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The moment one gives close attention to anything, even a blade of grass, it 

becomes a mysterious, awesome, indescribably magnificent world in itself.

- Henry Miller

A child of five would understand this.  Send someone to fetch a child of five.

- Groucho Marx
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ABSTRACT OF THE DISSERTATION

Physical methods for generating and decoding neural activity in Hirudo 
verbana

by

Benjamin John Migliori

Doctor of Philosophy in Physics (Biophysics)

Professor William B. Kristan, Jr,  Chair
Professor Massimiliano Di Ventra, Co-Chair

! The interface between living nervous systems and hardware is an excellent 

proving ground for precision experimental methods and information classification 

systems.  Nervous systems are complex (104 - 1015(!) connections), fragile, and highly 

active in intricate, constantly evolving patterns. However, despite the conveniently 

electrical nature of neural transmission, the interface between nervous systems and 

hardware poses significant experimental difficulties.  As the desire for direct interfaces 

with neural signals continues to expand, the need for methods of generating and 

measuring neural activity with high spatiotemporal precision has become increasingly 

critical.

! In this thesis, I describe advances I have made in the ability to modify, 

generate, measure, and understand neural signals both in- and ex-vivo. I focus on 

methods developed for transmitting and extracting signals in the intact nervous system 

of Hirudo verbana (the medicinal leech), an animal with a minimally complex nervous 

system (10000 neurons distributed in packets along a nerve cord) that exhibits a 

diverse array of behaviors. 

xi



! To introduce artificial activity patterns, I developed a photothermal activation 

system in which a highly focused laser is used to irradiate carbon microparticles in 

contact with target neurons. The resulting local temperature increase generates an 

electrical current that forces the target neuron to fire neural signals, thereby providing a 

unique neural input mechanism. These neural signals can potentially be used to alter 

behavioral choice or generate specific behavioral output, and can be used 

endogenously in many animal models.  I also describe new tools developed to expand 

the application of this method.

! In complement to this input system, I describe a new method of analyzing 

neural output signals involved in long-range coordination of behaviors. Leech 

behavioral signals are propagated between neural packets as electrical pulses in the 

nerve connective, a bundle of neural transmission fibers. These signals control and 

coordinate sophisticated behavioral motions allowing the animal to combine several 

stereotypical behaviors to performs actions such as hunting.  I developed a blind 

source separation technique to isolate individual axon activity patterns from noisy, 

highly overlapping local voltage measurements of the intact bundle. These axon activity  

patterns correspond to single neural sources.  My unsupervised algorithm can extract 

candidate signal patterns that are undetectable by established techniques.  Using a 

propagation-sensitive electrode I developed, I am able to acquire neural signal velocity 

and direction information. With this set of information, I successfully identify 

rhythmically active multifunctional neurons that participate in interganglionic signaling 

during swimming, crawling, and whole-body shortening.  I also demonstrate tracking of 

single neural sources across distant measurement sites.  These results demonstrate a 

new way to search for behaviorally important biological signals, and help locate and 

identify signals involved in specific behaviors in Hirudo.

xii



1     Introduction

1.1  How physics and neurobiology help each other

! To illustrate one of the many ways in which physics and neurobiology are 

interrelated, we can look to the history of the action potential.  The primary functional 

cells in nervous systems are called neurons.  Neurons are highly specialized cells that 

maintain an electric field across their cell membranes.  Each neuron consists of a cell 

body, a web of chemical inputs called dendrites, and a long cable (sometimes meters 

long in large animals!) called an axon that transmits an output signal. Each neuron 

actively pumps sodium and potassium ions across the high-impedance cellular 

membrane to establish concentration and charge gradients that allow for electrical 

transmission; the electric field across the membrane can be on the order of megavolts/

meter!  A neuron at rest can be described accurately as an RC circuit; however, 

neurons have a special nonlinearity built in1.  The large transmembrane electric field 

forces special channels in the membrane shut, blocking passive ion flow. When a 

specific chemical signal arrives, it releases small amounts of positive charges inside 

the target neuron, which can reduce the electric field.  This causes some of these ion 

channels to snap open, acting as nonlinear resistive elements.  Ions then rush across 

the gradient, reducing the nearby electric field even further.  This causes a propagating 

cascade of channels to open, and creates a moving wave of transverse ionic flow.  We 

call this propagating wave an action potential or spike, and it can cause a shift of as 

much as 30 mV - 90 mV in the membrane potential over just a few milliseconds.  These 

spikes are a major part of the signaling performed in neural circuits.
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! Modeling and studying these spikes led directly to the 1963 Nobel Prize in 

Physiology or Medicine for Andrew Huxley and Alan Hodgkin. By studying axons of the 

giant squid, Hodgkin and Huxley were the first to fully model action potentials 2.  In 

order to do so successfully, they borrowed from their experience in electronics, 

engineering, and physics to develop specialized circuits for measuring the ion flows 

resulting from these spikes.  By studying the system in detail, they were able to 

develop a complete electrical analog of the system in terms of resistors, capacitors, 

and batteries.  They had the insight to use a set of differential equations define the 

conductances (1/R) of the specialized channels.  They used the language and tools of 

physics to accurately describe a fundamental biological system.

! Physicists are often looking for model systems in which to develop and test 

ideas. Neurobiologists are often looking for predictive solutions to the incredibly 

complex phenomena encountered in neurobiology.  In neurobiology, researchers 

encounter small objects to study, nonlinear electrical elements, and a fundamentally 

fragile connection network.  These challenges offer the experimentalist a chance to 

develop new methods and techniques to overcome these hurdles.  At the same time, 

measurements of neurons often have a low signal to noise ratio, are information-

dense, and neural systems are highly interconnected.  These features offer the theorist 

a series of interesting problems to study and model.  In return for the effort of both 

biologists and physicists, neurobiology offers a glimpse at the fundamental principles 

behind the complex systems that comprise animal life.!

1.2  Why Hirudo verbana?

! One of the most important choices in understanding any physical phenomena is 

the choice of which system to investigate.  In systems neuroscience, this becomes 

2



critical, as the mechanics of the system dictate the techniques and equipment needed 

to successfully observe and measure phenomena.  Neural systems are universally 

complex, and present technical challenges for experimental study.  These systems are 

built from small parts, require precise thermal and chemical equilibrium, and are active 

in intricate, highly interdependent ways.  In most vertebrate systems, the majority of the 

nervous system is clustered into a three dimensional multi-layered object.  This makes 

experimental access without disrupting the system very difficult. In simpler organisms, 

such as the worm C. elegans, there are as few as several thousand connections3, 

while in the human brain there are an estimated 1015 connections 4. Knowing the 

connections is only part of the battle5, as even when the connections are known, the 

activity of those connections are modulated by chemical neurotransmitters6.  

Understanding activity in the human brain [as mentioned in the 2013 State of the Union 

by President Barack Obama] will lead to medical and engineering advances.  However, 

it is a problem with many significant theoretical and technical hurdles to overcome.  By 

choosing a simpler system to study, it is often possible to reveal fundamental principles  

common to all neural systems.  We direct our studies toward the medicinal leech, 

Hirudo verbana.
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  ! The medicinal leech is a fascinating animal.  An invertebrate annelid worm, 

Hirudo has a nervous system consisting of roughly 10000 neurons distributed in 21 

packets called segmental ganglia along a nerve cord.  At the anterior and posterior are 

a set of specialized ganglia called the headbrain and tailbrain, respectively.  Each 

ganglion consists of approximately 400 neurons, many of which are 

“mirrored” (homologous) from ganglion to ganglion. Neurons in each ganglion are also 

often bilaterally paired.  Each ganglion functions as a local decision-making unit that 

controls a segment of the animal, although there are some unique neural inputs known 

to come from the headbrain7 as well.  Each ganglion communicates with adjacent or 

distal ganglia8 via neural signals called action potentials9 transmitted along axon fibers 

in the nerve cord or connective bundle.  Each ganglion also connects to the body of the 

Figure 1.1  Hirudo verbana

Hirudo verbana, the medicinal leech.  A predator capable of sophisticated interaction 
with its environment, this annelid worm is a uniquely powerful tool with which to study 
systems neuroscience.

Image courtesy Creative Commons
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leech via peripheral nerves that carry motor signals out and sensory input in. 

Microscopy studies10 have found approximately 104 axons in the connective.

!  Although it has a “minimally” complex nervous system, the leech is capable of 

making sophisticated decisions based on environmental information, and it executes 

those behaviors through an elegant array of highly stereotyped behaviors.  Leech 

behaviors, illustrated in Figure 1.2, include feeding11, reproductive behavior8, 

swimming7, crawling12, local bending13(a localized evasive response), and whole-body 

shortening14(a global evasive response).  These behaviors are consistent from animal 

to animal, and the expected motor patterns that can be observed in the peripheral 

nerves are known.  
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! Hirudo also proves especially suited for measurement and study of signals 

underlying animal behaviors.  Because each ganglion acts as a functional unit, many 

experiments can be performed in isolated segmental ganglia.  For experiments on 

individual neurons, such as the activation studies described in Chapter 3, the single-

ganglion preparation is ideal.  For more complete studies, the nervous system can be 

surgically removed in what is called the “isolated” preparation (Figure 1.3).  

Figure 1.2  Behaviors in the medicinal leech

The leech performs most behaviors through highly stereotyped actions shown here.  
Local bending (dorsal and ventral examples shown) and whole-body shortening are 
evasive actions in response to noxious stimuli.  Swimming, crawling, and feeding 
behaviors are all well described by known motor patterns visible in nerve recordings.

Image courtesy William Kristan Jr.
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In this preparation, the nerve cord and ganglia are bathed in a solution similar to that 

found in the leech circulatory system.  The advantage to this system is that leech 

behaviors will occur in the complete absence of proprioceptive feedback.  As a result, 

stimuli to the peripheral nerves will result in “fictive” behaviors, in which the leech 

generates motor patterns such that if the peripheral nerves were attached to muscle, 

the signals in the nerves would execute that behavior15.  This is crucial from an 

experimental point of view, as most nervous systems are either impossible to isolate 

from the body or require feedback.  With the nervous system isolated, experimental 

access is hugely improved, and results can be compared to behavioral dynamics in the 

intact animal. During behavioral coordination in isolated cords, signals traveling from 

one ganglion to another can only be transmitted in the connective.  This provides an 

excellent measurement candidate and is fully explored in Chapter 6.  

1.3  Direct and indirect neural measurements

Figure 1.3  The leech central nervous system

A diagram of the medicinal leech, with each segment indicated with a black dot.  The 
nervous system, highlighted within the body, may be surgically removed in the 
“isolated nerve cord” preparation as shown below.  Each of the 21 segmental ganglia 
are visible, as are the head and tailbrain.  An image of a single segmental ganglion is 
shown at right, with circles indicating approximate neuron positions on the ventral 
aspect.

Image courtesy William Kristan Jr.
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! Traditionally, electrical recordings are acquired intracellularly from neurons by 

piercing the neural membrane with a specialized micropipette.  This micropipette is a 

glass pipe heated and pulled to a very fine tip (1µm or less) and filled with a conducting 

solution.  In the solution, a silver wire coated with silver chloride allows electron 

exchange with the fluid.  This allows the flow of ions in or out of the tip (as the cell 

changes the membrane potential during action potentials) to be converting into a flow 

of electrons in the silver wire.  By placing a grounding Ag/AgCl electrode in the bath 

solution outside of the neuron, this arrangement acts precisely as a voltmeter (Figure 

1.4)16.  

Intracellular recordings are limited in temporal resolution by the sampling frequency of 

the acquisition system, and are spatially precise because the experimenter knows 

which neuron they have pierced.  Unfortunately, these measurement require 

mechanical placement of electrodes.  This provides an enormous constraint on the 

number of neurons that can be measured at a given time.  The very best 

electrophysiologists are able to record from 6 - 8 neurons at a time;  this pales in 

comparison to the number of neurons comprising even the simplest neural circuits.

Figure 1.4  Neural electrical measurements

(a) Neurons are typically measured intracellularly with a sharp microelectrode in the 
arrangement shown.  The membrane resistance (Rm) and potential (Em) can then be 
sampled by an amplifier.  The equivalent circuit including amplifier and electrode 
impedance (Rin and Re) is shown in (b).
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! An extension of the intracellular technique, called extracellular recordings, 

provide some improvements but come with costs.  By simply placing the electrode and 

the signal ground near a neuron of interest, it is possible to differentially measure local 

potential changes16.  This does not require such precise control over the electrode tips, 

and extracellular electrodes can be built into arrays or grids allowing recording from 

many more locations than with intracellular electrodes17,18.   However, this causes a 

new problem; without a direct intracellular connection, there is no guarantee that the 

potential being measured at a particular electrode will belong to a single, known 

neuron.  The extracellular measurements could arise from mixtures or overlapping 

signals corresponding to multiple neural source.  This makes extracellular 

measurements a special example of the blind source separation problem19.  In blind 

source separation, measurements are processed to attempt to recover the original 

sources creating a summed signal, such as that observed with extracellular electrodes.   

In the leech specifically, access to nerves (bundles of axons going to or coming from 

specific locations) help to constrain this problem.  Extracellular recordings from these 

nerves will only measure overlapping signals from nearby ganglia, and several signals 

in the mixture have been identified and characterized by recording simultaneously with 

intracellular and extracellular electrodes13.  A more difficult problem arises in recording 

interganglionic signals as they travel from ganglion to ganglion in the leech connective 

bundle (Figure 1.2).  There are hundreds of axons and active signals in the connective, 

and the problem of separating them becomes substantially more complex20.  

Separation of neural signals acquired from extracellular recordings is explored in 

Chapter 5.  

9



! Another solution to the problem of spatiotemporal precision in neural 

measurements is to use non-contact measurement methods.  Potentiometric 

(membrane-voltage sensitive) fluorescent dyes are now able to resolve single action 

potentials in the leech ganglion21.  This allows many neurons to be simultaneously 

measured, but loses a significant amount of temporal resolution.  However, many 

vertebrate nervous systems are large objects with substantial volume.  As a result, 

optical access is very difficult.   Nonlinear optical techniques such as two-photon 

microscopy22,23 are now allowing fluorescently treated neurons to be visualized more 

than 500 µm below the tissue surface.  However, deep imaging in scattering material is 

a technical challenge.  We discuss improvements in aberration correction for deep-

tissue microscopy in Chapter 3.  

! Non-contact methods of recording neural activity also remove the ability of the 

experimenter to stimulate neural activity, a crucial process for probing interconnected 

networks of neurons.  Photo-reactive dyes and genetically expressed proteins have 

generated entire new fields of research (24-26, but require difficult genetic manipulation 

or introduction of additional, potentially toxic substances.  Chapter 2 addresses 

advances we have made in stimulating action potentials using laser generated local 

heating.

10



I     EXPERIMENTAL METHODS FOR GENERATING NEURAL 

ACTIVITY

! To address the major challenge of generating neural activity with precise 

spatiotemporal patterns, we first searched for a tractable method that could physically 

access neuron positions in a biological preparation with the speed necessary to 

duplicate the millisecond dynamics of observed activity in known neural circuits7,27.  

Although creating rapid mechanical devices for moving and repositioning electrodes is 

possible, the engineering challenges28 are substantial, and the development of such 

equipment is generally costly.  This led us, as it did others (Richard Fork26 and Karl 

Deisseroth25), to investigate optical methods.  Light can be manipulated to achieve 

extremely complex and rapidly-changing spatiotemporal patterns using a variety of 

methods including acousto-optic deflectors29, galvanic mirrors30, and structured light 

devices31.  However, simply focusing light at a target location does not, by itself, 

activate neural activity.  We attempted to identify a physical phenomena that could be 

harnessed to generate spatially and temporally precise neural signals.  

! Initially, experiments were performed using ultra-high peak power femtosecond 

optical excitation, with the expectation that nonlinear phenomena at the cellular 

membrane (either avalanche ionization32 or second harmonic generation33) would 

result in optoporation34.  The resulting pores would allow ions to flow across the 

membrane, depolarizing the cells to generate action potentials2.  This would be an 

optimal result because it would rely on the endogenous properties of the neural 

membrane rather than introducing foreign substances, either genetically or chemically.  

Although we were successful in achieving neural spiking and activation via 

femtosecond light pulses (data not shown), the reliability of endogenous femtosecond 

11



photoactivation was not high enough to justify its use as a tool.  This in turn led us to 

develop a photoactivation method dependent on thermal effects and biochemically 

neutral absorbers (carbon particles) with much higher repeatability, which is presented 

in Chapter 2.  

! Our photoactivation method is broadly applicable to systems that have a lipid 

bilayer under a strong electric field.  However, delivery of thermal energy still presents 

an engineering challenge, and not all neurons are easily accessible.  In Hirudo 

verbana, our biological system of choice, use of thermally absorbing particles was 

highly successful, as the absorbance of the neural tissue is low at our excitation 

wavelengths and the ganglion consists of only two layers of cells arranged around a 

central neuropil8.  This arrangement of cell bodies allows linear optical excitation to 

produce heat at the focus without collateral heating of unintended targets.  In a 

mammalian system, where the brain is centralized and consists of many layers, linear 

optical excitation of a deep target would at best produce heating with the highest 

temperatures at the surface of the brain35.  

! Nonlinear optical techniques such as multiphoton scanning microscopy36-38 can 

be used to deposit thermal energy on absorbing targets or to ablate neurons below the 

surface of the brain39.  Because the focal volume defines the target area, these 

systems need to be optimized to maintain a minimal focal volume in which nonlinear 

excitation can take place to prevent optical effects on non-target locations.  This is 

difficult because spherical aberrations caused by light entering a higher-index medium 

from a lower index medium spread the focus along the z-axis as a function of material 

depth 40.  To address this problem, we developed an adaptive optical device that uses 

an inflatable membrane-based lens to correct spherical aberration during deep tissue 
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nonlinear imaging and ablation described in Chapter 3.  This device allows diffraction-

limited foci to be achieved at depths up to 700 µm into tissue, potentially enabling 

single-cell excitation via nonlinear absorption in mammalian systems.  Together, we 

hope these devices will allow researchers better access and finer control in difficult 

biological experiments.
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2     Photoactivation of neurons by laser-generated local heating

! Benjamin Migliori1, Massimiliano Di Ventra1, and William Kristan Jr2

2.1     Summary 

! We present a method for achieving temporally and spatially precise 

photoactivation of neurons without the need for genetic expression of photosensitive 

proteins. Our method depends upon conduction of thermal energy via absorption by 

chemically inert carbon particles and does not require the presence of voltage-gated 

channels to create transmembrane currents. We demonstrate photothermal initiation of 

action potentials in Hirudo verbana neurons within an intact ganglion and of 

transmembrane currents in Xenopus oocytes. Thermal energy is delivered by focused 

50 ms, 650 nm laser pulses with total pulse energies between 250 and 3500 µJ. We 

document an optical delivery system for targeting specific neurons that can be 

expanded for multiple target sites. Our method achieves photoactivation reliably (70 - 

90% of attempts) and can issue multiple pulses (6-9) with minimal changes to cellular 

properties as measured by intracellular recording. Direct photoactivation presents a 

significant step towards all-optical analysis of neural circuits in animals such as Hirudo 

verbana where genetic expression of photosensitive compounds is not feasible. 

Keywords: laser photoactivation, electrophysiology, biophotonics, leech
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2.2     Introduction

! The use of genetically expressed photosensitive channels in neurons has 

dramatically expanded the ability to generate spatially and temporally precise stimuli 

for probing neural circuit functions25. Traditional methods require the use of stimulating 

electrodes that are manually fixed in a static position during an experiment. By 

replacing electrodes with optical methods, stimulation patterns can be dynamically 

changed41 or performed in awake behaving animals34. In the expanding body of 

research using photoactivation of neurons, most methods rely on genetic expression of 

specific channels25,42. However, in any of the animal models such as Hirudo where 

genetic engineering is difficult43, an alternative method would be very useful for 

investigating the remarkable and complex behaviors found at the circuit level13,44. 

Voltage-sensitive dyes now allow recording from many leech neurons simultaneously, 

revealing behavioral activity patterns45. As advances in optical recording of leech 

neuronal potentials increase the temporal and spatial resolution of optical 

electrophysiology21, the need for a method of photoactivating neurons to affect 

neuronal activity patterns has become more crucial. Such a method would allow 

investigators to initiate “fictive” behaviors (in which motor patterns are exhibited in the 

isolated nervous system11) via dynamic and physiologically relevant stimuli. 

! The technique of laser photoactivation was pioneered by Fork in 1971, using 

focused 471 nm laser light to stimulate intrinsically photosensitive neurons in Aplysia26.  

Although this technique was successful in identifying pairwise connections, the need 

for photosensitive neurons limited its application. Later, Farber and Grinvald46 achieved 

photoactivation without genetic expression or intrinsic photosensitivity using 

potentiometric dyes such as Neurodye RGA-30. These authors suggested small 
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nonspecific transient47 pores formed by optical dye breakdown as the mechanism 

underlying RGA-30 stain-mediated photosensitization, but the method was not widely 

adopted and the mechanism for activating the neurons was not fully clarified. More 

recently, similar experiments demonstrated thermally induced depolarizations in HEK 

cells, Xenopus oocytes, and artificial lipid bilayers driven by a change in membrane 

capacitance48.

! Our aim was to develop a simple, non-genetic, photoactivation method and use 

it to stimulate functional neurons within the leech ganglion. During our initial 

experiments, using the dye RGA-30, we found that successful photoactivation required 

substantial optical power. We reasoned that, if heat were the underlying cause of the 

membrane potential changes, then chemically neutral broad-band absorbers such as 

powdered carbon should also be capable of inducing action potentials when irradiated 

with a highly focused laser. These neutral absorbers are preferable to dyes because 

they do not interfere with the electrophysiological properties of leech neurons or with 

recordings using potentiometric dyes. Specifically, we investigated whether 

temperature-dependent conductance changes in biological membranes (such as 

capacitance changes48) or thermal activation of voltage-gated channels49 (VGCs) could 

induce observed changes in membrane potential during laser irradiation. We also 

demonstrated a cost effective experimental design capable of direct laser 

photoactivation. We accomplished this by implementing an optical relay system based 

on multiple-trap optical tweezers powered by a low-cost laser diode50. 

2.3     Materials and Methods 

A. Preparation
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Photoactivation experiments were carried out in isolated adult Hirudo segmental 

ganglia and in stage VI Xenopus oocytes. Leeches were obtained from Niagara 

Leeches (Niagara Falls, NY) or our own breeding colony. Segmental ganglia were 

prepared for recording as described previously51. Wild-type Stage VI oocytes were 

harvested from surgically removed ovaries (Nasco, WI). We used standard procedures 

to prepare oocytes for recording52,53. 

B. Desheathing and staining

Segmental ganglia in Hirudo consist of approximately 400 unipolar cell bodies 

arranged around an inner neuropil and protected by a transparent outer sheath8. To 

stain neurons or deposit carbon particles on their somata, this sheath was removed 

using a micro-surgical blade (10316-14 FST). Properly desheathed ganglia are 

physiologically indistinguishable from sheathed preparations. 

Desheathed ganglia were bathed for 20 minutes with 20mM Neurodye RGA-30 (Cole-

Parmer) in cooled (approximately 5º C) leech saline flowing through a peristaltic 

pump45. After 20 minutes, we switched to a solution of leech saline without dye and 

flushed the ganglion for an additional 5 minutes.

C. Electrophysiology

Prepared oocytes or ganglia were placed on a translating sample stage consisting of a 

dish, micropipette manipulators, and a darkfield illumination system (Figure 2.1). 

Impalement of cells was visualized with a dissecting microscope. Leech neuronal 

membrane potentials were recorded intracellularly from individual cell bodies using 30–

40 MΩ micropipettes filled with 3 M KAc; the signal was measured with an Axoclamp 

2B amplifier (Axon Instruments, Sunnyvale, CA). Oocyte membrane potentials were 

recorded with 3 M KCl-filled 1-3 MΩ micropipettes and the signal measured by an Axon 
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Instruments GeneClamp 500B amplifier. Current was injected through the 

micropipettes to induce depolarizations or action potentials. We used the WinWCP 

program for experimental control (Strathclyde University, freely available at http://

spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses). After successful 

impalement, the sample stage was translated into the photoactivation optical pathway.

D. Deposition of carbon particles

Carbon sticks (Blick Art Supplies, San Diego, CA) were placed in a clean mortar and 

ground for approximately 20 minutes. Visual inspection of the resulting powder 

revealed particles ranging in size from 2 - 20 µm. Approximately 1 g of carbon powder 

was suspended in 3 ml of leech or oocyte saline at 5º C. After impaling a target cell, we 

pipetted 500 µL of the carbon-saline mixture onto the preparation, producing an ash-

like deposition of carbon. We impaled cells before depositing the carbon powder 

because the layer of opaque particles made it difficult to successfully impale specific 

cells. We targeted isolated 2 - 10 µm particles for laser irradiation.

E. Photoactivation

We produced photoactivation using focused laser irradiation (Figure 2.1) from a 

250mW, 650nm continuous wave diode laser (AiXiZ Lasers). A 3x beam expander was 

used to correct small divergence errors in the beam output40. The 

18

http://spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses
http://spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses
http://spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses
http://spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses


beam was split into polarization components by a half-wave plate and a polarizing 

beamsplitter, then recombined by a second polarizing beamsplitter. By rotating the half-

wave plate to control the amount of power in each polarization mode and rejecting one 

of the pathways, we could smoothly vary the beam power. To change the beam target 

position without changing input power, we controlled the angle of the beams using 

gimbal-mounted mirrors in a scanning relay. The recombined and expanded beam 

image was relayed from these mirrors into the back aperture of a water immersion 

objective lens (Olympus XLUMPFL 20x, 0.95NA). 

F. Target alignment and visualization

We spatially targeted the focused laser by attenuating it to 0.1 mW with a removable IR 

long-pass dichroic mirror mounted above the objective. With the target cell impaled and 

Figure 2.1 Photoactivation block diagram 
Photoactivation is achieved by laser irradiation (pathway in red) of a target (either a 
carbon particle or a dye molecule) proximal to a neural cell membrane with 
sufficiently high absorption at a chosen wavelength. The target and neural 
preparation are visualized with a video darkfield system (pathway in grey). Cell 
responses are recorded with a computer using intracellular electrophysiological 
recordings. The elements of the laser pathway are discussed in the text.
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the IR dichroic in place, we opened the laser shutter and focused the laser onto a 

thermal absorber (powdered carbon or dye) in contact with the cell membrane (Figure 

2.1). We then closed the shutter and removed the attenuator to allow full power 

throughput. We controlled the timing of the laser pulses during stimulation using a 

shutter (Uniblitz) driven by the WinWCP program. 

We visualized the laser focus and target position by darkfield illumination using a white 

LED source (Luxeon 3W) mounted on a 3-axis manipulator under the sample dish.  

The darkfield image was reflected by the IR dichroic and imaged using a CCD camera 

(C-mount, Hitachi). 

G. Power and temperature measurement

We measured the power of the laser spot after the objective using a LaserCheck 

(Edmund Scientific). To estimate the upper bound of temperature increase during a 

laser pulse, we exposed a carbon layer on a microscope slide, immersed in leech 

saline at 20º C, to 50 ms of laser irradiation at various energies. At typical maximum 

power (70mW, 3500 uJ) this consistently resulted in focal boiling of the liquid as 

evidenced by rapid bubble formation. 

2.4     Results
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Figure 2.2 Neural responses to laser irradiation.

(a) [i] Intracellular recordings from Retzius (Rz), AP, P, and T cells during 
laser irradiation  of carbon particles with 50 ms, 250-700 µJ laser 
pulses (duration indicated by red dashed lines). (a)[ii] Intracellularly 
recorded Rz cell responses to repeated laser irradiation (250 µJ) of 
carbon particles. 10 responses shown superimposed. At this 
intensity, 10% of the laser pulses elicited action potentials, and 
100% elicited depolarizations. (a)[iii] Intracellularly recorded AP cell 
responses to repeated laser irradiation (250 µJ) of carbon particles. 
40 episodes shown superimposed; 90% of the pulses elicited action 
potentials and 100% elicited depolarization. Depolarizing and 
hyperpolarizing current pulses (labelled black bands) were injected 
during each episode in a[ii] and a[iii] to determine the 
electrophysiological state of each cell.

(b) [i] Intracellular recordings from Retzius and AP cells stained with the 
dye RGA-30 during 50 ms, 700 µJ laser irradiation (duration 
indicated by red dashed lines). (b)[ii] Intracellularly recorded Retzius 
cell responses to repeated 700 µJ laser irradiation of the dye 
RGA-30. 10 responses superimposed; 20% of the pulses elicited 
action potentials and 60% elicited depolarizations. (b)[iii] 
Intracellularly recorded AP cell response to repeated 50 ms 700 µJ 
laser irradiation of the dye RGA-30. 10 episodes superimposed; 80% 
of the pulses elicited action potentials and 100% elicited 
depolarizations.  Depolarizing and hyperpolarizing current pulses 
(labelled black bands) were injected during each episode in b[ii] and 
b[iii].

(c) [i] Intracellular recording from an untreated Retzius cell during laser 
irradiation. (c)[ii] Intracellular recording from a Retzius cell with 
powdered carbon, but with the laser irradiation positioned to avoid 
illumination of any particles. Current pulses (labelled black bands) 
were injected after each laser stimulation (duration indicated by red 
dashed lines) in c[ii] and c[iii].
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2.4.1   Neutral photoabsorbers photosensitize neurons with high reliability

! During our laser irradiation experiments, we estimated the upper bound of the 

temperature change during laser exposure to be 50 - 90º C (see methods). This is 

based on the finding that bubbles from focal boiling occur within milliseconds with 

irradiances of 23 mW/µm2 (3500 µJ pulse energy), and we used 1.5 - 5 mW/µm2 (250 - 

750 µJ pulse energy) to activate neurons. Because we would not expect the relatively 

low energy photons of the 650nm laser to drive photochemical reactions, and the peak 

laser power is not high enough to induce optical breakdown, we hypothesize that the 

primary mechanism of photoactivation depends upon thermal energy conduction. 

Thermal energy is absorbed at 650 nm by many different compounds, but we chose to 

use powdered carbon because it is relatively chemically neutral. We found that 

irradiation of a carbon particle on the surface of a neuron with 50 ms, 250 - 700 µJ 

laser pulses induced action potentials in all types of neurons sampled, which included 

Retzius (Rz), AP, P, and T cells (Figure 2.2a.i). The observed depolarizations are 

qualitatively similar to photoactivation achieved using RGA-30 dye in the AP and Rz 

cell membranes (Figure 2.2b.i). The typical response was a single action potential 

during the 50ms window, although trains of action potentials were sometimes 

observed. 

! Important requirements for photoactivation to be useful as a tool are reliability 

and repeatability. By using an optical design that creates a near-diffraction limited spot 

of less than 2µm x 2µm x 4µm, we were able to irradiate specific carbon particle 

targets with high reliability in the XY plane and with reliability in Z limited by the depth 

of the focal plane of our imaging system. Figure 2.2a.ii shows 10 intracellularly 

recorded episodes of photoactivation in Retzius (Rz) cells, one of which elicited an 
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action potential and all of which elicited depolarizations. Figure 2.2a.iii shows similar 

responses in AP cell photoactivation, in which 36/40 stimuli elicited action potentials 

and 40/40 elicited depolarizations. Figure 2.2b.ii shows comparable experiments with 

RGA-30 stained Rz cells, where 2/10 stimuli elicited action potentials and 6/10 elicited 

depolarizations. Figure 2.2b.iii shows photostimulation of an RGA-30 stained AP cell, 

where 8/10 stimuli elicited action potentials and all of which elicited depolarization. 

Current pulses were presented to the neurons to confirm normal electrophysiological 

behavior during each episode (Figure 2.2a.[ii, iii], Figure 2.2b.[ii, iii]). Powdered carbon 

induced photoactivation more reliably than RGA-30; with powdered carbon 88% of 

stimuli (12 cells, 88 trials) resulted in successful photoactivation (defined as 

depolarization and subsequent recovery), while in RGA-30 dye-stained neurons 65% of 

stimuli (12 cells, 114 trials) resulted in successful photoactivation. 

! Thermal heating of lipid bilayers can be induced using long-wavelength infrared 

lasers to heat adjacent water volumes proximal to the bilayer surface 48.  However, 

leech neurons and water are mostly transparent to visible wavelengths, so we 

expected no direct heating to occur at 650 nm.  To verify that endogenous absorption 

by the cell membrane or adjacent water would not induce photoactivation, we 

measured the membrane potential during laser irradiation without any thermal 

absorbers present (Figure 2.2c.i) and with the thermal target intentionally missed 

(Figure 2.2c.i); no change was observed in the membrane potential in either case, 

although the responses to both depolarizing and hyperpolarizing current pulses were 

normal.

24



! To test the stability of photoactivation responses, we recorded cell membrane 

potentials of T and AP cells during a series of laser irradiations (Figure 2.3a.i), each of 

which was immediately followed by an electrically induced depolarization (Figure 

2.3a.ii). Evidence of damage was typically visible as a reduction in resting membrane 

Figure 2.3 Effects of repeated irradiation.

(a)[i] Photoactivated potentials induced by repeated irradiation (duration indicated by 
red dashed lines) of carbon particles shown during laser pulse 1, 9, and 10 in AP and 
T cells. (a)[ii] Electrophysiological responses to injected current pulses (vertical black 
lines) immediately after laser pulse 1 and 10 in AP and T cells. The initial resting 
membrane potential (RMP) is indicated by the dashed line. In both examples, current 
injection produces a healthy response after the first laser pulse. The AP cell remains 
healthy after laser pulse 10, while the T cell shows a decrease in response to injected 
current and an increase in RMP, indicating a decrease in cell health.

(b)[i] Action potential amplitude (normalized to the first observed action potential) 
during repeated laser irradiation. Carbon particle-mediated responses observed in 
the AP and T cells. Responses observed in an AP cell stained with RGA-30 are 
shown for comparison. (b)[ii] RMP during repeated laser irradiation (normalized to 
first observed RMP). Pulses were 50 ms and 500 µJ. 

25



potential (RMP) by the tenth laser pulse (Figure 2.3a.ii). As a metric of cell health, we 

measured the action potential amplitude change (Figure 2.3b.i) and RMP (Figure 

2.3b.ii) after repeated irradiation. We normalized action potential amplitude and RMP to 

the first response to laser irradiation, then quantified the number of irradiation episodes 

that could be given at a particular target site before the measures fell below 75% of the 

first response, our criterion level for “healthy” responses. Action potential height and 

RMP remained above this level for 6 ± 3 episodes (6 cells, 85 stimuli) of 

photoactivation at 500 µJ when mediated by carbon powder. RGA-30 produced healthy  

action potentials and RMP for slightly fewer trials (4 ± 3, 6 cells, 44 stimuli) at the same 

energy. In experiments mediated by carbon particles where new targets were chosen 

after each pulse, successful depolarization was observed for as many as 40 pulses 

without permanent changes in RMP (e.g., Figure 2.2a[iii]).

! When using powdered carbon as the thermal absorber, particle size affects 

depolarization magnitude: as the size of the particle increased, the amount of thermal 

energy absorbed increased and the depolarization became larger. For particles larger 

than 15 - 20 µm, energies above 500 µJ resulted in loss of membrane potential and 

cell death. In all cases, energies over 2000 µJ resulted in cell death. Photoactivation of 

RGA-30 stained neurons also produced larger depolarizations at higher laser energy 

levels, with cell death occurring at irradiation energies above 2000 µJ. Increases in the 

concentration of RGA-30 during the staining process resulted in less healthy 

preparations, while reducing the concentration resulted in fewer laser elicited action 

potentials. Unstained cells were unaffected by irradiation even with pulse energies of 

3500 µJ as expected due to low endogenous optical absorbance at 650 nm.

2.4.2   Photoactivation occurs in the absence of voltage-gated conductances
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 ! The similarity between the responses to carbon particle-mediated 

photoactivation and RGA-30 stain-mediated photoactivation suggests that the 

production of laser-induced conductances does not depend on specific chemical 

interactions with ion channels. To distinguish between temperature-dependent 

activation of voltage-gated channels and conductance increases caused by other 

membrane changes, we measured transmembrane currents during laser exposure 

using two-electrode voltage clamp (TEVC) in neurons (which have voltage-gated 

channels) and in Xenopus oocytes (which have negligible levels of voltage-gated 

channels 54). Irradiation of Retzius neurons elicited a small depolarizing current and an 

increase in membrane conductance, i.e., the current-voltage (I-V) curve of Rz cell 

became steeper (Figure 2.4a). Xenopus oocytes with carbon particles on the 

defolliculated surface and with the dark pole targeted (thus maximizing thermal 

absorption at the membrane) exhibit a symmetric decrease in membrane resistance 

Figure 2.4 Transmembrane currents elicited by laser photostimulation.
(a) Change in transmembrane current relative to baseline elicited by a 50 ms, 250 µJ 
laser pulse in leech Retzius cell, measured by two-electrode voltage clamp. R2 = 0.96 
(irradiation). Current change after stimulation (recovery) is measured immediately 
after each pulse. I-V relationship shown in inset. (b) Change in transmembrane 
current relative to baseline elicited by a 50 ms, 250 µJ laser pulse in a Xenopus 
oocyte. R2 = 0.95 (irradiation). I-V relationship shown in inset.
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proportional to the difference between the resting and holding voltage (Figure 2.4b). 

This is qualitatively similar to changes in the I-V curve of leech neurons during laser 

irradiation, and is strong evidence that voltage-gated channels are not necessary to 

produce photoactivation in response to thermal energy deposition. 

2.5     Discussion

! From our experiments, we conclude that the most likely cause for 

photoactivation of neurons is an increase in the local temperature of the membrane. 

Our experiments, with carbon layers under saline on a glass side, reveal that focal 

irradiation produces fast local temperature increases. When carbon particles placed on 

the surface of neurons are focally irradiated with similar levels of power, the cells 

depolarize and produce action potentials. Irradiation of neurons stained with RGA-30 

produce qualitatively similar electrical changes, but fewer pulses can be delivered to a 

target cell before the membrane potential irreversibly depolarizes. 

! Voltage-clamp measurements of the photoactivation of both neurons and 

Xenopus oocytes mediated by powdered carbon tested whether voltage-gated 

channels or voltage-independent (leak type) channels are responsible for laser-induced 

photoactivation. Our measurements show that the effect of laser irradiation of thermal 

absorbers in contact with neurons or oocytes is a symmetric increase in the slope of 

the I-V relationship. This indicates it is unlikely that a gated or rectifying channel is 

responsible, as this would appear as an asymmetry in the I-V relationship. Similar 

behavior has been observed in oocytes during heating of the lipid bilayer using a long-

wavelength infrared laser48.

! The dominant conductance in a Xenopus oocyte is a voltage-independent K+ 

leak channel. To determine whether membrane changes or conductance increases in K
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+ channels are responsible for changes in potential, we used the Goldman-Hodgkin-

Katz equation and an ideal ionic gas model to predict changes to the membrane 

potential of an oocyte during irradiation. Assuming membrane properties remain 

constant and only leak conductances are present, the model predicts that the resting 

membrane potential would become more negative and the transmembrane electric 

field would be reduced as the temperature is increased. This would appear as a 

hyperpolarizing current during laser irradiation (a shift to the right in the I-V curve). This 

is contrary to our measurements in the oocyte, where we observed small depolarizing 

currents during irradiation (Figure 2.4b), and indicates that increased leak conductance 

is not a likely mechanism causing oocyte depolarization.  

! Voltage-gated channels are not temperature independent1: near-infrared low 

intensity laser heating49 in the absence of exogenous compounds increases the 

probability of Na+ and K+ channels opening. However, continuous near-infrared 

irradiation results in small currents that appear over tens of milliseconds. In our 

experiments, large depolarizations rise and decay with time constants between 1 - 3 

ms. Rapid heating to equilibrium and rapid return to bath temperature would be 

expected for a small focal volume in contact with a large bath, such as our system, and 

indicates a mechanism unrelated to that observed during continuous near-infrared 

irradiation.

! The remaining common element between leech neuronal membranes and 

oocytes is the lipid bilayer. Heating causes a variety of subtle effects on the structure of 

the lipid bilayer, some of which may contribute to the observed depolarizations. The 

model proposed by Shapiro et al.48 in which local heating induces capacitance changes 

in the lipid bilayer, thus causing depolarizing currents, is compatible with our 
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observations. However, capacitive currents are a transient effect, and the maximum 

current was observed during irradiation lasting 2 ms. We used 50 ms irradiations, 

allowing more heat to flow into the cell membrane, possibly causing additional 

changes. Experiments in artificial lipid bilayers and giant unilamellar vesicles55 reveal 

that some lipids have phase transitions between 20 oC and 50 oC. During these phase 

transitions, “rafts” of one phase can be created within an “ocean” of another. In this 

mixed phase, membrane conductance increases have been observed56. Such pores 

would be small, transient, and nonspecific 47, potentially allowing smaller ions such as 

sodium to pass through with lower resistance. This type of phase melting would result 

in increased non-specific conductances and a slight shift in membrane potential toward 

0 mV. Although we cannot conclude that transmembrane currents elicited by laser 

heating of neutral absorbers are exclusively due to phase transitions or capacitance 

changes without substantial further work, our experiments agree with those of Shapiro 

et al. 48 and strongly suggest that direct thermal interaction with voltage-dependent and 

voltage-independent channels are not the primary mechanism causing changes in 

potential during focal heating. 

! Whatever the mechanism of the depolarizations produced by photoactivation, 

the crucial result is that such activation occurs in the presence of elements that are 

common to cells of all kinds. With an appropriate delivery system, thermal 

photoactivation could be implemented in many animal models. This is a 

complementary mechanism to stain-mediated and genetically-mediated techniques of 

photosensitizing neurons because it can be used without the development of genetic 

expression techniques. It also allows for multiple stimuli to be issued before damage 

occurs, and exhibits a graded response capable of sub-threshold depolarization.
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! By using chemically neutral absorbers and cheap visible-wavelength lasers, our 

method provides a starting point for the evaluation of thermal photostimulation in many 

biological systems and can be integrated with modern optical techniques. Starting with 

an existing design for optical tweezers, we developed a highly precise dual-target 

photoactivation system that can be built with off-the-shelf optical components. Our 

design is capable of constant-power stimulation of individual neurons, and in single-

layer preparations (such as neurons grown in vitro) can photoablate target cells without 

causing collateral damage. The design outlined could be expanded to use fully 

computer-controlled light modulators41. This would allow automated targeting of any 

number of neurons, limited only by aiming speed and available laser power. We believe 

that with reasonable costs and broad applications, thermal photoactivation has the 

potential to become an important technique in neuroscience.
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3     Spherical aberration correction in nonlinear microscopy and 

optical ablation using a transparent deformable membrane

! P.S. Tsai1, B. Migliori1, K. Campbell1, and T. N. Kim1

! Z. Kam3

! A. Groisman1, D. Kleinfeld1, 2

3.1     Summary !

! We describe the design and utilization of a deformable membrane to minimize 

the negative spherical aberration that occurs when a standard water-dipping objective 

is used to focus within a higher-index sample. In connection with two-photon laser 

scanning microscopy, we demonstrate twofold improved axial resolution of structures 

as deep as 1 mm in gels and brain tissue. In conjunction with plasma-mediated 

ablation, we demonstrate enhanced production of optical damage deep within a glass 

substrate. The present method provides a simple and inexpensive correction for a 

limited yet important class of optical aberrations.

Keywords: Nonlinear Optics, two-photon microscopy, aberration correction
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3.2     Introduction!

! An essential requirement of nonlinear optical techniques is the ability to achieve 

axial confinement of the focus. Within biology, two photon laser scanning microscopy 23 

(TPLSM) is used to image fluorescent structures deep within tissue.57,22 It is invariably 

performed through water-dipping objectives that have a high numerical aperture (NA) 

and long working distance. These lenses are designed to image at the surface of the 

tissue. Thus, their resolution deteriorates with increasing depth in the tissue as a result 

of expansion of the focal region by spherical aberration. Within engineering, plasma-

mediated ablation with femtosecond laser pulses 58 is used to modify material for three-

dimensional data storage59, waveguide writing39,60,  and microchannel fabrication61.  

Oil- immersion objectives can be used to avoid spherical aberration in glass and plastic 

substrates. Yet, with one exception62, these objectives do not have working distances 

greater than 200 µm. Ablation at larger depths in glass and plastic, as well as 

manipulation of biological tissue with plasma mediated ablation63-66, requires the use of 

water-dipping objectives.

! When a water-dipping objective is used to image within a higher-index material, 

i.e., for n > 1.33, refraction occurs at the water-to-sample interface and induces 

negative spherical aberration of the beam67. Thus, marginal rays focus deeper than 

paraxial rays and the focus is increasingly degraded with increasing depth into the 

sample. To counteract this effect, the radial phase profile of the beam can be modified 

to compensate for the differences between the marginal and paraxial paths. Toward 

this end, we demonstrate a solution that makes use of a transparent deformable 

membrane.
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3.3     Materials and Methods!

! The membrane is 1.5 mm thick and is fabricated from polydimethyl siloxane 

(PDMS) (RTV615, General Electric). Prior to curing, the PDMS prepolymer is leveled 

with the guidance of an interferometer to ensure an optical flatness of <0.003% (rise/

run), i.e., less than one wavelength over a 12 mm aperture. To complete the curing of 

PDMS, the wafer is baked for 5 hours at 50° C and then the membrane is affixed to a 

ring-shaped acrylic mount. The mount has a 25 mm outer diameter, a 12 mm inner 

Figure 3.1 Membrane and mount for aberration correction. 
(a) Cutaway illustration of the mounted flat and distended membrane. (b) Photograph 
of the completed assembly. (c) The measured distention of the mem- brane, z, as a 
function of radial position r at a gauge pressure of −0.5 psi. Here and in all other 
displayed graphs, each datum represents an average of three measurements. The 
data were fitted with the function z = η[1 −(r/ro)2]2, where η =0.60 mm and ro=7.04 
mm. (d) Plot of the effective focal length of the distended membrane vs vacuum 
pressure. The focal length was determined by imaging a filament with the membrane 
in tandem with an f = + 200 mm fixed lens. The curve is parabolic fit to the data.
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diameter, and a 1 mm wide circular groove on the front face that enhances the bonding 

of the membrane to the mount. The groove is connected to the back face of the mount 

by two through-holes, and there is a tapped hole in a side wall of the mount for an 

insert that connects the interior of the mount to a vacuum line. The front face of the 

mount is dipped onto a 100 μm thick layer of the same PDMS pre-polymer spin-coated 

on the surface of a different silicon wafer. The mount is then placed onto the center of 

the cured membrane, and the wafer with the membrane and the mount are baked for 2 

hours at 50° C to fix the mount on the membrane. The PDMS pre-polymer is slowly 

injected into the groove with a syringe needle through one of the two through-holes, 

and the entire assembly is further baked overnight at 50° C oven to completely cure the 

PDMS. The membrane is excised with a knife along the outer diameter of the mount, 

separated from the wafer, and a 22 mm round no. 2 microscope cover glass is 

attached with cyanoacrylate to the back face of the mount. The entire assembly is 

mounted into a linear translation stage (Figure 3.1a).

!  The mount is held in a linear translation stage (Figure 3.1b). Application of 

vacuum to the interior of the mount pulls the membrane inward, so that it acquires the 

shape of a meniscus lens (Figure 3.1c). Vacuum with gauge pressures that range from 

−0.3 to −0.7 psi results in effective focal lengths between f = −2000 and −400 mm, 

respectively, near the optical axis of the dilated membrane (Figure 3.1d).

! Two photon laser scanning microscopy and plasma-mediated ablation were 

performed with a previously described two photon microscope68,69, modified for 

concurrent ablation70, at a center wavelength of 800 nm. All data were obtained with a 

0.8 NA, 40 times magnification water- dipping objective (440095, Zeiss) with a 3.6 mm 

working distance, and a back aperture of 6.6 mm in diameter that is located 34.9 mm 
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from the back shoulder of the objective. The membrane was located approximately 5 

mm behind the shoulder. Test samples for TPLSM consisted of 0.2 µm diameter 

fluorescent beads (17151-10, Polysciences) suspended in a gel of 60% (w/v) sucrose 

and 1% (w/v) agarose (A4018, Sigma) and topped with a No. 0 coverslip; this mimics 

the imaging conditions in cleared fixed tissue in which 60% (w/v) sucrose solution 

(n=1.42) is used as an index-matching agent71,72. Axial resolution was determined 

algorithmically using routines written in MATLAB and is reported as the full width at half 

maximum (FWHM) intensity. Brain tissue was prepared as 1 mm thick sections of 

paraformaldehyde-fixed cortex that was permeabilized with 1% (v/v) Triton X-100, 

cleared by equilibration with 60% (w/v) sucrose, and mounted under a No. 0 coverslip.
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3.4     Results!

! The on-axis axial resolution with the membrane flat was 2.2 µm at the surface, 

equal to the diffraction-limited value, and degraded to greater than twice that value at 

depths of 700 µm and beyond (Figure 3.2a). Dilation of the membrane at gauge 

pressure of −0.6 psi restored the axial resolution to the original value of 2.2 µm (Figure 

3.2b). Variable dilation of the membrane provides aberration compensation 

continuously across depths of 0 – 1 mm (Figure 3.2c). Further, use of the membranes 

Figure 3.2 On-axis axial resolution from TPLSM imaging. 
40 X , 0.8 NA, water-dipping objective. Resolution with the (a) membrane flat and (b) 
distended. The FWHM was measured from images of beads that were embedded in 
an n=1.42 test gel (see insets). The curves represent cubic spline fits to data. (c) 
Curves that represent data from various dilations of the membrane. The insets are 
plots of axial cross sections of the beads, used to define resolution.
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provided an axial resolution of 2.5 µm over a field with a lateral extent of 35 µm for 

depths up to 650 µm (Figure 3.3a).

! As an application of the improved resolution achieved with the deformable 

membrane, we imaged the fluorescence from cyan fluorescent protein that is 

expressed exclusively in neuronal mitochondria of a strain of transgenic mice73. 

Figure 3.3. Off-axis axial resolution from TPLSM imaging. 
40X, 0.8 NA, water-dipping objective. (a) Resolution vs lateral position relative to the 
optical axis. [(b)–(e)] Endogenously labeled mitochondria in a sucrose- cleared 
section of mouse brain that was imaged with TPLSM at a depth of 700 µm. The X-Z 
planes are derived from X-Y image stacks. Mitochondria (arrows) that are barely 
discernible with the membrane flat [(b), (d)] are clearly visible with the membrane 
distended at −0.5 psi gauge pressure [(c), (e)].
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Figure 3.4 Aberration correction for plasma-mediated ablation in glass. 
(a) Schematic of the configuration for ablation. (b) Schematic of the con- figuration for 
damage visualization. Immersion oil between a no. 0 coverslip and the unpolished 
side face provided optical uniformity. Multipulse damage from (c) 0.4 µJ and (d) 0.3 
µJ pulses focused approximately 500 µm into glass; green ellipses indicate foci with 
the membrane flat while red ellipses indicate foci with the membrane distended at 
−0.5 psi gauge pressure. Axial damage with the membrane (e) flat and (f) distended 
at −0.6 psi gauge pressure. Images were obtained under bright-field illumination with 
a 20X, 0.75 NA air objective.
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Mitochondria are less than 1 µm in diameter. At a depth of 700 µm through brain tissue, 

the individual mitochondria are difficult to discern in both lateral (Figure 3.3b) and 

transverse (Figure 3.3d) planes of TPLSM images. Compensation with the membrane 

provides greatly enhanced image contrast and individual mitochondria are clearly 

resolved in both projections (Figure 3.3[c, e]).

! As a second application of the membrane, we attempted to ameliorate the axial 

elongation of the damage zone in plasma-mediated ablation. Glass samples were 

prepared from two slides, each 1 mm in thickness, that were pressed side to side to 

form a continuous sheet with a split (Figure 3.4a). Damage was produced at different 

locations, defined by their depth and the energy per pulse, along a line that paralleled 

the split with a separation distance of about 70 µm. The depths varies from 0 to 800 µm 

below the top face and we used a range of average pulse energies that extended both 

above and below the threshold energy for damage. Approximately 2000 pulses were 

delivered for each location. Damage was visualized through the side face (Figure 3.4b) 

using wide-field transmitted and epi-illumination. The glass slides used as the ablation 

targets are separated and turned by their unpolished edge to face a 20X, 0.75 NA air 

objective. In this configuration, the axial dimension of the ablated regions lies in the 

imaging plane of the air objective and thus the axial extension of the ablation can be 

imaged at a high resolution. The slides are sandwiched between similarly oriented 

blank slides, index-matching immersion oil is applied to the unpolished edges to mask 

their roughness, and an ~ 0.1-mm thick no. 0 cover slip is placed atop the surface to 

provide aberration-free imaging of the damage region.

 ! At a depth of 500 µm, damage was just barely discernible using a flat 

membrane and pulse energies of 0.4 µJ. In contrast, aberration correction with the 
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distended membrane led to damage that is readily discerned (Figure 3.4c).  At pulse 

energies of 0.3 µJ, the uncompensated condition yielded no discernible damage, while 

the compensated condition continued to produce clearly visible damage (Figure 3.4d).

3.5     Discussion

! Plasma-mediated ablation with the membrane in the flat state and a pulse 

energy of 7 µJ yielded damage with an increasing axial extent as a function of depth 

into the glass (Figure 3.4e).  Compensation by dilation of the membrane reduced the 

axial extent of the damage region upward of 50% for the same pulse energy. For 

example, the axial extent of damage at a depth of 800 µm was reduced from 38 to 20 

µm with the membrane distended at a gauge pressure of −0.6 psi (Figure 3.4f). 

Continuous variation of the pressure allows for optimal compensation at intermediate 

depths (data not shown). Geometric ray tracing through the distended membrane, 

which was modeled as a thin circular plate with a clamped edge74 (Figure 3.1c), 

confirmed that its central area acts as a diverging lens. Further, the membrane exhibits 

negative spherical aberration, i.e., the paraxial rays have a shorter focus than the 

marginal rays. The dipping objective was modeled as a planoconvex aspheric lens 

formulated to generate a perfect on-axis focus in water for a collimated input. We found 

that both changes to the input beam by the distended membrane, i.e., the divergence 

of the beam and the negative spherical aberration, compensate for the negative 

spherical aberration induced by imaging deep into the high index sample with the 

dipping objective (Figure 3.5).
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! To summarize, we designed and fabricated a deformable membrane (Figure 

3.1) that yielded a twofold enhancement of axial resolution for TPLSM at depths of 

nearly 1 mm in test samples (Figure 3.2). For Nyquist-limited sampling with a 0.8 NA 

objective, we obtained 2.5 µm axial resolution over a 200 x 200 pixel (35 x 35 µm2) 

field at an image depth of 650 µm (Figure 3.3). For plasma-mediated ablation, we 

achieved a twofold improvement in axial confinement (Figure 3.4). Further, aberration 

compensation can extend the depth at which ablation can be achieved when laser 

power is limited.

Figure 3.5.  Ray tracing of model objective with membrane compensator.
(a) Ray trace of the distended membrane illustrating the increased divergence of the 
paraxial ray as compared with the marginal rays.  The increased divergence of the 
paraxial ray is characteristic of negative spherical aberration.  (b) Ray tracing of a 
model aspheric lens with the membrane placed 5mm behind the objective.  The focus 
occurs within the higher index region indicated in yellow.  (c) Enlarged view of the 
focusing regions in panel (b) showing improved focus quality as a result of membrane 
distention.

42



! The present device is both simpler and less costly to fabricate than fully 

programmable adaptive optics, such as deformable mirrors75-77 and liquid-crystal phase 

shifters78. While the latter devices offer angular as well as radial correction, and thus 

can compensate for phase differences induced by variations within the sample, only 

radial corrections are needed to compensate for spherical aberration. Lastly, the 

realization of deformable membranes that are optimized for different objectives merits 

investigation,
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4     Concluding Remarks

! The ability to translate information from computer hardware to neural activity 

within a functioning nervous system (whether in-vivo, ex-vivo, or artificially grown) is an 

important part of understanding the dynamics of neural circuits. As our understanding 

of how groups of neurons accomplish tasks becomes more complete, the desire to 

perturb biological systems with high spatiotemporal resolution will become important 

for validating neurodynamic theories79. Fast potentiometric dyes now have the 

response times needed to record individual action potentials in animals such as 

Hirudo21.  As camera acquisition speeds and signal to noise ratios improve, it is 

feasible that complete electrophysiological state information will be obtained for certain 

behaviors within a specific ganglion or location.  Analysis of potentiometric dye 

experiments has already resulted in successful identification of neurons capable of 

biasing decisions due to stimulation or inhibition44.  Armed with a laser photoactivation 

system as outlined in Chapter 2 but expanded with structured illumination, acousto-

optic deflectors, or galvanic mirrors, it may be possible in to “record” and “play back” 

activity patterns that initiate or stop specific behaviors. This would be an invaluable tool 

for evaluating circuit models, as it would allow generation of perturbed inputs to a 

biological system which could in turn be compared to theoretical predictions. It would 

also provide a method for stimulating animal nervous systems in which dyes or genetic 

expression of photoactive proteins are not available.

! Another consequence of increasing our understanding of simple nervous 

systems will be the desire to apply new methods to more complex animals, including 

larger mammals.  As the level of understanding of specific neural dynamics in 

mammals increases, the need for precise spatiotemporal stimulation will grow as well.  
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Although the method presented in Chapter 3 currently serves primarily as a technique 

of imaging and manufacturing, it is likely that the ability to better control laser focus in 

high-index biological materials will become increasingly important as the development 

and use of genetically expressed photo-activators becomes more widespread. 
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II    SIGNAL ANALYSIS OF PROPAGATING NEURAL INFORMATION

! Our ability to initiate neural activity precisely in the form of action potentials and 

our ability to acquire neural state information are rapidly expanding, as discussed in the 

concluding remarks of Section II.  As a result, there is a wealth of new information 

acquired with very specific parameters available for researchers to investigate.  

However, the signal to noise ratios of measured neural signals are often quite low, and 

many signals are often measured simultaneously.  Identifying and separating neural 

signals corresponding to individual action potentials from extracellular recordings is a 

special case of what is called blind source separation.  In a blind source separation 

problem, an unknown number of signals (k) are mixed by an unknown process.  These 

k sources could be the electrical signals resulting from traveling action potentials being 

measured by an electrode, sounds of voices at a cocktail party being heard by a 

human ear, sonar reflections off of the ocean floor being picked up by transducers, or 

any other example of a mixture of signals.  The problem is formulated as a set series of 

sampled measurements x[1, 2, ..., n] or waveforms x(t) given as 

The goal of analytical blind source separation is to find an inverse transform capable of 

fully inverting the measurement system and returning the individual signal sources 

These sources then describe the original signals. In the case of neural signals, the 

sources describe the firing rate, timing, and shape of action potentials. Methods of 

(1)
xwave(t) = x1(t) + x2(t) + x3(t) + x4(t)

(2) [s1(t), s2(t), s3(t), s4(t)]
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analytically solving this problem generally require as many independant measurements 

of mixed signals as solutions returned19.  To use the cocktail party analogy, to 

analytically separate ten voices, ten microphones would need to be active at a given 

time.  While this limitation does not pose a challenge in many systems, for most types 

of neural measurement, it is experimentally impossible to acquire one mixing 

measurement per neural signal.  The human brain, for example, has ~1011 individual 

neurons, each potentially corresponding to an individual source, all bundled together 

into one mass.   

! The medicinal leech, an experimental system we choose to study for the 

reasons outlined in chapter 1, has far fewer neural sources. They are also distributed in 

such a way that measurement is far easier than in the human brain.  As behavioral 

signals propagate down the axons in the leech connective bundle, it is possible to 

measure them extracellularly as they pass between ganglia, as described in Chapter 6.  

This results in a measurement system in which one or two simultaneous 

measurements can be taken from a pool of potentially hundreds of active sources.  

Such a system is severely underdetermined, a way of saying that there are far more 

independent variables (sources in the form of overlapping neural signals) than 

constraints (measurements).  In underdetermined systems, analytical solutions are, for 

the most part, unavailable.  This has necessitated the development of empirical 

methods which examine input signals for statistically definable features that correspond 

to events differing from background noise.  These features can be directly determined 

from the input, in the case of extracellular voltage amplitudes, or derived from the input, 

in the case of moving mean or variance, spectral content, or energy content.  In a 

measurement consisting of many sources, features such as these that are linked to a 
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source event, whether that event is a spike-like transient or a rhythmic oscillation, are 

crucial for empirically separating the sources.  Once a feature has been identified, the 

set of events corresponding to that feature, such as action potentials with a specific 

shape, can be grouped or clustered together and used to create an estimate of the 

original neural source activity.  In chapter 5, we present a method for doing exactly that 

using both instantaneous and spectral energy as identifying features in extracellular 

action potential recordings.  

! The specific arrangement of the nervous system of the medicinal leech lends 

itself to the process of identifying not just the existence of a particular neural signal 

source, but also its location.  As discussed in chapter 1, the leech nervous system 

consists of ganglionic bundles of neurons, each corresponding to a computing unit, 

strung along a cord of connecting axons.  Some of these axons connect distal ganglia, 

while others only travel between adjacent ganglia.  In chapter 6, we use our method of 

blind source separation to identify neural sources at multiple measurement sites in the 

leech connective cord. This allows us to correlate activity measured at one site with 

that measured at another.  It is then possible to determine the direction, velocity, and 

(in specific cases) the ganglia of origin for a given neuron’s firing pattern.  By 

examining these patterns with respect to known leech behaviors, we can search for 

evidence of both dedicated and multifunctional neurons that participate in a statistically 

significant way during behavior.   We hope that such information, paired with neural 

activity imaging of ganglia, will help to reveal new information about general principles 

of behavioral coordination in Hirudo.
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5  Adaptive event classification via nonlinear energy erosion

! Benjamin Migliori1, Massimiliano Di Ventra1, and William Kristan Jr2

5.1     Summary

! We present a novel signal processing method for extracting and classifying 

short, spike-like events arising from multiple consistent but unknown sources hidden 

within noisy single-site measurements.  We demonstrate the experimental value of this 

method by classification and separation of overlapping extracellular action potential 

events (spikes) recorded from the dorsal posterior nerve during crawling behavior in 

the medicinal leech Hirudo verbana.  Our method utilizes the smoothed Teager-Kaiser 

nonlinear energy operator in conjunction with a wavelet-based filter to iteratively extract 

event waveforms with low signal-to-noise ratios (SNR).  The detection algorithm is 

designed to robustly detect overlapping events from independent sources measured at 

a single location.  During the unsupervised detection process, high-energy events are 

identified, selected for shape, and iteratively “eroded” via linear subtraction of the 

median event shape corresponding to the hypothetical source waveform.  This erosion 

process reveals overlapping and hidden events.   In synthetically-generated signals 

with additive noise, we achieved 95% successful detection at an SNR of ≥ 1.3, and 

85%  successful detection at an SNR ≥ 1.0.   Further neural analysis on more complex 

signals is presented in the companion chapter, Precision temporal analysis of neural 

signals in Hirudo verbana.

Keywords:  Wavelets, nonlinear energy, spike sorting, neural signals, Hirudo
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5.2     Introduction

! Since 1971, computing devices have doubled in processing capability every two 

years, while requiring a factor of two less power/computation every 1.6 years80. This 

has fueled a ubiquitous explosion of small, powerful, and efficient measurement 

devices used for scientific and industrial purposes.  As a result, there has been a flood 

of new information acquired under circumstances that would have been impossible just 

a few years ago.  This massive influx of potentially useful information poses a major 

problem in analysis: how can we convert noisy measurements into useful information 

about the sources that created those measurements?  Sources of interest vary widely, 

and can occur as short, spike-like signals (such as extracellular action potential 

recordings) or as rhythmic activity, such as electroencephalogram signals (EEG) or 

stock prices.  Further complicating matters, it is not uncommon to have multiple source 

signals mixed in a single measurement.  Trained human observers are able to 

effectively identify sources hidden within noise or mixtures5,81-84, but they cannot keep 

up with the flood of information that requires classification and separation.  As the influx 

of this information expands to include more and more areas of interest (neural 

measurements, speech and facial recognition, threat detection, economic analysis, 

object tracking, to name a few), the need for computational methods capable of 

searching a signal for specific events and identifying the sources of those events 

becomes more crucial. 

! In most situations where events stemming from multiple, arbitrary sources must 

be separated from noisy measurements, neither the precise nature of the source 

signals (e.g., their location, amplitude, or orientation) nor how they are combined is 

known. Analysis of such a system is called blind source signal processing (BSSP). The 
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goal of BSSP is to determine the dynamics of an unknown source, including the 

temporal activity pattern and the fundamental waveform of the source. This is done by 

identifying events within the measurement that are caused by the unknown source, 

then using these events to build a picture of the source.  Finding solutions for the 

source dynamics is inherently difficult and in some cases not analytically possible 19.  

However, because so many real-world situations fall into this class of problem, there 

has been a substantial effort applied to finding both analytical and empirical 

solutions85,86.  In the rare situation where as many unique measurements of different 

signal mixtures can be acquired as there are signal sources, analytical techniques such 

as Independent Component Analysis (ICA 86,87) and non-negative Matrix Factorization 

(NMF88) can determine the exact source dynamics.  In the more common cases in 

which the source patterns or waveforms are statistically variable over time (i.e. non-

stationary) or the number of mixture measurements is limited, empirical methods are 

used to identify and classify events according to statistical features. This can be done 

using neural networks89, template matching90, support vector machines90, and q-state 

Potts model clustering91,92, or under manual supervision (convex hull determination in 

n-parameter space93).   

! A common characteristic of many empirical techniques is that they attempt to 

determine the minimum cluster of maximally similar events based upon the event 

waveform shape90.  This procedure tends to reject events occurring simultaneously at a 

measurement site: simultaneous events are a linear mixture of two archetypical events, 

and will not belong to any “pure” event cluster.  Although some learning algorithms 

address this problem94,95, they require training and are not well suited to our 

measurements of nerve signal transmission.  Our goal was to develop a method 
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capable of identifying and separating simultaneous events post hoc in extracellular 

action potential recordings (where sources often overlap) taken from multiple locations 

in the medicinal leech, Hirudo verbana.  Although the algorithm presented here is tuned 

for analysis of neural signals, the fundamental principles can be generally applied to 

the problem of unmixing spike-like events and identifying hypothetical source dynamics 

within all types of noisy single-channel (univariate) measurements.  

! To classify spike-like events hidden within recordings of a mixture of 

independent sources, the waveform produced by each source must be both consistent 

and unique in comparison to other signal sources.  This limitation is required to define 

separable events even with a hypothetically perfect source classification algorithm.  

This requirement of source waveform “stationarity” is satisfied during recordings of 

extracellular action potentials.  Each neuron (the source) produces96 a 

characteristically shaped action potential which does not change greatly during an 

experiment.  However, real measurements contain noise and variability.  Because of 

the presence of background noise, the choice of features used to identify an event is 

very important. In the case of extracellular neural measurements, using the waveform 

shape directly as a classification feature is feasible only with events that are very large 

compared to the background noise, which eliminates many neural sources of interest 

that have smaller amplitudes.  To overcome this difficulty, measurements can be 

transformed by operators which emphasize quickly changing features within the signal 

(spikes) and attenuate noise features, thus providing high signal-to-noise ratios (SNR) 

for detection.  The transformation must be chosen carefully to preserve event 

“uniqueness”, and must also contain specific event features that are unchanged over 

different occurrences of events arising from a particular source.  
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! One such transformation operator is the smoothed Teager-Kaiser instantaneous 

nonlinear energy operator (STEO).  Each source requires a fixed amount of energy to 

produce its characteristic event; in neurons, this energy corresponds to cellular energy 

consumption during the production of an action potential.  The instantaneous energy 

used to generate each spike-like event is typically much larger than the instantaneous 

energy responsible for noise of comparable amplitude, due to the high-frequency 

content of the noise events.  This energy difference acts as an SNR amplifier for events 

of interest, and an attenuator for noise.  The STEO is especially effective in detecting 

signals within background noise 97-99 because the instantaneous energy operator is 

highly sensitive to rapid transients.  As a result, short, rapidly changing non-random 

signals (spike-like events, common in neuroscience and other BSSP problems) are 

amplified.  For slow signals such as ramps or exponentials, the STEO output goes to 

zero100.  Therefore, drift and slowly varying noise are damped towards zero, while fast 

events are strongly emphasized.  Last, because noise sources have random 

instantaneous energy across spectral bands, noise contributions are smoothed.  

Because the output from the STEO is an excellent candidate for use in identification of 

extracellular action potentials and other BSSP problems, we have implemented it as 

the fundamental mode of event detection in our algorithm. 

! Rather than attempt real time signal processing, we chose to tailor our 

algorithm for post-hoc processing.  By having access to the full data set and iteratively 

processing the signal, we can adapt the energy detection threshold to the specific 

statistics of each data set.  The general strategy is to choose a threshold that selects 

only those events with the highest instantaneous energies (and thus the highest SNR) 
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during a given cycle of the algorithm.  We then isolate and subtract those events from 

the data set, and repeat the process.

! One problem with implementing this algorithm is that single-parameter 

detection is not sufficient to separate unknown sources and classify measured events.  

For example, in extracellular measurements from the medicinal leech, there is no 

constraint requiring action potentials from one neuron to have a different peak energy 

from those of another.  Therefore, although the presence of an event is well indicated 

by the nonlinear energy transformation, classifying each event (i.e., assigning it to a 

particular source) requires additional information.  To aid in this classification of 

separate detected events, we used a wavelet decomposition to identify event features 

that depend upon waveform shape.  This information allows our algorithm to selece 

events by both energy and shape.  After we find multiple events belonging to a single 

source, we estimated the original source waveform using the median of the detected 

events.  

! By iteratively subtracting the estimated source waveform of the highest-energy 

events at the detected event times, we sometimes revealed lower-energy (and lower 

SNR) events that were hidden or mixed, just as erosion reveals lower strata in a 

riverbed.  We then used an additional step of semi-automated k-means clustering to 

split detected event groups whose parameters have high variances, followed by a final 

human validation of clustered events.  Our signal analysis process was able to 

separate multiple signal sources from a single noisy measurement with a high degree 

of accuracy, both with synthetically generated signals and experimental measurements.

5.3     The Adaptive Nonlinear Energy Classification Algorithm

5.3.1   The Teager-Kaiser nonlinear energy operator
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! For a typical univariate electronic measurement, voltage is measured with 

respect to time.  The instantaneous power can be calculated as 

where V is measured voltage, R is resistance, and I is current.  The energy during a 

time T can be calculated as 

However, the energy in Eq. 5.2 does not reflect an accurate measure of the 

instantaneous energy during an event, and it does not reflect the energy required to 

generate a signal. A more useful metric would compute instantaneous energy as a 

function of t and would reflect the energy required to generate a process.  James 

Kaiser addressed this problem by applying Parseval’s Theorem and Fourier theory to 

develop the instantaneous nonlinear energy operator, also known as the Teager-Kaiser 

Energy Operator (TEO)97.  

! To understand this measure, we begin by substituting a unit resistor (1 Ohm) in 

Eq. 5.2 to see that the energy in goes as the integral of  |x(t)|2, where x is the signal 

amplitude. Kaiser observed that the energy required to generate a unit 10 Hz signal 

and a unit 1 KHz signal from a mechanical system was different, even though the two 

signals have the same energy over time as computed by discrete Fourier analysis.  

This discrepancy implied that a measure of instantaneous energy had to depend on 

both amplitude and frequency, not just amplitude as in Eq. 5.2.  He also observed that 

the equations of motion for arbitrary generating processes could be decomposed via 

(5.1) P (t) = |V (t)|2/R = R⇥ I(t)2

(5.2)
E =

TZ

0

|V (t)|2

R
dt
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Fourier transforms, just as the input signal could, and therefore that an instantaneous 

energy operator that worked successfully on a sinusoidal signal should generalize to 

arbitrary signals within certain constraints.   

! Kaiser began by examining the simple undamped harmonic oscillator

where k is the spring constant, m is the mass, x is the position, and t is time. The 

solution is given by

where A is the motion amplitude, and frequency ω is given by √k/m.  The total energy 

of this system is given by the sum of the kinetic and potential energies

Substituting Eq. 5.4,  we find that 

which is proportional to both amplitude and frequency (E _ A2!2).  Kaiser then used 

this solution to determine a function f[x(t)] that would compute energy dependent on 

frequency and amplitude when a sinusoidal input was given.  Kaiser did not originally 

define a case for continuous time t, and instead developed this operator for the discrete 

case as presented here.  Because we are interested in sampled measurements, the 

discrete case is actually more useful101.  To define the Teager-Kaiser nonlinear energy 

operator, we first define a discrete solution for simple harmonic motion as 

(5.3) 
x

00(t) +
k

m

x(t) = 0

(5.4) 
x(t) = Acos(!t+ �)

(5.5) 
E =

1

2
kx

2 +
1

2
mv

2

(5.6) 
E =

1

2
m!2A2
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where the discrete frequency is given by

 where f is the sampling frequency.  Kaiser predicted that using three samples (x[n], x[n

+1], and x[n-1]) would allow the three parameters in Eq. 5.7 to be defined.

 Using trigonometric identities, Kaiser wrote the function of x(n) 

We observe that the first term on the right side of Eq. 5.9 is equal to x(n)2, Eq 5.7.

Rearranging Eq. 5.9 and requiring small values of ω, the sin term becomes linear with 

frequency, and we find that the signal energy (Eq. 5.6) can be written as

By requiring signal oscillations to be much slower (a factor of > 8 or less) than the 

sampling rate, it is possible to compute the instantaneous signal generating energy to 

within 11% from three samples.  In its most general form, the Teager-Kaiser Nonlinear 

Energy Operator (TEO) is given by 

where k can be any integer value.  By varying k, it is possible to optimally emphasize 

waveforms of varying frequencies99.  Finally, to improve performance under low SNR, 

the output of Eq. 5.11 undergoes smoothing by convolution with a smoothing window. 

(5.7)  
x(n) = Acos(!n+ �)

(5.8)  ! = 2⇡f/f

(5.9) 
x(n+ 1)x(n� 1) = A

2
cos

2(!n+ �)�A

2
sin

2(!)

(5.10) 
x(n)2 � x(n+ 1)x(n� 1) ⇡ A

2
!

2

(5.11) 
 [(x(n)] = [x(n)]2 � x(n+ k)x(n� k)

(5.12) 
 s[(x(n)] =  [(x(n)]⌦ w(n)
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This results in more robust performance if one of the three input samples for the TEO 

includes a large noise transient.  Eq. 5.12 defines the smoothed Teager-Kaiser Energy 

Operator, or STEO98.  !

5.3.2   Detection Algorithm

! Our detection algorithm consists of three individual parts (Figure 5.1). 

Univariate input signals enter an iterative adaptive eroding nonlinear energy detector 

(§5.3.3 and Figure 5.2). Candidate event clusters are then split according to both 

wavelet scale-energy filtering (§5.3.4 and Figure 5.3) and semi-automatic k-means 

clustering (§5.3.5). Finally, event clusters are validated and outlying events are classed 

manually (Figure 5.4). The detector output contains the individual event waveforms 

detected at each iteration, the times at which those events occurred in the input signal, 

and the median event shape corresponding to the estimated waveform of the 

hypothetical source. The algorithm is implemented in the Matlab programming 

environment.  Instructions for accessing the code can be found in Appendix A.
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5.3.3   Iterative adaptive eroding nonlinear energy detector

! Digitally sampled input signals (Figure 5.2a.i) enter the iterative adaptive 

eroding nonlinear energy detector (henceforth called the adaptive source detector).  In 

the example shown, the signal is an illustrative segment of an extracellular action 

potential recording (voltage vs time, univariate) acquired during whole-body shortening 

behavior in Hirudo verbana.  Our measurements were acquired using a similar 

experimental procedure as in Shaw et al14.  If the signals are not zero-mean, the mean 

is computed and uniformly subtracted.  On the first iteration, the signal is passed 

through a 2-pole bandpass filter with a passband between 100 Hz and 2 KHz.  Filtering 

parameters can be varied according to expected signal frequencies and were chosen 

to be optimal for extracellular recordings of action potentials.  To remove artifacts (such 

as those caused by the stimulus), signals exceeding 20 standard deviations from the 

mean are set to zero within a window of 100 samples (10 ms in our neural 

measurements). It is assumed that the input measurements will be stable; however, if 

the amplitude of the largest events is not consistent during the duration of the input 

signal, drift is corrected.  Drift is corrected by modeling the amplitude decrease of the 

largest spike-like events as a linear process, and dividing the signal by the slope of the 

decrease.   

Figure 5.1  Adaptive event classification via nonlinear energy erosion.

Input signals are processed using an adaptive source detector consisting of an 
iterative adaptive eroding nonlinear energy detector (Figure 5.2) and a wavelet scale-
energy filter (Figure 5.3).  Event groups corresponding to detected sources are then 
checked for imperfect event separation using semi-automatic k-means splitting and 
reclustering (Figure 5.4).  After manual validation, the algorithm produces event 
classes, individual event waveforms, event times, and empirical estimates of source 
waveforms.

59



! The processed input signal is then transformed with the smoothed Teager-

Kaiser nonlinear energy operator (STEO, Eqs. 5.11 and 5.12).  k is an integer defined 

from the sampling frequency according to 

such that a minimum of 1 is chosen for k. The nonlinear energy signal is then 

normalized to the maximum observed energy. The smoothing window is chosen to be a 

5-element Bartlett window (Figure 5.2a.ii). Each point in the resulting normalized 

nonlinear energy signal (Figure 5.2a.iii) is then rounded to 5% accuracy.  This rounded 

signal (Figure 5.2a.iv) groups similar peak energy events into bins with a width of 5% of 

the maximum.  The set of all normalized peak amplitudes, defined as each sequence of 

at least 3 samples such that  

is detected in the rounded signal. From this set of observations {Apeak}, the empirical 

cumulative distribution (eCDF) (Figure 5.2a.v) as a function of normalized amplitude A 

is computed according to

where 1 is an indicator function such that it equals 1 if an element of {Apeak} is below A 

and 0 otherwise.  The adaptive energy threshold is defined as the highest amplitude 

where the slope of eCDF(A) < 1% of the maximum slope of eCDF(A) (Figure 5.2a.vi). 

For unusual eCDFs in which that condition is not met, the threshold of the previous 

iteration is automatically lowered by 10% until a properly formed eCDF is computed.  

The adaptive threshold is then applied to the nonlinear energy signal as a filter that 

(5.13)  k = _(1, bfs/5000c)

(5.13)  Apeak(n) > [A(n� 1), A(n+ 1)]

(5.14)  
eCDF (A) =

1

N

NX

i=1

1[{Apeak}i < A]
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eliminates all detected peaks below the threshold.  The subset of peaks that exceeds 

the threshold defines the group of candidate events to be eroded during iteration n 

(Figure 5.2a.vii). 

! For each candidate event, a waveform is sampled from the initial input signal in 

a ±75 sample window around the time of the detected nonlinear energy peak (Figure 

5.2a.viii).  Peak amplitudes in the input signal are detected in a ±15 sample window 

around the nonlinear energy peak corresponding to that event (Figure 5.2b.i). The 

amplitude distribution of these peaks is determined (Figure 5.2b.ii).  From the 

distribution, the probability density function is estimated twice using a kernel smoothing 

density estimate (KSDE) with different bandwidths. First,the KSDE bandwidth is set at 

1/4 the range of the histogram.  This provides a broadly smoothed approximation of the 

distribution with kurtosis and skew influenced by any dominant normal modes present.  

A second density estimate is computed with 1/4 the optimal bandwidth102.  This 

oversharpens the probability density estimate, resulting in strong emphasis of any non-

normal modes in the distribution.  These two estimates are then multiplied to form the 

modified empirical probability density estimate (ePDF) used for selection.  In the case 

where a multi-modal ePDF is detected, the peak amplitude of each mode is divided by 

the full width half max of the mode.  This results in an emphasis of narrow, high 

amplitude modes in the probability distribution.  Finally, the highest amplitude mode in 

the modified ePDF is selected, and all input signal waveforms whose peaks do not fall 

within the selected ePDF mode are ignored during the current iteration of the algorithm 

(Figure 5.2b.iii).  Remaining candidate events are then filtered by shape using a 

wavelet scale-energy filter (§5.3.4 and Figure 5.3).  The selected events that survive 

filtering (Figure 5.2b.iv) are then used to compute the median event shape, which 

61



serves as an estimate of the original source waveform.  Each event has its individual 

isolated waveform, location, and wavelet decomposition saved in the output structure.  

In the example shown, the individual waveforms correspond to extracellular action 

potentials believed to be generated by the axon of a single neuron in the leech nervous 

system, and the source waveform is an empirical estimate of the action potential 

shape. 

! After the source waveform has been estimated, the empirically determined 

source waveform is linearly subtracted from the input signal at the detected peak 

locations that survived all filtering steps (Figure 5.2d).  The residual signal is then 

operated on by the STEO.  The nonlinear energy of the residual signal is searched for 

rare events that have very high energy (50% of normalized amplitude or quadruple the 

detection threshold) compared to the rest of the signal.  These high-energy rare events 

are identified as artifacts or non-classifiable signals, recorded, and removed within a 

100 sample window (10 ms in our example).  The residual input signal and 

corresponding residual energy signal then becomes the input for the n+1 iteration of 

the algorithm. 
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Figure 5.2  Adaptive iterative eroding nonlinear energy detector.

(a) A bandpass filtered (100 Hz - 2 KHz) input signal [i] to be analyzed 
enters the erosion cycle as input(n).  Our example signal was acquired 
at 10 KHz during extracellular recording of a leech nerve.  The signal 
has electrode drift removed and is then transformed using the 
normalized smoothed nonlinear energy transform (Eqs. 5.11 and 5.12). 
The normalized nonlinear energy signal [ii] passes through a filter 
which rounds the energy to 5% increments in amplitude [iii].  The set of 
all energy peaks is detected in the output of the rounding filter, and the 
empirical cumulative distribution function (CDF) of the peaks is 
calculated [iv].  A detection threshold [v] is adaptively defined from the 
empirical CDF by locating the energy value at which the slope of the 
CDF is reduced to 1% or less of the maximum CDF slope.  Candidate 
events in the nonlinear energy signal (⎔) are identified by choosing 
peaks above the determined threshold [vi]. 

(b) Candidate events (corresponding to candidate single-neuron action 
potentials in this example) are selected and isolated as sections of the 
input signal in a fixed time window around identified peaks in the 
nonlinear energy [i]. Peak candidate event amplitudes are determined 
at the center of each waveform section(⎔+, ⎔-).  [ii] The distribution of 
peak candidate event amplitudes is computed, and a kernel density 
estimate is used to approximate the probability distribution function 
(PDF).  The dominant peak is identified in the PDF.  [iii] Peak voltages 
outside of the dominant PDF peak are ignored.  Events with peak 
voltage amplitudes within the dominant PDF peak (☆) undergo 
wavelet scale-energy filtering (described in Figure 5.3) to remove 
events with similar energies but different shapes.  The median event 
shape in computed from the remaining events [iv].  In the signals 
shown, the selected events correspond to spikes from a single neuron.  
The median event shape corresponds to the hypothetical action 
potential shape of that neuron.

(c) The median event shape (★, Shape(n)) is linearly subtracted from the 
input waveform [i] at the times corresponding to the selected events.  
The resulting residual waveform [ii] becomes input(n+1). This constitutes 
the signal “erosion”. 

(d) Input(n+1) (c[ii]) is cycled into the next iteration of the process.  Lower 
energy events are now identifiable in the absence of the higher energy  
events found in input(n).
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5.3.4   Wavelet scale-energy filtering

! Peak nonlinear energy is not sufficient to separate all possible event 

waveforms, because different event waveforms can have a similar peak nonlinear 

energy (Figure 5.3a, inset).  This would prevent event classification using the STEO 

transformation, because the peak energy is the only feature used for event selection to 

this point. To distinguish between candidate events with similar peak energies, we used 

wavelet decomposition. The wavelet decomposition decomposes a signal into an 

approximation signal and a range of detail coefficients that describe the signal with 

increasing resolution103. Wavelet decomposition can also be described as a variant of 

the Fourier transform that reveals information about both frequency and temporal 

location.  Unlike the Fourier transform, in a wavelet decomposition the basis functions 

(“mother wavelets”) are localized, vanishing in time, and are compactly supported.  Any  

function f 2 H where H is a real Hilbert space can be decomposed using wavelets   

as orthonormal basis functions according to the continuous wavelet transform

s and ⌧  are parameters called scale and translation, and correspond to how the 

mother wavelet   is translated, stretched, or dilated to create a modulated, scalable 

window in which to decompose the signal104.  The output of the transform is a set of 

time-frequency representations that create a picture of a signal at different resolutions 

and as a function of time and frequency.  The scale and translation is derived from the 

mother wavelet according to 

(5.15) 
⇣(s, ⌧) =

Z
f(t) ⇤

s,⌧ (t)dt

(5.16) 
 s,⌧ (t) =
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Most signals of interest are sampled in time, and we therefore need to define a 

sampled or discrete version of the continuous wavelet transform.  The wavelets can be 

discretized by dyadic sampling 104 according to

with s0 = 2 and j0 = 1.  This allows the definition of the discrete wavelet transform 

(DWT) to be defined from the continuous wavelet transform  
 j,k
x  (Eq. 5.15) by

where  c  is a constant determined by the choice of mother wavelet. 

! Interestingly, the construction of the wavelet functions dictate that the spectrum 

of a wavelet is similar to that of a bandpass filter105.  Stretching, dilating, and translating 

of a wavelet corresponds to shifts in bandwidth and frequency band in Fourier space.  

As a consequence, the DWT can be realized in the discrete case by implementing a 

cascading filter bank consisting of a series of paired high-pass and low-pass filters. The 

filters themselves are defined by the discretized wavelets or wavelet series.  For a 

sequence of measurements x[n], this is expressed by convolution with filters g  and h

where y is the filter output, n  is the sample number, j is the decomposition scale,  and 

g and h are high- and low- pass filters, respectively.   At each scale, yhigh defines the 

(5.17)  
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DWT coefficients, while ylow is used as the input to the next filter.  The filter output is 

subsampled to half the original signal length (due to Nyquist limits), and the bandwidth 

of the subsequent filter is also reduced by half.  

! It can be shown that Parseval’s theorem applies to the discrete wavelet 

transform106, just as it does to the discrete Fourier transform107.  Thus, the 

approximated total energy of a waveform, ||x||2, will be distributed across 

decomposition scales J according to

However, this does not require that the partition of energy be the same for different 

waveforms.  Thus, at a given scale j, with a given waveform, the energy at that scale 

will be uniquely determined by the magnitude of the DWT coefficients.   We define this 

term as the waveform scale-energy at scale j.  Because the DWT coefficients are 

determined by the waveform shape, this implies that all waveform shapes have a 

unique scale-energy representation.  By decomposing using the DWT with Daubechies 

4 wavelets and 6 scales, we transform each detected waveform into a 6-dimensional 

vector corresponding to a unique position in Hilbert space106.  However, in this 

representation, a positive waveform and the negative of the same waveform will 

correspond to the same position in the Hilbert space, as they have the same energy.  

To compensate for this, we add a 7th element to the vector that contains the peak 

alignment value taken from the approximation term in the wavelet decomposition, 

which may be either negative or positive.  Once the 7-element vectors are defined for 

each candidate event, the energy distribution at each scale is computed (Figure 5.3b.[i, 

ii]), and a kernel density smoothing estimate at optimal bandwidth is used to generate 

(5.21)  
E
x

⇡ ||x||2 = ||y
low

[1]||2 +
J�1X

j=1

||y
high

[j]||2
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an estimated probability distribution (Figure 5.3b.[iii, iv]).  This probability distribution is 

then searched for maxima and minima. If multiple maxima exist, adjacent minima 

below 50% of the maximum density are used as bounds on the accepted events.  Any 

events with scale-energy values outside of the chosen bounds at a given scale j 

(Figure 5.3b.[i, iii]) are filtered. In the absence of minima, all energies at scale j are 

passed through the filter (Figure 5.3(b)[i, iv]).  

! For a set of candidate event waveforms {S}, the number of rejected scale-

energies (rreject) is counted for each event i.  If rreject(Si) < 3, then the event is passed 

through the selection filter (Figure 5.3c.i).  If rreject(Si) > 3, the candidate event waveform 

i is considered different enough in shape to be filtered. The filtered events (Figure 

5.3c.ii) are used differently in different parts of the algorithm; during the adaptive 

erosion step, filtered events are assumed to have a different shape and simply ignored 

so that they can be captured on the next pass.  During the semi-automatic k-means 

clustering and re-merging (§5.3.5), filtered events are assigned to new clusters.  The  

final output of the wavelet scale-energy filter is a set of candidate event waveforms, 

their temporal locations, and the wavelet decomposition of each event waveform.
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Figure 5.3  Wavelet scale-energy filtering.

(a) Peak nonlinear energy is not sufficient to separate all possible event 
waveforms.  In (a), ~100 candidate extracellular action potential 
waveforms measured during shortening behavior in the medicinal 
leech are shown.  All black waveforms were initially identified as 
having the same peak nonlinear energy. Post-hoc analysis reveals that 
the event group contains two waveforms, corresponding to two neural 
sources, which are now highlighted (blue and yellow waveforms).  As 
shown in the inset, the median shapes of the visually identifiable 
waveform groups have very similar peak nonlinear energy.  It is clear 
by inspection that the waveform shapes are different.

(b) To separate detected events that share similar peak nonlinear energy, 
each individual candidates waveform undergoes discrete wavelet 
decomposition.  At each wavelet decomposition scale j, the spectral 
energy of each candidate waveform is computed (i, ii, v).  This is 
defined as the “scale-energy” at scale j. For the set of all waveforms, 
the scale-energy probability distribution function is estimated at each 
scale j (iii, iv).   Local minima or boundaries (♢) are identified in the 
PDF around the highest peak (✱) found.  Candidate events with 
energies that fall within the boundaries are accepted (o), while those 
outside are identified and separated (o).  This is repeated at all scales 
of the wavelet decomposition (v).

(c) Candidate event waveforms whose scale-energies fall outside the 
probability distribution peak (b[ii, iv]) at < 3 decomposition scales are 
accepted and unfiltered (i).  Candidate event waveforms whose scale-
energies fall outside the probability distribution peak (b[i, iii]) at 3 or 
more decomposition scales are classified as belonging to an outlying 
group (ii).  These events are separated and identified.  Separated 
events can either be ignored, as in the iterative adaptive nonlinear 
energy detection step (Figure 5.2), or identified as a unique group, as 
in the cluster splitting step (Figure 5.4). 
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! 5.3.5   Semi-automatic k-means cluster splitting and validation

! The output from the adaptive source detector (§5.3.2) contains candidate 

clusters of spike-like events detected within the noisy input waveform.  As a 

mechanism to separate events with similar waveforms and peak nonlinear energies, 

candidate event clusters undergo attempted separation using the k-means algorithm.  

First, the candidate event clusters are passed to the wavelet scale-energy filter (§5.3.4) 

again, with the detection threshold for a minimum in the scale-energy probability 

distribution function (Figure 5.3b.[ii, iv]) raised to 90% of the maximum density at each 

scale j.   This results in the filter being more stringent.  The number of peaks in the 

scale-energy density function at each scale, kj, is counted (Figure 5.4b).  The mean 

value over all scales, kn, is then computed.  If kn > 1, the candidate cluster is operated 

on by a k-means cluster algorithm93 with the number of expected centroids as kn -1.  

Each of the resulting kn -1 clusters is separated from the input data and treated as a 

new input waveform cluster for the remainder of the cluster splitting and validation 

(Figure 5.4c).  Each new cluster also has the median cluster waveform computed (Wc).  

Using the Mahalanobis distance as a measure of cluster similarity, 

all event cluster median shapes (new and old) are compared pairwise (Figure 5.4d).  

For each pair WiWj, if Dmahal(i, j) is below 1.5-2.0 x min(Dmahal), empirically determined 

for each dataset, the pair are considered similar and the corresponding events are 

merged into a single cluster class.  These split and merged clusters are then presented 

for visual validation and manual merging correction (Figure 5.4e).  The algorithm output 

includes the individual event waveforms and classes, the times the events occurred, 

(5.22)   Dmahal(i, j) =
q

( ~Wi � ~Wj)TS�1( ~Wi � ~Wy)
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the empirically determined hypothetical source waveform, and the wavelet 

decompositions of each event.  
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Figure 5.4  Post-erosion cluster splitting and validation.

(a)  Candidate event clusters from the adaptive source detector (Figure 5.2) are 
filtered again using the wavelet scale-energy filter (Figure 5.3).  The examples 
shown here are candidate extracellular spike waveforms identified by the adaptive 
source detector from input signals acquired during en-passant recordings in the 
medicinal leech during crawling behavior.

(b) The average number of peaks in the scale-energy probability distribution functions 
(Figure 5.3(b)[ii, iv]) is identified as kn. If kn  is > 1, k-means clustering is 
performed using kn - 1 as the number of centroids to identify.  Clusters are 
visualized here according to their first three principal components.

(c) If kn is > 1, each separated cluster is extracted and assigned to a new candidate 
event class.  

(d) After all event clusters have been split, the Mahalanobis distance (Eq. 5.22) 
between pairwise sets of median cluster shapes is computed to identify “oversplit” 
clusters. Clusters that are nearby in Hilbert space are merged.  

(e) Manual cluster validation is performed to allow rejection of badly-formed events 
and to allow recombination of difficult or rare waveforms. A candidate cluster 
(indicated by ? ) will either be validated as a unique cluster or assigned to an 
existing event cluster (C1, C2) by manual override.
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5.4     Acquisition of neural signals and generation of synthetic signals

! Electrophysiological experiments were carried out in isolated adult medicinal 

leech (Hirudo verbana) nerve cords. Leeches were obtained from Niagara Leeches 

(Niagara Falls, NY) or our own breeding colony. Nerve cords were isolated with the 

headbrain and tailbrain intact as described in Eisenhart et al108.  Dorsal posterior (DP)  

nerves were surgically cleaned and separated from the body wall.  Neural signals were 

recorded differentially with an AM Systems (Sequim, WA 98382) Model 1700 amplifier 

using 25 µm diameter extracellular suction electrodes attached to dissected dorsal 

posterior nerves in segmental ganglia 3 and 12.   Recordings were sampled at 10 KHz 

for a fixed duration of 60 s.  To bias nerve cord behavior towards crawling, the nerve 

cord preparation was bathed in leech saline containing 20 µM dopamine in solution12.  

Dissected nerves of the tailbrain were then stimulated with 16 5V, 1 ms pulses at 13.3 

Hz by an extracellular suction electrode (personal communication, P. Frady).   Crawling 

was verified by observation of characteristic burst patterns occurring at both 

measurement sites with a period between 5 and 25 seconds12.  We used the WinWCP 

program for experimental control (Strathclyde University, freely available at http://

spider.science.strath.ac.uk/sipbs/showPage.php?page=software_ses).

! Synthetic data was generated from a library of experimental extracellular 

recordings during leech crawl, swim, and shortening behavior.  Four spike groups with 

>500 events detected were chosen, and the theoretical source action potential 

waveform was identified by computing the median waveform of each (Figure 5.5a).  

The four spike source waveforms were scaled to have arbitrary amplitudes of 1.0, 0.75, 

0.5, and 0.25.  The waveforms were constrained to smoothly trend to zero at the 

bounds.  A 4-channel random number generator was then used to generate spike 
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temporal locations, and the four spike waveforms were inserted into a 12x106 length 

vector at those locations, resulting in a noiseless 120 second signal.  This noiseless 

signal and the corresponding 4 channel spike location matrix provided the ground truth 

information.  Nine synthetic signals were generated by adding uniform white gaussian 

noise to the noiseless signal with RMS values of 0.1, 0.25, 0.5, 0.75, 1.0, 1.25, 1.5, 

1.75, and 2.0 (Figure 5.5b).  These signals were processed using the adaptive 

nonlinear energy classification algorithm for 15 iterations each. True positive rate (TPR) 

and false positive rate (FPR) were computed according to.

5.5     Results

5.5.1   Classification of synthetic signals and algorithm performance

! To gauge the performance of the adaptive nonlinear energy classification 

algorithm, synthetic signals with varying noise levels but identical spike-like event 

distributions were analyzed.  Although many different types of signal contain localized 

events within background noise, we chose to model neural extracellular recordings. 

Each synthetic neural signal contains four waveform classes, corresponding to four 

artificially scaled extracellular action potentials (spikes) with unique waveform shapes.  

The number of spikes in a given class was varied as the inverse of the spike amplitude. 

The synthetic signal approximates typical neural recordings observed in the medicinal 

leech, Hirudo verbana. The four spikes, chosen from a library of neural recordings, had 

arbitrary RMS amplitudes of 4.55, 2.75, 1.83, and 0.69 respectively (Figure 5.5a).  The 

(5.23)   

(5.24)

TPR =

Correctly classed events

Correctly classed events + Missed events

FPR =

Incorrectly classed events

Incorrectly classed events+ Correctly rejected events
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presence of these four spikes in nine synthetic signals at various noise levels produced 

classification data at 36 different SNRs.  

! The algorithm performance as a function of SNR is shown in Figure 5.5b.  The 

fraction of correctly classed events begins to decrease at an SNR of 2, and has 

decayed to 67% correct (1-1/e) at a signal to noise ratio of ~0.75.  To determine the 

relationship between noise and probability of successful detection including false 

positives, the true positive rate and false positive rate for each of the 36 possible spike 

RMS amplitude to noise RMS amplitude combinations was determined from Eqs. 5.23 

and 5.24.  After plotting each TPR and FPR pair, the SNR was assigned to the z-axis.  

A surface was then numerically fit to that set of points in 3d space (Figure 5.5c).  

Isocontours of the surface perpendicular to the z-axis define the set of points {FPRx, 

TPRx} for which the SNR remains a constant value x.  By applying a similar analysis to 

that used for receiver-operator characteristic curves,  the fractional likelihood that a 

spike with a given SNR x will be classified correctly is given by the integral of the 

isocontour corresponding to x

Using the characteristic synthetic signals presented here, SNR ≥ 2.22 result in a 

likelihood of proper classification of 99%.  The likelihood of correct classification is 95% 

at a SNR ≥ 1.3, and decreases to 85% at a SNR of 1.0.  

(5.25)   
p

success

(x) =

Z 1

0
TPR

x

(FPR

x

)dFPR

x
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Figure 5.5  Algorithm performance characteristics.!

(a) To assess event sorting performance, identified neural spike archetypical 
waveforms from several experiments were normalized according to 
amplitude.  Numerals (I-IV) indicate event class, and numbers indicate spike 
root mean square (RMS) amplitude.  These events were randomly positioned 
within a 120 second artificial signal.  Uniform gaussian noise with RMS 
amplitudes of 0.1, 0.5, 1.0, and 1.5 was added to the noiseless signal.  
Sections of the noisy signals are shown below the neural spike archetypes. 
Numerals above the noise signals indicate the location of one spike of each 
class.

(b) Output of the adaptive event classification algorithm was compared with the 
known ground truth from the noiseless signal.  For each possible spike RMS / 
noise RMS combination, the fraction of true positive detections at a given 
signal/noise ratio calculated.  The 1-(1/e) point is indicated by a dashed line, 
and corresponds to signal/noise ratio of 0.90, indicated with a star (✱).  The 
dashed line indicates a local linear regression fit of the measurements.   The 
dotted line at the top indicates perfect classification performance.

(c) To determine the relationship between noise and probability of successful 
detection, the number of true positive and false positive detections for each 
possible spike RMS / noise RMS combination was determined from Eqs. 5.23 
and 5.24.  A surface was then fit to the measurements whose z-axis 
corresponds to signal to noise ratio (SNR).  Isocontours corresponding to 
SNR were identified.  The probability that a spike event with signal/noise ratio 
x is correctly identified is equal to the integral of the isocontour corresponding 
to x.  Example isocontours are indicated by a solid black line with a pair of 
values specifying the probability of correct detection and signal/noise ratio 
respectively.  A dashed line indicates a detection probability of 0.5, 
corresponding to random chance.  
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5.5.2   Classification of neural recordings in Hirudo verbana

! To gauge the performance of the adaptive nonlinear energy classification 

algorithm in a real-world application with experimental measurements, measurements 

of extracellular voltages were taken from leech dorsal posterior (DP) nerves.  The DP 

nerve contains O(101) axons traveling from the  local segmental ganglion (with ~400 

neural cell bodies) to the muscles in the body wall. This nerve carries motor output 

signals and receives sensory feedback from the body.  During typical behaviors, each 

of the active axons carries a neural action potential, a propagating neural signal 

consisting of a short wave of transverse ion flows.  The electrical potential changes due 

to the ion flow are then measured with a differential extracellular amplifier.  Because 

multiple axons travel in the same nerve bundle and are active simultaneously, event 

signals caused by overlapping sources will be observed at this measurement site.  The 

electrical input signal acquired during 5 episodes of 60 s in length of crawling behavior 

is shown in Figure 5.6a.  Adaptive nonlinear energy classification for 30 iterations 

reveals three distinct source waveforms and respective patterns, each of which is 

indicated by a different color in the eroded signal in Figure 5.6a.  The presence of 

distinct but overlapping patterns is immediately visible in the detector output.  Each 

source waveform or spike corresponds to an individual neuronal source in the 

originating ganglion.  The temporal locations of each spike class are shown in a raster 

plot in Figure 5.6a.  In Figure 5.6b, three 300 ms regions are shown in detail to 

illustrate successful de-mixing of unknown sources.  Manual inspection of 10 randomly 

chosen 500 ms windows revealed no misclassifications and < 10  unclassified events.
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Figure 5.6  Adaptive erosion and event classification of neural measurements.

(a) Electrical input signals are sampled at 10KHz for 300 seconds from the leech 
dorsal posterior nerve in ganglion 12 using a differential amplifier.  The input 
signal is then adaptively eroded for 30 iterations to identify neural events (action 
potentials), and the resulting output is classified, merged, and validated.  The 
eroded signal reveals three independent neural sources within the original 
recording, with each color corresponding to an individual neural unit.  For each 
neural unit, the times at which an action potential occurred are shown in the 
source raster plot as an open circle.  Numerals I, II, and III indicate regions 
examined in (b).

(b) Three regions of the input signal and eroded output are shown in detail, each 300 
ms in duration.  The regions are labelled by numerals I, II, and III in (a).  For each 
region, the input signal is shown in black.  In the eroded signal, identified events 
are arbitrarily labelled by color according to event class.  Stars (✱) indicate events 
in which mixing of independent source events occurred and were decomposed by 
erosion, and diamonds (♢) indicate events occurring in isolation without mixing.  
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5.6     Discussion

! When applied to both synthetic signals and real measurements of extracellular 

action potentials, our adaptive source detection algorithm exhibited very successful 

classification  and separation of events.  In the examples presented in this chapter, the 

likelihood of successful signal detection is above 85% for SNRs above 1.0 (Figure 5.5).  

This compares very favorably with other modern neural spike detection methods 

92,99,109, and it performs well on experimental measurements taken from the medicinal 

leech.  However, there are substantial limitations on how our algorithm can be 

implemented. In order to make a reasonable estimate of the hypothetical source event 

waveform, multiple events must be detected and classified. This means that for 

infrequent events, the SNR must be higher for successful detection. This effect can be 

seen in the curve shown in Figure 5.5b as a slight dip in detection performance at very 

high SNR.  This dip occurs because in the synthetic data, the high SNR events were 

constrained to be uncommon. It is unlikely that events which are rare and have low 

SNR will be successfully detected. 

! Many BSSP techniques are specifically geared towards “on-line”, or real time, 

analysis.  The advantage to real time signal separation and processing is that the 

presence of events belonging to a particular source can be used to alter the inputs to 

the system being measured.  This is used in brain-computer interfaces, where real time 

EEG measurements must be characterized on the fly to allow interaction feedback.   

Real time blind source separation poses many challenges, and is a topic of active 

research109-111. Our algorithm does not work in real time and cannot process streaming 

data. This eliminates our algorithm from consideration in cases where immediate 

feedback is required. However, for cases in which existing information is to be 
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analyzed, there is no advantage to processing the data in realtime.  Access to the full 

data set allows the full informational content to be explored, and results in better 

algorithm performance and better detection of signals. Rather than having to determine 

an optimal detection threshold (whether constant112 or variable113) that is then applied 

to the full dataset as is done in real-time analysis and data collection, it is possible to 

adapt the detection threshold to the specific statistics of the dataset during a given 

iteration.  The use of adaptive thresholds is a major benefit to the separability of 

measurements using our detector.  

! The threshold is chosen by using characteristics of the empirical cumulative 

distribution function (eCDF) at each iteration. The eCDF(x), defined by Eq. 5.14, is an 

empirical measure of the probability that a random variable with an unknown probability  

distribution function will have a value less than or equal to x.  As x increases, the value 

of the eCDF is required to monotonically increase. If “structured variables” are defined 

as a measurement set in which the sampled variables are non-uniformly distributed, 

then by definition the probability distribution will have at least one peak.  If we proceed 

to define “separable” variables to be randomly drawn from a set containing a mixture of 

variables with at least one differentiating feature that is non-uniformly distributed, then 

the resulting probability distribution (PDF) of that feature will have a minimum of two 

peaks.  Because the CDF is computed by integration of the PDF, for every peak in the 

PDF there will be a corresponding zero-slope region in the CDF.  In the case of purely 

random variables with no separable features, the CDF increases linearly and no 

threshold exists for separability.  In the case of structured separable data, there will 

exist a maximum value of x ≠ 0, 1 for which the CDF slope approaches zero.  By 

setting a selection threshold at such an x, the variables selected will be dominated by a 
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single feature value.  After that feature value is removed from the variable set by 

erosion, the residual CDF will have a new form.  

! Using this logic to adaptively define the detection threshold at each iteration of 

our algorithm allows us to always work with the highest energy waveforms (which have 

the highest SNR) during each step of erosion.  We have observed a significant 

improvement in performance as compared with non-iterative methods for determining 

detection thresholds (data not shown).  Regardless of the amplitude that a single 

threshold is set to, an event created by overlapping sources must be either detected or 

ignored.  Our iterative method provides a mechanism for separating such mixed 

signals.!

! This does not mean that all mixed events will be detected. In very complex 

signal mixtures, occasionally an event will be so highly or unusually mixed that it is 

filtered out unintentionally.  This type of error can be detected by examining the STEO 

transform of the residual signal after erosion for rare, high amplitude events.  The 

presence of such events would not allow proper formation of a structured CDF as they 

are too rare to shift the CDF slope.  To prevent this, rare events of this type are 

separately removed and stored in a data structure.  In real measurements of 

extracellular neural potentials, these errors often result in identification and removal of 

stimulus artifacts.

! Another type of error occurs when the distribution of event energies belonging 

to a single source is particularly broad or the waveform itself is particularly symmetric.  

In either such case, a fraction of the events (typically 10% to 50%) will be ignored 

during the active iteration of the algorithm. In this case, another advantage of the 

iterative process solves the error; on the next iteration, a large number of the 
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previously detected events will still be present, and detected again on the current pass.  

The previously ignored events are at that point selected and eroded. We describe this 

characteristic of the algorithm as self-cleaning, and it is a powerful way in our method 

processes noisy signals. A similar effect occurs when a hypothetical source waveform 

is significantly different from the actual source waveform, such as when multiple events 

are incorrectly grouped together. . After erosion of poorly detected events, high energy 

artifacts corresponding to the discrepancy remain and are detected as an event 

waveform group on the next iteration and eroded.  Although not currently implemented, 

these systematic errors could be used to improve the hypothetical source waveform 

from which they arose.   

! Adaptive nonlinear energy classification is a uniquely flexible post-hoc 

technique for identifying, classifying and separating temporally mixed spike-like events 

from single measurement sites.  By observing events that share common features, we 

are able to empirically approximate the sources that create spike-like events.  By then 

eroding the empirical source waveform from the input signal at the appropriate times, 

hidden overlapping events are revealed that are invisible to techniques such as 

clustering, template matching, or even manual inspection. In addition, the technique is 

capable of extracting events with a very low SNR.  These characteristics are valuable 

to a broad range of problems, and have been demonstrated in the test case presented 

here to reveal previously hidden activity patterns in leech extracellular neural 

recordings.  We believe the application of this algorithm will prove valuable to basic 

science, engineering, and signals intelligence.  In the companion chapter, Precision 

Temporal Analysis of Neural Signals in Hirudo verbana, we demonstrate an application 
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of this technique to previously intractable signals in order to reveal evidence of 

multifunctional neurons correlated to behavior.  
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6 Precision temporal analysis of neural signals in Hirudo verbana

! Benjamin Migliori1, Massimiliano Di Ventra1, and William Kristan Jr2

6.1     Summary

! Hirudo verbana, the medicinal leech, is a uniquely powerful experimental 

platform with which to study systems neurobiology.  The leech has a minimally complex 

nervous system (10000 neurons distributed in packets along a nerve cord) that exhibits 

a diverse array of highly stereotyped behaviors. Leech behavioral signals are 

propagated between neural packets as electrical pulses in the connective, a bundle of 

neural transmission fibers. These signals control and coordinate sophisticated 

behavioral motions allowing the animal to hunt successfully.  We demonstrate 

successful extraction of simultaneously active neuron firing patterns from highly 

overlapping independent neural sources in the leech connective.  We also acquire 

propagation velocity using a custom electrode we developed.  With this information, we 

identify neurons that are coherently active during multiple behaviors with the same 

interganglionic velocity and spike shape.  These multifunctional neurons, active during 

swimming, crawling, and whole-body shortening, participate rhythmically with each 

behavior, but with different phase and sometimes different propagation direction. These 

results demonstrate a new way to search for behaviorally important biological signals. 

Our signal processing method is described in depth in the companion chapter, 

Adaptive event classification via nonlinear energy erosion.

Keywords: Spike sorting, behavior, Hirudo, multifunctional neurons
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6.2     Introduction

! Neural systems across the animal kingdom are notoriously complex and difficult 

to study.  They are fragile, composed of small parts, require precise temperature and 

chemical regulation, and are highly active in intricate patterns. In typical vertebrate 

nervous systems, which are often of interest because of similarities with our own, the 

brain is condensed into a single mass, making access with measurement devices 

extremely difficult.  In very simple organisms, such as the worm C. elegans, there are 

as few as several thousand connections27, while in the human brain there are an 

estimated 1015 connections4. Knowing the connections is only part of the battle5, as 

even when the connections are known, the activity of those connections are modulated 

by chemical neurotransmitters 6.  Understanding activity in the human brain will lead to 

medical and engineering advances.  However, it is a problem with many significant 

theoretical and technical hurdles to overcome.  By choosing a simpler system to study, 

it is often possible to reveal fundamental principles common to all neural systems.  We 

direct our studies toward the medicinal leech, Hirudo verbana.  

! An invertebrate annelid worm, Hirudo has a nervous system consisting of 

roughly 10000 neurons distributed in 21 packets called segmental ganglia along a 

nerve cord.  At the anterior and posterior are a set of specialized ganglia called the 

headbrain and tailbrain, respectively.  Each ganglion consists of approximately 400 

neurons, many of which are “mirrored” (homologous) from ganglion to ganglion. 

Neurons in each ganglion are also often bilaterally paired.  Each ganglion functions as 

a local decision-making unit that controls a segment of the animal, although there are 

some unique neural inputs known to come from the headbrain7 as well.  Each ganglion 

communicates with adjacent or distal ganglia8 via neural signals called action 
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potentials1 transmitted along axon fibers in the nerve cord or connective bundle.  Each 

ganglion also connects to the body of the leech via peripheral nerves that carry motor 

signals out and sensory input in13. Microscopy studies10 have found approximately 104 

axons in the connective. Although it has a “minimally” complex nervous system, the 

leech exhibits an array of highly stereotyped behaviors including feeding11, 

reproductive behavior8, swimming7, crawling12, local bending13 (a localized evasive 

response), and whole-body shortening14 (a global evasive response).  These behaviors 

are consistent from animal to animal, and the expected motor patterns that can be 

observed in the peripheral nerves are known from prior work.  

! Using traditional electrophysiological techniques, in which high impedance 

sharp microelectrodes are used to pierce neural membranes and record electrical 

potentials via amplifiers, a substantial amount has been learned about the neural 

circuits that accomplish these behaviors13,51,114-118.  However, intracellular recordings 

require delicate mechanical manipulations and are very limited (< 8) in the number of 

neurons that they can simultaneously record.  One way to record from more neurons 

simultaneously is to use extracellular suction electrodes attached to peripheral nerves 

(Figure 6.1b)119. However, the extracellular electrodes only capture neural spikes, and 

signals will overlap if many axons in a nerve are active. Also, suction electrodes can 

only record signals that exit the ganglion. In recent years, optical methods for recording 

neural voltages, such as potentiometric dyes45, have been refined so as to detect 

single action potentials21, and may soon be able to record from all neurons in a single 

ganglion simultaneously.  This would be a complete “state measurement” of the 

ganglion. Non-contact methods of generating precise neural activity are also being 

developed25,120, and it seems likely that non-invasive optical methods will become a 
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dominant method for neural recording and stimuli in the future.  However, due to spatial 

and temporal resolution constraints44, optical imaging of multiple ganglia 

simultaneously may remain prohibitively difficult and expensive.  This does not prevent 

interganglionic signals from being acquired.  !

! Pairwise recordings from individual neurons in distal ganglia using sharp 

electrodes are not unusual121,122.  More complete interganglionic information (a “state” 

measurement of communication signals) can be acquired en passant, or “in passing”, 

by a suction electrode loosely attached to the connective (Figure 6.1b).  However, the 

number of axons in the connective means that signals measured there are very 

complex and highly mixed, and have been all but intractable to methods with 

millisecond temporal precision20.  En passant suction electrodes also tend to be 

unstable over very long recording periods (60 min or greater). The limitations of sharp 

electrodes, suction electrodes, and optical neural recordings mean that determining 

dynamics of interganglionic circuits, while possible 7,123, remains a painstakingly difficult 

process.  

! Our goal was to utilize our newly developed blind-source signal processing 

algorithm (Chapter 5) to extract action potential spike trains from the connective that 

are rhythmically active with behavior.  The algorithm is designed to “blindly” (i.e. without 

a model for the signal sources) transform an extracellular recording of action potentials 

into a series of statistically determined spike firing patterns.  These firing patterns 

correspond to independent neural sources (single neurons) that are mixed together in 

the voltage recording acquired from the connective.  In addition to the firing pattern of 

the neural sources, we also acquired the propagation direction using a new type of 

extracellular electrode that we developed (Figure 6.2).  Because these extracellular 
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electrodes are easy to place, we are able to localize neural signal origin sites to 

specific regions of the animal for further investigation.  By extracting multiple firing 

patterns and propagation directions, we are able to perform a special type of non-

invasive but temporally precise electrophysiology on interganglionic signals likely to be 

important in behavioral coordination. Using this method, we have identified both 

anterior and posterior propagating neurons that are simultaneously active and 

correlated over long distances.  We also successfully demonstrate the existence of 

single neurons that are rhythmically coherent during swimming, crawling, and whole-

body shortening, with fixed propagation delay times.  This is strong evidence for the 

existence of specific, multifunctional neurons that participate in interganglionic 

synchronization during multiple behaviors.

6.3     Materials and Methods

6.3.1   Acquisition of neural signals during behavior

! Electrophysiological experiments were carried out in isolated adult medicinal 

leech (Hirudo  verbana) nerve cords. Leeches were obtained from Niagara Leeches 

(Niagara Falls, NY) or our own breeding colony. Nerve cords were isolated with the 

headbrain and tailbrain intact as described in Eisenhart et al108.  Dorsal posterior (DP)  

nerves were surgically cleaned and separated from the body wall.  Neural signals were 

recorded differentially with an AM Systems (Sequim, WA 98382) Model 1700 amplifier. 

We used the WinWCP program for experimental control and acquisition of signals 

(Strathclyde University, freely available at http://spider.science.strath.ac.uk/sipbs/

showPage.php?page=software_ses).

! Isolated nerve cords were recorded from in the configuration shown in Figure 

6.1c.  Two 25 µm diameter extracellular suction electrodes were attached to dissected 
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dorsal posterior nerves in segmental ganglia 2 or 3 and 12.  These were used to 

acquire behavioral reference signals.  Three additional 25 µm diameter extracellular 

suction electrodes were attached to dissected dorsal posterior (DP) nerves in 

segmental ganglia 4, 14 or 15, and the nerves of the tailbrain.  These were used to 

issue electrical stimuli to initiate behaviors.  Only one stimulus electrode was used at a 

time, but all three behaviors were generated during each experiment. Recordings were 

sampled at 10 KHz for a fixed duration after the stimulus.

! To acquire en passant recordings from the leech connective, we designed and 

built a custom propagation-sensitive extracellular electrode in-house (Figure 6.2).  The 

electrode consisted of a T-shaped block cut from 1 mm thick disks of 

polydimethylsiloxane (PDMS or Sylgard, RTV615, General Electric).  Using a stab 

scalpel (Fine Surgical Tools, Foster City, CA), a v-shaped channel is manually cut into 

the PDMS parallel to the top of the T.   Teflon-coated 75 µm silver wire (California Fine 

Wire, Grover Beach, CA) is threaded through the PDMS using sewing needles 

perpendicular to the T and in such a way that a section of wire is exposed in the 

channel.  The wire is thread such that a section is exposed past the end of the T.  This 

exposed section is then stripped of coating and pulled back through the block such that 

exposed silver wire is only present in the channel.  Ground electrodes are prepared 

similarly as shown in Figure 6.2.  This electrode is then mounted to a strain-relief plate 

and connected to the extracellular amplifier (not shown).  Propagation sensitive 

electrodes are placed between ganglia 7 - 8 and ganglia 11 - 12.  A single channel 

version (not propagation sensitive) is placed between ganglia 9 - 10.  To make 

recording with this type of electrode, leech connectives have the blood vessel 

surrounding them surgically removed.  The connective between two ganglia of interest 
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is then placed in the channel and the adjacent ganglia are pinned down to a PDMS-

filled dish.  This forces the connective into direct contact with the exposed silver wire.  

Petroleum jelly is the used to fill the channel, electrically isolating the measurement 

region.

! To initiate swimming, five 5 V, 1 ms pulses at 13.3 Hz are issued to the DP 

nerve of ganglion 13 or 14 at the beginning of the episode.  To initiate whole-body 

shortening, three 3.5 V, 1 ms pulses at 8 Hz are issued to the DP nerve of ganglion 4.  

Swimming was identified by characteristic bursts of action potentials in the reference 

electrodes at roughly 1 Hz.  WBS was identified by simultaneous activation and return 

to quiescence in the reference electrode at ganglion 2 and the reference electrode in 

ganglion 12.  Recordings during swimming and shortening were acquired for 14 

seconds after the stimulus during each fixed-duration episode.  Swimming and 

shortening were recorded for 30 - 50 episodes in each animal.  

! To bias nerve cord behavior towards crawling, the nerve cord preparation was 

bathed in leech saline containing 20 µM dopamine in solution12.  Dissected nerves of 

the tailbrain were then stimulated with 16 5V, 1 ms pulses at 13.3 Hz by an 

extracellular suction electrode (personal communication, P. Frady).   Crawling was 

verified by observation of characteristic burst patterns occurring at both measurement 

sites with a period between 5 and 25 seconds12.  Recordings during crawling were 

acquired for 75 seconds after the stimulus during each fixed-duration episode.   

Crawling was recorded for 20 - 30 episodes in each animal.
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Figure 6.1  Recording neural information in the medicinal leech.

(a) The leech is a segmented annelid worm with an iterated nervous system 
consisting of 21 segmental ganglia (GN), each containing ~400 neurons, many of 
which are homologous between ganglia. The ganglia are situated along a nerve 
cord containing ~104 axons, including those traveling between adjacent ganglia 
(GN : GN ± 1 ) and from distal ganglia (GN : GN ± >1 ). Each segmental ganglion has a 
set of peripheral nerves that send motor signals to the muscles in the body wall 
and receive sensory information and feedback.  The nervous system can be 
removed and isolated for measurement while still exhibiting behaviors such as 
crawling or swimming.

(b) To measure neural signals, ionic flows caused by neural signals are measured 
with electrical amplifiers and electrodes.  To stimulate behaviors or measure 
motor output, extracellular suction electrodes are attached to the dorsal posterior 
peripheral nerve exiting the ganglion to be measured.  To measure interganglionic 
signals traveling between segmental ganglia, a custom paired electrode (Figure 
6. ) is used to measure signals as they travel (en passant) through the connective.  

(c)  To search for multifunctional neurons, the leech nerve cord was connected as 
shown.  Reference extracellular electrodes (REF1 and REF2) are connected to 
DP nerves in ganglion 2 and ganglion 12 to measure motor output signals used to 
identify behaviors.  Extracellular electrodes were also attached to DP nerves at 
ganglion 4 and ganglion 14, to stimulate whole body shortening and swimming 
respectively.  A fifth extracellular electrode was attached to the peripheral nerves 
of the tail to initiate crawling.  Only one stimulus electrode was activated at a time.  
Propagation sensitive en passant electrode pairs were placed between ganglia 7 
and 8, and between ganglia 11 and 12.  A single-channel en passant electrode 
was also placed between ganglia 9 and 10.  All recording channels were 
measured simultaneously at 10 KHz / channel.
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6.3.2   Analysis of neural signals

! Extracellular action potential recordings were acquired on 7 channels, 5 en 

passant and 2 reference extracellular electrodes on DP nerves.  Each channel was 

processed using adaptive erosion as described in Chapter 5.  The reference channels 

were eroded for 15 iterations, and the en passant recordings were eroded for 30 - 40 

iterations.  For each channel, independent neural firing patterns corresponding to 

single neurons were identified and extracted.  Normalized instantaneous firing rates 

Figure 6.2  Propagation-sensitive en passant extracellular electrode.

To acquire neural activity waveforms and directional information, measurements must 
be made simultaneously at two locations. We developed a custom electrode to 
measure this information in leech connective bundles.  (a) Inside a mount made of 
polydimethylsiloxane (Sylgard), two 75 µm teflon-coated silver wires are threaded 
parallel to each other with a 1.0 mm spacing.  The coating is removed from the last 2 
mm of the wires, which are then exposed within a small channel (b).  The exposed 
ends (c) are sealed with cyanoacrylate. The interganglionic connective bundle is laid 
down in the channel and stretched across the exposed silver wires.  The channel is 
then filled with a non-conductive gel (petroleum jelly) to electrically isolate each 
measurement site.  Ground electrodes are placed at the back of the mount (d) and 
differential recordings are made using an extracellular amplifier.  
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(NIFR) were computed by measuring and low-pass filtering the inter-spike intervals of a 

neural unit firing pattern112.  The resulting signal was normalized to the maximum 

observed value.  Filtering time constants were chosen to be 1/20 the episode length.  

This scaled filtering results in optimal smoothing of the instantaneous firing rates for the 

expected oscillation frequencies of each behavior.  

! After each measurement channel was adaptively eroded, a single reference 

channel exhibiting characteristic motor patterns for swimming, shortening, or WBS was 

chosen.  The firing pattern corresponding to a specific motor neuron in the DP (cell 3) 

was identified manually from each isolated firing pattern (Figure 6.2a.i).  The NIFR was 

then determined for the reference neural unit.  For each en passant channel (Figure 

6.2a.ii),  adaptive erosion identified 5 - 15 independent firing patters corresponding to 

individual neurons with processes in the connective.  For each identified unit, the firing 

pattern was converted to NIFR (Unit 5 shown). 

! Signal to noise ratios are calculated by comparing the RMS means of the 

median spike shape for a given class with the residual signal energy at the 

corresponding iteration of adaptive erosion:

where W is the spike waveform shape detected at iteration i, N is the spike waveform 

sample length, S is the residual signal at iteration i, and L is the length of the input 

signal in samples.

6.3.3   Coherence analysis of detected neural units

! Spectral coherence was computed in a similar manner to that presented in 

Cacciatore et al124.   Estimates of the spectral power in the reference (Figure 6.3b.i) 
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and test signal (Figure 6.3b.ii) are computed using Thomson multitaper methods125 as 

in Eq. 6.2

where  <> indicates the inner product over all trials and tapers such that

where N is the number of trials, n is the trial number, k is the taper used, and K is the 

total number of tapers.  Ṽ  is the Fourier transform of the input waveform V 

where w represents the taper specified by k. Tapers are chosen from discrete prolate 

spheroidal sequences according to Percival and Walden126. Each taper used generates 

an independent spectral estimate for each episode of behavior analyzed, and these are 

averaged to form the final estimate.  This gives one averaged spectral estimate per 

episode, which are then averaged together to form a mean spectral estimate for the 

behavior over multiple episodes.  The largest non-zero peak in the power spectrum of 

reference signal is chosen as the frequency for coherence estimation.  The spectral 

coherence is then calculated over all trials and tapers according to Eq. 6.6 and 6.6

(6.2) S⌫(⌫) = hṼ (⌫)Ṽ ?(⌫)itrials,tapers
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Tapers were chosen to achieve resolution of 0.02 Hz for 75 second, 10 KHz crawling 

episodes and 0.2 Hz resolution for 14 second, 10 KHz swimming and WBS episodes 

(ref).  The coherence magnitude and phase of each episode is shown in Figure 6.3b.iii 

as a closed black circle on a radial plot, while the mean coherence is shown as a filled 

colored circle.  Error bars are standard errors of the coherence magnitude and phase 

from each episode. An example of an incoherent detected neural unit (Unit 10) is 

shown in Figure 6.3b.[iv, v].  On all coherence plots, the red circle indicates the 95% 

confidence limit127,128.  Use of multitaper methods allow estimates to be made more 

accurately of spectral power contained at either edge of the spectrum.  With expected 

spectral peaks at 0.05 Hz for crawling and 1 Hz for swimming, multitaper methods are 

crucial for properly resolving signal coherence. 

! WBS is not a rhythmic behavior.  It is identified by the near-simultaneous 

activation of spiking activity in DP nerves of the far-anterior and mid-posterior of the 

animal.  Because spectral coherence requires the presence of rhythmically active 

signals, we artificially impose a repeated pattern (cyclostationarity) on episodes of 

WBS before our analysis.  To do so, we concatenate 3 - 4 episodes of WBS into a 

single pseudo-episode, and then analyze that episode in the same manner as 

episodes of swimming or crawling.  However, this artificially introduces spectral power 

at a frequency of 1/Tpseudo-episode.  To avoid contamination of coherence measurements, 

the frequency peak used for testing coherence between the reference signal and the 

detected neural units is chosen as the second highest peak in the reference spectrum.
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Figure 6.3  Behavioral coherence of neural unit firing patterns

(a) To determine neural unit coherence, reference measurements are acquired from 
extracellular recordings (i) of leech dorsal posterior (DP) nerve (G2 or G12) and 
an en-passant recording (ii) of the leech connective bundle between ganglion 7 
and 12.  The example shown was acquired during swimming behavior.  DP 
recordings are adaptively eroded for 15 iterations, and en-passant recordings are 
adaptively eroded for 30 iterations.  In the DP nerve recording, the neural unit 
corresponding to cell 3 (the largest spike) is isolated, and the spiking raster 
pattern (vertical bands immediately below input signal) is  determined.  The 
pattern of spike times is converted to normalized instantaneous firing rate (NIFR, 
shown below each recording). Each detected neural unit in the en-passant 
recording has its NIFR tested for coherence against the reference NIFR.  

(b) (i) The reference power spectrum during swimming behavior computed using the 
Thomson multi-taper method. Black lines indicate the mean, and colored lines 
indicate the spectrum for each behavioral episode.  The peak oscillation 
frequency is 1.1 Hz in the reference signal.  (ii) The power spectrum from neural 
unit 5 detected in the en-passant recording.  The presence of a peak near 1 Hz 
indicates a significant level of spectral energy in that band. (iii) Coherence 
magnitude and phase between neural unit 5 and the reference signal from 
ganglion 2.  The coherence and phase of each individual episode is indicate by a 
closed circle, and the mean coherence and phase of the mean over all episodes 
is indicated by the colored ✖.  The red circle indicates the 95% confidence 
interval. There is significant coherence between neural unit 5 and the reference 
signal. (iv) The power spectrum from neural unit 10 detected in the en-passant 
recording.  The absence of any significant peaks indicates no shared power 
spectrum components with the reference behavior.  This can be visually 
confirmed in the NIFR waveforms (inset).  (v) Coherence of neural unit 10 and the 
reference signal from ganglion 2.  The coherence and phase of each individual 
episode is indicate by a closed circle, and the mean coherence and phase of the 
mean over all episodes is indicated by the colored ✖.  The red band indicates the 
95% confidence interval. No significant coherence is detected between neural unit 
10 and the reference signal.
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6.3.4   Propagation analysis of detected neural units

! To demonstrate that a neural unit detected in both measurement sites of the 

propagation-sensitive electrode belongs to a single axon, correlation analysis is used to 

determine the number of matching action potentials detected at electrode I and electrode II and 

the delay time between those spikes (Figure 6.4).  A spike is considered correlated if it occurs 

within a fixed window before or after the reference spike, typically 1 to 30 ms depending on 

distance between electrode pairs.  For every spike tested, the number of correlated spikes at 

each time are counted in 0.5 ms bins to create a correlogram (Figure 6.4b).  For randomly 

correlated spikes, the correlogram will be pure noise (Figure 6.4b, grey bars).  With successful 

neural unit separation at both electrodes, there will be a sharp peak in the correlogram.  This 

indicates that for each detected spike of a given class at electrode I, there was a fixed time 

delay to a given spike belonging to another class at electrode II.  This is a physically logical 

result, as action potential velocities along fibers in the connective should be constant.  If the 

Figure 6.4    Neural correlation analysis 

Cross-correlations of event times detected by adaptive erosion (a) are computed with 
a correlogram (b).  A negative delay indicates that the detected event at location G1 
occurs before (“leads”) the event at G2, while a positive delay indicates the detected 
event in G1 occurs after (“lags”) the event in G2.  A “lead” indicates anterior origin, 
while a “lag” indicated posterior origin.  A fixed delay between measurements, 
indicating a common point of origin for a signal detected at both sites, will produce a 
large correlation value (a, b: solid lines, solid  bars).  Missed detections or false 
positives will appear as noise in the correlogram (a, b: dotted lines and grey bars).  
An incomplete erosion or separation will result in multiple peaks, indicating the 
presence of multiple correlated neural sources (a, b: dashed lines and bar).

103



adaptive erosion fails to perfectly separate a neural unit, there may be other correlated events 

mixed into the firing patterns at both electrodes.  In this case, two peaks will appear in the 

correlogram indicated the presence of multiple neural units with independent propagation 

velocities.  

! With measurements from multiple en-passant electrodes, extracellular action potential 

measurements are transformed into a set of spike times and spike shapes corresponding to 

signals originating from single neurons in an unknown ganglion.  There is no requirement that a 

given neural unit i from measurement electrode m will correspond to unit j  in electrode n. 

However, it is expected that action potentials corresponding to unit i at the first electrode of the 

propagation-sensitive electrode pair will be detected at a fixed delay in the second electrode of 

the pair.  This constraint is imposed from anatomical studies of typical axon paths, which 

seldom stop transmission midway through the connective.  Therefore, it is reasonable to expect 

that for a pair of measurements with I total units detected at electrode m and J total units 

detected at electrode n, there will be an i x j assignment matrix containing the neural unit pairs ij 

for which overall correlation of all units is best matched.  We solve this problem using a variant 

of the Hungarian pairwise combinatorial optimization algorithm129.  By matching units electrode 

to electrode in overlapping sets (unit 1: unit 2 at electrode pair n-m, unit 2: unit 3 at electrode 

pair m-i), it is possible to “chain” detected units together and follow the propagation of single, 

highly correlated units over large distances.
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Figure 6.5    Adaptive erosion of isolated nerve cord extracellular recordings

Recordings of leech neural signals were made episodically during bouts of behavior.  
Measurements were acquired as shown in Figure 6.3.  Measurements shown are 
from three simultaneous acquisition channels during swimming behavior.

(a)  Reference measurements acquired during swimming from segmental ganglion 2.  
Three 14-second episodes are shown concatenated.  The DP nerve signal (top), 
acquired at 10 KHz, is shown above the 15-iteration signal erosion.  Each color 
indicates a unique neural source as determined by adaptive erosion.  Two 
independent neural sources were identified in this erosion. Two 300 ms detail 
regions are shown indicating successful demixing of signals.  Isolated spikes are 
indicated with a diamond (♢) and mixed spikes are indicated with a star (✱).  The 
large action potential spike corresponds to the activity of cell 3 in the originating 
ganglion. The signal to noise ratio (SNR) of each detected unit, calculated from 
Eq. 6.1, is shown below the detail windows.

(b) En passant measurements acquired from a custom electrode located between 
ganglia 11 and 12 during swimming behavior. Three 14 second episodes are 
shown concatenated.  The connective signal (top), shown in black, was acquired 
at 10 KHz, and is shown above the 30-iteration signal erosion.  Each spike 
highlighted in color indicates a unique neural source as determined by adaptive 
erosion. The erosion reveals 7 independent neural sources.  Two 300 ms detail 
regions are shown indicating partially successful demixing of signals.  Isolated 
spikes are indicated with a diamond (♢) and mixed spikes are indicated with a 
star (✱), while events that were not classed are indicated with an X (✖). The 
signal to noise ratio (SNR) of each detected unit, calculated from Eq. 6._, is 
shown below the detail windows.
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6.4     Results

6.4.1  Adaptive erosion reveals simultaneously active independent neurons 

and propagation directions

! As shown in Chapter 5, it is possible to extract individual neuron action potential 

shapes and firing patterns from overlapping extracellular action potential 

measurements in the dorsal posterior (DP) nerves using adaptive erosion. Erosion of 

such signals (Figure 6.5a) can be accomplished effectively.  In the example shown, 

acquired during two episodes of swimming behavior, two overlapping units are 

completely separated and identified. One of the reasons for this level of success is the 

signal-to-noise ratio (SNR) present in the recordings.  The two spikes shown in the 

figure have SNRs (estimated with Eq. 6.1) of 3.64 and 1.34 respectively.  Analysis of 

algorithm efficiency presented in Chapter 5 predicts that for an SNR of 1.34, the 

likelihood that a specific spike will be correctly extracted and classified (the detection 

efficiency) is  ~ 95%.   For spikes with a SNR of 3.64, the likelihood is closer to 99%.  

The signals are thus fairly easy to classify, and although they overlap, they can be 

separated.  Signals acquired en passant using single-channel or propagation-sensitive 

electrodes in the connective are not as simple to classify. An en passant signal 

acquired during the same swimming episodes is substantially more complex (Figure 

6.5b).  Although the level of electrical noise is similar to that of the recordings in the DP 

nerve, the level of background neural activity is much higher.  This is a direct 

consequence of the large number of axons present in the connective, and the 

correspondingly large number of active, overlapping signals.  Thus, the SNR of neural 

units to be detected in the connective is globally lower.  For the largest units in the 

example shown, the SNR is 2.62, and the detection efficiency is in the 95% - 99% 
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range; the majority of units in this typical recording have SNRs between 0.75 and 1.25.  

The expected detection efficiency for these smaller units is between 60% and 95%.   

As a result, 1:1 spike correlations over long windows of time are unlikely to contain 

100% successful detection. However, using large windows of time for correlation 

analysis allows successful validation of neural unit identifications and propagation 

direction even with such low detection efficiencies (Figure 6.6).  

! Identifying low SNR units corresponding to the same neural unit detected at 

each electrode and determining the propagation delay is an important step in validating 

successful detection of independent neural units. Figure 6.6b shows successful 

detection and isolation of multiple units at both sites in our propagation-sensitive 

electrode between ganglia 7 - 8 during stimulated crawling behavior. The en passant 

extracellular measurements (Figure 6.6a.ii) were processed using 30 iterations of 

adaptive erosion.  The resulting units detected at each of the paired electrodes were 

compared using firing rate and correlation analysis.  For each of the detected units E(i) 

in electrode I (closer to G7),  and each of the detected units E(j) in electrode II (closer 

to G8), the appropriate i and j needed to match units detected each site was 

determined by combinatorial matching.  The NIFR was estimated for each isolated 

neuron at each measurement site.  The NIFRs of each pair of matched neural units are 

strongly coupled, indicating successful matching (Figure 6.6b).  Correlation analysis 

(Figure 6.3) reveals the propagation delay for each matched unit (Figure 6.6c).  Of the 

four neurons shown in Figure 6.6, three propagate posterior to anterior, and one 

propagates anterior to posterior.  All units shown have statistically different propagation 

delays, corresponding to independent propagation velocities. These independent 

velocities likely indicate different axonal conduction velocities. The coupled NIFR and 

108



sharp correlation peaks of each pair of matched neural units strongly support 

successful detection of multiple, independent, counter-propagating neurons from a 

single pair of measurements.
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Figure 6.6  Propagation velocities of neural units detected by adaptive erosion

(a) To determine the propagation direction of a neural unit detected by adaptive 
erosion, reference measurements (i) are made from a ganglion distal to the 
stimulus (G3) using an extracellular electrode attached to the dorsal posterior 
nerve. A propagation-sensitive en passant electrode pair (ii) is placed between 
two ganglia (G7-G8) in an isolated nerve cord preparation.  A stimulus (indicated 
by the red band on the recordings) is issued to nerves of the tailbrain by an 
extracellular electrode.  For crawling behavior as shown, 75 second recordings 
were acquired after each stimulus.  The reference signal is processed by adaptive 
erosion to detect the highest amplitude spikes (typically belonging to cell 3, a 
motor neuron).  (iii) The normalized instantaneous firing rate is estimated and 
shows behavioral oscillations used as a reference for calculating coherence.  The 
dashed lines indicate synchronous burst times observed in both the reference 
electrode and the propagation sensitive electrode. The temporal offset between 
G3 and G7-G8 is due to finite signal propagation times.

(b) The en-passant recordings are each processed by a 30-iteration adaptive erosion.  
Four of the resulting matched spike temporal patterns (raster pattern above 
waveforms) and corresponding normalized instantaneous firing rates (NIFR 
waveform) are shown, with each color indicating an independent neural source.  
Each of the four neural unit activity patterns is shown as a pair, with the top signal 
corresponding to the electrode closer to ganglion 7 (G7 ↑) and the bottom signal 
corresponding to the electrode closer to ganglion 8 (G8 ↓).  The erosion level n at 
which each part of the matched activity pair was detected is labelled as E(n).  The 
propagation velocity, calculated from the correlograms in (c), is shown for each 
pair of measurements for each neural unit. There is no visible delay in either the 
raster pattern or instantaneous firing rate on this time scale.  

(c) For each matched neural unit detected, the correlogram (Figure 6.4) is plotted.  
The delay between measurement sites (used to determine propagation velocity) is 
indicated for the primary peak.  The correlation count (CC), corresponding to the 
number of matching spikes detected, is shown below. The direction of 
propagation, determined from the sign of the delay, is indicated below the CC.   
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6.4.2  Multifunctional neurons participate in interganglionic signaling 

!  Coherence analysis of the behavioral NIFR and the NIFR of the neural units 

detected by adaptive erosion can be used to establish whether a neural unit behaves in 

a rhythmically coherent manner during multiple behaviors (Figure 6.6a.i).  In three 

separate animals, we observed 3 - 5 neural units detected by adaptive erosion that we 

could classify as multifunctional.  Detected neural units at each of three behaviors were 

classified as belonging to a multifunctional (MF) neuron only if they satisfied three 

criteria.  First, the extracellular action potentials belonging to the neural units must be 

detected as having statistically indistinguishable spike waveforms during swimming, 

crawling, and WBS behavior.  Second, the neural units must be detected at both 

measurement sites in the propagation-sensitive electrode via correlation analysis, and 

must have the same propagation delay during each of the three behaviors.  Finally, the 

neural units must be significantly coherent with each of the three behaviors.  A set of 

three neural units satisfying these behaviors are strongly expected to be generated by 

a single neuron source participating rhythmically with multiple behaviors.  Interestingly, 

the phase of the coherence varies strongly from behavior to behavior, indicating 

different neuron functionality in relation to each behavior.   This may be useful in 

identifying the circuits to which the MF neuron belongs.  Two examples, one found in 

the anterior of the animal (between ganglia 7 - 8) and one found in the posterior 

(between ganglia 11 - 12), are shown in Figures 6.7 and 6.8.  The parameters of the 

other identified multifunctional neurons are listed in Table 6.1, and the mean 

parameters at each measurement location are listed in Table 6.2.  
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Figure 6.7   Identification and validation of anterior multifunctional neurons.

(a) Pairwise anterior en passant recordings during swimming, crawling, and whole-
body shortening (WBS) behaviors were investigated in 3 animals for 
multifunctional neurons.  Examples from a single animal are shown.  Neurons are 
defined as multifunctional (MF) only if they have statistically similar median 
shapes at both electrodes, fixed propagation delays between electrodes, are 
present in all behaviors, and are statistically coherent with each behavior. 
Candidate MF neurons are identified by shape and then validated with coherence 
and correlation analysis.  For the example MF neurons shown, all detected events 
from each behavior at each electrode (I or II) are superimposed (gray traces).  
The median action potential waveform, corresponding to the hypothetical source 
neural waveform, is shown in black.  Each colored waveform (pink for swimming, 
blue for crawling, and green for WBS) indicates the median waveform during that 
behavior.  Red dashed bands indicate a single standard deviation around the 
median shape.  

(b) Validation of an identified unit as multifunctional requires matching waveform 
shape, coherence with behavior at both measurement sites, and fixed 
propagation delay between measurement sites. For each behavior, the coherence 
was calculated between the normalized instantaneous firing rate (NIFR) of a unit 
and the NIFR of a reference signal acquired from a distal dorsal posterior nerve 
(not shown).  Each closed circle indicates the coherence phase and amplitude for 
a single episode, and the filled colored circle indicates the mean.  Error bars are 
standard error of the mean. The red circle indicates the 95% confidence interval 
for the number of episodes tested.  Coherence analysis is performed at electrode 
I and II, and both locations must be significantly coherent.  After candidate 
coherent neural units are identified at both electrodes, pairwise correlation 
analysis is performed to identify neural units with strong correlation and fixed 
propagation delay.  The correlograms of the matched neural units at electrode I 
and II are shown.  The propagation delay (ms), correlation count (CC), and 
direction are indicated.  Each pair of coherent units at each behavior must be 
correlated with a fixed propagation delay at all behaviors. The mean propagation 
delay and error is indicated between the two neural detections in (a).
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Figure 6.8   Identification and validation of posterior multifunctional neurons.

(a) Pairwise posterior en passant recordings during swimming, crawling, and whole-
body shortening (WBS) behaviors were investigated in 3 animals for 
multifunctional neurons.  Examples from a single animal are shown.  Neurons are 
defined as multifunctional (MF) only if they have statistically similar median 
shapes at both electrodes, fixed propagation delays between electrodes, are 
present in all behaviors, and are statistically coherent with each behavior. 
Candidate MF neurons are identified by shape and then validated with coherence 
and correlation analysis.  For the example MF neurons shown, all detected events 
from each behavior at each electrode (I or II) are superimposed (gray traces).  
The median action potential waveform, corresponding to the hypothetical source 
neural waveform, is shown in black.  Each colored waveform (pink for swimming, 
blue for crawling, and green for WBS) indicates the median waveform during that 
behavior.  Red dashed bands indicate a single standard deviation around the 
median shape.  

(b) Validation of an identified unit as multifunctional requires matching waveform 
shape, coherence with behavior at both measurement sites, and fixed 
propagation delay between measurement sites. For each behavior, the coherence 
was calculated between the normalized instantaneous firing rate (NIFR) of a unit 
and the NIFR of a reference signal acquired from a distal dorsal posterior nerve 
(not shown).  Each closed circle indicates the coherence phase and amplitude for 
a single episode, and the filled colored circle indicates the mean.  Error bars are 
standard error of the mean. The red circle indicates the 95% confidence interval 
for the number of episodes tested.  Coherence analysis is performed at electrode 
I and II, and both locations must be significantly coherent.  After candidate 
coherent neural units are identified at both electrodes, pairwise correlation 
analysis is performed to identify neural units with strong correlation and fixed 
propagation delay. The correlograms of the matched neural units at electrode I 
and II are shown.  The propagation delay (ms), correlation count (CC), and 
direction are indicated.  Each pair of coherent units at each behavior must be 
correlated with a fixed propagation delay at all behaviors. The mean propagation 
delay and error is indicated between the two neural detections in (a).  The 
secondary peak, indicated in grey on the spike correlation during swimming, 
indicates a peak belonging to a second neural spike group that was incompletely 
separated.  This group can be seen in the spike shape (a[I]) as a group of 
neurons with slightly larger peak amplitude, but otherwise very similar 
parameters.  The peak at 2.2 ms is statistically significant.
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Table 6.1  Identified Multifunctional Neurons 

Parameters are shown for each multifunctional neuron (MF) identified in each of 
three animals during swimming, crawling, and whole-body shortening behavior.  MF 
neurons were identified at anterior sites (between ganglia 7 and 8) and posterior sites 
(between ganglia 11 and 12).  Requirements for defining a neuron as MF are 
discussed in §6.4.2 and Figure 6.7 and 6.8.  For each neuron, the direction, 
propagation delay in ms, coherence magnitude, and coherence phase angle are 
shown for each behavior.  The average parameters and standard deviations are also 
shown for each neuron.  As expected, coherence magnitude and propagation delay 
are similar across behaviors, while the direction and coherence angle varies widely 
from behavior to behavior. 
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6.4.3  Propagation analysis reveals distal correlated spike events

! The use of multiple measurement sites distributed along a chain of leech 

ganglia allows signal origin to be limited to certain areas of the nervous system.  The 

arrangement shown in Figure 6.1c allows correlated spike trains detected at all 

measurement sites to have their origin sites classified as anterior to ganglion 8, 

posterior to ganglion 12, or originating in ganglion 8, 9, 10, or 11.  As expected from 

prior studies of leech behavior13, we did not find evidence of any neural units 

originating in ganglion 8, 9, 10, or 11 that also send processes or electrically coupled 

signals anterior to 7 or posterior to 12.  We did identify simultaneously active units with 

origins anterior to 8 and posterior to 12 that appear electrically or directly coupled 

throughout the region (Figure 6.9).  Neural units propagating in this manner were 

detected in both propagation-sensitive electrode pairs (Figure 6.9b.[i, iv]).  They were 

Table 6.2  Mean Multifunctional Neuron Parameters 
!
! The mean and standard error of the propagation delay and coherence are shown for 
multifunctional (MF) neurons during each behavior (swimming, crawling, or whole-body 
shortening) across all animals.  MF neurons are grouped according to propagation direction (+ 
for posterior to anterior, - for anterior to posterior) and electrode location (anterior for between 
ganglia 7 and 8, posterior for between ganglion 11 and 12).  
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also detected by distal correlation analysis between the posterior electrode at ganglion 

7 - 8 and the electrode between ganglion 9 - 10 (Figure 6.9b.ii).  They were again 

detected at the electrode between ganglion 9 - 10 (Figure 6.9b.iii) and the anterior 

electrode between ganglion 11 - 12.  Finally, a validation performed by correlation 

analyis between the most and anterior and posterior measurements verified correct 

identification of the neural unit at each of five measurement sites (Figure 6.9b.v).  The 

consistent propagation delay times between each pair of detections (scaling linearly 

with distance between measurement sites) indicate tightly electrically coupled neurons, 

such as the s-cell network, or single axons traveling the full distance being measured.  

Additionally, the propagation time between the most distal pair of electrodes is equal to 

the sum of the propagation times for each measured pair.  This evidence strongly 

suggests successful identification of processes belonging to a single neuron or neuron 

network.  Examples of this type of propagation were found in each of the three animals 

tested (Figure 6.11).
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Figure 6.9   Distal propagation of neural signals detected in leech connective.

(a) Individual neural units were isolated from simultaneous electrical recordings in the 
leech connective at 5 sites as shown in Figure 6.3.  To determine local 
propagation direction of each unit, pairwise comparisons of neural unit sources 
were made between electrodes as indicated by the braces (i, ii, iii, iv).  An 
additional pairwise comparison is made between the furthest electrode pair (v) to 
determine correlations across multiple ganglia.  Each neural unit identified at each 
site was compared via cross-correlation with all neural units detected at the other 
site.  A combinatorial optimization was performed to achieve the highest number 
of temporally matched spikes for each neural unit at each pair of measurements 
(indicated by sharpness and amplitude of the correlogram peak).  By chaining 
matched units together (A:B at site [i], B:C at site [ii]), a propagating neural signal 
can be followed from electrode to electrode.  Two such examples (b, c) that 
propagate the entire length of the measured region are indicated with arrows 
pointing in the direction of propagation and shown in further detail.

(b) Correlograms between each pair of electrodes (i, ii, iii, iv, v) are shown for a 
neural unit detected by erosion during crawling behavior.  At each pairwise 
comparison, the correlogram shows the delay between action potentials of 
combinatorially matched classes detected at both electrodes.  The peak delay in 
ms and the number of matches (CC) are indicated on each correlogram.  A 
negative delay indicates that the detected spike at the anterior electrode “leads” 
the detected spike at the posterior electrode.  This negative delay indicates a 
signal origin anterior to the pair of measurement electrodes.  The delay between 
closely paired electrodes (i, iv) is approximately half the delay between the more 
distant singlet comparison (ii, iii), indicating a fixed action potential propagation 
velocity across multiple ganglia.  The propagation delay is negative at all tested 
pairs, and the signal can be linked between each pair.  Therefore, the neuron of 
origin must be anterior to ganglion 8.  This is verified by correlation analysis 
between the most distal electrode pairs (v), which show a fixed propagation 
velocity between ganglia 7-8 and ganglia 11-12.  The total transit time from the 
anterior to posterior is equal to the sum of the individual transit times.  This fixed 
delay indicates strong electrical coupling between source neurons in each 
ganglia, or a single axon projecting the full distance.

(c) Correlograms between each pair of electrodes (i, ii, iii, iv, v) are shown for a 
second (different from [b]) neural unit detected by erosion.  The positive 
correlation delay indicates that the neural source has its origin posterior to 
ganglion 11. This is verified by correlation analysis between the most distal 
electrode pairs (v) which show a fixed propagation velocity between ganglia 7-8 
and ganglia 11-12.  The total transit time from the anterior to posterior is equal to 
the sum of the individual transit times.  This fixed delay indicates strong electrical 
coupling between source neurons in each ganglia, or a single axon projecting the 
full distance.
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! We also observed identified units with more complex propagation dynamics.  

We discuss two examples.  In one case, correlation analysis at each of the 

propagation-sensitive electrodes during episodes of WBS revealed very highly 

correlated units (Figure 6.10b.[i, iv]) both between ganglia 7 - 8 and ganglia 11 - 12.  

However, no consistently correlated events were observed between non-adjacent 

ganglia (Figure 6.10b.[ii, iii]).  Although this could suggest that the neural unit does not 

influence neurons in non-adjacent ganglia, correlation analysis between the most distal 

electrode pairs (Figure 6.10b.v) revealed a statistically significant but very broad peak 

indicating correlated anterior-posterior propagating events.  This may indicate chemical 

synaptic coupling at each ganglia with varying rates of post-synaptic activation130.  For 

distal neural units coupled by chemical synapses, we would expect the specific 

ordering of each spike in the connected set of neurons to be randomized after 

propagation across multiple chemical synapses.  This would result in low levels of 

correlation at intermediary steps and a very broad correlation peak across multiple 

ganglia and many detected events, as observed.   A second case with complex 

correlations was acquired during episodes of crawling (Figure 6.10c). In this case, 

highly correlated neural units corresponding to single neurons or coupled networks with 

anterior-posterior propagation were observed between ganglia 7 - 8 (Figure 6.10c.i), 

ganglia 11 - 12 (Figure 6.10c.iii), and between ganglia 9 and 12 (Figure 6.10c.iv).  

However, only low levels of broad correlation indicating anterior-posterior propagation 

were observed between ganglia 7 - 8 and ganglia 7 - 9.  The low levels of correlation 

suggest weakly coupled neurons, and suggest a complicated connectivity pattern.   

One possible explanation is a repeated neuron in ganglion 6, 9, and 12 with a process 

(either via single axon or electrical coupling) extending 3 ganglia posterior.  This 
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process could make a weak chemical synapse onto an interneuron in ganglion 9, which 

then activates another distally connected neuron. This would result in fixed propagation 

velocities at pairwise correlation tests between ganglia 7 - 8, 9 - 12, and 11 - 12, but not 

between 7 - 9  or 7 - 12 due to the decoupling process.  A prediction of this model is 

that there should be a unit between ganglia 6 and 7 that is tightly correlated to the unit 

between ganglia 7-8. 
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Figure 6.10   Synaptic propagation and distal de-correlation in neural signaling.

(a) Individual neural units were isolated from en passant recordings and pairwise 
propagation detection was performed as outlined in §6.3.4 and Figure 6.3.  
Correlograms from electrode combinations i, ii, iii, iv and v are shown as before.  
Two units are shown in detail (b and c).  A coherence diagram (vi) is shown 
indicating the hypothesized levels of coherence by color intensity for the units 
described in (b) and (c).

(b) Unit (b) was isolated by erosion during whole-body shortening in the medicinal 
leech.  As shown in the correlograms (i) and (iv), tight correlation with fixed 
negative propagation delays were observed at both paired measurement 
electrodes. The number of correlated events (CC) and delay time are indicated on 
each correlogram. This confirms successful detection of a neural unit propagating 
along a single axon at both sites.  No correlation peaks differing from noise levels 
were observed in correlograms of pairs furthers than one ganglion distant (ii, iii, 
indicated by X).  This implies that the neurons in (i, iv) are either uncorrelated or 
connected by a process (such as synaptic connections) that has significant 
temporal jitter.  Correlation analysis between the most distal electrodes (v) reveal 
an approximately normal distribution with significant positive skew, indicating a 
broadly correlated anterior-originating signal.  The peak is centered at ~-20 ms, 
which is consistent with the propagation velocity of the units detected in (i) and 
(iv).  This supports a hypothesis that the neural sources of this unit make 
synapses in each ganglion between 8 and 11, losing some temporal accuracy at 
each connection.  The grey peaks in the correlogram near 0 ms indicate partially 
incomplete unit separation, and may be removed as they cannot be causal at 
relevant propagation velocities.  

(c) Unit (c) was isolated by erosion during crawling behavior in the medicinal leech.  
Correlograms of pairwise measurement sets (i, iii, and iv) show fixed propagation 
velocities for a unit originating anterior to ganglion 7.  Correlogram II has a 
substantially lower and broader peak.  This implies either faulty detection during 
the erosion or a correlation decoupling process anterior to ganglion 10.  One 
possible explanation is a repeated neuron in ganglion 6, 9, and 12 with a process 
(either via single axon or electrical coupling) extending 3 ganglia posterior.  This 
process could make a chemcial synapse onto an interneuron (red), which would 
then activate the next correlated neuron. This would result in fixed propagation 
velocities at pairwise tests i, iii, iv, but not at ii or v (indicated by X) due to the 
decoupling process.  A prediction of this model is that there should be a unit 
between ganglia 6 and 7 that is tightly correlated to the unit between ganglia 7-8.  
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! Although tightly coupled neurons propagating across multiple measurement 

sites are the easiest to observe, many neurons were detected at the propagation-

sensitive electrodes but were unable to be correlated with detected neural units at 

other measurement sites.  This may indicate locally projecting signals.   A summary of 

all observed interganglionic propagation times and directions during multiple behaviors 

across three animals is shown in Figure 6.11.  

Figure 6.11 Summary of interganglionic propagation during behavior

! Histograms of interganglionic propagation delays and directions are shown 
for neural units detected by erosion in 3 animals.  Delay times were measured during 
swimming, crawling, and whole-body shortening (WBS) behavior.  Measurement 
electrodes were placed between ganglia 7 and 8 for the anterior pair, and between 11 
and 12 for the posterior pair.  Propagation times are shown binned to the nearest 
millisecond.  Propagation velocities were typically higher in the posterior of the 
animal, and in all behaviors bi-directional signaling was indicated by the bimodal 
distribution.  
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6.5     Discussion

! Using a new electrode design paired with a novel signal processing method, we 

have taken a significant step towards state measurements of communication between 

ganglia in isolated leech nervous systems.  From difficult and complex signals, we 

have been able to distill compelling evidence for the presence of multifunctional 

neurons participating in behavioral coordination, and for counter-propagating action 

potentials with correlation lengths of several ganglia.  We are also able to easily extract 

propagation direction and velocity of neural units, a measurement that previously 

required sterically difficult placement of suction or sharp electrodes at multiple sites.  

Our new electrode design is also exceptionally stable, and we routinely achieve stable 

connective recordings during 120-160 minute recordings of reproductive behavior (data 

not shown).  

! These results represent the first step on a difficult path.  With the signal to noise 

ratios typically observed in extracellular recordings of action potentials in the leech 

connective, the likelihood of classifying a particular spike correctly can drop to as low 

as 60%.  This represents an improvement over the author’s performance at manually 

classifying small units, but is not good enough to completely separate a neural firing 

pattern from a single measurement. Repeated erosion over many iterations improves 

the signal to noise ratios slightly as higher-energy event classes are removed, but 

underlying neural activity eventually becomes non-separable. In en passant 

measurements of the leech connective it is possible that the entire duration of the trace 

consists of overlapping spikes, and after removal of enough high energy spikes there 

may no longer be enough “pure”  spikes left to establish an estimate of source 

waveforms.  This may establish a theoretical limit on the number of spike patterns that 

128



can be extracted from a given measurement.  However, processing of multiple 

behavioral episodes usually results in a large enough “library” of classified neural 

events (some correctly so, others not) that correlation analysis on simultaneous 

measurements is capable of detecting propagation delay between neural units.  This 

information could be used in more advanced versions of our signal processing 

algorithm to improve classification in several ways.  

! One way in which the correlation information could be used to improve the 

effectiveness of the detector is by splitting neural units according to the detected 

propagation delay for each spike.  In propagation-sensitive measurements, each 

detected action potential should theoretically have a fixed propagation delay between 

measurement sites.  This is a consequence of action potentials propagating 

ballistically.  Sharp, isolated peaks in the correlogram between measurement sites in 

the propagation-sensitive electrode indicate very successful detection and similar 

SNRs for the unit at both sites.  This case is common in DP nerve recordings, and 

much rarer in connective recordings.  When multiple correlogram peaks indicating 

different propagation speeds in the same direction for a single unit are observed in a 

propagation-sensitive recording between two adjacent ganglia, it indicates action 

potentials traveling at different speeds in the same axon.  Because this situation is not 

supported by experimental evidence, the two peaks must belong to independent units, 

and thus supply an additional separation feature.  Each separated unit would then be 

described by energy, shape, and delay.  Each separated shape-delay group could then 

be clustered with other shape-delay groups measured at the same electrode.  Any 

events not within a correlogram peak could be put into a pool and clustered by shape 

and delay with the established neural units. Reassigning cluster membership this way 
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would likely improve detector efficiency by utilizing delay as an additional clustering 

feature.

! Another possible way in which correlation can improve detection efficiency is to 

use the action potential propagation delay to identify sections of the signal to analyze.   

If a spike is known to require 4 ms to travel between measurement sites in the 

propagation-sensitive electrode, there is no point in examining sections of the signal 

further than 4 ms away (in either direction) from a detected spike for a correlated event.  

If no event is detected within that window, it is possible that the particular summation of 

neural signals at that point completely cancelled the action potential at the 

measurement site.  This would appear as low mean signal energy in the search 

window.  In such a case, the estimated action potential waveform could be added to 

the signal at that point.  This might improve initial neural unit identification and 

separation, and could resolve the inherent inability of our algorithm to detect fully 

cancelled events.

! The information about propagation direction can also be used to search for 

shifts in neuronal origin site over time.  For example. Leydig cells, a known part of the 

reproductive circuit in Hirudo (Personal communication, K. Todd), form an electrically 

coupled network.  If one Leydig neuron initiates an action potential, the Leydig in the 

neighboring ganglion will fire as well.  Using our correlation analysis, intracellular 

recordings of the Leydig cell have shown the site of action potential origin in the 

network to fluctuate randomly between ganglion 5 and 6 in the isolated nerve cord.  

However, upon application of conopressin, a chemical that initiates reproductive 

behavior, the origin site “locks” to ganglion 6 for many minutes.  Detecting the temporal 
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dynamics of such shifts in the leech connective during various behaviors would be an 

excellent application of our algorithm and electrode.

! As we acquire more examples of multifunctional neurons, cross-animal 

comparisons will become possible, and may indicate neuronal candidates for 

intracellular verification.  Intracellular recordings, where spikes can be generated in the 

ganglion and measured at known times in the connective, are crucial to fully validating 

the analysis presented here.  Preliminary analysis of these ground truth measurements 

indicate that our signal analysis represents a reasonable picture of detected events 

(data not shown).  However, it is not yet known if our electrode design is capable of 

measuring from axons on both the dorsal and ventral surface of the connective, or how 

it performs on axons that do not travel along the exterior surface of the connective.  A 

substantial number of intracellular recordings are needed to definitively prove the 

effectiveness of our propagation-sensitive electrode and signal processing algorithm.  

! We have presented a way of looking at signals acquired from the leech 

connective that we believe breathes new life into a set of highly complex signals.  We 

have used this technique to bolster the evidence that multifunctional neurons are 

frequent, and generate interganglionic coordinating signals in a statistically significant 

way during multiple behaviors. With further development, we believe that state 

measurements of interganglionic communication may be paired with other techniques, 

such as fluorescent imaging of neural potentials in the ganglion, to help identify 

previously unknown elements of behavioral circuits in Hirudo.  We hope that refinement 

of our knowledge of the origin sites of specific neural signals will shed light on the 

subtle differences known to exist between segmental ganglia, and that in turn we can 
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improve our understanding of fundamental principles behind synchronization of animal 

behaviors.  
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7     Concluding Remarks

! The chapters in this thesis present a range of techniques used for improving 

our ability to interface with neural systems.  By leveraging common physical quantities, 

such as energy and absorption, the techniques demonstrated by application to the 

nervous system of the medicinal leech are applicable to other systems as well.  I hope 

that exploration of this material will further stimulate interdisciplinary progress in 

neurobiology and physics.  I also believe that some aspects of this work will find a 

home in military and industrial applications.

! Chapter 2 describes a new photothermal method for precisely generating action 

potentials in leech ganglia.  I demonstrate millisecond precision activation of various 

neuronal types, and characterize laser damage thresholds and activation repeatability.  

I also provide guidance on optical designs for delivery of focused energy.  Because our 

method relies on cellular membrane interactions with biologically neutral absorbers, 

photothermal activation will be applicable to any animal system in which dyes are 

undesirable or genetic expression is impossible. 

! Chapter 3 expands on the ability to deliver focused optical energy to sub-

surface material by using adaptive optics.  By creating a lens capable of smoothly 

altering its optical characteristics, microscopists are provided with a simple tool that 

can be added to existing microscopes to greatly improve performance.  It also provides 

a direct route to improving laser fabrication of complex devices.  Although not 

necessary for use in the leech, spherical aberration correction expands the applicability  

of the photothermal activation method presented in Chapter 1 such that it may be 

possible to use in vertebrate systems.  
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! Chapter 5 shifts from the concept of neural input methods to the concept of 

neural output measurement and signal interpretation.  The blind source signal 

processing algorithm I developed is parameter- and model-free, with minimal 

requirements of the signals that can be processed.  In synthetic and experimentally 

acquired signals, this algorithm is able to accurately estimate signal source dynamics.  

I have demonstrated that in specific circumstances, this algorithm is able to extract 

information that trained human observers would be unable to identify, such as 

completely mixed action potentials occurring in the leech dorsal posterior nerve.  As 

measurements of complex systems become more common, techniques to empirically 

extract information from from complex signals will continue to grow in value. I believe 

that adaptive erosion, when paired with neural learning techniques, may become a 

powerful tool for identifying statistical features in military, engineering, and commercial 

applications.  

! Chapter 6 challenges the algorithm I developed with a set of particularly difficult 

signals acquired during various behaviors in the medicinal leech.  By examining the 

massive number of axons that carry interganglionic communication, I have been able 

to look at a complicated signal in a new way with adaptive erosion.  With the help of a 

new propagation-sensitive electrode, I was able to identify multifunctional neurons with 

interganglionic processes without ever piercing a single neuron.  I also demonstrate 

extraction of simultaneously-active, counter-propagating action potentials and 

information about their sources.  With continued investigation, adaptive erosion of 

extracellular neural measurements will help Hirudo researchers to access new 

information on the nuances of interganglionic behavioral signaling.
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APPENDIX A: Erosion Program Code

 The Matlab program to implement the adaptive source detection algorithm is hosted at 

http://heliotrope.ucsd.edu/AdaptiveErosion/index.html.  The code is preliminary and 

may require modification for specific problems.  The QR code below can be used to 

access the corresponding webpage using.
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