extremely versatile tool that 

enables an electrophysiologist to artificially create voltage-dependent and time-dependent 

conductances within neurons (Robinson and Kawai 1993; Sharp et al. 1993a; b) and other 

excitable cells (Kinard et al. 1999; Wilders 2006). This ability has significantly 

contributed to our knowledge of neuronal function through the wide variety of 

experiments it makes possible (Goaillard and Marder 2006; Prinz et al. 2004). Using real-
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time feedback, the dynamic clamp makes it possible to add new types of ion channels to a 

cell, or enhance and depress the contribution of existing channels (Gramoll et al. 1994; 

Ma and Koester 1996; Ulrich and Huguenard 1996; Zhang et al. 2003). The dynamic 

clamp is also frequently used to study networks of neurons by creating synaptic 

conductances that depend on the membrane voltage of a presynaptic cell (Sharp et al. 

1996). These networks can either be exclusively biological neurons (Sharp et al. 1996; 

Verheijck et al. 1998) or hybrid networks, which combine live neurons and 

computational ones simulated by the dynamic clamp system (Kumar et al. 1996; Manor 

and Nadim 2001; Merriam et al. 2005; Netoff et al. 2005b; Oprisan et al. 2004). 

 This project contains experiments that use the dynamic clamp to create 

computational synaptic currents within cells. Aim 1, investigating weak coupling, uses 

the dynamic clamp to generate PRCs by injecting a stimulus current with an alpha-shaped 

conductance waveform. Aim 2 of this project uses the dynamic clamp to synaptically 

couple two neurons, by coupling a live neuron to a computational model neuron. In this 

configuration, the dynamic clamp is used to simulate both the model neuron and the 

artificial synaptic coupling between neurons. Finally, Aim 3 investigates how properties 

of the dynamic clamp system affect its stability. 

Methods 

There are several implementations of the dynamic clamp system that are 

commonly used (Butera et al. 2001; Dorval et al. 2001; Le Masson 1995; Lien and Jonas 

2003; Pinto et al. 2001; Preyer 2002). The experiments in this project were performed 

with the Real-Time Linux based Model Reference Current Injection System (MRCI) 

(Raikov et al. 2004). With this setup, the membrane voltage of the neuron was acquired 
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from a Brownlee Precision 440 amplifier (Brownlee Precision, San Jose, CA) by a 

National Instruments 6052E multifunction data acquisition board (National Instruments, 

Austin, TX) and used by the MRCI system to generate ionic currents, as shown in Figure 

1. The current resulting from the conductance calculations was injected into the cell 

through the Axoclamp-2B in real time, creating a feedback system. This allows one to 

generate computational synaptic currents, as if they were in parallel with the neuron’s 

intrinsic currents.  

 In addition to synaptic current generation, the dynamic clamp system was also 

used to capture experimental data. The spike times of action potentials were recorded 

using a threshold detection scheme, while the stimulus time was recorded as the 

beginning of the stimulus waveform. The spike time and stimulus time logs were faster 

and easier to process post hoc than the entire voltage and current waveforms recorded by 

the Clamp-Ex software.  

Though the dynamic clamp technique has significantly contributed to our 

understanding of individual neurons and networks of neurons, the method has several 

limitations. As with current and voltage clamping techniques, the accuracy of the 

dynamic clamp is limited by the constraints of injecting current and recording voltage 

with the same electrode. The resistance and capacitance of the electrode cause 

measurement error and transient artifacts in the measured voltage. Techniques to 

minimize these artifacts have been developed, however they are imperfect. Inexact 

electrode compensation, either over-compensation or under-compensation, causes an 

error in the voltage measurement used by the dynamic clamp to solve computational 
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models of conductances. In addition, microelectrode capacitance and capacitance in the 

amplifier electronics causes transient artifacts and affects the time course of the system. 

Another major limitation of the dynamic clamp technique is the sample and hold 

effect of the digital system. The dynamic clamp must sample the membrane voltage 

periodically, and use this to solve the conductance equations being simulated in real time. 

The computation time and dynamic clamp system overhead create a latency within the 

closed loop system. This delay limits the maximum sampling rate of the dynamic clamp 

system, which limits the accuracy and temporal dynamics of the simulation. The amount 

of delay needed is determined both by the complexity of the model being simulated and 

by the hardware platform the dynamic clamp is running on. A variety of dynamic clamp 

sampling rates were used to test the effect of latency on stability. Unless otherwise noted, 

the data shown in this paper was obtained with the MRCI system running at 10 kHz, or a 

latency of .1 ms. 

The effects of the properties of the voltage dependent state variables, time delay, 

and measurement noise on numerical solution accuracy has previously been examined 

(Butera and McCarthy 2004). In this aim, we focus on stability. In dynamic clamp 

experiments, as the magnitude of simulated ionic currents is increased, transient 

instabilities appear. As this magnitude is further increased, the system becomes totally 

unstable. The instability is not caused by quantization error or saturation in the electronic 

equipment. It is affected by the sampling rate of the dynamic clamp system, the 

compensation of the series microelectrode resistance, capacitance in the electrode and 

electronics, and the magnitude of the feedback (set by the conductance of the current). 
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The instability we have observed experimentally has also been reported through 

personal communication by other electrophysiologists. Exploring its causes will lead to 

insight into how to increase the utility of the dynamic clamp by increasing the range of 

currents it can simulate. In addition, it will provide insight into the most important 

considerations for dynamic clamp design. Dynamic clamp development is ongoing, with 

system development and support spread among multiple systems developed by 

independent labs. Insight into which parameters are important for making a more stable 

system will help guide this design process. For example, dynamic clamp sampling rates 

are currently set to ensure the desired temporal dynamics can be simulated; however, our 

research indicates that the sampling rate also significantly affects the stability of the 

system.  

1.3.3 Phase Response Curves 

 One of the fundamental techniques used throughout this project is the phase 

response curve (PRC). A phase model is a limit cycle oscillator model commonly used in 

theoretical studies of all types of oscillating systems (Kiss et al. 2002; Kozyreff et al. 

2000; Pantaleone 1998; Wiesenfeld et al. 1996). This type of model describes an 

oscillation about a limit cycle as: 

( ),, jii
i H

dt

d
θθω

θ
+=  (1) 

where θ is the phase of the oscillator along the periodic limit cycle, ωi is its intrinsic 

frequency, and H describes how it responds to stimuli. H is commonly called the PRC 

(Glass and Mackey 1988). It is a measure of the change in phase caused by a stimulus, as 

a function of the phase of oscillator i and the stimulus oscillator j.  
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Methods 

Measuring PRCs experimentally is a straightforward process. The neuronal oscillator is 

viewed as a phase model, with each action potential corresponding to a phase of zero. A 

stimulus is applied to the neuron a specific amount of time, ts, after the action potential is 

detected. The stimulus will cause the succeeding action potential to fire either sooner, 

known as phase advance, or later, called phase delay. Voltage traces showing a phase 

delay caused by an inhibitory stimulus current are shown in Figure 2. 

 

Figure 2. The effect of a perturbation on spike timing. In this example, a negative or inhibitory stimulus 

given to the neuron (red) at time ts causes the subsequent action potential to fire later than it would in the 

unperturbed case (black). 

 

To obtain a phase response curve, the period including the stimulus, P1, is 

measured and normalized by the unperturbed period, P0, to obtain the normalized phase 

change. This is subtracted from one, so that the phase change is a measure of the phase 

advance, i.e. negative phase changes are delays. The normalized phase change is plotted 

against the normalized phase where the stimulus was applied, ts/P0, as one point on the 
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phase response curve. This process is repeated for a variety of stimulus times that sweep 

through the entire period of the neuron. An example PRC is shown in Figure 3. 

 

Figure 3. Phase Response Curve. This is an example of a PRC for an inhibitory stimulus with a synaptic 

time constant of 10 ms and maximal conductance of .05 µs. Each point corresponds to one trial of applying 

the stimulus and measuring the resulting phase response.  Negative phases correspond to the phase change 

that results from the stimulus being applied in the period before the period being measured. 

 

It has recently been observed that the utility of PRC theory is extended if one 

considers second-order phase resetting (Oprisan et al. 2004; Preyer and Butera 2005), i.e. 

the effects of a stimulus on the cycle after the one in which it is applied. Such extensions 

seem evident when one considers the effect of non-pulsatile input that arrives toward the 

end of a cycle. If the stimulus phase is measured from the beginning of the stimulus, then 

the tail of the stimulus can extend into the subsequent period. Our analysis incorporates 

these effects as “negative phase” in our PRCs. Every stimulus is represented by two 

points on the PRC, a positive phase point describing the effect of the stimulus on the 
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current cycle, and a negative phase point, representing the effect of the stimulus on the 

next cycle. 

1.3.4 Weak Coupling 

 Reducing the dynamics of spiking neurons to be functions of phase, also known 

as phase reduction, is employed in computational models of  many types of oscillating 

systems, including Josephson junctions (Wiesenfeld et al. 1996), semiconductor laser 

arrays (Kozyreff et al. 2000), populations of chemical oscillators (Kiss et al. 2002), 

neutrino flavor oscillations (Pantaleone 1998), and neuron dynamics (Brown et al. 2004; 

Ermentrout 1996; Ermentrout and Kopell 1990b; Hansel et al. 1993; 1995; Pfeuty et al. 

2005; Van Vreeswijk et al. 1994). Each of these theoretical studies uses phase reduction 

and the assumption that interactions between oscillators obey the weak coupling 

assumption. There are two levels of weak coupling, geometrically weak, which was first 

proposed by Winfree (Winfree 1967), and mathematically weak, which imposes a more 

stringent set of conditions. Throughout this paper, weak coupling will refer to the more 

stringent mathematically weak coupling that is a basic assumption in a significant number 

of computational studies. This form of weak coupling assumes that the response of a 

phase oscillator is the convolution of an intrinsic response function, often called an 

infinitesimal phase response curve (IPRC), with the applied stimulus function. This 

ability to separate the stimulus from the response is an extremely powerful assumption. It 

allows one to reduce a network model of phase oscillators to a system of variables 

representing phase differences. This simplified form provides the advantages of being 

both analytically solvable and significantly simpler than more complex models, allowing 

large network simulations to be done efficiently. 
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 When using the weak coupling assumption, as initially described by Winfree 

(Winfree 1967), the PRC model, ( )
jiH θθ , , in Equation 1 becomes: 

 

( ) ( ) ( ) ,∫ += ψψφψφ dSZH  (2) 

where H is the oscillator’s PRC, φ is the phase difference between the oscillator and the 

stimulus, Z describes the oscillator’s IPRC as a function of the phase of the oscillator, and 

S is the stimulus waveform as a function of phase (Kuramoto 1984; Strogatz 2000). This 

assumption is based on the ideas that the oscillator is on a strongly attracting limit cycle 

and that the stimuli are weak and do not perturb it far from its limit cycle. As a result, the 

weak coupling assumption neglects amplitude effects caused by stimuli. Though it is 

frequently used, the assumption has not been previously verified in live neurons. 

1.3.5 Coupling and Synchrony in Inhibitory Networks 

Synchronous activity in inhibitory networks of neurons is found throughout the 

nervous system. It has been implicated in behavior, cognition, and memory (Buzsaki 

1986; Gray 1994; Llinas and Ribary 1993). Theoretical and computational work predicts 

that identical neurons coupled together with mutually inhibitory synapses will exhibit 

anti-phase synchrony for fast synaptic rates and in-phase synchrony for slow synaptic 

rates (Ermentrout 1996; Hansel et al. 1993; 1995; Van Vreeswijk et al. 1994). Most of 

this existing computational work relies on simplified phase models of neurons, which use 

either spike time response (STR) methods or PRC methods to predict the modes of 

synchrony and phase locking that will result in a network of neurons. These methods are 

based on how an input to a neuron will advance or delay the future spikes of the neuron. 

Phase model methods are significantly simpler than detailed biophysical models. They 
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allow for simpler theoretical analysis and prediction of network behavior (Canavier et al. 

1997; Dror et al. 1999; Ermentrout 1996; Ermentrout and Kopell 1991; Hansel et al. 

1993; 1995; Skinner et al. 1994; Terman et al. 1998; Van Vreeswijk et al. 1994; Wang 

and Buzsaki 1996; Wang and Rinzel 1992). In one theoretical study, Van Vreeswijk, 

Abbott and Ermentrout (1994) use general phase-coupled models and Hodgkin-Huxley 

style models to demonstrate the stable phase locked solutions that result when the 

synaptic time constant between two identical coupled neurons is increased. For inhibitory 

synaptic coupling, they show an abrupt change from anti-phase to in-phase synchrony as 

the synaptic time constant is increased. Figure 4 shows their results for inhibitory 

coupling of two identical Hodgkin-Huxley style neurons coupled with alpha-shaped 

synapses. This figure shows that for fast synaptic rates (large α) coupled neurons exhibit 

anti-phase synchrony, locking with a phase difference of 0.5. As α is reduced, there is a 

region of bistability, where both the in-phase (φ = 1.0) and the anti-phase solutions (φ = 

0.5) are stable. Finally, for slow synaptic rates (small α), only the in-phase solution is 

stable. 

Many of the above studies use identical oscillators to examine phase locking and 

synchrony in coupled oscillators. In biology, however, there is always some degree of 

heterogeneity in networks of neurons. When small levels of heterogeneity are added to 

the firing frequency of the coupled oscillators, differences of greater than a few percent 

of intrinsic firing frequency dramatically reduce the synchronous firing region for slow 

synaptic time constants (Skinner et al. 2005; White et al. 1998). Other coupling 

experiments that include firing frequency heterogeneity in networks of two coupled 

Wang and Buzsaki neurons show bistability between in-phase synchrony and anti-phase 
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synchrony for time constants of 1/10th of the firing period. When heterogeneity is 

increased, however, the anti-phase solution is lost even for short time constants (Maran 

and Canavier 2007; Wang and Buzsaki 1996).  

 

Figure 4.  Phase differences of phase locked solutions for two identical Hodgkin-Huxley oscillators as a 

function of synaptic rate. Solid lines are stable solutions, while dotted lines are unstable solutions. For large 

α, i.e. fast synapses, the anti-phase solution is stable. As the coupling rate is reduced, the in-phase solution 

becomes stable as well. Finally, for slow synapses, only the in-phase solution is stable. Taken from Figure 

8 of Van Vreeswijk, Abbott, and Ermentrout (Van Vreeswijk et al. 1994). 

 

There have been a few attempts to verify these computational results using live 

neurons. Elson et al. (2002) used bursting neurons to show both anti-phase synchrony and 

in-phase synchrony as the synaptic coupling time constant was increased. Their results 

show it is possible to obtain both modes of synchrony depending on the synaptic time 

constant; however, most computational literature involves tonically firing neurons, and 

not bursting ones (Elson et al. 2002). Merriam et al. (2005) show bistability in networks 

of tonically firing neurons from the auditory cortex. They show that as the synaptic time 

constant for coupling between two inhibitory neurons is increased, the network goes from 
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predominantly anti-phase synchrony to a bistable system with both in-phase and anti-

phase stable solutions. Their results do not show phase locking; instead, their conclusions 

are based on histograms showing the predominant phase differences between the coupled 

neurons (Merriam et al. 2005). Finally, Netoff et al. (2005) show both the anti-phase and 

in-phase synchronous modes as the synaptic time constant is increased in networks of 

coupled neurons and hybrid networks of one live neuron and one model neuron (Netoff et 

al. 2005b). In their results, they predominantly observe the anti-phase solution, unless the 

synaptic time constant is very large. To obtain these results, they use a constant 

background current to maintain the firing frequency of the live neurons. This current is 

adjusted every few cycles to ensure the firing frequency does not change. It is easy to 

show, however, that the network frequency of two coupled oscillators changes with 

coupling. As a result, maintaining a constant firing frequency for the neurons may alter 

the natural behavior of the coupled network. 
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CHAPTER 2 

WEAK COUPLING 

 

 The first aim of this research was to validate the assumption of weak coupling 

using live neurons. As mentioned in the introduction, the weak coupling assumption is 

commonly used in computational modeling of oscillatory systems, including networks of 

coupled neurons. Until this research, however, the assumption had not been 

experimentally validated. This chapter proves that the weak coupling assumption is valid 

for invertebrate neurons in the abdominal ganglia of Aplysia californica. We applied 

weak stimuli to neuronal oscillators and deconvolved the IPRCs described in the Weak 

Coupling section of Chapter 1. Here we show that these IPRCs reliably predict the phase 

response for weak stimuli, independent of the stimulus waveform used. These weak 

stimuli are in the range of normal synaptic input for these neurons, suggesting that weak 

coupling is a likely mechanism. 

2.1 Methods 

The weak coupling assumption states that the phase response of an oscillator is 

the convolution of the stimulus and the IPRC, as shown in Equation 2 of Section 1.3.4 

Weak Coupling. For this to be true, the PRC amplitude should scale linearly with 

stimulus amplitude but be shape invariant, because convolution is a linear function. In 

addition, the IPRCs should predict the phase response of a neuron to any stimuli, 

independent of the stimulus waveform used to generate the IPRC. This section begins by 

demonstrating the linear relationship between the PRC and stimulus amplitude.  We then 



 20 

obtain IPRCs from PRCs and measure their ability to predict the phase response of a 

neuron. 

2.1.1 Linear Scaling 

The first step in demonstrating mathematically weak coupling as defined by 

Winfree (Winfree 1967) was to show that small stimuli PRCs scale linearly with stimulus 

magnitude. To test this theory, PRCs were measured in response to a wide range of 

stimulus amplitudes. These PRCs are shown in Figure 5A and Figure 5B. These stimuli 

range from just barely affecting the neuron, where the PRC looks like noise, to stimulus 

strengths that automatically trigger an action potential, where the PRC appears to be 

linear. We then took each PRC data point and scaled it to a common maximal 

conductance. This was done by multiplying the magnitude of the phase change, by the 

common maximal conductance divided by the stimulus magnitude. The weak stimuli 

PRCs were scaled to a common maximal conductance of .1 µS, while the strong stimuli 

PRCs were scaled to .6 µS. Figure 5C and Figure 5D show the results of this scaling 

experiment. For weak stimuli, Figure 5C, the scaled PRCs are identical, meaning they 

scale linearly. For strong stimuli, Figure 5D, the curves have different shapes, indicating 

that they do not scale linearly. While linear scaling is necessary for mathematically weak 

coupling, it is not a sufficient proof of its existence. 
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Figure 5. Linear scaling of PRCs.  Weak amplitude stimuli elicit PRCs that scale linearly with amplitude, 

while large stimuli do not. PRCs were obtained from the same neuron for a wide range of stimulus 

amplitudes, for τ = 10 ms. Cobalt chloride saline was used to eliminate synaptic input. (A) Weak stimuli 

PRCs measured for conductances ranging from 0.02 µS – 0.1 µS. (B) Strong stimuli PRCs for 

conductances from 0.1 µS – 0.6 µS. (C) Weak stimuli PRCs scaled, point by point, to a conductance of 0.1 

µS. (D) Strong stimuli PRCs scaled to a conductance of 0.6 µS. 

2.1.2 IPRCs 

To further validate the weak coupling assumption, in vitro, we obtained IPRCs for 

different stimulus shapes and used them to predict the phase response of that neuron to a 

different stimulus. For this experiment, three different stimulus waveforms were used to 

generate PRCs from each neuron. The stimuli were alpha-shaped conductances with a 
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time constants,τ, of 10, 20, and 40 ms, as shown in Figure 6A. The resulting PRCs are 

shown in Figure 6B. Conductances were scaled by a maximal conductance, g, and the 

time constant, τ, so that the amount of injected conductance was equal across all three 

stimuli, as shown in Equation 3: 

( ) ( )synmsynsyn EV
e

tgI −=
τ

α , 
(3) 

y
dt
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−
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Each PRC in the set of three was then spline fit to remove experimental noise, and 

the stimulus waveform was deconvolved from the spline fit to obtain the IPRC. 

Performing straight deconvolution often led to numerical instability, so we used a 

minimization algorithm to obtain our IPRCs. With this algorithm, we assumed the IPRC 

was a 10
th
 order polynomial and found the coefficients that minimized the mean squared 

error (MSE) between the spline fit PRC and the polynomial IPRC convolved with the 

stimulus waveform used to generate the PRC. Some examples of the resulting IPRCs are 

shown in Figure 7A-C. 

 

Figure 6. Conductances and PRCs. (A) Shows the conductance traces used to generate the stimulus 

current. (B) Example PRCs generated with the conductance waveforms shown in A.  
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Figure 7. IPRCs and reconstructed PRCs. The IPRCs and reconstructed PRCs for 3 different experiments. 

(A) - (C) Each panel shows three IPRCs recovered for stimuli with τ = 10, 20, and 40 ms. (D)-(F) The 

IPRCs convolved with stimulus waveforms are better able to reproduce PRC data for weak amplitude 

stimuli. Data points are the measured PRCs in response to stimuli with τ = 20 ms. The orange trace is a 

spline fit to the PRC data points, red, green, and blue traces are the convolution of the IPRCs shown in 

panels A-C with the τ = 20 ms stimulus waveform. The rows correspond to different experiments with 

increasing stimulus strengths. The set conductance, g, and maximum PRC amplitude of 10 ms PRC, ∆θ, are 

(A, D) g = 0.005 µS, ∆θ = 0.038; (B, E) g = 0.04 µS, ∆θ = 0.095; (C, F) g = 0.12 µS, ∆θ = 0.694. 

 

For weak coupling to be valid, the IPRCs from each neuron must be able to 

predict the phase response that neuron would have to a different stimulus. To test this, 

each IPRC was convolved with each of the three stimulus waveforms in the set. For 

example, the 20 ms stimulus waveform was convolved with the 10, 20, and 40 ms IPRCs. 

The resulting waveforms were compared to the original 20 ms PRC, as shown in Figure 
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7D-F. To quantify our results, the MSE between the reconvolved waveform and the 

spline fit of the experimental data was tabulated (Table 1). We found that for all 

experimental datasets, the MSE was a very good indicator of the quality of the fit of the 

reconvolved PRC. This can be observed by comparing the fits in Figure 7D-F with the 

data in Table 1. 

Table 1. MSE results for the three experiments in Figure 7. The values represent the MSE between the 

PRC data (τ in rows) and the convolution of the IPRC (τ in columns) and the stimulus waveform (τ in 

rows). Values in brackets are powers of ten. Experiments correspond to increasing stimulus strength, and 

are for a set conductance, g, and maximum PRC amplitude of the 10 ms PRC, ∆θ, of (a) g = 0.005 µS, ∆θ = 

0.038; (b) g = 0.04 µS, ∆θ = 0.095; (c) g = 0.12 µS, ∆θ = 0.694. 

 

IPRC 
Expt 

Stim 

τ 10 20 40 

10 3.2 [-6] 7.7 [-6] 1.7 [-5] 

20 4.9 [-6] 2.4 [-6] 7.1 [-6] a 

40 5.2 [-6] 3.3 [-6] 1.9 [-6] 

10 4.0 [-5] 6.1 [-5] 5.0 [-5] 

20 5.6 [-5] 3.4 [-5] 4.8 [-5] b 

30 2.3 [-5] 2.7 [-5] 1.7 [-5] 

10 4.8 [-4] 3.6 [-6] 9.0 [-3] 

20 4.6 [-3] 1.6 [-4] 1.6 [-3] c 

40 5.9 [-3] 5.5 [-4] 5.6 [-5] 

 

2.2 Results 

2.2.1 Linear Scaling 

As Figure 5 indicates, there is a linear scaling relationship in PRCs generated 

from weak stimuli. This is visually apparent in scaled versions of the PRCs, where each 

point is scaled, by multiplication, to a common maximal conductance. For small stimuli 

PRCs, these scaled PRCs appear to be identical in shape. The smallest stimuli PRCs have 

more noise, which is a result of experimental noise that is amplified by scaling. This 

linear scaling does not hold true for strong stimuli. In this case, scaled PRCs have a 
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different basic shape, indicating that there is a non-linear relationship between the strong 

stimuli and the PRC. 

2.2.2 IPRCs 

To quantify how well the IPRCs could predict the neuronal phase response to 

different stimuli across experiments with different neurons, we needed an accurate 

measure of stimulus strength that was independent of the intrinsic neuronal properties. 

We chose the maximum amplitude of the PRC as a measure of how strongly the neuron 

was affected by a stimulus, in lieu of pure stimulus amplitude, to account for variability 

among the input impedances of different neurons. Figure 8 illustrates the MSE between 

the spline fit of the PRC data and the predicted PRC (convolution of IPRC and stimulus) 

as a function of the maximal PRC amplitude for all experimental sets (n=36 sets, from 12 

different neurons). Panels A-C correspond to different stimulus PRCs, while the data 

point’s color represents the IPRC used in the convolution. At the lower PRC amplitudes, 

the MSE decreases by several orders of magnitude. Thus, the convolution integral 

reliably reproduces the neuronal response for weak stimulus strengths, but not strong 

ones. This weak range includes values that are similar to the normal synaptic input seen 

by these cells. Similar trends in results were obtained when using the R
2
 metric to 

measure error. 
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Figure 8. There is a several order-of-magnitude reduction in MSE for low amplitude PRCs. MSE is plotted 

as a function of PRC amplitude across all experiments. Red, green, and blue points represent MSEs 

between the experimental PRC data and the reconvolved PRCs for IPRCs in response to τ = 10, 20, or 40 

ms stimuli, respectively. IPRCs are convolved with stimulus waveforms and compared to the spline fit PRC 

data. Panels correspond to stimulus waveforms. (A) τ = 10 ms stimulus. (B) τ = 20 ms stimulus. (C) τ = 40 

ms stimulus. 

 

 2.3 Discussion 

Prior to blocking synaptic activity in these neurons, the typical postsynaptic 

potentials have amplitudes from 2.5 to 15 mV and do not trigger an action potential. We 

quantified the amplitude of the voltage deflection in response to our stimuli applied at a 

phase of approximately 0.3. Of those stimuli that did not elicit action potentials, 75% 

produced deflections of 1 to 20 mV, with the remainder producing larger deflections up 

to 40 mV. The stimuli that did elicit action potentials correspond to PRC amplitudes of 

0.5 or larger in Figure 8. This indicates that not only is weak coupling a valid assumption 

to make theoretically, but that it is within the normal range of operation of the neuron. As 

such, it is a likely mechanism for coupling in these neurons. 

 Demonstrating that the weak coupling assumption holds in neurons benefits both 

theorists and biologists. Theorists already commonly use this assumption in 

computational simulations and analytical solutions. Demonstrating it in vitro validates 
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their use of the assumption. Biologists currently measure PRCs as a way to quantify the 

behavior of a neuron without needing to understand the underlying mechanisms; 

however, they do not take advantage of the weak coupling assumption. PRCs have been 

measured and used in maps to predict synchronization in hybrid systems (Merriam et al. 

2005; Netoff et al. 2005b; Oprisan et al. 2004), but these methods require a PRC for each 

stimulus used. Weak coupling can facilitate realistic experiments that include different 

stimulus shapes and multiple inputs per cycle, without requiring a PRC for each stimulus 

scenario used. 

Other researchers have already demonstrated that experimentally obtained PRCs 

predict situations of entrainment or synchronization (Netoff et al. 2005b; Oprisan et al. 

2004; Perkel et al. 1964). Their methods did not assume weak coupling; they used a more 

general type of PRC theory that relies upon maps of the pre-stimulus to post-stimulus 

phase. Such approaches are severely limited by the fact that the measured PRC is valid 

only for the specific stimulus waveform used. Other approaches deconvolve input stimuli 

from output measures to obtain a “kernel” that describes the input-output transformation. 

This has been applied in several areas of neuroscience to describe stimulus-response 

experiments. For example, Poliakov et al. showed that Wiener kernels could be used to 

describe how input to a motoneuron was transformed into a time series of output spikes 

characterized by a peri-stimulus time histogram (Poliakov et al. 1997). Our method is 

primarily different from these in that we are studying effects upon a single limit cycle 

oscillation, while most stimulus-response studies using kernel-based methods typically 

study longer-term aggregate measures of neural activity that span multiple limit cycles. 
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Though several groups have measured PRCs from oscillatory excitable cells, and 

many theorists make the weak coupling assumption in their models, we are aware of only 

two attempts to deconvolve IPRCs. Galán et al. implicitly fit the IPRC as part of a PRC 

estimation procedure, while Netoff et al. use IPRCs to predict the synchronization of 

coupled oscillators with multiple synaptic inputs (Galan et al.; Netoff et al. 2005a). 

Though these papers implicitly assume weak coupling by calculating IPRCs, neither 

attempts to systematically validate how consistent the derived IPRCs are with weak 

coupling assumptions. For example, Netoff et al. calculate IPRCs in response to different 

stimuli. The IPRCs are similar in general shape, but the amplitude and alignment of the 

deconvolved IPRCs, obtained from the same cell, are noticeably different (Netoff et al. 

2005a). 

We have successfully demonstrated that there is a large range of stimulus 

strengths where an IPRC can be deconvolved from the PRC of a neuron and the applied 

stimulus. This function accurately reproduces the phase response of the neuron to other 

stimulus shapes. The range where this is possible includes coupling strengths comparable 

to synaptic events seen in these neurons in vitro. These results are the first to demonstrate 

that such assumptions may be realistic in specific cases. This evidence supports 

assumptions made in phase reduction modeling, which require weak coupling within 

networks of oscillators to simplify the systems so network behavior can be studied. 
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CHAPTER 3 

COUPLING AND PHASE RESPONSE CURVES 

The weak coupling assumption and other phase model methods have been used to 

computationally predict which modes of synchrony will exist for networks of coupled 

neurons. These studies are based on phase models that describe how subsequent firing of 

a neuron is affected by a stimulus. All of these studies predict that two identical neurons 

coupled together with fast inhibitory synaptic coupling will exhibit in-phase synchrony. 

As the synaptic time constant is lengthened, there is a region of bistability, where both an 

in-phase solution and an anti-phase solution are stable. Finally, for slow synaptic 

coupling, the only stable phase locked mode is in-phase. When small amounts of 

heterogeneity are added, these coupled networks exhibit near in-phase and near anti-

phase synchrony, but as heterogeneity is increased the anti-phase solution is lost, even for 

fast synaptic time constants. 

Experimental verification of these results is difficult for a number of reasons. The 

heterogeneity present in real neurons makes it extremely difficult to obtain phase locked 

coupling under controllable study conditions. Any variability in the firing rate of the 

neuron makes it difficult to find phase locking. As a consequence, previously published 

experiments have only qualitatively verified that both anti-phase synchrony and in-phase 

synchrony can be observed, and that there are regions of bistability between these two 

extremes. This work is the first to thoroughly examine how well PRCs are able to predict 

phase locking and explore how the transition from anti-phase to in-phase synchrony 

occurs. Computational theory indicates that there is an abrupt transition from anti-phase 
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synchrony to in-phase synchrony, with a small range of bistability; however, our 

experiments show that the transition is, in fact, gradual. 

Our invertebrate experimental preparation is an ideal candidate for studying PRC 

predictions and the transitions between anti-phase and in-phase synchrony. Our neurons 

fire extremely regularly, eliminating the need for external control of the firing frequency. 

These neurons fire with less variability than other experimental preparations used to 

study coupling behavior, allowing us to measure phase differences more accurately than 

previous results obtained from cortical neurons (Merriam et al. 2005; Netoff et al. 2005a).  

In Aim 2, we use the dynamic clamp to create inhibitory networks of two neurons. 

These networks are hybrid networks consisting of one live neuron from the abdominal 

ganglia of Aplysia californica and one Wang and Buzsaki model neuron (Wang and 

Buzsaki 1996). Using alpha-shaped inhibitory synaptic conductances, we investigate the 

phase-locking behavior of this network as the synaptic rate is varied. We confirm the 

anti-phase and in-phase synchrony predicted by computational literature, with an 

intermediate region of bistability. Analytical solutions obtained from PRCs correctly 

predict stable phase locked solutions observed in experimental coupling results. We also 

show that phase models created with experimental PRCs show the same trends that the 

analytical solutions and the experimental coupling results show. Finally, unlike the 

previous computational predictions made with phase models, we show a gradual 

transition from anti-phase to in-phase synchrony as the synaptic time constant is 

increased. This transition is present in predictions from the PRC based models and the 

existence and stability criteria described in Oprisan et al. (2004) (Dror et al. 1999; 

Oprisan et al. 2004). 
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3.1 Methods 

This work is divided into two sets of experiments. In the first section, we create a 

hybrid inhibitory network of one live neuron and one Wang and Buzsaki neuron using 

computational synapses created with the dynamic clamp system. Using different time 

constants for the synaptic coupling we examine how phase locking changes as a function 

of the synaptic time constant. The second part of this work uses PRCs obtained from the 

same neurons to predict the existence of phase locked solutions. We then compare these 

to the phase-locked results observed experimentally.  

3.1.1 Computational Models 

For these experiments, the dynamic clamp was used to implement both 

computational synapses between neurons and the computational Wang and Buzsaki 

model neurons. 

Computational Synapses 

Hybrid networks of neurons were created by implementing computational 

synapses between uncoupled neurons using the MRCI dynamic clamp system. These 

synapses were based on an alpha-shaped synaptic conductance, allowing us to control the 

synaptic rate with only one time constant. Equations 6-8 were used to implement this 

conductance waveform: 
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In these equations, Isyn represents the total synaptic current injected into the post-

synaptic neuron. This is a function of the maximal conductance, gsyn(t), the synaptic 

waveform, α(t), and the driving force, (Vm-Esyn). The synaptic waveform, α, is normalized 

to a height of one by the e/τ term. It is activated by trig, a square pulse with an amplitude 

of 1 and a duration of 1 ms that is set when the pre-synaptic neuron crosses a threshold, 

indicating it has fired an action potential. 

Wang and Buzsaki Model Neuron 

We chose the Wang and Buzsaki computational model neuron because its PRCs 

are similar to the biological neurons being used. Appendix A describes the Wang and 

Buzsaki model and its equations. The spiking rate of the Wang and Buzsaki neuron was 

set to match the firing rate of the live neuron through the Iapp parameter of the model. 

Different input impedances among the cells of the hybrid networks forced us to 

match synaptic strengths based on the PRC amplitude, in lieu of the maximal 

conductance of the synaptic waveform. For this matching, a PRC was measured from the 

biological neuron using a synaptic time constant of 10 ms and the largest maximal 

conductance that did not cause the system to become unstable, see Chapter 4, Dynamic 

Clamp Stability. The matching synaptic strength for the Wang and Buzsaki model 

maximal synaptic conductance was found using a simulated model to generate matching 

PRCs. The maximal conductance that resulted in the same maximum PRC phase change 

was used to make the synaptic current injected into the Wang and Buzsaki model neuron 

in the coupled network. Matching was only performed for one time constant because the 
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PRCs scale similarly for small time constants. An example of matched PRCs is shown in 

Figure 9. 

 

Figure 9. Matched PRCs from a live neuron and a Wang and Buzsaki model neuron. For small time 

constants the matched PRCs are similar. The live neuron gsyn is .05 µS, while the Wang and Buzsaki 

model’s gsyn is .0024 µS. 

 

3.1.2 Coupling Experiments 

The goal of these experiments was to examine how the phase locking of the 

network changed as a function of the synaptic time constant. The dynamic clamp was 

used to create both artificial inhibitory synaptic coupling between neurons and to 

simulate the equations for the Wang and Buzsaki model neuron. Synaptic currents were 

triggered when the membrane voltage of the opposite neuron crossed a threshold, 

indicating an action potential had been fired.  

We chose to change only the synaptic time constant, and not adjust the maximal 

conductance (not ensuring a constant amount of injected current). In experiments where 
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the maximal conductance was scaled with the synaptic time constant, we did not observe 

a significant difference in the measured PRCs. As a result, we chose to manipulate only 

the synaptic time constant for all experiments.  

Two different protocols were used for the coupling experiments. The goal of 

preliminary coupling experiments was to show the anti-phase solution for fast time 

constants, the in-phase solution for slow time constants, and bistability between these 

regions. Once we determined this was possible, we switched to examining the transition 

from anti-phase to in-phase synchrony. 

 Preliminary Experiments 

Preliminary coupling experiments were designed to explore not only phase 

locking, but also bistability. For each time constant examined, the synapses between 

neurons were turned on and off for 15-30 second intervals repeatedly to explore what 

types of phase locking resulted. This repetition was done to determine whether the two 

neurons would phase lock to different phases for different initial conditions. Turning the 

synapses on and off was more effective at finding multistable states than leaving them on 

and observing spontaneous mode switching. This is because some of the modes of 

synchrony, especially the in-phase solutions, were very stable. Experimental noise was 

not always sufficient to evoke mode switching in these cases, even though bistability was 

observed with multiple trials. The phase differences were recorded in raster plots and 

examined histograms, as explained in Section 3.1.5 Data Analysis. 

Transition Experiments 

Once we qualitatively determined that our coupled neurons phase locked in anti-

phase synchrony for fast synapses and in-phase for slow synapses, with bistability in 



 35 

between, we modified our coupling experiments to examine the transition from anti-

phase to in-phase. Most of the data for this section was obtained by turning the synapses 

on for a given synaptic time constant and slowly incrementing the synaptic time constant 

in small steps every 1-3 minutes, without turning the synapses off. For larger synaptic 

time constants, the anti-phase solution appears to occur for a smaller range of initial 

conditions, and, as a result, is harder to obtain from the preliminary experiments alone. 

Starting from this solution allowed us to track how the anti-phase solution changes as the 

time constant was increased.  

Plots from these transition experiments often contain a contiguous series of τ 

measurements taken without turning the synapses off. The plots also display larger time 

constants that were used to verify that the in-phase solution remained stable. Bistability 

was not examined in this section. 

3.1.3 PRC Existence and Stability Criteria 

PRCs were also measured from the live neurons and used to predict phase locked 

modes using the existence and stability criteria described by Dror et al. (1999) and 

Oprisan et al. (2004)  (Dror et al. 1999; Oprisan et al. 2004). With this method, phase 

locked modes are obtained analytically from the PRC data. The existence and stability 

criteria are based on several key assumptions. First, each input received by the neuron 

must be independent, and the oscillator must return to the limit cycle oscillator before 

receiving another input. This allows PRCs generated using the open loop method, 

described in 1.3.3 Phase Response Curves, to predict the closed loop behavior of a 

coupled network. The second assumption is that the synaptic input received by the 
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neurons must be similar to the stimulus used to generate the PRC curve. For our 

experiments, these will be identical.  

For phase-locked solutions to exist, both neurons must have the same period. In 

other words, the sum of the stimulus time (time from an action potential until an input is 

received from the other neuron) and recovery time (time from stimulus to next action 

potential) must be equal for both neurons (Canavier et al. 1999; Canavier et al. 1997; Luo 

et al. 2004). This definition is shown in Equation 9. The sum of the stimulus and recovery 

times are simply equal to the original period plus the amount of first and second order 

phase resetting, F1,j and F2,j: 

,2,2,1,1, rsrs tttt +=+  
(9) 
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One can use these relationships to obtain steady state values for ts and tr, and find 

solutions that satisfy the periodicity criterion from Equation 9, as described in Oprisan et 

al. (2004). 

The stability criterion, was first established by Dror et al. (1999) with first order 

phase resetting and expanded by Oprisan et al. (2004) to include second order effects 

(Dror et al. 1999; Oprisan et al. 2004). This criterion uses linearized discrete maps of 

successive phases to determine the slope of the PRC that will maintain a stable phase-

locked relationship. This mapping requires the slopes of the PRCs to satisfy the 

characteristic equation 

( )( )( ) 011 2,21,22,21,22,11,1

2 =+−−−−− mmmmmm λλ . (11) 
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In this equation, m1,1 is the slope of the first-order PRC for neuron 1 and m2,1 is the slope 

of the second-order PRC for neuron 1. For a solution to be stable, the roots of this 

equation must be between -1 and 1. For this project, PRCs were analyzed for phase-

locked solutions using code written by Dr. Carmen Canavier. 

3.1.4 PRC Emulator 

In addition to performing coupling experiments with live neurons, we used PRC 

measurements from the same neurons to predict network behavior. For these 

experiments, PRCs were measured from the neurons used for the coupling experiments 

described above, with the protocol described in Section 1.3.3 Phase Response Curves. 

Simulations of phase models based on these PRCs were used to predict the modes of 

synchrony for the synaptic time constants of the PRCs.  

The first step in this process was to fit the experimental PRCs with a curve. It has 

been previously shown that in addition to first order phase resetting, the effect of a 

stimulus on the cycle it is applied to, it is also beneficial to include second order phase 

resetting, or the effect on the succeeding cycle (Oprisan et al. 2004; Preyer and Butera 

2005). For our PRCs, these second-order effects are depicted at phases of -1 to 0, which 

are the phases that correspond to just before the current cycle. We used a cubic 

smoothing spline, the CSAPS algorithm in Matlab (The Mathworks, Natick, MA), with a 

smoothing parameter of .9997 to fit and smooth the data. This parameter was determined 

by visual inspection; it captured the shape of the PRC well, while smoothing the noise in 

the experimental data. Figure 10 contains examples of PRCs and their curve fits for both 

live neurons and the matching Wang and Buzsaki model neurons.  
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Figure 10. Data points are PRCs from a live neuron (top) and a Wang and Buzsaki model neuron (bottom) 

with the corresponding cubic smoothing spline curve fits.  

 

Fits were obtained for both the experimentally measured neuron PRCs and the 

matched Wang and Buzsaki model PRCs. The resulting curve fits were used in a phase 

model simulator to predict what stable phase-locked solutions exist when the two phase 

oscillators are coupled together. Each phase oscillator was implemented as a phase 

counter counting from the reset phase (zero, when there is no second order resetting) to 

one. When the counter reaches one, the neuron fires an action potential and is reset to the 

reset phase, as shown in Figure 11. When a neuron fires an action potential, the first-

order phase response is immediately applied to the other neuron. The amount of phase 

change is calculated from the spline fit of the appropriate PRC. The second-order phase 

response is implemented by changing the phase the postsynaptic neuron will be reset to 

when it fires the next action potential. In this way, second-order resetting is applied to the 
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next cycle. The simulator results were tallied in phase difference raster plots and 

histograms using the techniques described in Section 3.1.5 Data Analysis. The PRC 

phase model simulations for this project were completed using code provided by Dr. 

Carmen Canavier. 

 

 
Figure 11. Example traces from the phase model simulator. Each neuron is a phase counter, which counts 

from the reset phase to one. When the counter reaches one, the phase is reset to the reset phase, and an 

action potential is fired. Firing an action potential immediately causes first-order phase resetting in the 

other neuron and sets the reset phase of that neuron to the phase indicated by second-order phase resetting. 

Second-order resetting is often small or zero, so it is difficult to visualize in this figure. Phase response is 

determined by the PRC curve fits described above. 

 

3.1.5 Data Analysis 

Data analysis for the experimental coupling results and the PRC simulations was 

performed using the same techniques. The first step of this process was to create raster 

plots of the phase differences between the neurons. This was done by measuring the spike 

time difference between a spike in the model neuron and a spike in the live neuron. This 
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time difference was normalized by the current firing period of the live neuron, as shown 

in Figure 12. This results in a phase difference from 0 to 1 with 0 and 1 being in-phase 

solutions, and a phase difference of .5 being anti-phase. 

 

Figure 12. Example of how phase difference is calculated for coupled neurons. The spike time difference is 

calculated as the time from an action potential in the reference neuron (blue) to next action potential in the 

opposite neuron (green). This period difference is then normalized by dividing by the period of the 

reference neuron, P0. 

 

For each set of coupling experiments, experimental and PRC simulations, we 

made raster plots of the phase differences as a function of time, as shown in Figure 13. 

Histograms were generated from the phase difference raster plots, also shown in Figure 

13. These histograms show the phase difference on the y-axis to match the raster plots. 
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Figure 13. Phase difference raster plots and histograms for different degrees of phase locking. (A) Two 

uncoupled neurons, the histogram shows no dominant phase differences. (B)  Two neurons that are mostly 

phase locked with the occasional phase walk through. The histogram shows one large peaks at phase 

difference of 0.8. (C) Phase locked neurons with no phase slipping. The histogram shows a phase 

difference of 0.2. Note: The phase locking in B and C is the same; the leading neuron in B is the live 

neuron, whereas in C, the leading neuron is the model neuron. 
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 Next, the data from the histograms was rotated so that the phase difference is 

located along the x-axis, as shown in Figure 14A. Figure 14A shows multiple histograms 

in the same plot, as a way to compare phase-locking results for multiple synaptic time 

constants. This information is easier to visualize in Figure 14B, which contains 

pseudocolor plots of the histograms. In these plots, each histogram is represented as a 

horizontal row of colored squares, with the phase difference across the x-axis. The color 

of each square corresponds to the amplitude of the histogram. τ is displayed on the y-axis. 

This representation makes it is easier to compare the phase locking results across τ’s and 

between experiments and simulations. For a given τ, each row in the pseudocolor plot 

was normalized to the maximum histogram value to highlight the dominant phases for 

each synaptic time constant. For example, in this plot for a time constant of 3 ms, there 

are two major peaks, which can also be seen in the histogram in Figure 14A. As τ is 

increased, there is only one peak that continues to shift towards the in-phase solution of 

1, until, at a τ of 7 ms, there is clear bistability between a phase difference of 0.75 and the 

almost in-phase solution, 0. In the transition from τ = 7 ms to τ = 8 ms, the synapses were 

turned off when they were turned back on to obtain the phase locking results, the neuron 

jumped to the in-phase solution for τ of 8 ms, which appeared to be extremely stable. 
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Figure 14. Example histogram and pseudocolor plots for multiple τ’s. (A) Phase difference histograms for 

multiple synaptic time constants plotted on the same graph. Instead of a normal bargraph histogram 

representation, a line connecting the amplitudes of the bars is plotted to allow more data to be displayed on 

one graph. (B) The histograms from A plotted as a pseudocolor plot. For each synaptic time constant, the 

histogram is normalized from zero to one to make the peaks of the histogram more obvious. Histogram 

amplitude is plotted as color, with the synaptic time constant, τ, along the y-axis, and the phase difference 

on the x-axis. 

3.2 Results 

The first goal of Aim 2 was to demonstrate that our inhibitory hybrid networks 

reproduced the transition from anti-phase to in-phase synchrony as the synaptic time 

constant is increased. Once this was verified, we used inhibitory coupling experiments to 

examine how the transition occurs and if it can be predicted from PRC data using either a 

phase model simulator or analytic solutions to existence and stability criteria. 

3.2.1 Predicted and Observed Modes of Synchrony 

The first goal of this research was to verify that our system would lock as 

predicted by the computational and theoretical literature, meaning it locks with anti-phase 

synchrony for fast synaptic time constants and in-phase synchrony for slow time 

constants. In addition, the hybrid network should display bistability between the two 

extremes of synaptic coupling. As described in the methods section, we turned the 
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synapses between our coupled neurons on and off to explore phase locking and 

bistability. We were able to qualitatively show both anti-phase and in phase-synchrony, 

as well as a range of bistability. Figure 15 A-D includes raster plots for increasing values 

of synaptic time constant, and the resulting histograms. The histogram data shows that for 

a synaptic time constant of 2.5 ms, the predominant phase locking is at a phase of .5. The 

phase locking for this time constant is less stable than the others, because the strength of 

the synapse is extremely weak. For time constants of 5 ms and 7.5 ms, the histograms and 

raster plots show bistability between a phase of .5 and a phase difference of 0/1. Finally, 

for a time constant of 10 ms, the in-phase solution is the only stable state for this 

experiment. 

 

Figure 15. Qualitative bistability results. Raster plots and phase difference histograms for pulsed coupling 

experiments for different synaptic time constants. Synaptic coupling was pulsed on and off throughout each 

trial to locate all stable solutions. Coupling state is indicated by color of the dot; for magenta and cyan dots, 

coupling is off, for red and blue dots, coupling is on. (A) Synaptic time constant of τ  = 2.5 ms shows phase 

locking at approximately 0.5/ -0.5. (B) τ of 5.0 ms shows bistable phase locking at both 0.5/-0.5 and 0/1. 

(C) τ of 7.5 ms shows bistable phase locking at approximately -.4/.6 and 0/1. (D) τ of 10 ms shows phase 

locking at 0/1 (E) Plot of histograms from A-D with bars replaced by lines. This plot shows the transition 

from anti-phase to in-phase as the synaptic time constant is increased. 
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3.2.2 Transitions from Anti-Phase to In-Phase Synchrony 

The results of the qualitative experiments described above led us to investigate 

how this transition from anti-phase to in-phase synchrony occurs. This was done by 

leaving the synapses on and incrementing the synaptic time constant in small steps. 

Figure 16 shows pseudocolor plots from three examples of this type of experiment. 

Experiments were started with small synaptic time constants that resulted in near anti-

phase synchrony in each case. As the time constant was increased in small steps (τ 

increased approximately 1 ms every 1-3 minutes), the phase of locking increased or 

decreased monotonically towards the in-phase solution. At large enough time constants, 

phase locking jumped to the in-phase solution. In these experiments, for the low time 

constants displayed, the synapses were always on, so that unless spontaneous mode 

switching occurred, other stable modes were not detected. The gradual transition 

observed in these experiments is contrary to the abrupt mode switching that is predicted 

by computational and theoretical literature, but we show it for n = 3. The plots also 

display some data for higher time constants to verify that the in-phase solution continues 

to be stable. The synapses were turned off in between the coupling trials for these higher 

synaptic time constants. 
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Figure 16. Pseudocolor plots of histograms including multiple τ’s from experimental coupling experiments 

for three separate neurons. Histograms with incremented synaptic time constants show a gradual transition 

from anti-phase to in-phase locking as a function of synaptic time constant. The solution eventually jumps 

to the in-phase solution, which appears to be more stable for higher synaptic time constants. (A) Synapses 

were on from τ = 2-4 ms; all other data were from separate trials. (B) Synapses remained on for all but the 
8 ms to 11 ms time constant change. (C) Synapses were turned on for the lowest displayed synaptic time 

constant, τ, and increased every 1-3 minutes. Synapses were turned off between the τ = 7 ms and τ = 8 ms 

trials. For 3 ms – 7 ms, the synapses remained on as the time constant was slowly increased.  
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3.2.3 Synchrony Predicted by PRCs 

PRCs were measured for each neuron used in the coupling experiments described 

above. These PRCs were used to predict the type of synchrony that the network would 

exhibit for a given synaptic time constant. Two different methods were used to predict 

synchronous solutions. First, PRCs were used to create phase models that were simulated 

and the resulting phase-locked solutions were observed. Then, the analytical criteria 

proposed by Dror et al. (1999) and Oprisan et al. (2004) were used to identify stable 

phase-locked solutions (Dror et al. 1999; Oprisan et al. 2004).  

Phase Model Simulations 

Phase models made from the PRCs measured in the above experiments were also 

used to predict the type of phase locking that would be exhibited as the synaptic time 

constant was increased. Figure 17 shows results from these simulations along with the 

experimental results and analytical predictions. The simulation results seem to show the 

same qualitative trends that experimental coupling produced, with intermediate areas of 

phase locking between the anti-phase and in-phase solution. However, the predicted 

results do not match the experimental coupling results well. 

Analytical Solutions 

Code provided by Dr. Carmen Canavier was used to analytically obtain the stable 

phase-locked states based on smoothing spline curve fits of the PRCs. This code uses the 

existence and stability criteria based on first-order and second-order phase resetting to 

solve for phase locked states that result from coupling the neuron PRC to the matched 

Wang and Buzsaki model PRC.  
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Figure 17. Pseudocolor plots of histogram results for experimental coupling, observed phase locking from 

PRC phase model simulations, and analytical PRC solutions for three separate experiments. (A)-(C)  

Experimental coupling shows a gradual transition from anti-phase to in-phase as the synaptic time constant, 

y-axis, is increased. Similar trends are seen for the stable solutions to the analytical predictions, and the 

PRC phase model simulations. For experimental coupling results, τ’s where there is no data indicate places 

where the synapses were turned off.  
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Figure 17 plots these results along with the histograms for phase-locking from the 

experimental coupling and the phase model simulator results. For these results, all phase-

locked states are shown; stable states are plotted in red and unstable states are green. 

3.3 Discussion 

PRC theory and phase models are commonly used to computationally investigate 

network behavior. These simplifications are often used to develop analytical solutions 

that predict network behavior and increase computation speeds for network simulations. 

Though these simplifications are commonly used, they have not been fully investigated in 

live neurons. Previous experimental research in this area has either been done in bursting 

neurons, whose results do not directly scale to the computational research on tonically 

firing networks, or been in noisy cortical neurons that make it difficult to determine phase 

relationships and obtain phase locking (Elson et al. 2002; Merriam et al. 2005; Netoff et 

al. 2005b). These previous studies have only demonstrated in-phase and anti-phase 

synchrony as the time constant is increased, with bistability for the intermediate range of 

synaptic time constants. Besides the research described here, there has been only one 

other attempt at predicting phase relationships through phase models. Netoff et al. (2005) 

use spike time response curves to predict anti-phase synchrony for fast time constants and 

in-phase synchrony for slow synaptic time constants (Netoff et al. 2005b). They 

predominantly show anti-phase solutions for all but one of their inhibitory networks. 

Their results are obtained with a slowly changing background current designed to hold 

the neuron at a constant firing rate. This background current may alter phase-locking 

results, because coupled neurons do not fire at their intrinsic period, but a slightly 

different network period. Forcing this network period may affect phase-locking results. 
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The research presented here has been done in tonically firing neurons with an 

extremely constant firing rate. As such, we were able to demonstrate and measure phase 

locking with significantly greater precision than has been previously done. As predicted 

by current theoretical research, we show anti-phase locking for fast synaptic time 

constants and in-phase solutions for slow time constants (Van Vreeswijk et al. 1994). We 

also show regions of bistability between these two extremes.  We were further able to 

investigate how this transition from anti-phase synchrony to in-phase synchrony occurs. 

This transition occurs gradually at first. When the phase difference becomes close to the 

in-phase solution, the network eventually jumps to the in-phase state, with some 

bistability. 

In addition to allowing us to obtain accurate phase-locking information and 

examine the transition from anti-phase to in-phase, the constant firing rate also enabled us 

to measure PRCs that only contained small amounts of experimental noise. These PRCs 

were used to predict the types of network behavior observed in the coupled networks. 

Predictions were done using two different methods. Stable states were obtained 

analytically using the existence and stability criteria of Dror et al. (1999) and Oprisan et 

al. (2004) (Dror et al. 1999; Oprisan et al. 2004), and by simulations of phase models 

based on experimentally measured PRCs. Both sets of predictions qualitatively showed 

the same gradual anti-phase to in-phase transition observed in experimental coupling, as 

synaptic time constant was increased for all experiments (n=3). These solutions did not, 

however, fully reproduce the behavior of the experimental coupling results, because the 

in-phase solution was never obtained. We suspect this is due to noise in the PRC curve 
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fits, which have the most error at the edges (around zero and one), where the in-phase 

solutions would be obtained. 

In this section, we were able to successfully predict qualitative trends in the 

phase-locking behavior of a hybrid inhibitory network using analytical solutions to the 

phase response curves. We confirm the anti-phase and in-phase solutions predicted in 

computational literature, but additionally show intermediate phase locking as the time 

constant is increased. 
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CHAPTER 4 

DYNAMIC CLAMP STABILITY 

The previous chapters demonstrated the utility of the dynamic clamp in 

electrophysiology experiments. It is an extremely powerful tool for integrating 

computational models with biological systems. Through real-time calculations, artificial 

conductances can be created and injected into biological neurons in a closed-loop 

feedback system. This technique capitalizes on both the complexity of real biological 

systems and the ability to manipulate computational models. 

 In performing the previously described dynamic clamp experiments, however, we 

discovered that the system displays transient instabilities under certain conditions. We 

verified that the instability was not caused by saturation of the electronics, as injected 

currents were not near the limits of the electronic equipment. The instability was also not 

caused by the numerics of the dynamic clamp system, which were well within the bounds 

described in Butera and McCarthy (Butera and McCarthy 2004). We also recreated our 

results using another dynamic clamp implementation (dSPACE DS1104, Paderborn, 

Germany) to verify that the instability was not an artifact of the MRCI system or the PC 

hardware. The instability was also reproduced in experiments using discontinuous current 

clamp instead of bridge balance mode. Such instabilities have also been reported by 

others through personal communication. 

For Aim 3, we chose to study this instability, and the conditions that cause it. 

Through physical experiments and simulation, we show that dynamic clamp instability is 

directly related to the sampling delay of the dynamic clamp system and the maximum 

conductance of the current being simulated. The instability is exaggerated by 
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measurement errors caused by series electrode resistance compensation and stray 

capacitance in the electrode and electronics. We found that the maximum height of a step 

change of conductance that maintains a stable system increases dramatically when the 

delay in the dynamic clamp system is small and the series electrode resistance and stray 

capacitance are well compensated. 

4.1 Methods 

 Investigating the dynamic clamp instability was done in several steps. Physical 

experiments were performed on both live neurons and a physical model of a passive 

membrane using a standard electrophysiology rig. We then created a computational 

model of the electrophysiology rig and dynamic clamp system to simulate the instability. 

4.1.1 Physical Experiments 

Electrophysiology experiments were performed as described in Section 1.3.1 

Electrophysiology Experiments, with the dynamic clamp setup described in Section 1.3.2 

Dynamic Clamp Technique. The MRCI Real-Time Linux based dynamic clamp was used 

to create a variety of conductances within both real cells and the Clamp-1U electrical 

circuit model cell (Molecular Devices Corporation, Sunnyvale, CA). The membrane 

voltage of a cell or membrane model was acquired and used by the MRCI system to 

generate ionic currents, which were fed back to the cell. Simulated currents were in the 

form of a time dependent conductance, g(t), multiplied by the driving force: I=g(t)(Vm-

Esyn).  
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4.1.2 Computational Model System 

 Two computational system models were used to replicate the experimental results 

obtained for both a spiking neuron and a passive membrane electrical model cell. The 

first was a simple computational model that included the effects of electrode resistance 

and capacitance. While this model produced some of the expected results, it did not fully 

reproduce the nature of the instabilities of our experimental data. As a result, we also use 

a more complete model that includes both the electrode effects and the effects of the 

amplifier, bridge balancing, and capacitance compensation circuitry. Two different 

computational neuron models were used to replicate both the spiking neuron experiments 

and the experiments with the Clamp-1U electrical circuit model of a passive membrane. 

 Neuron Models 

Two separate neuron models were used. First, a tonically spiking neuron model 

based on the bursting pacemaker neuron in Butera et al. (Butera et al. 1999) was used to 

reproduce experimental results obtained for a tonically firing Aplysia neuron. This model 

is the first model described by Butera in that paper, with the INaP-h current removed to 

eliminate bursting. The other computational model was a passive membrane, similar to 

the Clamp-1U artificial electrical model cell. Both models are shown in Figure 18. Two 

sets of parameters were used with the passive membrane model, one based on common 

invertebrate values and the other based on vertebrate values. For invertebrate simulations, 

the uncompensated electrode resistance, Re, was 50 MΩ, with a membrane resistance, 

Rm, of 50 MΩ, and membrane capacitance, Cm, of 470 pF. Vertebrate simulations used an 

uncompensated Re of 10 MΩ, an Rm of 500 MΩ, and Cm of 33 pF. These values are based 

on the values of electrical model cells used in the Clamp-1U and MCW-1U from 
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Molecular Devices (Sunnyvale,CA). Both simulations used an electrode capacitance, Ce, 

of 5 pF, unless otherwise noted. Simulations of this system were performed using 

Simulink (The MathWorks, Natick, MA). 

 

Figure 18. Computational neuron models. (A) Tonically firing neuron model used to reproduce 

experimental results obtained with a live tonically firing neuron. (B) Passive membrane computational 

model used to reproduce experimental results obtained with the Clamp-1U electrical model cell. 

Electrode Model 

The first system model we used to examine the behavior of the physical dynamic 

clamp system was quite simple. For this model, electrode effects were represented as a 

series resistance and a capacitor in parallel, to ground, as shown in Figure 19. Re is 

caused by the properties of the electrode and the electro-chemical junctions between the 

neuron and microelectrode. The amount of Re is compensated using electrical circuitry; 

however, compensation is imperfect, so there is some residual resistance. To model the 

effects of residual uncompensated resistance, the resistance value in our simulations was 

a percentage of the typical total electrode resistance. Ce is also caused by the electrical 

properties of the electrode. The glass of the microelectrode acts as an insulator between 

the two conducting liquids, potassium acetate in the electrode, and the saline bath 

solution outside. Ce also includes some of the stray capacitance present in the 
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Figure 19.  Electrode model with passive membrane. Simple model with electrode effects represented by a 

series resistance, Re, and parallel capacitance, Ce. Dynamic clamp effects are represented by a delay in the 

membrane voltage, Vx(t-τ), used by the differential equations that would be simulated by the dynamic 
clamp during a physical experiment. 

 

 

electrophysiological amplifier. For this model, the dynamic clamp latency, caused by data 

acquisition and computation time, was represented as a time delay in our simulations and 

stability analysis. Further analysis was done by replacing the delay with a zeroth-order 

sample and hold to model the effects of sampling more realistically. Quantization error 

was not modeled. Each computational neuron model was combined with the differential 

equations for the currents implemented in the dynamic clamp experiments, along with the 

electrode model, to create delay differential equations that model the entire experimental 

system. Equations 12-14 correspond to the passive membrane model system shown in 

Figure 19. This model includes a passive membrane (Vm, Rm, Cm), with electrode effects 

(Re, Ce) creating the measured voltage Vx. The injected current, Iinj, is a constant 

conductance multiplied by the driving force calculated with a delayed measured voltage, 

Vx
d
: 
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 Electrode and Amplifier Model 

The second model we used to simulate the dynamic clamp instability was a more 

complete circuit model of the electrode and electrophysiology amplifier. This model, 

used by Park et al. (1983), includes equations to account for electrode resistance and 

capacitance, the bridge balance circuit, the capacitance compensation circuit, and other 

stray capacitance present in the amplifier (Park et al. 1983; Wilson and Park 1989). A 

diagram of this circuit, taken from Wilson and Park, is shown in Figure 20 (Wilson and 

Park 1989).  

This diagram contains four major sections, the electrode and cell, the current 

injection circuit, the capacitance compensation circuit, and the bridge balance circuit. The 

far left section contains the circuit representation of the cell, Zcell, and the electrode 

resistance and capacitance, Relectrode and Celectrode. The voltage at Vinput represents the 

uncompensated voltage that is a measure of the total voltage drop across the electrode 

and cell membrane. From this node, Cshunt represents the current flowing through the 

shunt capacitance on the amplifier, Icur is the amount of command current, and Icc is the 

current generated by the capacitance compensation circuitry. 
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Figure 20. Electrode and amplifier model. Duplicated from Figure 1 of Wilson and Park (Wilson and Park 

1989). It is important to note that this is a block diagram, not a circuit diagram; the elements correspond to 

the mathematical operations shown. 

 

In the top portion of Figure 20, the command current, Icur, is created from the 

command voltage, Vcommand. This voltage is converted into a current by passing it across 

Rcur, which is typically located within the electrophysiology headstage. To maintain a 

constant voltage drop across Rcur, independent of the voltage at Vinput, Vinput is added to 

Vcommand at B. This circuit also contains Ccur, a shunt resistance in parallel with Rcur. 

The capacitance compensation circuit is below the current injection circuit. This is 

designed to compensate for the current that is shunted by Celectrode, Cshunt, and Ccur. This 

circuit consists of two currents added together. First, the lower variable resistor, 

Capacitance Compensation, takes a portion of Vinput, amplifies it by CCgain, and injects it 

back into the Vinput node through CComp. CCcomp corresponds to the knob on the 
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electrophysiology amplifier that is used to control capacitance compensation. This 

current is used to compensate for the Cshunt and Celectrode currents. The other half of this 

circuit, labeled Transient Balance, is used to counteract the effect of Ccur by taking a 

portion of the command voltage amplifying it and passing it through CComp. Ccur is 

amplifier dependent and does not change from experiment to experiment. As a result, the 

Transient Balance control discussed here is typically not available to the 

electrophysiologist. 

The final portion of the circuit is used to correct the measured voltage, Vinput,  by 

subtracting the voltage drop caused by the injected current flowing across the electrode 

resistance. This compensation is done by subtracting a portion of the command voltage, 

Vcommand, from the voltage at the input node. The amount of Vcommand subtracted is set 

with the Bridge Balance. This setting corresponds to the Bridge Balance knob on most 

electrophysiology amplifiers. 

This circuit, using a passive membrane model as the cell, is described by: 
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For these equations and our simulations, Iprep is defined to be the opposite direction of 

that shown in Figure 20, and we assume the amount of Transient Balance is zero. We use 

Vm as the membrane voltage of the cell. Vin corresponds to Vinput, Vc is Vcommand, Pcc is the 

amount of capacitance compensation, and Vr is the resting potential of the passive 

membrane. 

Bridge balance compensation was implemented with: 

cbbinx VPVV −= . (21) 

 

In this equation, Vx represents the compensated voltage, with the amount of compensation 

set by Pbb. For exact compensation, Pbb is equal to Re/Rcurr.  

Table 2 shows the values used for each of the parameters described above. These 

values are similar to the values listed in Wilson and Park (Wilson and Park 1989). 

Table 2. Parameter values for full electrode and amplifier model. 

Parameter Value 

Re 50 MΩ 

Ce 3 pF 

Rm 50 MΩ 

Cm 125 pF 

Vrest -50 mV 

Rcurr 100 MΩ 

Ccurr 0 pF 

Cshunt 1 pF 

Ccomp 1 pF 

CCgain 10 

 

The dynamic clamp implementation is done using Vx as the membrane voltage 

used to solve the desired current injection equations. To reproduce the effects of the 

dynamic clamp sampling, the current equations that would be solved by the dynamic 
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clamp are calculated at the dynamic clamp sampling rate, while the rest of equations are 

simulated at a much faster rate. Simulations using this model were performed 

implementing a step one unit high times the maximal conductance g, multiplied by the 

driving force: 

)()( synxinj EVgtuI −= . (22) 

This current was converted to the command voltage through a scale factor set by Rcurr. 

This computational model of the dynamic clamp has several advantages over the 

simpler model. First, we were able to test the full range of effects of bridge balance and 

capacitance compensation. For bridge balance, both under-compensation and over-

compensation can be used; for capacitance compensation, the circuit model behavior 

matches the physical system in that it oscillates for over-compensation. This 

computational model demonstrated qualitative behavior similar to the physical 

experimental system. 

4.1.3 Simulations and Stability Analysis 

Simulations of both computational models were performed using Simulink (The 

Mathworks, Natick, MA). In addition, the stability of the delay-differential equations for 

the simple electrode model with a passive membrane model neuron was analyzed using 

the DDE-BIFTOOL package written for MATLAB (Engelborghs 2002). A current with a 

constant step of conductance multiplied by the driving force was used for stability 

analysis. The DDE-BIFTOOL was used to numerically locate the rightmost roots of the 

model system’s characteristic equation, for a given set of parameter values. Our stability 

figures were produced by finding the maximum conductance where the system remained 

stable, i.e., contained only negative roots in the characteristic equation. We examined 
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how dynamic clamp latency, electrode resistance, and electrode capacitance affected the 

maximum conductance the stable system could have. 

4.2 Results 

The computational models were used to reproduce instability seen in the 

experimental system and to examine how the dynamic clamp latency, electrode 

compensation, and capacitance compensation affect the maximum amount of current that 

can be used with the dynamic clamp. The simple electrode model was first used to 

qualitatively reproduce the instability and then was studied using stability analysis. This 

model did not accurately reflect the effects of capacitance compensation seen in the 

physical system. As a result, the more complex model was used in simulations to 

determine the effects of these parameters. As a basic check, the characteristics were first 

compared to the results in the experimental system qualitatively, and then the simulations 

were used to quantitatively study how sensitive the instability is to the given parameters. 

4.2.1 Physical Experiment and Simple Electrode Model Results 

We first used physical experiments and the simple electrode model to examine the 

effect of the dynamic clamp sampling rate, the uncompensated electrode resistance, and 

the capacitance compensation on the stability of the dynamic clamp system. The physical 

system was used to show that these factors did affect how stable the dynamic clamp 

system was. The simple computational model was then used to qualitatively reproduce 

the same trends. Stability was measured as the maximum size of conductance step that 

could be used that maintained a stable system. This model showed that, as in the physical 

experiments, increasing the sampling rate and decreasing the amount of uncompensated 

electrode resistance maximized the amount of conductance that could be used while 
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maintaining a stable system. The results for capacitance compensation showed different 

effects. In the physical experiment, capacitance compensation improved the dynamic 

clamp system performance, whereas in simulation and stability analysis, it did not affect 

the performance. This disparity led us to change to the more complex system model. 

Physical Experiments and Simulations 

The simple electrode model was first used to qualitatively reproduce the 

instability. The experiments that initially identified a transient instability in the dynamic 

clamp system involved adding a slow potassium current, Im, to a live spiking neuron. The 

current contained two state variables, a time-dependent activation variable and an 

instantaneous inactivation variable. As the maximum conductance of the current was 

increased, a transient ringing was observed at the end of the action potential, as shown in 

Figure 21. Experiments showed that this transient instability was affected by the rate of 

the dynamic clamp system, the electrode resistance compensation, the capacitance 

compensation and the maximum conductance of the current. The instability appeared as 

the conductance was increased. 

To simplify this system, the voltage-dependent conductance was reduced to a 

voltage-independent up/down ramp multiplied by the driving force (Figure 22A). This 

type of current also resulted in instability as the maximal conductance was increased. The 

live neuron was then replaced with the Clamp-1U artificial model cell (Figure 22C). As 

with the real neuron, the system developed a transient instability as the conductance was 

increased. 
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Figure 21. Instability demonstrated in a live neuron with a simulated slow potassium current, Im. 
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Figure 22. Experiments and simulations demonstrating dynamic clamp instability for spiking neurons and 

passive membrane models. (A) Live spiking neuron with ramp conductance. (B) Spiking neuron 

computational model simulation with ramp conductance. (C) Physical passive membrane circuit with ramp 

conductance. (D)  Computational passive membrane simulation with ramp conductance. 

 

We then used computational simulations to reproduce the instability seen in the 

physical experiments. Using the simple electrode model, we were able to reproduce the 

instabilities observed in the physical system. Figure 22B shows the transient instability in 

a spiking neuron model with an up/down ramp conductance current, using a residual 

uncompensated electrode resistance of 2 MΩ and an electrode capacitance of 1 pF. 

Figure 22D shows the transient instability in a passive membrane model (Rm = 50MΩ, 

Cm = 470 pF) with an up/down ramp conductance. The instability was also present when 

the slow potassium current, Im, was used (not shown). 
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Stability Analysis 

We next examined the stability of the delay-differential equations for the passive 

membrane model system using the DDE-BIFTOOL package written for MATLAB 

(Engelborghs 2002). Instead of a variable conductance, we used a constant step of 

conductance multiplied by the driving force.  The DDE-BIFTOOL numerically located 

the rightmost roots of the model’s characteristic equation, for a given set of parameter 

values. Our stability figures were produced by finding the maximum conductance where 

the system remained stable, i.e. contained only negative roots in the characteristic 

equation. We examined how dynamic clamp latency, electrode resistance, and electrode 

capacitance affected the maximum conductance the stable system could have. For this 

analysis, we focused on two sets of nominal RC parameters, referred to as invertebrate 

(Re = 50 MΩ, Rm = 50 MΩ, Cm = 470 pF, and Ce = 5 pF), and vertebrate (Re = 10 MΩ, 

Rm = 500 MΩ, Cm = 33 pF, and Ce = 5 pF). These are typical order-of-magnitude 

experimental values and correspond to the values used in the Clamp-1U and MCW-1U 

(Molecular Devices, Sunnyvale,CA), respectively. 

Dynamic Clamp Sampling Rate 

Figure 23A-B demonstrate the effect of dynamic clamp latency, or sampling rate, 

and electrode resistance on the maximum stable conductance for the simple electrode 

model using the invertebrate and vertebrate parameter sets. Each trace in the figures 

corresponds to a different amount of delay used in the model, while the x-axis shows 

increasing electrode resistance. For high sampling rates, a higher maximum stable 

conductance is attainable than for slower rates. The relationship has a sharp drop in the 
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maximum stable conductance for small changes in fast delays, and almost no change in 

the maximum stable conductance for longer delays.  

 

 
Figure 23. The maximum stable step conductance for invertebrate and vertebrate parameter sets as a 

function of sampling rate and electrode resistance. As the amount of uncompensated resistance increases, 

the maximum conductance step size decreases sharply. As the sampling rate increases, the maximum 

conductance step size increases rapidly. (A) Invertebrate parameter results. (B) Vertebrate parameter 

results. 

 

Electrode Resistance Compensation 

Figure 23 also shows the effect of electrode resistance compensation on the 

maximum stable conductance for both the invertebrate and vertebrate parameter sets. As 

the amount of uncompensated resistance is increased, the maximum stable conductance 

initially drops sharply. In addition, there is a finite maximum stable conductance for 

100% electrode compensation, or zero electrode resistance. The axes in Figure 23 differ 

because of common electrophysiological practices. Electrode compensation is commonly 

performed in the sharp electrode invertebrate situation, where the electrode resistance and 

membrane impedance have similar magnitudes. Compensation is not commonly 

performed for patch clamping in vertebrate neurons because of the magnitude of the 

difference between the cellular input impedance and electrode resistance.  
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Electrode Capacitance Compensation 

The results from stability analysis of the simple electrode model do not accurately 

reflect what was found in the physical experimental system. Figure 24 shows the stability 

analysis of the effect of electrode capacitance on the maximum stable conductance for the 

invertebrate parameter set. These results show that typical experimental values of 

electrode capacitance, 1 pF per millimeter of electrode immersion (Sherman-Gold 1993), 

do not significantly affect the maximum stable conductance of the system; however 

larger capacitances, not shown here, increase the maximum stable conductance. In 

contrast, we found experimentally that functionally decreasing the capacitance via 

compensation does have a noticeable effect on the maximum stable conductance. This 

result is accounted for in simulations of the more complex electrode and amplifier model. 

 

Figure 24. Stability analysis of the simple electrode model shows that, as the capacitance in the simple 

electrode model is varied, there is not a significant difference in the resulting maximum stable conductance. 
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Sample and Hold Effects 

The simple electrode computational model used to perform the numerical stability 

analysis only accounts for delay in the dynamic clamp system; the measured voltage is 

simply delayed by the dynamic clamp latency. In the true system, however, the voltage is 

actually sampled at each time step and this value is held constant until the next 

computational time step. Although the simple delay model was able to reproduce the 

instability shown in the experimental system, we also performed simulations in Simulink 

to compare the effects of sample and hold to that of just a delay. Figure 25 compares the 

results of the simulations with sampling to the numerical stability analysis results. As can 

be seen from the figures, sampling and holding the membrane voltage further reduces the 

maximum stable conductance range for this experimental setup. 

 

Figure 25. Sampling and holding the membrane voltage further reduces the maximum stable conductance 

step size for both parameter sets. (A) Invertebrate parameters. (B) Vertebrate parameters. 

4.2.2 Electrode and Amplifier Model 

The disparities between the physical experiments and the simple electrode model 

led us to use the more complicated electrode and amplifier model. This allowed us to 

reproduce the capacitance compensation results observed in the physical experiments. In 
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addition, it allowed us to more fully explore how over-compensation of the electrode 

resistance affects stability.  

 Model Step Response Characteristics 

To verify that this model effectively simulated our physical system, we 

qualitatively compared the results to a current with a step of conductance for the cases 

when the bridge was balanced and un-balanced and the capacitance was not compensated 

and compensated. We found that the behavior matched very well.  

 Simulation Results 

The electrode and amplifier computational model was then used to explore how 

the parameters affect stability in the dynamic clamp system. These results were found by 

determining the maximum possible step of conductance that maintains a stable system. 

This value was obtained by repeated Simulink simulations. To reproduce the dynamic 

clamp system’s sampling effects, the equations describing the electrode and amplifier 

electronics were computed at one time step (dt = 10
-5
 ms), while the equations that 

represented the amount of current being calculated by the dynamic clamp system were 

computed at the dynamic clamp sampling rate.  

Electrode and Capacitance Compensation 

Figure 26A-B show the results obtained when Pbb and Pcc, electrode resistance 

and capacitance compensation, were varied for a sampling rate of 10 kHz, using the 

parameters listed in Table 2. These parameters correspond to typical invertebrate 

intracellular values. For these values, full bridge balancing occurs when Pbb=Re/Rcurr, 0.5 

for our parameters, and the capacitance is fully compensated at a value of Pcc=0.5. Figure 
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26 shows that the maximum stable conductance is a function of both Pbb and Pcc and 

contains a sharp peak when both electrode resistance and capacitance are well 

compensated, at Pbb = 0.5 and Pcc = 0.495. The capacitance compensation circuit is a 

positive feedback system that oscillates when the circuit is over compensated. As a result, 

the simulations oscillate for Pcc=.5, so our closest results to full compensation are at 

Pcc=.495. 

 

Figure 26. Maximum stable conductance as a function of Pcc and Pbb. (A) The maximum possible height of 

a step of conductance as a function of the amount of electrode resistance and capacitance compensation. 

The x-axis shows electrode resistance compensation; full compensation is at Pbb =0.5. The traces 

correspond to different values of capacitance compensation; Pcc = 0.5 corresponds to fully capacitance 

compensated. (B) Figure A zoomed along the Y-axis. (C) 3-D plot of the effects of Pcc and Pbb on the 

maximum stable step conductance. Color corresponds to the logarithm of the maximum stable conductance. 

(D) Zoom of Figure C. 
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Dynamic Clamp Sampling Rate 

Figure 27 A-B shows a comparison of the maximum stable conductance as a 

function of dynamic clamp sampling rate for sampling rates of 5 kHz and 10 kHz. The 

increased sampling rate drastically improves the peak value (Figure 27C); however, the 

cases without perfect compensation show mixed results. For significantly under 

compensated cases performance increases with sampling rate; however for moderately 

compensated results, performance decreases with sampling rate. Figure 27C shows the 

peak value of maximum stable conductance, located at Pcc = .495 and Pbb = 0.5 as a 

function of the sampling rate. This plot highlights how much improvement faster 

sampling rates provide for the compensated case. 

Injection Shunt Capacitance 

The current injection resistor, Rcur, has a stray capacitance, Ccur, in parallel with it. 

This is balanced by the Ptb control. The affect of Ccur is shown in Figure 28. Surprisingly, 

this stray capacitance appears to have a beneficial effect in these simulations. It is 

possible to obtain higher amplitude steps for larger values of Ccur. This is because Ccur is 

responsible for over-emphasizing the high frequency components of the injected current 

waveform, producing artificially sharp steps of current. This effect is noted by Wilson 

and Park (1989). They show that Ccur produces a boost to the initial transient of injected 

current, causing what appears to be an improvement in the response of the circuit, (Figure 

2B (Wilson and Park 1989)). This apparent improvement becomes an overshoot in 

injected current as the effects of Ccur and other circuit capacitances are compensated. 
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Figure 27. The effect of sampling rate on the maximum stable conductance. (A) The maximum stable 

conductance for a variety of Pbb and Pcc values, for a 5 kHz sampling rate and 10 kHz sampling rate. (B) A 

zoomed version of A. (C) Plot of the maximum stable conductance as a function of τ for the completely 

compensated case, Pbb = 0.5 and Pcc = .495. The maximum stable conductance increases dramatically with 

sampling rate for the compensated value. 
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 The overshoot for compensated circuits is responsible for the lower maximum stable 

conductances observed for capacitance compensated circuits (Pcc=.495) that contain Ccur, 

as shown in Figure 28. 

 

 

Figure 28. The effect of Ccur on the maximal stable conductance. Line style indicates Ccur value - solid 

lines: Ccur = 0 nF, dotted: Ccur = .0005 nF, dot-dash: Ccur = .001 nF. (A) Overall effect of Ccur. Ccur 

emphasizes the high frequency components of the injected step of current, causing under-balanced 

situations to behave well balanced, while causing overshoot for capacitance compensated circuits. (B) 

Figure A zoomed along the y-axis to show detail. Ccur shifts maximum stable conductance peaks to occur at 

higher Pbb and be slightly larger. 

4.3 Discussion 

The dynamic clamp technique has been used to greatly enhance our knowledge of 

neurons and networks of neurons. By adding or subtracting ionic currents through real-

time model simulation, the dynamic clamp has shown how individual currents affect the 

activity of a cell and how pharmacological agents affect cell properties. The dynamic 

clamp is also used to generate synaptic coupling between neurons to study how 

individual neurons and synapses affect network behavior. 

This widely used technique has some known limitations.  The temporal dynamics 

of the simulated currents are limited by the speed of the dynamic clamping system. The 

accuracy of the calculations is limited by the numerical methods used, quantization error, 
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latency, and jitter present in the dynamic clamp system. Faster integration techniques, 

such as the exponential Euler method, are often used to perform computations faster, at 

the sacrifice of precision.   

This chapter presented a final limitation resulting from a combination of these 

factors. The dynamic clamp system becomes unstable under certain situations. This 

phenomenon has been personally reported by numerous dynamic clamp users, using 

different dynamic clamp implementations. It is present in both vertebrate and invertebrate 

setups, under both bridge balance and discontinuous current clamp modes. We have 

verified that it is not a direct result of quantization error, saturation of the electrical 

equipment, or the type of dynamic clamp system used. 

The primary cause of this system instability is the latency in the dynamic clamp 

system. This delay is caused by the time needed to sample the membrane voltage and 

perform the required calculations. Current dynamic clamp systems run at speeds from 2 

kHz – 20 kHz, or latencies of .5 ms – .05 ms.  The dynamic clamp running speed depends 

on both the complexity of the model being simulated and the dynamic clamp system. 

Investigators typically justify their choice of dynamic clamp rate in terms of the kinetics 

of the ion channel being simulated. This work shows that stability may impose more 

stringent rate requirements, especially when using higher value conductances. 

The relationship between the delay and the maximum stable conductance suggests 

that more effort should be put into developing faster dynamic clamp systems. Not only 

would a faster system increase the possible temporal dynamics, it would also increase the 

allowable model complexity and the effective range of the system. Faster rates allow the 

currents to be simulated with higher conductances, or feedback gain.  
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Currently, there are a number of commonly used dynamic clamp systems. These 

implementations range from dedicated analog or digital hardware to personal computer-

based systems. Dynamic clamp systems on dedicated hardware are extremely fast 

because they are only limited by the time it takes to perform the calculations for the 

computational model; however, they are less flexible and more expensive. 

Implementations based on personal computers are limited in absolute maximum speed by 

the operating system they run under. Previously, it was thought that this only affected the 

temporal dynamics of currents being simulated by the dynamic clamp; however this 

research proves it is also important for stability. 

The second major cause of system instability results from the complications of 

measuring voltage and injecting current through the same electrode. In electrophysiology 

experiments using bridge balance techniques to compensate for electrode resistance, the 

membrane voltage measurement is affected by how well the compensation is performed. 

The general procedure for bridge compensation involves the experimentalist applying a 

step of current and using a knob (Pbb) to visually eliminate the voltage change caused by 

this step of current. Under-compensation or over-compensation causes error in the 

voltage measurement that is then used by the dynamic clamp. Compensation is usually 

only performed once or twice during an experiment, in spite of electrode properties 

changing throughout an experiment. The same types of effects also occur under 

discontinuous current clamp.  In this case, measurement error comes from an insufficient 

settling time. For discontinuous current clamp systems, the sampling rate also limits the 

effective speed the dynamic clamp can be run at.  
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The experimental procedure for capacitance compensation is also a rough 

approximation. In this process, the experimentalist adjusts a different knob (Pcc) in an 

effort to minimize the capacitive transients at the edges of the injected current step. 

Unlike bridge balance compensation, it is not usually possible to even quantify the 

amount of compensation being used. The capacitance compensation circuit used is a 

positive feedback circuit that becomes unstable when over-compensated. 

Results for the slightly under-compensated case, Pcc = .495, show a dramatic 

increase in the size of step conductance that is possible when the electrode resistance is 

fully compensated. The peaks of the maximum current step size is a function of both 

electrode and capacitance compensation, as shown in Figure 26. For the unbalanced case, 

there are small peaks in the maximum step of current that vary with both Pcc and Pbb. As 

the capacitance compensation is increased, the peaks occur for higher bridge balance 

compensation, and are larger in magnitude. These variations are small, however, when 

compared to the large increase in possible maximum step of conductance, when both 

quantities are completely compensated. 

The capacitance present in the current injection circuit, Ccur, appears to provide an 

improvement in the dynamic clamp performance. This shunt current overemphasizes the 

initial transients of currents that result from step changes in conductances, creating sharp 

edges in the injected current. This capacitance is beneficial for step results, but may 

distort the shapes of other waveforms, for instance, the shape of an action potential or 

time and voltage varying current. As a result, manipulating Ccur is not a good method for 

improving dynamic clamp performance. 
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Standard methods for electrode resistance and capacitance compensation rely on 

the experimentalist’s visual inspection and adjustment of the amount of compensation. 

This crude method of compensation is generally performed once at the beginning of the 

experiment. The development of active compensation that more accurately compensates 

and adapts to changing electrode resistance and capacitance throughout an experiment 

would significantly reduce the effects of electrode resistance and capacitance on the 

stability of dynamic clamping systems, and allow users to take full advantage of 

performance increases that result from using faster dynamic clamp sampling rates. 



 79 

CHAPTER 5 

CONCLUSIONS 

The nervous system is made up of large networks of coupled neurons that are 

important for many different activities. The configurations of these networks produce 

different modes of behavior, including synchrony and phase-locking. In the brain alone, 

synchrony and phase-locking has been implicated as a mechanism for memory, 

cognition, sensory processing, motor planning, and execution. Many neurological 

diseases, including Parkinson’s, schizophrenia, and epilepsy, are the result of abnormal 

synchronization. A clear understanding of the basic mechanisms that produce synchrony 

and phase locking will ultimately allow us to repair or replace functionality lost through 

illness and accident.  

Studying neuron coupling and the resulting network behavior experimentally is 

difficult for a number of reasons. First, the amount of information available about a 

network is severely limited, even for small networks. When specific neuronal parameters 

are known, it is difficult to manipulate these parameters, and eliminate extraneous 

network input. As a result, there is a significant amount of computational research 

investigating how network parameters contribute to network behavior and more 

specifically synchrony and phase locking. These computational studies also have 

limitations. The amount of memory and computation time needed to simulate highly 

detailed biophysical models makes simulations of even small networks rather slow. As a 

result, several common assumptions are used to create much simpler neuron models, 

known as phase models, which can not only be used for computational simulations, but 

also allow for analytical analysis of possible network behavior. 
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The overall goal of our research is to use electrophysiological experiments to 

verify results and assumptions found in computational research related to coupling and 

synchrony in neuronal networks. For this project, we used the dynamic clamp technique 

to examine two specific assumptions. First, we verified that the weak coupling 

assumption, which is often used to simplify network simulations and provide a method 

for obtaining analytical results, is valid in live neurons for appropriately sized inputs. We 

next looked at the use of phase models to predict synchrony as a function of synaptic 

coupling time constant. Finally, we examined the dynamic clamp technique, which is 

often used in network studies to create networks of live neurons or hybrid networks by 

creating artificial neurons and synaptic coupling. 

5.1 Weak Coupling 

Chapter 2 described electrophysiology experiments to validate the weak coupling 

assumption. The weak coupling assumption is often made in simulations and analytical 

solutions to predict network behavior. It is based on the ideas that the neuronal oscillator 

is on a strongly attracting limit cycle and that stimuli are weak and do not perturb it far 

from this limit cycle. The assumption states that the phase response of a neuron is equal 

to the convolution of an IPRC (an intrinsic neuronal property) and the stimulus function. 

This convolution function makes it possible to separate the stimulus from the neuronal 

response. This is commonly used in computational analysis, allowing one to reduce a 

network model of phase oscillators to a system of variables representing phase 

differences. Although it is not commonly used in electrophysiology experiments, it would 

allow one to characterize a neuron’s response to stimuli by measuring a single PRC, 
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instead of one for each stimulus. It would also simplify studying the case of multiple 

inputs per cycle. 

Our research showed that the weak coupling assumption holds for invertebrate 

neurons from Aplysia californica. We have shown that small amplitude stimuli evoke 

PRCs that scale linearly with stimulus amplitude, but that strong amplitude PRCs do not. 

We have also shown that IPRCs deconvolved from PRCs can accurately predict the phase 

response of a neuron to other stimulus waveform shapes, for weak stimuli. When the 

IPRCs are convolved with a stimulus waveform, the resulting predicted PRC matches the 

experimentally measured PRCs for that stimulus shape. The amount of error between the 

predicted and actual PRC grows as the stimulus amplitude increases. 

The observed region where IPRCs can predict the phase response of a neuron is 

within the normal range of synaptic input experienced by these neurons. This proves that 

weak coupling is not only a possible method of coupling, it is a likely mechanism for 

these animals. This information validates numerous computational studies based on this 

assumption, and opens the door to more complex biological experiments. 

5.2 Coupling and Phase Response Curves 

Chapter 3 explored how well phase models can predict the behavior of inhibitory 

hybrid networks. Again, this research was motivated by a significant amount of 

computational literature that had no accompanying experimental verification. We verified 

that fast synaptic coupling for our neurons resulted in anti-phase synchrony, while slow 

coupling led to in-phase synchrony. We showed that there is a region of bistability in 

between these two extremes. These experiments led us to investigating how the transition 

between anti-phase and in-phase synchrony occurs. We showed, through experimental 
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coupling, that the transition is gradual, instead of the abrupt mode switching predicted by 

the computational literature. We showed that the phase difference between the two 

neurons changes with synaptic time constant, until it is close to the in-phase solution, and 

then it jumps to this mode of synchrony, perhaps with bistability. This work also used 

experimental PRCs measured from the same cells to predict the type of synchrony that 

would occur for the networks of neurons. Predictions based on analytical solutions of the 

PRCs also showed the gradual transition from anti-phase to in-phase that was present in 

electrophysiological experiments, as did phase model predictions. However, neither set of 

PRC predictions identify the in-phase solutions seen in experimental coupling. We 

suspect this is due to noise in the curve fitting at the ends of the PRC data.  

This research leaves several open questions that need investigation. First, our 

current research only tested the effect of synaptic time constant on synchrony in 

inhibitory networks. The effects of synaptic coupling strength could also be studied. In 

addition, future network studies containing two live neurons coupled through artificial 

synapses would also be beneficial. Finally, the mechanism behind the gradual transition 

from anti-phase to in-phase synchrony is an intriguing one that needs further 

investigation This is not predicted by current computational literature in coupling and 

synchrony. 

5.3 Dynamic Clamp Stability 

Chapter 4 explored instability present in the dynamic clamp system. This 

technique is often used to combine real-time computational simulations with 

electrophysiology experiments. Our research was motivated by the first two specific aims 

described in Chapters 2 and 3. In performing those experiments, we often found that the 
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dynamic clamp system would become unstable as the maximal conductance of the 

simulated ion channel was increased. This same problem had also been reported by others 

through personal communication. As a result, we examined what factors affect the 

instability, in an effort to improve dynamic clamp performance. 

Experimentally, we determined that the maximal conductance, dynamic clamp 

sampling rate, electrode resistance, and electrode and amplifier capacitance all affected 

when the instability appeared. After obtaining a qualitative understanding of how these 

parameters affected stability, we developed two models of the dynamic clamp system to 

reproduce the instability and quantitatively examine how each parameter contributed to it. 

The first model was designed to simulate microelectrode effects and the dynamic 

clamp sampling delay. It was a simple model consisting of a resistor and capacitor in 

parallel to model the effects of injecting current through an electrode. The dynamic clamp 

was implemented as a pure delay equal to the sampling rate of the dynamic clamp 

system. This simple model qualitatively reproduced the instability observed 

experimentally, and the effect of uncompensated electrode resistance showed the same 

trends as the experimental observation; however, this model did not accurately reflect 

how capacitance compensation affected the instability in the physical setup. 

As a result, a more complex model simulating the electrode resistance and 

capacitance, as well as the amplifier circuitry, including current injection, capacitance 

compensation, and bridge balancing was used. This model accurately captured how these 

parameters affected stability in the experimental setup. Specifically, when the electrode is 

perfectly bridge balanced, and the capacitance is adequately compensated, there is a 

dramatic increase in the amount of maximal conductance that can be used compared to 
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other conditions. In addition, increasing the sampling rate also dramatically increases the 

acceptable amount of maximal conductance for the well-compensated case. 

Future work in this area includes implementing improvements to the dynamic 

clamp techniques to increase its stability. Specifically, better electrode resistance and 

capacitance compensation techniques would dramatically increase the usable range of the 

dynamic clamp. Existing compensation techniques are crude and static, while it is known 

that the electrode properties change throughout an experiment. Active, automatic 

compensation would increase the usable range considerably. Once accurate and 

consistent bridge balancing is possible, increases in dynamic clamp sampling rates would 

further increase the dynamic clamp range. 

5.4 Conclusions 

Computational modeling provides a powerful tool for examining the mechanisms 

involved in neuronal and network behavior. Models provide a way to create and examine 

simple systems where all of the parameters are visible and able to be manipulated. It is 

important, however, that results and assumptions used in computational modeling be 

validated within biological systems. The research presented here validated a few common 

assumptions and computational results and investigated a popular tool for combining 

electrophysiology experiments with computational simulations. 
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APPENDIX A 

WANG AND BUZSAKI MODEL NEURON 

The coupling experiments in Chapter 3 used a hybrid network of one live neuron 

and one Wang and Buzsaki model neuron (Wang and Buzsaki 1996). The Wang and 

Buzsaki model was chosen because its PRC is similar to the tonically firing neurons from 

the abdominal ganglia of Aplysia californica. Both types of neurons exhibit Type I phase 

resetting, with similar PRCs. The firing rate of the Wang and Buzsaki model can be 

controlled through modification of the Iapp current so that it fires at a rate similar to the 

biological neuron. The equations used to implement this model are 
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Table 3 shows the parameters used with these equations. Iapp was experiment-

dependent and was set so that the intrinsic firing frequency of the Wang and Buzsaki 

model matched the intrinsic frequency of the neuron. 

Table 3. Parameters used with the Wang and Buzsaki computational model. 

Parameter Value 

Cm 1.0 nF 

gNa 35.0 µS 

gK 9.0 µS 

gL 0.1 µS 

ENa 55 mV 

EK -90 mV 

EL -65 mV 

φ 5 
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