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Abstract 

Electrical stimulation can influence the natural rhythms of activity in heart and 

brain tissue and has numerous applications in the treatment of cardiac and neurological 

conditions.  The design and optimization of electrical stimulus treatments relies on the 

ability of researchers to predict the physiological responses of the target tissue to 

external stimulation.  These responses vary greatly depending on the stimulus 

waveform and parameters as well as the state of ongoing activity in the target region, in 

ways that are not yet fully understood.  The objective of this dissertation is to examine 

the theoretical basis for differential responses to rhythmic external stimulation based on 

the properties of the stimulus and target tissue and provide insights for future stimulus 

technique design. 

Synaptic plasticity plays a key role in neurostimulation as it allows for the effects 

of stimulus treatments to persist long after the stimulus ends.  Rhythmic stimulation can 

entrain natural neural oscillations and produce persistent changes in the frequency 

content of neural activity.  However, the mechanisms behind these changes are largely 

unknown.  To this end, simple neural oscillator models were constructed in order to 

examine the role of synaptic plasticity and sinusoidal stimulation on the synchronization  

between oscillating regions.  Sinusoidal stimulation of different frequencies and 

strengths can disrupt the intrinsic patterns of network activity, causing information to 
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propagate through the network via different synaptic paths.  These new pathways are 

reinforced through spike timing dependent plasticity, fundamentally altering the 

network behavior post -stimulation.  The resulting network activity depends on the 

stimulus strength and frequency as well as the intrinsic frequencies of the neural 

oscillators and the strength of inter-oscillator coupling.  

Additionally, the effects of rhythmic stimulation depend on the spatial properties 

of the applied stimulus.  By applying out -of-phase sinusoidal current to transverse pairs 

of electrodes, electric fields may be generated which maintain an approximately fixed 

strength but rotate in space.  Rotational fields may provide utility in the modulation of 

spiral wave dynamics in excitable tissues, which are associated with reentrant cycles in 

cardiac arrythmias as well as a number of processes within the brain.  To explore this, 

spiral waves were generated in computational models of engineered excitable tissue and 

were subjected to rotating and sinusoidal electric fields of varying strength and 

frequency.  Rotational fields which match the direction of spiral propagation provide 

significant efficiency gains in entraining spiral frequency when compared to sinusoidal 

stimulus, while retrograde rotational fields can reverse the direction of spiral 

propagation.  

Even in the absence of spiral wave dynamics, rotational field stimulation may 

provide utility in the modulation of neural oscillations.  The response of a neuron 

external stimulation depends on its orientation relative to the electric field gradient, 
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which gives rise to orientation -dependent responses to stimulus treatments.  Rotational 

fields may therefore improve neurostimulus efficacy by influencing the excitability of 

neurons regardless of their orientation.  To explore how rotating fields influence neural 

oscillations, two neural network model architectures were utilized: large -scale bursting 

networks, and networks of linked idealized oscillators with plastic inter -oscillator 

connections.  Networks were subjected to rotational and sinusoidal fields, and their 

behaviors were measured as a function of stimulus strength, frequency, and orientation, 

as well as the degree of axonal alignment within the network.  In spatially aligned 

networks, rotational fields entrain oscillations and promote network synchrony 

regardless of orientation, whereas the effects of sinusoidal fields exhibit strong 

orientation -dependence.  In spatially disordered networks, however, rotational fields 

promote activity in different neurons at different stimulus phases, resulting in reduced 

network synchrony. 

These findings expand our knowledge on the significance of stimulus waveform 

in the modulation of electrically excitable tissues.  The ability to understand and predict 

physiological responses to stimulation will open new doors in the design and  

optimization of stimulus techniques to achieve desired outcomes.  

 

 

 



 

 

vii  

Contents 

Abstract ......................................................................................................................................... iv  

List of Tables ................................................................................................................................. xi 

List of Figures .............................................................................................................................. xii  

Acknowledgements  ...................................................................................................................xvi  

1. Introduction  ............................................................................................................................... 1 

2. Background ................................................................................................................................ 6 

2.1 Cellular Electrophysiology  .............................................................................................. 6 

2.2 Organization and Communication in the Brain  ......................................................... 11 

2.3 Pathology in Bioelectric Systems .................................................................................. 20 

2.4 Historical Advances in Electrotherapies ..................................................................... 25 

2.5 Importance of Stimulus Waveform in Neuromodulation  ........................................ 29 

2.5.1 Rotational Electric Fields .......................................................................................... 40 

2.5.2 Neurostimulation and Plasticity  ............................................................................. 41 

2.6 Computational Modeling in Electrobiology  ............................................................... 42 

3. Computational Methods ........................................................................................................ 49 

3.1 Neural............................................................................................................................... 49 

3.1.1 Hodgkin-Huxley Model  ........................................................................................... 49 

3.1.2 Izhikevich Model  ....................................................................................................... 53 

3.1.3 Synapses and Plasticity ............................................................................................. 56 

3.2 Ex293 ................................................................................................................................ 58 



 

 

viii  

3.2.1 Membrane Model ...................................................................................................... 59 

3.2.2 Tissue Model .............................................................................................................. 62 

4. Modeling the Effects of Sinusoidal Stimulation and Synaptic Plasticity on Linked 

Neural Oscillators  ....................................................................................................................... 64 

4.1 Objectives ......................................................................................................................... 64 

4.2 Introduction  ..................................................................................................................... 65 

4.3 Results .............................................................................................................................. 69 

4.3.1 Individual Oscillator  ................................................................................................. 69 

4.3.2 Two-oscillator Networks  .......................................................................................... 71 

4.3.2.1 Effects of synaptic weight on firing patterns ................................................. 71 

4.3.2.2 Post-stimulus effects of STDP on firing patterns ........................................... 74 

4.3.3 Oscillator Grid Network  ........................................................................................... 79 

4.4 Discussion ........................................................................................................................ 87 

4.5 Methods ........................................................................................................................... 93 

5. Modulation of Spiral Waves in Model Excitable Tissue via Rotating Electric Field  ..... 96 

5.1 Objectives ......................................................................................................................... 96 

5.2 Introduction  ..................................................................................................................... 97 

5.3 Methods ......................................................................................................................... 102 

5.3.1 Tissue Model ............................................................................................................ 102 

5.3.2 Spiral Wave Initiation  ............................................................................................. 103 

5.3.3 Field Stimulus .......................................................................................................... 105 

5.3.4 Analysis of Spiral Wave Activity  .......................................................................... 107 



 

 

ix 

5.4 Results ............................................................................................................................ 108 

5.4.1 Spiral Entrainment .................................................................................................. 112 

5.4.2 Phase Dependence of Entrainment ....................................................................... 115 

5.5 Discussion ...................................................................................................................... 118 

6. Modeling Rotational Electric Field Stim ulation for Orientation -Independent 

Entrainment of Neural Oscillations  ........................................................................................ 122 

6.1 Objectives ....................................................................................................................... 122 

6.2 Introduction  ................................................................................................................... 123 

6.3 Intrinsically Bursting Network Model with Axon Orientation  ............................. 127 

6.3.1 Methods .................................................................................................................... 128 

6.3.1.1 Neuron Model .................................................................................................. 128 

6.3.1.2 Network Model ................................................................................................ 129 

6.3.1.3 Electric Field Stimulation ................................................................................ 132 

6.3.1.4 Measuring Phase Locking ............................................................................... 135 

6.3.2 Results ....................................................................................................................... 135 

6.4 Synchronization in Networks of Simple Tunable Oscillators with Axon 

Alignment  ............................................................................................................................ 141 

6.4.1 Methods .................................................................................................................... 141 

6.4.2 Results ....................................................................................................................... 142 

6.4.2.1 Single Oscillator ............................................................................................... 142 

6.4.2.2 Linked Oscillator Networ ks ........................................................................... 144 

6.5 Discussion ...................................................................................................................... 156 

6.5.1 Limitations ................................................................................................................ 161 



 

 

x 

7. Conclusions ............................................................................................................................ 162 

7.1 Summary of Findings ................................................................................................... 162 

7.2 Comparison with Prior Modeling Studies  ................................................................ 166 

7.3 Limitations and Future Work  ..................................................................................... 169 

Appendix A ................................................................................................................................ 172 

A.1 Supplemental Figures ................................................................................................. 172 

A.2 Analysis of Synaptic Weights  .................................................................................... 174 

Appendix B  ................................................................................................................................ 179 

B.1 Supplemental Figures .................................................................................................. 179 

B.2 Coupling Izhikevich Neurons to External Electric Field  ........................................ 181 

References .................................................................................................................................. 184 

Biography  ................................................................................................................................... 217 

 



 

 

xi 

List of Tables 

Table 3.1. Original Hodgkin -Huxley model parameters.  ...................................................... 53 

Table 3.2. Parameters for the Ex293 membrane model. ......................................................... 62 

Table 4.1.  Membrane model parameters for intrinsically bursting oscillators.  ................. 94 

Table 4.2.  STDP parameters for excitatory inter -oscillator synapses. ................................. 95 

Table 5.1.  Simulation parameters for the Ex293 monolayer model. ................................. 102 

Table 5.2. Parameters for initiation of spiral waves. ............................................................ 104 

Table 6.1.  Izhikevich parameters for intrinsically bursting neural network.  .................. 128 

Table 6.2.  Parameters for synaptic connection probability as a function of target distance 

and direction.  ............................................................................................................................. 130 

Table A.1. Results of multiple linear regression and principal component analysis on the 

synaptic weight vectors measured at the end of stimulation.  ............................................ 176 

 

 



 

 

xii  

List of Figures 

Figure 2.1. Anatomy of a Neuron and Synapse. ....................................................................... 7 

Figure 2.2. Anatomy of a Cardiomyocyte. ................................................................................. 8 

Figure 2.3.  Action Potentials in Neurons and Cardiomyocytes. ........................................... 9 

Figure 2.4.  Comparison of random, lattice-like, and small -world networks.  ................... 12 

Figure 2.5.  Type I and Type II Neurons.  ................................................................................. 14 

Figure 2.6.  Subthreshold Resonance. ....................................................................................... 15 

Figure 2.7.  EEG Frequency Bands. ........................................................................................... 17 

Figure 2.8. Cardiac Arrythmias.  ................................................................................................ 21 

Figure 2.9.  Abnormal Synchronous Activity During Seizure.  ............................................. 23 

Figure 2.10.  Transcranial Magnetic Stimulation. ................................................................... 28 

Figure 2.11.  Orientation of DC Electric Field Determines Effects on Neural Population.

 ....................................................................................................................................................... 30 

Figure 2.12. Entrainment of Neural Oscillations.  ................................................................... 34 

Figure 2.13.  Entrainment by tACS Generates Lasting Effects. ............................................. 36 

Figure 2.14. Equivalent Circuit Diagram for the Hodg kin -Huxley Model.  ........................ 43 

Figure 2.15.  Comparison of Single Compartment Neuron Models. ................................... 46 

%ÐÎÜÙÌɯƗȭƕȭɯ/ÈÙÈÔÌÛÌÙÚɯÖÍɯÛÏÌɯ(áÏÐÒÌÝÐÊÏɯÔÖËÌÓɯËÌÛÌÙÔÐÕÌɯÛÏÌɯÕÌÜÙÖÕɀÚɯÊÏÈÙÈÊÛÌÙÐÚÛÐÊɯ

behavior. ....................................................................................................................................... 55 

Figure 3.2. Weight changes under STDP as a function of spike lag..................................... 58 

Figure 4.1.  Simple, tunable four-neuron oscillator model.  ................................................... 70 

Figure 4.2. Phase locking of an oscillator to a sinusoidal stimulus.  ..................................... 71 



 

 

xiii  

Figure 4.3.  Threshold synaptic strength for synchronization between two oscillators.  .. 72 

Figure 4.4.  Mode locking exhibited by two linked oscillators with imbalanced excitatory 

synapses. ...................................................................................................................................... 73 

Figure 4.5.  Mode locking ratios of two oscillators linked with plastic synapses after 

sinusoidal stimulation.  ............................................................................................................... 75 

Figure 4.6.  Behavior of linked pairs of oscillators subjected to a sinusoidal stimulus. .... 77 

Figure 4.7.  A grid of linked oscillators.  ................................................................................... 80 

Figure 4.8.  Intrinsic behavior of oscillators in a grid. ............................................................ 81 

Figure 4.9.  Effects of sinusoidal stimulus on grids of linked oscillators.  ........................... 83 

Figure 4.10.  Behavior of grids of random oscillators subjected to sinusoidal stimulus. .. 85 

Figure 5.1.  Ex293 domain. ....................................................................................................... 103 

Figure 5.2.  Initiation of a Spiral Wave.  .................................................................................. 104 

Figure 5.3. Rotational vs. Sinusoidal Stimulus Fields. ......................................................... 106 

Figure 5.4.  Effects of Stimulus Waveform on Spiral Frequency and Direction.  .............. 110 

Figure 5.5.  Reversal of Spiral Direction by a Counterclockwise Rotational Stimulus.  .. 111 

Figure 5.6.  Spiral Entrainment to Rotational and Sinusoidal Stimuli.  .............................. 114 

Figure 5.7.  Comparison of Entrainment Efficiency of Rotational vs. Sinusoidal Stimuli.

 ..................................................................................................................................................... 115 

Figure 5.8. Robustness of Entrainment to Initi al Stimulus Phase. ..................................... 117 

Figure 6.1.  Probability of synaptic connection in bursting network as a function of 

ÕÌÜÙÖÕɀÚɯÙÌÓÈÛÐÝÌɯposition.  ....................................................................................................... 130 

Figure 6.2.  Intrinsically bursting neural network with directional preference in 

excitatory synapses. .................................................................................................................. 131 

Figure 6.3. Electrode configuration. ....................................................................................... 133 



 

 

xiv  

Figure 6.4.  Isopotentials of rotational and sinusoidal fields.  ............................................. 136 

Figure 6.5.  Entrainment of bursting networks to rotational and sinusoidal stimuli as a 

function of axon orientation and degree of alignment.  ....................................................... 138 

Figure 6.6. Raster plots demonstrating responses of bursting networks to rotational and 

sinusoidal stimulation.  ............................................................................................................. 139 

Figure 6.7. Entrainment of an idealized, axon-aligned, tunable oscillator under rotational 

and sinusoidal stimulation.  ..................................................................................................... 143 

Figure 6.8.  Orientation-dependence of threshold current required for entrainment of a 

perfectly aligned neural oscillator under sinusoidal stimulation.  ..................................... 144 

Figure 6.9.  Raster plot of oscillator network behavior in the absence of stimulation. ... 145 

Figure 6.10.  Effects of stimulus strength, frequency, and orientation on entrainment in 

directionally aligned oscillator networks under rotational and sinusoidal stimulation.  147 

Figure 6.11.  Width of entrainment window under rotational and sinusoidal stimulation 

as a function of mean axon orientation. ................................................................................. 148 

Figure 6.12.  Effects of axon orientation on entrainment and post-stimulus 

synchronization in linked oscillator networks under r otational and sinusoidal 

stimulation.  ................................................................................................................................ 151 

Figure 6.13.  Raster plots of axonally-aligned oscillator network activity during and afte r 

stimulation with rotational and sinusoidal fields.  ............................................................... 152 

Figure 6.14.  Effects of rotational and sinusoidal stimulation on network sy nchrony in 

linked oscillators with no network -level axonal alignment.  ............................................... 154 

Figure 6.15.  Raster plots demonstrating activity in networks of oscillators with random 

orientations during and after stimulation with rotational and sinusoidal fields.  ........... 155 

Figure A.1.  Effects of imbalanced inter-oscillator synaptic weights on behavior of linked 

oscillator pairs. .......................................................................................................................... 172 

Figure A.2.  Effects of sinusoidal stimulus frequency and amplitude on linked oscillator 

pairs. ............................................................................................................................................ 173 



 

 

xv 

Figure B.1.  Phase locking of a linked oscillator network under rotational stimulation is 

orientation -invariant across frequencies................................................................................ 179 

Figure B.2.  Phase locking of a linked oscillator network under sinusoidal stimulation is 

highly dependent on axon orientation.  .................................................................................. 180 

 

 



 

 

xvi  

Acknowledgements 

First and foremost, special thanks to my advisor, Dr. Craig Henriquez, for his 

instruction, guidance, and encouragement throughout the years.  I would also like to 

thank my dissertation committee, Dr. Warren Grill, Dr. Angel Peterchev, Dr. Marc 

Sommer, and Dr. Jonathan Viventi, for their time and valuable feedback.  Thanks also to 

Dr. Lingchong You, who provided me the opportunity to begin my research career as an 

undergraduate, and to all of the exemplary teachers and professors, too numerous to 

name here, from whom I have had the pleasure of learning.  

Thank you to the entire Henriquez lab, and especially Tanmay Gokhale, who 

welcomed me into the lab and served as a role model, and Daniel Needs, for his 

friendship and insights.  Thanks also to everyone in th e broader Duke community who 

made this work possible.  In particular, thanks to Ned Danieley for keeping the 

computers on and the code running.  Thanks also to Tom Milledge, Mark DeLong, and 

the entire staff at the Duke Compute Cluster for their technical support and computing 

resources, without which the simulations in this dissertation would not have been 

possible.  Thanks also to Edgar Peña, Tianyu Wu, and Dr. Nenad Bursac for their time, 

assistance, and laboratory resources. 

Special thanks to my parents, Cindy and James Eidum, for a lifetime of support 

and for instilling in me a love of learning.  Thanks to my siblings, Phillip, Benjamin, and 

Karena, and to all my friends and family for encouraging me and keeping me sane over 



 

 

xvii  

the last several years.  And finally, thank you to my lovely fiancé Eva Paige for 

ÚÜ××ÖÙÛÐÕÎɯÔÌȮɯÐÕÚ×ÐÙÐÕÎɯÔÌȮɯÓÈÜÎÏÐÕÎɯÈÛɯÔàɯÑÖÒÌÚɯȹÌÝÌÕɯÞÏÌÕɯÛÏÌàɀÙÌɯÕÖÛɯÍÜÕÕàȺȮɯÈÕËȮɯ

not least of all, for giving me rides to and from campus so I could avoid Duke parking.  

 

 



 

1 

1. Introduction  

The bioelectric systems of the human body exhibit natural rhythms of activity 

which are essential to healthy function.  These rhythms maintain the steady beating of 

the heart and facilitate information processing an d communication within the brain.  

Given their vital importance, disruptions to these rhythms can have dire consequences.  

Cardiac arrythmias prevent the synchronized contraction of heart muscle necessary for 

blood flow, and are a leading cause of morbidit y and mortality in the developed world.  

Likewise, aberrant rhythms of brain activity are associated with a broad spectrum of 

neurological and psychiatric conditions.  Because the processes underlying heart and 

brain function are electrochemical in nature,  external electrical stimuli can directly 

influence their function.  Thus, electrical stimulation provides a vector for treating heart 

and brain maladies by restoring healthy patterns of activity.  In the heart, electrical 

stimulation can halt the reentran t cycles of activation responsible for many types of 

arrythmia.  In the brain, electric and magnetic stimulation can modulate levels of neural 

excitability and reinforce healthy patterns of activation through synaptic plasticity.  

Understanding how external  stimuli influence cell behavior is key to developing 

and optimizing stimulus treatments.  The effects of a given stimulus technique are 

highly complex and depend on numerous properties of the stimulus, including its 

waveform, strength, frequency, and orie ntation, as well as on the anatomical features 

and the state of ongoing activity in the target tissue.  Additionally, obtaining direct 
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measurements from the heart and brain in vivo is notoriously difficult, which has led to a 

significant explanatory gap in  the mechanisms underpinning physiological responses to 

external stimulation.  To this end, computational models have been developed which 

allow researchers to simulate electrobiological systems in silica.  Modeling studies can 

break down complex systems and isolate the contributions of individual components, 

which can help elucidate the plausibility of mechanistic explanations for experimental 

phenomena.  Computational models allow us to rapidly and cheaply simulate the effects 

of experimental procedures, which can provide insights and testable hypotheses to help 

direct future research into stimulus treatment design.  

In this dissertation, computational models of neurons and engineered excitable 

tissues undergoing endogenous oscillatory behaviors are employed in order to explore 

how their activity may become entrained to a rhythmic external stimulus.  The impacts 

of the stimulus frequency and strength are analyzed in determining the resulting 

activity of the target system, as well as the effects of field rotation.  In neural networks, 

the role of synaptic plasticity is assessed and the conditions under which stimulation can 

cause persistent changes in network oscillations are examined.  These findings suggest 

general principles which should aid in the optimiza tion of stimulus techniques to 

achieve specific physiological outcomes. 

The dissertation is presented as follows: Chapter 2 provides an overview of the 

electrochemical mechanisms underlying excitable cell function and communication, the 
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significance of neural network structure, and the role of synaptic plasticity.  The 

importance of oscillatory behaviors in heart and brain function is expounded, as are the 

pathologies that are associated with disruptions to these rhythms.  A brief overview is 

provided summa rizing the historical developments of electrical stimulation techniques 

for treating cardiac and neural dysfunction.  The current state of knowledge regarding 

these techniques is presented, with an emphasis on the significance of stimulus 

waveform on physi ological outcomes.  Lastly, the development and uses of 

computational neural and cardiac models are discussed. 

Chapter 3 details the computational methods used throughout the dissertation.  

First, the original Hodgkin -Huxley neuron model is presented and i ts dynamics are 

explained.  The Izhikevich neuron model is introduced, and the flexibility of its 

parameters is demonstrated.  Models of synaptic current are presented, as well as the 

equations governing spike timing dependent plasticity.  Lastly, the memb rane and 

tissue models of Ex293 engineered excitable cells are explained. 

Chapter 4 examines the effects of sinusoidal stimulation on neural oscillations by 

isolating a single factor: synaptic plasticity in the excitatory connections between 

coupled oscillating regions.  Idealized neural oscillator models were developed which 

can be tuned to exhibit a wide range of intrinsic bursting frequencies.  The 

synchronization between oscillators was examined as a function of their intrinsic 

frequencies and the strength of synaptic coupling.  The use of sinusoidal stimulation to 
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drive novel patterns of activity was explored, as were the conditions under which 

synaptic plasticity during stimulation resulted in persistent changes to post -stimulus 

oscillatory behavior.  The work in this chapter was published in the journal Chaos: An 

Interdisciplinary Journal of Nonlinear Sciences [Eidum 2020].   

Chapter 5 explores the use of rotational and sinusoidal electric fields for the 

modulation of spiral wave dynamics in electrical ly excitable tissue.  Spiral waves were 

initiated and fixed to a non -conductive obstacle in models of Ex293 monolayers.  These 

spirals were subjected to external field stimulation from transverse pairs of electrodes 

with in -phase or out-of-phase sinusoids, resulting in fields that oscillate in strength or 

rotate in space, respectively.  The fields were compared in terms of their capacity to 

entrain, eliminate, or reverse spiral wave activity as a function of the stimulus strength, 

frequency, direction, and phase of onset.  Portions of this work were presented at the 

2019 BMES Annual Meeting [Eidum 2019]. 

Chapter 6 examines the role of axon alignment on neural network responses to 

sinusoidal and rotating electric fields.  The effects of these fields were explored in two 

neural network model architectures: large -scale intrinsically bursting networks, and 

networks of linked oscillators with plastic connections.  The resulting entrainment and 

network -wide neural synchrony were analyzed as a function of the stimul us strength 

and frequency as well as the axon orientation and degree of axonal alignment in the 

network.  This work is currently under review for publication.  
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Finally, Chapter 7 summarizes the key findings and implications for future 

research. 
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2. Background 

This chapter provides a brief overview of the mechanisms underlying 

bioelectrical activity in the human brain and heart , including the generation of action 

potentials, the role of neural network structure, and the importance of rhythmic ac tivity  

in heart and brain function.  The pathologies that arise when bioelectric systems fail are 

discussed, as well as historical advances in the use of electrical stimulation as a 

treatment for these maladies.  Ongoing research into stimulus treatments is 

summarized, with an emphasis on the importance of the stimulus waveform.  Lastly, 

computational neural and cardiac modeling methods are  presented and their role in 

electrophysiology research is examined. 

2.1 Cellular Electrophysiology 

All activity in the nervous and muscular systems of the human body is facilitated 

by electrical processes at the cellular level.  The neurons of the nervous system and 

myocytes of muscle tissue are examples of electrically excitable cells.  These cells are 

bound by membranes that are semipermeable to charged ions, and use active ion pumps 

to maintain an electrical potential relative to their environment.  The flow of charged 

ÐÖÕÚɯÈÊÙÖÚÚɯÛÏÌɯÔÌÔÉÙÈÕÌɯÊÖÕÚÛÐÛÜÛÌÚɯÈÕɯÌÓÌÊÛÙÐÊɯÊÜÙÙÌÕÛȭɯɯ6ÏÌÕɯÛÏÌɯÊÌÓÓɀÚɯÔÌÔÉÙÈÕÌ is 

sufficiently depolarized, either by a chemical or electrical stimulus, voltage -sensitive ion 

channels in the membrane modulate their permeability to ion flow, resulting in a 

runaway positive feedback loop and rapid inward current flow.  The cell is bri efly  
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Figure 2.1. Anatomy of a Neuron and Synapse.   Image created by Mariana Ruiz 

Villarreal and released into the public domain.  

 

ɁÈÊÛÐÝÈÛÌËɂɯÉÌÍÖÙÌɯËàÕÈÔÐÊɯ×ÙÖÊÌÚÚÌÚɯÐÕɯÛÏÌɯÔÌÔÉÙÈÕÌɯÙÌÝÌÙÚÌɯÛÏÌɯÍÓÖÞɯÖÍɯÊÜÙÙÌÕÛɯÈÕËɯ

eventuaÓÓàɯÙÌÛÜÙÕɯÛÏÌɯÊÌÓÓɯÛÖɯÐÛÚɯÙÌÚÛÐÕÎɯÚÛÈÛÌȭɯɯ3ÏÐÚɯɁÚ×ÐÒÌɂɯÖÍɯÙÈ×ÐËɯËÌ×ÖÓÈÙÐáÈÛÐÖÕɯÈÕËɯ

repolarization of the cell membrane is known as an action potential, and it is the 

mechanism by which muscles contract and neurons process and communicate 

information.  
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Figure 2.2. Anatomy of a Cardiomyocyte.   Image released into the public 

domain by the OpenClipart organization.  

 

Within the brain, a hundred billion neurons form a vast complex web.  Neurons 

communicate by modulating the activity of their neighbors via chemical or electrical 

synapses.  Action potentials propagate from the soma along the axon and  

arrive at the synaptic interfaces with neighboring cells.  In a chemical synapse, the 

arrival of an action potential signals the release of neurotransmitters into the synaptic 

cleft, which activate receptors in the target neuron.  This changes the permeability of the 

target nÌÜÙÖÕɀÚɯÔÌÔÉÙÈÕÌɯÛÖɯÚ×ÌÊÐÍÐÊɯÐÖÕÚȮɯÞÏÐÊÏɯÊÈÕɯ×ÙÖÔÖÛÌɯÖÙɯÐÕÏÐÉÐÛɯÈÊÛÐÖÕɯ×ÖÛÌÕÛÐÈÓɯ

generation.  The nature, strength, and duration of these effects depend on the type and 

amount of neurotransmitter released, as well as the types of receptors present in the 

target cell.  In an electrical synapse, channels called gap junctions allow current to flow  
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Figure 2.3.  Action Potentials in Neurons and Cardiomyocytes.   Membrane 

voltage traces are shown for a neuron (left) and cardiac muscle cell (right) when 

stimulated above the action potential threshold.  Action potentials are comprised of 

distinct phases corresponding to different levels of transmembrane ionic current.  

Neuron. (0) suprathreshold stimulation causes voltage-sensitive sodium channels to 

open, resulting in rapid influx of sodium ions which depolarize the cell membrane.  (1) 

At high membrane voltages, sodium channels become inactivated and potassium 

channels open, rapidly repolarizing the cell.  (2) Outflux of potassium h yperpolarizes 

the cell, resulting in a refractory period. (3) The cell slowly returns to its steady state and 

is ready to fire another action potential.  The entire process takes only a few 

milliseconds.  Cardiomyocyte.  (0) Stimulation causes sodium channels to open, resulting 

in sodium influx and rapid depolarization.  (1) Sodium channels close and potassium 

channels open, and the membrane voltage begins to fall. (2) Outflux of potassium is 

partially balanced by influx of calcium, resulting in a prolonged Ɂ×ÓÈÛÌÈÜɂɯÛÏÈÛɯÊÈÕɯÓÈÚÛɯ

tens to hundreds of milliseconds. (3) Calcium channels slowly close and potassium 

currents repolarize the cell.  (4) The cell returns to its steady state.  The duration of a 

cardiac action potential can vary greatly depending on sti mulus pacing and ionic 

concentration.  (Voltage trace data was simulated using the Hodgkin -Huxley neuron 

model [Hodgkin 1945] and the Luo -Rudy ventricular cardiac cell model [Luo 1994].)  

 

directly from the source to target neuron, trading off the specifici ty afforded by 

neurotransmitters for shorter communication delays.  A typical neuron integrates inputs 

from thousands of synapses into a binary output ɬ i.e. firing or not firing an action 

potential.  A neuron may even form synapses with itself, called aut apses, which allows  

CardiomyocyteNeuron
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ÍÖÙɯÍÌÌËÉÈÊÒɯÓÖÖ×ÚɯÛÏÈÛɯÔÖËÜÓÈÛÌɯÛÏÌɯÊÌÓÓɀÚɯÖÞÕɯÈÊÛÐÝÐÛàȭɯɯ ËËÐÛÐÖÕÈÓÓàȮɯÛÏÌɯÉÙÈÐÕɀÚɯ

networks are dynamic, with new synapses being created and existing synapses being 

strengthened, weakened, or pruned entirely.  This process is believed to be the cellular 

mechanism underlying learning and memory.  

At the interface between neurons and muscle tissue lies the neuromuscular 

junction, a specialized chemical synapse.  The arrival of a neural action potential triggers 

the release of the neurotrÈÕÚÔÐÛÛÌÙɯÈÊÌÛàÓÊÏÖÓÐÕÌɯÖÕÛÖɯÙÌÊÌ×ÛÖÙÚɯÖÍɯÛÏÌɯÔàÖÊàÛÌɀÚɯ

membrane, opening ion channels and resulting in an influx of current that depolarizes 

ÛÏÌɯÔÌÔÉÙÈÕÌɯÍÙÖÔɯÐÛÚɯÙÌÚÛÐÕÎɯ×ÖÛÌÕÛÐÈÓȭɯɯ,ÜÊÏɯÓÐÒÌɯÐÕɯÈɯÕÌÜÙÖÕȮɯÛÏÌɯÔàÖÊàÛÌɀÚɯÝÖÓÛÈÎÌ-

sensitive ion channels open in response to the changing membrane potential, causing a 

positive feedback loop of inward current that rapidly depolarizes the cell.  Action 

potentials in myocytes vary wildly between cell types, with durations ranging from only 

a few milliseconds in skeletal muscle to several hundred milliseconds in cardiac tissue.  

Membrane depolarization results in a positive feedback loop of increased calcium ion 

concentration in the cell.  These ions bind to proteins within the cell, causing 

conformational changes to protein structures and resulting in contraction of the muscle 

fiber.  In this way, electrical signals from the nervous system are converted into motor 

responses.  In the heart, action potentials are initiated by specialized myocytes called 

pacemaker cells, and propagate from cell to cell via direct current flow through cardiac 
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gap junctions.  A wave of electrical excitation spreads throughout the heart, causing the 

synchronized contraction necessary to pump blood throughout the body.  

2.2 Organization and Communication in the Brain  

The brain is responsible for numerous survival -critical functions, including 

processing and integrating sensory stimuli from the environment and body, maintaining 

a cognitive representation of the world, predict ing future world states, planning actions, 

and controlling the muscular and endocrine systems.  The brain is also highly adaptable, 

capable of storing information, forming memories, recognizing patterns, and acquiring 

new cognitive and motor skills.  To achieve this, the brain is divided into highly 

specialized regions which continually operate in parallel.  The connectome of the brain 

exhibits many properties of small -world networks [Basset 2006].  In network theory, a 

small-world network is characterized by a high degree of clustering in local regions, 

with a comparatively smaller number of long -range connections that result in a short 

average path length between any two nodes.  This structure is believed to underlie the 

efficiency with which the brain is able to distribute and integrate information between 

its disparate specialized regions [Buzsaki 2004b].  A quintessential example of this 

organizational structure is found the neocortex.  Structurally, the neocortex is divided 

horizontally into distinct la yers of different cell types, and functionally the cortex is 

ËÐÝÐËÌËɯÐÕÛÖɯÝÌÙÛÐÊÈÓɯÊÖÓÜÔÕÚɯÖÙɯɁÔÖËÜÓÌÚȮɂɯÞÏÐÊÏɯÛÏÌÔÚÌÓÝÌÚɯÈÙÌɯÚÜÉËÐÝÐËÌËɯÐÕÛÖɯ

microcolumns.  Neurons making up a cortical microcolumn are highly connected and  
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Figure 2.4.  Comparison of random, lattice -like, and small -world networks.   

The same set of nodes were connected using three architecture paradigms and evaluated 

according to their characteristic path length (L) ɬ the average number of edges needed to 

traverse between two arbitrary nodes ɬ and their clustering coefficient (C) ɬ the degree 

to which sets of nodes form closed loops, i.e. if node x is connected to nodes y and z, C is 

the probability that y and z are also connected.  a. Random.  Each pair of nodes has a 

fixed probability of being connected irrespective of their relative positions.  This results 

in a short characteristic path length and low degree of clustering.  b. Lattice-like.  Each 

node is connected to every other node within a fixed radius, resulting in a high degree of 

clustering.  Communication between distant nodes requires a large number of short 

steps, which leads to a high characteristic path length.  c. Small-world.  The probability 

of connection between two nodes is inversely related to distance, which results in a high 

degree of local clustering.  However, a small number of long -range connections 

(highlighted in red) create shortcuts that greatly reduce the characteristic path length.  

Small-world network charact eristics are believed to underlie the efficiency of 

communication and information processing in the brain.  A high degree of clustering 

allows for fast local communication, parallelization of computation, and efficient wiring, 

while a short characteristic path length facilitates integration of information and long -

range communication.  

 

share common inputs and outputs, leading researchers to suggest the microcolumn is 

the fundamental computational unit of the neocortex [Cruz 2005].  Similar functionally -

defined modules have been identified in many brain regions, including the thalamic 

nucleus, superior colliculus, and basal ganglia [Rockland 2010].  The recurrence of this 
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organizational scheme across brain regions and mammalian species suggests it plays a 

key role in the efficiency with which brains distribute, process, and integrate 

information.  

In 1929, it was discovered that the brain exhibits intrinsic oscillations, detectable 

via electrodes on the scalp, and that changes in these oscillations correspond to different 

behavioral states [Berger 1929].   These electroencephalogram (EEG) recordings reflect 

the electric fields caused by broad-scale synchrony over entire brain regions.  In the 

decades since, oscillations in neural activity have been identified across a wide range of 

frequencies, from less than 1 Hz to more than 150 Hz, and across all scales from entire 

brain regions down to individual neurons.  Distinct oscillatory patterns have been 

correlated with numerous cognitive processes, including percepti on, selective attention, 

arousal, motor control, memory formation and recall, and sleep [Ward 2003], and 

abnormalities in these rhythms have been associated with several pathological 

conditions [Uhlhaas 2006].  As we continue to learn about the brain, it i s becoming 

increasingly clear that oscillations play a fundamental role in information processing 

and communication.  

At the cellular level, individual neurons can exhibit frequency -specific behaviors.  

While some neurons can fire action potentials at any rate (limited only by their absolute 

refractory period) depending on the strength of stimulus applied, others ɬ denoted 

Ɂ"ÓÈÚÚɯƖɂɯÉàɯ ÓÈÕɯ'ÖËÎÒÐÕɯɬ are limited to specific firing patterns [Hodgkin 1948].  
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These neurons discontinuously jump from no firing in  response to subthreshold 

stimulation to fast bursts of activity within a relatively narrow range of frequencies 

when stimulated above threshold.  Additionally, some classes of neurons, called 

resonators, exhibit intrinsic subthreshold oscillations in memb rane voltage that lead to 

periodic changes in excitability [Llinas 1988].  This allows them to preferentially respond 

to inputs that occur in phase with their intrinsic oscillations.  These features depend on 

the electrophysical properties of the cell ɬ namely, the interplay between low -pass 

filtering effects of membrane capacitance and high-pass filtering effects of voltage-gated 

ion channels ɬ and allow a great deal of flexibility in the detection and transmission of 

oscillatory signals [Buzsaki 2004]. 

 

Figure 2.5.  Type I and Type II Neurons.   Neural responses to stimuli may have 

ËÐÍÍÌÙÌÕÛɯÍÙÌØÜÌÕÊàɯÊÏÈÙÈÊÛÌÙÐÚÛÐÊÚɯËÌ×ÌÕËÐÕÎɯÖÕɯÛÏÌɯÕÌÜÙÖÕɀÚɯÚÛÙÜÊÛÜÙÈÓɯÈÕËɯÌÓÌÊÛÙÐÊÈÓɯ

properties.  When subjected to a constant stimulus current, type I neurons (left) can 

ÌßÏÐÉÐÛɯÍÐÙÐÕÎɯÈÛɯÈÕàɯÍÙÌØÜÌÕÊàȮɯÉÖÜÕËÌËɯÖÕÓàɯÉàɯÛÏÌɯÕÌÜÙÖÕɀÚɯÈÉÚÖÓÜÛÌɯÙÌÍÙÈÊÛÖÙàɯ×ÌÙÐÖËȭɯɯ

Type II neurons (right) exhibit a discontinuous jump from no firing in response to 

subthreshold stimulus to rapid firing under suprathre shold stimuli.  Data simulated 

using the Hodgkin -Huxley model for type I [Hodgkin 1952] and the Izhikevich model of 

chattering excitatory cortical neurons for type 2 [Izhikevich 2003].  
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Figure 2.6.  Subthreshold Resonance.  Some types of neurons exhibit intrinsic 

subthreshold oscillations in transmembrane voltage.  The same stimulus can elicit 

different responses depending on the phase of subthreshold oscillations at the time of 

stimulation, allowing for temporal filtering of  inputs.  Data simulated using the 

Izhikevich resonator neuron model [Izhikevich 2003].  

 

The distinct waves measured by EEG are produced by broad-scale 

synchronization of an entire brain region to a specific frequency.  While oscillations may 

be mediated bàɯɁ×ÈÊÌÔÈÒÌÙɂɯÕÌÜÙÖÕÚɯȻ1ÈÔÐÙÌáɯƖƔƔƘȼȮɯÛÏÌàɯÔÈàɯÈÓÚÖɯÈÙÐÚÌɯÐÕɯÌÕÚÌÔÉÓÌÚɯ

of neurons though cycles of synaptic activity.  Small, finely tuned neural circuits can 

generate robust cyclic activity, such as in the central pattern generators that drive 

locomotion [Guertin 2009].  In large networks, broad -scale oscillations may arise 

through periodic inhibition, or through feedback cycles of excitation and inhibition.  An 

archetypal example is the pyramidal -interneuron network gamma (PING), in which 
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activity in exci tatory pyramidal neurons of the cortex stimulates subsequent activity in 

the inhibitory interneurons, which suppresses further activity in the excitatory neurons 

for a time.  This results in rapidly alternating periods of high and low levels of activity in  

the local network [Whittington 2000].  However, while significant strides have been 

made, the origins of many neural oscillations have not yet been identified.  The precise 

mechanisms and neural circuits underlying the various rhythms of the brain are an 

active and important area of study.  

The pervasiveness of neural oscillations ɬ both throughout the brain and 

between species ɬ suggests that they play a key role in brain function.   While the full 

extent of this role is not known, several ideas are being investigated.  One proposal is 

that oscillations provide discrete temporal contexts in which computation occurs 

[Buzaki 2006, van Wassenhove 2016], analogous to the clock cycle on a processor chip.  

Distinct rhythms allow for computation and integration of  information across different 

temporal and spatial scales.  The speed of neural computation is bounded by the time 

taken for signals to propagate through the network, and as such, high frequency 

oscillations are confined to localized regions while lower frequency oscillations can span 

large ensembles across distant brain regions [Varela 2001, Buzsaki 2004].  Much like a 

resonator neuron, the effect of an input to an oscillating region depends on the state of 

ongoing activity in the network.  This allows information to be encoded in the relative 

timing of s ignals [Siegel 2009].  Oscillations may also play a role in temporal selection  
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Figure 2.7.  EEG Frequency Bands.  Raw electroencephalography data is 

separated into distinct frequency bands representing different patterns of brain activity: 

alpha (8-15 Hz), beta (16-31 Hz), gamma (32-80 Hz), delta (<4 Hz), and theta (4-7 Hz).  

The raw EEG signal was made publicly available by Andrzejak et al. [Andrzejak 2001]. 

 

and filtering of inputs.  Weak oscillations may help detect and amplify weak signals 

through stochastic resonance [Longtin 1997, Buzsaki 2006], whereas robust large-scale 

oscillations, such as those during sleep, may reduce the sensitivity to external influences 

and effectively filter out sensory input [Steriade 1993].  Additionally, the 

synchronization of distinct oscillating regions may play an essential role controlling of 

information flow through the brain.  D isparate networks in relevant brain regions will 

phase-lock during conscious perception [Desmedt 1994], selective attention [Doesburg 

2008], and task performance [Varela 2001].  Oscillations may facilitate this by generating 

receptive and non-receptive tim ing windows for communication.  Two linked regions 
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may operate independently when their cycles occur out -of-phase, having little effect on 

each other.  But when a task requires coordination from multiple regions, they may 

adjust their cycles to synchronize, forming transient functional assemblies that facilitate 

high -bandwidth communication.  

 ÕÖÛÏÌÙɯÒÌàɯÛÖɯÛÏÌɯÉÙÈÐÕɀÚɯÜÛÐÓÐÛàɯÐÚɯÐÛÚɯÈËÈ×ÛÈÉÐÓÐÛàȭɯɯ3ÏÌɯÉÙÈÐÕɯÐÚɯÈÉÓÌɯÛÖɯÚÛÖÙÌɯÈÕËɯ

recall information, patterns, and memories of prior experiences.  Likewise, the brain is 

able to acquire new cognitive and motor skills, and master them through repeated 

×ÙÈÊÛÐÊÌȭɯɯ3ÖɯÈÊÊÖÔ×ÓÐÚÏɯÛÏÐÚȮɯÛÏÌɯÉÙÈÐÕɯÐÚɯÈÉÓÌɯÛÖɯɁÙÌÞÐÙÌɂɯÐÛÚÌÓÍɯÉàɯÍÖÙÔÐÕÎɯÕÌÞɯÚàÕÈ×ÛÐÊɯ

connections, pruning existing ones, or modulating synaptic strength ɬ i.e., the amount of 

neurotransmitter released.  While the brain exhibits highest degrees of neuroplasticity 

during childhood development, the processes of tuning and pruning neural networks 

×ÌÙÚÐÚÛɯÛÏÙÖÜÎÏÖÜÛɯÛÏÌɯÉÙÈÐÕɀÚɯÓÐÍÌÚ×ÈÕȭɯɯ(ÕɯÊÈÚÌÚɯÖÍɯÉÙÈÐÕɯËÈÔÈÎÌɯÖÙɯmalformation, entire 

other regions may be recruited to restore lost functionality [Nudo 2013].  Likewise, 

healthy but unused brain areas, such as the visual cortex of blind patients [Amedi 2003] 

or sensorimotor regions associated with amputated limbs [Maki n 2015], can be 

reorganized to represent different regions or perform different tasks.  Elucidating the 

ÔÌÊÏÈÕÐÚÔÚɯÉÌÏÐÕËɯÕÌÜÙÖ×ÓÈÚÛÐÊÐÛàɯÐÚɯÒÌàɯÛÖɯÜÕËÌÙÚÛÈÕËÐÕÎɯÛÏÌɯÉÙÈÐÕɀÚɯÈËÈ×ÛÈÉÐÓÐÛàɯÈÕËɯ

has important implications in the fields of learning, memory, and  recovery from brain 

injury or disease. 



 

19 

A key feature of neuroplasticity is that it is activity dependent .  A crucial early 

ÐÕÚÐÎÏÛɯÐÕÛÖɯÛÏÌɯÔÌÊÏÈÕÐÚÔÚɯÖÍɯ×ÓÈÚÛÐÊÐÛàɯÞÈÚɯ'ÌÉÉɀÚɯ×ÖÚÛÜÓÈÛÌȮɯÞÏÐÊÏɯÚÛÈÛÌÚɯÛÏÈÛɯÞÏÌÕɯ

action potentials in a pre-synaptic neuron repeatedly elicit firing of the post -synaptic 

neuron, we should expect the synapse to strengthen [Hebb 1949].  This principle was 

later formalized into models of spike -timing -dependent plasticity (STDP), in which 

synaptic strength is modulated over time based on the precise order and timing of action 

potentials in the connected neurons [Song 2000].  STDP has been observed to cause long-

term potentiation (LTP) and depression (LTD) in numerous types of synapses 

throughout the brain [Feldman 2012].  Different br ain regions exhibit different degrees 

of LTP and LTD, which allows for a spectrum of flexibility versus robustness in network 

behavior.  Likewise, different synapse types can exhibit distinct STDP temporal 

windows, which allows for reinforcement and recogn ition of patterns at different 

temporal scales [Caporale 2008].  Hebbian STDP may underlie associative learning of 

temporal patterns [Palmer 2014] and facilitate reinforcement learning by encoding an 

ɁÌÓÐÎÐÉÐÓÐÛàɯÛÙÈÊÌɂɯÖÍɯÈÊÛÐÝÐÛàɯ×ÈÛÛÌÙÕÚɯÛÏÈÛɯÈÙÌɯÓÈÛÌÙɯstrengthened by a dopamine reward 

signal [Izhikevich 2007, Brzsoko 2015].  Hebbian learning is not the whole story, 

however.  Synaptic plasticity has been found to depend on firing rate, post -synaptic 

membrane voltage, and modulatory neurotransmitter signa ls [Feldman 2012].  

Additionally, different forms of plasticity rules have been discovered, including anti -

Hebbian learning in which the causes of LTP and LTD are reversed, which may form a 
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basis for network -level adaptation and selection of novel stimuli [Requarth 2011].  The 

mechanisms underlying  activity -dependent plasticity are an important area of study, as 

LTP and LTD play important roles in associative learning [Gruart 2006] and memory 

recall [Nabavi 2014]. 

2.3 Pathology in Bioelectric Systems 

Given the absolutely critical roles that electrophysiological processes play in the 

heart and brain, any disruption to these functions can be disastrous.  Cardiac 

arrhythmias ɬ ÐÙÙÌÎÜÓÈÙÐÛÐÌÚɯÖÍɯÛÏÌɯÏÌÈÙÛÉÌÈÛɯÊÈÜÚÌËɯÉàɯ×ÈÛÏÖÓÖÎàɯÐÕɯÛÏÌɯÏÌÈÙÛɀÚɯÌÓÌÊÛÙÐÊÈÓɯ

conduction ɬ are a leading cause of death in the developed world [Mehra 2007].  The 

ÚÛÌÈËàɯÈÕËɯÚàÕÊÏÙÖÕÐáÌËɯÊÖÕÛÙÈÊÛÐÖÕɯÖÍɯÛÏÌɯÏÌÈÙÛɀÚɯÝÌÕÛÙÐÊÓÌÚɯÎÌÕÌÙÈÛÌÚɯÛÏÌɯ×ÙÌÚÚÜÙÌɯ

differential necessary to pump blood to distant body parts, including the brain.  If this 

rhyt hm is slowed or desynchronized, the lack of blood flow to the brain can rapidly 

cause loss of consciousness, followed by death.  Similarly, contraction at too high a rate 

can result in reduced blood pressure and flow.  Arrythmias in the atria are less 

immediately life -threatening than those in the ventricles, but are very common, affecting 

more than 1 in 50 people in Europe and the United States, and can increase the risk of 

heart failure or stroke [Zoni -Berisso 2014]. 

There are a number of ways that the electromechanical mechanisms of the heart 

may fail.  In the healthy heart, the heartbeat rhythm is maintained by specialized 

pacemaker cells in several regions of the heart, with the sinoatrial (SA) node acting as  
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Figure 2.8. Cardiac Arrythmias.    Electrocardiogram recordings are presented 

for some common cardiac rhythms.  a. Normal sinus rhythm.  b. Bradycardia, or 

abnormal slowing of the heartbeat.  c. Tachycardia, or abnormally fast heartbeat.  d. 

Atrial fibrillation, characterized by oscillatory ECG behavior between heartbeats caused 

by disordered contractile action in the atrial chambers.  e. Ventricular flutter, or 

exceedingly fast activity in the ventricles.  Ventricular flutter may lea d to ventricular 

fibrillation and/or sudden cardiac death.  Clinical data from the MIT -BIH database 

[Moody 2001] and hosted by PhysioNet [Goldberger 2000]. 

 

ÛÏÌɯËÖÔÐÕÈÕÛɯ×ÈÊÌÔÈÒÌÙȮɯÚàÕÊÏÙÖÕÐáÐÕÎɯÛÏÌɯÏÌÈÙÛɀÚɯÊÖÕÛÙÈÊÛÐÖÕȭɯɯ ÍÛÌÙɯÈɯÚÐÎÕÈÓɯÍÙÖÔɯÛÏÌɯ

SA node, the atria contract first, pumping blood into the ventricles, which themselves  

contract after a short delay.  Damage or death of pacemaker cells can halt or disrupt this 

rhythm.  Similarly, if the connection between pacemaker nodes is severed or weakened 

due to infarction or dysfunctional conduction in the intermediary tissue, the pacemakers 
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may begin to operate independently, generating excess contractions [Tse 2016].   

Arrythmias may also occur due to re -entrant cycles of activation in the cardiac tissue.  

Action potentials propagate through cardiac tissue as a wavefront of electrical excitation.  

In the presence of an anatomical or functional obstacle, this wavefront can be redirected 

and reactivate cells which have left their refractory window.  This can g enerate a self-

perpetuating circuit of activation which disrupts the synchronized contraction of the 

heart, resulting in atrial or ventricular fibrillation [Cox 1991, Wu 1998].  

!ÌÊÈÜÚÌɯÖÍɯÛÏÌɯÚÏÌÌÙɯÚÊÈÓÌɯÈÕËɯÊÖÔ×ÓÌßÐÛàɯÖÍɯÛÏÌɯÉÙÈÐÕȮɯ×ÈÛÏÖÓÖÎàɯÐÕɯÛÏÌɯÉÙÈÐÕɀs 

bioelectrical systems is difficult to study, though progress is steadily being made.  

Dysfunctions may occur throughout the brain and cause numerous disorders and 

maladies. Perhaps the most obvious cause is death or damage to neural cells.  This can 

occur due to injury, stroke, lack of oxygen, or aging.  While synaptic pruning is a normal 

part of adult brain development, excess synapse loss can occur due to injury or cellular 

malfunctions and is strongly correlated with cognitive decline [Vogels 2019, Jamjoom 

2021].  Demyelination diseases such as multiple sclerosis involve death or damage of 

myelin sheaths, which results in slowed or halted signal conduction along axons 

[Waxman 1982].   

Brain maladies may also arise from aberrant neural function at the network level, 

whether localized to a particular region or in the communication between regions.  The  
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Figure 2.9.  Abnormal Synchronous Activity During Seizure.    Raw EEG 

signals from a healthy patient (top) and patient experiencing a seizure (bottom).  

Seizures are characterized by strong synchronization of neural activity in large 

populations of neurons.  The EEG recordings were made publicly available by 

Andrzej ak et al. [Andrzejak 2001]. 

 

complexity and inaccessibility of the brain make it difficult to directly observe the causes 

and effects of abnormal network behavior, so brain activity is typically measured at  

broad scales using EEG and MEG recordings, though more detailed direct 

measurements are being performed.  One notable example is the seizure, in which large  

regions of the brain exhibit abnormally strong synchronized firing, disrupting their 

normal operations [Fisher 2005].  Because seizures can vary in duration, scale, and 

location within the brain, the effects can likewise vary from mild to fatal [Moshe 2015].  

Seizures may self-sustain through emergent bursting arising from interactions between 
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excitatory and inhibitory neurons [Curtis 2015] or throug h spiral wave dynamics akin to 

those in cardiac re-entry [Viventi 2011].  

While seizures represent discrete events of abnormal neural synchronization, 

several chronic neurological and psychiatric disorders are also associated with abnormal 

rhythms of brain activity.  Patients with schizophrenia exhibit reduced activity in the 

beta and gamma frequency bands and abnormal alpha and theta band activity during 

sensory perception and working memory tasks, as well as reduced phase synchrony 

across brain regions.  Such abnormalities may arise due to aberrant inhibitory GABA 

transmission and result in disrupted communication and reduced plasticity [Uhlhaas 

2010].  Likewise, autism spectrum disorder has been associated with a reduction in 

phase synchrony between brain regions across many frequency bands [Lai 2010, Simon 

ƖƔƕƚȼȭɯɯ/ÈÛÐÌÕÛÚɯÞÐÛÏɯ ÓáÏÌÐÔÌÙɀÚɯËÐÚÌÈÚÌɯÛÌÕËɯÛÖɯÌßÏÐÉÐÛɯÓÖÞÌÙɯ×ÖÞÌÙɯÐÕɯÏÐÎÏ-frequency 

oscillations and increased power in the low frequency bands, as well as a slowing of the 

alpha rhythm and reduced f unctional connectivity between brain regions [Jafari 2020].  

Abnormalities in prefrontal gamma rhythms are associated with depression and bipolar 

disorder, and recovery from depression typically coincides with increasing power in the 

gamma band [Fitzgerald  2018].  An abnormally strong degree of synchronization in the 

high -frequency activity of the subthalamic nucleus has been correlated with tremor in 

×ÈÛÐÌÕÛÚɯÞÐÛÏɯ/ÈÙÒÐÕÚÖÕɀÚɯ#ÐÚÌÈÚÌɯȻ+ÌÝàɯƖƔƔƔȼȭɯɯ ÉÕÖÙÔÈÓɯÙÏàÛÏÔÚɯÈÙÌɯÈÓÚÖɯ×ÙÌÚÌÕÛɯÐÕɯ

patients with chronic neuropathic pain [Alshelh 2016], obsessive-compulsive disorder 
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[Min 2011], tinnitus [van der Loo 2009], and Tourette syndrome [Leckman 2006].  As the 

technology for probing brain behavior advances, the physiological correlates of 

neurological and psychiatr ic disorders will continue to be elucidated.  

2.4 Historical Advances in Electrotherapies 

The electrochemical processes that underlie neural and cardiac function are 

sensitive not only to signals produced within the body, but also to external electric 

stimuÓÐȭɯɯ3ÏÌɯÜÚÌɯÖÍɯÌÓÌÊÛÙÐÊÈÓɯÚÛÐÔÜÓÈÛÐÖÕɯÛÖɯÐÕÍÓÜÌÕÊÌɯÛÏÌɯÉÖËàɀÚɯÉÌÏÈÝÐÖÙɯÏÈÚɯÈɯÓÖÕÎɯ

history, and these techniques have continually been refined as our knowledge of the 

bioelectrical systems has grown.  While bioelectric mechanisms had been theorized for 

decades, the first concrete evidence emerged in the 1780s when Luigi Galvani 

ËÌÔÖÕÚÛÙÈÛÌËɯÛÏÈÛɯÈɯ×ÙÌ×ÈÙÈÛÐÖÕɯÖÍɯÕÌÙÝÌɯÈÕËɯÔÜÚÊÓÌɯÍÙÖÔɯÈɯÍÙÖÎɀÚɯÓÌÎɯÞÖÜÓËɯÊÖÕÛÙÈÊÛɯ

when stimulated by the discharge of a capacitor [Piccolino 1997].  Almost a century later, 

Fritsch and Hitzig discovered that they could induce motor responses in dogs by 

directly stimulating the scalp [Schwalb 2008].  In 1899, Prevost and Battelli reported that 

they could induce fibrillation in a dogs heart via electrical current, and subsequently ha lt 

fibrillation with a stronger discharge.  Defibrillation technology would go on to become 

an active area of research in the early 20th century, and would successfully save a human 

life for the first time in 1947  [Askelrod 2009].  At the same time, the use of periodic 

stimulation to control the pace of the heartbeat was also being developed.  The first 

recorded clinical use of artificial pacing of the heart occurred in 1928, when an electrode 
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was inserted into the ventricle and periodically stimulated wit h current to restore the 

heartbeat of a newborn experiencing cardiac arrest.  Four years later, the first artificial 

pacemaker device was developed.  In 1958, development began on implantable 

pacemaker devices, and the decades since have seen a wide range of improvements, 

including smaller and more efficient designs, longer lifespans, and automatic adaptive 

heart pacing [Ward 2013]. 

Research into electrical neuromodulation began in earnest in the early 1900s, in 

which repetitive current pulses were applied to the scalp with the aim of inducing sleep -

like states or anesthesia [Guleyuplogu 2013].  While the use of electrical stimuli to treat 

mental disorders had long been theorized, the first widely adopted application arose in 

1938 in the form of electroconvulsive therapy (ECT).  ECT involves applying large 

ÊÜÙÙÌÕÛÚɯÛÖɯÛÏÌɯ×ÈÛÐÌÕÛɀÚɯÏÌÈËȮɯÈÕËɯÖÙÐÎÐÕÈÓÓàɯÙÌ×ÓÈÊÌËɯÊÏÌÔÐÊÈÓɯÈÎÌÕÛÚɯÈÚɯÈɯÔÌÛÏÖËɯÖÍɯ

inducing seizures with the aim of treating schizophrenia.  Though ECT has fallen from 

prominence in part due to its sid e effects, which can include memory loss, headaches, 

and nausea, it is considered a safe and effective treatment for drug-resistant depression 

and bipolar disorder [Taylor 2007].  In the latter half of the century, deep brain 

stimulation (DBS) techniques were developed, which involve surgically implanting 

ÌÓÌÊÛÙÖËÌÚɯÐÕɯÛÏÌɯ×ÈÛÐÌÕÛɀÚɯÉÙÈÐÕɯÈÕËɯÈÓÓÖÞɯÍÖÙɯËÐÙÌÊÛÓàɯÛÈÙÎÌÛÐÕÎɯÚÛÐÔÜÓÐɯÛÖɯÚÜÉÊÖÙÛÐÊÈÓɯ

areas.  In 1963, high frequency DBS of the thalamus was shown to reduce tremor 

ÚàÔ×ÛÖÔÚɯÐÕɯ×ÈÛÐÌÕÛÚɯÞÐÛÏɯ/ÈÙÒÐÕÚÖÕɀs Disease.  The technique did not gain widespread 
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traction, however, until follow -up studies in the 90s and early 2000s [Miocinovic 2013].  

In the last two decades, academic and clinical interest in DBS has exploded.  The FDA 

has approved DBS for treating /ÈÙÒÐÕÚÖÕɀÚɯËÐÚÌÈÚÌȮɯÌÚÚÌÕÛÐÈÓɯÛÙÌÔÖÙȮɯËàÚÛÖÕÐÈȮɯÖÉÚÌÚÚÐÝÌ-

compulsive disorder, and epilepsy, and ongoing research is exploring treatments for 

ËÌ×ÙÌÚÚÐÖÕȮɯÈËËÐÊÛÐÖÕȮɯÊÏÙÖÕÐÊɯ×ÈÐÕȮɯ3ÖÜÙÌÛÛÌɯÚàÕËÙÖÔÌȮɯÛÐÕÕÐÛÜÚȮɯÈÕËɯ ÓáÏÌÐÔÌÙɀÚɯ

disease [Lee 2019]. 

Recent decades have also seen a renewed interest in transcranial stimulation 

techniques, due to their ability to influence neural behavior without the costs and 

complications associated with surgery.  Transcranial current stimulation (tCS) involves 

application of cur rent directly to the scalp, and its effects vary based on the location, 

strength, polarity, and waveform of the stimulus [Paulus 2011].  Of its many forms, 

transcranial direct -current stimulation (tDCS) is the most well -studied.  Anodal tDCS 

has demonstrated effectiveness in treating symptoms of fibromyalgia, depression, and 

addiction [Lefaucheur 2017].  It may also aid the process of stroke recovery by 

promoting plasticity in motor areas [Kang 2016].  Ongoing research has shown some 

promise for the use of tDCS, either alone or in combination with other therapies, to treat 

ÚàÔ×ÛÖÔÚɯÖÍɯ/ÈÙÒÐÕÚÖÕɀÚɯËÐÚÌÈÚÌȮɯÈ×ÏÈÚÐÈȮɯÌ×ÐÓÌ×ÚàȮɯÚÊÏÐáÖ×ÏÙÌÕÐÈȮɯÈÕËɯ×ÈÐÕȮɯÛÏÖÜÎÏɯ

further research is required to validate the findings and optimize the techniques 

[Lefaucheur 2017].  Studies have also explored using tCS with alternative stimulus  
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Figure 2.10.  Transcranial Magnetic Stimulation.   A coil is placed on the 

×ÈÛÐÌÕÛɀÚɯÏÌÈËȭɯɯ"ÜÙÙÌÕÛɯÍÓÖÞɯÛÏÙÖÜÎÏɯÛÏÌɯÊÖÐÓɯÐÕËÜÊÌÚɯÔÈÎÕÌÛÐÊɯÍÐÌÓËÚɯÞÐÛÏÐÕɯÛÏÌɯÉÙÈÐn.  

Rapidly altering the current flow changes the magnetic fields and induces an electric 

field within the brain, causing current flow.  Public domain image created by the US 

National Institute of Neurological Disorders and Stroke.  

 

waveforms to target dif ferent modes of brain activity, although their clinical efficacy has 

not yet been extensively researched. 

An alternative method of non -invasive brain stimulation arose in the 1980s with 

the development of transcranial magnetic stimulation (TMS) technology,  in which an 

ÌÓÌÊÛÙÖÔÈÎÕÌÛÐÊɯÊÖÐÓɯÐÚɯ×ÓÈÊÌËɯÖÕɯÛÏÌɯ×ÈÛÐÌÕÛɀÚɯÚÊÈÓ×ɯÈÕËɯÈɯÙÈ×ÐËÓàɯÊÏÈÕÎÐÕÎɯÊÜÙÙÌÕÛɯÐÕɯ
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the coil induces rapidly changing magnetic fields within the brain, which in turn induce 

an electric field and drive current flow.  While originally intend ed as a research and 

diagnostic tool, it was soon discovered that repetitive application of TMS could have 

clinical benefits as an alternative to ECT, DBS, or tCS [Horvath 2011].  Repetitive TMS 

(rTMS) has since shown considerable success in treating depression and neuropathic 

pain, and may also have utility as a treatment for schizophrenia and an aid in stroke 

rehabilitation [Lefaucheur 2014].  Ongoing research is also exploring rhythmic rTMS as a 

potential treatment for several other conditions, including  post-traumatic stress disorder 

[Yan 2017], tinnitus [Schoisswohl 2019], and the cognitive impairment associated with 

 ÓáÏÌÐÔÌÙɀÚɯËÐÚÌÈÚÌɯȻ+ÐÕɯƖƔƕƝȼȭɯɯ,ÜÊÏɯÓÐÒÌɯ#!2ɯÈÕËɯÛ"2ȮɯÛÏÌɯÍÜÓÓɯÚÊÖ×ÌɯÖÍɯÛÏÌɯÊÓÐÕÐÊÈÓɯ

utility of rTMS remains to be seen.  As we continue to learn more about the mechanisms 

underlying brain maladies and the effects of different stimulus procedures, new avenues 

for neuromodulation treatments will continue to arise.  

2.5 Importance of Stimulus Waveform in Neuromodulation 

The effects neurostimulation depend crucially on the properties of the waveform 

of the applied stimulus.  When a neuron is subjected to a DC electric field, its resting 

membrane potential may shift toward either depolarization or hyperpolarization 

depending on its orientation w ithin the field, which causes it to become more or less 

likely to fire an action potential, respectively [Purpura 1964, Francis 2003].  The effect 

ËÌ×ÌÕËÚɯÓÈÙÎÌÓàɯÖÕɯÛÏÌɯÙÌÓÈÛÐÝÌɯÈÕÎÓÌɯÉÌÛÞÌÌÕɯÛÏÌɯÍÐÌÓËɯÎÙÈËÐÌÕÛɯÈÕËɯÛÏÌɯÕÌÜÙÖÕɀÚɯÈßÖÕɯ 
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Figure 2.11.  Orientation of DC Electric Field Determines Effects on Neural 

Population.   Raster plots (top) and spike probability (bottom) of action potentials in rat 

hippocampal slices.  Reversal of the electric field gradient switches its effect from 

excitatory (left) to inhibitory (right).  Originally published by Francis et al. in The Journal 

of Neuroscience [Francis 2003].  Copyright 2003 Society for Neuroscience.  Used with 

permission. 
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and dendritic structures [Bikson 2004].  In  particular, an i n vitro study of rat 

hippocampal slices suggests that axonal orientation determines whether a DC electric  

field will be excitatory or inhibitory, and the properties of the dendritic  tree determine 

the magnitude of the effect [Kabakov 2012].  Under tDCS, the induced current flows 

primarily parallel to the cortical surface, which leads to pathway -specific modulation of 

excitability [Rahman 2013].  The orientation of the stimulating ele ctrodes plays an 

important role in tDCS efficacy as they determine the direction of current flow [Rawji 

2018, Foerster 2019].  Anodal tDCS tends to cause excitation and cathodal tDCS tends to 

cause inhibition in the affected neurons, as demonstrated in the motor [Nitsche 2000], 

somatosensory [Matsunaga 2004], and visual cortices [Antal 2004], but this can vary 

based on the underlying structure of the network being stimulated.  Moreover, the 

strength of the applied current is an important factor, as a strong er current induces 

electric field gradients deeper into cortical tissue and may change which neural 

populations are affected [Lefaucheur 2012].  In one study, the doubling of the stimulus 

current in cathodal tDCS of the motor cortex caused its effects to switch from inhibitory 

to excitatory [Batsikadze 2013].  The effects also depend strongly on duration; changes in 

cortical excitability disappear within minutes after short stimuli (< 7 min) but the effects 

of longer stimuli (>10 min) can last for over an hour [Nitsche 2001], suggesting that 

plasticity may play a key role in long -term effects and potential treatments. 
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The effects of TMS likewise depend on the orientation of the field.  TMS is often 

performed with a double -coil design to focus the effects, and coil may be rotated to 

change the direction of induced currents in the brain [Lefaucheur 2014].  In the human 

motor cortex, motor -evoked potentials (MEPs) produced by TMS are maximized when 

the coil is oriented such that the induced current flows toward the central sulcus at right 

angles [Mills 1992].  Likewise, in other regions of the brain, the effects of stimulus are 

maximized when the induced electric field is aligned perpendicular to the cortical 

surface [Janssen 2015].  Additionally, TMS pulses may be either monophasic, inducing 

pulses of current in a single direction, or biphasic, inducing an alternating pattern of 

forward and backward currents.  The two phases of a biphasic pulse affect distinct 

populations of neurons, producing different outcomes in the target region [Sommer 

2018].  While biphasic stimulation is more energy efficient at delivering stimulus to the 

brain, the ability to tune the direction of pulses to specific neural populations may give 

monophasic stimulation greater utility as a th erapeutic technique [Arai 2005]. 

In rTMS, the effects of stimulation depend heavily on the frequency at which the 

current pulses are applied.  In the primary motor cortex, low frequency rTMS(<1 Hz) is 

typically associated with inhibition, while high freque ncy rTMS (>5 Hz) tends to 

increase excitability [Lefaucheur 2009].  An alternative stimulus paradigm that combines 

multiple frequency effects involves applying short, rapid bursts of current.  Theta burst 

stimulation (TBS) uses a ~5 Hz pacing, where each stimulus event is a rapid (~50 Hz) 
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series of current pulses.  When TBS is continually applied it decreases excitability in the 

motor cortex, but when applied intermittently (2 seconds on, 8 seconds off), excitability 

is increased [Huang 2005].  While a substantial amount of TMS research is performed on 

the primary motor cortex due to the convenience of using MEPs as a metric of cortical 

excitability, frequency -dependent effects have also been observed in other brain regions.  

In a memory formation task, stim ulation of the left inferior frontal gyrus with beta -band 

(18.7 Hz) rTMS produced significant after -effects in brain activity and memory 

impairment, while no such after -effects or impairment were observed using lower (10.7 

Hz and 6.8 Hz) frequencies [Hanslmayr 2014].  A study measuring visual task 

performance found that right -parietal rTMS in the theta band selectively enhanced 

visual processing of global features, while a beta frequency enhanced processing of local 

features, suggesting that these rhythms correspond to visual processing at different 

scales and that different modes of brain activity can be selectively targeted by different 

frequencies of stimulation [Romei 2011].  These effects are important in clinical 

neurostimulation technique design.  A s tudy of depression patients found that higher 

frequencies of stimulation were more effective in promoting blood flow to the pre -

frontal cortex [Nahas 2001].  Additionally, schizophrenia patients exhibited significantly 

fewer symptoms after dorsolateral pre frontal TMS in the alpha band, when compared to 

a 3 Hz, 20 Hz, or sham stimulus.  Improvements in schizophrenia symptoms were 

highly correlated with a post -stimulus increase in alpha-band activity, suggesting that  
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Figure 2.12. Entrainment of Neural Oscillations.   Networks of excitatory and 

inhibitory neurons can exhibit intrinsic rhythmic bursts of activity.  Rhythmic external 

stimulation (e.g. sinusoidal current) can entrain neural oscillations to the frequency and 

phase of the stimulus.  Simulated data using Izhikevich model neurons [Izhikevich 

2003]. 

 

Ù3,2ɯÔÈàɯÉÌɯÜÚÌËɯÛÖɯÔÖËÜÓÈÛÌɯÛÏÌɯÉÙÈÐÕɀÚɯÐÕÛÙÐÕÚÐÊɯÙÏàÛÏÔÚɯÈÕËɯÙÌÚÛÖÙÌɯÏÌÈÓÛÏàɯ

patterns of activity [Jin 2006]. 

An important aspect of rTMS is that its effects depend on the ongoing activity in 

the brain region being stimulated.  In studies combining TMS and tDCS techniques, the 

same 1 Hz [Siebner 2004] or 5 Hz [Lang 2004] TMS procedure over the motor cortex was 

found to be excitatory if preceded by an inhibitory cathodal tD CS treatment, and 

500 ms

1 nA
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inhibitory if preceded by an excitatory anodal tDCS treatment.  Likewise, the typically 

excitatory high -frequency rTMS can have inhibitory effects in patients with chronic 

neuropathic pain by enhancing intracorticial inhibition circuits w hich tend to be 

impaired in the affected patients [Lefaucheur 2006].  Ongoing oscillations within the 

brain can also be entrained by repetitive TMS, shifting their frequency and/or phase to 

match that of the stimulus signal.  Using a combined TMS-EEG protocol, Thut et. al. 

demonstrated that existing alpha oscillations corresponding to visual attention could be 

gradually entrained to phase-lock to an alpha-band TMS signal applied to the parietal 

cortex, and that the time taken for entrainment depends on the relative phase between 

the oscillation and stimulus [Thut 2011].  Likewise, theta -band rTMS over the left 

intraparietal sulcus can entrain intrinsic theta oscillations in the dorsal stream and 

improve performance in an auditory memory retention task [Albou y 2017]. 

$ÕÛÙÈÐÕÔÌÕÛɯÖÍɯÛÏÌɯÉÙÈÐÕɀÚɯÐÕÛÙÐÕÚÐÊɯÖÚÊÐÓÓÈÛÐÖÕÚɯÊÈÕɯÈÓÚÖɯÉÌɯÈÊÏÐÌÝÌËɯÛÏÙÖÜÎÏɯ

transcranial alternating current stimulation (tACS).  Application of 10 Hz tACS to the 

parieto-occipital cortex was found to increase power in the alpha-band, increase the 

phase-locking of alpha activity, and transiently shift the frequency of peak alpha -band 

activity toward 10 Hz, without having a measurable effect on activity in other frequency 

bands [Helfrich 2014].  Entrainment of motor cortex gamma oscillations by t ACS 

corresponds to improved movement task speed, while beta entrainment generated no 

improvement [Moisa 2016].  Much like rTMS, the effects of tACS depend on the state of  
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Figure 2.13.  Entrainment by tACS Generates Lasting Effects.   In a combined 

tACS-EEG study, 10 Hz sinusoidal stimulation significantly increased power in the 

alpha band during and after stimulation, compared to pre -stimulus values and sham 

stimulation (A -D).  The spectral peak shifted to 10 Hz during stimulation, but returned 

to its pre-stimulus frequency once stimulation ended (E).  Originally published by 

Helfrich et al. in Current Biology [Helfrich 2014].  Used with permission from Elsevier.  
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ÖÕÎÖÐÕÎɯÖÚÊÐÓÓÈÛÐÖÕÚɯÐÕɯÛÏÌɯÉÙÈÐÕȭɯɯ3ÏÌɯÉÙÈÐÕɀÚɯÐÕÛÙinsic alpha oscillations are strong when 

the eyes are closed, and weaker when the eyes are open.  Alpha-band tACS was found 

to induce prolonged after -effects of increased alpha power in patients whose eyes were 

open during stimulation, but had no significa nt effect on patients whose eyes were 

closed [Neuling 2013].  Similarly, theta-band tACS was found to be most effective in 

increasing corticospinal excitability during motor imagery processing, while beta -band 

tACS produced the highest increase while subjects were at rest [Feurra 2013].  The 

effects of tACS are likewise dependent on the relative phase between the stimulus and 

ÛÏÌɯÉÙÈÐÕɀÚɯÖÕÎÖÐÕÎɯÙÏàÛÏÔÚȭɯɯ(ÕɯÈɯÞÖÙÒÐÕÎɯÔÌÔÖÙàɯÛÈÚÒȮɯÈ××ÓÐÊÈÛÐÖÕɯÖÍɯÛÏÌÛÈ-band 

tACS to the right frontoparietal cortex increased n etwork activity and improved reaction 

times when the stimulus was synchronous (zero phase lag) with network oscillations, 

but did not show improvements when the stimulus was delivered out -of-phase (180° 

phase lag) [Violante 2017].  The frequency-specific after-effects of tACS appear to be 

ÊÈÜÚÌËɯÉàɯ×ÓÈÚÛÐÊÐÛàɯÐÕɯÛÏÌɯÉÙÈÐÕɀÚɯÖÚÊÐÓÓÈÛÖÙàɯÕÌÛÞÖÙÒÚɯȻ5ÖÚÚÌÕɯƖƔƕƙȼȮɯÞÏÐÊÏɯÚÜÎÎÌÚÛÚɯ

that tACS may be therapeutically useful in long -term modulation of aberrant brain 

rhythms.  

While the ability to entrain specific oscill atory modes of brain activity is an 

important and potentially useful feature, tACS can also affect neural function at 

stimulus frequencies outside of conventional EEG frequency bands.  Application of 250 

Hz tACS to the primary motor cortex was found to fac ilitate implicit motor learning 
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[Moliadze 2010].  Additionally, frequencies of 1 to 5 kHz were found to induce 

prolonged increases in cortical excitability akin to those produced by anodal tDCS 

[Chaieb 2010]. These frequencies appear to be too high to cause changes in network-level 

oscillations, and likely influence excitability at the neuron level [Lefaucheur 2014].  

Multiple frequencies of stimulation may also be combined, which could allow for 

targeting multiple frequency -specific effects simultaneously [Antal 2013].  Taken to the 

logical extreme, transcranial random noise stimulation (tRNS) uses filtered white noise 

to stimulate with all frequencies within a broad frequency band, which may allow for 

ÔÖËÜÓÈÛÐÖÕɯÖÍɯÛÏÌɯÉÙÈÐÕɀÚɯÖÚÊÐÓÓÈÛÐÖÕÚɯÐÕɯÞÈàÚɯÛÏÈÛɯÈÙÌ not specific to a particular 

frequency.  High -frequency (100-640 Hz) tRNS was found to increase cortical excitability 

for at least an hour after stimulation, while lower frequencies (0.1 -100 Hz) did had no 

substantial impact [Terney 2008].  While high-frequency tRNS and anodal tDCS both 

increase cortical excitability,  the effects of tRNS are stronger but shorter-lived, 

suggesting they may influence excitability via distinct mechanisms [Moliadze 2014].  

The effects of DBS likewise depend on the stimulus waveform.    Like rTMS and 

tACS, the frequency of DBS plays a critical role in determining the outcome of 

ÚÛÐÔÜÓÈÛÐÖÕȭɯɯ(Õɯ×ÈÛÐÌÕÛÚɯÚÜÍÍÌÙÐÕÎɯÍÙÖÔɯ/ÈÙÒÐÕÚÖÕɀÚɯËÐÚÌÈÚÌȮɯÏÐÎÏɯÍÙÌØÜÌÕÊàɯȹǿƕƗƔɯ'áȺɯ

DBS of the subthalamic nucleus significantly reduced motor symptom s, while lower 

frequencies (<50 Hz) produced no benefit and in some cases worsened symptoms [Moro 

2002, Fogelson 2005].  This may be because high-frequency stimulation disrupts ongoing 
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pathalogic oscillations while low -frequency stimuli can reinforce them [Birdno 2008].  

Similar results were observed in pallidal DBS for the treatment of primary dystonia 

[Kupsch 2003].  Likewise, higher frequencies were found to be more effective at 

reducing tremor amplitude than lower frequencies during DBS of the ventral 

intermediate nucleus, with an optimal stimulus frequency of roughly 130 Hz [Earhart 

2007].  It is highly likely that DBS can entrain neural rhythms if closely matched to the 

frequency of ongoing network oscillations, though stimulus artifacts make direct 

observations of entrainment in human subjects difficult [Hanslmayr 2019].  However, a 

detailed study in rhesus monkeys demonstrated differing degrees circuit -level 

entrainment at different common DBS targets when subjected to high-frequency 

stimulation [Agne si 2015].  While frequency-specific effects are critical to the efficacy of 

DBS, other waveform parameters also play an important role.  As with other stimulus 

techniques, the effects of DBS are orientation-dependent; stimulation produces maximal 

effect when the induced electric field lies parallel to the axons of the primary fiber tract, 

whereas perpendicular fields generate almost no response [Lehto 2017].  Additionally, 

DBS may be monophasic or biphasic; however, high frequency monophasic stimulation 

causes tissue damage at significantly lower current thresholds [Piallat 2008].  The pulse 

width of each stimulus event also plays a role.  A recent study found that shorter pulses 

ȹƘƔɯϟÚɯÝÚɯƚƔɯϟÚȺɯ×ÙÖËÜÊÌËɯÊÖÔ×ÈÙÈÉÓÌɯÙÌÚÜÓÛÚɯÐÕɯÙÌËÜÊÐÕÎɯÛÙÌÔÖÙɯÚàÔ×ÛÖÔÚȮɯÞÏÐÓÌ 

significantly raising the side -effect threshold [Moldovan 2018].  Researchers have also 
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begun exploring alternative pulse shapes, including triangular pulses and Gaussian 

waves, as well as introducing a gap between the positive and negative phases of 

biph asic pulses [Deprez 2018].  The optimization of neurostimulation techniques is an 

ongoing process as we continue to better understand the mechanisms by which different 

forms of electrical stimuli influence brain function.  

2.5.1 Rotational Electric Fields 

Because the effects of stimulation depend on both the frequency and orientation 

of the applied field, recent studies have examined the use of rotational electric fields to 

improve stimulus efficacy.  In DBS and tCS, the orientation of the applied field may  be 

modulated by altering the relative amounts of current applied to electrodes surrounding 

the target region.  When sinusoidal currents are applied with phase offsets 

corresponding to their spatial position, the resulting electric field gradient remains 

approximately constant in strength but rotates in space [Stern 2015, Lehto 2017].  

Likewise, rotational fields may be induced in TMS by phase -shifting the sinusoid al 

stimuli  delivered by orthogonally oriented coils [Rotem 2014].  Preliminary experimental 

studies have suggested that rotating fields may improve neurostimulation efficacy by 

stimulating a broader population of neurons as the field sweeps through different 

orientations [Rotem 2014, Roth 2020].  Theoretical studies have also explored the use of 

rotational fields to improve the efficiency of wave emission from heterogeneities for 

spiral breakup in cardiac tissue [Zhao 2013] as well as the modulation of spiral wave 
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activity in FitzHugh -Nagumo models [Chen 2009, Chen 2013].   Field rotation provides 

an additional tool to optimize stimulus techniques for fine -tuned modulation of 

excitable tissues.  However, additional research is necessary in order to understand the 

effects these fields have on existing oscillatory activity in the heart and brain.  

2.5.2 Neurostimulation and Plasticity 

In order for a neurostimulus treatment to be effective, it must produce lasting 

changes in brain activity.  Ongoing research aims to elucidate the effects that 

neurostimulus techniques have on synaptic plasticity, but a com plete understanding 

remains elusive.  Direct measurements of synaptic strength in vivo are experimentally 

infeasible, so studies tend to rely on indirect measures, such as the strength of MEPs and 

TMS-evoked EEG potentials (TEPs) [Huang 2017].  Nevertheless, numerous clinical 

studies have reported persistent changes in measured neural activity following TMS 

[Huang 2007, Muller 2007, Hamada 2008, Murakami 2012] and tCS [Nitsche 2003, Zaehle 

2010, Vernet 2013] procedures which are consistent with established LTP and LTD 

mechanisms.  Rhythmic tCS can produce lasting changes in measured EEG power in 

specific frequency bands that are consistent with spike-timing -dependent models of 

plasticity  [Zaehle 2010, Vossen 2015]. In vitro  studies utilizing patch -clamp recordings 

and timelapse imagine have demonstrated functional and structural changes in synapses 

after repetitive magnetic stimulation [Vlachos 2012, Lenz 2015].  Further, stimulation 

may induce metaplasticity, i.e. changes in the degree to which synapses strengthen or 
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weaken over time.  The plastic effects of faciliatory TMS are enhanced if they are 

immediately preceded by an inhibitory treatment, and vice versa [Muller 2007, Hamada 

2008, Murakami 2012].  However, the mechanisms underlying stimulus -induced 

plasticity are not yet clear.  External stimuli may directly influence cellular mechanisms 

underlying synaptic plasticity [Huang 2017], and/or may induce changes in neural 

behavior that persist through STDP mechanisms [Zaehle 2010, Vossen 2015].  Moreover, 

plasticity under different stimulus techniques can even be prevented by different 

pharmacological blockers, demonstrating that different neurostimulus procedures can 

utilize distinct plasticity mechanisms [Weise 2016].  Understanding how external 

stimulation  causes lasting changes in brain behavior is a crucial step toward the 

development of targeted neurostimulus techniques for specific physiological outcomes.  

2.6 Computational Modeling in Electrobiology 

With the rise and rapid advancement of computer technology, computational 

modeling has become an increasingly important tool in biomedical research.  

Computational methods allow us to build models of neural circuits and cardiac tissues 

and explore their behaviors in much greater detail than current measurement 

technologies allow, and can help elucidate the mechanisms underlying macroscopic 

experimental observations.  Modeling studies can dissect complex systems and isolate 

the effects of individual paramete rs or components in ways that are impossible or 

infeasible with current experimental methods.  Computational models also allow us to 
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rapidly and cheaply simulate the results of experimental procedures under tightly 

controlled conditions and provide testabl e hypotheses that can help guide future 

experiments.  While all models are approximations, the theoretical insights they provide 

can help guide research in more fruitful directions and inform novel designs and 

optimizations to clinical treatment techniques . 

The most significant step in the history of electrobiology modeling occurred in 

1952, when Alan Hodgkin and Andrew Huxley presented a series of findings from their 

examinations of squid axons [Hodgkin 1952].  The key insight was to model the neural 

membrane using an electrically equivalent circuit, in which the cell membrane acts as a  

 

Figure 2.14. Equivalent Circuit Diagram for the Hodgkin -Huxley Model.   In 

the Hodgkin -Huxley model, the cell membrane is treated as a capacitor in series with 

sodium and potassium ion channels.  Cm is the membrane capacitance, gNa and gK are the 

time-varying conductance for sodium and potassium ions which are governed by 

voltage-dependent gating variables, ENa and EK are the Nernst potentials of sodium and 

potassium determined by the relative intracellular and extracellular concentrations, and 

INa and IK are sodium and potassium ionic currents.  I L, EL, and gL represent the current, 

Nernst potential, and (fixed) conductance of ions leaking across the membrane. 
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capacitor and ion channels act as parallel batteries with variable conductance.  Using 

voltage clamps and ion baths, the researchers demonstrated the voltage-dependent 

×ÌÙÔÌÈÉÐÓÐÛàɯÖÍɯÛÏÌɯÈßÖÕɀÚɯÔÌÔÉÙÈÕÌɯÛÖɯ×ÖÛÈÚÚÐÜÔɯÈÕËɯÚÖËÐÜÔɯÐÖÕÚȮɯÈÕd were able to 

meticulously fit a model describing the time and voltage dependence of ion channel 

activation and inactivation.  The final model consisted of four differential equations: one 

for membrane voltage and three for ion channel gating variables, each of which had two 

fitted curves which together define their voltage dependent time constants and steady 

state values.  The set of differential equations has no closed form solution and must be 

numerically approximated ɬ a trivial task today but a monume ntal feat at the time, 

when all computation was done by hand.  The model was able to accurately predict the 

ÌÝÖÓÜÛÐÖÕɯÖÍɯÛÏÌɯÊÌÓÓɀÚɯÔÌÔÉÙÈÕÌɯÝÖÓÛÈÎÌɯËÜÙÐÕÎɯÈÕɯÈÊÛÐÖÕɯ×ÖÛÌÕÛÐÈÓȮɯÈÚɯÞÌÓÓɯÈÚɯÚÌÝÌÙÈÓɯ

other important physiological properties including stimulus threshold, refractory 

period, and conduction velocity.  The large size and relative simplicity of the squid axon 

made it a convenient target for early modeling studies.  However, the techniques 

pioneered by Hodgkin and Huxley have since been used to generate and refine models 

of a wide range of neuron cell types [Pospischil 2008], as well as cardiac myocytes 

[Noble 2007] and engineered excitable cells [Gokhale 2017].  Such models allow for the 

examination of cellular mechanisms at very fine -grain detail, such as the propagation of 
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action potentials through different branching dendritic structures [Vetter 2001] or the 

effects of stochastic ion channel noise on inter-spike intervals [Schneidman 1998]. 

An alternative modeling approach is to abstract away the in tricate details of 

individual cell physiology and explore the macroscopic properties of large networks of 

simple cells.  Such models rely on the fact that action potentials in a given cell are highly 

stereotyped.  In these models, the action potential is treated as a discrete computational 

event, and the computational effort is directed at the subthreshold dynamics that lead to 

action potential initiation and the effects of communication between cells.  The simplest 

such model is the integrate-and-fire neuron, proposed in 1907 by Louis Lapicque, in 

which each neuron simply integrates all input it receives until a threshold is reached, at 

which point an action potential occurs and the cell is reset to its initial state.  While the 

model does not describe realistic properties or states of any individual neuron, the 

spiking activity of large networks of integrate -and-fire neurons can reproduce several 

features of real neural networks, and has provided insights into the mechanisms of gain 

modulation and cortical inter -spike interval variability [Burkitt 2006].  The simplicity of 

the integrate-and-fire model allows it to be computed efficiently and evaluated 

analytically, but the abstractions inherent in the model limit its applicability.  Extensions 

and alternativ es have been proposed which aim to more accurately reflect both 

subthreshold and spiking behaviors of neurons while maintaining computational 

efficiency, such as the exponential [Fourcaud-Trocmé 2003] and quadratic [Brunel 2003] 



 

46 

 

Figure 2.15.  Comparison of Single Compartment Neuron Models.   

Timecourses of membrane voltage are presented for the Hodgkin-Huxley, linear 

integrate-and-fire, exponential integrate -and-fire, and Izhikevich low -threshold spiking 

inhi bitory cortical model in response to a step-function current stimulus.  The Hodgkin -

Huxley model tracks ionic currents to simulate the full action potential including 

restitution and refractoriness, while integrate -and-fire  models track membrane voltage 

until an action potential is detected, at which point the voltage is reset.  The Izhikevich 

model can be tuned to exhibit a number of different behaviors found in real neurons 

such as adaptation , rebound bursting, and subthreshold resonance [Izhikevich 2003]. 

 

forms of the integrate-and-fire model, and the addition of adaptation variables [Brette 

2005, Shlizerman 2011].  A particular implementation of the quadratic integrate -and-fire 

model was popularized by Eugene Izhikevich.  The Izhikevich model uses just two 

differential equations and four parameters and can accurately depict a wide range of 

neuron behaviors, including variable adaptation, intrinsic bursting, and subthreshold 

resonance [Izhikevich 2003].  These simplifications make it computationally feasible to 

explore emergent dynamics of large-scale neural networks. 
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Modeling studies have provided several useful insights into the mechanisms 

underlying electrical stimulation.  Early single neuron models analytically predicted the 

effects of dendritic current injection [Rall 1973] and exposure to a uniform electric field 

[Tranchina 1986] for idealized neural morphologies.  More recent computational studies 

have explored the orientation -specific effects of external electric fields on 

morphologically realistic neuron models to inform optimal TMS coil parameters [Aberra 

2020, Seo 2020].  Single neuron models have also been used to examine the phase-

locking behavior of action potential firing in a sinusoidal el ectric field as a function of 

stimulus frequency and amplitude [Che 2009].  Network models have also provided 

numerous insights into macroscopic neural behaviors.  Studies have explored the 

importance of inhibitory feedback on the generation of large -scale network oscillations, 

such as cortical and hippocampal gamma rhythms [Traub 1997, Wang 1996].  Network 

simulations have examined the threshold for neural synchronization as a function of 

physical network properties such as neural density and long -range connectivity, and 

suggest that physiologically -relevant parameters tend to produce networks that lie on 

the threshold between sparse firing and strong synchronization [Maheswaranatha n 

2012].  Network models have also explored the role of synaptic plasticity on network 

behavior in several important brain functions, including pattern recognition [Bush 2010] 

and synchronization between distant oscillating regions [Bibbig 2002].  Additionally, 

neural network models have been used to simulate the effects of neurostimulation 
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techniques.  Large-scale simulated neural networks have been used to study the non-

linear effects of tDCS [Bonaiuto 2015], the changes in plasticity caused by TMS 

[Antonietti 2018], the desynchronization of aberrant network oscillations by DBS [ Pfister 

2010], and the conditions under which sinusoidal stimuli can entrain intrinsic network 

oscillations [Reato 2010, Ali 2013].  Similarly, computational cardiac modeling has 

provided numerous insights into the study of arrythmias, including the genera tion and 

break-up of spiral and scroll waves [Qu 2000a, Qu 2000b, Fenton 2002], the role of tissue 

heterogeneities on conduction behavior [Engelman 2010, Gokhale 2018], and the use of 

external stimulation to modulate or eliminate re -entrant cycles [Panfilov 2000, Ashihara 

2004, Agladze 2007, Majumder 2018].  



 

49 

3. Computational Methods 

This chapter provides an overview of the computational modeling and analysis 

methods used in this dissertation.  Specific implementation details for each project are 

provided i n the Methods section for the relevant chapter. 

3.1 Neural 

3.1.1 Hodgkin-Huxley Model 

As discussed in Chapter 2, the Hodgkin-Huxley model uses an equivalent 

electrical circuit representation to track the evolution of membrane voltage and ionic 

currents (see Figure 2.14).  Under this representation, the cell membrane is treated as a 

capacitor and the total current across the membrane is separated into capacitive and 

ionic components: 

Ὅ ὅ
Ὠὠ

Ὠὸ
Ὅ σȢρ 

in which I m is the total membrane current, Cm is the membrane capacitance, Vm is the 

transmembrane voltage, and Iion is the sum of all ionic currents: 

Ὅ Ὅ Ὅ Ὅ σȢς 

IK and INa ÈÙÌɯÛÏÌɯ×ÖÛÈÚÚÐÜÔɯÈÕËɯÚÖËÐÜÔɯÊÜÙÙÌÕÛÚɯÛÏÙÖÜÎÏɯÛÏÌɯÔÌÔÉÙÈÕÌɀÚɯÙÌÚ×ÌÊÛÐÝÌɯÐÖÕ 

channels, and IL ÐÚɯÛÏÌɯɁÓÌÈÒÈÎÌɂɯÊÜÙÙÌÕÛɯÙÌ×ÙÌÚÌÕÛÐÕÎɯÈÓÓɯÖÛÏÌÙɯÐÖÕÐÊɯÊÜÙÙÌÕÛÚɯÈÊÙÖÚÚɯÛÏÌɯ

membrane.  Ionic currents are the product of two factors: the ionic conductance, and the 

driving force.  

Ὅ Ὣ ὠ Ὁ σȢσ 
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Ὅ Ὣ ὠ Ὁ σȢτ 

Ὅ Ὣ ὠ Ὁ σȢυ 

Ion flow across a membrane is driven by two factors: chemical diffusion caused 

by a concentration difference, and electric current caused by a potential difference.  For 

each ion, there is a membrane voltage for which these two factors exactly cancel and no 

net flow occurs, which can be calculated by the Nernst equation: 

Ὁ
ὙὝ

ᾀὊ
ÌÎ 
Ὥέὲ

Ὥέὲ
σȢφ 

ÞÏÌÙÌɯ1ɯÐÚɯÛÏÌɯÐËÌÈÓɯÎÈÚɯÊÖÕÚÛÈÕÛȮɯ%ɯÐÚɯ%ÈÙÈËÈàɀÚɯÊÖÕÚÛÈÕÛȮɯ3ɯÐÚɯÛÌÔ×ÌÙÈÛÜÙÌȮɯÈÕËɯáɯÐÚɯÛÏÌɯ

electric charge of the ion.  The Nernst potential is also known as the reversal potential 

because it is the point at which net ion flow reverses from positive to negative, which 

can be measured experimentally.  In the Hodgkin -Huxley model, ionic concentrations 

are assumed to be roughly constant over the timescale of a simulation, so reversal 

potentials are treated as fixed parameters.  Net flow for a given ion is proportional to the 

ËÐÍÍÌÙÌÕÊÌɯÉÌÛÞÌÌÕɯÛÏÌɯÔÌÔÉÙÈÕÌɯ×ÖÛÌÕÛÐÈÓɯÈÕËɯÛÏÌɯÐÖÕɀÚɯÙÌÝÌÙÚÈÓɯ×ÖÛÌÕÛÐÈÓȰɯÛÏÐÚɯÐÚɯ

known as the drivin ÎɯÍÖÙÊÌȭɯɯ'ÖÞÌÝÌÙȮɯÐÖÕɯÍÓÖÞɯÐÚɯÈÓÚÖɯÊÖÕÚÛÙÈÐÕÌËɯÉàɯÛÏÌɯÔÌÔÉÙÈÕÌɀÚɯ

conductance to the given ion, which varies as a function of time and membrane voltage: 

Ὣ ὫӶὲ σȢχ 

Ὣ ὫӶά Ὤ σȢψ 

where ὫӶ and ὫӶ are the maximal membrane conductance to sodium and potassium 

ions, respectively, and n, m, and h are voltage-sensitive gating variables that range 
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between 0 and 1.  Each ion channel contains multiple gates which are assumed to 

operate independently.  The channel is open if all of its gates are active, so if m, h, and n 

represent the probability of a given gate being active, n4 and m3h represent the total 

fraction of potassium and sodium ion channels which are open at a given point in time.  

Gate activation and deactivation are governed by first -order kinetics; for example: 

ὲ ρ ὲ σȢω 

ÞÏÌÙÌɯϔn ÈÕËɯϕn are the voltage-dependent rates of activation and inactivation of the n 

gates, respectively.  This produces the following differential equation:  

Ὠὲ

Ὠὸ
‌ ὠ ᶻρ ὲ ‍ ὠ ὲz σȢρπ 

The same equations govern the evolution of the m and h gating variables, though the 

functions defining the voltage dependence of activation and inactivation differ.  For a 

ÎÐÝÌÕɯÔÌÔÉÙÈÕÌɯÝÖÓÛÈÎÌȮɯÛÏÌɯÍÜÕÊÛÐÖÕÚɯϔ ÈÕËɯϕɯÜÕÐØÜÌÓàɯËÌÛÌÙÔÐÕÌɯÈɯÚÛÌÈËàɯÚÛÈÛÌɯÓÌÝÌÓɯ

of gate activation as well as the time constant of gate evolution, which leads to the 

following equivalent representation:  

Ὠὲ

Ὠὸ

ὲ ὠ ὲ

† ὠ
σȢρρ 

where 

ὲ ὠ
‌ ὠ

‌ ὠ  ‍ ὠ
σȢρς 

† ὠ
ρ

‌ ὠ  ‍ ὠ
σȢρσ 
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By measuring the steady state conductances and time constants across various 

voltages, Hodgkin and Huxley were able to fit smooth functions to estimate the voltage 

dependence of activation and inactivation for each gating variable:  

‌ ὠ
πȢπρὠ ρπ

Ὡ ρ

σȢρτ 

‍ ὠ πȢρςυὩ σȢρυ 

‌ ὠ
πȢρὠ ςυ

Ὡ ρ

σȢρφ 

‍ ὠ τὩ σȢρχ 

‌ ὠ πȢπχὩ σȢρψ 

‍ ὠ
ρ

Ὡ ρ

σȢρω 

ÞÏÌÙÌɯϔɯÈÕËɯϕɯÈÙÌɯÔÌÈÚÜÙÌËɯÐÕɯÔÚ-1 and Vm is measured in mV relative to the 

ÔÌÔÉÙÈÕÌɀÚɯÙÌÚÛÐÕÎɯ×ÖÛÌÕÛÐÈÓȭɯɯ3ÏÌɯ×ÈÙÈÔÌÛÌÙÚɯÖÙÐÎÐÕÈÓÓàɯÜÚÌËɯÉàɯ'ÖËÎÒÐÕɯÈÕËɯ'ÜßÓÌàɯ

are presented in Table 3.1. 

The result is a set of four differential equations which track the membrane 

voltage and values of the three gating variables across time and accurately describe the 

phases of the neural action potential: An excitatory stimulus results in  the opening of 

sodium ion channels via activation gates (m), causing rapid depolarization toward the 

sodium reversal potential.  As the membrane voltage reaches its peak, sodium 

inactivation gates (h) cause sodium channels to close while potassium channel gates (n) 

are activated, causing rapid repolarization.  The potassium channels hyperpolarize the 
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cell toward the potassium reversal potential, causing a refractory period.  As potassium 

channels close, the cell slowly returns to its resting state. 

 

Table 3.1. Original Hodgkin -Huxley model parameters.   [Hodgkin 1952]  

Parameter Description  Value  

Cm Membrane capacitance ƕɯϟ%ɤÊÔ2 

EK Potassium reversal potential -12 mV 

ENa Sodium reversal potential  115 mV 

El Leak reversal potential  10.613 mV 

▌K Maximum potassium conductance  36 mS/cm2 

▌Na Maximum sodium conductance  120 mS/cm2 

▌l  Leak conductance (fixed) 0.3 mS/cm2 

 

3.1.2 Izhikevich Model 

The Izhikevich model is a specific implementation of the quadratic integrate -and-

fire neuron, designed to be a compromise between computational efficiency biological 

plausibility [Izhikevich 2003].  The model uses just two differential equations and four 

parameters, and tracks membrane voltage according to the following equations:  

Ὠὺ

Ὠὸ

ὺ

ςυ
υὺ ρτπό Ὅ σȢςπ 

Ὠό

Ὠὸ
ὥὦὺό σȢςρ 
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If v > 30 mV: 

ὺ ὧ σȢςς 

ό ό Ὠ σȢςσ 

While in its original form the Izhikevich model is dimensionless, the variables v and t 

are meant to represent membrane voltage in mV and time in ms, respectively.  The 

variable u represents membrane recovery from an action potential and is used to model 

neural adaptation.  I represents input current, either from an applied stimulus or from 

synaptic connections. 

The behavior of the neuron is determined by the four parameters: a, b, c, and d.  

The a parameter defines the timescale of the recovery variable u, with higher values 

resulting in faster recovery.  The b parameter determines the sensitivity of the recovery 

variable u to subthreshold fluctuations in membrane voltage.  High values of b more 

strongly couple recovery to membrane voltage and can result in subthreshold resonance 

behavior.  The c parameter defines the reset voltage after an action potential is detected.  

Higher values of c facilitate intrinsic bursting behaviors.  The d parameter determines 

how much the recovery variable increases in response to an action potential, with higher 

values leading to stronger refractoriness.  By modifying these four paramet ers, a wide 

variety of neural behaviors can emerge which mimic certain properties exhibited by real 

neurons of different types.  Random adjustments to these parameters can also be used to 

incorporate heterogeneity in network models.  
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Figure 3.1. /ÈÙÈÔÌÛÌÙÚɯÖÍɯÛÏÌɯ(áÏÐÒÌÝÐÊÏɯÔÖËÌÓɯËÌÛÌÙÔÐÕÌɯÛÏÌɯÕÌÜÙÖÕɀÚɯ

characteristic behavior.   Stimulus waveforms are presented in blue.  a. Regular spiking 

cortical neuron (a = 0.02, b = 0.2, c = -65, d = 8).  Strong after-spike adaptation leads to 

roughly constant -rate tonic firing.  The steady-state firing rate can be increased by 

hastening the recovery of the adaptation variable (increasing a) and/or reducing the 

strength of post-spike adaptation (decreasing d).  b. Intrinsic bu rsting neuron (a = 0.02, b 

= 0.2, c = -55, d = 4).  A high reset voltage and relatively strong after -spike adaptation 

results in an initial burst of spikes after stimulation, followed by tonic firing.  c. 

Chattering neuron (a = 0.02, b = 0.2, c = -50, d = 2).   A very high reset voltage and weak 

after-spike adaptation result in periodic rapid bursts of spikes.  d. Thalamocortical 

neuron (a = 0.02, b = 0.25, c = -65, d = 0.05).  In response to a positive stimulus, this neuron 

exhibits tonic firing with slow adaptation.  However, when hyperpolarized, the strong 

coupling between the voltage and recovery variable causes u to become negative, 

ÓÌÈËÐÕÎɯÛÖɯÈɯɁÙÌÉÖÜÕËɯÉÜÙÚÛɂɯÖÍɯÚ×ÐÒÌÚɯÞÏÌÕɯÛÏÌɯÕÌÎÈÛÐÝÌɯÚÛÐÔÜÓÜÚɯÐÚɯÙÌÔÖÝÌËȭɯɯ%ÖÙɯÈÕɯ

example of subthreshold resonance, see Figure 2.6. 

 



 

56 

3.1.3 Synapses and Plasticity 

To incorporate the effects of synaptic connections on neural behavior, an 

additional current for each synapse type is added to the membrane voltage model.  

Synaptic currents take the form: 

Ὅ Ὣ ὠ Ὁ σȢςτ 

ὨὫ

Ὠὸ

Ὣ

†
σȢςυ 

where Ὣsyn is the synaptic conductance, Esyn ÐÚɯÛÏÌɯÚàÕÈ×ÛÐÊɯÙÌÝÌÙÚÈÓɯ×ÖÛÌÕÛÐÈÓȮɯÈÕËɯϧsyn is 

the synaptic time constant.  When an action potential is received, the synaptic 

conductance is updated: 

Ὣ Ὣ ὫӶ σȢςφ 

Synaptic conductances are initialized to 0.  When an action potential is received, the 

corresponding synaptic conductance instantaneously rises by a fixed amount and then 

decays exponentially.  This results in excitation of the neuron if the synaptic reversal 

×ÖÛÌÕÛÐÈÓɯÐÚɯÈÉÖÝÌɯÛÏÌɯÕÌÜÙÖÕɀÚɯÈÊÛÐÖÕɯ×ÖÛÌÕÛÐÈÓɯÛÏÙÌÚÏÖÓËȮɯÈÕËɯÐÕÏÐÉÐÛÐÖÕɯÐÍɯÛÏÌɯÙÌÝÌÙÚÈÓɯ

potentÐÈÓɯÐÚɯÉÌÓÖÞɯÛÏÌɯÕÌÜÙÖÕɀÚɯÙÌÚÛɯÝÖÓÛÈÎÌȭɯɯ-ÌÛÞÖÙÒɯÔÖËÌÓÚɯÐÕɯÛÏÐÚɯËÐÚÚÌÙÛÈÛÐÖÕɯ

incorporate excitatory AMPA synapses and inhibitory GABA synapses.  

In order to account for synaptic plasticity, a model of spike -timing -dependent 

plasticity (STDP) can be incorporated into the synaptic equations which modulates 

synaptic conductance as a function of pre- and post-synaptic activity.  Each synapse is 

given a synaptic weight, w.  STDP is a form of Hebbian learning in which the weight of 
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a synapse from neuron A to neuron B will increase if spikes in neuron A reliably precede 

spikes in neuron B and will decrease in the reverse case.  The shorter the delay between 

spikes, the stronger the effect.  This is visualized in Figure 3.2.  The equations governing 

STDP are as follows: 

Ὠὃ

Ὠὸ

ὃ

†
σȢςχ 

Ὠὃ

Ὠὸ

ὃ

†
σȢςψ 

When a pre-synaptic action potential is detected: 

Ὣ Ὣ ύ ὫzӶ σȢςω 

ὃ ὃ ὃӶ σȢσπ 

ύ ύ ὃ σȢσρ 

When a post-synaptic action potential is detected: 

ὃ ὃ ὃӶ σȢσς 

ύ ύ ὃ σȢσσ 

A pre and A post are exponentially decaying traces of activity in the pre - and post-synaptic 

neurons, respectively.  Because they follow simple dynamics with closed form solutions 

and are only used in the event that an action potential is detected, they can be calculated 

only when needed rather than at every timestep, saving considerable computational 

resources.  The synaptic weight w is bounded below at 0, representing total synaptic 
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pruning, and bounded above at a value w max to prevent runaway positive feedback 

loops of activity.  

 

Figure 3.2. Weight changes under STDP as a function of spike lag.   Time is 

measured in milliseconds. 

3.2 Ex293 

Originally engineered by Kirkton and Bursac in 2011, the Excitable-293 or Ex293 

cell line is a variant of the human embryonic kidney 293 (HEK -293) cell line which has 

been transfected with additional voltage -gated sodium and potassium channels to 

induce electrical excitability  [Kirkton 2011].  By overexpressing connexin-43 gap 

junctions, these cells can be cultured  into a monolayer that is capable of propagating 

action potential wavefronts akin to conduction in cardiac tissue.  The relative ly  small 

number of ionic currents facilitate detailed modeling and enable combined modeling 

and experimental studies in to wavefront propagation and re -entrant cycles. 
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3.2.1 Membrane Model 

A computational conductance -based model of the Ex293 monolayer was 

presented by Gokhale et al [2017].  This model incorporates both transfected and 

endogenous (or wild -type, denoted wt) channels for sodium and potassium ions.  Like 

the Hodgkin -Huxley  model, it utilizes an equivalent circuit representation which treats 

the cell membrane as a capacitor and ion channels as batteries with time varying 

resistances, connected in parallel.  The equations governing membrane voltage are as 

follows:  

ὅ
Ὠὠ

Ὠὸ
 Ὅ Ὅ σȢστ 

Ὅ Ὅ Ὅ Ὅ Ὅ σȢσυ 

where Vm represents the membrane voltage, Cm represents membrane capacitance, and 

each I represents a transmembrane current.  For each type of ion channel, the net current 

contribution is determined by the time -varying channel conductance and the membrane 

ÝÖÓÛÈÎÌɯÙÌÓÈÛÐÝÌɯÛÖɯÛÏÌɯÊÏÈÕÕÌÓɀÚɯ-ÌÙÕÚÛɯ×ÖÛÌntial : 

Ὅ  Ὣ ὠ Ὁ σȢσυ 

where gion is the conductance and Eion is the reversal potential of the channel.  The 

channel conductances are governed by gating variables which themselves depend on 

membrane voltage.  The transfected ion channels incorporate gating variables with 

multiple timescales.  The conductances are calculated as follows: 

Ὣ ὫӶά ὨὬ ρ ὨὬ σȢσφ 
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Ὣ  ὫӶ Ὢὲ ρ Ὢὲ σȢσχ 

Ὣ  ὫӶ έὴ σȢσψ 

Ὣ ὫӶ ὦ σȢσω 

Each gating variable x evolves in time according to the following differential equation:  

Ὠὼ

Ὠὸ

ὼ ὠ ὼ

† ὠ
σȢτπ 

The steady state values and time constants for each gating variable are functions of the 

membrane voltage.  The h and n gating variables are split between slow and fast 

channels, which utilize the same steady state value but with different time constants.  

The d and f parameters indicate the relative prevalence of these channels.  The equations 

governing steady state values and time constants for each gating variable were 

determined by Ghokale et al. using a genetic search to fit experimental timecourse and 

IV curve data.  These equations are provided below: 

ά ὠ
ρȢφυσ

ρ Ὡ
Ȣ

Ȣ

πȢωςςυ

ρ Ὡ
Ȣ

Ȣ

πȢπωχρ σȢτρ 

† ὠ πȢςψςχὩ
Ȣ
Ȣ πȢπςχπ σȢτς 

Ὤ ὠ
ρ

ρ Ὡ
Ȣ

Ȣ

σȢτσ 

† ὠ  ψȢυψςὩ
Ȣ
Ȣ

πȢπςφω

ρ Ὡ
Ȣ

Ȣ

πȢρψψφ σȢττ 

† ὠ σςπȢσὩ
Ȣ
Ȣ πȢψχς σȢτυ 
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ὲ ὠ
ρ

ρ Ὡ
Ȣ

Ȣ

σȢτφ 

† ὠ  πȢρρψρὩ
Ȣ
Ȣ

πȢωχψς

ρ Ὡ
Ȣ
Ȣ

πȢτςτρ σȢτχ 

† ὠ  πȢωωχσὩ
Ȣ
Ȣ

ρȢςφπ

ρ Ὡ
Ȣ

Ȣ

πȢπσρω σȢτψ 

έ ὠ
ρ

ρ Ὡ
Ȣ

Ȣ

σȢτω 

ὴ ὠ
πȢωςως

ρ Ὡ
Ȣ

Ȣ

πȢπχπψ σȢυπ 

ὦ ὠ
ρ

ρ Ὡ
Ȣ

Ȣ

σȢυρ 

The time constants for the o, p, and b gating variables do not vary with voltage and are  

defined as constant parameters.  The values for each parameter may be found in Table 

3.2. 
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Table 3.2. Parameters for the Ex293 membrane model. 

Parameter Description Value 

ἏἚἩ Reversal potential of Na channels 61.6 mV 

ἯἚἩ Maximum conductance of transfected Na channels 90.34 mS/cm2 

ἯἚἩἿἼ Maximum conductance of wild type Na channels 0.6976 mS/cm2 

Ἇἕ Reversal potential of K channels -75.3 mV 

Ἧἕ Maximum conductance of transfected K channels 6.609 mS/cm2 

ἯἕἿἼ Maximum conductance of wild type K channels 0.1332 mS/cm2 

ἷ Time constant of gating variable o (wild type Na 

activation) 

0.0797 ms 

Ἰ Time constant of gating variable p (wild type Na 

inactivation) 

0.2663 ms 

Ἢ Time constant of gating variable b (wild type K 

activation) 

0.5840 ms 

 

3.2.2 Tissue Model 

The Ex293 monolayer is modeled as a grid of fixed-sized cell patches, each of 

which has a membrane voltage which evolves over time according to the above 

equations.  Cell patches are connected to each of their neighbors via gap junctions, 

modeled as a fixed resistivity.  The monolayer is isotropic ( i.e., all gap junction resistance 

values are equal).  Therefore, the instantaneous current flowing from patch a to 

neighboring patch b is given as follows:  

ὍO
ὠ ὥ ὠ ὦ

Ὑ
σȢυς 
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This current is added to patch b and subtracted from patch a.  These connections are 

represented by a sparse n×n conductivity matrix A (where n is the total number of cell 

patches in the domain), defined as the following:  

ὃȟ

ρ

Ὑ
ÉÆ É ÁÎÄ Ê ÁÒÅ ÎÅÉÇÈÂÏÒÉÎÇ ÃÏÎÄÕÃÔÉÖÅ ÐÁÔÃÈÅÓ

π ÏÔÈÅÒ×ÉÓÅ                                                                

σȢυσ 

 

Because the current must be conserved (i.e., any current added to a cell patch must be 

subtracted from a neighboring patch), each row and column of A m ust sum to zero.  

Therefore, 

ὃȟ ὃȟ σȢυτ 

or equivalently,  

ὃȟ
Ὧ

Ὑ
σȢυυ 

where k is the number of conductive patches neighboring patch i.  At each timestep, the 

net current resulting from gap junction interactions can be calculated as follows:  

Ὅ ὃὠ σȢυφ 
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4. Modeling the Effects of Sinusoidal Stimulation and 
Synaptic Plasticity on Linked Neural Oscillators 

The work presented in this chapter was published in Chaos: An Interdisciplinary 

Journal of Non-linear Science on March 2, 2020 [Eidum 2020]. 

4.1 Objectives 

Networks of neurons can exhibit intrinsic oscillatory behaviors, which play an 

important role in brain function.  Many neurological disorders have been linked to 

abnormalities in measured oscillatory activity.  Rhythmic stimulation (e.g tACS, rTMS) 

ÊÈÕɯÈÓÛÌÙɯÛÏÌɯÍÙÌØÜÌÕÊàɯÈÕËɯÚÛÙÌÕÎÛÏɯÖÍɯÛÏÌɯÉÙÈÐÕɀÚɯÐÕÛÙÐÕÚÐÊɯÖÚÊÐÓÓÈÛÐÖÕÚɯÈÕËɯÔÈàɯÉÌɯ

useful in targeting the frequency -specific effects of certain disorders.  However, the 

mechanisms by which stimulation produces lasting effects on  the frequency 

characteristics of network behavior are not well understood.  In this study, we build a 

simple model of a neural oscillator which can be tuned to exhibit a wide range o f 

intrinsic bursting frequencies.  We examine the patterns of activity that emerge when 

oscillators of different frequencies are linked via excitatory synaptic connections of 

varying strength.  We then explore how sinusoidal stimulation impacts these firin g 

patterns, and how spike-timing -dependent plasticity (STDP) can generate persistent 

changes in the frequency characteristics of post-stimulus network behavior, as a function 

of the stimulus frequency and amplitude.  We demonstrate that STDP in the connections 

between oscillating units is sufficient to produce persistent changes in observed  



 

65 

oscillatory behavior after stimulation, without changing the underlying characteristics of 

the individual oscillators.  We observe that stimul i of different frequencies can generate 

novel patterns of information flow which are reinforced through STDP  and persist after 

stimulation.   These findings suggest general principles to aid in the design of novel 

neurostimulation treatments and experiments.  

4.2 Introduction 

Across all scales of the brain, oscillations play an important role in neural 

function.  Individual neurons exhibit resonance at specific frequency bands, selectively 

responding to specific patterns of stimulation [ Puil 1986, Leung 1998, Hutcheon 2000].  

Networks  of linked excitatory and inhibitory neurons tend to fire bursts of activity at 

regular intervals, generating endogenous rhythms at particular frequencies [ Buzsaki 

1995, Whittington 2000, van Pelt 2004].  EEG measurements show large-scale synchrony 

within entire brain regions, with distinct frequencies of neural activity corresponding 

with different behavioral and cognitive states [ Berger 1929, Ray 1985, Ward 2003].  This 

oscillatory behavior represents a fundamental mode of neural communication and 

information processing [ Varela 2001, Buzsaki 2004, Fries 2005, Melloni 2007].  In both 

structure and function, the brain exhibits properties of small -world networks, 

characterized by a high degree of local connectivity but a short average path length 

between any two nodes [Sporns 2004, Yu 2008].  This configuration allows for efficient 

integration of information from distributed specialized regions computing in parallel 
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[Yu 2008].  In this sense, much of the brain can be thought of as a collection of linked 

neural oscillators.  Synchronization between these oscillators has been shown to 

selectively filter communication [ Llinas 1988, Varela 2001] and facilitate synaptic 

plasticity [ Huerta 1995, Magee 1997].  Transient phase synchrony among distant brain 

regions has been implicated as a key factor in conscious attention to various stimuli 

during performance of a task [ Roelfsema 1997, von Stein 2000]. 

These oscillations are vital to healthy brain function , and abnormal rhythms in 

brain activity  have been associated with numerous neurological disorders [Levy 2000, 

Uhlhaas 2010, Simon 2016, Fitzgerald 2018, Jafari 2020].  Rhythmic stimulation 

techniques (e.g., tACS, rTMS, high-frequency DBS) provide a method of targeting 

specific brain rhythms and  influencing them in frequency -specific ways.  Rhythmic 

stimuli can entrain neural oscillations to a specific frequency and increase the measured 

power in specific frequency bands [Ozen 2010, Zaehle 2010, Thut 2011, Helfrich 2014].  

These changes in network oscillations persist after stimulation, and some evidence 

suggests that synaptic plasticity is largely responsible [Zaehle 2010, Vernet 2013, Vossen 

2015].  Rhythmic stimulation techniques have been used to treat numerous neurological 

disorders including  depression, hallucinations, and chronic pain [Lefaucheur 2014, Lee 

2019], but the mechanisms underlying these treatments are still largely unknown.  

4ÕËÌÙÚÛÈÕËÐÕÎɯÏÖÞɯÕÌÜÙÖÚÛÐÔÜÓÈÛÐÖÕɯ×ÙÖËÜÊÌÚɯ×ÌÙÚÐÚÛÌÕÛɯÊÏÈÕÎÌÚɯÐÕɯÛÏÌɯÉÙÈÐÕɀÚɯ
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oscillatory behavior may pro ve key to optimizing existing techniques and designing 

novel treatments. 

Experimental studies into neurostimulation techniques typically measure broad -

scale effects through EEG recordings [Terney 2008, Zaehle 2010, Thut 2011, Helfrich 

2013, Vernet 2013, Vossen 2015] or behavioral metrics [ Terney 2008, Mottaghy 2000, 

Oliveri 2001, Nitsche 2003, Kincses 2004, Pogosyan 2009].  Computational modeling 

provides a tool for exploring how stimulation affects neural function in great detail 

under tightly controlled c onditions.  Previous computational studies have explored the 

endogenous generation of brain rhythms [ Maheswaranathan 2012, Kopell 2000, Borgers 

2003, Kube 2004, Lonardoni 2017] and explored the effects of sinusoidal current on large-

scale neural network models during stimulation [ Ali 2013, Kutchko 2013, Alagapan 

2016].  Previous modeling studies have also examined how synaptic plasticity in the 

presence of an external stimulus can desynchronize a neural population exhibiting 

pathologic synchronous activity [Pfister 2010, Popovych 2012].  However, little is known 

about the lasting effects of stimulation and plasticity on communication between 

oscillating assemblies, particularly those with different frequencies.  Changes in synaptic 

strength are governed largely by the relative timing of pre - and post-synaptic action 

potentials [Levy 1983, Froemke 2002, Caporale 2008, Shouval 2010].  This suggest that 

small changes in the relative frequencies exhibited by linked oscillating neural 
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assemblies may result in substantial changes in synaptic strength and subsequent neural 

activity.  

6ÌɯÏà×ÖÛÏÌÚÐáÌɯÛÏÈÛɯÌÕÛÙÈÐÕÔÌÕÛɯÛÖɯÈÕɯÌßÛÌÙÕÈÓɯÚÛÐÔÜÓÜÚɯÊÈÕɯËÐÚÙÜ×ÛɯÈɯÕÌÛÞÖÙÒɀÚɯ

innate firing patterns, changing the relative timing of oscillating units, and that synaptic 

plasticity dur ing stimulation can cause changes in the exhibited frequency behavior of 

the network long after the stimulus ends.  In this study, we use computational neuron 

models to generate simple, intrinsically oscillating neural circuits that can exhibit a wide 

range of bursting frequencies.  These oscillators are then linked together via reciprocal 

excitatory synapses exhibiting spike-timing -dependent plasticity (STDP).  We first fully 

parameterize the behavior of a two-oscillator network as a function of the oscillÈÛÖÙɀÚɯ

intrinsic bursting frequencies and the strength of synaptic connections.  We then subject 

these networks to a wide array of AC currents of various frequencies and amplitudes, 

and characterize the frequency behavior of the networks during and after s timulation.  

Lastly, we generate large grids of oscillators with varying frequencies, subject the grids a 

wide array of sinusoidal stimuli, and observe the resulting post -stimulus behavior in 

terms of its frequency content and the changes in synaptic strengths.  The results show 

that synaptic plasticity between oscillating neural assemblies is sufficient to produce 

persistent changes in the measured frequency content of neural activity.  In networks of 

two oscillators, stimuli that entrain network firing re inforce existing patterns of activity 

while those that disrupt the intrinsic firing patterns promote new rhythms with different 
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frequency content.  In large grids of oscillators, synchronization arises at the network 

level according to the complex paths by which bursts of activity cascade through the 

network.  Stimulation alters these paths and can promote or impede network synchrony 

depending on its parameters.   Notably, two stimuli with the same frequency but 

differing amplitudes can have opposite effect s on the resulting post-stimulus network 

synchrony. 

4.3 Results 

4.3.1 Individual Oscillator 

Simple oscillating neural circuits were constructed, consisting of two excitatory 

and two inhibitory neurons ( see Figure 4.1).  The oscillator architecture is based on the 

model presented by Kopell et al. [Kopell 2000], although the neuron models differ in 

implementation and behavior.  In the absence of external input, spontaneous action 

potentials in the excitatory neurons wi ll trigger a rapid burst of activity in the inhibitory 

neurons.  This, in turn, silences the oscillator for a period of time, the duration of which 

is determined by the parameters of the neuron model.  In particular, the a parameter in 

the Izhikevich model  describes the timescale of the recovery variable, u.  By adjusting 

the value of the a parameter, we can generate oscillators which fire at any frequency 

between 3 and 11 Hz.  

When exposed to sinusoidal stimulus current, these oscillators may be entrained 

to fire at the frequency of the stimulus.  The stimulus amplitude necessary to entrain a  
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Figure 4.1.  Simple, tunable four -neuron oscillator model.   a.  Neural circuit 

diagram of a single oscillator, containing two excit atory (Ex) and two inhibitory (In) 

neurons.  Ex1 serves as an input and Ex2 as an output.  b.  Oscillator frequency as a 

function of the Izhikevich model parameter a.  Higher values of a cause faster recovery 

after inhibition, leading to a higher intrinsic  frequency of oscillator bursting.   c.  Voltage 

traces of oscillator models with intrinsic frequencies of 10 (top), 7 (middle), and 4 

(bottom) Hz.  By selecting the right value of the a parameter, an oscillator can be created 

which intrinsically fires at a ny frequency between 3 and 11 Hz. 

 

single oscillator firing to the stimulus frequency follows a pattern typical of Arnold 

tongues; the greater the difference between the frequency of the applied stimulus and 

the intrinsic or harmonic frequencies of the oscillator, the more current is required 

(Figure 4.2).  Entrainment is measured using the phase locking value (PLV), a value 

between 0 and 1 which measures the extent to which action potentials reliably occur 

during a particular phase of the stimulus [ Lachaux 1999], defined as 

ὖὒὠ
ρ

ὔ
Ὡ τȢρ 

ÞÏÌÙÌɯϛȹÒȺɯÐÚɯÛÏÌɯ×ÏÈÚÌɯÖÍɯÛÏÌɯÚÛÐÔÜÓÜÚɯÚÐÎÕÈÓɯÈÛɯÛÏÌɯÛÐÔÌɯÖÍɯÛÏÌɯÒÛÏɯÈÊÛÐÖÕɯ×ÖÛÌÕÛÐÈÓȭ 

a b
c
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Figure 4.2. Phase locking of an oscillator to a sinusoidal stimulus.   A single 

model oscillator with an intrinsic bursting frequency of 8 Hz was subjected to sinusoidal 

stimulus current of a wide array of frequencies and amplitudes.  For each stimulus 

condition, the phase locking value was calculated, measuring the degree to which the 

ÖÚÊÐÓÓÈÛÖÙɀÚɯÈÊÛÐÖÕɯ×ÖÛÌÕÛÐÈÓÚɯÖÊÊÜÙɯÈÛɯÈɯ×ÈÙÛÐÊÜÓÈÙɯ×ÏÈÚÌɯÖÍɯÛÏÌɯÚÛÐÔÜÓÜÚɯÚÐÎÕÈÓȭɯɯ3ÏÌɯ

oscillator will readily phase -lock to stimuli which closely match its intrinsic or harmonic 

frequencies; in general, the more the stimulus differs from these frequencies, the greater 

the current required to induce phase locking.  

 

4.3.2 Two-oscillator Networks 

4.3.2.1 Effects of synaptic weight on firing patterns  

When two 4-neuron oscillators are linked via excitatory synapses, their behaviors 

are governed by their intrinsic frequencies and the strengths of the synaptic connections.  

If the synapses are sufficiently weak, the oscillators independently fire bursts of activity 

at their intrinsic frequencies.  However, above some threshold synaptic strength, the 
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Figure 4.3.  Threshold synaptic strength for synchronization between two 

oscillators.   When two oscillators are linked via reciprocal excitatory synapses, they will 

synchronize their firing if the connections are sufficiently  strong.  Networks of two 

oscillators were created, one with a fixed a parameter of 0.01 (f = 6.917) and one varying 

between 0.0055 (f = 3.580) and 0.014 (f = 9.724).  The synaptic weights of the inter-

oscillator connections were varied to determine the connection strength required to 

synchronize oscillator firing.  Reported connection strengths are scaled relative to the 

intra -oscillator excitatory synaptic weights.  

 

oscillators will synchronize their firing.  The fast oscillator (i.e. the one with the  

higher intrinsic frequency) will fire first, and the excitatory synaptic current recruits the 

slow oscillator to fire as well.  Subsequently, both oscillators enter their refractory 

periods and the cycle repeats, producing a pattern of 1:1 mode locking.  The synaptic 

current from the slow to fast oscillator occurs during the very beginning of the fast 

ÖÚÊÐÓÓÈÛÖÙɀÚɯÙÌÍÙÈÊÛÖÙàɯ×ÌÙÐÖËɯÈÕËɯÏÈÚɯÝÐÙÛÜÈÓÓàɯÕÖɯÐÔ×ÈÊÛɯÖÕɯÛÏÌɯÍÈÚÛɯÖÚÊÐÓÓÈÛÖÙɀÚɯÍÐÙÐÕÎȭɯ
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The activity of the slow oscillator is being driven entirely by that  of the fast, and the 

network synchronizes to the higher of the two intrinsic frequencies.  The threshold 

synaptic strength at which synchronization occurs is determined by the difference in the 

ÖÚÊÐÓÓÈÛÖÙɀÚɯÐÕÛÙÐÕÚÐÊɯÍÙÌØÜÌÕÊÐÌÚɯȹsee Figure 4.3). 

This 1:1 mode locking will always occur if the synaptic current induced by the 

fast oscillator is strong enough to reliably induce an early burst in the slow oscillator.  

However, below this threshold, other firing patterns may emerge.  To characterize this 

behavior, we generated pairs of slow (5 and 6 Hz) and fast (8, 9, and 10 Hz) oscillators  

 
Figure 4.4.  Mode locking exhibited by two linked oscillators with imbalanced 

excitatory synapses.   Two oscillators with different intrinsic frequencies (from left to 

right: (8 Hz, 5 Hz), (9 Hz, 5 Hz), (10 Hz, 5 Hz), (10 Hz, 6 Hz)) were linked via excitatory 

synapses with fixed weights, and the resulting mode locking ratios were measured.  

Additional oscillator pairs and beh avioral metrics are provided in the supplemental 

materials (S1 Fig).  Each point in the above images represents a set of synaptic weights 

(w fastŸslow, wslowŸfast).  Weights are given as a scale relative to the strength of the intra-

oscillator excitatory synapses.  The red line indicates where wfastŸslow = wslowŸfast.  When 

both weights are sufficiently small, the oscillators are decoupled and each fires at its 

intrinsic frequency.  When w fastŸslow is above some threshold, both oscillators fire at the 

higher of their intrinsic frequencies in a 1:1 mode locking pattern.  When w fastŸslow is low 

but w slowŸfast is high, the network may enter a 2:1 mode locking ratio.  As Figure A.1 

demonstrates, this occurs when the slow oscillator consistently drives the fast to fire at a 

ÏÈÙÔÖÕÐÊɯÖÍɯÛÏÌɯÚÓÖÞɯÖÚÊÐÓÓÈÛÖÙɀÚɯÐÕÛÙÐÕÚÐÊɯÍÙÌØÜÌÕÊàȭ 
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and fixed the synaptic weights to an array of values.  The synaptic weight from the slow 

to fast oscillator ranged from 0 to 0.5 and the reverse ranged from 0 to 0.1.  The resulting 

networ k activity is characterized by the expressed frequencies of the oscillators, the 

mode locking ratio, and the driving node.  An oscillator is considered to be the driving  

node if at least 75% of its bursts immediately precede a burst in its counterpart, or if at 

ÓÌÈÚÛɯƛƙǔɯÖÍɯÐÛÚɯÊÖÜÕÛÌÙ×ÈÙÛɀÚɯÉÜÙÚÛÚɯÈÙÌɯÐÔÔÌËÐÈÛÌÓàɯ×ÙÌÊÌËÌËɯÉàɯÈɯÉÜÙÚÛɯÖÍɯÐÛÚɯÖÞÕȭɯɯ3ÏÌɯ

resulting mode locking ratio for each parameter set are presented in Figure 4.4.  The 

remaining trials and metrics are provided in Appendix A  (see Figure A.1).  If the 

synaptic current is strong enough to evoke an early burst in the slow oscillator only 

some of the time, the network may exhibit (n+1):n mode locking, in which every n +1 

bursts in the fast oscillator cause to n bursts in the slow.  In such cases, the network is 

still driven by the fast oscillator and the exhibited frequency is unchanged.  However, 

under certain conditions, it is possible for 2:1 mode locking to occur, i n which the slow 

ÖÚÊÐÓÓÈÛÖÙɯÙÌÊÙÜÐÛÚɯÛÏÌɯÍÈÚÛɯÛÖɯÍÐÙÌɯÈÛɯÈɯÏÈÙÔÖÕÐÊɯÖÍɯÛÏÌɯÚÓÖÞɯÖÚÊÐÓÓÈÛÖÙɀÚɯÍÙÌØÜÌÕÊàȭɯɯ3ÏÐÚɯ

ÚÐÛÜÈÛÐÖÕɯÖÊÊÜÙÚɯÙÌÈËÐÓàɯÞÏÌÕɯÛÏÌɯÍÈÚÛɯÖÚÊÐÓÓÈÛÖÙɀÚɯÍÙÌØÜÌÕÊàɯÐÚɯÈÛɯÖÙɯÕÌÈÙɯÈɯÏÈÙÔÖÕÐÊɯÖÍɯ

ÛÏÌɯÚÓÖÞɯÖÚÊÐÓÓÈÛÖÙɀÚɯÍÙÌØÜÌÕÊàɯÉÜÛɯÙÌØÜÐÙÌÚɯÊÖÕÚÐËÌÙÈÉÓe weight imbalances to achieve 

otherwise. 

4.3.2.2 Post-stimulus effects of STDP on firing patterns  

When synaptic strengths are modulated by STDP, the change in synaptic weight 

is determined by the relative timing of the pre - and post-synaptic action potent ials.  In  
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Figure 4.5.  Mode locking ratios of two oscillators linked with plastic synapses 

after sinusoidal stimulation.   Two oscillators with different intrinsic frequencies (from 

left to right: (8 Hz, 5 Hz), (9 Hz, 5 Hz ), (10 Hz, 5 Hz), (10 Hz, 6 Hz)) were linked via 

excitatory synapses exhibiting spike-timing -dependent plasticity.  Networks were 

simulated for 21 seconds, with a sinusoidal stimulus current applied uniformly to all 

neurons between t = 1 and t = 11 seconds.  Each point in the above images represents a 

stimulus condition (f, a), where f is the frequency of the sinusoid in Hz and a is the 

amplitude in nA.  Additional trials and metrics are provided in the supplemental 

materials (S2 Fig). 

 

the two-oscillator network, the result is that the synapse from the driving oscillator to 

the driven oscillator will strengthen over time while the reverse synapse will weaken, 

ÞÏÐÊÏɯÞÖÙÒÚɯÛÖɯÍÜÙÛÏÌÙɯÙÌÐÕÍÖÙÊÌɯÛÏÌɯËÙÐÝÌÙɀÚɯÚÛÈÛÜÚȭɯɯ3ÏÌÙÌÍÖÙÌȮɯÐÕɯÖÙËÌÙɯÛÖɯ×ÙÖËÜÊÌɯÈɯ

lasting change in the exhibited frequency of the network through stimulation, the 

stimulus must induce new patterns of activity, which disrupt the existing driver/driven 

paradigm.  If the change in synaptic weights is sufficient to push the network into a 

parameter space in which the driver/driven status is reversed, the changes will persist 

after stimulation.  

To determine the stimulus parameters necessary to invoke such changes, we 

generated six pairs of oscillators and subjected them to a wide array of stimulus 
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strengths and frequencies.  The intrinsic frequencies of the oscillators were the same as 

in the previous experiment, but initial synaptic weights in each direction were set to 

0.05.  Sinusoidal current was applied uniformly to all neurons in the network, with  

frequencies ranging from 1 to 20 Hz and amplitudes ranging from 0 to 7 nA.  The 

resulting network activity was characterized by the phase locking value of each 

oscillator to the stimulus, the exhibited frequency of each oscillator after stimulation, 

and the mode locking ratio and driving oscillator of the network post -stimulus.  The 

resulting mode locking ratios are presented in Fig ure 4.5.  Voltage traces from several 

example trials are presented in Figure 4.6.  Additional trials and metrics are provided in 

Appendix A  (see Figure A.2). 

In the absence of synaptic connections, the phase locking value for each oscillator 

ÍÖÓÓÖÞÚɯÈÕɯ ÙÕÖÓËɯÛÖÕÎÜÌɯ×ÈÛÛÌÙÕɯÊÌÕÛÌÙÌËɯÈÛɯÛÏÌɯÖÚÊÐÓÓÈÛÖÙɀÚɯÐÕÛÙÐÕÚÐÊɯÍÙÌØÜÌÕÊàɯȹsee 

Figure 4.2).  When connected into a network of two oscillators, the phase locking values 

of the fast oscillator remain virtually unchanged, but the phase locking behavior of the 

slow oscillator is primarily dominated by that of the fast oscillator.  The most common 

result of stimulation is a reinforcement of  the 1:1 mode locking behavior, with the fast 

oscillator driving network activity.  In the (6 Hz, 8 Hz) and (6 Hz, 9 Hz) cases, this is the 

result observed for virtually every pair of stimulus parameters ( see Figure A.2).  

However, in each of the other cases, there exist regions of the parameter space which 

cause disruption to this 1:1 mode locking pattern.  Most changes result in a 3:2 or 4:3 
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mode locking pattern in which oscillators alternate driving the other, although the 

resulting fundamental frequency  is still determined by the faster oscillator.  However, in 

the (5 Hz, 9 Hz) case, a 2:1 mode locking pattern can emerge in which the slow oscillator  

 

 
Figure 4.6.  Behavior of linked pairs of oscillators subjected to a sinusoidal 

stimulus.   Voltage traces of one second of activity from the pre-stimulus (left), stimulus 

(middle), and post -stimulus (right) phases are shown from eight trials.  Green denotes 

excitatory neurons while red denotes inhibitory.  For each pair o f oscillators, two stimuli 

with different parameters are presented (shown in blue) which elicit different firing 

patterns both during and after stimulation.  These examples illustrate many of the mode 

locking patterns presented in Figure 4.5. 
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consistently drives the fast to fire at 10 Hz.  As demonstrated above, because the fast 

ÖÚÊÐÓÓÈÛÖÙɀÚɯÍÙÌØÜÌÕÊàɯÞÈÚɯÊÓÖÚÌɯÛÖɯÛÏÌɯÚÓÖÞɯÖÚÊÐÓÓÈÛÖÙɀÚɯÏÈÙÔÖÕÐÊȮɯÛÏÌɯÞÌÐÎÏÛɯÐÔÉÈÓÈÕÊÌɯ

necessary to achieve this pattern is significantly smaller. 

While the results of stimulation depend on many factors, some key patterns may 

be noted.  When both oscillators are phase-locked to the stimulus, the result is nearly 

always a 1:1 mode locking in which the fast stimulus acts as the driver.  Both oscillators 

fire once per period of the stimulus signal, but the oscillator with the higher intrinsic 

frequency fires first and the synaptic strength from the fast oscillator to the slow is 

steadily increased, pushing it beyond the synchronization threshold demonstrated 

above.  This means that regions of the parameter space which correspond to different 

×ÏÈÚÌɯÓÖÊÒÐÕÎɯÔÖËÌÚɯÓÐÌɯÐÕɯÛÏÌɯÎÈ×ÚɯÉÌÛÞÌÌÕɯÛÏÌɯÍÈÚÛɯÖÚÊÐÓÓÈÛÖÙɀÚɯ ÙÕÖÓËɯÛÖÕÎÜÌÚȭɯɯ.Íɯ

particular interest are the regions in the (5 Hz, 9 Hz) case in which the slow oscillator 

becomes the driver node, as this represents a fundamental change in network dynamics 

and exhibited frequency.  These regions correspond to stimuli which phase lock the 

firing of the slow oscillator but not the fast.  If the goal were to promote the influence of 

the 5 Hz oscillator, an intuitive idea would be to apply a 5 Hz stimulus, and while this is 

possible, the margin of error on the stimulus parameters is incredibly slim.  A more 

feasible approach would be to use a frequency of 12-14 Hz, falling just between the 

primary and first harmonic of the fast oscillator, or a frequency of 23 -25 Hz, falling 

between the first and second harmonic, as these represent much larger targets in the 
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parameter space.  In other circumstances, such as the (6 Hz, 8 Hz) and (6 Hz, 9 Hz) cases, 

stimulating at the frequency of the slow oscillator would have the opposite effect; 

because 6 Hz falls within the primary Arnold tongue of the fast oscillator, the 1:1 mode 

locking would be reinforced.  In summary, the response of each network com ponent to 

the stimulus frequency must be considered and disrupting the primary pattern of 

activity may prove more effective at eliciting change than directly promoting a desired 

frequency. 

4.3.3 Oscillator Grid Network 

To explore the effects of synaptic plasticity and sinusoidal stimulation on large 

networks of interacting oscillators, ten by ten grids of oscillators were created, and each 

node was given a random a parameter between 0.005 and 0.02, leading to intrinsic 

frequencies ranging from 3.25 to 11.03 Hz.  Each oscillator was connected to its 

immediate neighbors by reciprocal excitatory connections exhibiting STDP ( see Figure 

4.7).  Even in the absence of stimulus, regions of the network exhibit transient local 

synchrony; neighboring oscillators tend t o synchronize their bursting for a few cycles, 

until the difference in their intrinsic frequencies causes them to drift out of phase ( see 

Figure 4.8).  This ever-shifting balance of synchrony and disorder means individual 

oscillators do not  
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Figure 4.7.  A grid of linked oscillators.   Each square represents a four-neuron 

oscillator presented in Figure 1a.  Each receives input from and provides output to its 

immediate neighbors in the form of excitatory synapses exhibiting spike -timing -

dependent plasticity.  

 

exhibit precise frequencies of activity or mode locking patterns with their neighbors.  

However, a clear preferred frequency emerges at the network level.  The excitatory 

synaptic interactions cause oscillators to tend to converge to a single frequency, which is 

higher than the intrinsic frequency of any individual oscillator.  

Fifty randomized networks were generated, and each was simulated 1024 times 

under an array of stimulus strengths and frequencies.  This process was repeated three 

times with different initial inter -oscillator synaptic weights.  The PLV of network 

spiking to the stimulus current was measured, as well as the power spectrum of the  
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Figure 4.8.  Intrinsic behavi or of oscillators in a grid.   A 10 by 10 grid of 

oscillators with random intrinsic frequencies was simulated in the absence of external 

stimulus.  a.  Raster plot of 500 ms of network activity.  Excitatory synapses tend to 

synchronize neighboring regions  while differences in intrinsic frequencies cause them to 

drift apart, leading to alternating periods of local synchrony and disarray.  b.  Power 

spectra of a random sample of oscillators in the absence (top) and presence (bottom) of 

inter -oscillator synapses.  Intrinsic frequencies vary between 3.25 and 11.03 Hz.  In 

isolation, oscillators exhibit activity only at their intrinsic frequencies and harmonics.  In 

a linked grid, mutual excitation causes the expressed frequency of all oscillators to 

converge toward a single frequency which is higher than any intrinsic frequency in the 

network.  

 

post-stimulus network activity.  As in the single and two -oscillator cases, the network 

may be entrained to a sufficiently strong sinusoidal current.  The amplitude requi red is 

ÔÐÕÐÔÈÓɯÞÏÌÕɯÛÏÌɯÚÛÐÔÜÓÜÚɯÍÙÌØÜÌÕÊàɯÊÓÖÚÌÓàɯÔÈÛÊÏÌÚɯÕÌÛÞÖÙÒɀÚɯ×ÌÈÒɯÖÙɯÏÈÙÔÖÕÐÊɯ

frequencies and generally increases with greater frequency differences.  The primary 

Arnold tongue widens with greater initial inter -oscillator synaptic weights, signifyi ng 

a b
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that increased communication between oscillators of differing frequencies can facilitate 

phase locking to a wider range of signals. 

A time varying estimate of the network -averaged firing rate during the ten 

second post-stimulus period, measured in spike s per second, was calculated by 

averaging the spike trains across all neurons in the network and convolving the result 

ÞÐÛÏɯÈɯ&ÈÜÚÚÐÈÕɯÒÌÙÕÌÓɯȹϦɯǻɯƙɯÔÚȺȭɯɯ3ÏÌɯ#"ɯÊÖÔ×ÖÕÌÕÛɯÞÈÚɯÚÜÉÛÙÈÊÛÌËɯÖÜÛɯÈÕËɯÛÏÌɯ

power spectral density of the network activity was calcul ÈÛÌËɯÜÚÐÕÎɯ6ÌÓÊÏɀÚɯÔÌÛÏÖËȭɯɯ

Three features of the power spectrum were extracted: the mean power over the 

frequency range 1-100 Hz (measured in spikes per second per Hz, or spikes), 

representing the aggregate strength of network oscillatory activity; the ma ximum 

power, representing the degree of network synchrony to a preferred frequency; and the 

frequency at which maximum power occurs.  These results were averaged across all 50 

randomized networks.  The full summary of network behaviors across all stimulus 

parameters is presented in Figure 4.9.  Network activity from six example trials are 

presented in Figure 4.10, demonstrating the effects of stimulus waveform on post -

stimulus behavior.  

In the case of strong initial connections between oscillators, relatively little 

variability is observed in the post -stimulus network behavior when compared to the 

other two conditions.  This is not entirely unexpected, since the magnitude of the 

synaptic weight changes during stimulation is smaller relative to their initial values.   
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Figure 4.9.  Effects of sinusoidal stimulus on grids of linked oscillators.   Grids 

of 100 oscillators with random frequencies were generated with different initial inter -

oscillator synaptic weights (from left to right: w 0 = 0.05, w0 = 0.25, w0 = 1).  Each was 

simulated for 21 seconds, with sinusoidal stimulus applied from t = 1 to t = 11 seconds.  

The behavior of the network was evaluated in terms of the phase locking of to the 

stimulus frequency during stimula tion, as well as the peak frequency, average power, 

and peak power in the power spectrum of post -stimulus network activity.  Each point in 

the above images represents a stimulus condition (f, a), where f is the frequency of the 

sinusoid in Hz and a is the amplitude in nA.  Each pixel represents measurements 

averaged across 50 trials with different random seeds.  
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