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Abstract 

Technological advancements in analog and digital systems have enabled new approaches to 

study networks of physical and artificial neurons. In biological systems, a standard method to 

record neuronal activity is through cortically implanted micro-electrode arrays (MEAs). As 

advances in hardware continue to push channel counts of commercial MEAs upwards, it 

becomes imperative to develop automatic methods for data acquisition and analysis with high 

accuracy and throughput. Reliable, low latency methods are critical in closed-loop 

neuroprosthetic paradigms such as spike-timing dependent applications where the activity of a 

single neuron triggers specific stimuli with millisecond precision. This work presents an adapted 

version of an online spike detection algorithm, previously employed successfully on in vitro 

recordings, that has been improved to work under more stringent anesthetized in vivo 

environments subject to additional sources of variability and noise. The algorithm’s performance 

was compared with other commonly employed detection techniques for neural data on a newly 

developed and highly tunable extracellular recording model that features variable firing rates, 

adjustable SNRs, and multiple waveform characteristics. The testing framework was created 

from in vivo recordings collected during quiescence and electrical stimulation periods. The 

algorithm presents superior performance and efficiency in all evaluated conditions. Furthermore, 

we propose a methodology for online signal integrity analysis from MEA recordings and 

quantification of neuronal variability across different experimental settings. This work 

constitutes a stepping stone toward the creation of large scale neural data processing pipelines 

and aims to facilitate reproducibility in activity dependent experiments by offering a method for 

unifying various metrics calculated from single-unit activity. Precise spike detection becomes 
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crucial for experiments studying temporal in addition to rate coding mechanisms. To further 

study and exploit the potential of temporal coding, a delay-feedback-based reservoir (DFB) has 

been implemented in software. This artificial network is found to be capable of processing spikes 

encoded from a benchmark task with performance comparable to that of more complex 

networks. This work allows us to corroborate the capabilities of temporal coding in a minimally-

complex system suitable for implementation in physical hardware and inclusion in low-power 

circuit applications where computational power is also necessary.  
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Introduction 

The brain is a network of billions of neurons [1], which makes the brain orders of magnitude 

more dense than state-of-the-art silicon-based VLSI electronic systems and thus challenging to 

map and study with conventional methods [2]. Furthermore, it is estimated that the human brain 

can process, analyze, and learn with a power consumption of as low as 10 W [3]. As a result, 

biologically inspired computing systems, commonly referred to as neuromorphic systems, have 

gained increasing popularity not only due to their lower power requirements relative to 

traditional systems, but also due to their potential to perform tasks that traditional systems cannot 

achieve, including a variety of complex recognition and classification problems [4]. 

In theoretical neuroscience, a common approach to study brain activity is to employ the 

recordings of electrical activity in the extracellular medium, where the electric currents from 

active processes superimpose and generate a potential difference with respect to a fixed reference 

potential [5]. The electrode tip of a Micro-Electrode Array (MEA) can capture the electrical field 

changes generated by the voltage differences in the medium. The recording amplitude scales are 

inversely proportional to the distance between the source (neuron) and the recording site [5, 6]. 

These tips or channels can be strategically placed intracortically to record neuronal activity with 

sub-millisecond precision, and the recordings will contain characteristic action potential 

waveforms, commonly referred to as spikes in the 500-3k Hz frequency band [5, 7, 8]. 

Another approach to study the brain and develop systems which could potentially exploit its 

yet-to-be-understood computational agility has focused on building artificial network models of 

neurons. The artificial models would mimic relevant properties of individual components or 
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systems under study. In particular, building a network model requires selecting the 

characteristics that will describe the components of the model, ranging from the activity of 

individual neurons to more complex elements along the system hierarchy. 

The focus of this work has been to facilitate the processing and analysis of extracellular 

recordings with temporal (millisecond) precision and to present a neural network model with 

temporal processing characteristics. This work has been divided into four sections. In sections 

one and two, extracellular recordings were employed to develop a flexible extracellular model 

employed to test a proposed spike detection algorithm. In section three, the recordings were 

employed to validate an approach to identify possible reference neurons for spike-triggered 

paradigms. In section four of this work, a proof-of-concept artificial reservoir built to evaluate 

the feasibility of a spiking neural network that harnesses temporal processing properties of 

neurons by employing a single dynamical node is proposed. 

 Spiking Model 

Among all the sources of variability in extracellular recordings, three basic points can be 

taken into consideration when developing extracellular recording models to test spike detection 

and sorting algorithms: the source of firing activity, extracellular noise, and waveform 

variability. In general, the simplest approach to model neural activity recorded from the 

extracellular medium would be to add Gaussian noise to action potential waveforms extracted 

from extracellular recordings [9]. However, this approach fails to reproduce real recording 

features such as possible spectral similarity between noise and spikes which can greatly affect 

the shape of spike waveforms. In another approach [10], a database containing previously 
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recorded spike waveforms is employed to generate a model by placing waveforms at random 

times where single-unit activity is simulated to have an amplitude as a constant multiple of the 

level of the detection threshold. This model also includes realistic background noise including a 

superimposition of spike waveforms with amplitudes inversely proportional to their distance 

from the electrode tip. However, this model lacks adequate representation of waveform 

variability in individual profiles at the fixed detection threshold levels, and does not present a 

realistic source of noise, since it does not lead to a characteristic 1/f spectrum. 

In [11], a compartmental model was developed to simulate neuronal activity near a recording 

electrode in addition to including spikes waveforms to generate background noise. However, this 

model also does not consider waveform variability and is rather restricted in terms of firing 

variability. In [12], a model was generated through visual inspection from a dataset and noise 

was produced from segments without spikes from the original recordings; however, this model 

also does not fully characterize waveform variability or firing variability in terms of rate or inter-

spike intervals. More detailed approaches such as [13], where extracellular potentials are 

calculated from biophysical models, are not only more computationally intensive, but can also 

make it more difficult to understand where or why an applied method can fail. 

This work is underpinned by two major aims: to find parametric characteristics to describe a 

set of visually inspected recordings by modeling the neurons present in the recorded segments 

with commonly employed distributions, and to employ these characteristics to generate and 

validate a flexible extracellular model to be used as an evaluation framework for spike detection 

algorithms. The developed models presented a variety of firing and timing characteristics as well 

as rich waveform variability and noise with similar spectral characteristics as noise extracted 
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from real recordings, and thus address the shortcomings of similar methods as discussed 

previously. 

 Spike Detection 

There are several detection algorithms that have been developed specifically for spike 

detection in extracellular recordings. In high SNR (≥	5 dB) settings, a voltage threshold can be 

used as a spike detection method. In this case, every point in the recording where the voltage 

exceeds the threshold is collected as a timestamp. However, simple threshold algorithms are 

highly susceptible to SNR, and are thus not ideal for in vivo recordings, where increased activity, 

additional noise level and movement artifacts are typical [9, 14, 15]. Conversely, 

computationally intensive algorithms are optimal for longitudinal offline studies but not 

convenient for in vivo or closed loop experiments given their high data transfer requirements for 

transmission and processing loads. Furthermore, most spike detection algorithms have been 

validated on models with high SNR, with almost uniform neuronal profiles, and without the 

experimental artifacts present in online in vivo recordings. 

To address these deficiencies, the models including parametrized characteristics of real 

extracellular recordings introduced in the first section were employed to compare typically 

employed spike detection algorithms. These models present a more challenging environment as 

characteristics such as variability of spike profiles, number of individual spiking units, single-

unit firing rate, and SNRs are included. 

The present work is underpinned by two major objectives: to propose an adapted spike 

detection algorithm based on known biophysical characteristics of action potentials, and to test 
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and compare the performance of the proposed detection mechanism with other commonly 

employed methods. The adapted version of the detection algorithm originally developed for in 

vitro cortical recordings leads to improved efficiency and performance calculated via receiver 

operating characteristics (ROC) curves across different realistic SNR conditions, thus 

demonstrating to have features compatible with the use for online in vivo applications. 

 MEA Recording integrity and variability 

There is a demand for ever-increasing chronic electrode channel counts for neural recordings 

to enable a greater understanding of brain dynamics in vivo. The electrodes typically employed 

for extracellular recording consist of rigid substrates, which can induce a response within the 

brain tissue to encapsulate invasive foreign elements, causing individual or multiple channels to 

become compromised or unusable [16-18]. At the beginning of an electrophysiological 

experiment setup, the recording quality is usually visually inspected by the user. A practical 

challenge in electrophysiological recordings is identifying viable, non-functional, and short-

circuited channel locations [19, 20]. As channel counts increase, it becomes unwieldy to 

manually assess the quality of neural recordings and subsequently detect and characterize neural 

activity across electrodes. This necessitates a way to quickly validate and quantify the reliability 

of available extracellular signals on which to perform spike detection and sorting. Assurance of 

accurate and reliable recorded data becomes essential in closed-loop architectures such as 

efferent decoders, where the neuronal activity is decoded to obtain movement-related 

information, or in spike-triggered experiments, where individual neuron activity is employed to 

trigger stimulation pulses. 
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There is evidence that the variations in the recordings due to the mechanical mismatch 

between electrode array and brain tissue [20] can affect the performance of decoders [21], and in 

intracortical microstimulation (ICMS) experiments, some of these variations may even be 

exacerbated [22]. In addition, in current spike-triggered paradigms, a trigger neuron is chosen 

through visual inspection and may be subject to experiment-to-experiment variability through 

bias. Accordingly, the objectives of this work have been to determine an approach to assess 

signal quality of extracellular recordings to perform accurate spike identification and to promote 

unbiased selection of reference neurons through online evaluation of single-unit activity. This 

process facilitates a rapid assessment of signal quality and the unbiased selection of trigger 

neurons by matching reference neurons across a series of experiments previously visually 

selected by experimenters. Automation of these processes should optimize similar experiments 

and increase experimental reproducibility. 

 Non-Linear Time Delay Line 

 
Among neuromorphic systems, reservoir computing systems have gained particular attention 

due to their simplified approached to solve complex tasks [23]. The traditional reservoir 

architecture employs three different layers: the input layer, the reservoir and the output layer. 

The input layer feeds the input signals to the reservoir via fixed randomly-weighted connections 

to nodes in the reservoir. The reservoir layer consists of randomly connected nonlinear nodes 

that can form a feedforward or recurrent neural network. The output layers match the states of 

the reservoir with the desired output signal through an output weight matrix that can be trained 

online or offline. A lower-dimensional reservoir, the time delayed feedback reservoir [24], 
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substitutes the classic reservoir network with randomly connected neurons or nodes with a single 

nonlinear node subject to a delayed feedback. This simplification has shown to achieve 

comparable performance with respect to more traditional approaches, thus highlighting the 

inherent capabilities of temporal processing in nonlinear systems. 

In this work, we have sought to implement the time delay line reservoir computing 

architecture, which has been identified as a computationally powerful and low-complexity 

alternative to traditional reservoir computing systems such as Echo state networks (ESN) [24], 

and to study the integration of the time delay line into neuromorphic computing systems by using 

it as a processing unit with a temporal spiking encoder scheme [25]. The performance of the 

spiking time delay line was tested through the NARMA10 benchmark task and produced results 

competitive with other hardware-feasible time delay line implementations [24, 26, 27]. Finally, 

we propose directions for future research on spiking time delay lines, including encoder 

optimization for increased performance.
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Background 

 Extracellular Activity 

Neurons are composed of three components: soma, axon, and dendrites. As in any cell, the 

soma or cell body is responsible for metabolic function, but in neurons it is further specialized to 

maintain high levels of biosynthetic activity [1]. Inputs are received and integrated by the 

dendritic arbor (and to a small extent the soma) and transmitted through the axon. The three 

components of the neuron constitute a system analogous to a transmitter, channel and receiver. 

Upon excitatory stimulation, which is received mostly at the dendrites, there are slight 

changes in the membrane potential 𝑉_ as a result of ion channels opening. The summation of 

these openings leads to a depolarization that can propagate through the cell. In particular, 𝑉_ 

depolarizes until it reaches a threshold voltage of 0 𝑚𝑉, at which point it overshoots to 

approximately +30 𝑚𝑉 and then repolarizes back to 𝑉_. However, the membrane continues to 

hyperpolarize beyond 𝑉_ for a short period, and later decays until the potential returns to 𝑉_. An 

extracellular signal results from the flow of ions across the membrane and contains action 

potentials, which typically last between 0.5 and 3 ms. 

The typical waveform of a generated action potential is presented in Figure 2.1. It is 

important to note that the production of action potentials is a threshold phenomenon that can 

only occur given a sufficiently large stimulus. The current that will cause the neuron to produce, 

or fire, an action potential is the stimulus threshold. Any input current is compared with respect 

to this threshold and categorized as a subthreshold or suprathreshold stimulus. 



 
 

 9 

 Extracellular Recordings 

Most extracellular recording experiments follow the same general process to collect multi-

unit activity and identify individual neurons in the environment, albeit employing different 

methodologies for each step in the process, as depicted in Figure 2.1. Raw signals collected by 

electrodes are recorded and amplified by an electrophysiological recording system. The 

incoming signal is filtered to reject frequencies outside of the interest bandwidth and sent 

through an analog-to-digital converter to be digitized and further processed. 

Before beginning an experiment, a training period is allocated to evaluate the baseline 

characteristics of the received signal in every channel of the electrode array and select operable 

channels. During this period, a spike detection algorithm can be trained to identify action 

potentials in the recordings from operable channels and set the detection parameters for the 

remainder of the experiment. The timestamps of the spikes detected by the algorithm can be 

employed to extract spike waveforms lasting 1-3 ms surrounding these locations. 

The process of selecting the reference point in the window around which to center the spike 

waveform is referred as spike alignment [28, 29]. To discriminate between action potentials of 

individual neurons, a spike sorting algorithm can be employed using the aligned templates and 

other more complex and computationally involved parameters [9, 14, 30]. Given the continuous 

nature the neurophysiological recordings and thus of the action potential waveforms extracted, 

digitization can introduce significant variations from the actual waveform to the recorded 

waveform. The undesired waveform variations can affect further processing and make the spike 

detection, alignment and sorting process nontrivial problems [31, 32]. The processing steps for 

extracellular recordings are summarized in Figure 2.2. 
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The acquisition and analysis of action potentials in extracellular recordings can be performed 

either online, where spike detection and sometimes sorting is performed during acquisition, or 

offline, where the recordings are stored and processed after the experiment. The main reasons for 

online acquisition methods include closed loop experiments, where the experimental settings are 

adapted in terms of the neuronal response, rapid analysis of recordings, and reduction of data 

transmission and storage requirements [33]. 

 

Figure 2.1. Extracellular recording experimental set-up. Extracellular recordings are collected from electrodes 
typically placed in the vicinity of certain neurons. The recorded signals are amplified with respect to ground, 
filtered, and digitized to be sent to a software interface for further processing. A typical action potential recorded 
from the extracellular medium lasts 1-3 ms and has a depolarization, repolarization, and hyperpolarization period. 
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Figure 2.2. Processing pipeline for extracellular recordings in electrophysiological experiments. The electrodes in a 
microelectrode array record activity of surrounding neurons. The raw signals are amplified, filtered, and digitized 
through an electrophysiological interface. The preprocessed signals bandpass filtered at the desired frequency 
bands (typically 300-3k Hz for action potentials) are analyzed through a spike detection algorithm to obtain putative 
locations (i.e. discrete locations usually referred as timestamps) of action potentials. The recording segments lasting 
1-3 ms surrounding the action potential timestamps are stored as putative spike waveforms and aligned (usually 
with respect to the most negative peak) to determine the most dominant features from which these waveforms can be 
clustered. The sorted spike waveforms are employed to create single-unit spike trains by superimposing the 
timestamps for a given cluster, and these true spike trains can be employed for further analysis. 

 Spike Waveforms 

In theory, an action potential waveform or template could be unequivocally and 

unambiguously linked to a single neuron. However, in practice this is a difficult problem because 

the recorded signal is non-stationary due to several time varying characteristics of its 

corresponding source, as well as noise from the recording experimental setup. The recorded 

spike waveform depends on the neuron morphology, neuron firing characteristics, the recording 

device characteristics as well as spatial arrangement of the electrode tips in the MEA [34]. For an 

electrode maintained at a constant position, the spike waveforms recorded for the same neuron 
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would ideally be mostly identical. However, it has been shown that single-unit waveforms can 

vary according to the time since the last spike was fired [35]. There is only a limited period 

immediately after a neuron fires in which no action potentials can be produced, commonly 

referred to as the refractory period. Furthermore, an extracellular recording does not present a 

perfectly flat baseline, which can heavily impact the signal’s characteristics across time. There 

are several parameters that can be employed to determine if a spike waveform comes from the 

same single-unit, but without intracellular recordings, all these methods are indirect. For 

example, the variability of a waveform from a spike fired by the same neuron with respect to 

inter-spike intervals (ISI) is depicted in Figure 2.3. These action potentials were fired within 16 

ms of each other and present waveforms with divergent width and amplitude. The figure in the 

middle appears to be most likely the spike average waveform while the side waveforms are 

deviations in terms of inter-spike intervals in addition to noise. 

In addition to these inherent neuronal sources of variability, there is also adherent noise from 

unwanted external factors during acquisition. Some common issues inherent in extracellular 

recordings that affect the recorded waveform of the action potential involve crosstalk between 

electrode array channels, micro movement of MEAs, overlapping timing between spikes, 

critically low SNR, among others [9]. Moreover, the sources of noise can become much more 

prevalent during an in vivo experiment, where a whole living organism, such as rodent or non-

human primate, is employed. In particular, the recording quality can be further affected by the 

electrode-tissue interface impedance and, in the case of an experimental model of injury, the 

extent of the trauma (edema) and foreign body response [17, 36]. 

Several attempts have been made to parametrically describe spike waveforms, but most 

methods fail to capture important features of the waveform including the inherent and external 
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variabilities [37]. For instance, in theory, a spike waveform can be mono, bi-, tri- and even quad-

phasic [8, 38], i.e. it may contain from one to four peaks with interchanging polarities. In 

addition, the spike waveform has been shown to be strongly influenced by noise and 

preprocessing filters in the acquisition device [39], and in low SNR recordings it becomes more 

challenging to acquire the template information during the training period. 

 

Figure 2.3. Variability of action potential waveforms according to inter-spike intervals. Three different action 
potentials waveforms lasting 1.6 ms were extracted from the same extracellular recording. The spike waveforms 
were fired by the same unit at ~16 ms from each other but at different ISIs with respect to the previous spike. 

 

Figure 2.4. Typical extracellular recording from the same electrode (channel) in a MEA in 𝜇𝑉𝑠 lasting 10 ms at a 
sampling frequency 𝑓𝑠 ≈ 24𝑘𝐻𝑧. Two different action potential waveforms from different profiles are highlighted 
for a period of ~1 ms with peak-to-peak voltages ranging from -30 to 25 𝜇𝑉s and -50 to 30 𝜇𝑉s respectively. The 
two waveforms depicted on the right most likely correspond to different units given their shape differences. 

0.2 msec
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Figure 2.5. Spike templates for thirty-six single-units recorded from five second segments using a four-shank, 
sixteen-contact site Michigan-style electrode (A4x4-5mm-100-125-703-A16, NeuroNexus, Ann Arbor, MI). Single-
unit waveform templates were calculated by aligning, averaging, and sorting multi-unit waveforms from detected 
spikes. Even though some single-units across channels in the MEA appear to have similar action potential 
templates, the templates most likely correspond to different single-units given the distance among the MEA contact 
points (100 𝜇𝑚 sideways and 125 𝜇𝑚 diagonally). 

 Noise in MEA recordings 

In addition to inherent noise coming from the source, i.e. the neuron, as previously described, 

there are several other sources of additive noise in an extracellular recording coming from the 

biological interface, the electrode interface and the device employed for recording. The 

biological noise contains unwanted electrical signatures including action potentials, subthreshold 

potentials and aggregate activity from distant sources. The noise collected from the extracellular 

environment can thus be associated to the entire recording and not to an individual neuron due to 

the spatial averaging in the medium [5] and it cannot be separated with currently available 

methods. 

The interface between the liquid extracellular medium and the rigid substrate generates noise 

following a characteristic frequency 1/𝑓 and 1/𝑓` [40, 41], in addition to thermal noise 

proportional to the electrode impedance [42, 43]. Furthermore, the electronic device employed 
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for amplification, filtering, digitization and transmission can also add noise to the recorded signal 

[6]. In summary, at every step of acquisition and processing (Figure 2.1) noise can be 

incorporated in the recording [6, 10, 44]. 

The recordings in MEA implants are considered ideal if an experimenter can easily identify 

spike waveforms. However, in addition to all the noise sources previously described, common 

problems during the experiment may arise due to faulty channels or channels carrying spurious 

signals. This problem is exacerbated in long term chronically-implanted depth electrodes, where 

the signals begin to present much lower SNR due to unwanted factors as time progresses (e.g. 

electrode’s surface damage produced by the user or inflammation in tissue surrounding 

electrode), thereby adding difficulty to the discernment of good channels from faulty channels. 

To date, most work has focused on processing techniques to reliably identify neurons and 

evaluate integrity of electrophysiological recordings offline. However, this is not feasible for 

closed-loop paradigms such as spike-triggered experimental settings, wherein following a quick 

visual quality control check performed by the user, the recordings are further processed and 

reference points for the experimental framework are selected. Despite all nuisances, 

multichannel electrophysiology with MEAs remains to be a fundamental technique to measure 

the activity of several neurons simultaneously [15, 20, 45, 46]. 

 Formalism and Theory 

Example voltage traces of extracellular recordings from two electrode channels in parallel 

containing two different waveforms, i.e. the activity from two neurons, are illustrated in Figure 
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2.4. Given the binary nature of spike signals, a sequence of action potentials can be represented 

by a unit impulse signal 𝛿 𝑡  as 

 𝜌 𝑡 = 𝛿 𝑡 − 𝑡c

d

cef

 (2.1) 

where 𝑛 is the total number of spikes and 𝑡c represents spike timings. Such a signal represented 

by 𝜌 𝑡  is often referred to as a spike train. The spike count is the number of spikes (or impulses) 

during the recording, and the probability that a neuron fires a spike within a time interval 𝛿𝑡 is 

given by, 

 𝑃	 𝑠𝑝𝑖𝑘𝑒	𝑖𝑛	 𝑡 ± 𝛿𝑡	 = 𝑟 𝑡 𝛿𝑡 (2.2) 

where 𝑟 𝑡  represents the spiking, or instantaneous firing rate of the neuron, and 𝑟 𝑡 𝛿𝑡 

represents the number of times a neuron fired a spike in the specified time interval or bin 𝛿𝑡 

which can be evaluated from 1 ms to several seconds depending on the application. 

A sequence of recorded spike timings can be defined as 0 < 𝑡f < 𝑡` < ⋯ < 𝑡djf < 𝑡d ≤ 𝐿, 

where 𝐿 is the sequence length. The differences between these timings are the ISIs. The 

variability of the recorded activity can be compared in terms of the coefficient of variation 𝐶" 

and the local variation coefficient 𝐿". The coefficient of variation 𝐶" is defined as the ratio 

between the sample standard deviation 𝜎l and the sample mean interval	𝑡 [47]. Cortical neurons 

present a correlation coefficient 𝐶" which ranges between 0.2 and 1.5 [48]. The local variation 

coefficient 𝐿", calculated as the average of the ratio of the difference over the sum of consecutive 

inter-spike intervals, can be employed to compensate for the varying rates and is defined as [49],  

 𝐿" =
1

𝑛 − 1
	

3 𝑡c − 𝑡cmf `

𝑡c + 𝑡cmf `	

djf

cef

 (2.3) 

 from which the summand is proportional to the square of individual terms of 𝐶"` [50], 
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 𝐶"` =
2 𝑡f − 𝑡`
|𝑡f + 𝑡`|

 (2.4) 

Related work regarding the measures of 𝐿" and 𝐶" for typical mathematical point processes has 

shown that 𝐿" does not necessarily undergo under large changes while 𝐶" deviates according to 

the rate fluctuation [51, 52]. In general, 𝐶" can represent the global variability of the sequence 

while 𝐿"	focuses on the local variation [52]. 

A single-unit extracellular recording can be defined as the convolution of a spike train 𝜌 𝑡  

with its corresponding waveform (template) 𝒘	plus noise. A spike waveform 𝒘 can be extracted 

from the recording in segments 𝒘	 ∈ ℝfrst, where 𝑇v is the template length lasting between 1-3 

ms. A multi-unit recording can be considered as a superimposition of single-unit spike trains 

each convolved with its corresponding waveforms plus noise. 

For a MEA recording lasting 𝐿 seconds with 𝑁 electrodes, a sample at time 𝑡 recorded from a 

single electrode 𝑘	 ∈ 	 [1, 𝑁] can be denoted by 𝑥x,l. The observation vector from a single 

electrode (channel) is represented by 𝒙x, and the recordings across all MEA contact points can 

be represented by a row-wise matrix 𝑿𝑵𝒙𝑳, 

 𝑿 = 	𝒙f … 𝒙~ s with 𝑥x,l = 𝑠x,lc + 𝜂x,l	c  (2.5) 

where 𝑠c is the recording from neuron 𝑖 and 𝜂 is the noise present in the recording. 

The collection of segments containing the spike waveforms conforms the template space. A 

collection of spike templates across sixteen channels of a MEA is illustrated in Figure 2.5. 

For high density MEAs, where the electrode contact points are in close proximity, the 

likelihood of adjacent electrodes recording from the same neuron increases linearly. The 
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template space can be defined as a collection of vectors concatenating the segments across all 

channels where a spike is found in at least one channel [30, 34], as depicted in Figure 2.6. 

For low density MEAs, where contact points are far enough apart that there is a low 

probability of recording spikes from the same neurons across different contact points, the 

template space can be constructed from a row-wise collection of individual waveforms 𝑽	defined 

in the 𝑇v-dimensional space, 

 𝑽 = 	𝑽f	𝑽` 	… 𝑽x s , with 𝑽𝒌 ∈ ℝ~�rst (2.6) 

where 𝑽𝒌 is the collection of spike waveforms 𝒘 for channel 𝑘, and 𝑁� corresponds to the total 

number of spikes (templates) recorded across the channel. 

 

𝑽 =
𝑤ff … 𝑤f~�
⋮ ⋱ ⋮

𝑤~f … 𝑤~~�
 

Figure 2.6. Apparent extracellular recordings from two parallel adjacent channels in a high density MEA. The 
parallel recordings present two apparent spike waveforms highlighted. The waveforms in the top row appear to 
have a higher amplitude than the waveforms in the bottom row, typically because the contact point is closer to the 
single-unit producing these actions potentials. The waveform matrix for a high density MEA depicted in the right 
stores the segments containing a spike in a single channel or multiple channels for all channels, for the duration of 
the recording segment. 

In the case of a low density MEA, given a multichannel recording 𝑿~r�, every column in 𝑿 

can be defined as an independent observation of random processes extended across time. The 

covariance matrix can thus be calculated as, 

 𝚺𝐗 =
1

𝑁 − 1
𝒙c. −𝒙 𝒙c. −𝒙 s

~

cef

 (2.7) 
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where 𝑥c� represents the 𝑖l� independent observation of the 𝑗l� random variable and 𝒙 is the 

sample mean vector for every variable 

 𝒙 =
1
𝑁

𝒙c

~

fef

 (2.8) 

A recording segment 𝐿(𝑡f: 𝑡`) from a pair of channels 𝑁_,d in 𝑿~r� has a covariance matrix of 

 𝚺𝐗_,d l�,l�
= cov 𝑥_,l�, 𝑥d,l�	  

(2.9) 

Employing this definition, a block covariance matrix can be structured such that the diagonal 

elements are the autocovariances of every observation extended across time [30, 34]. 

 𝚺𝐛𝐗 = 	
𝚺𝐗f,f ⋯ 𝚺𝐗f,~
⋮ ⋱ ⋮

𝚺𝐗~,f ⋯ 𝚺𝐗~,~
	  (2.10) 

Given this structure, each block in 𝚺𝐛𝐗 can have a Toeplitz structure for some lag 𝜏 given, 

 cov 𝑥_,l�, 𝑥d,l�	 = cov 𝑥_,l�m�, 𝑥d,l�m�	  (2.11) 
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Spiking Model 

 In Vivo Neurophysiology 

The animals employed for neurophysiological recording were adult, male Long-Evans rats 

acquired at 4 months of age. The animal protocols used were approved by the University of 

Kansas Medical Center Institutional Animal Care and Use Committee, and the experiments were 

performed in compliance with the Guide for the Care and Use of Laboratory Animals. Each rat 

was singly housed in a transparent cage and provided with food and water ad libitum. The room 

was kept on a 12-h:12-h light/dark cycle, and ambient temperature was maintained at 22 °C. 

The in vivo neuronal recordings were collected from ketamine/xylazine-anesthetized rodents 

within the left-sided rostral forelimb area (RFA). A contact site in the MEA yielding neural 

spiking recording with moderate spontaneous activity rate (4-10 spikes/s) was identified and 

used as a reference (trigger) channel. The triggered stimulus pulse was a single 60 µA biphasic, 

cathodal-leading pulse (200 µs positive, 200 µs negative) delivered to a cortical site in the 

forelimb-responsive (FL) area (Figure 3.1, Processing Unit). Latency between spike detection in 

RFA and delivery of a stimulus pulse in either FL or barrel field (BF) (Figure 3.1, Stimulation 

Unit) was preceded by a 10 ms delay (2.5 ms spike processing time, 7.5 ms imposed delay). 

The extracellular signals were acquired within RFA using a four-shank, sixteen-contact site 

Michigan-style electrode with 1-1.5 MΩ impedance at each site (A4x4-5mm-100-125-703-A16, 

NeuroNexus, Ann Arbor, MI). The probe was placed with the deepest contact at 1600 µm below 

the cortical surface (Figure 3.1, Recording Units). An active, unity-gain head stage was attached 
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to the probe, and connected through a preamplifier to the recording system (Tucker-Davis 

Technologies (TDT), Gainesville, FL, USA). Electrical stimulation was applied through a single 

contact on a single-shank, sixteen-contact electrode with an impedance of about 200 kΩ (e.g. 

contact point 6, activated A1x16-5mm-100-703-A16, NeuroNexus Technologies, Ann Arbor, 

MI, USA), and was delivered using a stimulus isolator and passive head stage (MS16 Stimulus 

Isolator, TDT). Multichannel recordings of four experiments were stored, which started with a 

ten-minute period of no stimulation followed three one-hour periods of stimulation separated and 

followed again by ten-minute periods of no stimulation, for a total of approximately three hours 

and forty minutes of recorded data) as depicted in Figure 3.1. 



 
 

 22 

 

Figure 3.1. Recording and stimulation experimental paradigm. A. Methodology described on an illustration 
highlighting the cortical reference and stimulation regions under study. Extracellular recordings were acquired 
with a four-shank, 16-contact microelectrode array with intra-shank contact distances of 100 µm and cross-shank 
distances of 125 µm. The signals were acquired using the TDT recording system (Recording unit), processed to 
detect the single-unit activity (Processing unit), from which a user selected a reference neuron employed to trigger a 
stimulation pulse to a site on a single-shank microelectrode (Stimulation unit). B. Recording sessions consisted of 
three one-hour intermittent periods of stimulation separated each by ten-minute periods of no stimulation. C1. 
Extracellular recording during basal period lasting 2s, and filtered ~300-3k Hz. C2. Extracellular recording during 
stimulation period lasting 2s, and filtered ~300-3k Hz. Red lines represent each stimulation pulse artifact. 
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 Reference Framework 

To test the proposed spike detection algorithm, an absolute reference framework or ground 

truth was acquired based on spike identification through visual inspection. This reference 

framework was further processed to extract characteristics of multi- and single- unit activity. 

From these recordings, multi-unit extracellular recording traces based on firing and inter-spike 

interval variability of the in vivo recordings, described in the In Vivo Neurophysiology section, 

were generated from random probability distribution functions (pdfs) following the process 

depicted in Figure 3.2. 

 

Figure 3.2. Block diagram for model generation. Extracellular recordings were visually inspected by field experts 
for spikes. The multi-unit recordings were sorted according to extracted spike waveforms through super-
paramagnetic clustering from their wavelet transformations. The sorted single-units from the recordings were 
evaluated in terms of firing and timing characteristics. A repository of three hundred single-unit spike trains was 
generated with inter-spike interval distributions following exponential, gamma, and inverse Gaussian pdfs. Each 
spike train was convolved with a waveform template corresponding to a neuron with similar firing characteristics. 
The multi-unit models were generated by adding 2-4 single-unit models randomly selected from the repository while 
avoiding overlapping spikes. The noise in the model was generated from an AR process with background units and 
pink noise. The tunable models presented variability in terms of SNR, waveform template, and inter-spike intervals. 

Extracellular recording segments from different channels as depicted in Figure 3.1 were 

visually inspected for spikes by field experts. An ideal recording for any given channel presented 

visually high SNR (≥	5 dB), multiple candidate neuronal profiles, and neurons with apparently 

stable firing rates, i.e. no bursting (rapid consecutive firing followed by quiescent periods) or 

tonic (stably firing) neurons. The inspection was performed during both quiescence and electrical 
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stimulation sessions for up to thirty seconds for which multi-unit timestamps were recorded and 

stored while avoiding sections with experimental artifacts. 

 Clustering 

Given the reference timestamps, spike waveforms lasting approximately 2 ms were extracted 

from the recordings and spike alignment was performed by selecting the most negative peak of 

their respective cubic-spline interpolated waveforms lasting 6 ms. The waveforms corresponding 

to the aligned spike timestamps were sorted by employing wavelet transformation (WT) and 

super-paramagnetic clustering (SPC) [53]. In [53], the spike waveforms were transformed with 

four-level decomposition implemented with Hammer wavelets to facilitate discrimination 

between the spike waveform features, given their compactness and orthogonality properties 

appropriate for short (i.e. approximately 1-3 ms) spike templates, while dimensionality reduction 

was achieved through the Lilliefors (LF) test for normality. For the extracellular recordings 

under evaluation, the first 10 wavelet coefficients were sufficient for accurate classification with 

SPC for the dominant profiles, while the clusters for the less prominent neurons were manually 

sorted through visual inspection. A brief description behind these methods can be found in the 

sections Wavelet Transform and Super-Paramagnetic . For further details, see the methodology 

and discussion in [53]. 

Wavelet Transformation 

The wavelet transformation (WT) is a method of signal representation that enables 

simultaneous analysis in the time and frequency domains and aids the analysis of nonstationary 
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signals such as spike trains by inducing sparsity [53]. The wavelet transform is defined as the 

convolution of a signal 𝑥 𝑡  and a wavelet basis function ψ�,� 𝑡 , 

 𝑊�𝑋 𝑎, 𝑏 = 𝑥 𝑡 ∗ ψ�,� 𝑡  (3.1) 

where ψ�,� 𝑡  are translation and dilatations of a wavelet function 𝜓(𝑡), 

 ψ�,� 𝑡 =
1

𝑎
𝜓

𝑡 − 𝑏
𝑎

 
(3.2) 

The WT maps the signal onto a function depending on the independent wavelet coefficients 

given by 𝑎�, 𝑏�,x = 2j�, 𝑘2j�, where 𝑗, 𝑘 ∈ ℤ. Translations of the wavelet functions match high- 

and low-frequency components, while dilatations correlated with the original signal 𝑥 𝑡  provide 

information of the waveform at various scales [53]. 

Given the sampling frequency of the original recording (𝑓� = 24.414 kHz), each spike 

template generated fifty wavelet coefficients, each of which represented information at different 

times and scales as previously described. Selection of the principal coefficients from these values 

(dimensionality reduction) was achieved through the Lilliefors (LF) test for normality, a 

modification of a Kolmogorov-Smirnov (KS) test when the parameters of a hypothesized 

distribution are known but the true distribution is unknown [54]. Given a sample of 𝑛 

observations, the LF method estimates the population mean 𝜇 and variance 𝜎` from the data, and 

calculates the maximum discrepancy between the cumulative distribution function of a normal 

distribution 𝐹∗ 𝑥 = 𝒩~(𝜇, 𝜎`), and the sample cumulative distribution function 𝑆d(𝑥), 

 𝐷 = max
r

|𝐹∗ 𝑥 − 𝑆d(𝑥)| (3.3) 
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Super-Paramagnetic Clustering 

Super-paramagnetic clustering (SPC) is a Monte Carlo iteration of the Potts model, a 

generalization of the Ising Model [55]. SPC clustering is performed by evaluating simulated 

interactions (states) between individual data points and their respective K-nearest neighbors. In 

the context of spike sorting, this method was originally proposed by [53], where it was 

demonstrated that the data points from features in the same cluster, i.e. with similar spike 

waveforms, changed their states together and presented strong interactions, thereby facilitating 

classification. 

There are two steps to cluster spike waveforms with SPC. In the first step, the interaction 

strength between a pair of K-nearest neighbors 𝑥c and 𝑥� is defined as  

 J¦§ =
1
K
exp −

x¦ − x§ `
`

2a`
 (3.4) 

where 𝑥c is a point in an 𝑚-dimensional phase-space formed by the 𝑚 = 10 principal 

components of each spike waveform 𝑖, and a is the average nearest-neighbors distance. 

In the second step, the simulated interactions are formed with respect to a varying 

temperature 𝑇 by running Monte Carlo iterations of the Wolf Algorithm [56]. This method is 

based on the magnetic behavior of a spin glass, a disordered magnet. The system can be either in 

para-, ferro-, or super-paramagnetic state depending on the transition temperature that influences 

the individual interactions. In extreme cases, the magnets can switch states randomly despite 

their particle interactions (individually), or update their states jointly (single cluster) for high or 

low 𝑇 respectively. Notwithstanding, there exists an optimum range for 𝑇 where magnets 

(particles) grouped together change simultaneously and accurate clustering can be achieved. 



 
 

 27 

In the context of spike sorting, the behavior of the spin glass is mimicked through changes to 

the initial configuration of 𝑠 states. The states are formed given the interaction strength between 

neighbor pairs, the wavelet coefficients of different spikes. In this configuration, the state of a 

randomly selected point is changed to a new randomly selected state 𝑠d«¬ ∈ 	 [1, 𝑞], and the state 

change produces a cascade reaction for the neighbors of the point with a state change probability, 

 𝑝c� = 1 − exp 	
𝐽c�
𝑇
𝜕�¯,�°	  (3.5) 

A frontier is created by the neighbors with state updates during an iteration until these no longer 

update [53]. The state change probability of the points in the frontier is recalculated, and the 

frontier is updated. This process is repeated until the frontier no longer changes, at which point 

the process is restarted from a different random point and repeated several times.  

A threshold 𝜃 can be employed to evaluate pair-wise point correlations and determine 

whether a pair of points that remained close throughout the various temperate changes 

corresponds to the same cluster. The variables 𝑞 = 20, 𝐾 = 11, 𝑁 = 500, and 𝜃 = 0.5 resulted 

in accurate classification for every spike waveform in the revised extracellular recording [53]. 

The sorting process was verified for every cluster by calculating the point to point deviation for 

every spike waveform in a cluster with respect to the cluster template, the average of all the spike 

waveforms in that cluster. 

 Activity Evaluation 

The dataset used for the model generation is composed of five recordings and it encompasses 

several features. Table 3.1 and Table 3.2 show the timing and firing characteristics of multi-unit 

activity (MUA) and single-unit activity (SUA) in the original recordings. The first three 
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segments were extracted from the first and second basal periods of three different experiments, 

while the two ADS recordings segments were extracted from the first ADS periods of two 

different experiments. 

Table 3.1. Multi-unit activity firing characteristics for nineteen profiles from five recording segments. 

Multi-unit activity 
(MUA) 

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 

Trial Basal Basal Basal ADS ADS 

Firing rate (spikes/s) 210.70 89.73 62.27 109.34 71.89 

mean ISI (ms) 4.7 11.1 10.75 9.14 13.82 

# Profiles 4 4 3 4 4 
 

Table 3.2. Single-unit activity firing characteristics for nineteen profiles from five recording segments. 

Firing Rate 
(spikes/s) 

Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 

Unit 1 38.25 39.62 42.07 13.31 25.07 

Unit 2 43.88 28.90 30.40 46.01 18.84 

Unit 3 59.42 6.48 19.80 41.54 11.02 

Unit 4 69.16 14.73 - 8.48 16.96 

MUA 210.70 89.73 62.27 109.34 71.89 

Firing Probabilities 

Figure 3.3 depicts the firing probabilities at specific inter-spike intervals in the range 

0, 200  ms binned at 10 ms for all the recorded units. Each row corresponds to a recording 

segment from an electrode channel and each column corresponds to a single-unit profile in that 

segment. From Figure 3.3, it can be observed that some of these profiles have inter-spike 

intervals which follow a family of exponential distributions. 
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Figure 3.3. Probability of instantaneous firing from single-units extracted from visually inspected recordings. The 
plots show probabilities of individual inter-spike intervals ∈ 0,200  ms for nineteen single-units (columns) present 
in five visually inspected extracellular recording segments (rows) lasting for up to thirty seconds. The firing rate for 
each unit was binned at 10 ms to avoid empty bins for most single-units. 
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ISI Variability 

Figure 3.4 depicts the coefficients of variation 𝐶" and local variation coefficients 𝐿" for the 

nineteen neuronal candidates extracted from the recording segments. From these diagrams, both 

histogram distributions can be characterized as compact. Most of the single-units have a 𝐶" < 1 

but greater than zero, meaning that there are not many rapidly firing neurons but that these do not 

fire regularly either, while 𝐿" corroborates that the single-unit profiles recorded have a range of 

stepwise ISI variability. 

A  B  

Figure 3.4. ISI variability described in terms of the coefficient of variation 𝐶" and local variation coefficient 𝐿". For 
nineteen single-units extracted from five visually inspected extracellular recording segments lasting up to 30 s A. 
𝐶" ∈ 	 0.33, 1.54  with mean and standard deviation 0.86 ± 0.26. B. 𝐿" ∈ 	 0.24, 1.6  with mean and standard 
deviation 0.74 ± 0.34. 

 Fitting task with varying ISIs 

A step to better understand the properties of the recordings is to identify parametric statistical 

models that can represent observed ISI distributions. Given the nature of single-unit spike trains, 

the likelihood function of the ISIs were fitted using maximum likelihood estimation (MLE) with 

a family of exponential processes including the Poisson and renewal processes, each process 
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with inter-event probabilities following exponential and gamma distributions, respectively [57, 

58]. In addition, an inverse Gaussian process was included to fit the inter-spike distribution for 

each single-unit in the recordings given its relation to the biophysical Leaky integrate-and-fire 

(LIF) neuron model, and also through MLE [57, 59]. Finally, a generalized linear model (GLM) 

was included as an alternative to fit the instantaneous firing rate of each single-unit in the 

recording, as it can incorporate firing history effects and estimate the likelihood function 

proportional to the probability density of the recorded activity for each neuron. 

The Akaike information criterion (AIC) was calculated to evaluate the goodness of fit of each 

model and determine the best model that fitted the empirical recordings. For an inhomogeneous 

poisson process with independent and identically distributed (i.i.d.) waiting times, a version of 

the probability integral transform can be employed to create a homogeneous process from any 

process by rescaling the inter-spike intervals from the original recording. In this case, the time-

rescaling theorem was applied to transform the spike trains into continuous measures to properly 

measure the discrepancies between the original signals and the model. The Kolmogorov-Smirnov 

(KS) test was also employed to measure the agreement between the empirical and modeled 

cumulative distribution functions (cdfs) [57, 59]. 

Maximum Likelihood for a Point Process 

Given a sequence of spike time measurements 0 < 𝑢f < 𝑢`, … < 𝑢³ ≤ 𝑇 with 𝑢c ∈ 	 (0, 𝑇] 

where 𝑇 is the sequence length, 𝑁(𝑡) can be defined as the number of spikes in (0, 𝑡] and 𝐻l as 

the spike history up to time 𝑡. The instantaneous firing rate or conditional intensity can be 

defined as [57, 59, 60], 
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 𝜆(𝑡|𝐻l) = lim
¶l→¸

Pr 𝑁 𝑡 + 𝛿𝑡 − 𝑁 𝑡 = 1 𝐻l
𝛿𝑡

 (3.6) 

This function can be expressed in terms of the inter-spike interval or spike time probability 

density at time 𝑡, 𝑝(𝑡|𝐻l), as, 

 𝜆 𝑡 𝐻l =
𝑝 𝑡 𝐻l

1 − 𝑝(𝑢|𝐻»)
l
¸

 
(3.7) 

Given the conditional intensity function, the inter-spike interval probability density can be 

specified (and vice versa) as, 

 𝑝 𝑡 𝐻l = 𝜆 𝑡 𝐻l exp − 𝜆 𝑢 𝐻» 𝑑𝑢	
l

¸
 (3.8) 

From here, the probability density of the spiking sequence 𝑝 𝑁¸:	s  can be defined as, 

 

𝑝 𝑁¸:s = 𝜆 𝑢� 𝐻»� exp − 𝜆 𝑢 𝐻» 𝑑𝑢	
l

¸

³

�ef

= exp log 𝜆 𝑢 𝐻» 𝑑𝑁 𝑢
s

¸
− 𝜆 𝑢 𝐻» 𝑑𝑢	

s

¸
 

(3.9) 

If this probability density 𝑝 𝑁¸:	s  dependents on the parameter(s) 𝜃, the likelihood function can 

be defined as, 

 𝐿 𝜃|𝑁¸:s = 𝑝 𝑁¸:s|𝜃 = exp log 𝜆(𝑢|𝐻», 𝜃) 𝑑𝑁 𝑢
s

¸
− 𝜆 𝑢|𝐻», 𝜃 𝑑𝑢	

s

¸
 (3.10) 

The maximum likelihood estimate of 𝜃 is the value which maximizes 𝐿 𝜃 𝑁¸:	s  or its 

logarithmic transformation, since it is an increasing function, that is, 

 𝜃 = 𝑎𝑟𝑔max
¾

𝐿(𝜃|𝑁¸:s) = 	 𝑎𝑟𝑔max¾ 𝑙𝑜𝑔𝐿(𝜃|𝑁¸:s) (3.11) 
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Akaike Information Criterion 

The Akaike Information criterion (AIC) is a common approach for model selection for 

models fit with maximum likelihood [60]. Given the observed sequence 𝑁¸:	s, AIC is defined as,  

 𝐴𝐼𝐶 = −2 log 𝐿 𝜃	|	𝑁0:	𝑇 	+ 2𝑞	 (3.12) 

where 𝐿 𝜃	|	𝑁¸:	s  is the log likelihood function of 𝜃 given 𝑁¸:	s, and q represents the dimension 

of the parameter vector 𝜃. The AIC approximates relative Kullback-Leibler divergence between 

real and model distributions, i.e. it measures the trade-off between the number of parameters 

necessary for the model (right-hand side of equation) and how well this model fits the data (left-

hand side of equation). The model with the best tradeoff between these two constrains will have 

the smallest AIC [57]. 

Time Rescaling Theorem 

The general time rescaling theorem can be employed to appropriately assess the goodness of 

fit by transforming any point process with integrable rate function into a Poisson process with 

unit rate [61]. For a given point process with timestamps 0 < 𝑢f < 𝑢`, … < 𝑢³ ≤ 𝑇 and a 

conditional intensity function 𝜆(𝑡|𝑥l) on (0, 𝑇]. If the waiting times are continuous functions 

with distribution 𝑓Á°|»°Â� 𝑥 > 0 on (𝑢�, 𝑇], ∀	𝑗 ≥ 1, a transformed interval can be defined as, 

 

𝜏f = 𝜆 𝑡 𝑥l 𝑑𝑡
»�

¸
 

𝜏� = 𝜆 𝑡 𝑥l 𝑑𝑡
»°

»°Â�
 

(3.13) 

where 𝜏 are i.i.d. 𝐸𝑥𝑝	(1) random variables [59]. For a conditional intensity function 𝜆(𝑡|𝑥l) 

constant and equal to one everywhere, the process becomes a homogeneous Poisson process with 
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independent, exponential ISIs and the time does not need to be rescaled. Otherwise, the events 𝜏� 

accumulate more rapidly or slowly depending on the value of 𝜆 𝑡 𝑥l . The further 

transformation, 

 𝑧� = 1 − exp	(−𝜏�) (3.14) 

gives 𝑧�s as independent uniform random variables in the interval [0,1). These transformations 

have the same range and image respectively (one-to-one), and any test can be employed to 

measure the agreement between and 𝑧� and a uniform distribution [57]. 

Kolmogorov-Smirnov Test 

The Kolmogorov-Smirnov (KS) test evaluates the differences between the empirical cdf 

𝐹 𝑥  and the theoretical or modeled cdf 𝐹 𝑥  for a given model. The test statistic is given by, 

 𝐷 = max
r

|𝐹 𝑥 − 𝐹 𝑥 | 
(3.15) 

The KS plots can be generated by plotting the values of the theoretical or the modeled cdfs 𝐹 𝑥  

against the empirical cdfs 𝐹 𝑥 , or the cumulative distribution function of the uniform density 

𝑏� = (𝑗 − 0.5)/𝐽, ∀	𝑗 ∈ 	 [1, 𝐽] against the 𝑧�s in model quantiles. A correct model would have 

values lying along 45° line. The 95% confidence bounds can be approximated as 𝑏� ± 1.36/ 𝑁 

for moderate or large samples [57, 59]. 

3.5.1. Random Processes 

The probability density functions, corresponding parameters, and coefficients of variation for 

the exponential, gamma, and inverse Gaussian distributions are defined Table 3.3. 
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The maximum likelihood estimator for the exponential function is the reciprocal of the 

sample mean 𝜆 = 1/𝜇r, that is 𝐸 𝑋 = 𝜆jf and 𝑣𝑎𝑟 𝑋 = 𝜆j`. In this case, the MLE finds the 

instantaneous firing rate 𝜆 of a spike train that maximizes the likelihood of the data given 𝑓(𝑥), 

where the random variables 𝑥 are the sequence of ISIs from the recordings. The coefficient of 

variation 𝐶" is a constant for a sufficiently large sequence given the i.i.d. nature of the ISIs. 

The parameters of the gamma process are 𝜃 = 	 (𝛼, 𝜆), where 𝐸 𝑋 = 𝛼𝜆jf and 𝑣𝑎𝑟 𝑋 =

𝛼𝜆j`. The numerical maximum likelihood estimates can be derived as 𝜆 = 𝛼/𝜇r	and 

𝑛 log 𝛤 𝛼 	= 𝑛	𝛼 log(𝛼/𝜇r) + (𝛼 − 1) log 𝑥cd
cef . For a gamma process, the 𝐶" is inversely 

proportional to the shape of the underlying gamma process but still directly proportional to its 

mean. In this case when the parameter 𝛼 is a positive integer, the distribution is said to represent 

a sum of i.i.d. 𝐸𝑥𝑝(𝜆). The Poisson process is a special case of the Gamma process with 𝐶" = 1. 

The maximum likelihood estimators of the inverse Gaussian process can be derived as 𝜇 =

𝜇r, and 𝜆jf = f
d

f
r¯
− f

Ç�	
d
cef . In this case, 𝐶" is inversely proportional to the shape 𝜆 of the 

distribution. For a small value of x, the inverse Gaussian pdf is small and thus can model 

refractoriness in inter-spike intervals [59]. 

Table 3.3. Characteristics of inter-spike interval distributions for three different random processes including 
probability density function, parameters, and coefficients of variation 𝐶". 

Distribution Probability density Function Parameter(s) 
Coefficient of 

Variation 

Exponential 𝑓(𝑥|𝜆) = 𝜆𝑒jÈr 
𝜃 = 𝜆 , 𝜆 >

0. 
𝐶" = 1 

Gamma 𝑓(𝑥|𝜃) =
𝜆É

𝛤(𝛼	)
𝑥Éjf𝑒jÈr 

𝜃 = 	 (𝛼, 𝜆), 
𝛼 > 0, 𝜆 > 0. 𝐶" = 1/ 𝛼 

Inverse Gaussian 𝑓(𝑥|𝜃) =
𝜆

2𝜋𝑥Ë
f/`

𝑒𝑥𝑝 −
𝜆 𝑥 − 𝜇 `

2𝜇`𝑥
 

𝜃 = 	 (𝜇, 𝜆), 
𝜇 > 0, 𝜆 > 0. 𝐶" = 1/ 𝜆 
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3.5.2. Generalized Linear Models (GLMs) 

In Poisson regression, each Poisson distribution has a mean equal to 𝐹𝑅 𝑡 ∙ ∆𝑡 and 𝐹𝑅 𝑡  is 

related to the stimulus (or behavior) by log 𝐹𝑅 𝑡 = stimulus	effect. A non-Poisson model can 

be employed to incorporate not only stimulus but also history effects and estimate the likelihood 

function proportional to the joint pdf of the spike trains under evaluation [59]. A GLM allows 

regression methods to be extended to response distributions from exponential families [59]. The 

conditional intensity function of a GLM of history of dependence can be defined as, 

 𝜆x = exp 𝜃¸ + 𝜃c𝑑𝑁xjc

Ñ

cef

 (3.16) 

where 𝑑𝑁x is the spike indicator function in interval 𝑘, 𝜆x is the expected number of spikes in 

interval 𝑘, 𝑒¾Ò represents the baseline firing rate with no previous spikes and 𝑒¾¯ represents the 

modulation of firing rate due to a previous spike at lag 𝑖. In general, there is no closed form ML 

estimator, so numerical optimization can be employed such as MATLAB’s glmfit. 

As with the previous models, the relative model quality can be evaluated with Akaike 

information Criterion (AIC). Given the scaled version of the inter-event intervals computed with 

the time rescaling theorem, the KS test can be applied to test the null hypothesis that transformed 

waiting times follow an 𝐸𝑥𝑝	(1) distribution. The AIC and KS test can be employed to compare 

the goodness of fit for the models generated from the three distributions under consideration as 

well as the nonlinear GLMs. 
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 Modeling task with varying ISIs 

Three hundred single-unit models were generated, each with inter-spike intervals following 

either exponential, gamma, or inverse Gaussian distributions from Table 3.3. For each process, 

the model parameters were obtained from random distributions in the intervals 𝜆 ∈ 0,0.2 ; 𝛼 ∈

0,9 , 𝜆 ∈ 0,1𝑒 − 2 ; 𝜇 ∈ 0,0.2 , 𝜆 ∈ 0,0.3 , respectively. The parameters were chosen such 

that for any distribution, the probabilities of ISIs > 200 ms and ISI < 1 ms were negligible 

(<3%). 

3.6.1. Waveform variability 

From the original recordings waveform variability for a single-unit can be determined 

dependent upon the ISI variability as described in [35]. For a given neuron, spike waveforms 

corresponding to long-ISI (at least 80 ms) and short-ISI (less than 10 ms) lasting up to 2 ms 

depending on the noise level adjacent to the waveform, were averaged to generate long- and 

short-ISI templates, namely 𝑉�and 𝑉Ó	, for every profile in the recording segments. These 

templates were employed to calculate varying spike waveforms 𝑉(𝜏) for a single-unit as, 

 𝑉(𝜏) = 𝑉� + 𝑉� − 𝑉� 	𝑓(𝜏) (3.17) 

where 𝑓 𝜏 	is the single ISI function denoted by a single exponential 𝑓 𝜏 = −exp	(−𝜏/𝜏Ô) 

given that the distributions evaluated come from the exponential family of distributions, with the 

constant 𝜏Ô = 22 ms set to accommodate for regular and fast firing units as in [35]. Figure 3.5A 

denotes the variability in a single profile. 
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3.6.2. Artificial Noise 

Background noise was generated to incorporate spikes firing in the background as well as 

natural (pink) noise with characteristic spectrum, i.e. 1/𝑓 power spectral density, represented in 

Figure 3.5 [62]. The firing probability for background activity 𝑃Õ�	, not be confused with that of 

the spikes from the spiking model, was calculated as, 

 𝑃Õ� = P spike	in	 𝑡, 𝑡 + ∆𝑡 = 𝑟�(𝑡) ∙ ∆𝑡 (3.18) 

where the background firing rate 𝑟� 𝑡 , measured in number of spikes per second was generated 

as a first-order autoregressive (AR) process and ∆𝑡	was set as the sampling period of the original 

recording: 

 𝑟� 𝑡 = 𝐶 + 𝜙 ∙ 𝑟� 𝑡 − ∆𝑡 + 𝜖(𝑡) (3.19) 

Here 𝐶 is the mean firing rate, set as 48 spikes/s for 1100 neurons that could be located within a 

140 𝜇𝑚 radius in the hippocampus by an electrode given the electrode tip dimensions of the 

arrays employed [63] [64], 𝜙	represents the strength of correlation evaluated over 0.5 ± 0.05 , 

and 𝜖 𝑡 	corresponds to additive white Gaussian noise (±5	spikes per second). 

The background signal was generated by convolving the pulse train generated from the AR 

process with the spike waveform illustrated in Figure 3.5B and generated as, 

 𝜀�Ñcx« 𝑡 = 𝐴Ñ ∙ exp −
𝑡 − 𝜏ÛÜ¦ÝÞ `

𝜎Ñ
− 𝐴d ∙ exp −

𝑡`

𝜎d
 (3.20) 

where 𝐴Ñ	and	𝐴d	control the positive and negative deflection amplitudes, 𝜏ÛÜ¦ÝÞ	controls the 

positive peak shift (0.5 ms), and 𝜎Ñ and 𝜎d	are the positive and negative deflection constants, set 

as 0.8 and 0.2 ms, respectively. 
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The different 60 s segments of pure noise were generated by adding the mean normalized 

background signal with unity variance to pink noise. The neural noise spectral representation is 

depicted in Figure 3.5C. Each segment generated was scaled according to the desired noise level. 

For the employed multi-unit models that present spikes with different amplitudes and durations, 

the SNR was computed as [65], 

 
𝑆𝑁𝑅 =

𝒘_�r − 𝒘_cd

6 ∙ 𝜎dÔc�«
 (3.21) 

Such definition permits the correct representation of each profile template extracted from the 

original recording regardless of the amplitude distribution. 

 

Figure 3.5. Characteristics of parameters included in the multi-unit extracellular models. A. Waveform variability in 
terms of inter-spike interval variability ∈ (0,1𝑒3] ms following an exponential distribution with varying constant 
𝜏 = 22	𝑚𝑠 B. Background spike waveforms for noise segments not to be confused with waveforms extracted from 
the visually inspected recordings. C. Autocorrelation scores of the artificial noise generated from an AR process 
with background units and pink noise. 
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3.6.3. Tunable Traces 

Given these three hundred models, each representing an individual profile with a respective 

firing rate, and 𝐶", 𝐿" parameters, one hundred models lasting 60 s and composed of 2 to 4 non-

overlapping units selected at random were generated. For a segment that would present 

overlapping spike waveforms, only a single waveform was included at random. For each model, 

the single-unit waveforms and overall multi-unit noise were included as described previously. 

Figure 3.6 illustrates a multi-unit model with three single-unit profiles at three different SNR 

levels. The noise levels considered were SNR = 0.7, 1.0, and 1.3. 

 

Figure 3.6. Characteristic segments and waveforms from generated multi-unit models. A1-A3. Multi-unit 
extracellular models lasting 100 ms at three different SNR levels SNR=0.7, 1.0 and 1.3 respectively. B1. 
Corresponding profiles with varying waveforms extracted from the multi-unit train models. B2. Superimposed 
waveform templates of multi-unit spike trains extracted from the originally visually inspected recordings. Note: For 
visualization purposes, in plots A1-A3 the sampling rate of the spike waveforms is 2.5 times the sampling rate of the 
background activity and noise. 
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 Results and Discussion 

Different types of neural recordings or computational models can be employed to test spike 

detection algorithms but all come with some disadvantages. For starters, dual extracellular-and-

intracellular recordings can be used, but the intracellular recordings limit the evaluation to a 

single profile. A standard methodology would be to employ real data sets visually inspected by 

field experts, but performances of a human operator can be lower than of computational 

mechanisms [66]. Also feasible are synthetic datasets based on biophysical modeling schemes 

[67], but these can become complex and computationally intensive. Finally, a compromise 

methodology is to use semi-synthetic datasets originated from real recordings in which 

underlying characteristics are parameterized for easy manipulation [64], but available sets of this 

nature are typically limited by static waveforms and Gaussian noise. 

Given the irregularity of neuronal firing, models of single neuron firing sequences can be 

built as probabilistic models based on the timing of the spikes from real recordings. As described 

previously, the timestamps from a recording can be binned in intervals 𝛿𝑡 to form a spike train, 

where the bin size determines the maximum or minimum possible number of spikes per bin. In 

this case, there is a fundamental difficulty on how to best estimate the firing characteristics of the 

neuron as these depend on the duration of the intervals employed in binning the spike trains. 

As such, a statistical model formed from the original recording presents itself as a better 

alternative for calculating underlying characteristics of the recorded segments [59]. The spike 

count can be replaced by an expected spike count, obtained from a given model, from which the 

instantaneous firing rate at any time 𝑡 can be calculated for time passed as 𝛿𝑡 → 0. For a given 
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spike train with a small enough bin 𝛿𝑡, the spike count can be either 0 or 1, giving a Bernoulli 

event. Thus, the collected spike trains can be fitted employing a family of Poisson processes. 

A process with continuous instantaneous firing rate is the Poisson process. This memoryless 

process can be fully characterized by the firing rate represented by the parameter 𝜆, and would 

have 𝐶" = 1 regardless of the mean firing rate for a large enough sequence. However, by 

considering the firing distributions for the single-units in the original recordings, it can be 

observed that some of these pdfs would not be well represented by the Poisson distribution, 

which assumes i.i.d. inter-event intervals. In addition, a Poisson model does not include any 

experimental context or history information of the observed firing rate. Process that do include 

firing history are the renewal processes. Such processes depend on the instantaneous firing rate 

as well as the time since the previous spike. The ISI distribution for a renewal process follows 

the gamma distribution, where 𝜆 = 𝛼𝑟, 𝛼 is the order of the gamma distribution and 𝑟 is the 

mean firing rate. 

An inverse Gaussian process was also included here since it resembles the ISI distribution of 

LIF neurons where the driving voltage follows a random walk [57-59]. In this case, the 

distribution mean 𝜇 corresponds to the ratio of the difference between the excitatory and resting 

potentials over the difference between the limiting rates at which excitatory and inhibitory input 

arrive, while the parameter 𝜆 serves as the limiting rate for the model. For an inverse Gausssian 

process, the variation of the events in terms of 𝐶" depends on 𝜆. 

Fitting 

Figure 3.7 depicts the probability density function of the ISIs from the inspected recordings 

in addition to the maximum likelihood model fits of the exponential, gamma, and inverse 
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Gaussian for ISIs ∈ 	 (0,200] ms. The ISI counts are binned in 10 ms intervals such that there are 

no bins without a spike and to avoid errors when estimating parameters for the inverse Gaussian 

model. The ISIs histogram clearly shows the ISIs distributions with trends that follow 

exponential family distributions and some profiles for which not enough activity may be 

available, such as profiles #3, #4 from recording #1. Most of the other ISIs follow distributions 

which may come from an exponential family but at 10 ms binning present noncontiguous 

interval counts for consecutive bins. However, these intervals could have been more populated if 

the segments were inspected for an extended period, or would not be as prevalent at higher bin 

interval. 

As can be seen from Figure 3.7, the models from the exponential distribution tend to over-

predict the number short ISIs (< 50 ms) unless there is a high concentration of ISIs in this range 

(e.g. profile #2 of recording #1). The gamma distribution predicts best distributions that are 

compact, and over-predicts the number of short ISIs to a lesser degree than the exponential 

distribution in most of the cases, but its tail (corresponding to ISI ≥	100 ms) tends to be 

dissimilar to the actual ISI distribution to a greater extent than the exponential distribution. The 

inverse Gaussian distribution best fits the distribution pattern of the original recordings if there is 

an increase and rapid decay in number of ISIs recorded for short ISIs. In the cases where there is 

a high concentration of short ISIs, the tail of the inverse Gaussian distribution is closer to 

empirical distribution than the tail of the gamma distribution. The tails of the three distributions 

tend to decay at a similar rate for ISI ≥ 120 ms. 

Figure 3.7 shows than there is no unique model that can represent all the recordings. This is 

further corroborated by Figure 3.8, which shows the Kolmogorov-Smirnov (KS) plots for the 

modeled cumulative distribution functions 𝐹 𝑥  plotted against the empirical cumulative 
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distribution function 𝐹 𝑥  and the 95% confidence bounds. For the three distributions evaluated, 

tables with the estimated MLE parameters, their confidence intervals, the mean ISI and its 

standard deviation as well as the AIC and KS statistic for each single-unit in the recorded 

segments can be found in Appendix A. For each single-unit, the three maximum likelihood 

models presented the same mean ISI albeit with different standard deviations. The KS statics 

different than zero show the likelihood models which passed the 95% confidence test. The best 

fit for each single-unit in the recording segments according to their AICs is noted in Table 3.4. 

Table 3.4. Best fit for nineteen single-units extracted from visually inspected recording segments in terms of the 
Akaike information criterion (AIC) of the exponential, gamma, or inverse Gaussian MLE models. 

ML model fit Segment 1 Segment 2 Segment 3 Segment 4 Segment 5 

Unit 1 Exponential Exponential Exponential Gamma InvGaussian 

Unit 2 InvGaussian Exponential Gamma Exponential InvGaussian 

Unit 3 Exponential Gamma Gamma Exponential Gamma 

Unit 4 InvGaussian Gamma - Gamma Gamma 

 

From Figure 3.8, it can be observed that the exponential distribution best fits the profile #1 in 

the recording #1; this is corroborated by the result in Table 3.4. For the second profile in 

recording #1, even though the exponential likelihood model fits the data better for the tail of the 

distribution, it fails the KS test. For this profile, the gamma and inverse Gaussian distribution 

give a better fit at low ISIs (≤	50 ms). 

Even though according to the AICs, the best fits for profiles #3 and #4 from recording #1 are 

given by Gamma distributions, the KS plots in Figure 3.8 of these profiles show sharp turns 

across all the maximum likelihood models most likely due to the low variability of ISIs. In 

addition, the maximum likelihood models fail to reject the null hypothesis at 5% significance 



 
 

 45 

level, i.e. are outside the lines depicting the 95% confidence bounds for the degree of agreement 

between the model and the recordings. Given the high concentration (> 50 %) of ISIs within the 

ISI interval surrounding 20 ms for profiles #3 and #4 from recording #1 depicted in Figure 3.7, 

these profiles could be considered to fire quasi regularly and not with independent ISIs outside 

the window surrounding 20 ms. 

The KS plots for the three likelihood models for profiles #1 and #2 in recording #2 are also 

outside the 95% confidence bounds for all the distributions, most likely also due to the high 

concentration of ISIs around 20 ms both profiles present as illustrated in Figure 3.7. The gamma 

and inverse Gaussian models follow the tail of profiles #3 and #4 in recording #2; however, the 

gamma maximum likelihood models better fit the distributions for these profiles at low ISIs (<

50 ms) and, accordingly, the gamma models have the lowest AIC for both profiles as noted in 

Table 3.4. For profile #3 in recording #2, the gamma model does go outside the confidence 

bounds and thus the exponential distribution with second to lowest AIC presents the best fit; 

while the gamma maximum likelihood model does pass the KS test for profile #4. From 

recording #3, profile #1 can be best fitted with the exponential likelihood model but this model 

fails the KS test, and the inverse Gaussian model has the second lowest AIC for this profile. The 

second and third profiles in recording #3 can be fitted with gamma distributions. The gamma 

distribution presents the best fit for low ISIs for profile #3. 

The profile #1 and profile #4 in recording #4 are fitted best with the gamma model according 

to the AIC for model selection. In profile #4 this can be clearly noticed by how much less the 

gamma model over predicts the low ISIs than the inverse Gaussian model. However, the width of 

the 95% confidence bounds for this profile shows that the sequence is not long enough for this 

metric. The models generated from profiles #2 and #3 from recording #4 present the same shape 
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turns previously noted in the profiles #1 and #2 from recording #1 seen in Figure 3.8, and their 

pdfs present a similar concentration of ISIs surrounding 20 ms depicted in Figure 3.7, and, as 

expected, the likelihood models for profiles #2 and #3 from recording #4 fail the KS test as well. 

As can be seen from Figure 3.7, profile #1 in recording #4 has a ISI distribution that decays 

similarly to the three likelihood models, and as such, even though there are some gaps in 

between ISI distributions that follow this decaying exponential trend, all the likelihood models 

from this profile pass the KS test. The inverse Gaussian model does have the lowest AIC as 

noted in Table 3.4. For profile #2 in recording #4, most of its distribution is contained before the 

peak at 100 ms, and within this range (0,100] ms, the ISIs follow a decaying trend that be fitted 

best with the inverse Gaussian model in terms of AIC. The profile #3 in recording #4 could 

apparently be fitted with the maximum likelihood models from the three distributions; however, 

the width of the 95% confidence bounds show that the sequence is not long enough for this 

profile. The gamma model fits best the distribution for profile #4 according to their AIC, but it is 

not necessarily long enough to pass KS test. 

From the KS statistics and the AIC values for the three models evaluated, it can be observed 

that only ten models can be represented with the exponential, gamma, and inverse Gaussian 

likelihood models, the rest of the models cannot be fully represented by the likelihood models 

either because they fail the KS test or do not have enough samples to properly reject the null 

hypothesis (<70 spikes). A more inclusive format, the Generalized Linear Model (GLM) can be 

employed to allow the model to depend on variables collectively written as a matrix 𝑿 

(experimental condition, refractory effects, or in this case the spiking history). Given the 

estimated instantaneous firing rate 𝜆 from the recording segments, various models can be 
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generated with the same or a proportional value of 𝜆 by partitioning a time interval in bins δ𝑡: in 

the 𝑘𝑡ℎ	interval centered at 𝑡x, and generating an event with probability 𝑝x = 𝜆 𝑡x 𝑥lx)δ𝑡. 

The theoretical cdfs of the time rescaled intervals from models generated with GLM of 

orders 2, 5, and 70 against the cdf of 𝐸𝑥𝑝	(1) random variables are illustrated in Figure 3.8. As 

can be observed from Figure 3.8, the GLM models can fit for the most part the same datasets that 

could be fitted with the exponential, gamma, and inverse Gaussian distributions. In addition, the 

GLM KS plots present the same sharp turns in those profiles with concentrated ISI activity, i.e. 

profiles with highly regular firing activity centered at 20 ms with respect to the evaluated 10 ms 

intervals, but to a lesser extent than the models in Figure 3.8. The tables for comparison in terms 

of the AIC for the three evaluated GLMs for each recording, and their respective single-units, 

can be found in Appendix B. From these tables, the GLM with order 70 presents the lowest AIC 

with respect to the GLMs with order 2 and 5, despite the wide difference between the order 

numbers. 

The GLM with order 70 has a lower AIC than the best maximum likelihood models for only 

three profiles which models passed the KS test, profile #1 of recording #1, profile #1 of 

recording #5, and profile #4 of recording #4. For the rest of the models which passed the KS test, 

the maximum likelihood models had a lower AIC, and thus a better tradeoff between how well 

the model fits the data and the model order. Additionally, the number of parameters necessary to 

achieve the models are seventy for an order 70 GLM, and one, two, and two for the exponential, 

gamma, and inverse Gaussian distributions, respectively. In general, to improve these results, 

different bin sizes could be employed to encode the firing activity of the recorded neurons; 

however, in this case, the timing of the spikes is prioritized over their firing rates. 
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Figure 3.7. Probability density functions for up to 200 ms of the single-unit ISI distributions (columns) present in the 
five inspected recording segments (rows). The three colored curves correspond to the maximum likelihood models 
estimated from the exponential (blue), gamma (orange), and inverse Gaussian (yellow) distributions. 
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Figure 3.8. Kolmogorov-Smirnov (KS) plots to compare the theoretical or modeled cdf F(x) from the maximum 
likelihood models of the exponential (blue), gamma (orange), and inverse Gaussian (yellow) distributions vs the 
empirical cdf 𝐹(𝑥) calculated for each single-unit (columns) present in the five evaluated recordings segments 
(rows). The dotted lines represent the 95% confidence bounds for each single-unit. 
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Figure 3.9. Kolmogorov-Smirnov (KS) plots to compare the theoretical or modeled cdf F(x) of the time rescaled 
intervals from the GLMs of order 2 (blue), order 5 (orange), and order 70 (yellow) vs the empirical cdf 𝐹(𝑥) 
calculated for each single-unit (columns) present in the five evaluated recordings segments (rows). The dotted lines 
represent the 95% confidence bounds for each single-unit. 
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Even though only a fraction of the total number of profiles can be represented with the 

exponential, gamma, or inverse Gaussian maximum likelihood models, or with the generalized 

linear models, these models still present a wide variety of firing and ISI distributions. To build 

from these recordings, new models were generated from the three previously studied 

distributions to create a rich repertoire of possible neuronal profiles encompassing several 

characteristics. The generated models were compared in terms of the firing and ISI 

characteristics. 

Modeling 

Using the semi-synthetic dataset strategy identified previously, one hundred multi-unit semi-

synthetic models lasting 60 s were generated by adding from 2 up to 4 single-unit models. Each 

single-unit model was generated from the three different random processes previously studied, 

evaluated at a wide range of parameters. These models can be considered semi-synthetic as the 

varying waveform templates for single-unit were obtained from the original recordings and were 

included by matching each model with the recorded neuron which closest resembled its inter-

spike variability and firing rate activity. The processes employed to generate the models were 

selected due to the variability they provided with respect to the FR and/or ISI. Figure 3.10A 

illustrates the probability density function of the ISIs for these three distributions. Figure 3.10B 

and Figure 3.10C depict the 𝐶" and 𝐿" coefficients for each distribution respectively. Figure 3.11 

shows the overall distributions for the (A) coefficient of variation and (B) local variation 

coefficient for the three hundred single-unit generated models. 
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Figure 3.10. Probability of inter-spike intervals and histograms of the coefficient of variation 𝐶" and local variation 
coefficient 𝐿" corresponding to one-hundred models. The models were generated from (A) exponential, (B) gamma, 
and (C) inverse Gaussian random processes with parameters 𝜆 ∈ 	 (0,0.2]; 	𝛼 ∈ 	 (0,9], 𝜆 ∈ (0,1𝑒 − 2]; 	𝜇 ∈
	(0,0.2], 𝜆 ∈ 	 (0,0.3], respectively. 
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A  B  
Figure 3.11. Histogram of the (A) coefficient of variation 𝐶" and (B) local variation coefficient 𝐿" for the single-unit 
models generated from the exponential, gamma, inverse Gaussian distributions. For the three hundred models, the 
mean 𝐶" was 0.81 with variance 0.19, while the mean 𝐿" was 0.64 with variance 0.1377. The one-hundred models 
generated for exponential, gamma, and inverse Gaussian distributions had 𝐶" and 𝐿" with 𝑚𝑒𝑎𝑛 ± 𝑠𝑡𝑑: (1 ±
0.01), (0.57 ± 	0.3), (0.86 ± 	0.6) and (1 ± 	0.01), (0.44 ± 	0.37), (0.5 ± 	0.29) respectively. 

The original recordings presented single-units with 𝐶" ∈ 	 [0.33, 1.54] with mean and 

standard deviation 0.86 ± 0.26 and 𝐿" ∈ 	 [0.24, 1.6] with mean and variance 0.74 ± 0.34. Most 

of the single-units in the original recording presented a 𝐶" < 1 but greater than zero, meaning 

that they are not many rapidly firing neurons but that these do not fire regularly either. 

Meanwhile, the distribution of 𝐿" corroborated that the profiles evaluated have a small stepwise 

ISI variability. From the original recordings, there were only three profiles with 𝐶" > 1, meaning 

that these may present ISI distributions that diverge as they approach to zero. 

In the models, the exponential process was included as a baseline model not for its ISI 

variability, where 𝐶" ∈ 	 [0.9,1.1] and 𝐿" ∈ 	 [0.95, 1.1], but because these models can include a 

wide range of 𝐹𝑅 ∈ 10,70  spikes per second determined by a single parameter 𝜆, as described 

previously. The models generated from gamma and inverse Gaussian processes presented a rich 

repertoire of both FRs and ISIs. The variability of ISIs in the multi-unit models in terms of 𝐿" ∈

	[0.15, 2.1] and 𝐶" ∈ 	 [0.34, 2] for the gamma process, and 𝐿" ∈ 	 [0.1, 1.31] and 𝐶" ∈ 	 [0.24, 3] 
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for the inverse Gaussian process, resembled that of cortical recordings not only from the areas 

under evaluation but also from recordings in other cortical regions [49, 51, 52]. The multi-unit 

models generated by randomly selecting models thus presented profiles with wide-ranging 

variability with respect to the three parameters considered: FR, ISI and number of units. 

The simple noise model, comprised of background firing units at a specified probability of 

firing and additive noise, added to the spiking model was equivalent to more complex models for 

generating neuronal noise [46], and to real extracellular segments containing only noise [12], 

which can be seen by the non-Gaussian and rather pink nature of its autocorrelation spectrum. 

The waveform variability introduced by changes in ISI in a single-unit from the model according 

to the waveform of a single-unit with similar firing rate and inter-spike interval characteristics 

also presented a more realistic representation of the firing lifetime of a neuron. This variability is 

important since its range can affect the performance of a simple detection threshold, which may 

work with the original waveform but may not work for its variations. In this case since the all the 

distributions employed to generate the models belonged to the family of exponential 

distributions, and only the exponential function as in [35] was employed to add waveform 

variability. In an ideal spike detection method, the waveform variability would not affect the 

performance provided that an upper bound instead of an exact threshold can be defined for both 

peak-to-peak and pulse-lifetime-period set by the initialization parameters. Given the included 

parameters, the developed model presented a rich variability of spike waveforms and firing 

characteristics that could be employed to test a spike detection algorithm. 
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Spike Detection 

 Detection Algorithm 

An algorithm based on Precision Timing Spike Detection – PT [65] has been developed to be 

adaptable to the in vivo recordings common features, such as waveform and firing rate 

variability, in addition to non-Gaussian noise and possible small artifacts i.e. chewing artifacts. 

Figure 4.1 and Table 4.1 show a detailed comparison between the original method and the 

adapted algorithm. 

PT employs three parameters based on biophysical characteristics of spike waveforms to 

identify candidate profiles on in vitro recordings. These parameters include a differential 

threshold (DT), a pulse lifetime period (PLP), and a refractory period (RP). The threshold is set 

as a multiple of the standard deviation of a segment (with no spikes or bursts) selected by the 

user. In this process, a peak if defined when |𝑥_| > |𝑥_jf|	and	|𝑥_| ≥ |𝑥_mf| (the second 

inequality nonstrict to accommodate for digitization errors), where 𝒙	is a sequence of voltage 

measurements and 𝑚	is a positive integer representing a recorded sample. The PLP is defined as 

a recorded segment or window starting at index 𝑚 and ending at index 𝑚 + 𝑃𝐿𝑃. During the 

PLP or recorded window, the maximum peak of opposite polarity is stored for comparison. If 

these two peaks, the originally detected peak |𝑥_| and the maximum peak with opposite polarity, 

have an amplitude difference greater or equal to DT, then these peaks are said to correspond to a 

spike and the algorithm jumps for a RP to begin the search of a new spike. 

The adapted method adPT, requires two parameters: 
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• Unipolar threshold (th): The threshold is considered unipolar instead of peak-to-peak 

differential since is calculated from the signal during a training period and is compared with 

each peak separately. In this case, it has been set as a multiple Ɵ of the median of the 

recordings, since this quantity is less sensitive to noise than the signal mean [53], and is 

calculated as, 

 𝑡ℎ = Ɵ ∙
median abs(𝑥)

0.6475
 (4.1) 

• Maximum peak width (mPW): The maximum peak width is analogous to the maximum 

possible duration of inflection in the formation of an action potential and thus restricts the 

number of inflections that can be after a possible spike peak for up to a multiple. This 

parameter is introduced to account for highly noisy recordings that may present multiple 

inflections (changes in polarity) in a small period of time, such as ripples. 

The algorithm computes the Local Maximum/Minimum (LMM) of the raw signal. Given a 

positive or negative peak, the LMM with maximum amplitude and opposite polarity within a 

maximum peak width (mPW) window is determined. At this point mPW scans for up to a 

multiple (e.g. three times the mPW) to find the largest point with opposite polarity. If either of 

the two found LMM overcomes the unipolar threshold (th) with respect to any point within the 

window, the spike is identified. For a case when the second maximum sample width is not a 

peak, the search for a second peak continues for another mPW window and a further time 

interval named overshoot is used to find correct peak value. Once a pair is found the timestamp 

is stored, the algorithm jumps past either mPW or the peak found during peak lifetime period 

(PLP) to avoid duplicates, and finally the algorithm jumps out for a refractory period (Rp) to 

begin the search of a new spike. 
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Figure 4.1. Schematic representation of the main features of the proposed detection algorithm adPT. A. Given a 
Local Maximum/Minimum (1o LMM, either negative or positive) the algorithm determines a second sample (2o 
LMM) with opposite polarity within a maximum peak width (mPW). The first and the second LMM may constitute a 
spike if either sample exceeds the unipolar threshold. B. The algorithm scans for up to a multiple of mPW to find the 
largest point with opposite polarity. If the two previously selected adjacent peaks constitute a spike, the algorithm 
jumps past either mPW or peak found during peak lifetime period (PLP) to avoid duplicates and finally jumps out 
for a refractory period (Rp). 

Table 4.1. Comparison between parameters and steps in spike detection algorithm. 

Parameters Precision Timing (PT) Adapted-Precision Timing (adPT) 

Assigned 
Pulse Lifetime Period (PLP), 
Refractory Period (RP), Differential 
threshold (DT). 

maximum Peak Width (mPW), unipolar 
threshold (UT) 

Independent Overshoot (O) Refractory Period, overshoot (O) 

Window 
Given peak, scan PLP and find largest 
peak with opposite polarity 

For a multiple of mPW, scan mPW to find 
largest point with opposite polarity 

Threshold 
difference between two points 
depending on standard deviation 

difference between current signal and set 
unipolar threshold according to noise level  

Window-scan 
Signal re-scan to find highest 
amplitude with original polarity 

Scan for potential difference ≥ UT until 
inflection loop for up to multiple of mPW 

Refractory 
Period 

Given spike, window to skip before 
new peak search 

Given spike, jump past either maxPW or peak 
found during PLP to avoid duplicates 

Overshoot 
Fixed window to accommodate if peak 
is found at window end 
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 Common Spike Detection Methods 

The proposed algorithm was tested against commonly used spike detection methods. In 

particular, the following algorithms were selected, given their routinely use and their ease of 

implementation. 

1. Precision Timing Spike Detection (PT): 

PT employs a differential threshold, pulse lifetime period, and refractory period to detect 

spikes. It searches for a peak within the set PLP after a peak of opposite polarity is found. 

Provided that these two exceed a differential threshold, the timestamp is stored as a spike and 

the algorithm begins the search for a new spike after a refractory period [65]. 

2. Tucker Davis Technologies (TDT) algorithm: 

TDT performs spike detection with a threshold multiple of the root mean squared (RMS) of 

the signal updated for segments usually lasting more than 5 ms windows. A fixed window 

can be included after a spike is detected to avoid duplicates. The user sets these two/three 

parameters. 

3. Multiresolution Teager Energy Operator (MTEO)  

MTEO-3 with constants k = [1, 3, 5]. This method can be defined as,  

 Ψx 𝑥 𝑛 = 𝑥` 𝑛 − 𝑥 𝑛 − 𝑘 𝑥 𝑛 + 𝑘  (4.2) 

where 𝑘 denotes the resolution parameter. It can be shown that this parameter is related to the 

frequency of the spikes and its optimal value depends on their width [53, 68]. The values for 

k were selected as these were presented as reasonable values in [69]. 
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 Performance Indicators 

The detection algorithms were compared following common estimation theory metrics [70]. 

Given the point process nature of spike trains, each spike detection method was evaluated by 

comparing a 1 ms window centered on the reference spike timestamps for a given model (most 

negative peak of every window) instead of by a point-to-point basis. For the algorithms that did 

not present a refractory period, a fixed window of 1 ms was evaluated after each detected spike 

during which the additional detected spikes were rejected to ensure that there was no more than 

one spike per window. Two variables were calculated to establish the elements of the confusion 

matrix as described in [71]: the number of spikes on the reference train (P), and the number of 

spikes detected by the algorithm (NDS). The true positives (TP) were the spikes on the reference 

train and detected by the algorithm within the stablished 1 ms window. The false positives were 

defined as the difference between the NDS and the TP. The false negatives (𝐹𝑁) were defined as 

all the spikes not detected by the algorithm, equivalent to the difference between the reference 

train spikes and the TP, 

 𝐹𝑃 = 𝑁𝐷𝑆 − 𝑇𝑃, 𝐹𝑁 = 𝑃 − 𝑇𝑃 (4.3) 

The number of negatives 𝑁 was calculated as the difference between the length of the 

recording segment and the total positives 𝑃, the sum of TP and FN, with respect to the reference 

window lasting 1ms. The true negatives TN were set as the difference between the number of 

negatives and the false positives. 

 𝑃 = 𝑇𝑃 + 𝐹𝑁, 𝑁 =
𝑙𝑒𝑛𝑔𝑡ℎ 𝑑𝑎𝑡𝑎 − 𝑃 ∗ 𝑤𝐿𝑒𝑛

𝑤𝐿𝑒𝑛
 (4.4) 
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The receiver operating characteristics (ROC) curve [70] was calculated to compare the 

performance of each algorithm under different thresholds. For each detection algorithm, a range 

of thresholds was evaluated to cover most of the ROC curve, ranging from at least 30% FP to at 

most 70% FP performance, or to make sure to include the FP, TP coordinates that formed the 

knee of the ROC curve. The extreme cases of the ROC curve being the cases in which there is a 

spike detected in almost every window, and thus the false positive and true positive rates are 

(1,1), and the opposite scenario in which no spikes are found in the signal, that is there are no 

false positives but we also fail to detect any true positives (0,0). The generated models were 

evaluated under three representative SNRs to mimic real experimental conditions. 

The false positive and true positive rates were calculated as the ratios of the FP and TP over 

the number of negative and positive conditions, respectively. Additionally, the area under the 

curve (AUC), a commonly used performance metric to compare the overall robustness of each 

algorithm when tested under extreme conditions, was calculated. An ideal method would have a 

high AUC across all conditions. 

 Results and Discussion 

Accurate identification of spikes in a noisy environment remains critical for answering both 

fundamental questions related to neural activity as well as applied functions as implemented in 

brain machine interfaces (BMIs). The statistical characteristics of spike trains have not yet been 

fully decoded and the variability introduced in external stimulation experiments call for a semi-

parametrized spike detection algorithm. In addition, as recording channels increase, it becomes 

increasingly difficult to utilize even semi-automated spike detection and classification systems. 



 
 

 61 

Even though BMI field experts have begun to build hybrid “long term” decoders including 

spikes and local field potentials (LFPs) [72] due the steeper decay of recording quality in the 

action potential frequency band (500-3kHz) when compared to the LFP band (0-150 Hz), 

experiments based on real time spike detection, such as spike-triggered studies to study closed 

loop feedback of neuronal activity [73] [74] continue to necessitate accurate and reliable spike 

detection alternatives. 

The four detection algorithms under consideration Precision Timing Spike Detection (PT), 

Tucker Davis Technologies (TDT), Multiresolution Teager Energy Operator (MTEO-3), and the 

adapted Precision Timing (adPT) were evaluated in thirty multi-unit models randomly selected 

from the one-hundred models generated as described in Figure 3.2. The population and median 

ROC curves for the algorithms evaluated with the extracellular models at three different SNR 

levels ∈ 	 {0.7,1.0,1.3} are depicted in Figure 4.2. The ROC curves illustrate the higher 

performance of the adapted algorithm for all the tested models under all conditions including: 

different thresholds, firing rate variability, and noise variability. For the two lowest SNR levels, 

the proposed method performs better for all experiments across different performance levels, or 

tradeoffs, in terms of both TP and FP rates. For the highest SNR evaluated, there are some 

experiments for which other methods demonstrate good performance for a larger range after the 

ROC curve knees; however, the knees of the ROC curves show that the proposed method does 

indeed have the best performance. The ROC curves show a concentration of outcomes close to 

the ideal extreme (0,1) in which there are no false positives and all (100%) of the spikes have 

been detected for all conditions, that is regardless of firing variability, SNR, or waveform 

variations. This is better illustrated by the median ROC curves, where for all SNR levels, the 

proposed method has a better tradeoff between TP and FPs. Furthermore, the ROC curves show 
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that the algorithm is more robust, parameterized by the highest AUC throughout all testing 

environments. The AUC for the median ROC plots for each detection algorithm evaluated for 

thirty models at the different SNRs are summarized in Table 4.2.  
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Figure 4.2. Receiver Operating Characteristics (ROC) curve for thirty models evaluated at (A) SNR=0.7, (B) 
SNR=1.0, (C) SNR=1.3. The left plots show a superimposition of the ROC plots, the right plots depict the median 
ROC plots for each respective SNR level. The four spike detection algorithms taken into consideration are Precision 
Timing Spike Detection – PT (blue), Tucker Davis Technologies – TDT (orange), Multiresolution Teager Energy 
Operator – MTEO-3(yellow), and adapted Precision Timing (purple). 

Table 4.2. Median AUC for different detected algorithms evaluated at SNR = 0.7, 1.0, 1.3. 

median AUC SNR = 0.7 SNR = 1.0 SNR = 1.3 

PT 0.7748 0.8942 0.9419 

TDT 0.7702 0.8819 0.9449 

MTEO-3 0.6489 0.7940 0.8966 

adPT 0.9156 0.9373 0.9497 

C   
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

FPrate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

TP
ra
te

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FPrate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

TP
ra
te

PT
TDT
MTEO-3
a-PT



 
 

 64 

MEA Recording Evaluation 

The process to identify possible problematic MEA channels and select reference(s) or trigger 

neuron(s) from a neurophysiological experiment focused in the collection of spikes in the 300-3k 

Hz frequency band is depicted in Figure 5.1. 

 

Figure 5.1. Process to identify viable channels from a MEA and possible reference unit(s) in an electrophysiological 
experiment. The extracellular recording channels are evaluated in terms of cross channels correlations to flag 
channels with outlying activity. The non-flagged channels are processed to identify the activity of single-units 
through online spike detection and sorting algorithms. The true single-units are evaluated in terms of firing and 
timing characteristics, and considering noise measurements present in the recordings, to identify possible intrinsic 
similarities which can be employed to determine reference units. 

 Channel Verification 

Recording integrity analysis can be evaluated through covariance measurements for MEAs. 

Given a multi electrode array recording 𝑿~r� containing a short segment (e.g. five-second-long 

signal) from each contact point, contact functionality can be assessed in terms of the spatial and 

temporal correlation. Previously, the covariance matrix 𝚺𝐗 for some recording 𝑿~r� was defined 

in the section Formalism and Theory considering the information in each row as an independent 

observation of independent variables stored column-wise. For that definition, the independent 

variables consisted of the data points recorded across different channels during the same time. 

This 𝑡𝑖𝑚𝑒	𝑥	𝑠𝑝𝑎𝑐𝑒 definition for the covariance matrix was ideal for a recording segment 
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including spike waveforms from adjacent channels, where the variability across different times 

represented the variability of each point in the waveform with respect to the same point in the 

mean waveform, ideally the spike template. In this case however, the covariance is calculated in 

the 𝑠𝑝𝑎𝑐𝑒	𝑥	𝑡𝑖𝑚𝑒 domain considering 𝑿~r� where 𝐿 represents the number of observations for 

independent space variables represented by 𝑁. This definition can be employed to emphasize the 

variability in the recordings across all channels with respect to the average of recordings in all 

channels, for a given segment instead of with respect to a timestamp. Thus, the 𝑠𝑝𝑎𝑐𝑒	𝑥	𝑡𝑖𝑚𝑒 

matrix 𝑐𝑜𝑣 𝑿~r�  can be calculated as, 

 𝑐𝑜𝑣 𝑿~r� 	=
1

𝐿 − 1
𝒙cr~ s𝒙cr~

�

cef

 (5.1) 

For the current matrix, DC offsets inherent to the amplification process can be removed by 

subtracting the mean vector 𝒙 calculated for every channel in 𝑿~r� and the normalization 

process can be performed with respect to the standard deviation across channels. Thus, given a 

recording 𝑿~r�, 

 𝜇r =
1
𝐿
	𝑿~r�𝟏 (5.2) 

 𝜎r` =
1

𝐿 − 1
𝑑𝑖𝑎𝑔 𝑋 − 𝑑𝑖𝑎𝑔 𝜇r 𝟏𝟏s 𝑋 − 𝑑𝑖𝑎𝑔 𝜇r 𝟏𝟏s s  

(5.3) 

 
𝑹 𝑿éêë =

1
𝐿 − 1

𝑋 − 𝑑𝑖𝑎𝑔 𝜇r 𝟏𝟏s 𝑋 − 𝑑𝑖𝑎𝑔 𝜇r 𝟏𝟏s s

𝜎r𝜎rs
 

(5.4) 

The normalized correlation matrix for a given experiment is despicted in Figure 5.2. 
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A  B  

Figure 5.2. Channel pair-wise correlations of extracellular recordings acquired with a four-shank, 16-contact 
microelectrode array with intra-shank contact distances of 100 µm and cross-shank distances of 125 µm. A. 
Heatmap of normalized correlation matrix (𝑠𝑝𝑎𝑐𝑒	𝑥	𝑡𝑖𝑚𝑒) for a five second recording. B. Heatmap of normalized 
diagonalized correlation matrix (𝑠𝑝𝑎𝑐𝑒	𝑥	𝑡𝑖𝑚𝑒) for the same five second recording. 

The correlation across all channels can be evaluated in terms of the individual values stored in 

𝑹 𝑿éêë  when sorted according to the distance between channel pairs. All the experiments under 

consideration were recorded with the same sixteen-channel electrode array configuration (In 

Vivo Neurophysiology) with intra-shank contact distances of 100 µm and cross-shank distances 

of 125 µm. The unique contact points being ∈ 0, 100, 125, 160, 235, 270, 325, 388, 420, 510  

𝜇𝑚. For a given electrode array with 𝑁 channels, the Euclidean distance between two channels 

𝑚, 𝑛 can be calculated as, 

 𝐷(𝑚, 𝑛) = 𝑚f − 𝑛f ` + 𝑚` − 𝑛` ` (5.5) 

The normalized pair-wise values in 𝑹 𝑿éêë  are illustrated Figure 5.3 with respect to the 

distance between each channel pair [19]. From Figure 5.3, it can be noted that these covariance 

values follow a pattern that decays with respect to distance. From here, channels with correlation 

values that do not follow this trend can be flagged for careful consideration. 

5 10 15

2

4

6

8

10

12

14

16
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

5 10 15

2

4

6

8

10

12

14

16
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

5 10 15

2

4

6

8

10

12

14

16
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

5 10 15

2

4

6

8

10

12

14

16
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1



 
 

 67 

A  B  

Figure 5.3. Channel verification in term of cross-correlation and channel separation for a given experiment with a 
sixteen channel MEA. (A) Channel pair-wise correlations with respect to fixed channel separation 𝜇m. The 
estimated correlation at every fixed separation distance is represented by the red line. (B) Outliers in the group 
correlation can be noted in terms of standardized rms deviations standardized deviation for each channel (black 
stars) and their individual median absolute deviations (vertical and horizontal red dashed lines, respectively). 

Several methods can be employed to calculate the fitting vector that best describes the pair-

wise correlation relations sorted with respect to the channel distance as illustrated in Figure 5.3. 

The vector 𝒄" can be generated by extending the normalized correlation values sorted with 

respect to the pair-wise distances 𝑛 −𝑚 as depicted in Figure 5.3. Given the ill-posed nature of 

the problem, i.e. the absence or multiple options for a vector(s) 𝒙 for which 𝑨𝒙 = 𝒄", the 

estimate of 𝒄" can be calculated employing Tikhonov regularization as, 

 𝒄" = 𝑨s𝑨 + 𝛼𝑰 jf𝑨𝑻 ∗ 𝒄" (5.6) 

where 𝐀 = 𝟏	𝐚𝟏	𝐚𝟐 …	𝐚𝟏𝟎  is generated by concatenating columns vectors consisting of the 

values in the covariance matrix, 𝐚 = 1:N` 	õ, 𝟏 is a column vector of ones with the same 

dimension as 𝐚, and α = 1e − 6	is a constant multiplied to the identity matrix for L` 

regularization. The fitted curve is the red line shown in Figure 5.3. The set dimension of A and 

the value of α were found to be appropriate for all experiments. 
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The channels pairs with outlying covariance measurements can be visually identified as 

depicted in Figure 5.3. Automatically, these channels can be flagged by comparing the matrix 

values 𝑐 with respect to the estimated, fitted model results 𝒄", through outlier identification in 

terms of the average deviation and root mean squared (rms) deviation [19]. The average 

deviation of the correlation for a given channel pair 𝑐 𝑛,𝑚  can be estimated as, 

 𝑒d =
1
𝑁

𝑐 𝑛,𝑚 − 𝒄"

~

_	e	f
_	ø	d

 
(5.7) 

In addition, the root mean squared value of the deviation can be calculated as, 

 𝑑d = 	
1
𝑁

𝑐 𝑛,𝑚 − 𝒄" f/`
~

_	e	f
_	ø	d

 
(5.8) 

Given these parameters, the standardized z-scores can be evaluated to determine the 

appropriate threshold for outlier identification. The z-scores are calculated for each value by 

subtracting the mean and dividing by the standard deviation, to obtain 𝑒ù and 𝑑ù. The 

distributions of standard scores of the average deviation and root mean squared deviation for 

twenty-three experiments are illustrated in Figure 5.4. Given these distributions, values for the 

standardized scores of the average deviation ∈ 	 [−2.5, 2], while values for the standardized 

scores of the rms deviation ∈ 	 [−2.5,2.5]. 
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A  B  

Figure 5.4. Distributions of metrics to determine outliers in channel pair-wise correlations. A. Distribution of 
standardized residuals. B. Distribution of standard score of root mean squared of deviation. 

For a given set of parameters the median absolute deviation (MAD) is a measure of 

dispersion that calculates the deviation of a sample with respect to the median value in the set. 

This metric can be employed to estimate the degree of deviation across different channels to flag 

outliers. The median absolute deviation can be calculated as, 

 𝑀𝐴𝐷 = 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥 − 𝑚𝑒𝑑𝑖𝑎𝑛 𝑥  (5.9) 

Depending on the value of MAD, the estimate of the standard deviation unit 𝜎	for the parameters 

under consideration can be calculated as, 

 𝜎 = 𝑘 ∙ 𝑀𝐴𝐷 (5.10) 

where 𝑘 is a constant scale factor that depends on the distribution of 𝑥	[75]. In this case, the 

standardized deviations and rms deviation come from channel pairs which have been sorted with 

respect to their fixed distances. Considering the distribution of the standardized values from 

Figure 5.4 these can be approximated as coming from a normal distribution. For a normal 

distribution, the scaling factor can be set as 𝑘 = 1.4826 [75]. 
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Given these results, channels with extraneous activity can be flagged by comparing the 

average and root mean squared deviation with respect to the standard unit deviation 𝜎 with a 

given threshold, 

 𝐶ℎvú�û = 𝑑ù > 2𝜎ü	|	𝑒ù > 2𝜎« (5.11) 

The channels with extraneous recordings can be identified from the previous process as 

illustrated in Figure 5.3. 

 Online Processing 

Once channels with outlying cross-correlation and thus possibly spurious activity have been 

flagged, the next step to find reliable recordings is to evaluate the neuronal activity in the 

recordings using online techniques following the steps in Figure 2.2. In this section, commonly 

employed techniques for online processing of single-units are described. 

For a given recording, the first step is to preprocess the collected recording to identify multi-

unit and single-unit activity. For a short recording segment under evaluation, any method can be 

employed to detect spikes and results can be corroborated through visual inspection under low 

SNR conditions. In a low noise environment, rapid spike detection can be performed using a 

simple thresholding algorithm, in a medium to high noise environment or in the presence of 

artifacts, thresholding can result in several false positives which would need to be taken into 

consideration before proceeding. For thresholding, given the recording segment 𝑿~r�, the spike 

timestamps can be calculated by applying a threshold 𝜃�Ñcx« = 3.5 to the recording scaled by the 

standard deviation of the estimated apparent noise. The apparent noise is a vector formed of row-

wise concatenated noise epochs, parts of the signal where the recording cannot not exceed a 
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certain threshold, i.e. typically 𝜃dÔc�« = 2.5. The standard deviation estimate for the noise epochs 

can be calculated using maximum absolute deviation for 200 ms segments in every channel. For 

the experiments under consideration, spike detection was performed with PT online spike 

detection method as described in Common Spike Detection Methods. 

Once the timestamps for every not-flagged channel (from step 1) are identified, the 

waveform templates lasting 𝑇v can be extracted from 𝑿~r� to sort these waveforms according to 

their shapes for each individual channel. First, the waveforms need to be aligned, typically with 

respect to their most negative peak. Possible segments containing outliers (i.e. not spike 

waveforms) can be removed by comparing deviations between these waveforms according to 

their peak-to-peak voltage difference and overall shape. Given the non-square nature of the 

extracted waveforms stored in 𝑽 ∈ ℝ~�ýrst, singular value decomposition (SVD) can be 

employed to identify the most important singular values which represent the information in 𝑽. 

The segments can be centered across the second mode as, 

 𝑽Õ«dl«þ«ü = 𝑽 − 𝒏𝟏s (5.12) 

where the average vector 𝒏 contained the means of the different samples and 𝟏 was a vector of 

ones [76]. The matrix containing the spike waveforms in a single channel can be factorized as, 

 𝑼�𝑺𝑼#$ = 𝑽Õ«dl«þ«ü (5.13) 

where 𝑺~�ýrst is a diagonal matrix containing non-negative singular values of 𝑽 and 𝑼𝑳~�ýr	~�ý 

and 𝑼𝑹strst are unitary matrices containing the left- and right-singular vectors. 
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Given the diagonal values of 𝑺, the number of singular values containing most of the information 

in 𝑽𝒌	can be identified as those that exceed a threshold of 95% when added in order and 

cumulatively, and are normalized with respect their sum as, 

 95 = 100
𝜆f + ⋯𝜆�

𝜆cc
 (5.14) 

From this, the reconstruction of the data from the first 𝑠 singular values can be calculated as, 

 𝑼��𝑺�𝑼#�$ = 𝑽� (5.15) 

where 𝑼�� and 𝑼#�	contain the first 𝑠 columns of 𝑼� and 𝑼# respectively and 𝑺� is the 𝑠	𝑥	𝑠 

upper left part of 𝑺. The matrix formed by the product 𝑼��𝑺� contains the first 𝑠 singular values 

and 𝑽� has the same dimensions but a lower rank than the original matrix 𝑽. 

The multi-unit recording can be sorted for online processing with k-means clustering in 

which for a given lower dimensional matrix 𝑽𝒔 ∈ ℝ~�ýrst, each waveform can be classified into 

𝑘 = 3 − 5 groups, as illustrated in Figure 2.2.The constant 𝑘 is set to at most 5 given that this is 

the maximum number of profiles that have been found in a single contact point with the 

employed MEA (In Vivo Neurophysiology). 

To evaluate the clustering output from k-means, the outputs can be further evaluated using 

Fisher’s linear discriminant analysis (LDA) [45]. In this case, every cluster pair can be projected 

onto the linear discriminant of such pair. The histograms of these projections can give a pertinent 

estimate of the similarity between the pair of clusters as each cluster is dependent on the 

waveform shape. For a given pair of clusters (𝑛,𝑚), with means 𝜇d and 𝜇_ and covariance 

matrices Σd and Σ_ respectively, the maximum separation between the classes (linear 

discriminant) 𝐻d_ occurs when, 
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 𝐻d_ = Σd + Σ_ jf(𝜇_ − 𝜇d) (5.16) 

The histogram of the projection of the template over the linear discriminate given by 𝐻𝑣 can 

be employed to determine the degree of overlap between a cluster pair. In the case where there is 

a minimum degree of overlap the clusters will highly likely correspond to the same group. A pair 

of clusters can be grouped in the case that for either cluster in the pair more than 5% of the total 

number of spikes present overlapping projections. 

 Activity Evaluation 

Given single-units for each channel recorded, intrinsic similarities between the activity in the 

channels can be calculated in terms of the coefficient of variation 𝐶" and local variation 

coefficient 𝐿" of their individual spiking activities. Given the timestamps of an individual unit, a 

continuous intensity function can be generated by binning these timestamps, from which the 

instantaneous firing rate 𝑟 𝑡 	of single-unit can be calculated by convolving a spike train, i.e. a 

sequence of zeros and ones, with a smooth window (kernel) 𝜔 as, 

 𝑟 𝑡 = 𝛿𝑡𝜔 𝜏 𝜌 𝑡 − 𝜏
(

j(
= 𝛿𝑡𝜔 𝑡 − 𝜏 𝜌 𝜏

(

j(
 (5.17) 

In this case, the employed kernel 𝜔 is a Gaussian function lasting 1-ms with standard deviation 

𝜎) = 0.5 which controls the window size (smoothing), 

 𝜔(𝜏) =
1
2𝜋𝜎)

exp −
𝜏`

2𝜎)`
 (5.18) 
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To compare single-unit firing profiles with respect to the total population firing activity, the 

smoothed firing rates can be converted to z-scores for which the firing rate of a single-unit 𝑟 𝑡  

is compared with respect to the mean population firing rate 𝐹𝑅_ and its standard deviation 𝐹𝑅�ü, 

 𝑧 − 𝑠𝑐𝑜𝑟𝑒 =
𝐹𝑅c − 𝐹𝑅_

𝐹𝑅�ü
 (5.19) 

Given the instantaneous firing rate, the coefficient of variation and variation coefficient can 

be calculated as specified in the section Formalism and Theory. To identify spike with firing 

activity that varies outside the population range, their 𝑀𝐴𝐷 estimates can be employed to for 

each metric, and outliers can be found assuming the standardized coefficient of variation and 

variation coefficient correspond to normal distribution. 

 Noise Measurements (SNR) 

The signal to noise ratio in extracellular recordings can be expressed in terms of the 

waveform and noise amplitude or signal and noise power as, 

 𝑆𝑁𝑅 𝑑𝐵 = 10 logf¸
𝑃�cûd�ú
𝑃dÔc�«

= 20 logf¸
𝑉�cûd�ú
𝑉dÔc�«

 (5.20) 

Given the point process nature of extracellular neural recordings, several SNR definitions for 

recorded spike trains have been reported in literature. These definitions involve the maximum 

amplitude, maximum difference in amplitude, maximum absolute value of the amplitude, signal 

energy, and Mahalanobis distance, among others [34, 77]. In this case, several SNR definitions 

can be evaluated by generating a row-wise concatenation of 𝑁� spike waveforms from a single-

unit recording for N channels denoted by 𝒘 = 𝑤f	𝑤` 	…𝑤~� 	s with template (average 
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waveform) 𝑤. The SNR can be calculated in terms of the maximum of the absolute value 

amplitude of all waveforms over the noise amplitude variance 𝜎dÔc�«` [69], 

 𝑆𝑁𝑅+ =
𝒘 _�r

`	
𝜎dÔc�«`  (5.21) 

In terms of the signal energy compared to the noise variance as [77], 

 𝑆𝑁𝑅« =
𝒘𝟐

𝑁 ∙ 𝑇v ∙ 𝜎dÔc�«`  (5.22) 

In terms of the Mahalanobis distance as [78], 

 𝑆𝑁𝑅_ =
𝑤	ΣdÔc�«jf 	𝑤
𝑁 ∙ 𝑇v

 (5.23) 

For the simple case of a noise in a single-unit, these definitions produce similar results. The 

𝑆𝑁𝑅_ ∈ 	 [0.6, 1.4] is equivalent to [2.71, 6.32] average of 𝑆𝑁𝑅Ñ and [1.06, 2.48]	average 𝑆𝑁𝑅Ñ 

[73, 78]. Thus, any of these three definitions could be employed to find the single-units with 

medium to high SNR with respect to the recording and separate these units from possible 

background units which firing activity might not be recorded completely. 

 Results and Discussion 

In electrophysiology experiments employing MEAs, there is a basic need to determine 

reliability of the recording channels. There are several instances that could cause failure in a 

channel in a MEA. Most of the work involving characterization of failure modes in electrode 

arrays has focused on the impedance measurements of the contact points in the MEAs [17, 79]. 

Given the known electrode geometry, the quality of the recordings across multiple sites can 

be evaluated considering the correlations across different recordings from electrodes in terms of 
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distance. To evaluate the variability of calculating the channel pair-wise correlations from 

different recording lengths during an experiment, these were calculated under four different 

conditions: during 5 continuous seconds, 10 continuous seconds, 25 continuous seconds, and 25 

seconds sampled randomly from 5 min long recordings. Figure 5.5 depicts the estimation of the 

fallout of cross-correlations in terms of electrode distance for the four cases under consideration. 

As can be noticed from this figure there appears to be little difference among the different decays 

for the experiments under evaluation across the different cases. A visual representation of the 

population of channel pair-wise correlations for the four cases considered is depicted side by side 

in Figure 5.6. As can be seen from this figure, there is a minimum difference among the 

population of channel pair-wise correlations including the 25th to 75th percentiles. The outliers 

were excluded for clarity but presented a similar comparison level. Given that the centers or 

notches in the boxplots overlap for most experiments (82% of the evaluated cases), it can be 

concluded with 95% confidence that the different medians for these four cases do not differ for 

the most part. From Figure 5.5 it can also be noted that for all the experiments there are three 

regions where the estimated pair-wise correlations median may be grouped. For most 

experiments, after the cross-correlation at distance 0	𝜇𝑚 there is an expected fallout between 

100 − 150	𝜇𝑚, after which, the estimated pair-wise correlations seem to maintain a relatively 

similar level of channel cross-correlations. The estimated correlations do not appear to be greatly 

disturbed despite the presence of outliers for some channel for a few experiments (not depicted), 

since most of the population follows this trend. 

It would be expected that these differences in cross-correlations are related to the noise level 

present in the recording. To compare these two quantities, the standard deviations of the noise 

present in segments of the extracellular recordings across all experiments were calculated. For 
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online processing, spike detection and sorting techniques were employed including: median 

thresholding, SVD, k-means clustering, and corroborated with Fisher’s linear discriminant 

analysis, as described in Online Processing. The segments which did not contain action 

potentials or high amplitude artifacts (i.e., chewing or stimulation artifacts exceeding 200 𝜇𝑉) 

were employed to calculate the noise present in 5s long recordings from the MEAs used to 

record activity for the twenty-three experiments under consideration. These results are 

summarized in Appendix C. 

A  B  

C  D  

Figure 5.5 Modeled pair-wise channel correlations plotted in terms of distance between electrode pair for twenty-
three experiments. The experiments were evaluated under four conditions including for A. 5 consecutive seconds 
(blue), B. 10 consecutive seconds (red), C. 25 consecutive seconds (yellow), and D. 25 seconds randomly sampled 
from a 5-min long recording segment (purple). 
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Figure 5.6. Distributions of channel pair-wise correlations for twenty-three experiments. Each experiment was 
evaluated under four conditions including during 5 consecutive seconds (blue), 10 consecutive seconds (red), 25 
consecutive seconds (yellow), and 25 seconds randomly sampled from a 5-min long recording segment (purple). The 
left and right edges of the boxplots indicate the population’s 25th and 75th percentiles respectively. The outliers 
have been excluded. 
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Table 5.1 shows the comparison between the noise average and variance for the sixteen 

channels from the MEAs employed in the experiments under consideration. The estimated pair-

wise correlations, depicted in Figure 5.5, can be employed to classify the experiments in three 

different groups, for experiments that present cross-correlation medians in the ranges delimited 

by the thresholds 0.4 and 0.6. These constants were selected as delimiters of cross-correlations 

medians among experiments given the apparent clusters of experiments with different fallouts, 

depicted Figure 5.5. The group number from Table 5.1 indicates the channels that have an 

estimated correlation median within either: Group 1 ∈ 	 (0,0.4), Group 2 ∈ 	 [0.4,0.6), or Group 3 

∈ 	 [0.6,1). Out of the twenty-three experiments, thirteen experiments were included in Group 1, 

seven in Group 2, and three in Group 3. The average noise levels for the experiments 

corresponding to these two groups were calculated as 6.96, 7.3, and 10.92. Extracellular 

recordings from three different experiments, each corresponding to a different group, are 

depicted in Figure 5.7. As can be observed from Figure 5.7, the pair-wise correlations appear to 

be an indicator of the level of noise for a group of channels in the MEA. Figure 5.7A,B show 

recordings that would be more likely to be processed online; however, the segment in Figure 

5.7C contains high amplitude/frequency noise which would be recorded as artifacts by most 

detection algorithms and thus not reliable for online processing. 

However, the noise level or median estimated cross-correlations are not the only indicators 

that need to be considered. The cross-correlation matrix for the sixteen channels from the MEA 

employed in experiment ID 2, along some channels identified as outliers are depicted in Figure 

5.2 and Figure 5.3. As can be seen from Figure 5.2, the channels one through four displayed 

highly correlated activity, probably due to channel malfunction, high noise levels or due to 

several inherent artifacts (under 100	𝜇𝑉) in the recording that would overburden the processing, 
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despite each presenting an apparently low 𝜎dÔc�« ∈ 	 {6.29,6.38,6.49,6.40} (Appendix C). These 

channels are identified as outliers, as denoted in Figure 5.3. The waveforms lasting 100 ms 

extracted from recordings corresponding to the four channels identified as outliers from Figure 

5.3 in experiment ID 2 are depicted in Figure 5.8. These recordings show that the channels 

indeed appear to have been shorted and thus record the same activity. A recording segment 

during the same time window from a channel not identified as an outlier in experiment ID 2 is 

depicted in Figure 5.7B. This type of MEA recording might present a challenge to an 

experimenter as it would be difficult to identify the channels that, in spite of having low noise 

and discernible spikes, are shorted together and do not necessarily record activity reliably and 

should not be employed as reference for any type of experiment. This problem is exacerbated by 

the fact that during an electrophysiology experiment, reference channels are typically selected by 

an experiment by looking at the spikes detected within the recording for a given channel, and not 

necessarily at the signal itself, since the sampling employed typically exceeds 20 kHz. 

Having identified possible problematic channels, the next step in a spike-triggered paradigm 

would be to select an appropriate reference point. As stated previously, a trigger unit in an ADS 

paradigm can be selected by visual inspection and then by considering each unit. In a sixteen 

channel MEA, there may be up to four units per electrode per channel, thus making it a total of 

up to sixty-four units that would need to be visually inspected by the user. To facilitate the 

process, we propose to discard information from channels with high pair-wise correlation 

activity, and follow the steps for single-unit evaluation highlighted in Activity Evaluation, and 

discard any neurons that have outlier standardized 𝐶" or 𝐿" coefficients in terms of their median 

absolute deviations. An example for this process is described for Experiment ID 8. 
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Table 5.1. Comparison between noise levels (average and variance for 16 channels in a MEA) and cross-channel 
correlations median estimated levels (for channels apart ≥100 𝜇𝑚) for twenty-three experiments. The group 
number indicates whether the estimated correlation median is within a range established by thresholds 0.4 and 0.6. 

Experiment ID Noise average Noise variance Correlation median Group 

1 5.90 0.49 0.48 2 
2 7.70 1.09 0.43 2 
3 5.49 0.07 0.35 1 
4 7.50 0.04 0.32 1 
5 8.13 0.05 0.59 2 
6 7.40 0.43 0.46 2 
7 7.46 1.32 0.20 1 

8 7.10 0.40 0.30 1 

9 11.56 0.21 0.82 3 
10 10.02 1.72 0.62 3 
11 7.78 0.31 0.34 1 
12 11.21 0.11 0.73 3 
13 7.57 0.15 0.43 2 
14 7.89 0.09 0.46 2 
15 7.11 0.04 0.37 1 
16 6.55 0.03 0.59 2 
17 7.53 7.23 0.23 1 
18 6.37 0.42 0.37 1 
19 7.33 0.49 0.23 1 
20 7.05 0.19 0.21 1 
21 6.35 0.23 0.18 1 
22 6.14 0.19 0.19 1 
23 7.36 0.26 0.16 1 
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A  

B  

C  

Figure 5.7. Extracellular recording segments for three experiments with characteristic noise levels A. Experiment 
ID 3, channel 5 with 𝜎dÔc�« = 5.42 corresponding to Group 1. B. Experiment ID 5, channel 5 with 𝜎dÔc�« = 8.63 
corresponding to Group 2. C. Experiment ID 9, channel 5 with 𝜎dÔc�« = 11.39 corresponding to Group 3. 
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A  

B  

C  

D  

Figure 5.8. Extracellular recording segments lasting 100 ms for different channels from the same experiment 
classified as outliers. Experiment ID 2 A. Channel 1 with 𝜎dÔc�« = 6.29. B. Channel 2 with 𝜎dÔc�« = 6.38. C. 
Channel 3 with 𝜎dÔc�« = 6.49. D. Channel 4 with 𝜎dÔc�« = 6.40. These recordings in these channels appear to be 
lagged version of one another. 
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Example (Experiment ID: 8) 

Figure 5.9 illustrates the process for reference selection for Experiment ID 8. The channel 

pair-wise correlations depicted in Figure 5.9A show that the activities in channels 1 and 3 are not 

ideal to be employed as reference. Figure 5.9B,C depicts the cross-correlations in terms of 

distance between electrodes and the channels to be flagged. Figure 5.9D depicts the normalized 

firing activity of the units present across all the channels that are still under consideration. The 

normalized z-scores are displayed for the range ∈ 	 [−1.5, 1.5]. These scores were calculated with 

respect to the entire population activity of those channels with units that had a firing rate > 5 

spikes/s and that did not belong to channels with high pair-wise correlations 𝑐ℎÑÔ�l ∈ 	 [1, 3]. In 

terms of these populations of neurons, the sign of the z-scores represents the activity of the 

single-unit with respect to the population mean. A z-score ∈ 	 [−1,1] represents activity one 

standard deviation below or above the population mean respectively. Likewise, a z-score ∈

	[−2,2] represents activity two standard deviations below or above the population mean. In this 

case, the single-units present for the most part activity centered around the mean. From here, the 

channels with most variable activity can be identified as channels #5, 6, which present a z-score 

> 1.5. 

The location variation of inter-event intervals 𝐿" and the coefficient of variation 𝐶" for a 

single-units in each channel selected for having activity as closest to the population mean are 

depicted in Figure 5.9E,F. As stated previously, 𝐿" measures single-unit activity variability and 

detects intrinsic spiking characteristics of individual neurons, but does not compare them with 

respect to the population; that is, it evaluates how the activity of the neuron changes with respect 

to itself. Meanwhile, 𝐶" can be employed to characterize the global variability of a whole ISI 
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sequence and it is more sensitive to firing rate fluctuations but fails to recognize intrinsic 

changes in individual neurons. From these results, it can be observed that the 𝐶"s for channels 

#5, 6 highlight that these should not be used as reference, since they present rapid variations. In 

addition, 𝐿" of the unit in channel #15 also presents high variability with respect to the other 

units and would be excluded. 

The single-unit in channel #11 selected by the experimenter presents average 𝐿" which is 

close to zero, meaning that its firing activity is fairly constant, while its 𝐶" barely exceeds unity, 

meaning that the activity in this neuron is less regular than a Poisson process with the same firing 

rate [80]. Thus, from these metrics, the irregular activity from a unit in channel #11 could have 

been selected automatically by comparing the measures of 𝐶" and 𝐿"	with respect to the other 

units. 

Eleven ADS experiments were evaluated with these metrics, for which the reference or 

trigger units selected by the experimenter through visual inspection were known. For each 

experiment, the activity was pre-processed with TDT processing system for a period of 5 s. As 

can be seen from Table 5.2, in ten out of eleven experiments the trigger neuron could have been 

selected by evaluating the activity in terms of noise and single-unit 𝐶". The trigger neuron for the 

experiment (ID22) not matched by the automated process presented activity that did not meet the 

minimum firing rate requirement. The coefficients of variation and local variation coefficients 

for the trigger neurons for the experiments under evaluation were in the ranges 𝐶" ∈

	[0	.83	2.05) while the 𝐿" ∈ 	 [0.01	0.1) as can be seen in Table 5.2. Table 5.3 denotes the ranges 

of the coefficient of variation and local variation coefficient for the population of neurons across 

the different ADS experiments. These ranges denote that it could be possible to establish a range 
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of variability for the reference neuron in terms of the proposed metrics, across different 

experiments. 

In the evaluation process, signal integrity analysis is included since calculating the noise 

across the recordings often does not confirm that the recorded signals in the MEA recording are 

reliable, especially due to the presence of artifacts and constant drop in the number of functional 

electrodes, i.e. specially in chronic experiments due to glial scarring or electrode malfunction. 

The online methods for analyzing signals constitute examples of several methods proposed in 

literature; alternative methods can be found in [6, 14, 19, 81]. As theory behind spike-trigger 

experiments is still being developed, the sequence of steps proposed for online analysis 

constitute a starting point to verify signal integrity in extracellular recordings and to promote 

unbiased selection of reference neurons for online experiments. In the current reductionist 

approach, spike trains of individual neurons in different experiments are considered standalone 

entities, and thus can be evaluated with respect to each other in terms of their innate similarities. 

Further improvements may include methods to evaluate the changes in neuronal activity across 

time to better characterize the level of irregularity of the activity throughout an experiment. This 

might be complemented by neural network analysis and graph theory to describe structure and 

system dynamics. 
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A  B  

C  D  

E  F  

Figure 5.9. MEA recording evaluation for Experiment ID 8.A. Channel cross-correlation analysis for sixteen-point 
electrode. B. Channel pair-wise correlations sorted with respect to inter-electrode distance. C. Identification of 
outliers through standardized deviation analysis. D. Normalized firing activity z-scores of single-units (> 5 spikes/s) 
for channels without spurious cross-correlation. E. Coefficient of variation of ISI of single-units recorded with 
MEA. F. Local variation coefficient of ISIs of single-units recorded with MEA. 
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Table 5.2. Comparison between trigger units selected manually and automatically. Trigger represents the channel 
from which a single-unit was employed as reference. Match represents if the same channel could have been selected 
by prior evaluation through the proposed process. The channel FR and mean FR represent the average firing rates 

for the triggering unit in the channel and the entire population. The 𝐶" and 𝐿" correspond to the trigger unit. 

Ex ID Trigger Match ch FR mean FR Cv Lv 

1 11 1 60 19.67 2.05 0.01 

5 11 1 7.2 7.25 0.83 0.1 

6 6 1 42 27.82 1.06 0.01 

7 7 1 27.2 26.34 0.83 0.02 
8 2 1 16.4 16.72 1.05 0.02 

14 7 1 9.8 12.17 1.37 0.02 

16 15 1 45 13.74 1.70 0.01 
18 12 1 21.2 8.37 1.18 0.02 
19 9 1 22.2 23.97 1.05 0.01 
22 12 0 3.8 4.95 0.97 0.07 

23 12 1 15.8 14.41 1.18 0.014 

Total 11 10 [ 3.8 - 60] [4.9 – 27.8] [0.83-2.05] [0.01-0.1] 
 

Table 5.3. Coefficient of variation and Local variation coefficients for population of neurons in ADS experiments. 

Experiment ID Cv Range Lv Range 

1 0.817 2.478 0.003 0.055 

5 0.645 1.383 0.008 0.131 

6 0.561 1.349 0.002 0.048 

7 0.577 1.719 0 0.108 
8 0.788 1.625 0.003 0.089 

14 0.789 1.595 0.002 0.075 

16 0.339 1.716 0 0.052 
18 0.559 1.397 0.011 0.087 
19 0.489 1.499 0 0.12 
22 0.603 1.563 0.004 0.253 
23 0.734 1.902 0.001 0.115 

Range 0.339 2.478 0 0.253 
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Coding Mechanisms 

A code is a mapping employed to represent information in a different nature than its original 

form. The most prominent example of information coding is the invention of language, which 

enables us to employ a variety of sounds as symbols to represent both abstract and concrete 

objects. In a communication system, a signal sent through a channel from a transmitter to a 

receiver can be encoded along the way with any coding mechanism, provided that the receiver 

can discern the original intent of the transmitter. The device performing the coding is called the 

encoder, which determines a pattern of responses that are sent and then translated by the 

receiver. In many cases, it is possible to implement a coding mechanism that enables the original 

message to be transmitted more efficiently or used for computation while spending less power. 

Neural coding using spikes can achieve both objectives, but there are nuances based on the 

particular type of code used. Thus, it is valuable to study different types of neural coding before 

studying neural computation strategies. 

 Neural Code 

In electrophysiological experiments, the study of the neural code can be focused by looking 

at the interactions between a given input or stimulus and the system’s response. For instance, an 

animal can be exposed to a sensory stimulus and the recorded response will be a collection of 

time series of the stimulus and spike arrival times. In this case, the encoder is concerned with the 

responses, changes of states, and their characteristics, while a decoder would translate what the 

responses say about the stimulus. 
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A central focus in neural coding is to define whether the action potentials and single neurons 

encode information independently, or whether the correlations among individual or populations 

of spikes and neurons carry information differently [82], or in other words whether there is 

synergy or redundancy among different neuron populations. Correlated transmissions would 

complicate analysis of neural data, but offer greatly increased communication capacity. 

Furthermore, neural coding can be studied in terms of the correlations between the time series of 

spikes and the stimulus, and how strength of these correlations changes when the sequence of 

spikes is presented at different rate (i.e., count) or temporal resolutions. 

For a single neuron and its action potentials, the neural code can be studied in terms of the 

spike rate, the precise spike times, or the spike intervals. In terms of spike rate, a decoder would 

characterize the response for the frequency at which the spikes fire. In terms of spike times, a 

decoder would try to determine what in the stimulus triggers a spike. In terms of spike intervals, 

a decoder would note how the patterns of spikes convey information. Figure 6.1 depicts a 

schematic representation of rate and temporal coding for single unit spikes. 

6.1.1. Rate Coding 

Rate coding is the traditional coding scheme which focuses on the rate at which the neuron 

fires. Across different experiments and trials, the relation between the stimulus and response can 

be characterized through the underlying rate, or number of spikes detected for single or multiple 

neurons binned during different time intervals of fixed length, thereby ignoring the precise 

temporal structure of the spike trains. The encoding windows containing the spike counts can be 

compared with respect to the stimuli at different times. This hypothesis is supported given the 
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direct correlation between firing rates and stimulus intensity across different sensory systems 

[80, 83]. For neural computation, it offers a simplified decoding architecture that simply counts 

the number of spikes within a synchronized fixed time window compared to other coding 

mechanisms. 

6.1.2. Temporal Coding 

Temporal coding aims to understand how the precise timing of individual spikes matter and 

how precise its measurement needs to be, i.e. the temporal resolution. This is equivalent to 

asking whether more information can be learned about the stimulus if the precise spikes times 

are known. In many different sensory modalities, it has been shown that information about the 

stimulus can be learned from the precise timing of spikes beyond what was previously learned 

from just measuring firing rates [84-86]. It has been shown that the sequences of spikes 

employed to encode sensory or motor signals can encode information via their firing frequency, 

their precise timing, or both [83, 87]. 

A  B  C  

Figure 6.1. Comparison between rate and temporal coding for single-unit activity. A. Spike trains for three different 
neurons (rows) at different times (columns) B. Rate coding mechanism, where the spikes are counted at different 
bins. C. Temporal coding mechanism where information is encoded in terms of the precise timing of the spikes. 
Edited from [88]. 
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 Time encoding machines (TEM) 

Time encoding machines are in silico models of neural coding which represent information 

in the time domain [89]. Time encoding is particularly important as this temporal representation 

can be exploited given the continuous enhancement of resolution present in integrated circuits 

due to Moore’s Law [89]. There are several time encoding mechanisms that can be employed to 

encode a continuous signal. For instance, the leaky integrate-and-fire (LIF) biophysical neuron 

model encodes stimuli in its sequence of spikes, and it is represented by a capacitor 𝐶 run in 

parallel with a resistor 𝑅 driven by an input current 𝐼 𝑡 . The standard form is defined as, 

 𝜏_ =
𝑑𝑢
𝑑𝑡

= −𝑢 𝑡 + 𝑅𝐼(𝑡) (6.1) 

where 𝑢 𝑡  is the membrane potential and 𝜏_ is the membrane time constant. The input current 

drives the capacitor and resistor to produce a spike given a large enough input signal. This is one 

of the most common time encoding machines employed due to is low power consumption in 

VLSI implementations [25]. For a detailed description of time encoding with a integrate-and-fire 

neuron, see [90]. 
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Reservoir Computing 

Reservoir computing is a recently established paradigm originally proposed by Maas and 

Jaeger independently and concurrently under the names Echo State Networks and Liquid State 

Machines. Unlike classical neural network paradigms, these network methods of computation 

limit the training of the recurrent neural network to only its output layer. In this paradigm, there 

are three layers: input, reservoir and output layer. The input layer connects the input to the 

recurrent neural network, referred to as reservoir layer, which contains a fixed number of 

randomly connected nodes. The output layer connects the nodes in the reservoir to the network’s 

outputs. Weights in the input layer and in the reservoir are generated randomly once and then 

fixed. A schematic representation of a reservoir computing paradigm is illustrated in Figure 7.1. 

 

Figure 7.1. Schematic of a Reservoir Computing (RC) paradigm. The input layer receives the system inputs and 
connects them to nodes in the reservoir state through fixed input weights. The reservoir is a random interconnection 
of nodes with fixed connections (do not vary at any state in the process). The training process in this paradigm is 
restricted to the output weights connecting the reservoir and the output layer. Extracted from [24]. 

As stated previously, in the reservoir computing paradigm, the weights in the reservoir are 

not trained. Instead, the output weights are trained with respect to the outputs of the reservoir 

state. Since the reservoir computing paradigm does not train the recurrent weights in the 
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reservoir, it avoids the problems of unstable training that affect standard recurrent neural 

networks, and task complexity is greatly reduced as minimal attention needs to be paid to the 

reservoir hyper parameters. 

The echo state network and liquid state machine introduced by Jaeger and Maas employ a 

random network which transforms the reservoir inputs to high-dimensional state space thus 

facilitating learning of a complicated and non-memoryless mapping from the input to the desired 

output signal. In the classic echo state network paradigm, given an input signal 𝑥(𝑘), the nodes 

or neurons at each time step 𝑘 in the reservoir can be calculated as 

 𝑥 𝑘 = 𝑓[Wþ«�
þ«�𝑥 𝑘 − 1 +𝑊cd

þ«�𝑢(𝑘 − 1)] (7.1) 

where 𝑢(𝑘)	is the input matrix at different states, and 𝑊þ«�þ«� and 𝑊cd
þ«� contain the random 

connections between the reservoir nodes and the input signal respectively. The function 𝑓	[∙] is 

typically a nonlinear transformation which can be adapted depending on the task. Some functions 

employed for nonlinear transformation are the sigmoidal function, the hyperbolic tangent and the 

Mackey-glass function are described below and summarized in Nonlinear Functions. 

 Nonlinear Functions 

There are several functions which can be employed to map the reservoir inputs nonlinearly to 

the reservoir states. The most common include the sigmoid function, which is characterized by, 

 𝑓 𝑥 =
1

1 + 𝑒jxr
 (7.2) 

where 𝑘 controls the function’s slope. As this parameter increases, the sigmoid function 

progresses to become a continuous step function which ranges from ∈ 0, 1 . The sigmoid 

function presents both linear and nonlinear behavior depending on the input 𝑥. 
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One may also use the hyperbolic tangent function, denoted 𝑡𝑎𝑛ℎ and defined as, 

 tanh 𝑥 =
𝑒r − 𝑒jr

𝑒r + 𝑒jr
 (7.3) 

This function presents the same shape as the sigmoid function which also varies according to the 

input 𝑥, but its range ∈ 	 [−1, 1]. This function converges faster than the sigmoid function and is 

antisymmetric with respect to the origin. 

As a further alternative, the Mackey-Glass (MG) function is defined by the differential 

equation, 

 
𝑑𝑃
𝑑𝑡

=
𝛽¸𝜃d𝑃�
𝜃d + 𝑃�

− 𝛾𝑃 (7.4) 

where 𝛽¸, 𝜃, 𝑛 and 𝛾 are constants and the delay function 𝑃� = 𝑃(𝑡 − 𝜏). The delay can work to 

stabilize or destabilize the system thus allowing its behavior to migrate from a stable to a chaotic 

regime, and vice versa. The best computational performance of this nonlinear function occurs at 

the transition between these regimes, referred to as the edge of chaos. This behavior inherent to 

the Mackey-Glass function makes it a suitable candidate for reservoir computing systems [24]. 

 Delayed-Feedback Reservoir (DFR) 

Recently, [24] established a formal link between the traditional formulation of reservoir 

computing (RC) and the interconnection graphs presented in time scales, as depicted in Figure 

7.2. As in the previous RC paradigm, this system presents an input layer and a reservoir layer 

and only trains the output layer weights of the network to achieve the desired input-output 

mapping. However, the input layer in delayed-feedback reservoir system uses only a single 

nonlinear node, and applies its time input sequentially across timesteps to this nonlinearity. This 
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leads to simplification in the network complexity compared to traditional reservoir computing if 

the accuracy can be preserved relative to the other reservoir computing methods. To compensate, 

the delayed-feedback reservoir system transforms the input signal not through an interconnection 

matrix 𝑊cd
þ«�, but through a masking procedure. This masking step is introduced due to the lack 

of input weights and to compensate from the loss of parallelism [24, 26]. The transformed or 

masked signal is sent to a reservoir composed of a nonlinear node and a delay line. The authors 

demonstrated that node communication can take place from one discrete time step to another 

through inertia of the nonlinear system and the feedback line. This system can be categorized as 

an RC paradigm since only the weights mapping the reservoir state outputs to the desired 

estimated output are trained, and the reservoir utilizes feedback through a single self-feedback 

connection into the nonlinear node. 

 

Figure 7.2. Delayed feedback reservoir, composed of an input layer, a reservoir and an output layer. The input 
signal is extended through a sample and hold procedure, and the resulting signal x is masked with another random 
piece-wise function M. The masked signal is sent to the reservoir where it interacts with a single nonlinear node NL 
and the previous reservoir states generated through a delay line sampled at intervals 𝜃 at every virtual node. The 
training process takes place only through the connections (weights) between the reservoir states calculated from 
each virtual node and the output layer. Extracted from [24]. 
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Figure 7.3. Digital signal based time delay RC. First, an input signal u(t) (can be a discrete or a continuous signal) 
is converted to piecewise constant function u(t). The generated function u(t) is multiplied with a mask function m(t) 
which adds inherent states for each original input in u(t). The masked signal 𝐽(𝑡) is the input sent to the neural 
network composed of a nonlinear node and a delay line in the delayed feedback reservoir paradigm. 

Figure 7.3 depicts a more detailed description of the nonlinear delay reservoir system. Given 

a signal 𝑢(𝑛) in discrete time 𝑛 ∈ 𝑍, reservoir states are built through a sample and hold 

procedure where a piecewise constant function 𝑢 𝑡  of the continuous variable 𝑡 is defined so 

that: 𝑢 𝑡 = 𝑢 𝑛 , 𝑛𝜏 ≤ 𝑡 ≤ 𝑛 + 1 𝜏. The time 𝜏 ≤ 𝑇, where 𝜏 is the delay of the delay loop, 

and if 𝜏 ≠ 𝑇 the system is in the unsynchronized regime. 

System learning can be improved by breaking the symmetry in this system through the mask 

function. The input mask 𝑚 𝑡 = 𝑚 𝑡 + 𝜏  can be set as a periodic piecewise constant function 

of period 𝜏 and constant over 𝜃, i.e., 𝑚 𝑡 = 𝑚� when 𝑛𝜏 + 𝑗𝜃 ≤ 𝑛𝜏 + 𝑗 + 1 𝜃 for 𝑗 ∈ 	 [0, 𝑁 −

1]. A common choice of 𝑚� is to use a random binary sequence normalized by a constant 

gamma, which gives good performance on a variety of benchmark tasks [26]. 

The input of the reservoir is the masked or transformed signal 𝐽 𝑡 = 𝛽𝑚 𝑡 	𝑢 𝑡 , where	𝛽	is 

an adjustable parameter, the input gain. The reservoir input signal represented in a large-

dimensional setting can be split into 𝑁 segments, each lasting 𝜃, to obtain periodic states of the 



 
 

 98 

delay line at every node. These snapshots correspond to the nonlinear response to every sample 

and constitute 𝑁 discrete time sequences given by, 

 𝑥c,x = 𝑥 𝑛𝜏 + 𝑁 − 𝑖 𝜃 − 𝜀  (7.5) 

where i	denotes a virtual node at the 𝑘l� reservoir state after the delay 𝜃, and 𝜀 ≪ 𝜃. 

The nonlinear node employed in this configuration is a Mackey Glass oscillator. The Mackey 

Glass model can be extended to include the external input 𝐽 𝑡  in addition to the reservoir state 

𝑥(𝑡) as [26],  

 𝑥 𝑡 = −𝑥 𝑡 + 𝑓 𝑥 𝑡 − 𝜏 , 𝐽 𝑡  (7.6) 

 𝑓 𝑥 𝑡 − 𝜏 , 𝐽 𝑡 =
𝜂 ∙ 𝑥 𝑡 − 𝜏 + 𝛾 ∙ 𝐽 𝑡
1 + 𝑥 𝑡 − 𝜏 + 𝛾 ∙ 𝐽 𝑡 	Ñ

 (7.7) 

where 𝑥 𝑡  denotes the input dynamical variable, 𝑥 𝑡  is its derivative with respect to a 

dimensionless time 𝑡, and 𝜏 is the delay. The parameters 𝜂 and 𝛾 correspond to the feedback 

strength and input scaling, respectively. 

In a DFR system, the layer nodes effectively communicate through a virtual interconnection 

matrix that describes the coupling between virtual nodes processing information. This is 

equivalent to the reservoir matrix Wþ«�
þ«� used in traditional reservoir computing. It was 

demonstrated that a linear approximation, assuming a constant value of 𝑓 𝑥 𝑡 − 𝜏 , 𝐽 𝑡  during 

the separation of the virtual nodes, lasting 𝜃, yields [26], 

 𝑥 𝑡 = 𝑥Ô𝑒jf + (1 − 𝑒jl)𝑓 𝑥 𝑡 − 𝜏 , 𝐽 𝑡  (7.8) 

where 𝑥Ô is the initial value at the beginning of each interval 𝜃, i.e. the value of the previous 

virtual node. The input to the virtual node 𝑖 at step time 𝑘 equals 𝑤cd, 𝑢x, thus, 



 
 

 99 

 𝑥f,x = 𝑥d,xjf	𝑒j¾ + (1 − 𝑒j¾)𝑓 𝑥f,xjf, 𝑤cd,f, 𝑢x	  

𝑥c,x = 𝑥cjf,x	𝑒j¾ + (1 − 𝑒j¾)𝑓 𝑥c,xjf, 𝑤cd,c, 𝑢x	  

𝑥d,x = 𝑥djf,x	𝑒j¾ + (1 − 𝑒j¾)𝑓 𝑥d,xjf, 𝑤cd,d, 𝑢d,x	  

(7.9) 

This set of equations enables a recursive computation for each virtual node at time step 𝑘 as a 

function of the input at the same time step 𝑘, in addition to the virtual node states at time step 

𝑘 − 1: 

 
𝑥c,x = Ωdc𝑥d,xjf + ∆�c𝑓 𝑥�,xjf, 𝑤cd,�, 𝑢x	

c

�ef

 
(7.10) 

with: 

Ωdc = 𝑒jc¾, 

∆�c= 1 − 𝑒j¾ 𝑒j(cj�)¾ 

This equation is analogous to traditional reservoirs but it differs that nonlinear functions are 

applied to states before the summation is taken [24, 26]. Varying the timescales of the nonlinear 

node and the reservoir leads to different degrees of coupling among the reservoir states. 

Efficiently implementing the DFR for a numerical simulation requires solving the ordinary 

differential equation (7.7) for each value of time where the masked input takes a distinct value. 

In the implementation of the DFR in the following experiments, a simple Euler integration 

strategy is used, which traces the tangent line specified by the equation (7.7) at each distinct 

value of time in order to get an approximation to the true solution. This allows for fast simulation 

that is relatively accurate. 

To perform the training procedure for an input-output pair of sequences, the 𝑁 states of the 

reservoir collected from a single masked input sample are collected over many timesteps to form 
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a state matrix 𝑆. Given the outputs of the reservoirs, a set of training weights 𝑤c for 𝑖 ∈ 	 [1, 𝑁] 

can be employed to calculate the output as, 

 
𝑦d = 𝑤cxc,d

~

cef

, 𝑤c = 𝑊þ«�,c
Ô»l  

(7.11) 

The goal being the minimization of the MSE, while including the regulation parameter 𝜆 to avoid 

overfitting, 

 𝑀𝑆𝐸 =	∥ 𝑊𝑆 − 𝑦 ∥`+ 	λ ∥ 𝑊 ∥` (7.12) 

which can be accomplished by using ridge regression as, 

 𝑊 = 𝑆s(𝑆𝑆s + 𝜆𝐼)jf𝑦 s (7.13) 
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Spike-Encoding DFR 

The proposed spike-encoding delayed-feedback reservoir is depicted in Figure 8.1. 

 

Figure 8.1. Spike-encoding Delayed Feedback Reservoir (DFR). An input signal u(n) (can be discrete or 
continuous) is encoded into a finite binary sequence 𝑠(𝑛 ∙ 𝑟) and converted to a piecewise constant function s(t) via 
a sample and hold procedure. The signal s(t) is masked with a function m(t) and the transformed signal J(t) is sent 
to the reservoir. 

For a given input 𝑢(𝑛), an encoder can be employed to transform the continuous signal into a 

sequence of spikes trains 𝑠(𝑛 ∙ 𝑟), where 𝑠 ∙ ∈ 	 [0	𝑜𝑟	1]. The spike trains would employ a 

temporal scheme, e.g. encode information in the inter-spike interval, and thus employ a fixed rate 

𝑟 to represent the information for every 𝑛 in 𝑢(𝑛). As in the original delayed-feedback reservoir, 

the spike encoded signal 𝑠 𝑛 ∙ 𝑟  can be converted to a piecewise constant function 𝑠 𝑡  of the 

continuous variable 𝑡 and it is defined as: 𝑠 𝑡 = 𝑠 𝑛 ∙ 𝑟 , 𝑛 ∙ 𝑟 𝜏 ≤ 𝑡 ≤ 𝑛 ∙ 𝑟 + 1 𝜏, where 𝜏 is 
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the delay of the delay loop. This piecewise function is transformed through a mask function, and 

the masked signal 𝐽(𝑡) is sent to the reservoir where it interacts with the nonlinear node and the 

previous reservoir states. 

 Encoding Schemes 

There are several temporal encoding schemes which can be employed to transform 𝑢(𝑛) into 

a spiking sequence. Factors that lead to the preference of one encoding strategy over another 

include complexity of the encoder architecture, power required for encoding and decoding, and 

feasibility for implementation in hardware. Since the DFR and related reservoir computing 

schemes can be reasonably assumed to rely on properties of the real-valued input sequence in 

generating a rich set of reservoir states, it is also reasonable to expect that a temporal encoding 

scheme employed with a DFR should also replicate such properties, which can potentially 

discriminate between different encoding schemes as well. 

8.1.1. Code 1 

The encoder in [25] transforms a continuous original signal into a spiking sequence and 

provides a high dimensional transformation as the Mackey Glass. For a given an input signal x¦, 

where 𝑖 is a discrete point in time from the analog signal, the constant 𝛽, and 𝑁, the number of 

neurons, can be employed to initialize the encoder as follows: 

 

𝐷`cjf = 𝐷`6Â�jf =
𝑥c ∗ 1
𝛽djf

 

𝐷` `cjf = 𝐷`6Â�j` = 𝑥c ∗
1

𝛽dj`
−

1
𝛽djf

 
(8.1) 
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𝐷7 `cjf = 𝐷`6Â�j7 = 𝑥c ∗
1

𝛽djË
−

1
𝛽dj`

−
1

𝛽djf
 

𝐷8 `cjf = 𝐷`6Â�j8 = 𝑥c ∗
1

𝛽dj7
−

1
𝛽djË

−
1

𝛽dj`
−

1
𝛽djf

 

𝐷`6Â� = 𝑥c ∗
1
𝛽f

−
1
𝛽`

−
1
𝛽Ë

− ⋯−
1

𝛽djf
 

These equations can be generalized to the case where 𝑥c is not constant over the whole 

processing interval of the encoder. The output of this encoder is the signal 𝐷 which contains the 

inter-spike intervals for a spike train stored in its first 2~jf − 1 values. These inter-spike 

intervals can be added cumulatively to produce a spike train that produces the same number of 

values for every discrete value in 𝑥. In the original design the input analog signal was digitized 

through a sample and hold procedure, which maintained each sample of 𝑢 𝑛  for a period of 𝜏 

producing 𝑢(𝑡). In a similar manner, the input signal can be converted to a spiking sequence 

with this encoder by defining the number of timestamp 𝑁�l�_Ñ�, for each input and setting, 

 𝑁 = log` 𝑁�l�_Ñ� + 1  (8.2) 

where ⋅  represents the ceiling operator. 

8.1.2. Code 2  

The first encoding strategy given is power-efficient when implemented in an analog system, 

but for digital simulation a more straightforward and practical form to encode a number as a 

binary sequence is through simple magnitude encoding. Since the encoded signal based on 

specific indices of zeros and ones, this is a simple form of time encoding. 

Suppose a discrete signal 𝑥 of length 𝑛 has a maximum value 𝑈 and a minimum value 𝐿. Let 

𝜀 be a very small numerical constant, the quantized signal 𝑥 can be defined as 
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𝑥c =

𝑈 − 𝐿
2"

2" 	
𝑥c − 𝐿 + 𝜀
𝑈 − 𝐿 + 𝜀	

	+ 𝐿 
(8.3) 

where ∙  denotes the floor operation. This equation can be considered as map between a point 

𝑥c ∈ 	 [𝐿,𝑈] to a point in [0,1], mapping the point in [0, 1] to a point in [0, 2"], then throwing 

away the decimal part of 𝑥c and converting this result back to a number in the interval [𝐿,𝑈]. 

Each value in the original signal can be represented as a 𝑣 bit number, which is converted to 

binary and treated as a length 𝑣 spike train. The full encoded signal has length 𝑣𝑛. The numerical 

constant 𝜀 is include to guarantee that the point 𝑥c ∈ 	 [𝐿,𝑈] is completely mapped to a point in 

[0, 1), which is necessary since each input 𝑥c needs to be represented as a 𝑣 bit number. If a 

value of 𝑥c is mapped to a value of 2"	then the flooring operation will keep it at that value and 

𝑣 + 1 bits would be required to represent the result. 

 Masking Procedure 

The mask function 𝑚(𝑡) applied to the spiking signal 𝑠(𝑡) can be a set of random numbers 

generated from 𝑍~𝒩	(0,1) as noted in Table 8.1. Certain masking procedures may be more 

amenable to use with a spiking DFR than others. These masking procedures are standard in the 

reservoir computing literature. 

Table 8.1. Different masks for the spike-encoding delayed-feedback reservoir. 

Distribution Mask 

None m t = 1	 ⊬ t 

Normal m t = Z(t) 

Log normal m t = exp Z(t)  
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Bernoulli m t = 1	if	Z t > 0.5
−1	if	Z t ≤ 	0.5 

Bernoulli positive m t = 1	if	Z t > 0.5
0	if	Z(t) ≤ 	0.5 

 Evaluation Task 

For a given input 𝑢c where 𝑖 ∈ 	 [1, 𝑛] and its corresponding target output labeled as 𝑦c where 

𝑖 ∈ 	 [1, 𝑛], the predicted output can be set as 𝒚 = 𝑿𝒘 where 𝒘 is 𝑣 ∙ 𝑁-dimensional vector of 

trained output weights, 𝑁 corresponds to the different number of nodes in the time delay line, 

and 𝑣 is 1 (for no spike encoding) or the number of bits in the spiking encoder scheme (using 

code 2). The matrix 𝑿 contains the stored reservoir states and has 𝑛 rows. A smaller number of 

rows than 𝑛 (a subsequence of the input and output sequences) can also be employed for the 

training and a disjoint subset for evaluation, which corresponds to splitting the sequence data 

into a training and test set. 

For a NARMA10 task, the input 𝑢 𝑖  of the systems consists of scalar random numbers, 

drawn from a uniform distribution over the interval 0,0.5  and the target output 𝑦 𝑖 + 1  given 

by the recursion, 

 
𝑦cmf = 0.3𝑦c + 0.05 𝑦c 𝑦cjx

>

xe¸

+ 1.5𝑢c𝑢cj> + 0.1 (8.4) 

The resulting NARMA10 sequence is depicted in Figure 8.2. 
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Figure 8.2. NARMA10 sequence generated by an input signal (blue) from a uniform distribution over the positive 
interval [0, 0.5] and the target signal (red). 

For evaluation purposes, the output variance can be defined as, 

 
𝜎?` =

1
𝑛

𝑦c − 𝜇?
`

d

cef

 
(8.5) 

where the mean 𝜇? is 1/𝑛	 𝑦cd
cef . 

 Experimental Settings  

Two different types of experiments were run to test the best implementation for a delayed 

feedback reservoir capable of processing spikes with the same nonlinear delay node and delay 

line as the original delayed feedback system. For every experiment, the errors were measured in 

terms of the Normalized Root Mean Square Error (NRMSE), defined as: 

 
𝑁𝑅𝑀𝑆𝐸 = 	

1
n
	

𝑦c − 𝑦c `d
cef
𝜎`(𝑦)

	 (8.6) 

where 𝑦c is the output signal at time step 𝑖 and 𝑦@ is the estimated output from the reservoir.  

 The parameters employed in all experiments were generated with a burn-in time of 200 

samples, a training length of 5500 samples, and a test length of 2500 samples. Across all 
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experiments, the time delay lines consisted of 𝑁 = 400 nodes. The ridge regression parameter 𝜆 

is set to be 10jf¸ for training in all experiments. 

8.4.1. Experiment Setting 1 

A total of ten NARMA10 signals were generated with the default parameters specified in 

Evaluation Task. For each signal, six experiments were performed to test the feasibility and 

performance of spike-encoding DFR and its comparison with a baseline DFR. The role of the 

encoder in the test accuracy is also evaluated by running the experiment several times with 

varying encoder parameters. Code 2 was employed for all experiments. 

Five experiments were run using the spike-encoding DFR, where for each experiment a 

different number of bits was employed in the encoder output including: one of 4, 6, 8, 10, 12. 

The sixth experiment is realized with the “baseline” encoder, which has no spike coding. For 

each of the total of sixty experiments, the normalized root mean squared error averaged over the 

ten NARMA10 realizations is stored for comparison. 

8.4.2. Experiment Setting 2 

For these experiments, the parameters 𝛾 and 𝜂 were replaced from what is specified in the 

previous section to test a range of values including, 𝛾 ∈ 	 [0.01: 0.2: 20] and 𝜂 ∈ 	 [0.1: 1: 20]. 

Then, for each parameter setting (out of a total of 400), a random NARMA10 sequence can be 

generated, following the same procedures as specified in the previous experimental setting, to 

test the spike-encoding DFR (using code 2) with a fixed number of bits in the encoder. These 
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steps are performed three different times with a new dataset each time for each of the 400 

possible parameter choices, and the average NRMSE is recorded for each case. 

Table 8.2. Default parameters for baseline NARMA 10 and spike-encoding NARMA10 DFR experiment. The spike-
encoding parameters are employed except for the parameter search in the last experiment. 

 Baseline NARMA10 DFR Spiking NARMA10 DFR 

𝜸 5.01𝑒 − 4 5.01𝑒 − 4 

𝜼 0.738173 1 

𝒑 1.01164 0.948 

𝜽 0.908 7.51164 

𝒐𝒇𝒇𝒔𝒆𝒕 1.054321 1.054321 

 

 Results and Discussion 

To modify the elements and processing steps inside the reservoir such that it can receive 

input spiking signals several steps need to be taken into consideration, including finding an 

appropriate spiking encoder. The input signal must be converted to a spiking signal, a sequence 

of spike trains, by encoding each discrete point in the continuous signal into a binary sequence. 

The encoder needs to be able to capture the amplitude variability in the continuous signal by 

producing distinct sequences according to different inputs and the same sequence for the same 

input.  

In this case two different encoders were taken into consideration. The first encoder has been 

successfully implement in hardware [25] and employs a fixed window on which it can encode 

spikes. However, given that the encoding scheme produces inter-spike intervals, a digital 

implementation requires a minimum firing rate or frequency 𝑑𝑡 required to create the spike train 
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that is prohibitively large. In particular, for this encoder, several inter-event intervals were 

generated for ten NARMA10 sequences, implemented as described previously, for which some 

values of 𝐷 felt below 1e-7 and thus the spike train would need to be encoded with a 2`Ë bit 

sequence in order to have every spike generated by the encoder sampled by the uniform 

sampling rate. If the output of the encoder was down sampled such that the rate is set as 𝑑𝑡 =

1𝑒 − 3, the spike train would present heavy loss of information and not able properly to discern 

among different inputs which would limit the training task. Thus, the second encoding 

mechanism was implemented and tested at different bit rates in order to give a validation of the 

spike-encoding or spiking DFR concept. 

 

Figure 8.3. Spike train for a single input for the encoding mechanism presented in [25] with 𝑥c = 0.9, N=4, 𝛽 = 3. 

The masking function employed to add parallelism to the system across its states in the reservoir 

was also taken into consideration. To better serve the spike encoding mechanism in the DFR, the 

masking function must also be adapted such that it can work as flag signal to denote different 

reservoir states, previously performed through time-multiplexing for a continuous signal. In the 

original paradigm, every time delay 𝜏, the binary mask function is multiplied by the same input, 

thus 𝐽(𝑡) is formed by scaled input masks changing only in amplitude but not temporal 

characteristics every 𝜏.	Since the focus in this paradigm involves a spiking sequence which 
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encodes information only through the time intervals between the spikes, the new mask must be 

updated to avoid generating a sequence of spike trains with different amplitudes, thus adding 

parameters to the time encoding spiking sequence. To maintain the system dynamics, this mask 

would also need to last 𝜏, the length of time necessary to capture a snapshot of the reservoir state 

and present the same periodic properties for every node, that is every 𝜃. Several masking 

functions were tested with the algorithm as depicted in Table 8.1, even those which would have 

changed the spiking train in amplitude; however, most of these failed to provide results 

achieving NRMSE below to 0.5. The masks that included positive and negative parameters did 

not work well with spikes. This might have been due to the properties of the nonlinear node, and 

the different variables in the Mackey Glass equation, which would need a different exponent 𝑝 to 

work well with negative inputs. 

Implementing the mask operation for a spike-encoding DFR presents additional challenges in 

the case of the encoding strategy given by code 1. Since digital simulation requires a very small 

sampling time to accurately sample signals encoded with this strategy, applying a mask to this 

high-rate signal will increase the length of the signal by a multiplicative factor of 𝑁. This makes 

training difficult and possibly infeasible on non-commodity PCs. One strategy to avoid this 

problem could be to not apply a mask function when using the spike encoded signal. However, 

this would be expected to give poor performance, given that the role of the masking function is 

to increase the variability of the inputs applied to the DFR and encourage diversity of the 

reservoir states. 

To expand on the last point, recall that the masking function is analogous to the random input 

weights in a ESN-type reservoir computing system. When the mask is not applied, this is 

equivalent to the input layer being an identity function. This is a general deficiency of the spike-
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encoding DFR method: in the case of the traditional DFR, the mask function can be a positive 

Bernoulli sequence that promotes rich transient-state behavior of the Mackey-Glass nonlinear 

node, and applying the mask to the input produces an amplitude modulation of this mask 

sequence that effectively activates the rich dynamics of the nonlinear node further. In contrast, 

the spike-encoding DFR has no ability to apply this amplitude modulation, although the spiking 

sequence can be viewed as a “data-dependent mask” by analogy with the positive Bernoulli mask 

type. To further improve the viability of spike-encoding DFRs and encoders such as code 2 for 

neural computation, this particular deficiency of the method would need to be addressed. 

For code 2, the best performing mask was the positive Bernoulli generated sequence of spike 

trains. This mask serves also to preserve the spiking properties of the input signal. The Bernoulli 

mask is also an ideal result given its feasibility for hardware implementation. To generate the 

input signal to the reservoir from the spiking signal 𝑠(𝑡) as well as 𝑚(𝑡), a fixed bias was 

included. Given the binary nature of a spike train, information would be completely discarded at 

intervals in which either the mask or the encoded sequence were in their off state. This allows the 

encoded input to activate transient dynamics of the Mackey-Glass nonlinear node even when the 

spiking input is in the off state. 

Given the selected encoding mechanism and mask function in addition to the fixed bias, 

several experiments were implemented to determine the best possible configuration for the spike-

encoding delayed-feedback reservoir (DFR). The result from the experimental setting 1 is 

represented in Figure 8.4. The test NRMSE for ten random datasets is averaged to obtain a vector 

of six NRMSEs, one for each bit setting evaluated, and an additional NRMSE for the baseline 

DFR. As can be observed, encoding the signal with fewer bits provides a better outcome in terms 

of the test NRMSE than when a greater number of bits are used. This is because quantization of 
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the input signal acts as an additional form of implicit regularization, which coupled with the 

ridge regression improves the test NRMSE. In addition, the number of parameters in the 

aggregate state matrix grows quadratically with increasing number of bits in the encoder, making 

the learning problem more challenging. Although it is not presented here, the training NRMSE 

increases steadily as the quantization level is decreased. The flat lower bound, which indicates 

the performance in terms of NRMSE of the non-spiking configuration of the DFR, still performs 

better than the spike-encoding DFR. By connection with the performance assessments given in 

[24], it can be seen that good performance of the DFR relative to benchmark hardware 

implementations of reservoir computers can be obtained by using 4 or 6 bits in the code 2 

encoder. The top performance reported in [24] for numerical simulations on NARMA10 with 

𝑁 = 400 was NRMSE 0.12, which is a factor of two better than the top average result here. 

 

Figure 8.4. Spike-encoding DFR NRMSE performance across different encoding rates averaged for ten different 
datasets. The blue curve represents the NRMSE average for ten trials with the spike-encoding DFR. The error bars 
in the blue curve represent one standard deviation above and below the average NRMSE over all the trials. The red 
curves represent the maximum and minimum observed NRMSE for at each bit setting. The line labeled “baseline 
encoder” represents the average NRMSE when the traditional DFR reservoir was employed. 
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To explore the best bit rate necessary to encode the continuous NARMA10 sequence as a 

spiking sequence, twenty random NARMA10 datasets were generated for thirty-two possible bit 

settings for code 2. Each dataset was quantized according to the desired current bit setting and 

the NRMSE was calculated relative to the original signal. The average NRMSE between twenty 

random quantized NARMA10 input and the true NARMA10 input for encoder with bit settings 

ranging from 1-bit to 32-bits is depicted in Figure 8.5. The quantization can be performed using 

the full range of the NARMA10 sequence (see quantizing equation). This should be contrasted 

with the previous figure, which shows that less accurate representation of the original signal 

leads to improved test NRMSE for this task. However [24] reports that noise sensitivity can be 

critical in hardware applications of DFRs, thus the following quantization error curve could be 

useful to meet a desired performance level in these applications. 

 

Figure 8.5. Average quantization NRMSE (log scale) with respect to number of bits in spike encoder ranging from 
1-bit to 32-bits, for twenty random NARMA10 sequences. 
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Figure 8.6 and Figure 8.7 depict segments of the training phase and testing phase predicted 

NARMA10 outputs plotted alongside the true output for the spike encoded TDL. In each case, 

the number of bits in the encoder is set to be six, and the default parameters (specified 

previously) are employed to run another NARMA10 spike-encoded experiment until the output 

NRMSE is lower than the average NRMSE calculated for the 6-bit encoder. The vectors of the 

predicted and true outputs for both the training and test sets are stored. Given these vectors, the 

best and the worst length-400 windows, measured in terms of the mean absolute deviation over 

the window, can be identified to visualize the difference between the predicted and output signal 

when the system is performing at its best and its worst condition. As can be seen from Figure 8.6 

and Figure 8.7, the NRMSE of the training set is better than that of the test set. In these short 

segments, it would appear that in the training set with best performance, the spike train sequence 

can predict short inflections but misses some of the longer inflections (as in index 4700 and 

4975). However, some of the steep inflections such as in index 4750 and 4850 are lost. In the test 

set this cannot be visualized clearly. In the worst performance case, the spike-encoding DFR 

missed both peaks and inflections across the visualized segment. However, it is important to note 

that the predictions of the DFR can maintain a reasonable level of accuracy even after encoding 

into spikes using code 2 over the length 2500 test set. 



 
 

 115 

 

Figure 8.6. Training set performances for the spiking DFR with NRMSE=0.188. The windows are extracted as these 
have the best (top figure) and worst (bottom figure) performances with respect to the output. 

 

Figure 8.7. Test set performances for the spiking DFR with NRMSE=0.262. The windows are extracted as these 
have the best (top figure) and worst (bottom figure) performance with respect to the output. 
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Figure 8.8 and Figure 8.9 represent the signal outcomes for an encoder generated as in the 

previous case, but with the original non-spiking DFR. These figures show two length-400 

windows where the trained encoder is doing relatively well and relatively poorly in terms of the 

median absolute error as described above. By comparing these sets of figures from both the 

spiking and non-spiking DFR, it can be noted that even though the overall performance was not 

improved through the spike encoding, the proposed configuration did not overfit, as would have 

been the case if the non-spiking or non-positive masking function had been employed. 

 

 

Figure 8.8. Training set performances for a regular (non-spiking) DFR with NRMSE=0.077. The windows are 
extracted as these have the best (top figure) and worst (bottom figure) performances with respect to the output. 
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Figure 8.9. Test set performances for a regular (non-spiking) DFR with NRMSE=0.069. The windows are extracted 
as these have the best (top figure) and worst (bottom figure) performances with respect to the output. 
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Figure 8.10 shows the NRMSE heat map for different settings of the Mackey-Glass 

parameters 𝜂 and 𝛾 when the remaining parameters are set according to Table 8.2 spike-encoding 

NARMA10 DFR column and 𝑁 = 400. A region of NRMSE ≈ 0.4 is found in the upper right 

portion of the parameter heatmap. Extrapolating from here, the parameters employed in Table 

8.2 can be arrived at for giving the best NRMSE for the spiking DFR. Comparing the parameters 

used for the two systems, it can be observed that the two encoding strategies require very 

different parameters to function correctly in terms of NRMSE. Setting 𝜂 to be 1 makes the 

nonlinear node operate in a very different mode of operation compared to the setting of 0.73 

employed for the baseline encoding case [24]. 

 

Figure 8.10. Parameter Heatmap for Spiking DFR with 𝜃 = 0.948, 𝑝 = 7.51164,	𝑁 = 400. 
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Conclusion 

In this work, we have sought to provide some methodologies to improve the efficiency of in 

vivo electrophysiological experiments. First, we provided a series of steps to produce 

extracellular recording models that take into consideration not only the noise level which may be 

present in the recordings with respect to the amplitude of an action potential, but also the firing 

variability inherent to various types of population of neurons, as well as possible sources of 

waveform variability that are usually excluded while testing spike detection algorithms. The 

provided models present a rich variability of firing rates and inter-event intervals measured in 

terms of the coefficient of variation and local variation coefficient that can reproduce the 

different changes in firing activity in previously recorded experiments involving thousands of 

neurons across several different cortical areas. 

Furthermore, we presented an efficient method to detect spikes by analyzing biophysical 

parameters in action potentials including the pulse lifetime period and the refractory period. As 

reported, these parameters make the proposed method less sensitive to noise in comparison to 

other more commonly employed amplitude-based techniques. Moreover, the adapted algorithm 

was found to be more robust than the other algorithms under comparison, in terms of fewer 

errors across the spectrum of parameters each algorithm has that can be employed for detection. 

Most commonly employed online spike detection algorithms are highly susceptible to changes in 

noise level and their performance decays prematurely under the presence of artifacts in a modest 

SNR setting. The results presented indicate that the adapted algorithm could be optimal for use in 

several paradigms due to its flexible characteristics. We propose to use the adapted algorithm as 
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a standalone detection method since it does not require complex adaptation techniques that other 

more constrained methods with similar waveform based approaches or equally low 

computational costs (e.g. template matching) would need to be valid for prolonged times. This is 

due to known, yet not fully understood, changes in recordings such as tissue drift (spike shape) 

and electrode degradation (noise level) [14]. 

We also proposed a sequence of automated steps to identify possible channels that may 

present spurious activity or may be malfunctioning and to evaluate the firing activity of neurons 

online to determine possible reference or trigger neurons. To date, most of the analysis and pre-

processing before an in vivo experiment is performed visually, given the limited recording period 

an experimenter has after an animal is put under anesthesia, and thus it is subject to user error 

and user bias. In the series of steps presented, analysis of the integrity of the recordings, suitable 

online detection and sorting techniques, and suitable options for activity evaluation can aid in 

determining viable channels and possible reference neurons in a timely manner before the 

beginning of an experiment. This sequence of steps was shown to match in ten out of eleven 

experiments the trigger or reference neurons selected originally selected by the expert user, by 

considering the firing characteristics of the neuron in addition to the noise level of the recording 

electrode. This analysis was performed on data collected from animals under anesthesia, but it 

could be further extended to include additional sources of artifacts present on awake-behaving 

animals. 

  There are several applications where RC networks perform competitively with traditional 

RNN methods including nonlinear system identification, classification and prediction tasks while 

using a fraction of the training resources. Delayed feedback reservoirs, an example of minimum 

complexity reservoirs, have attained recognition as viable alternatives to more complex reservoir 
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computing systems given their ubiquitous applications and their efficiency, their low hardware 

complexity, and hence low power requirements [24, 26]. Furthermore, neuromorphic spiking 

neural networks implemented in digital and analog circuits have become widely popular given 

their low programming energy, fast programming times, and comparable performance to 

traditional systems [25]. In this work, we aimed to implement a delayed-time reservoir able of 

processing spikes to pave the way of high performing analog and digital spiking neural networks. 

The implemented network was able to process a sequence of spike trains subject to a masking 

procedure with a masking function also formed with spike trains, both subject to a small bias that 

ensured the information from the original signal was encoded in terms of only the inter-event 

intervals in the spike train and not its rate, and displayed comparable performance to a non-

spiking DFR. This bias of 0.1, which can be considered as a DC offset, had a much better 

performance than the paradigm where both the signal and mask were only binary sequences, 

either zero or one. Even though the performance was not improved with respect to the non-

spiking DFR, the proposed configuration can serve as a reference to design new low-power 

analog IC design schemes for reservoir computing and shows promise as an application for 

advanced low-power spike encoding circuits. 
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 Appendix A 

The following tables present the maximum likelihood estimates 𝜃 for the exponential, 

gamma, and inverse. CI (95% confidence interval for the parameter). ISI (inter-spike interval 

mean ±	standard deviation in ms). AIC (Akaike’s information criterion). KS (Kolmogorov-

Smirnov statistic) [57-59]. 

Table 10.1. Segment #1 Profile #1 parameters. 

(1,1) Exponential Gamma Inverse Gaussian 

 𝜆 𝛼 𝜆 𝜇 𝜆 
𝜃 0.032734 2.3275 0.076188 30.5495 56.7467 
CI [0.040 0.026] [1.773 3.056] [0.103 0.056] [25.944 35.155] [40.258 73.235] 

ISI 
30.549 
±	30.549 

30.549 ±	20.024 30.549 ±	22.415 

AIC 207.294 229.205 213.765 
KS 0.032 0.021 0.152 

 

Table 10.2. Segment #1 Profile #2 parameters. 

(1,2) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.036713 2.1631 0.079414 27.2381 47.2495 
CI [0.044 0.030] [1.681 2.784] [0.105 0.060] [23.282 31.194] [34.468 60.030] 

ISI 
27.238 
±	27.238 

27.238 ±	18.520 27.238 ±	20.681 

AIC 101.134 97.505 97.218 
KS 0 0.014 0.014 
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Table 10.3. Segment #1 Profile #3 parameters. 

(1,3) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.048311 16.0217 0.77402 20.6993 317.8573 
CI [0.057 0.041] [12.737 20.153] [0.977 0.613] [19.834 21.565] [244.181 391.534] 

ISI 
20.699 
±	20.699 

20.699 ±	5.171 20.699 ±	5.282 

AIC 41.963 43.117 43.029 
KS 0 0 0 

 

Table 10.4. Segment #1 Profile #4 parameters. 

(1,4) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.053355 13.2805 0.70858 18.7425 213.7072 

CI [0.062 0.046] [10.745 16.414] [0.879 0.571] [17.901 19.584] 
[167.869 
259.545] 

ISI 
18.743 
±	18.743 

18.743 ±	5.143 18.743 ±	5.551 

AIC 41.979 43.636 41.199 
KS 0 0 0 

 

Table 10.5. Segment #2 Profile #1 parameters. 

(2,1) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.033333 3.005 0.10017 30 77.0934 
CI [0.035 0.031] [2.778 3.251] [0.109 0.092] [28.905 31.095] [70.717 83.470] 

ISI 
30.000 
±	30.000 

30.000 ±	17.306 30.000 ±	18.714 

AIC 226.443 277.997 249.529 
KS 0 0 0 
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Table 10.6. Segment #2 Profile #2 parameters. 

(2,2) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.025786 2.3785 0.061333 38.7805 74.3009 
CI [0.028 0.024] [2.172 2.605] [0.068 0.055] [36.863 40.698] [67.109 81.493] 

ISI 
38.780 
±	38.780 

38.780 ±	25.145 38.780 ±	28.017 

AIC 263.934 291.609 273.601 
KS 0 0.001 0.001 

 

Table 10.7. Segment #2 Profile #3 parameters. 

(2,3) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.012357 1.0417 0.012872 80.929 37.8352 
CI [0.014 0.011] [0.869 1.249] [0.016 0.010] [63.780 98.078] [30.083 45.588] 

ISI 
80.929 
±	80.929 

80.929 ±	79.291 80.929 ±	118.361 

AIC 238.427 231.152 240.298 
KS 0.003 0 0.012 

 

Table 10.8. Segment #2 Profile #4 parameters. 

(2,4) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.01591 1.8757 0.029842 62.8537 76.0381 
CI [0.017 0.014] [1.654 2.127] [0.034 0.026] [57.369 68.339] [65.717 86.359] 

ISI 
62.854 
±	62.854 

62.854 ±	45.894 62.854 ±	57.145 

AIC 228.09 220.387 223.468 
KS 0 0.153 0.004 
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Table 10.9. Segment #3 Profile #1 parameters. 

(3,1) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.034532 2.5065 0.086554 28.9583 58.2846 
CI [0.040 0.030] [2.076 3.026] [0.107 0.070] [26.071 31.846] [46.625 69.944] 

ISI 
28.958 
±	28.958 

28.958 ±	18.291 28.958 ±	20.412 

AIC 159.093 170.378 161.953 
KS 0 0.034 0.034 

 

Table 10.10. Segment #3 Profile #2 parameters. 

(3,2) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.026628 2.1117 0.056231 37.554 58.2253 
CI [0.031 0.022] [1.696 2.629] [0.072 0.044] [32.540 42.568] [44.536 71.914] 

ISI 
37.554 
±	37.554 

37.554 ±	25.843 37.554 ±	30.160 

AIC 137.81 132.948 133.198 
KS 0 0.018 0.029 

 

Table 10.11. Segment #3 Profile #3 parameters. 

(3,3) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.018293 1.8738 0.034277 54.6667 67.2097 
CI [0.022 0.015] [1.430 2.455] [0.047 0.025] [44.481 64.852] [47.573 86.847] 

ISI 
54.667 
±	54.667 

54.667 ±	39.935 54.667 ±	49.302 

AIC 231.562 227.412 228.094 
KS 0.282 0.196 0.176 
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Table 10.12. Segment #4 Profile #1 parameters. 

(4,1) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.014773 2.1021 0.031054 67.6923 87.6229 
CI [0.019 0.011] [1.469 3.007] [0.047 0.021] [51.521 83.864] [53.942 121.303] 

ISI 
67.692 
±	67.692 

67.692 ±	46.689 67.692 ±	59.498 

AIC 241.074 233.403 236.363 
KS 0.107 0.165 0.218 

 

Table 10.13. Segment #4 Profile #2 parameters. 

(4,2) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.038155 4.5274 0.17274 26.2088 111.3169 
CI [0.044 0.033] [3.713 5.521] [0.213 0.140] [24.361 28.056] [88.446 134.188] 

ISI 
26.209 
±	26.209 

26.209 ±	12.317 26.209 ±	12.717 

AIC 101.662 110.908 106.67 
KS 0 0 0 

 

Table 10.14. Segment #4 Profile #3 parameters. 

(4,3) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.035575 3.1828 0.11323 28.1098 79.6142 
CI [0.041 0.030] [2.590 3.911] [0.142 0.091] [25.553 30.666] [62.382 96.846] 

ISI 
28.110 
±	28.110 

28.110 ±	15.756 28.110 ±	16.703 

AIC 114.527 118.12 115.088 
KS 0 0 0 
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Table 10.15. Segment #4 Profile #4 parameters. 

(4,4) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.017127 1.0465 0.017924 58.3871 33.6003 
CI [0.024 0.012] [0.674 1.625] [0.031 0.010] [31.293 85.481] [16.873 50.328] 

ISI 
58.387 
±	58.387 

58.387 ±	57.075 58.387 ±	76.967 

AIC 244.752 238.401 245.396 
KS 0.12 0.067 0.518 

 

Table 10.16. Segment #5 Profile #1 parameters. 

(5,1) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.022145 2.2282 0.049341 45.1579 72.7648 
CI [0.027 0.018] [1.708 2.907] [0.066 0.037] [38.004 52.312] [52.072 93.458] 

ISI 
45.158 
±	45.158 

45.158 ±	30.252 45.158 ±	35.575 

AIC 206.928 208.314 205.144 
KS 0.006 0.053 0.057 

 

Table 10.17. Segment #5 Profile #2 parameters. 

(5,2) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.019726 2.7842 0.054921 50.6944 98.9222 
CI [0.025 0.015] [2.044 3.793] [0.077 0.039] [42.312 59.077] [66.608 131.236] 

ISI 
50.694 
±	50.694 

50.694 ±	30.382 50.694 ±	36.291 

AIC 189.133 187.122 185.786 
KS 0.018 0.341 0.068 
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Table 10.18. Segment #5 Profile #3 parameters. 

(5,3) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.013125 0.93501 0.012272 76.1905 31.7878 
CI [0.017 0.009] [0.643 1.360] [0.020 0.008] [40.517 111.864] [18.192 45.383] 
ISI 76.190 76.190 76.190 78.794 76.190 117.956 

AIC 239.121 233.253 242.985 
KS 0.052 0.009 0.195 

 

Table 10.19. Segment #5 Profile #4 parameters. 

(5,4) Exponential Gamma Inverse Gaussian 
  λ α λ µ	 λ 
θ 0.016887 1.9803 0.03344 59.2188 71.3364 

CI 
[0.021 
±	0.013] 

[1.436 2.731] [0.048 0.023] [46.000 72.438] [46.620 96.053] 

ISI 59.219 59.219 59.219 ±	42.082 59.219 ±	53.955 
AIC 229.418 223.561 225.288 
KS 0.385 0.654 0.005 
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 Appendix B 

The following tables show the AIC (Akaike’s information criterion) for all the models fitted 

to every profile in each recording segment.  

Table 11.1. AIC for profiles in recording segment #1. 

Profile Exponential Gamma Inv Gaussian GLM 2 GLM 5 GLM 70 

1 207.294 229.205 213.765 202.953 201.522 162.765 

2 101.134 97.505 97.218 272.965 270.446 208.988 

3 41.963 43.117 43.029 309.072 262.082 231.536 

4 41.979 43.636 41.199 384.623 377.753 272.28 

 

Table 11.2. AIC for profiles in recording segment #2. 

Profile Exponential Gamma Inv Gaussian GLM 2 GLM 5 GLM 70 

1 226.443 277.997 249.529 3631.553 3517.658 3411.532 

2 263.934 291.609 273.601 2650.874 2623.068 2548.691 

3 238.427 231.152 240.298 899.513 903.652 789.003 

4 228.09 220.387 223.468 1600.758 1600.328 1537.006 

 

Table 11.3. AIC for profiles in recording segment #3. 

Profile Exponential Gamma InvGaussian GLM 2 GLM 5 GLM 70 

1 159.093 170.378 161.953 513.202 515.494 445.6 

2 137.81 132.948 133.198 466.644 467.351 410.918 

3 231.562 227.412 228.094 298.304 296.028 257.513 
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Table 11.4. AIC for profiles in recording segment #4. 

Profile Exponential Gamma InvGaussian GLM 2 GLM 5 GLM 70 

1 241.074 233.403 236.363 213.259 212.759 170.629 

2 101.662 110.908 106.67 465.992 472.494 394.884 

3 114.527 118.12 115.088 452.37 450.233 316.739 

4 244.752 238.401 245.396 136.344 135.282 98.246 

 

Table 11.5. AIC for profiles in recording segment #5. 

Profile Exponential Gamma InvGaussian GLM 2 GLM 5 GLM 70 

1 206.928 208.314 205.144 332.377 330.483 284.16 

2 189.133 187.122 185.786 239.015 233.961 207.622 

3 239.121 233.253 242.985 173.489 176.541 158.029 

4 229.418 223.561 225.288 229.556 225.314 200.279 
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 Appendix C 

The noise levels from recordings from twenty-three experiments following the same 

methodology as described in In Vivo Neurophysiology are summarized in the following tables. 

Table 12.1. Noise standard deviation from extracellular recording segments containing only noise (no action 
potentials) extracted for eight/sixteen electrodes from MEAs employed in twenty-three different experiments. 

Ex ID 1 2 3 4 5 6 7 8 
1 4.92 6.24 4.84 4.81 6.36 6.49 6.64 6.21 
2 6.29 6.38 6.49 6.40 8.63 8.78 8.76 8.69 
3 5.33 5.46 5.33 5.71 5.42 5.70 6.04 5.47 
4 7.72 7.42 7.97 7.74 7.42 7.54 7.98 7.67 
5 8.66 8.50 8.20 8.30 8.19 8.32 8.43 8.10 
6 8.96 7.48 8.76 6.85 6.87 7.41 8.35 7.02 
7 7.03 6.89 6.89 9.48 6.82 6.85 6.63 8.22 
8 5.46 7.23 5.62 6.96 7.07 7.42 7.33 6.97 
9 10.87 10.96 12.55 11.62 11.39 11.88 12.14 11.31 

10 13.54 10.32 8.33 8.12 8.19 9.67 11.10 9.83 
11 6.54 7.59 6.71 8.22 7.03 7.09 8.43 7.89 
12 10.69 11.07 10.51 10.92 11.88 11.72 11.08 11.14 
13 7.64 7.13 7.87 7.20 6.79 7.08 7.87 6.97 
14 7.55 7.42 7.57 7.44 7.62 7.93 7.43 7.62 
15 6.46 6.48 6.52 6.39 6.43 7.00 6.46 6.82 
16 5.81 5.94 6.36 6.02 6.28 6.08 5.80 5.93 
17 10.92 6.22 6.83 6.17 5.68 6.25 6.09 5.57 
18 6.23 5.00 4.99 5.22 5.30 5.25 5.87 6.10 
19 7.25 6.20 6.67 5.45 5.45 5.47 7.29 6.31 
20 6.52 5.29 7.00 6.49 5.69 6.67 6.38 6.37 
21 5.70 4.79 5.58 5.71 4.83 6.05 5.74 5.58 
22 5.06 4.71 5.37 4.90 4.75 6.06 4.99 5.14 
23 6.45 5.58 7.23 7.13 5.76 6.52 6.59 6.20 
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Table 12.2. Noise standard deviation from extracellular recording segments containing only noise (no action 
potentials) extracted for eight/sixteen electrodes from MEAs employed in twenty-three different experiments. 

Ex ID 9 10 11 12 13 14 15 16 
1 6.53 6.39 6.64 6.27 6.66 7.06 6.69 6.56 
2 8.33 8.21 8.80 7.94 9.00 9.17 8.18 8.89 
3 5.44 5.78 6.03 5.38 5.63 5.76 6.13 5.66 
4 7.37 7.79 8.08 7.61 7.77 7.80 7.95 7.74 
5 8.04 8.59 8.17 7.99 8.77 8.31 8.45 8.14 
6 7.37 7.14 7.10 7.01 7.77 7.42 7.04 7.26 
7 6.79 9.00 9.99 7.99 5.81 6.79 7.03 7.53 
8 7.22 7.81 7.09 7.05 7.31 7.42 7.64 7.05 
9 11.44 12.09 11.73 11.59 12.35 11.87 11.85 11.85 

10 9.32 10.95 9.76 10.02 10.75 10.44 9.77 10.15 
11 7.25 7.86 7.96 7.85 8.31 7.40 7.73 7.48 
12 11.38 11.21 10.99 11.03 11.08 11.24 11.37 11.18 
13 6.91 7.63 7.78 6.93 7.11 6.88 7.15 6.82 
14 7.33 7.70 8.06 7.48 7.24 6.97 7.83 7.01 
15 6.47 6.87 6.74 6.36 6.76 6.55 6.88 6.69 
16 5.89 5.78 6.00 5.77 5.86 5.86 6.00 5.89 
17 5.28 6.29 5.93 5.15 6.03 6.97 5.89 15.75 
18 5.34 7.41 5.69 5.47 5.32 6.03 4.93 6.22 
19 6.79 6.60 6.96 6.24 7.15 7.20 6.78 7.74 
20 5.70 6.28 6.53 6.47 6.50 6.13 5.79 6.11 
21 4.69 5.81 5.14 5.33 6.05 6.05 4.78 5.17 
22 4.87 4.88 6.03 5.03 4.66 5.35 5.00 5.62 
23 5.74 6.43 7.25 6.29 6.59 5.91 6.18 6.22 
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