Imperial College London

Department of Electrical and Electronic Engineering

Signal Processing and Deep Learning Methods
for Robust and Accurate Intracortical

Brain-Machine Interfaces

Nur Ahmadi

Supervised by:
Dr. Timothy G. Constandinou

Dr. Christos-Savvas Bouganis

Submitted in part fulfilment of the requirements for the degree of
Doctor of Philosophy in Electrical and Electronic Engineering of Imperial College London and

the Diploma of Imperial College London

July 2020



Declaration

I herewith certify that the work presented in this thesis is my original own. All material in this

thesis which is not my own work has been properly acknowledged.

Nur Ahmadi

The copyright of this thesis rests with the author. Unless otherwise indicated, its contents
are licensed under a Creative Commons Attribution-Non Commercial-No Derivatives 4.0 In-
ternational Licence (CC BY-NC-ND). Under this licence, you may copy and redistribute the
material in any medium or format on the condition that; you credit the author, do not use it
for commercial purposes and do not distribute modified versions of the work. When reusing or
sharing this work, ensure you make the licence terms clear to others by naming the licence and
linking to the licence text. Please seek permission from the copyright holder for uses of this

work that are not included in this licence or permitted under UK Copyright Law.



To my beloved parents, my wife, and two little kids: Naila and Syaffa...

Knowledge is not merely what is memorised. Knowledge is what benefits.

— Imam Shafi’i

11



Abstract

Brain-machine interfaces (BMIs) have emerged as a promising assistive technology for restoring
lost motor functions in individuals with neurological disorders (e.g. spinal cord injury, amy-
otrophic lateral sclerosis, stroke) by allowing them to control external devices directly with
their thoughts. The last two decades have seen impressive progress in research and pilot clini-
cal trials of BMIs using intracortical microelectrode arrays. Most high-performance BMIs use
well-isolated neuronal action potentials (spikes) also known as single unit activity (SUA) as
the input signal. These SUA-based BMIs have been shown to suffer from signal instability and
longevity, therefore hampering their translation into widespread clinical use.

To mitigate this problem, numerous studies have proposed two alternative neural signal
inputs: multiunit activity (MUA) and local field potential (LFP). MUA represents the aggregate
spikes from an ensemble of neurons, whereas LFP is thought to mainly reflect summed synaptic
activity from a local population of neurons around the recording electrode. Despite offering
better signal stability and longevity, MUA- and LFP- based BMIs have been shown by several
studies to yield lower decoding accuracy than that of SUA-based BMIs. Thus, developing
robust and accurate BMIs remains a major challenge.

This thesis addresses the aforementioned challenge from neural signal processing and
decoding points of view and is composed of three parts. The first part focuses on our efforts
to push the performance of MUA-based BMIs forward. Specifically, we propose an adaptive
firing rate estimation method as feature extraction and evaluate its impact on the decoding
performance. The second part describes our attempts to improve the performance of LFP-
based BMIs further. Particularly, we develop decoding algorithms based on two variants of
deep learning methods, namely long short-term memory (LSTM) and temporal convolutional
network (TCN), and assess their decoding performance. In the last part of this thesis, we explore
another alternative neural signal referred to as entire spiking activity (ESA) and different deep
learning architectures to improve both the robustness and accuracy of decoding. We then
compare the decoding performance of ESA-based BMIs with that of SUA-, MUA-, and LFP-
based BMIs described in the previous parts. Furthermore, we investigate the relationship
between ESA and LFP by examining whether ESA can be solely inferred from LFP with high
accuracy. Overall, this thesis offers a new approach to advancing BMI research and gives insights
into signal processing and decoding design consideration towards clinically viable translation

of BMIs.
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1 Introduction

1.1 Motivation

Millions of people around the world live with partial or complete paralysis due to neurological
disorders such as spinal cord injury (SCI), amyotrophic lateral sclerosis (ALS), and stroke [1].
Paralysis conditions can severely impact the quality of life of the patients and their families.
Besides, the immediate and long-term care of the patients can represent a substantial economic
burden for societies as well as public and private health care services. For example, there
are approximately 1,270 to 2,500 new SCI patients every year in the UK, corresponding to
lifetime direct and indirect costs (including initial hospitalisation) of around £1.43 billion to
£3.7 billion [2], [3]. Combined with other neurological disorders, the total lifetime costs become
dramatically higher. Therefore, it is of great importance to address the psychological, societal,
and economic issues associated with paralysed patients.

Brain-machine interfaces (BMIs) have emerged as a potential solution to address the
issues mentioned above by restoring lost motor functions in paralysed patients, providing them
with some degree of independence without the need for specialist care services. According to
surveys on paralysed patients [4]-[6], hand movement and grasp are the highest priority of
functions that they desire to be restored. Towards this direction, substantial progress has been
made in the field of BMIs over the past two decades. Research and early clinical studies have
demonstrated that nonhuman primate (NHP) and human subjects were able to control exter-
nal devices such as a computer cursor |7]-[13] and robotic arm [14]-[18] to accomplish certain
tasks. These achievements are enabled partly by the significant advances in intracortical mi-
croelectrode technologies that allow simultaneous recordings of action potential (spike) activity

from large numbers of single neurons. This spiking activity, also known as single-unit activity



(SUA), has been predominantly used as the input signal for a decoder, the essential element
in a BMI system that translates neural activity into motor commands. However, despite com-
pelling results from animal experiments and pilot human clinical trials, SUA suffers from short-
and long-term instability which hampers the clinical translation of SUA-based BMIs [19]-]23].
The quality and number of recorded spikes gradually decline over time, which can degrade the
decoding performance. These adverse effects are thought to be primarily caused by the foreign
body response inducing glial scarring around the electrodes, micromotion of the electrodes, and
degradation of insulation properties [19], [23]-[25]. Moreover, due to high sampling rate (at
least 16 kHz) and complexity of spike sorting —a process of classifying spikes into distinct pu-
tative single units— on-chip spike processing or wireless transmission of the raw neural signals
for off-chip spike processing requires high power consumption [25]. This can, in turn, generate
more heat to the neural tissue and limit the device’s battery lifespan.

To mitigate the signal instability problem of SUA, multiunit activity (MUA) has been
proposed in the literature as an alternative input signal. MUA represents the aggregate spiking
activity from a local ensemble of neurons and can be obtained by spike detection (through
threshold crossing technique) without requiring spike sorting. It provides better signal stability
while offering simpler signal processing than SUA [19], [26], [27]. An alternative approach is to
utilise the local field potential (LFP) signals, thought to mainly reflect the summed synaptic
activity from a population of neurons near the recording electrodes [28]-[30]. It has been
postulated and demonstrated through experimental studies that LFPs exhibit long-term signal
stability [31]-[34] and retain movement-related information even when the spikes are lost [22],
[35]-[37]. Furthermore, LFPs can be extracted with a simple low pass filter and sampled at
lower rates, hence reducing power consumption. While there are appealing advantages of MUA
and LFP, a considerable number of published papers have reported lower decoding accuracy of
MUA [22], [26], [27], [38], [39] and LEP [33], [35], [39]-[41] compared to that of SUA. Thus, it
is critical to develop a BMI system that provides high decoding accuracy and can maintain its
accuracy over a long period of time (i.e. robust).

Decoding accuracy is heavily influenced by the choice of the decoding algorithm. A

vast majority of BMI studies employ linear decoders, such as Wiener filter (WF) [7], [8], [11],



[14], [15], [42], [43] and Kalman filter (KF) [12], [13], [44]-[48], which may not be optimal in
the face of nonlinear and nonstationary neural signals [49]. Despite the fact that there exist
nonlinear extensions of both algorithms, e.g. Wiener cascade filter (WCF) [35], [50]-[53] and
unscented Kalman filter (UKF) [54]-|57], the optimality of WCF and UKF are based on the
assumptions of stationary (additive) and Gaussian noises, respectively. Any violation of these
a priori assumptions would lead to degraded decoding performance. With the re-emergence of
artificial intelligence (AI) in recent years, particularly deep learning, we have seen its massive
adoption in a wide variety of applications (e.g. speech recognition, language translation, and
medical diagnostics) with state-of-the-art performances [58|, [59]. So far, however, there have
been few studies in the field of BMIs that utilise deep learning as the decoding algorithm [60]—
[62]. This opens new avenues for the development of a deep learning based decoder to improve
the decoding accuracy of BMIs. In other domains such as image and speech recognition, the
data have a fixed number of channel input, pixel array size (image) or sampling rate (speech).
In the field of BMIs, however, there is a lack of standardisation in neural dataset. Each dataset
is different since not only the underlying tissue but also the electrode array location/proximity
is different. It is thus challenging to leverage on big data, a key enabler of Al methods, for BMI

applications.

1.2 Research objectives

This thesis aims to develop neural signal processing and decoding methods for robust and ac-
curate BMIs. We use an existing, freely-available intracortical neural data chronically recorded
from the primary motor cortex area of a monkey while he was performing self-paced reaching
tasks. We evaluate our proposed methods for offline decoding of hand kinematics, specifically
the fingertip velocity. Decoding accuracy is quantified in terms of shape similarity and error
magnitude computed between the actual and decoded hand kinematics. Robustness is defined
as the sustained decoding accuracy over a long period of time. To achieve this ultimate aim,

we set three main objectives as follows:

e To improve decoding accuracy of MUA-based BMIs. Although many studies have sug-

gested that MUA is more robust than SUA, the decoding accuracy of MUA is usually



lower than that of SUA. The decoding accuracy is affected significantly by feature extrac-
tion and decoding algorithms. Most MUA-based BMIs employ a simple binning method
to extract firing rate estimates, that is, by counting the number of spikes within a pre-
defined window size. Regarding the decoding algorithm, they still primarily use linear
methods, such as Wiener filter and Kalman filter. These linear decoders could yield sub-
optimal performance since real neural signals often exhibit nonlinear, nonstationary, and
non-Gaussian noise properties, violating the decoders’ inherent assumptions. Therefore,
it is necessary to develop a new feature extraction and decoding algorithm to improve the

decoding accuracy of MUA-based BMIs.

To improve decoding accuracy of LEP-based BMIs. There are a plethora of studies demon-
strating the robustness of LFPs; unfortunately, these have not frequently been accompa-
nied by high decoding accuracy. Since LFPs are often contaminated by common (corre-
lated) noise, we need to perform noise removal in the preprocessing step. Before extracting
the features, LFPs are typically divided into several distinct frequency bands; for example,
delta, theta, alpha, beta, and gamma bands. Power spectra computed from these bands
can then be used as features. However, there is no consensus on how the frequency range
for each band is specified and which band carries the highest movement-related informa-
tion. It is thus crucial to investigate which feature is most informative (i.e. predictive)
for decoding tasks. Additionally, it is of great interest to combine feature extraction and
decoding algorithm into a single unified approach. This is aimed at eliminating the need

for a tedious process of manual feature extraction while at the same time improving the

decoding accuracy of LFP-based BMIs.

To explore another alternative input signal and decoding algorithm for robust and accurate
BMIs. We further attempt to address the issues of robustness and accuracy by simul-
taneously exploring another alternative input signal and decoding algorithm. The new
input signal and decoding algorithm will be benchmarked against the existing methods,
including our previously proposed methods associated with the two objectives above. In
addition, it is beneficial to examine the relationship between the new input signal and

other commonly used input signals (SUA, MUA, and LFP).



1.3 Thesis outline

This thesis is composed of three parts corresponding to the three aforementioned objectives.
Each part comprises two technical chapters. The overall structure this thesis is organised as

follows:

e Chapter 2 | Brain-Machine Interface: Background and State of the Art
This chapter provides the necessary background on brain-machine interfaces (BMIs) fo-
cusing especially on neural signal processing and decoding methods. It starts with a brief
history of BMIs, followed by an overview of BMI components. It continues with a descrip-
tion of different types of BMI input signals along with their advantages and challenges.
Lastly, it reviews different decoding approaches and algorithms with a highlight on the

current state of the art.
Part I Improving Decoding Accuracy of MUA-based BMIs

e Chapter 3 | Firing Rate Estimation Using Bayesian Adaptive Kernel Smoother (BAKS)
This chapter addresses the challenges in estimating firing rate from single-trial spike
trains as commonly performed during feature extraction step in spike-based BMIs. We
present a new method based on kernel smoothing technique, referred to as Bayesian
adaptive kernel smoother (BAKS), which considers the bandwidth parameter as a random
variable with a prior distribution that is adaptively updated under an empirical Bayesian
framework. We evaluate the performance of BAKS on both synthetic and real spike trains

and demonstrate improved performance compared to other methods.

e Chapter 4 | Enhanced MUA-based BMIs with BAKS and Deep Learning
This chapter approaches the decoding accuracy issue of MUA-based BMIs from both
feature extraction and decoding algorithm perspectives. Many studies employ a simple
binning method for the former and linear decoder for the latter. Here, we apply BAKS
(introduced in Chapter 3) for extracting features (i.e. firing rate) and propose a deep
learning decoder based on long short-term memory (LSTM). We show that the proposed

methods yield better decoding accuracy than the conventional methods.



Part II Improving Decoding Accuracy of LFP-based BMIs

e Chapter 5 | Decoding Hand Kinematics from LFPs Using Deep Learning
This chapter proposes decoding algorithms based on two different deep learning tech-
niques, namely recurrent neural network (RNN) and convolutional neural network (CNN).
Particularly, we utilise an RNN with LSTM architecture (described in Chapter 4) driven
by features that are extracted manually. Next, we exploit a special type of CNNs called
temporal convolutional network (TCN) to learn the features automatically and decode
hand kinematics from LFPs in a single unified approach. By doing so, we can eliminate
the time-consuming process of manual feature extraction and learn features that are op-
timised for the decoding tasks. These proposed methods are shown to achieve better
decoding accuracy than a commonly used Kalman filter. We further analyse features

automatically learnt from TCN and features extracted from manual process.

e Chapter 6 | Impact of Referencing Scheme on Decoding Performance of LFP-based BMI
This chapter considers the problem of common noise that often contaminates LFPs when
recorded with respect to a unipolar reference. Several referencing schemes have been pro-
posed to remove common noise, such as bipolar reference, current source density (CSD),
and common average reference (CAR). We investigate the impact of these referencing
schemes on decoding performance of LEFP-based BMI. We also examine the impact of
interelectrode distance and interchannel correlation on decoding performance. The per-
formance evaluation is undertaken across long-term recording sessions using different fea-

tures and deep learning decoders.
Part III Developing Robust and Accurate BMIs

e Chapter 7 | Robust and Accurate Decoding of Hand Kinematics from Entire Spiking
Activity Using Deep Learning
This chapter aims to improve both robustness and accuracy of BMIs by exploring a new,
alternative input signal and decoding algorithm. We propose entire spiking activity (ESA)
as the input signal and quasi-recurrent neural network (QRNN) as the decoder. The

proposed ESA-driven QRNN decoder is compared against SUA-, MUA-, and LFP-driven



decoders developed in the previous chapters. We also examine the stability characteristics
of each input signal over time. Moreover, we assess the impact of different decoder’s

training schemes and the amount of training data on decoding performance.

Chapter 8 | Inferring Entire Spiking Activity from LFPs with Deep Learning

This chapter attempts to shed light on the relationship between ESA and LFP by in-
vestigating whether we can infer ESA solely from simultaneously recorded LFPs. We
employ an LSTM based deep learning as an inference method and evaluate it on neu-
ral recordings from monkeys’ motor cortex during point-to-point and instructed delay
reach-to-grasp tasks. We analyse which LFP features are most informative about ESA.
Next, we compare the inference accuracy of ESA with that of SUA and MUA. Finally,
we examine the contribution of each LFP channel and the effect of the number of LFP

channels on the inference accuracy.

Chapter 9 | Conclusions and Future Directions
This chapter concludes the works presented in this thesis along with a highlight of original

contributions. Lastly, it discusses potential directions for future work.



2 Brain-Machine Interface: Background and State

of the Art

2.1 BMI history and overview

Brain-machine interfaces (BMIs), also referred to as brain-computer interfaces (BCls), are
systems that enable users to interact with the environment using assistive devices controlled
directly by their brain activity alone. BMIs hold great promise for restoring lost motor functions
of patients suffering from neurological disorders such as spinal cord injury (SCI), amyotrophic
lateral sclerosis (ALS), and stroke. The foundations of BMI research can be traced back to
a series of experiments carried out in the late 1960s. Evarts showed that single-neuron firing
rates recorded from the motor cortex of monkeys were strongly correlated with the force of
flexion-extension movements of the wrist [63]. In 1969, Fetz performed a pioneering study on
operant conditioning, also known as neurofeedback or biofeedback, using an invasive approach
[64]. He demonstrated that monkeys could volitionally modulate the firing rates of individual
neurons from precentral motor cortex using visual biofeedback and food reinforcement. A year
later, Humphrey et al. demonstrated for the first time that an ensemble of individual neu-
rons in the motor cortex of unanesthetised monkey could be used to predict the kinetic and
kinematic parameters of the arm movements [65]. Inspired by these studies, Vidal published a
paper in 1973, introducing the idea of BMI for communicating with computers or controlling
prosthetic devices. This idea first came into practice a few years later when he conducted an
experiment to control a cursor-like graphical object displayed on a computer monitor using
electroencephalographic (EEG) signals [66]. In the 1980s, Georgopoulos and colleagues pro-

posed the concept of “preferred direction” where each neuron fires more frequently towards a



particular direction than towards other directions of arm movements [67]. They also proposed
a population vector algorithm (PVA) that predicts the direction of arm movement by summing
the preferred directions of a neuronal population, weighted by the associated firing rates [68].
These early works established the basis for further BMI research and clinical trials.

BMI research experienced rapid growth around the mid-1990s thanks to the advances
in intracortical microelectrode technologies, such as silicon-based Michigan probe [69] (initially
designed in 1970s [70]) and silicon-based Utah array |71], which allow simultaneous recording
of extracellular activity from many individual neurons. The first human trial of invasive BMIs
(with a neurotrophic electrode) was reported by Kennedy and Bakay [72], suggesting that
patients with ALS could restore their paralysed muscles through muscle stimulators controlled
by their neural signals. More sophisticated intracortical BMIs were then developed in animals to
control a robotic arm [7], [14], [73] or a computer cursor [§8], [9], [42]. To advance BMI research
and translate them into pilot human clinical trials, the BrainGate project was launched in
2004 [74]. This project has resulted in several significant advancements in the field of BMIs,
including the demonstrations of paralysed patients controlling a computer cursor [15], a robotic
arm |75], or functional electrical stimulation systems [76]. Other research groups reported that a
patient with tetraplegia was able to continuously control a prosthetic arm with many degree-of-
freedoms (DOFs), representing the current state-of-the-art performance [16], [17]. See Lebedev
and Nicolelis” paper for a comprehensive review on BMIs from the fundamental science to the
clinical applications [77] and Brandman et al.’s paper for a thorough review on intracortical
BMIs in humans [78§].

The past two decades have seen significant progress in several important aspects of
BMIs. For example, local field potentials (LFPs) have received increasing attention as an
alternative neural signal input for BMIs [31], [79] and have been demonstrated to be more
robust than spikes over long-term periods [22], [52]. With regard to BMI decoding, a number
of improved algorithms over PVA have been proposed, such as Wiener filter [7|, Kalman filter
[44], and unscented Kalman filter [54]. With the growing popularity of artificial intelligence
(AI), particularly deep learning (DL), and its state-of-the-art performance across various tasks,

researchers in the field of BMIs have started to adopt DL algorithms as a BMI decoder [60]. As
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Figure 2.1 Timeline of major advances in BMIs from 1970s to the present. This timeline high-
lights the advances in several aspects including neuroscience/BMI research, recording electrode
technology, and decoding algorithm.

for the recording technology, new microelectrodes have been developed to increase the number of
channels within a single, highly complex implant (e.g. Neuropixels [80] and Neuralink’s threads
[81]) or distributed into multiple, simpler, and smaller implants (e.g. UC Berkeley’s neural dust
[82] and Imperial College’s ENGINI probe [83]). For an in-depth review on recording electrode
technology, refer to [84], [85]. A timeline summary of BMI major advances is presented in

Figure 2.1.

2.2 BMI components

Figure 2.2 shows the block diagram of a BMI system, which typically consists of four main

components, as follows:

e Signal acquisition. This component acquires, amplifies, and converts the neural activ-
ity into digital format data, termed as the raw neural signals, for subsequent processing.
There are different types of electrodes that can be used to acquire the raw neural signals;
for instance, electroencephalography (EEG), electrocorticography (ECoG), deep brain
stimulation (DBS), and intracortical microelectrode array (MEA) as illustrated in Fig-
ure 2.3. The works presented in this thesis use intracortical MEA, which can record
both action potentials (spikes) and LFPs. A more detailed description of these signals is

provided in Section 2.3.
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Figure 2.2 Block diagram of a typical BMI system

e Signal processing. To obtain spikes or LFPs, the raw neural signals have to be appro-
priately processed. Spikes are detected by band-pass filtering (typically between 300 Hz
and 3000 Hz [86]) the raw neural signals and followed by a threshold-crossing technique,
that is, by checking whether the filtered signals exceed a particular threshold value. The
value of the threshold can be determined manually or automatically based on the estimate
of the (filtered) signal’s standard deviation multiplied by a constant (usually between 3
and 5). The detected spikes are hereinafter defined as multiunit activity (MUA), rep-
resenting aggregate spiking activity from an ensemble of neurons in the vicinity of the
recording electrode tip. It is common practice to classify further the detected spikes into
distinct putative single neurons called single-unit activity (SUA). This process is com-
monly referred to as spike sorting. One of the most common and simplest approaches is
by selecting templates of spike waveforms (i.e. shape) and classifying the detected spikes
through template matching based on predefined criteria. A more advanced spike sorting
approach extracts the informative features from spike waveforms (e.g. via principal com-
ponent analysis (PCA) or wavelet decomposition) and classifies/clusters them into distinct
single-neurons (e.g. via support vector machines (SVM) or super-paramagnetic clustering
(SPC) algorithms) [87], [88]. For more recent progress on spike sorting methods, see [86],
[89]. Unlike spike sorting which requires relatively high computational complexity, LFP
processing utilises a simple low pass filter with a cut-off frequency of less than ~300 Hz.
Spikes and LFPs can be used separately as a BMI input signal or simultaneously (i.e.

hybrid) to combine the benefit of each signal [37], [90].
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e Feature extraction. This component extracts meaningful representation (i.e. features)
from spikes or LFPs. The extracted features are then fed to the decoding algorithm. For
spike signals, the features are commonly represented in the form of firing rates, that is,
the rate or frequency at which a neuron fires spikes. The simplest and most frequently
used method to estimate the firing rates is by counting the number of spikes within a
predefined bin (i.e. window). There exist several more sophisticated methods to improve
the estimate of firing rates, which include adaptive kernel-based smoothing techniques,
Bayesian adaptive regression splines (BARS), and Gaussian process firing rates (GPFR)
[91]. However, due to partly by their high complexity, these methods have not been widely

adopted for BMI applications.

As for LFP signals, the features can be extracted from time and/or frequency domain. The
time-domain features include the amplitude of low-frequency LFPs [31], [33] and average
amplitude extracted by a moving average filter, also known as local motor potential
(LMP) [35], [41]. The frequency-domain features usually make use of average power
spectra computed from narrow-band (e.g. delta, theta, alpha, beta, and gamma) or
wide-band LFPs using time-frequency transformation techniques (e.g. short-time Fourier
transform (STFT) and Wavelet transform) [92], [93]. One of the challenging tasks in the
LFP feature extraction process is how the frequency range within each narrow-band is
determined and how to select the most informative (relevant) features. The frequency
range is usually determined based on the experimenter’s intuition, visual inspection of
the data, or information from previous studies [94]. The most informative features can
be determined, for instance, through a greedy-selection procedure [33], correlation-based

ranking [52] or decoding-based ranking [37].

e Decoding. A decoder acts as a “translator” from the extracted features into control
signals for guiding assistive devices such as a robotic arm, computer cursor, or wheelchair.
According to the characteristic of the estimated parameters of interest (i.e. states), BMI
decoder can be categorised into discrete and continuous decoders [42], [95], [96]. Discrete
decoder estimates a state into a finite number of possible choices; for example, decoding

an intended direction from eight radial targets in centre-out reaching tasks [35], [42].
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Continuous decoder, on the other hand, estimates a state into a continuous range of
values; for instance, decoding a trajectory of hand movement [35], [42]. It is also possible
to combine both discrete and continuous decoders to address a particular task such as
typing through a point-and-click cursor control [97]-[103]. Kao [102] and Pandarinath
[103| employed combined discrete-continuous decoders for typing tasks in non-human
primate and paralysed human subjects, respectively. The continuous decoder was used to
control the movement of a cursor whereas the discrete counterpart was used to select (i.e.
click) the target during hold time. A brief review of decoding paradigms and algorithms

are described in Section 2.4

2.3 BMI input signals

According to the level of invasiveness, BMIs can be classified into two categories: invasive and
non-invasive BMIs. Invasive BMIs require surgical procedure of opening up scalp and skull
and implanting the recording electrodes. This procedure poses a risk of tissue damage and/or
infection. Examples of recording electrodes from this category are intracortical MEA [77], 78],
DBS [104]-[106], and ECoG [107], [108]. Intracortical MEA and DBS penetrates the cortex,
whereas ECoG resides above (epidural) or under (subdural) the dura mater [77], [109]. Even
though intracortical MEA carries a higher risk than ECoG, it offers better spatiotemporal
resolution and enables the recording of action potential (i.e. spike) activity from individual
neurons. Unlike intracortical MEA, DBS electrodes have a small number of contacts (channels)
and cannot record individual spikes (usually record only LFPs). While non-invasive BMIs do
not carry a risk as those of the invasive counterparts, the recorded signals have a relatively low
spatiotemporal resolution. One of the most widely used non-invasive BMIs is based on EEG
electrodes placed on the scalp surface. An illustration of different types of recording electrodes
and their recorded signals is presented in Figure 2.3.

Despite being simple, non-invasive, and useful for many simple tasks [110]-[116], EEG-
based BMIs exhibit a poor spatiotemporal resolution, posing a great challenge to the develop-
ment of a fast, accurate, and robust decoding performance, especially for complicated tasks (e.g.

high degree-of-freedom (DOF) movement). On the other hand, intracortical MEA can record
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Figure 2.3 Different types of neural signal input for BMIs. EEGs are recorded noninvasively
from the scalp; ECoGs are recorded semi-invasively with electrodes placed above (epidural) or
below (subdural) the dura mater; LEPs and action potentials (spikes) are recorded invasively
using intracortical electrodes. LFPs can also be recorded invasively using DBS electrodes placed
deep in the brain.

different types of signals with high movement-related information (e.g. spikes and LFPs). This
is not only beneficial for BMI studies, but also for basic neuroscience research seeking to under-
stand how the brain works. Moreover, intracortical BMIs have been successfully demonstrated
for high DOF prosthetic arm control tasks [16], [17].

Intracortical BMIs, which become the focus of this thesis, typically utilise three types
of signal inputs, namely single-unit activity (SUA), multiunit activity (MUA), and local field
potential (LFP). The processing steps to obtain each of these signals are described in Section 2.2.
SUA represents action potentials or spiking activity of individual neurons in the vicinity of the
electrode tip, whereas MUA represents aggregate spiking activity from an ensemble of neurons
within a radius of around ~140-300 pm from the recording electrode [117]-[120]|. LFP is the low-
frequency part of the neural signal and is thought to mainly reflect summed synaptic activity
from a local neuronal population within a radius of at least a few hundred micrometres up to
a few millimetres around the recording electrode [28]—[30], [121].

A vast majority of intracortical BMI studies use SUA as the signal input. This is driven

by a view that individual neurons act as the functional unit in the brain for the transmission
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and processing of electrophysiological signals. SUA has been the gold standard in neuroscience
research due to its clear origin and solid theoretical foundation [122]. In addition, early devel-
opment of BMIs was intimately linked to neurophysiological research for investigating physio-
logical properties of individual neurons |[77]. SUA has been shown to have a strong correlation
with different movement parameters [67], [123], [124] and been demonstrated to yield high de-
coding performance in animals [8], [9], [14], [44], [125] and humans [11], [15]-[18]. Nevertheless,
the quality and number of recorded spikes progressively decline over time, mainly due to the
neural tissue responses inducing glial scar formation around the electrodes, micromotion of the
electrodes, and insulation degradation and mechanical breakage [19], [23]-[25]. This instability
poses a major challenge in tracking the same SUA over time, leading to degraded decoding per-
formance. Another challenge in SUA-based BMIs is the spike sorting process, which requires a
high sampling rate and demanding computational power.

The instability and high computational complexity of SUA have motivated researchers
to propose MUA as alternative signal input. MUA is less sensitive to changes in spike am-
plitude/waveform and uses much simpler processing than SUA. A number of studies have
demonstrated long-term stability of MUA with little performance loss or even comparable per-
formance to that of SUA [19], [22], [26], [27]. Despite these advantages, determining the optimal
threshold value adaptively over time remains a challenging problem.

Another alternative solution is to utilise LFP, which is a low-frequency extracellular
voltage thought to be mainly generated from postsynaptic currents and reflects the activity
of a population of neurons in the vicinity of the electrodes. Due to larger ‘listening sphere’
and simple low pass filtering, LFP is believed to be less sensitive to the issues encountered
by spikes, hence providing more stability than the spike counterparts. The long-term stability
of LFPs has been demonstrated through a multitude of experimental studies [31]-[34]. LFPs
could retain movement-related information even when the spikes can no longer be recorded
(lost) [22], [35]-[37].

While it is generally agreed that LFP and MUA have better long-term signal stability
than SUA, there is disagreement about which signal carries the highest movement-related in-

formation. A considerable number of published papers have reported that SUA yielded higher
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Figure 2.4 Comparison of properties between different types of signal inputs

decoding accuracy than MUA [22], [26], [27], [38], [39] and LEP [33], [35], [39]-[41] (but see
[31]). This suggests that SUA carries the highest movement-related information, followed by
MUA and LFP, respectively. The comparison of the properties between SUA, MUA, and LFP
is summarised in Figure 2.4. For a more comprehensive review of each signal’s properties, see

Slutzky and Flint’s review paper [122].

2.4 BMI decoding

According to whether or not feedback is involved, BMI decoding can be categorised into two
types: open-loop (offline) and closed-loop (online) 78], [126]. Open-loop decoding predicts
movement parameters of interest without providing feedback (e.g. visual) to the user. The per-
formance of open-loop decoding is typically assessed using a similarity or error metrics between
the predicted and actual (ground truth) movement parameters. On the other hand, closed-loop
decoding predicts the movement parameters while at the same time provides feedback to the
user. The prediction errors from a decoder will always be compensated by the user through
feedback-assisted neural modulation. To maintain performance against the nonstationarity
and variability of neural signals, a decoder needs to be recalibrated either manually before the

experiment or automatically during the experiment [55], [127], [128].
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2.4.1 Decoding paradigms

In BMI experiments, the user and/or decoder need to learn how to gain BMI control and predict
movement parameters accurately. There are two decoding paradigms according to where the
learning process primarily occurs: biomimetic and biofeedback [129]. Biomimetic decoding
aims to find a mapping function between the neural activity and movement parameters. A
biomimetic decoder is typically trained using a supervised fashion, requiring a ‘labelled’” dataset
that contains a pair of known neural activity and movement parameters. This paradigm has
been employed in myriad of BMI literature, either using spikes [16], [75], [130], [131] or LFPs
[22], [37], [52]. Despite providing compelling results, this paradigm poses a practical issue
with a paralysed subject where arm movement cannot be performed. To address this issue, a
biofeedback paradigm can be used instead. Owing to the neural plasticity, the subject can learn
to gain BMI control by modulating his neural activity. The biofeedback paradigm was pioneered
by Fetz in 1970s [64], [132] when he showed that single-neuron firing rates could be modulated
through operant conditioning. Building upon this paradigm, several works demonstrated that
monkeys could control a computer cursor or muscle stimulation using spikes [133]-[135] or
LFPs [36], [136], [137]. The biofeedback paradigm does not require a labelled dataset during
the training phase. The decoder can be made simple and static; the subject needs to learn
how to use the decoder effectively assisted via feedback (e.g. visual) and reward. However,
it remains unknown how long the learning process is required to achieve BMI control and
whether the learnt skill could remain for a long time. It is important to note that biomimetic
and biofeedback paradigms are not mutually exclusive; they can be combined, ideally (but not

necessarily) yielding improved performance [127].

2.4.2 Decoding algorithms

One of the earliest BMI decoding algorithms is population vector algorithm (PVA) proposed by
Georgopoulos et al. [68] and was later employed in several BMI studies [9], [10], [138]. PVA sums
the contributions of each neuron in a population termed as preferred direction and weighted
by the respective firing rate. The preferred direction (also called tuning curve) is defined as

the direction for which a neuron fires spikes most frequently [67]. In PVA formulation, each
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neuron is assumed to contribute independently to movement parameters (e.g. direction and
speed). The relationship between neuronal firing rate and movement parameters is assumed to
be linear. Despite its elegance and usefulness for BMIs, PVA is suboptimal since the weights are
determined intuitively without error minimisation principle. PVA may not be generalisable to
different tasks as neurons tend to exhibit different tuning properties across different tasks |77].
Moreover, PVA cannot be generalised to BMIs that do not utilise spikes (e.g. LFPs). Another
decoding algorithm is optimal linear estimator (OLE) that can be considered as a generalisation
of PVA. As opposed to PVA, OLE uses the correlation of the neurons and cross-correlation to
movement parameters. The weights of OLE are determined by minimising mean squared error.
Chase et al. [139] compared open-loop and close-loop decoding performance between OLE and
PVA, showing that OLE performed better than or comparable to PVA. OLE was also used in
a clinical trial by an individual with tetraplegia to control a robotic arm to perform reach and
grasp movements [16].

Another alternative decoding algorithm is Wiener filter (WF), which takes into accounts
the contributions of input from not only the current time point but also from the previous time
points (termed as lags or taps). WF estimates the movement parameters at the current time
point through a weighted sum of neural features at current and previous time points. WF can be
considered as a generalisation of OLE; it reduces to OLE when no previous time point is used.
WF has been successfully employed in numerous BMI studies with non-human primates [7],
[8], [14], [42], [43] and humans [11], [15] to a control robotic arm or a computer cursor. Flint
and colleagues employed a nonlinear extension of WF called Wiener cascade filter (WCF),
which combines the WF output with a static nonlinearity through a fitted polynomial function
[35], [53], [140]. WCF was demonstrated to yield better decoding performance than WEF [141].
Both WF and WCF do not model the dynamics of movement parameters. Since movements
usually obey physical laws, e.g. smooth/continuous over time [96], incorporating a dynamical
model of movement parameters can provide additional information, which may lead to improved
decoding performance.

Kalman filter (KF'), originally developed by Rudolf E. Kalman in 1960s [142], addresses

the above issue by combining a dynamical (process) model with measurement model. It is
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popular due to its simplicity and optimality under the assumption that both models are linear
with Gaussian noise [47]. KFs have been employed in many BMI studies [44], [46], [55], [75], [99],
[143]. KF consists of two-step computations performed in a recursive manner: prediction and
update. In the prediction step, the current states are estimated along with their uncertainties.
In the update step, given a new measurement, the estimated states are updated by using a
weighted average (larger weight given to estimates with higher certainties). There exist variants
of KF such as steady-state Kalman filter (SSKF) [47] and recalibrated feedback intention trained
Kalman filter (ReFIT-KF) [131]. Since neural signals are known to exhibit nonlinear property,
the linearity assumption of KF may lead to suboptimal decoding accuracy. Unscented Kalman
filter (UKF) was proposed to deal with the nonlinear cases while keeping the assumption of
Gaussian noise [54], [55], [57], [144]. Another alternative is particle filter (PF), which relaxes
the assumptions to nonlinear and non-Gaussian, at the expense of increased computational
complexity. PF uses a sampling-based technique (sequential Monte Carlo) to estimate the
states [145], [146].

For spike-based BMIs, the typical features are firing rates estimated by binned spike
counts within 50-100ms bin size [25], [77], [96]. The binned spike counts are usually assumed
to follow Gaussian distribution. This assumption is reasonable for a relatively large bin size
(i.e. large number of spikes) but may deviate for the case of small bin size. The large bin
size compared to the scale of the spikes (a few ms) could lead to a slower time-scale of BMI
control. To obtain a smaller input time-scale with more appropriate distribution, point process
filter (PPF) was proposed [101], [147], [148]. PPF is a class of recursive Bayesian filters where
the observations (e.g. binned spike counts) are modelled by a point process. Even though
PPF could enable rapid adaptation, control and feedback rates of BMIs [101], [149], [150], it
is computationally demanding. In addition, it cannot be generalised to BMIs driven by input
signals other than spikes.

It is desirable to have a decoding algorithm that does not require any prior assumption
and can be used for any input signal. One example of such an algorithm is an artificial neural
network (ANN), which is vaguely inspired by the way the human brain transmits and processes

information. ANN is composed of a collection of units (i.e. artificial neurons) connected to other
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units in certain architectures (e.g. feed-forward network, recurrent network). Although ANNs
were successfully used by monkeys to control a robotic arm or computer cursor |7], [42], [73],
[151], they were not widely used as BMI decoder; most BMI studies still linear decoders such as
KF and WF'. This is possibly because linear decoders offer simplicity with comparable decoding
accuracy to that of ANNs. The development of faster computing hardware and optimisation
algorithms combined with the abundance of data has driven renewed interest in ANNs and
popularised the field of deep learning. Deep learning is a subset of artificial intelligence (AI)
which are based on ANNs. It has achieved state-of-the-art performance in a wide variety of
applications such as image and speech recognition, natural language processing, and medical
diagnostics [58|, [59]. Glaser et al. proposed deep learning decoders and showed that their
performance better than conventional methods [60]. Some proposed deep learning decoder
were based on standard recurrent neural network (SRNN) [60], [152], [153] and long short-term
memory (LSTM) [60], [62]. However, there are still relatively few studies that utilise deep
learning for BMI applications. This opens a new opportunity for the development of deep
learning based BMI decoders. The summary of the decoding algorithms used in BMI studies
is given in Table 2.1. For reviews of decoding algorithms excluding the deep learning methods,

refer to [96], [154], [155].

Table 2.1 Summary of decoding algorithms used in BMI studies

Signal Input Subject Decoding Algorithm

Single-unit activity (SUA) Monkey PVA [9], [10], [67], [68], [138], WF [7], [8], [14], [42], [43], WCF [50], KF
[44]-[47], UKF|54]-|57], PF [145], [146], [156], PPF [101], [147], [149],
[150], ANN [7], [42], [73], [151], LSTM [60], [62]
Human LR [16]-[18], WF [11], [15], KF [12], [13], [48]
Multiunit activity (MUA) Monkey LR [27], [38], KF [38], [131], [157], [158], PF [26], SRNN [152], [153],
Human KF [75], [76], [90], [103], [159] [161]
Local field potential (LFP) Monkey WF [36], WCF [35], [51]-[53], KF [22], [32], [33], [37], [41], [92], [93]
Human WF [162], KF [92], LWMA [163]

PVA: population vector algorithm, LR: linear regression, WF: Wiener filter, WCF: Wiener cascade filter, KF:
Kalman filter, UKF: unscented Kalman filter, PF: particle filter, PPF: point-process filter, SRNN: standard
recurrent neural network, LSTM: long short-term memory, LWMA: linear weighted moving average
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3 Firing Rate Estimation Using Bayesian Adap-
tive Kernel Smoother (BAKS)

This chapter addresses the challenges in estimating firing rate from single-trial
spike trains as commonly performed during feature extraction step in spike-based
BMIs. We present a new method based on kernel smoothing technique, referred
to as Bayesian adaptive kernel smoother (BAKS), which considers the bandwidth
parameter as a random variable with a prior distribution that is adaptively up-
dated under an empirical Bayesian framework. We evaluate the performance of
BAKS on both synthetic and real spike trains and demonstrate improved perfor-

mance compared to other methods.

This chapter has been adapted from the following published article:

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Estimation of neuronal
firing rate using Bayesian adaptive kernel smoother (BAKS)”, PLoS One, vol. 13,
no. 11, 0206794, 2018. [1]

3.1 Introduction

In neural systems, signalling and interneuronal communication can be observed through the
characteristic of action potentials (or ‘spikes’). A sequence of spikes, known as a spike train,
may encode information based on different schemes. Currently, there are two main hypotheses
of neural coding schemes: temporal coding and rate coding. The temporal coding represents
the information by the precise timing or occurrence of spikes. On the other hand, the rate
coding represents the information by the rate or frequency at which a neuron “fires” spikes,
also known as “firing rate”, and has been the most commonly used scheme to characterise
the neuronal or network responses to external stimuli or behavioural tasks [164], [165]. The

firing rate is typically estimated in an offline analysis by averaging spiking responses across
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multiple repeated experiments known as trials. In practice, however, spiking responses may
differ considerably even though the trial setting remains approximately the same. This is
partly due to the inherently stochastic nature of neurons and the difference of cognitive states
during the trials [91], [166]. Averaging out many variably similar trials can obscure the temporal
dynamics, which may contain useful information, within each single trial. Furthermore, there
are many research problems that require firing rate to be estimated on a single trial basis. For
example, quantifying trial-to-trial variability of neuronal responses [167], [168], decoding task
parameters in brain-machine interface (BMI) applications [91], [167], and measuring neuronal
responses in cognitive-related tasks such as decision making, motor planning, learning and
memory [169]-[171]. Therefore, it is essential to be able to accurately estimate firing rate based
on single trials.

Estimating the firing rate as a continuous-time function from a single trial is a chal-
lenging task since the underlying process provides only a sparse representation of the spiking
data. A widely used method known as peri-stimulus time histogram (PSTH) results in a coarse
estimate [172], [173]. To produce a smooth estimate of firing rate, several methods have been
proposed such as optimised kernel smoother (OKS) [174], variable kernel smoother (VKS) [174],
local polynomial fit (Locfit) [175], and Bayesian adaptive regression splines (BARS) [176]. OKS
and VKS employ kernel density estimation technique in which the choice of the kernel band-
width profoundly impacts the accuracy of estimation. Both methods automatically compute
the bandwidth based on the mean integrated squared error (MISE) minimisation principle.
However, in computing the bandwidth, these methods assume that spikes are generated by
a Poisson process. Even though superimposed spike trains across many trials approximate a
Poisson process, in the case of a single trial, a spike train has been shown to depart from this
assumption [177], [178|. Single-trial spike train exhibits history-dependent properties such as
refractory period and bursting, which cannot be modelled by Poisson process [177], [178]. The
deviation from Poisson assumption can lead both OKS and VKS to exhibit poor performance
under single-trial cases. Locfit employs a generalised nonparametric regression technique where
the firing rate is approximated by a polynomial. The estimation accuracy of Locfit depends

mostly on a smoothing parameter (bandwidth). How this bandwidth is selected along with
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the Poisson assumption of the spike train are the main caveats of this method. Like Locfit,
BARS also employs a generalised regression technique, except that it estimates the firing rate
using splines (several polynomials connected at some points or knots). The challenge of using
a spline-based method is determining the number and location of the knots since these will
significantly impact the estimation. To determine the optimal knot configurations (number
and location), BARS utilises a reversible-jump Markov chain Monte Carlo (MCMC) engine
with Bayesian information criterion (BIC). The flexibility and powerfulness of BARS come at
a price of relatively high computational complexity [176], [179]. In addition, similarly to above-
mentioned methods, BARS also assumes that spikes are generated from a Poisson process. It
is intended to be used for firing rate estimation after pooling spikes across multiple trials [179].

Within this context, it is highly desirable to have a method for estimating the neuronal
firing rate from a single trial spike train, which features an adaptive capability and low com-
putational complexity. An adaptive capability is crucial as spiking activity may change rapidly
within a single trial. The proposed method should be data-driven and able to accurately es-
timate the underlying spike dynamics. Low computational complexity is needed to perform
the computation within a short time and is necessary for real-time BMI applications. Also, it
is crucial to have a spike train model that mimics the spiking behaviour encountered in the
real neural recording. Using a particular assumption on the underlying rate function (i.e. the
“ground truth” is known), single spike trains can be stochastically generated which can then be
used to evaluate the performance of the firing rate estimation method.

In this chapter, we propose a new method for the estimation of firing rate that addresses
the issues listed above. This method employs a kernel smoothing technique due to its simplicity.
The critical parameter, bandwidth, is considered as a random variable with a prior distribution
and is adaptively determined under an empirical Bayesian framework. With the appropriate
selection of kernel and prior distribution functions, an analytical expression of posterior distri-
bution can be attained, which reduces the computational complexity. We refer to this method
as Bayesian adaptive kernel smoother (BAKS). We evaluate BAKS with synthetic data gener-
ated from two biologically plausible models: inhomogeneous Gamma (IG) and inhomogeneous

inverse Gaussian (IIG). BAKS is then tested with real neural data recorded from the motor
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and visual cortex of non-human primates (NHPs).

3.2 Methods

In this section, we first introduce a kernel smoothing technique for estimating firing rate. We
then describe our proposed method, BAKS, a new variant of kernel-based firing rate estimation
method that incorporates an adaptive bandwidth. Lastly, we explain two models that we used
to generate synthetic spike train data for evaluating the performance of the proposed method.
The BAKS code and all the datasets that we synthesised (in Matlab) have been made publicly

available through https://github.com/nurahmadi/BAKS.

3.2.1 Kernel-based firing rate estimation

Let ty,to,--+ ,t, be a sequence of spike times (i.e. a spike train) which can be expressed

mathematically as

p(t) = Z ot —t:) (3.1)

where 4(t) is Dirac function and n is the total number of spikes. The underlying rate function
also known as firing rate, A\(¢), can be estimated by using kernel smoothing, a method which

convolves the spike train with a kernel function K (t) as follows,

A(t) = / h K(T)p(t — 7)dr (3.2)

Equation (3.2) can also be represented as the sum over kernel functions centred at spike times
ti?

At) = Zn:K(t —t;) (3.3)

The effectiveness (in a minimum integrated squared error (MISE) sense) of kernel smoothing
technique depends on the choice of a kernel function and the selection of a smoothing parameter
(i.e. bandwidth). A kernel function is required to be a non-negative, normalised to a unit area,
having a zero first moment and a finite variance [167], [174]. Examples of kernel functions

that have been widely used are Gaussian and Epanechnikov [180], [181]. In many occasions,
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the kernel bandwidth is set fixed over the whole observation interval. A significant amount
of literature has been reported in the field of statistics on selecting the proper value for this
fixed bandwidth [182]-[186]. Even though a near-optimal fixed bandwidth selection (e.g. [174],
[187], [188]) may yield a better estimate compared to an arbitrary choice, it may still suffer
from simultaneously under- and over-smoothing depending on the underlying spike dynamics.
A rapid change in spiking activity is sometimes encountered in neural responses and is of interest
to neuroscientists. Thus, it is highly desirable to find an optimal adaptive bandwidth selection

method that can adaptively grasp the slow and rapid changes of firing rate.

3.2.2 Bayesian adaptive kernel smoother (BAKS)

BAKS employs a kernel smoothing technique and incorporates an adaptive bandwidth at the
estimation points, meaning the bandwidth at which firing rate is being estimated can adapt
to the dynamics of the underlying process. In so doing, BAKS considers the bandwidth as a
random variable with prior distribution and adaptively updates the posterior bandwidth given

spiking data using an empirical Bayesian framework.

Selection of kernel function

There are several choices of kernel functions that can be utilised for firing rate estimation.
Gaussian and Epanechnikov are among the popular kernel functions in statistical research [180],
[181]. In terms of minimising asymptotic mean integrated squared error (AMISE), Gaussian
kernel is slightly less efficient than Epanechnikov kernel [180]. However, Gaussian offers more
interesting properties, e.g. the availability of several types of conjugate prior distributions. This
conjugate property enables an analytical expression of posterior distribution which simplifies the
computation and avoids using a numerical approximation technique. Due to this mathematical
convenience, in our proposed method, we select a Gaussian kernel with adaptive bandwidth

which can be expressed as,

1 t?
K(t) = \/%—h(t)exp{_Wl(t)Q} (3.4)
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where h(t) is the adaptive bandwidth. The bandwidth should be small (large) at the region of

high (low) spike density.

Selection of prior distribution

We select a prior distribution of bandwidth that incorporates prior belief about spiking data
(i.e. informative prior) and also leads to an analytical expression of the posterior distribution.
The informative prior is especially useful when the number of spiking data is relatively small as
this prior can give more weight than the likelihood function. At the same time, the analytical
expression is crucial to simplify the computation and avoid a numerical approximation technique
(e.g. Markov chain Monte Carlo). In Equation (3.4), the Gaussian kernel uses parameter
bandwidth (i.e. standard deviation in statistical literature) that describes how spread the
observed data are around the mean. We can also represent the parameter in terms of precision
(inverse of square bandwidth) that describes how concentrated the observed data are around
the mean. In computing firing rate estimation, the means of Gaussian kernel are set to the
spike times. These spike times can be represented as the sum of the interspike intervals (ISIs)
that can be conveniently modelled by Gamma distribution [177], [189]-[192]. Since the sum of
independent Gamma random variables follows Gamma distribution [193], the spike times can
also be represented as Gamma distribution. Hence, we propose a Gamma prior distribution
on the precision parameter o(t), where o(t) = 1/h(t)?. As Gamma distribution is a conjugate
prior for Gaussian distribution with precision parameter [194], the choice of Gamma prior
distribution results in an analytical expression of the posterior distribution. This Gamma prior

distribution is given by

r(o(t)) = ;EZ;Q exp {_%t)} o0 (3.5)

where o > 0 is the shape parameter, § > 0 is the scale parameter, and I'(a) is Gamma

function. By the change-of-variable formula and transformation technique, we can express the
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prior distribution 7(o(t)) as a function of h(t):

m(h(t)) = m(o(t)) x

Al i)

BAKS modeling and inference

Under the Bayesian framework, the statistical inference depends on both likelihood function and
prior distribution. The likelihood function is the probability density function of the observed
spike train p(t) viewed as a function of the unknown bandwidth parameter h(t), which can be

approximated by

FOIn®) = =3 Kt

RN L (t=t)?
_n;mh@) p{ 2h<t)2}

where Kp)(t —t;) is Gaussian kernel as defined in Equation (3.4) with adaptive bandwidth

(3.7)

and centred at spike event time ;.
Using Bayes’ theorem, the posterior distribution of kernel bandwidth, = (h(t)|p(t)), can

be computed by

i < >|h< >> (h(1) .

/ (h(t))dh(t)
Computing the denominator of Equation (3.8), also called marginal density, can be problematic
if there is no analytical solution of its integral expression since an approximation method will
be required instead. The choice of prior distribution in Equation (3.6) coupled with Gaussian
kernel in Equation (3.7) leads to an analytical expression for the denominator in Equation (3.8)

as follows,

) Z e { s |15+ 5}

I OI0) = =

=1

(3.9)

The adaptive bandwidth can then be estimated under squared error loss function by using the
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posterior mean formulated as

sz/ﬁmﬂmmmmwm> (3.10)

h(t) = =l 1 (3.11)

Equations (3.9)-(3.11) define what is called a mixture of ¢-distributions in the statistical liter-
ature. By substituting the adaptive bandwidth in Equation (3.11) into Equation (3.3), we can

compute firing rate estimation using the following formula:

(t —t;)?
th exp {— 0L } (3.12)

BAKS is graphically illustrated in Figure 3.1. The derivation of the closed-form expressions

of bandwidth posterior distribution and the adaptive bandwidth estimate are given in Appen-

dices A.1 and A.2, respectively.

Parameter setting of prior distribution

The effectiveness of firing rate estimation using BAKS depends on the adaptive bandwidth
estimate, which is influenced by the setting of parameter shape («) and scale (3) of the prior
distribution. According to prior distribution of bandwidth in Equation (3.6), we can calculate

its mean and variance as follows,

(3.13)

mmmzjﬁwﬂmmw@
I
I
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l<- - -

S

Bayesian Modeling Bayesian Inference

Figure 3.1 Graphical representation of Bayesian adaptive kernel smoother (BAKS). The var-
ious blocks describe the different components as follows: Circular blocks denote continuous
variables, and rectangle blocks denote discrete variables. Shaded blocks represent observed
variables, whereas white blocks represent hidden variables. Solid and dashed arrow indicate
Bayesian modeling and inference phase, respectively.

(3.14)

where E[A(t)] and V[h(t)] are the mean and variance of w(h(t)), respectively. It can be observed
from both Equations (3.13) and (3.14) that the mean and variance are inversely proportional
to the value of parameter 5. As the number of spike events (n) increases, the bandwidth
decreases. Hence, to obtain consistency of the estimation, the value of § is set to be a function

% in accordance with

proportional to the number of spike events (n). Here, we propose = n*/
MISE convergence rate of Gaussian kernel [195].

To yield an accurate estimate of firing rate, we tune parameter v by minimising mean
integrated squared error (MISE). The error is defined as the difference between the underlying
rate function and the estimated firing rate. Since h(t) > 0, the numerator of Equations (3.13)

and (3.14) must be greater than zero, which in turn requires @ > 1. The value of parameter

« is tuned such that it minimises MISE function given fixed value of 8 = n*®. This tuning
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process is mathematically expressed as follows,
a; = arg min{ MISE(«a)} (3.15)

MISE is a common metric used in evaluating goodness-of-fit of density estimation and has been
used in previous studies of firing rate estimation [167], [174], [196]. It is computed between
the estimated firing rate (A(¢)) and the true underlying rate function (A(t)) with the following
formula,
MISE = / EIA(t) — A(t)dt
~ ALY E[ME) - At

where E denotes the expectation with respect to stochastic process of spike generation model

(3.16)

and the integration /summation is performed over observation interval.

The tuning of parameter @ was performed using synthetic spike train data generated by
biologically plausible models —inhomogeneous Gamma (IG) model and inhomogeneous inverse
Gaussian (IIG) model— which are described in the subsequent section. Parameter a value
that gives the smallest MISE during this tuning process was then fixed and used for firing rate
estimation during performance evaluation (testing) phase of our proposed method. The testing
phase was performed using distinct synthetic datasets (i.e. different than that of during tuning

phase) and real neural datasets.

3.2.3 Spike train generation model

It is essential to have a model for generating spike trains in order to tune the parameter of BAKS
and to evaluate its performance. A spike train can be modelled by using a point process, that is,
a stochastic process that describes localised events or points in real (e.g. time, space) domain.
The most commonly used class of point processes to model a spike train is inhomogeneous
Poisson (IP) process [91], [167], [174], [177], [187]. In this class, spike counts (increments)
within any intervals vary across time (i.e. nonstationary). The spike counts depend on the
integral value of the firing intensity function over the interval in question but do not depend

on the past spike times (i.e. remain independent). As a consequence, IP process still possesses
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memoryless property; a spike occurring at a particular time does not depend on the past spiking
activities [197]. It has been shown that the IP process can be used to approximate the behaviour
of neural spikes when the spikes are superimposed across trials [174], [178]. However, a Poisson
process cannot model the history-dependent properties (e.g. refractory period and bursting)
of neural spike trains in single-trial cases. Hence, another class of point process is required to
model single-trial spike trains.

The renewal process is an alternative class of point process that can describe the history-
dependent property of spike times by assuming that a spike fired at any point in time depending
only on the last spike, not the spikes before it. In the renewal process, spike times are no
longer independent, but it is their inter-spike intervals (ISIs) that remain independent. Spike
trains can be conveniently represented by their ISIs drawn from a particular distribution. Two
classes of distribution which have often been used to model non-Poisson spike train are Gamma
and inverse Gaussian distributions [168], [177], [189]-[192], [198]. The former is then called
inhomogeneous Gamma (IG) model while the latter is called inhomogeneous inverse Gaussian

(IIG) model.

Inhomogeneous Gamma (IG) model

The inhomogeneous Gamma (IG) model generalises a Poisson model by allowing more flexible
ISI distribution that is controlled by a shape parameter () [177], [189]-[192]. The gamma

probability density of the ISI is defined as

fo(r) = 7' exp {—g} (3.17)

where 7 > 0 denotes the ISI, v > 0 represents the shape parameter, ¢ is the scale parameter,
and I'(y) is the Gamma function. As shown in Equation (3.17), when v = 1, the ISI follows
an exponential distribution as in a Poisson process. If v < 1, the probability density value
declines faster than exponential, which means the ISI tends to become smaller. This can be
used to describe neuron’s rapid firing (bursting) phenomena. If v > 1, the probability density
value will increase from zero up to a certain peak value and then decrease again to zero. This

indicates the refractory period property where a neuron is less likely to fire again immediately
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after it fires a spike.

To generate a spike train from such a model, we employ time-rescaling theorem which
transforms the original spike times into new rescaled spike times where the ISIs are indepen-
dently and identically drawn from fixed distribution (e.g. Gamma) [191]. In the IG model, this
transformation is defined as the integration of underlying rate function, A(t), on the interval

(0, ] and multiplied by the shape parameter (). This transformation is formulated as

At) = fy/ot)\(u)du (3.18)

Since A(t) is a non-negative function, A(¢) is a monotonically increasing and one-to-one
function and usually called integrated intensity function. Thus, we can obtain the original

spike times from i.i.d. ISI samples (7) by performing the inverse of time-rescaling transform as

follows,
t;
r= A () = A(t) — At ) = 4 / Au)du (3.19)
ti—1
where 0 < t; <ty <, -+, < t, < T represent the spike times within interval (0, 7] and Ati (1)

is the inverse of time-rescaling transform.

Inhomogeneous inverse Gaussian (IIG) model

It has been suggested that the inhomogeneous inverse Gaussian (IIG) model is more biologically
plausible to describe the characteristic of neural spike train than IG model [177], [199]. The IIG
model uses inverse Gaussian distribution for the ISI and has been applied in multiple studies

[147], [200]. The inverse Gaussian ISI distribution used in this model is given by

) = [5] e {12 (3:21)

2773 2uPT
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where 7 > 0 denotes the ISI, v is the shape parameter, and p is the location parameter. In the
IIG model, the value of ISI density is zero at the origin, then increases to certain peak value,
and decreases again to zero. How quick the density value rises or falls is controlled by the
shape parameter (), which demonstrates the flexibility of the IIG model in describing different
neural spike characteristics such as rapid bursting and refractory period. The smaller (larger)
value of 7, neuron tends to fire more bursty (regularly).

To generate a spike train using the IIG model, we employ a similar procedure as that of

the IG model, with the exception that the time-rescaling transform here is expressed as

A(t) = /0 Mu)du (3.22)

where the interval between subsequent spike times (ISIs) in the rescaled domain are drawn from
1.1.d. inverse Gaussian distribution. The spike times in the original domain can be computed

by using the inverse of time-rescaling transform as shown in Equation (3.20).

3.3 Results

3.3.1 Synthetic datasets

In our synthetic data, the spike trains were generated from IG and IIG models with differ-
ent underlying rate functions that represent non-stationary processes usually encountered in
empirical datasets. These rate functions include (1) a continuous process with changing (het-
erogeneous) frequency, (2) a continuous process with oscillatory (homogeneous) frequency, and
(3) a discontinuous process with sudden rate changes. In this chapter, the first, second, and
third rate functions are consecutively referred to as ‘chirp’, ‘sine’, and ‘sawtooth’ rate functions,

and are mathematically expressed as,
Ae(t) =+ Asin(27 ft* + ¢) (3.23)

As(t) =n+ Asin(2r ft + ¢) (3.24)
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Figure 3.2 Illustration of the underlying rate functions used in this chapter. (a) Chirp rate
function with n = 50, A = 25, f. = 0.5, and ¢ = 0. (b) Sine rate function with n = 50,
A =25 f,=1,and ¢ = —7/2. (c) Sawtooth rate function with n = 50, A = 25, f; = 1, and
¢ = —m/4. (d) Gaussian-damped sinusoidal rate function with n =50, A =1, t, = 0.2, 0 = 1,
fgas = 0.5, and ¢ = —m/2.

Aat(t) =+ 2%4 arctan(cot(m ft + ¢)) (3.25)

where 7 indicates the base or average number of spikes per second and A denotes the intensity
(or amplitude) which controls the dynamic range of the rate function. Parameter f is frequency
whereas ¢ is phase. The chirp, sine and sawtooth rate functions are represented by A.(t), As(t)
and Ay (t), respectively.

The chirp rate function used in this chapter is similar to that of Rao and Teh [201],
whereas the sine and sawtooth processes are similar to that of Shimazaki and Shinomoto [174]
but with different intensity, frequency, and spike train model. Examples of chirp, sine, and
sawtooth rate functions with certain parameter settings are illustrated in Figures 3.2a, 3.2b,
3.2c, respectively.

During parameter tuning of BAKS (tuning phase), we set n to 50 spikes/s and A to

25 spikes/s (corresponds to dynamic intensity range between 25 and 75 spikes/s) as in [190].
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These intensity values are referred to as medium intensity. This setting is reasonable as, in
practice, cortical neurons do not often fire more than 100 spikes/s [202]. The frequency of chirp
(f.), sine (fs) and sawtooth (fs) rate functions were set to 0.5, 1 and 1, respectively. These
frequency values are referred to as medium frequency. We generated randomly 100 single spike
trains (2s duration) from two models (IG and IIG) and three rate functions (chirp, sine, and
sawtooth). In the IG model, the shape parameter () that determines the regularity of firing
rate was set to 4, while the scale parameter (6) was set to 1. This setting is comparable to real
neural spiking data and also used in [189], [198]. Analogously, the shape (v) and location (1)
parameters in the IIG model were respectively set to 4 and 1. The parameter value (a) of prior
distribution in BAKS was tuned by minimising the average MISE from two models and three
rate functions mentioned above. The same procedure was performed to tune the smoothing
parameter value of Locfit.

For evaluating the performance of BAKS (testing phase), we generated five datasets, each
containing 100 repetitions from both IG and IIG models with the same and different setting from
that of parameter tuning phase. Dataset testing 1 was generated using the same setting as in the
tuning phase. Dataset testing 1 was used to evaluate BAKS when the underlying rate functions
are the same, but their stochastic spiking data realisations are different. Dataset testing 2 was
used to evaluate BAKS when the frequency and intensity of the underlying rate functions are
different. The frequency of chirp, sine and sawtooth rate functions were respectively set to low
(0.25, 0.5 and 0.5) and high (0.75, 1.5 and 1.5) while keeping the intensity same as that of
tuning phase. Then, the dynamic intensity range of these three rate functions were set to low
(2-20) and high (25-175) while keeping the frequency same as that of tuning phase. In dataset
testing 3, the model setting was equal to during the tuning phase except that the parameter
shape () was varied between 1 and 10 with an increment of 1. Dataset testing 4 was used
to assess the performance of BAKS under multiple trials (¢tr = {5,10,20,30}). These multi
trial spike trains were obtained by superimposing spike trains from a number of trials (5, 10,
20 or 30) into single spike trains with the same setting as of tuning phase. In dataset testing
5, spike trains were generated using Gaussian-damped sinusoidal rate function with varying

intensity and frequency. The use of this rate function was inspired by Mazurek’s work [202].
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Table 3.1 Model settings for the synthetic dataset generation

Phase Rate Intensity Frequency Parameter Number of
function shape () trial (¢r)
Tuning  {Chirp, sine, sawtooth} Medium Medium 4 1
Testing 1 {Chirp, sine, sawtooth} Medium Medium 4 1
Testing 2 {Chirp, sine, sawtooth} {Low, high} {Low, high} 4 1
Testing 3 {Chirp, sine, sawtooth} Medium Medium {1,2,---,10} 1
Testing 4 {Chirp, sine, sawtooth} Medium Medium 4 {5,10, 20,30}
Testing 5 {Gaussian-damped sine} {Low, medium, high} {Low, medium, high} 4 1

Tuning: medium intensity (n = 50, A = 25), medium frequency (f. = 0.5, fs =1, fst = 1)

Testing 1: medium intensity (n = 50, A = 25), medium frequency (f. = 0.5, fs =1, fst = 1)

Testing 2: low intensity (n = 11, A = 9), high intensity (n = 100, A = 75), low frequency (f. = 0.25, f; =
0.5, fst = 0.5), high frequency (f. = 0.75, fs = 1.5, fss = 1.5)

Testing 3: medium intensity (7 = 50, A = 25), medium frequency (f. = 0.5, fs =1, fot = 1)

Testing 4: medium intensity (n = 50, A = 25), medium frequency (f. = 0.5, fs =1, fot = 1)

Testing 5: low intensity (n = 10, A = 1), medium intensity (n = 50, A = 1), high intensity (n = 100, A = 1),
low frequency (fyqs = 0.5), medium frequency (fyqs = 1.5), high frequency (fy4s = 2)

Mathematically, the Gaussian damped sinusoidal rate function is given by

(t —tg)?

Agas(t) =+ nAexp {— 52

} sin(27 ft + ¢) (3.26)

During the generation of dataset testing 5, the frequency (f,qs) was set to low (0.5),
medium (1.5) and high (2) while keeping the dynamic intensity range to medium (0 to 100)
which corresponds to 7 = 50 and A = 1; the dynamic intensity range was varied between low (0
to 20), medium (0 to 100) and high (0 to 200) while setting fy4s = 1. An example of Gaussian-
damped sinusoidal rate function is illustrated in Figure 3.2d. The summary of model settings

for generating the synthetic datasets used in tuning and testing phase is shown in Table 3.1.

3.3.2 Tuning the shape parameter of prior distribution

We investigated the choice of a parameter value that yielded the most accurate firing rate
estimates measured by MISE metric. The tuned parameter (a;) obtained from the tuning
phase was then used as the parameter value for our proposed method during the testing phase.
Spike trains used during the tuning phase were stochastically generated from two models (IG
and IIG) and three different underlying rate functions (chirp, sine, sawtooth) as described in
the previous section. We performed firing rate estimation over tuning dataset using parameter

a varying from 1 to 10 with an increment of 0.5. This estimation was carried out while keeping
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Figure 3.3 MISE comparison under different values of prior parameter («). (a) MISE values
(star marks) and their 95% confidence intervals (vertical bars) for IG model. (b) MISE values
(star marks) and their 95% confidence intervals (vertical bars) for IIG model. (c) Average MISE

values across 2 models and 3 rate functions. We set a; = 4 as it yields the smallest average
MISE.

parameter [ fixed to n*°, where n represents the total number of spikes within the observed
duration.

The performance of estimation was quantified in terms of MISE, mean of integrated
squared error between the underlying and estimated firing rates over the observed duration
(2s). From 100 repetitions and 19 variation of parameter values (o = {1,1.5,2,--- ,10}), we
computed the MISE values along with their 95% confidence intervals from these 6 scenarios
(2 models and 3 rate functions). The MISE values and their confidence intervals for IG and
IIG models are shown in Figures 3.3a and 3.3b. In the IG model, o values that resulted in
the smallest MISE for chirp, sine and sawtooth rate functions are 4, 3 and 6, respectively. In
the IIG model, o values associated with the smallest MISE for chirp, sine and sawtooth rate
functions are 4.5, 3 and 5.5, respectively. We tuned parameter a by computing the average
MISE values across six scenarios. The value of a that corresponds to the smallest average MISE
is referred to as the tuned parameter (oy). According to the results, as shown in Figure 3.3c,

we set ay = 4 and used this value during the testing phase.

3.3.3 Comparison with established methods

We evaluated and compared the performance of the proposed method (BAKS) with established
methods which include optimised kernel smoother (OKS) [174], variable kernel smoother (VKS)

[174], local polynomial fit (Locfit) [175] and Bayesian adaptive regression splines (BARS) [176].
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The performances were quantified using MISE, as expressed in Equation (3.16). We did not
include the histogram (PSTH) method in the comparison as this cannot produce a smooth
estimate under the single-trial case. The performance of PSTH was shown to be significantly
lower than OKS, VKS, Locfit, and BARS [174].

The two kernel smoothing methods used for performance comparison, OKS and VKS!,
were developed by Shimazaki and Shinomoto [174]. In OKS, the bandwidth is fixed for the
whole duration and automatically selected based on global MISE minimisation principle. On the
contrary, VKS employs a variable bandwidth that is automatically determined by minimising
local MISE function. Thus, both OKS and VKS do not require manual user intervention in
selecting optimal bandwidth parameter.

Locfit is part of Chronux analysis software? that estimates the firing rate by maximising
local log-likelihood where the log-density function is approximated by a local polynomial. It has
some parameters such as degree of the polynomial, weight function, and bandwidth. However,
it is the bandwidth that is considered as the most crucial parameter affecting the accuracy of
estimation [175]. We used the nearest neighbour (NN) bandwidth so that the local neighbour-
hood always contains sufficient data (spikes). This can reduce data sparsity problem that may
arise in real neural data. The NN bandwidth parameter was determined by a tuning process
similar to that of BAKS. In contrast, the parameters of the degree of a polynomial and weight
function were set to the default values, which are two and tricube (‘tcub’), respectively. We
performed MISE comparison from three underlying rate processes (chirp, sine, and sawtooth)
with NN bandwidth varying from 0.2 to 0.8 with an increment of 0.1. We set the NN bandwidth
parameter to 0.4 as this value yielded the smallest average MISE. It means that Locfit uses
40% of the total data in each estimation point.

BARS? estimates the firing rate by using a cubic spline basis function with free param-
eters on the number and location of knots [176]. The optimal knot configuration is determined
by a fully Bayesian approach with a reversible-jump Markov chain Monte Carlo (MCMC) en-
gine and locality heuristic procedure. BARS takes spike counts within bin intervals (histogram)

centred on estimation times of interest. We used a Poisson prior distribution on the number of

http://www.neuralengine.org/res/kernel.html
’http://chronux.org/
3http://1ib.stat.cmu.edu/ kass/bars/bars.html
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Figure 3.4 MISE comparison of BAKS with other methods. (a) MISE comparison for three
rate functions (chirp, sine, and sawtooth) from IG model. (b) MISE comparison for three rate
functions (chirp, sine, and sawtooth) from IIG model. In each boxplot, black lines show the
medians; black circles indicate the means; coloured solid boxes represent interquartile ranges;
whiskers extend 1.5x from upper and lower quartiles; grey crosses represent outliers.

knots and set the sample iterations to 5000 and burn-in samples to 500. We used spike counts
within 10 ms bin intervals as the input and mean of fitted function as the output estimate.
We performed 100 repetitions of single-trial firing rate estimation using dataset testing
1. MISE comparison of all the methods for three underlying rate functions and two models is
plotted as a boxplot (Figure 3.4). BAKS yielded the smallest medians, means, and interquartile
ranges of MISE compared to other competing methods in all six scenarios. As shown in Fig-
ure 3.4a for IG model and Figure 3.4b for IIG model, BAKS (blue boxplot) yields significantly
lower MISE than the other methods. This demonstrates the effectiveness of BAKS, which
features an adaptive bandwidth in estimating the underlying rate from single-trial spike train.
Examples of the underlying rate functions and the estimated firing rates from all methods are
given in Figure 3.5. BAKS (blue line) is shown to yield qualitatively good firing rate estimates

across six scenarios.

3.3.4 Comparison across different values of intensity and frequency

We studied the effect of different intensity and frequency values of the underlying rate functions
on the performance of BAKS. In real neural data, the number of spikes (intensity) and the
temporal fluctuation of spikes (frequency) may change slowly and rapidly. Therefore, we varied

the values of intensity and frequency parameters, as described in Table 3.1 (Testing 2). Using
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Figure 3.5 Comparison of firing rate estimates across all methods. (a)-(c) Firing rate estimates
from IG model with chirp, sine, and sawtooth rate functions, respectively. (d)-(f) Firing rate
estimates from I[1G model with chirp, sine, and sawtooth rate functions, respectively. Black lines
with grey-shaded regions indicate the underlying rate functions. Black raster in the bottom of
each plot represents the spike train generated from the associated model and underlying rate
function.

dataset testing 2, we performed 100 repetitions of single-trial firing rate estimation from all
methods. The statistical summaries of MISE comparison across all methods for the cases of
IG and IIG models are shown in Figures 3.6 and B.1, respectively. From a total of 24 cases
(2 models, 3 rate functions and 4 variations of intensity and frequency), BAKS outperformed
other competing methods in 16 cases (66.67%) as shown in Figures 3.6 and B.1. On average,
BAKS performed better than other methods. Significant performance improvements by BAKS
were achieved in the cases of chirp and sawtooth rate functions with high frequency. This
suggests that BAKS is more effective at estimating a continuous or discontinuous rate function
with rapidly changing spike dynamic. On the other hand, BAKS exhibits poor performance in
the case of sine rate function with low frequency. This suggests that BAKS is not suitable for

estimating a continuous rate function with slowly changing spike dynamic.
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Figure 3.6 MISE comparison across different values of intensity and frequency for IG model.
(a) MISE comparison for the case of low intensity. (b) MISE comparison for the case of high
intensity. (c¢) MISE comparison for the case of low frequency. (d) MISE comparison for the
case of high frequency. In each boxplot, black lines show the medians; black circles indicate the
means; coloured solid boxes represent interquartile ranges; whiskers extend 1.5x from upper
and lower quartiles; grey crosses represent outliers.

3.3.5 Comparison across different values of shape parameter

We examined the flexibility of BAKS when the assumption of ISI shape deviates from that
of used during the tuning phase. Using dataset testing 3 (y = {1,2,---10}), we performed
100 repetitions of single-trial firing rate estimation. From a total of 60 cases (2 models, 3 rate
functions and 10 variations of v values), BAKS showed superior performance over the other
methods in 55 cases (91.67%) as shown in Figure 3.7. In the remaining cases, BAKS resulted
in comparable performance to OKS and VKS, which performed good under inhomogeneous
Poisson model (corresponding to v = 1). We also investigated the performance of BAKS when

v < 1, which corresponds to bursting activity. We performed firing rate estimations using
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Figure 3.7 MISE comparison across various values of shape parameter (7). (a)-(c) MISE
comparison for chirp, sine, and sawtooth rate functions, respectively, from IG model. (d)-(f)
MISE comparison for chirp, sine, and sawtooth rate functions, respectively, from IIG model.
Vertical bars represent the 95% confidence intervals.

synthetic data generated with v = {0.25,0.5,0.75}. The results showed the superiority of
BAKS to other methods in all 18 scenarios (2 models, 3 rate functions, 3 variations of  values)
as depicted in Figure B.2. These results demonstrate the flexibility of BAKS in estimating the

underlying rates across various ISI characteristics of spike train models.

3.3.6 Comparison across different numbers of trials

In offline analyses, the firing rate is typically estimated using spike trains from many similar
trials aggregated into a single, compact, spike train. To study the effect of the increasing
number of trials, we assessed the performance of BAKS across different numbers of trials
(tr = {5,10,20,30}) using dataset testing 4. We performed firing rate estimation using all
methods, each for 100 times. MISE comparison for these multi-trial cases is depicted in Fig-
ure 3.8. The increasing number of trials improved the performance of all methods as indicated
by the decreasing MISE values. However, with the increasing number of trials, the rate of
improvement declined as the MISE values reached their convergences. BAKS on average per-

formed better than other methods except against BARS. Compared to Locfit, BAKS always
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Figure 3.8 MISE comparison across different numbers of trials. (a)-(c) MISE comparison for
chirp, sine and sawtooth rate functions, respectively, for IG model. (d)-(f) MISE comparison
for chirp, sine and sawtooth rate functions, respectively, for IG model. Vertical bars (not clearly
seen for tr > 5) represent the 95% confidence intervals.

showed significantly better performance in all multi-trial cases. In comparison to OKS and
VKS, BAKS shows worse performance only in the cases of sine rate functions for tr > 10 (Fig-
ures 3.8b and 3.8e). However, compared to BARS, BAKS yielded poor performance in most
multi-trial cases except for sawtooth rate cases (tr < 30) as shown in Figures 3.8c and 3.8f.
These overall results suggest that BAKS performs well on multi-trial cases with a moderate
number of spikes. Nevertheless, when it comes to multi-trial cases with a large number of

spikes, BARS performs better than the others.

3.3.7 Comparison across different underlying rate functions

In practice, the true underlying rate function that generates the spiking data is unknown. There
are infinite spaces of rate function that underlie the spiking generation. During the tuning phase,
we used three underlying rate functions (chirp, sine and sawtooth) to tune the parameter of
BAKS. Next, we studied the impact of different underlying rate function along with its intensity
and frequency variations on the performance of BAKS. We performed 100 repetitions of firing

rate estimation using dataset testing 5, which corresponds to single-trial spike trains generated



45

IG Model

1200 , ,
|EMBAKs [Moks [[Jvks MLocit [EBARS |

T
|

1000

800 — _ -

600 |- B T _ I -

MISE

T ¥,

| | | | |
Low Intensity Medium Intensity High Intensity Low Frequency Medium Frequency High Frequency

Gaussian-damped sinusoidal rate

Figure 3.9 MISE comparison across different underlying rate functions for IG model. In each
boxplot, black lines show the medians; black circles indicate the means; coloured solid boxes
represent interquartile ranges; whiskers extend 1.5x from upper and lower quartiles; grey crosses
represent outliers.

from Gaussian-damped sinusoidal rate function as in Equation (3.26). This rate function was
chosen as another representation of continuous rate functions with changing spike dynamic.
The performance comparisons across all methods using this dataset for IG and IIG models are
plotted in Figures 3.9 and B.3, respectively. From a total of 12 cases, BAKS outperformed all
the other methods in 8 cases (66.67%).

We also evaluated the performance of BAKS using synthetic data generated from square
rate function that represents discontinuous rate functions with changing spike dynamic. The
choice of square rate function was inspired by other studies [174], [203]. We performed firing
rate estimations using synthetic data generated from the IG model with square rate function.
We varied the values of frequency and intensity of the square rate function. From a total of
5 cases, BAKS consistently showed superior performance than other methods as depicted in
Figure B.5. These overall results demonstrate the reliability of BAKS even when the underlying
rate functions depart from that of used during the tuning phase. Examples of estimated firing

rates from all methods for IG and IIG models with Gaussian-damped sinusoidal rate function
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Figure 3.10 Firing rate estimate comparison for IG model with Gaussian-damped sinusoidal
rate function. (a)-(c) Firing rate estimates for the cases of low, medium and high frequency,
respectively. (d)-(f) Firing rate estimates for the cases of low, medium and high intensity, re-
spectively. Black lines with grey-shaded regions indicate the underlying rate functions. Black
raster in the bottom of each plot represents a spike train generated from the associated under-
lying rate function.

are shown in Figures 3.10 and B.4, respectively. Examples of estimated firing rates for 1G

model with square rate function are depicted in Figure B.6.

3.3.8 Comparison of computational complexity

Computational complexity affects how fast the computation of each method is completed. A
computationally fast method allows a significant reduction in the data analysis process when
working with a large number of iterations. Furthermore, the fast computation of firing rate is
necessary for online spike-based BMI experiments to generate real-time feedback to the subject.

Kernel smoothing technique has the advantage of being relatively simple and computa-
tionally fast. This is especially the case when the bandwidth is fixed throughout the observation
interval. OKS uses binned spike counts within certain bin intervals (centred at estimation times)
and kernel function with fixed bandwidth to estimate firing rate. The firing rate computation is
performed by convolving the binned spike counts with the kernel function. OKS incorporates a

Fast Fourier Transform (FFT) for computing the convolution to further reduce the computation
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time. The bandwidth is selected by minimising mean integrated squared error (MISE) function
over the whole duration [174]. An extension to OKS is VKS, which incorporates a variable
bandwidth. This variable bandwidth is computed by minimising local MISE, which requires
a large number of iterations with varying local interval. This iterative process makes VKS
significantly more complex than OKS. Unlike OKS and VKS, Locfit uses a polynomial to fit
log-rate function by maximising a local likelihood function. Locfit has relatively low complexity
because it uses a fixed bandwidth selected manually; it does not employ an automatic selection
of bandwidth. In this chapter, the bandwidth (in terms of nearest neighbour) of Locfit was set
to 0.4, meaning that the computation involves 40% of the total data within the whole duration.

Even though BAKS incorporates an automatic selection of adaptive bandwidth, it still
offers relatively low computational complexity. This advantage arises from the simple kernel
smoothing technique with a proper choice of prior distribution and kernel function, which leads
to closed-form expression of posterior bandwidth. This in turn simplifies the computation
process of determining the adaptive bandwidth. This type of convenient closed-form expression
cannot be obtained in the case of BARS; thus, a numerical approximation technique is required.
BARS uses an iterative procedure involving computationally expensive Markov chain Monte
Carlo (MCMC) technique and Bayes information criterion (BIC) to find the optimal smoothing
parameters (i.e. number and location of knots). This process takes relatively long computation
to yield “converged” results.

The computational complexity among these methods can be indicated by the time re-
quired for completing the firing rate estimation in a computer simulation (i.e. computational
runtime). Since the code implementation of each method impacts this runtime comparison, this
should be viewed as an estimation of the real computational complexity of each method. All the
program codes were written and run in Matlab R2016b on 64-bit PC with 8 Intel cores i7-4790
@3.6 GHz and RAM 16 GB. This comparison uses 100 repetitions of single-trial synthetic spike
train data (2s duration) generated by the IG model with chirp rate function.

Locfit and OKS were the two fastest methods, completing the computation within the
order of few milliseconds (Table 3.2). VKS took around two orders of magnitude longer time

than both Locfit and OKS, whereas BARS took the longest time (in the order of seconds). In
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Table 3.2  Average runtime comparison of BAKS with other methods (in second)

Single trial case BAKS OKS VKS Locfit BARS

Low intensity 0.0016 0.0017 0.2340 0.0012 4.8438
Medium intensity 0.0062 0.0018 0.3306 0.0012 4.6563
High intentisy 0.0126 0.0017 0.3306 0.0014 4.5527

BARS parameter setting, we set burn-in iterations to 500 and sample iterations to 5000. The
BARS runtime can be reduced by setting the burn-in and sample iterations to smaller values.
However, this may result in decreasing accuracy as the trade-off. Therefore, these parameters
should be carefully set to find a good trade-off between accuracy and runtime. Wallstrom
et al. suggested that the default values for burn-in and sample iterations are 500 and 2000,
respectively [204].

The runtime performance of BAKS was significantly better than that of both VKS and
BARS, but worse than that of Locfit and OKS. Table 3.2 shows that BAKS runtime is influ-
enced by the intensity of the underlying rate function (i.e. number of spikes), whereas other
methods’ runtime is relatively consistent. This is because, as opposed to BAKS, other methods
incorporate a binning procedure for the spiking data before their core computation. This makes
the number of input data fed to the core computation always uniform regardless of the number
of spikes within the observation interval. Our current BAKS code is a straightforward imple-
mentation of BAKS formula (see Section 3.2.2). In this chapter, we have not considered the
efficient implementation of BAKS. It is important to note, as neurons have a property of refrac-
tory period, the number of spikes within observation interval is limited. This guarantees that
under single-trial cases, even with the current implementation code, the runtime performance

of BAKS will only decrease up to certain bound.

3.3.9 Application to real neural data

We applied BAKS for estimating the neuronal firing rate from real data obtained from two
public neural databases: database for reaching experiments and models (DREAM)* and neu-

ral signal archive (NSA)°. In the DREAM database, we used Flint 2012 dataset which was

‘http://crens.org/
Shttp://www.neuralsignal.org/
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recorded the from the primary motor cortex area (M1) of a monkey while performing centre-out
reaching task. Single unit spikes were obtained by using thresholding and offline sorting tech-
nique. More detailed information on the recording tools and experimental setup can be found in
[35]. In the NSA database, we used nsa2004.1 dataset recorded from the visual cortex (MT/V5)
area of a monkey while receiving random-dot stimuli [205]. Details on the electrophysiological
recording setup is described elsewhere [206].

In the case of real data (unlike synthetic data), the true underlying rate function (i.e.
ground truth) is unknown. Therefore, the ground truth underlying rate in the real data was
estimated by averaging and smoothing the spike counts across many similar trials. This pro-
cedure is similar to the work of Cunningham et al. [189]. We assumed that neurons respond
similarly upon given the same tasks/stimuli, e.g. moving hand to the same target direction or
observing the same visual stimuli. These similar trials were selected such that each trial con-
tains greater or equal to 50 spikes/s within observation interval (1s for the Flint 2012 dataset,
2s for the nsa2004.1 dataset). This limited number of spikes was taken on the assumption
that neurons likely fire more spikes when performing tasks or receiving stimuli. We consid-
ered only neurons that satisfy this criterion in more than 30 trials to obtain sufficiently small
error as observed in multi-trial synthetic data (Figure 3.8). To this end, we obtained 47 (4)
sub-datasets with a total of 1791 (134) trials for the Flint 2012 (nsa2004.1) dataset. In the
Flint 2012 dataset, we aligned the spiking responses over same-direction reaching tasks to the
time when the monkey started the actual hand movement (indicated by the cursor movement).
To make the observation interval the same from inherently different trial duration for each trial,
we used on average of 200 ms before and 800 ms after the movement (total duration of 1s). In
the nsa2004.1 dataset, the duration was fixed to 2s and the spiking responses were aligned to
the time when random moving dot stimuli was first presented to the monkey.

To estimate the ground truth underlying rate, we employed trial averaging and smooth-
ing processes. The trial averaging process was done by superimposing the spike trains from
individual neurons and averaging the spike counts within predefined bin interval (10 ms) across
all similar trials. This averaging process still resulted in a coarse or jagged estimate. To get

a smooth estimate of the underlying rate, a smoothing process was performed using BARS.
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BARS was selected because, based on the synthetic data, it demonstrated the most supe-
rior performance in multi-trial cases with a large number of trials (see Figure 3.8). In these
multi-trial cases where there exists spike train variability across trials, we increased the sample
iteration to 30,000 and burn-in samples to 5,000 to ensure the convergence of results. One of
the advantages of BARS is that it provides the output estimate along with its credible interval.
When computing MISE, we took into account this uncertainty and used 95% credible interval.
Before squaring and integrating across observation interval, we normalised the error between
the ground truth underlying rate obtained from multi-trials (act as a reference) and single-trial
estimated firing rate from the method of interest by dividing it with upper or lower credible
interval. The upper (lower) interval was used when the estimated firing rate is larger (smaller)
than the reference. By doing so, we imposed more (less) weight when the credible interval
is smaller (larger) to adjust the uncertainty brought by the BARS estimation. We call this
normalised MISE as a weighted MISE (WMISE) and formulate it as follows,

WMISE ~ At Z E

NOESYOIR
- o

where C(t) is set to the upper credible interval when A(£) > A(t) and the lower credible interval
when A(#) < A(t). These upper and lower credible intervals calculated by BARS are not
uniform.

We compared the performance across methods under WMISE function using three dif-
ferent metrics. First, we investigated the WMISE performance across the total number of
trials. Based on 1791 single-trial firing rate estimation from 47 sub-datasets in the Flint 2012
dataset, BAKS produced the smallest WMISE mean (10.34) and median (6.85) as shown in
Figure 3.11a. BAKS also yielded the best performance (mean = 19.77 and median = 13.56)
in the case of nsa2004.1 dataset with a total of 134 trials from 4 sub-datasets (Figure 3.11d).
Second, we measured the number of times (in %) one method outperformed all the other meth-
ods. In both Flint 2012 and nsa2004.1 datasets, BAKS outperformed the other methods more
frequently (41.99% and 42.54% respectively) as observed in Figures 3.11b and 3.11e. In these

cases, OKS came as the second best method with 30.65% and 17.16%. Third, we assessed the
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Figure 3.11 WMISE comparison across all firing rate estimation methods on real neural data.
(a) Average WMISE comparison across all trials in Flint 2012 dataset. (b) Number of times
(in %) BAKS outperforms other methods in Flint 2012 datasets. (c¢) Single-trial performance
improvement made by BAKS over competing methods in Flint 2012 datasets. (d)-(f) Similar
to that of (a)-(c) but with nsa2004.1 dataset. In each boxplot, black lines show the medians;
black circles indicate the means; coloured solid boxes represent interquartile ranges; whiskers
extend 1.5x from upper and lower quartiles.

improvement (WMISE decrease in %) per trial made by BAKS against other methods. Fig-
ures 3.11c and 3.11f describe the statistical summary of BAKS performance compared to other
methods for the Flint 2012 and nsa2004.1 datasets, respectively. A positive (negative) value
means that the BAKS method outperforms (is outperformed by) the others. As illustrated in
Figure 3.11c, BAKS performed better than other methods except against OKS (see magenta
boxplot; mean = -2.58% and median = 3.20%). This seems to contradict the results when using
the first and second metrics, in which BAKS outperformed all other methods. To investigate
this contradictory, we analysed the performance of BAKS against OKS across 1791 trials. It
turns out that although BAKS outperforms OKS more frequently, in a few trials, the magnitude
of improvement made by OKS against BAKS is significantly large. In the nsa2004.1 dataset,
BAKS consistently outperformed all other methods (Figure 3.11f). These results are in good
agreement with the two other metrics and the results obtained from the synthetic datasets.

As a summary, BAKS on average performs well compared to other methods in both real and
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Figure 3.12 Firing rate estimates comparison for real neural data. (a) Firing rate estimates
from ‘N184’ of Flint 2012 dataset (b) Firing rate estimates from ‘E164’ of Flint 2012 dataset
(c) Firing rate estimates from ‘j032 25.6" of nsa2004.1 dataset. (d) Firing rate estimates
from ‘j032 51.2° of nsa2004.1 dataset. Black lines and grey-shaded regions indicate the ‘true’
underlying rates and their 95% credible intervals, respectively. Black raster in the bottom of
each plot represents a single spike train generated from the associated underlying rate.

synthetic datasets. Some examples of single-trial firing rate estimations from all methods for
both datasets are displayed in Figure 3.12. Figures 3.12a and 3.12b show the firing rate esti-
mates from ‘N184" and ‘E164’ cases in the Flint 2012 dataset. Figures 3.12c and 3.12d show

the firing rate estimates from ‘j032_25.6" and ‘j032 51.2’ cases in the nsa2004.1 dataset.

3.4 Discussion

In this chapter, we propose a new method, referred to as BAKS, for estimating single-trial neu-
ronal firing rates. BAKS employs a kernel smoothing technique with adaptive bandwidth. This
differs from other kernel-based firing rate estimation methods in that the bandwidth parameter

is adaptively determined by an empirical Bayesian approach. BAKS has been developed with
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the motivation to estimate firing rate from single spike train generated from underlying rate
function that dynamically changes over the observed duration (i.e. non-stationary).

We tuned the parameter of BAKS using synthetic spike train data stochastically sampled
from 3 rate functions (as the representation of non-stationary underlying processes), termed
as chirp, sine, and sawtooth rate functions. We then evaluated the performance of BAKS
using five synthetic datasets, representing various setting and combination of underlying rate
functions along with their intensity and frequency variations, ISI shape (parameter v), and
the number of trials. Extensive simulations demonstrated that BAKS performed better than
two other kernel-based methods (OKS and VKS) and two generalised nonparametric regression
methods (Locfit and BARS). On average, BAKS outperformed the other methods in single-
trial estimation across various settings. The adaptive bandwidth featured in the BAKS can
adjust the different spike densities within the observation interval. The results suggest that
BAKS is suitable for the single-trial analysis of neural data. The flexibility of BAKS was evalu-
ated spike train data generated from the same models with different values of shape parameter
(v =40.25,0.5,0.75,1,2,3,---10}). These various values represent diverse neuronal activities
which include bursting, irregular, and regular spiking. BAKS was also tested on synthetic
datasets generated from two other underlying rate functions, namely Gaussian-damped sinu-
soidal rate and square rate functions. Consistent results were obtained despite using different
characteristics of spike trains. BAKS does not assume a specific distribution on the spike train;
rather, it uses appropriately chosen prior distribution on the bandwidth parameter. The prior
distribution of the bandwidth is derived from Gamma prior distribution on the precision pa-
rameter (inverse of square bandwidth). The precision parameter describes how concentrated
observed data are around the means of Gaussian kernel, which are set to the spike times. Since
these spike times (i.e. the sum of ISI) are conveniently modelled with Gamma distribution
[177], [189]-[192], the precision parameter is also assumed to be Gamma distribution. This
choice has been shown to yield good performance. On the other hand, all other competing
methods (OKS, VKS, Locfit, and BARS) use a Poisson assumption [174]-[176], which is less
likely for the case of single-trial spike train; neurons have certain properties (e.g. refractory

and bursting) that cannot be described by the Poisson model [177], [178]. Numerous works



54

have shown the inadequacy of the Poisson model and proposed other more biophysically plau-
sible models (e.g. IG and IIG) [168], [177], [189]-[192], [198]. The deviation from Poisson
assumption under single-trial cases could lead OKS, VKS, Locfit and BARS to poor perfor-
mance [174], [179]. Some topics of interest in neuroscience use multi-trial spike train to obtain
the firing rate. To investigate the implication of increasing number of spikes within the same
duration, we compared the performance of BAKS across multi-trial cases. The results showed
that all methods revealed a similar trend; the increasing number of trials up to a certain value
(threshold) improves the performance. However, as the number of trial increases, the rate of
improvement of each method and the threshold value differ from each other. BARS produced
the most significant performance improvement with the increasing number of trials, which is
driven by two factors. First, BARS is built on the assumption that spike counts within the
bin intervals follow a Poisson distribution. This assumption is suitable for multi-trial cases
since superimposed spike trains across trials approximate a Poison process [174], [178]. Second,
BARS employs a fully Bayesian approach and locality heuristic procedure to update the prior
distribution of parameter (knots configuration) [176]. With the increasing number of trials (i.e.
number of spikes), BARS can effectively find the optimal knots configuration regardless of the
prior at the cost of high computational complexity. Nevertheless, in comparison to OKS, VKS,
and Locfit methods, BAKS yielded better performance. The overall results suggest that BAKS
is good at estimating firing rate from a low to a moderate number of spikes (represented by
single or few trials) from non-stationary underlying rate functions. BAKS performed signifi-
cantly better in the cases of sawtooth and square rate functions, indicating its suitability for
estimating firing rate from discontinuous underlying rate functions.

Next, BAKS was also tested on real neural data recorded from the motor and visual
cortex of NHPs. The motor neural data is associated with centre-out reaching tasks, whereas
the visual neural data is associated with moving random-dot visual stimuli. Measuring the
performance in real neural data is challenging due to unknown underlying rate. Hence, the
underlying rate was estimated using multi-trial cases on the assumption that neurons respond
similarly upon given the same tasks/stimuli. This procedure is similar to Cunningham’s work

[189]. However, our procedure differs from [189] in that we use BARS instead of PSTH for
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the smoothing process. In practice, neuronal response may considerably differ across similar
trials. To minimise large variation in the spike trains, subsets from two datasets (Flint 2012
and nsa2004.1) were selected with constraints explained in the previous section. BARS was
chosen to obtain a smooth estimate of the ground truth underlying rate because it yielded the
smallest MISE in multi-trial cases of synthetic data. To account for the estimation uncertainty
produced by BARS, weighted MISE (WMISE) was used for comparison. From a total of 6
cases (3 metrics and 2 real datasets), BAKS outperformed all other methods in five cases. The
overall results show that, on average, BAKS performs well compared to all other competing
methods. This is in good agreement with the results obtained from single-trial synthetic data,
which further demonstrates the effectiveness of the proposed method in estimating single-trial
neuronal firing rates.

The selection of prior parameter () value of BAKS is crucial since it will impact the
performance of the firing rate estimation. The value of @ was tuned by minimising MISE
on synthetic dataset during the training phase. This dataset was generated from three rate
functions (chirp, sine, sawtooth) with medium intensity and frequency. During the testing
phase, we used datasets with various settings to evaluate the robustness of BAKS with this
tuned parameter (o = 4). According to Equation (3.13), the mean of prior bandwidth is
inversely proportional to the value of a. In the cases of low-frequency rate functions with the
same intensity as of during the tuning phase, the spike density tends to decrease, which in
turn requires larger bandwidth. To adapt to this, the value of o that minimises MISE tends
to become smaller. Since we use a fixed oy, this results in poor performance of BAKS. On the
other hand, in the cases of high frequency, although there was performance degradation, BAKS
still showed better performance compared to all other methods. This could be attributed
to relatively small performance degradation resulting from the use of a; as opposed to the
larger value of a (for adapting to higher spike density). As can be seen in Figure (3.3), the
performance difference from the use of oy = 4 to the right (larger value of «) is smaller than to
the left (smaller value of «v). In other cases related to different values of intensity (the frequency
is kept the same), BAKS performed consistently better than other methods. The change in

intensity (thus the associated bandwidth) could be partially compensated by the change in
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Table 3.3 Comparison summary of BAKS against other methods

BAKS OKS VKS Locfit BARS

Adaptability to underlying dynamics v — v — v
Bayesian /probabilistic approach v — — - v
Automatic selection of smoothing parameter v v v — v
Single trial (low to moderate number of spikes) ¢oo 00 00 00 00
Multi trials (large number of spikes) 00 00 00 o 000
Computational complexity (runtime) 00O 000 00 000 o

More diamonds mark (¢) indicates better (desirable) property.

scale parameter () which was set to a function proportional to the number of spikes. This
indicates that the performance of BAKS is less (more) sensitive to a; value when there is a low
(high) variation of frequency (i.e. temporal fluctuation) of the underlying rate function.

In practice, the value of o parameter of BAKS can be tuned using synthetic datasets
generated from spike train model whose parameters derived from a statistical summary of
real datasets of interest. By analysing repeated trial spike trains on real neural datasets with
the same tasks/stimuli, we can estimate important underlying parameters such as temporal
fluctuation, mean and dynamic range of intensity, ISI characteristic, and shape of the rate
function. This information can then be fed to the spike train model to generate synthetic
datasets for the tuning purpose. Using the same principle of minimising MISE, we can tune «
and use the tuned value for firing rate estimation during the testing phase.

BAKS offers simplicity similar to the standard kernel-based method and is effective in
grasping sudden and slow changes of firing rate in different regions within the observation
interval. Unlike BARS which is computationally demanding, BAKS is relatively fast owing
to an analytical expression of bandwidth posterior density. This analytical expression leads
to the adaptive bandwidth determined in an exact way (not the numerical approximation),
reducing the computational complexity. With good performance and relatively low complexity,
BAKS is suitable for research that requires single-trial firing rate estimation, such as neural
encoding mechanism in cognitive-related tasks and neural decoding in brain-machine interface
(BMI) applications. As a summary, the comparison of BAKS with other methods is given in
Table 3.3.
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3.5 Conclusion

We have presented a simple yet accurate method, referred to as BAKS, for estimating single-
trial neuronal firing rate based on a kernel smoothing technique with adaptive bandwidth.
The key idea of BAKS is to consider the bandwidth parameter as a random variable under
an empirical Bayesian framework. By using Bayes’ theorem with the proper choice of kernel
and prior distribution functions, the bandwidth can be adaptively determined in an exact and
quick way. We have demonstrated, through extensive evaluations on both synthetic and real
neural data, the good performance of BAKS compared to other established methods. This
suggests that BAKS has the potential to improve single-trial analysis in neuroscience studies

and decoding performance of spike-based brain-machine interfaces (BMlIs).



4  Enhanced MUA-based BMIs with BAKS and

Deep Learning

This chapter approaches the decoding accuracy issue of MUA-based BMIs from
both feature extraction and decoding algorithm perspectives. Many studies employ
a simple binning method for the former and linear decoder for the latter. Here, we
propose BAKS' (introduced in Chapter 3) as a feature extraction method and long
short-term memory (LSTM) as a decoding algorithm.

This chapter is an extended version of a published conference paper. It was sub-
mitted to IEEE Access and deposited to techRxiv preprint server.

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Spike rate estimation using
Bayesian adaptive kernel smoother (BAKS) and its application to brain-machine
interfaces”, in 40th Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. (EMBC), 2018,
pp. 2547-2550. [2]

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Improved Spike-based
Brain-Machine Interface Using Bayesian Adaptive Kernel Smoother and Deep
Learning”, in techRziv, 2020. [3]

4.1 Introduction

MUA has been proposed by many researchers as an alternative BMI input signal to SUA [19],
[22], [26], [27]. Most MUA-based BMIs utilise a binning method for extracting features (firing
rates) and linear decoders (KF and WF) for decoding movement parameters. Binning estimates
firing rates by counting the number of spikes within a predefined bin/window width. Despite
being simple and fast, binning results in a coarse/noisy estimate of firing rates. As movements
are usually smooth or continuous over time, a method that can yield a smooth estimate of firing

rates could potentially improve decoding performance of MUA-based BMIs. Additionally, the

o8
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use of linear decoders with their inherent assumptions lead to suboptimal decoding performance
since neural signals often exhibit non-linear, non-stationary, and non-Gaussian characteristics
[207]. Therefore, it is highly desirable to develop a decoding algorithm that is robust against
the above neural signal characteristics. One promising method is long short-term memory
(LSTM), which does not require any assumption on the data. LSTM is a variant of recurrent
neural networks (RNNs) that has achieved state-of-the-art performance in a wide range of tasks,
especially those related to time-series data [208]. However, there has been no study that utilises
LSTM for MUA-based BMIs.

This chapter aims to improve the decoding performance of MUA-based BMIs by simul-
taneously proposing BAKS as the firing rate estimation method and LSTM as the decoding
algorithm. We evaluate BAKS and LSTM for decoding (offline) hand kinematics from neural
data chronically recorded from the motor cortex (M1) area of a monkey. The proposed methods
are compared against two other firing rate estimation methods (binning and Gaussian kernel
smoother) and two other decoding algorithms (KF and WF). Furthermore, we compare the

decoding performance between MUA and SUA using the proposed methods.

4.2 Methods

Block diagram of spike-based BMI system used in this chapter is illustrated in Figure 4.1.
Before being fed to each decoder (KF, WF, and LSTM), the firing rates obtained from each
method were standardised (i.e. z-transformed) to zero mean and unit variance, whereas the
kinematic data were normalised to zero mean. The LSTM decoder was implemented using
Keras/TensorFlow deep learning framework [209]|. All the experiments and analyses were done

in Python.

4.2.1 Neural recordings

Neural recordings were obtained from a public dataset deposited by Sabes lab [210]. The neural
data were recorded from primary motor cortex (M1) area of an adult male Rhesus macaque
monkey (Macaca mulatta), indicated by I. The recordings were made by using a 96-channel

Utah microelectrode array (platinum contact, 400 k(2 nominal impedance, 400 pm interelectrode
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Figure 4.1 Block diagram of spike-based BMI

spacing, 1 mm electrode length) referenced to a silver wire placed under the dura (several cm
away from the electrodes). The recordings were preamplified and filtered by using a 4th-order
low-pass filter at 7.5 kHz with a roll-off of 24 dB per octave. The recordings were then digitised
with 16-bit resolution at 24.4kHz sampling rate. These digitised recordings are hereinafter
referred to as raw neural signals. Details of the experimental setup including the subject,
surgical procedure, and recording setup have been described elsewhere [211|. The neural data
used in this chapter consist of 26 recording sessions spanning 7.3 months between the first
(120160627 _01) and last (120170131 02) sessions. The first and last sessions correspond to
110 and 328 days since the electrode implantation, respectively. The recording duration varies

from 6 to 13.6 minutes with an average of 8.88 £+ 1.96 minutes (mean + SD).

4.2.2 Behavioural task

The behavioural task has been previously described in detail elsewhere [211]. Briefly, the
monkey was trained to perform a point-to-point task, that is, to reach randomly drawn circular
targets which were uniformly distributed around an 8 x 8 square grid, as illustrated in Figure 4.1.
The target was acquired when the monkey reached the target using his fingertip and held it for
450 ms. Upon every target acquisition, a new random target was presented immediately without
an inter-trial interval. The fingertip position of the reaching hand and the target position (in
x-y Cartesian coordinates with mm unit) were both sampled at 250 Hz. The position data were

then low pass filtered with a non-causal, 4th-order Butterworth filter at 10 Hz to reject sensor
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noise. Velocity and acceleration data were computed by using first and second derivative of the

position data.

4.2.3 Spike signal processing
Single-unit activity (SUA)

The raw neural signals were band-pass filtered with a causal, 4th-order Butterworth IIR filter
between 500 to 5000 Hz. Spikes were then detected whenever the absolute value of the band-
passed signals crossed a threshold value (typically set to between 3.5 and 4.0 times the standard
deviation). SUA was obtained by sorting (i.e. classifying) the detected spikes into distinct
putative single units via principal component analysis and template matching. This means each
channel could contain more than one SUA. More detailed information on the spike detection
and sorting processes can be found in [211]. We Only included SUA with spike rates above 0.5
Hz, which resulted in a varying number of SUA ranging from 91 to 157 units with an average

of 125.73 £ 13.95 units (mean £ SD) across 26 recording sessions.

Multi-unit activity (MUA)

In this chapter, MUA is defined as all the spikes detected through threshold crossing technique.
To obtain MUA, we performed spike detection (as described in the above SUA processing) but
without spike sorting. Thus, for each channel, we obtained a maximum of one MUA. Similar
to that of SUA, only MUA with spike rates exceeding 0.5 Hz were included. This yielded a
number of MUA that varied from 77 to 95 units with an average of 87.08 + 4.44 (mean + SD)

across 26 recording sessions.

4.2.4 Firing rate estimation

Firing rate estimation from each method was performed in an overlapping fashion to obtain
a feature sample every 4ms (to match the timescale of the kinematic data). Each firing rate

estimation method is briefly described as follows:

e Binning method estimates firing rate by computing the number of spikes within a 256 ms

rectangular window.
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e Gaussian kernel smoother estimates firing rate by convolving spike train with a Gaussian

kernel with 256 ms window width and 110 ms bandwidth (standard deviation).

e Bayesian adaptive kernel smoother (BAKS) estimates firing rate from spike train with
256 ms Gaussian window, parameter shape (o) = 4, and parameter scale (5) = n*°; n
represents the number of spikes. The formula of BAKS and its parameter setting has

been described in Section 3.2.2 of Chapter 3.

4.2.5 Decoding algorithm

Kalman filter (KF)

KF, primarily developed by Rudolf E. Kalman in 1960s, is one of the most well-known esti-
mation algorithms used to estimate states of interest from a sequence of indirect and noisy
measurements. It has been employed in numerous BMI research to decode limb kinematics
or kinetics from neural signals [44], [46], [55], [75], [99], [143]. KF combines process and mea-
surement models with the assumption that both models are linear and Gaussian. The process
model defines the evolution of the state (assumed to be Markovian) from previous timestep

t — 1 to current timestep t as:

vie=Fy,_ +a, o@~N(0Q) (4.1)

where F denotes the state transition matrix that linearly maps the previous state y,_; to the
current state y;, q; is the process noise that is assumed to be drawn from Gaussian distribution

with zero mean and covariance Q. The state y; at timestep t is formulated as:

Yt = [Sl”sy7UIavyaa’x7ay]? (42)

where s, sy, Uz, vy, a3, a, denote the hand position, velocity, and acceleration in z and y di-
rections, respectively, and d refers to the dimension of the state. The measurement model

describes the relationship between the state and the measurement at current timestep ¢ which
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is mathematically expressed as:

x; =Hy, +r;, 1:~N(0,R) (4.3)

where H denotes the measurement matrix that linearly transform the state y; into the measure-
ment X;, r; is the measurement noise that is assumed to be drawn from Gaussian distribution
with zero mean and covariance R.

KF consists of two steps, prediction and update, which are performed in a recursive
manner. In the prediction step, a priori state estimate (y}) and a priori error covariance (P})
at the current timestep are predicted from previous state estimate (y;_;) and error covariance
(P;_1) using following formula:

¥ =Fyi
P, =FP;, ,FT +Q

(4.4)

In the update step, a posteriori state estimate (y;) and a posteriori error covariance (P;) at the
current timestep are obtained from the predicted state estimate and error covariance combined

with the information from the current measurement using equations below:

vi =y; + Ki(x; — Hy})

(4.5)

where K, is the Kalman gain that represents how much weight given to the measurements to
refine the current state estimate.
Parameters F, H, Q, and R were assumed to be invariant over time and were estimated

using least square regression with /5 or Tikhonov regularisation (i.e. ridge regression) as follows:

F=Y, Y (Y, Y +al)?
H=XY'(YY! 4 al)!

(4.6)
Q == (Y2 — FY1)<Y2 — FYl)T/<N — 1)

R = (X-HY)(X-HY)T/N

where a denotes the ridge regression parameter and N is the number of samples or data points
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in the training data. The value of o was set to 0 (default value).

Wiener filter (WF)

WEF, introduced by Norbert Wiener in 1940s, is a linear filter used to estimate an unknown
signal of interest (e.g. kinematic data) from noisy observations (e.g. neural data) under the
assumption of known stationary signal and additive noise. WF produces an optimal estimate of
the desired signal in the sense of minimum mean squared error. WFs were used as a decoding
algorithm in several prior animal and human BMI studies non-human primates |7, [8], [11],

[14], [15], [42], [43]. An estimate of hand kinematics, §(¢), through Wiener filtering is given by

~
[y

Z w; (1) (t — 7) (4.7)

=1

3
Il
=)

where w;(7) denotes a filter kernel and x; represents features (i.e. firing rates) estimated from
each method. C'is the number of channels, whereas L is the number of lags/taps. The objective
is to find the filter kernel weights w(7) such that the squared error between actual and decoded

hand kinematics is minimised. Equation (4.7) can be written in vector and matrix forms as

y = XW (4.8)

The direct solution for Equation (4.8) based on minimised squared error sense is given by

W = (XTX +al) ' X'y (4.9)

In this chapter, L was empirically set to 15 and the filter weights were estimated by using
linear least squares with ¢y regularisation. The regularisation parameter (o) was set to 0

(default value).

Long short-term memory (LSTM)

LSTM, proposed by Hochreiter and Schmidhuber in 1997 [212], is one of the most popular deep

learning architectures and has achieved state-of-the-art performance in a wide range of machine
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learning problems, especially those dealing with time-series data [208]. It addresses the problem
of vanishing or exploding gradient commonly found in traditional recurrent neural networks
(RNNs). LSTMs can effectively learn long-term temporal dependencies via a memory cell that
maintains its state over time and gating mechanism that controls the flow of information into
and out of the memory cell. In this chapter, we employed a commonly used variant of LSTM
architectures which consists of three gates (forget, input, output) and a single memory cell.

The states of LSTM components at timestep ¢ are formulated as:

f, = o(Wyx, + Ush,_1 + by)

it = o(W;x; + Uhy 1 + b;)

¢; = tanh(W.x; + U.h; 1 + b,) (4.10)
o, = o(W,x; +U,h; 1 +b,)

¢=foc_1+i,Oc¢

ht = Oy ® tanh(ct)

where x, h, f, i, 0, c consecutively represent the input, output, forget gate, input gate, output
gate, and memory cell. The operators ¢ and tanh denote the logistic sigmoid and hyperbolic
tangent activation functions, respectively. The operator ® denotes the element-wise multipli-
cation. Parameters that are learnt during training include input and recurrent weights (W, U)
and bias vectors (b).

We used 1-layer LSTM with number of timesteps (i.e. sequence length) empirically set to
2. The last timestep from the LSTM output was connected to a fully connected layer to obtain
the final output. Other hyperparameters including number of units, number of epochs, batch
size, dropout rate and learning rate were determined through hyperparameter optimisation
from predefined ranges (see Table 4.1) using Bayesian optimisation package called Hyperopt
[213]. The hyperparameter optimisation was conducted separately for each spike signal input
and firing rate estimation method, and was run for 300 iterations. The resulting optimised
hyperparameters are given in Table 4.1. To save the computational time of experiments, the
hyperparameter optimisation was performed only once using the first recording session; for the

subsequent sessions, we used the same hyperparameter configuration. The LSTM was trained
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Table 4.1 Hyperparameter configuration of SUA- and MUA-driven LSTM decoders across
firing rate estimation methods

SUA MUA
H t Val
yperparameer ame range Binning Gaussian BAKS Binning Gaussian BAKS
Number of units {50,75,---,200} 200 200 200 150 175 200
Number of epochs {2,3,---,8} 6 7 8 6 5 6
Batch size {64, 96,128} 64 96 64 64 32 32
Dropout rate {0,0.1,--- ,0.5} 0 0.2 0.2 0 0.5 0.1

Learning rate {5,10,---,50} x 10~ 0.002 0.004  0.005  0.0035 0.0035 0.003

using RMSprop optimiser and root mean squared error (RMSE) loss function.

4.2.6 Performance evaluation and metrics

The dataset was firstly divided into 10 non-overlapping contiguous blocks of equal size which
were categorised further into three sets: training (8 concatenated blocks), validation (1 block)
and testing (1 block). The training set was used to train (fit) the decoder; the validation set
was used to optimise hyperparameters of the decoder; the testing set was used to evaluate the
optimised decoder. Decoding performance was evaluated using two commonly used metrics:
(1) root mean square error (RMSE) and (2) Pearson’s correlation coefficient (CC) [32], [33],
[41]. RMSE represents the average magnitude of the decoding error; CC which is a translation
and scale invariant metric assesses the linear correlation (shape similarity) between the true

and decoded hand kinematics. RMSE and CC are formulated as follows:

RMSE = /S (5 — y»z/N (4.11)
Zt 1( yt) (412>

\/Zt (e — \/Zt 1 i)

where 1, and g; denote the true and decoded hand kinematics at timestep t, respectively, and

N represents the total number of samples.

For each session, the mean and confidence interval of the decoding performance were
evaluated on 10 different blocks within the testing set. To test statistical significance between
a pair of different firing rate estimation methods or different decoding algorithms, a two-tailed

paired t-test was used if the difference between the pairs follows normal distribution; otherwise
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a two-tailed paired Wilcoxon signed-rank test was used. The significance level («) was set to
0.05.

Boxplot was used to visualise the results. The horizontal line and circle mark inside each
box represent the median and mean, respectively. The coloured solid box represents interquar-
tile range (from 25th to 75th percentiles). The whisker extends 1.5 times the interquartile

range.

4.3 Results

4.3.1 Performance comparison across firing rate estimation methods

First, we evaluated the decoding performance of each firing rate estimation method using MUA-
driven KF decoder. Figures 4.2a and 4.2b present long-term decoding performance comparison
across firing rate estimations methods, measured in RMSE and CC, respectively. We found
that BAKS outperformed both binning and Gaussian kernel smoother (or Gaussian for short)
methods in all metrics across all recording sessions (100%). The average decoding performance
of each method was as follows (sorted from highest to lowest): BAKS (RMSE = 60.08 + 1.44,
CC = 0.73 £ 0.01), binning (RMSE = 62.70 + 1.40, CC = 0.71 £ 0.01), and Gaussian (RMSE
= 65.21 £ 1.60, CC = 0.70 £ 0.01). The RMSE and CC values are written in terms of mean
+ standard error of the mean (SEM). Compared to binning method, BAKS yielded an average
performance improvement of 4.2% (RMSE) and 3.3% (CC); however, Gaussian exhibited an
average performance degradation of 3.9% (RMSE) and 1.0% (CC), as can be seen in Figures 4.2d
and 4.2f. Statistical tests showed that the performance of BAKS differed significantly from that
of other methods (in both RMSE and CC metrics) as shown in Figures 4.2c and 4.2e. Snippet
examples of actual and decoded velocities (in z- and y-directions) from binning and BAKS are
illustrated in Figures 4.2g-j.

To determine whether the above findings were also observed when using different decod-
ing algorithms, we performed decoding comparison across firing rate estimation methods using
WEF and LSTM decoders. We found that BAKS consistently outperformed other methods as

shown in Figure 4.3 for WF decoder and Figure 4.4 for LSTM decoder. There was a statistical
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Figure 4.2 Comparison of decoding performance of MUA-driven KF decoder across differ-
ent firing rate estimation methods. (a),(b) Performance comparison over long-term recording
sessions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions
measured in RMSE and CC, respectively. Asterisks indicate firing rate estimation methods
whose performances differed significantly from that of BAKS (*** p<0.001). (d),(f) Perfor-
mance improvement/degradation (in percent RMSE and CC, respectively) relative to binning
method. Positive (negative) value indicates performance improvement (degradation). Black
error bars denote 95% confidence intervals. (g)-(j) Snippet examples of true and decoded veloc-
ities in z- and y- coordinates from different firing rate estimation methods (data from recording
session 120170131 _02).
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Figure 4.3 Comparison of decoding performance of MUA-driven WF decoder across different
firing rate estimation methods. (a),(b) Performance comparison over long-term recording ses-
sions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions mea-
sured in RMSE and CC, respectively. Asterisks indicate firing rate estimation methods whose
performances differed significantly from that of BAKS (* p<0.05, ** p<0.01, *** p<0.001).
(d),(f) Performance improvement /degradation (in percent RMSE and CC, respectively) relative
to binning method. Positive (negative) value indicates performance improvement (degradation).
Black error bars denote 95% confidence intervals. (g)-(j) Snippet examples of true and decoded
velocities in z- and y- coordinates from different firing rate estimation methods (data from
recording session 120170131 02).
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significant difference in decoding performance between BAKS and other methods as illustrated
in Figures 4.3c,e (WF decoder) and Figures 4.4c,e (LSTM decoder). In the case of WF decoder,
according the decoding performance, we found the following descending order: BAKS (RMSE
= 4949 + 0.98, CC = 0.76 £ 0.01) > Gaussian (RMSE = 49.75 + 0.96, CC = 0.76 £+ 0.01)
> binning (RMSE = 51.60 £ 0.99, CC = 0.74 + 0.01). Relative to binning method, BAKS
achieved 4.11% (3.41%) average performance improvement in RMSE (CC), whereas Gaussian
method gained 3.59% (3.03%) average performance improvement in RMSE (CC), as shown in
Figure 4.3d (4.3f). In the case of LSTM decoder, we obtained the following descending order:
BAKS (RMSE = 41.56 & 0.84, CC = 0.84 = 0.01) > binning (RMSE = 41.87 £ 0.85, CC =
0.83 £ 0.01) > Gaussian (RMSE = 42.75 4+ 0.84, CC = 0.83 £ 0.00). The average perfor-
mance improvement achieved by BAKS relative to binning method in the case of LSTM was
considerably smaller (RMSE = 0.76%, CC = 0.35%) than in the cases of KF and WF (see
Figures 4.4d,f). Examples of actual and decoded velocities (in x- and y-directions) in the cases

of WF and LSTM are plotted in Figures 4.3g-j and Figures 4.4g-j, respectively.

4.3.2 Impact of window width on decoding performance

Next, we assessed the impact of firing rate estimation methods under different window widths
on decoding performance. For each firing rate estimation method, we varied the value of
window width from 16 ms to 400 ms with an increment of 16 ms. We used KF and LSTM
decoders for performance comparison. Figures 4.5a,b and 4.5¢,d illustrate the impact of varying
window widths on decoding performance using KF and LSTM decoders, respectively. Results
showed that increasing the window width up to a certain value would improve the decoding
performance; above this value, however, the decoding performance reached a plateau or tended
to decrease. Binning and BAKS were found to reach the plateau level faster than Gaussian
method in both KF and LSTM decoders. All firing rate estimation methods reached the plateau

level faster in the case of LSTM decoder than in the case of KF decoder.
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Figure 4.4 Comparison of decoding performance of MUA-driven LSTM decoder across differ-
ent firing rate estimation methods. (a),(b) Performance comparison over long-term recording
sessions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions
measured in RMSE and CC, respectively. Asterisks indicate firing rate estimation methods
whose performances differed significantly from that of BAKS (*** p<0.001). (d),(f) Perfor-
mance improvement/degradation (in percent RMSE and CC, respectively) relative to binning
method. Positive (negative) value indicates performance improvement (degradation). Black
error bars denote 95% confidence intervals. (g)-(j) Snippet examples of true and decoded veloc-
ities in z- and y- coordinates from different firing rate estimation methods (data from recording

session 120170131 _02).
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Figure 4.5 Decoding performance comparison across different firing rate estimation methods
with varying window widths. (a),(b) Performance comparison using MUA-driven KF decoder
measured in RMSE and CC, respectively. (c),(d) Performance comparison using MUA-driven
LSTM decoder measured in RMSE and CC, respectively. Red stars indicate window widths
that yielded the best decoding performances on validation set from session 120160627 01.

4.3.3 Performance comparison across decoding algorithms

Using BAKS as the firing rate estimation method, we then evaluated the decoding performance
of different decoders (KF, WF, and LSTM). Figures 4.6a and 4.6b present the decoding per-
formance comparison over 26 sessions in terms of RMSE and CC, respectively. We found that
LSTM outperformed other decoders in all sessions. By sorting descendingly according to the
decoding performance, we obtained the following order: LSTM (RMSE = 41.56 £+ 0.84, CC =
0.84 +£0.01), WF (RMSE = 49.49 + 0.98, CC = 0.76 £ 0.01), and KF (RMSE = 60.08 £ 1.44,
CC = 0.73+0.01) as observed from Figures 4.6¢ and 4.6e. Relative to KF, LSTM yielded an
average performance improvement of 30.64% (RMSE) and 14.56% (CC), whereas WF yielded
an average performance improvement of 17.41% (RMSE) and 4.20% (CC) as shown in Fig-
ures 4.6d and 4.6f. Statistical tests showed that there were statistically significant differences

in decoding performance between LSTM and other decoders (p<0.001).
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Figure 4.6 Comparison of decoding performance of MUA-driven decoders with firing rates
computed by BAKS. (a),(b) Performance comparison over long-term recording sessions mea-
sured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions measured in
RMSE and CC, respectively. Asterisks indicate decoders that yielded statistically significant
different performances from that of binning method (*** p<0.001). (d),(f) Performance im-
provement /degradation (in percent RMSE and CC, respectively) relative to binning method.

Positive (negative) value indicates performance improvement (degradation). Black error bars
denote 95% confidence intervals.

4.3.4 Decoding performance comparison between SUA and MUA

Lastly, we compared the decoding performance of MUA against SUA using BAKS coupled
with different decoders. Figures 4.7a-b, Figures 4.7c-d, and Figures 4.7e-f plot the decoding
performance comparison between MUA and SUA across 26 sessions for the case of KF, WF,
and LSTM decoders, respectively. Extensive results revealed that MUA yielded significantly
better decoding performance than SUA in all sessions regardless of the decoders. Relative to
SUA, average performance improvement achieved by MUA from each decoding algorithm was
as follows: KF (RMSE = 7.53%, CC = 6.34%), WF (RMSE = 5.94%, CC = 5.21%), and LSTM
(RMSE = 7.26%, CC = 3.94%).
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(¢),(d) Long-term

decoding comparison between SUA- and MUA-driven WF decoders measured in RMSE and CC,

and MUA-driven KF decoders measured in RMSE and CC, respectively.

respectively. (e),(f) Long-term decoding comparison between SUA- and MUA-driven LSTM

decoders measured in RMSE and CC, respectively.
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4.4 Discussion

In this chapter, we attempt to improve the decoding performance of MUA-based BMI by
proposing BAKS as a feature extraction method coupled with LSTM as a decoding algorithm.
Firstly, we compared the decoding performance of BAKS against two commonly used feature
extractions methods (binning and Gaussian) under three different decoding algorithms (KF,
WF, and LSTM). Comparison results demonstrated that BAKS consistently outperformed
other methods across different decoding algorithms. When varying the window width values,
we also observed consistently better performance of BAKS compared to other methods. This
could be attributed to BAKS’ capability to obtain a smoother and more accurate estimate of
firing rate. BAKS incorporates a data-driven and adaptive bandwidth parameter that allows
for more accurate estimation of firing rate when there is a rapidly changing spike dynamic.
On the other hand, both binning and Gaussian methods employ a fixed, predefined bandwidth
parameter; thus, they cannot accurately estimate the firing rate from a spike train with rapidly
changing spike dynamic. The good performance of BAKS comes at the expense of increased
computational complexity compared to binning and Gaussian methods.

We found that the average performance improvement of BAKS relative to other methods
was more significant in the case of linear decoders (KF and WF) than deep learning decoder
(LSTM). This might be because LSTM can compensate for the differences in estimated firing
rates through gradient-based optimisation algorithm during the training. In other words, LSTM
is less sensitive to the smoothness and accuracy of estimated firing rates than both KF and
WEF. Using BAKS as the feature extraction algorithm, we then compared the performance of
LSTM against KF and WF. Results showed that LSTM significantly outperformed both KF
and WF, which demonstrates the effectiveness of LSTM in capturing the complex, non-linear
relationship between neural signals and hand kinematic data.

Lastly, using BAKS coupled with LSTM, we compared the decoding performance of
MUA to that of SUA. Empirical results revealed that MUA achieved significantly higher de-
coding performance than SUA. When using BAKS coupled with KF or WF, we also observed

the same finding. These results contradict several prior studies where SUA was shown to yield
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better decoding performance than MUA [22], [26], |27], [39]. It is difficult to find the exact
reason to this contradiction due to the differences in recording setup, behavioural task, signal
processing, decoding algorithm, etc. across studies. One possible explanation is that in our
study, to obtain SUA, we only used well-isolated (sorted) spikes and discarded unsorted spikes
(also known ‘noise’ or ‘hash’ units). Hash units contained all spikes that did not match any of
the operator’s defined templates used for spike sorting. Todorova et al. have recently shown
that hash units contained some information about movement and discarding this information
could degrade the decoding performance [38]. On the contrary, when computing MUA, we used
all the detected spikes, including the hash units, which potentially contributed to improved de-
coding performance. In summary, overall results demonstrated that our proposed methods,

BAKS and LSTM, achieved better decoding decoding performance than other methods.

4.5 Conclusion

We have proposed BAKS and LSTM and evaluated their impact on decoding performance of
MUA-based BMI. We have shown that BAKS and LSTM significantly outperformed combi-
nations of other firing rate estimation methods and decoding algorithms. This suggests the
feasibility and the potential use of BAKS and LSTM for improving the decoding performance
of MUA-based BMIs.
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5 Decoding Hand Kinematics from LFPs Using

Deep Learning

This chapter proposes decoding algorithms based on two different deep learning
methods, namely recurrent neural network (RNN) and convolutional neural net-
work (CNN). Particularly, we utilise an RNN with LSTM architecture (described
in Chapter 4) driven by features that are extracted manually. Next, we exploit a
special type of CNNs called temporal convolutional network (TCN) to learn the
features automatically and decode hand kinematics from LFPs in a single unified
approach. By doing so, we can eliminate the time-consuming process of manual

feature extraction and learn features that are optimised for the decoding tasks.

This chapter is based on the following conference papers:

N. Ahmadi, M. L. Cavuto, P. Feng, et al., “Towards a distributed, chronically-
implantable neural interface”, in 9th Int. IEEE/EMBS Conf. Neural Eng. (NER),
2019, pp. 719-724. [4]

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Decoding hand kinematics
from local field potentials using long short-term memory (LSTM) network”, in 9th
Int. IEEE/EMBS Conf. Neural Eng. (NER), 2019, pp. 415-419. [5]

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “End-to-end hand kinematic
decoding from LFPs using temporal convolutional network”, in IFEE Biomed.
Circuits Syst. Conf. (BioCAS), 2019, pp. 1-4. [6]

5.1 Introduction

In recent years, there has been an increasing interest in using local field potential (LFP) as an
alternative or complementary input signal for BMIs [25], [35], [37]. This arises from desirable
features of LFP (stability and low bandwidth) and community is thus interested in attempting

to retrieve informative content. Many LFP-based BMIs employ KF decoder with its restricting
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assumptions. A more flexible and effective decoding method is required to improve the decoding
performance of LFP-based BMIs. In addition, most LEP-based BMIs still make use of hand-
crafted features. Several commonly used LFP features are local motor potential (LMP) and
average spectral power on different frequency bands [22], [25], [35], [37]. LFP frequency bands
are usually selected based on intuition, previous literature or visual inspection of the data [94]
which can be suboptimal since it is not optimised for the decoding task. Furthermore, selecting
the optimal set of features from all available features can be time-consuming. It is therefore
desirable to have a unified method capable of performing automatic feature extraction and
decoding that are optimised for the task at hand.

One such method is deep learning, which has demonstrated state-of-the-art performance
in a wide range of real-world applications such as image and speech recognition, language trans-
lation, and medical diagnostics. Long short-term memory (LSTM) and Temporal convolutional
network (TCN) are two variants of deep learning methods and have shown high performance
in sequence modeling tasks [214]. Although there is an increasing adoption of deep learning in
the field of BMIs (e.g. [60], [62]), no studies have been found that utilise both LSTM and TCN
for hand kinematic decoding from LFPs.

This chapter aims to improve the decoding performance of LFP-based BMIs by utilising
these two variants of deep learning methods. First, we propose LSTM as decoding algorithm
driven by hand-crafted LFP features. Second, we propose an end-to-end system approach based
on TCN that can automatically extract features and decode hand kinematics directly from raw
LFP signals. We then compare decoding performance of the proposed methods against LFP-,
SUA-, and MUA-driven KF decoders. Furthermore, we also compared the performance of the
proposed methods to SUA- and MUA-driven LSTM decoders. Lastly, we analyse the TCN-

extracted features and report the estimated inference time and power consumption of the TCN.

5.2 Methods

Figure 5.1 presents a block diagram of LFP-based BMI system using LSTM decoder. Another
decoder, TCN, is schematically illustrated in Figure 5.2. Both LSTM and TCN decoders were
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Figure 5.1 Block diagram of LFP-based BMI using LSTM decoder

implemented using Keras/TensorFlow deep learning framework [209]. All the experiments and
analyses were conducted in Python and run on an Ubuntu 16.04 OS based machine with Intel(R)

Xeon(R) CPU E5-2630 v4 @ 2.20GHz and NVIDIA GeForce GTX 1080 GPU.

5.2.1 Neural recording and behavioural task

We used two recording sessions (session I: 120170124 01 and session II: 120170127 03) from
the same neural dataset used in Chapter 4 (see Section 4.2.1 and 4.2.2). Briefly, the neural
data were recorded using 96-channel Utah array while the monkey was performing self-paced
reaching tasks without inter-trial intervals within 8-by-8 square grid. The neural data were
sampled at 24.4kHz and filtered with a 4" oder low-pass filter at 7.5 kHz. Recording duration
for session I and session II were 9 and 12 minutes, respectively. Fingertip position in x-y
coordinates was sampled at 250 Hz. Velocity and acceleration were computed from position by

using discrete derivative.

5.2.2 Neural signal processing

LFP signal processing

LFPs were obtained by low pass filtering the raw neural signals using a 4" order Butterworth
filter at 300 Hz and downsampling them to 1kHz. The filtering was performed on the forward

and backward directions to avoid any phase distortion. To remove common noise that is often
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Figure 5.2 Schematic overview of TCN decoder. (a) A simplified block diagram of TCN.
(b) The residual block of TCN. (¢) An illustration of dilated causal convolution with dilation
factors d = 1,2, 4,8 and filter size k = 2.

contaminating LFPs, we performed common average reference (CAR) by computing the average

of LFPs across all channels and subtracting it from LFP in each channel. All LFP channels

were included for experiments and analyses.

Spike signal processing

We used the same spike signal processing described in Section 4.2.3 to obtain SUA and MUA.
Briefly, spikes were extracted from each channel by band pass filtering (from 500 to 5000 Hz) the
raw neural signal and then detecting the filtered signal amplitudes that exceed a predetermined
threshold value. All the detected spikes within single channel are referred to as MUA. The

detected spikes were then sorted into distinct putative single units to obtain SUA.

5.2.3 Feature extraction

LFP feature extraction

For each LFP channel, six different features were extracted (one feature in time domain and
five features in frequency domain). The time domain feature was an average amplitude called

local motor potential (LMP) whereas the frequency domain features were average spectral
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power in five different frequency bands: delta (1-4 Hz), theta (3-10Hz), alpha (12-23 Hz),
beta (27-38 Hz) and gamma (50-300Hz). The selection of these frequency bands followed a
previous study by Stavisky et al. [37]. The LMP was obtained by using a moving average filter
with 256 ms rectangular window. To extract the spectral power features, we first band-pass
filtered the LFP signals using 3rd-order Butterworth filter at each frequency band and then
applied short-time Fourier transform (STFT) with a 256 ms Hanning window. All the feature
extractions were performed in an overlapping fashion (252 ms overlap) to yield a sample every
4ms (matching the sampling rate of the kinematic data). Before being fed to LSTM decoder, the
LFP features were standardised (i.e. z-transformed) to zero mean and unit variance, whereas

the kinematic data were normalised to zero mean.

Spike feature extraction

Spike features (firing rates) were extracted using BAKS with a 256 ms Gaussian window and
the same parameters as described in Section 4.2.4. BAKS was used because it yielded better
decoding performance than binning and Gaussian kernel smoother methods as shown in Chap-
ter 4. Units with firing rates below 0.5 Hz were excluded thus leaving only 130 (124) SUA and
91 (94) MUA for session I (II). The spike features were also standardised before being fed to
LSTM decoder.

5.2.4 Decoding algorithm

Long short-term Memory (LSTM)

LSTM is a type of recurrent neural networks (RNNs) that can learn long-term temporal de-
pendencies without suffering from a vanishing gradient problem. In Chapter 4, we have shown
that LSTM significantly outperformed both KF and WF in hand kinematic decoding from
spike signals. In this chapter, we used the same LSTM architecture but different hyperparam-
eter configuration. The LSTM decoder was trained using RMSprop optimiser and root mean

squared error (RMSE) loss function.
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Temporal convolutional network (TCN)

Temporal convolutional network (TCN) is a variant of convolutional neural network (CNN)
architectures that makes use of 1D dilated causal convolutional layers. The major difference
from regular 1D convolution is that the dilated causal convolution holds three characteristics:
(1) the output has the same length as the input; (2) the output only depends on the present
and past inputs (i.e. an output at time ¢ is convolved only with the inputs at time ¢ and
earlier); (3) the introduction of a dilation factor (i.e. fixed step) between every adjacent filter
taps which can increase the receptive field exponentially [215|. Given input sequences z(t), the

output sequences y(t) obtained from a dilated causal convolution is formulated as follows:

ylt] = Z W, [t — di] (5.1)

where W denotes the filter weights, k is the filter size and d is the dilation factor. This type
of convolution has been previously used in the popular and powerful WaveNet architecture for
realistic speech synthesis [216].

The TCN architecture used in this chapter was inspired by the work of Bai et. al.
[214] with one modification, that is, batch normalisation [217] was used instead of weight
normalisation. A simplified and more detailed block diagram of TCN is given in Figure 5.2. In
each residual block, the dilation rate was increased by a factor of 2 (d = 271, i = 1,2,--- ,7),
where r is the total number of residual blocks. The TCN combines feature extraction and
decoding processes into single unit and is optimised based on single objective function. It was

trained using Adam optimiser and root mean squared error (RMSE) loss function.

Hyperparameter optimisation

Similar to that of in Chapter 4, the data were divided into 10 non-overlapping contiguous
blocks of equal size and categorised into training set (8 concatenated blocks), validation set (1
block) and testing set (1 block). The hyperparameters’ values of LSTM and TCN decoders
were optimised by using Hyperopt library [213] on the validation set of session I and run for 300

iterations. The search space for the hyperparameter optimisation and the resulting optimised
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Table 5.1 Hyperparameter search space for TCN and LSTM decoders

Value Range

Hyperparameter

TCN LSTM
Number of residual blocks {6,7,8} -
Number of filters {16,24,--- ,64} -
Filter size {3,4,5} -
Number of layers - {1,2,3}
Number of units - {50,75,---,200}
Number of timesteps {128,192, 256} {2,3,4}
Number of epochs {2,3,---,8}
Batch size {64, 96,128}
Dropout rate {0,0.1,--- ,0.5}
Learning rate {5,10,---,50} x 10~*

Table 5.2 Hyperparameter configuration of TCN and LSTM decoders

Optimised Value

Hyperparameter TCN LSTM

Raw LFP LMP 1-4Hz 3-10Hz 12-23Hz 27-38 Hz 50-300 Hz

Number of residual blocks 8 - - - -
Number of filters 48 — — - —
Filter size 4 - - - -
Number of layers - 1 1 1 1
Number of units - 125 200 150 175
Number of timesteps 256 2 2 2 2
Number of epochs 6 8 7 2 5
Batch size 64 64 64 96 64
Dropout rate 0.3 0 0 0.2 0.1
Learning rate 0.0015 0.003 0.003 0.0005 0.0035

0.0005

0.0005

values for both decoders are given in Table 5.1 and 5.2, respectively.

5.2.5 Performance evaluation and metrics

The decoding performance was evaluated using root mean square error (RMSE) and Pearson’s

correlation coefficient (CC) as in the previous chapter. The mean and confidence interval of the

decoding performance were computed using 10 different blocks within the testing set. Statistical

significance test was conducted using a two-tailed paired t-test when the difference between the

paired data follows normal distribution, otherwise using a two-tailed paired Wilcoxon signed-

rank test. The significance level (o) was set to 0.05.
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Figure 5.3 Decoding performance comparison across different LEP features using LSTM (data
from recording session I). (a),(c) Boxplot comparison across LFP features measured in RMSE
and CC, respectively. Asterisks indicate features that had statistically significant different
performances from that of LMP (** p<0.01, *** p<0.001). (b),(d) Relative performance (in
terms of RMSE and CC, respectively) of LMP relative to other LFP features. Larger value
indicates better relative performance. Black error bars denote 95% confidence intervals.

5.3 Results

5.3.1 Performance comparison across different LFP features

We were interested in investigating which LFP feature carries the highest movement-related
information. In doing so, we quantified the informativeness of each LFP feature by measuring
its decoding performance using independently optimised LSTM decoder. Empirical results
revealed that LMP yielded the highest decoding performance (smallest RMSE and largest CC)
as depicted by boxplots in Figures 5.3a and 5.3c. The circle mark and horizontal line within
each boxplot denote the mean and median, respectively. The coloured solid box represents the

interquartile range between 25th and 75th percentiles. The whisker extends to 1.5 times the
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Figure 5.4 Decoding performance comparison of SUA-, MUA-, and LFP-driven LSTM de-
coders across different window widths. Red stars indicate window widths that yielded the best
decoding performances on validation set from session I.

interquartile range. By sorting descendingly the average decoding performance, we obtained
the following order: LMP (RMSE = 40.52 + 1.27, CC = 0.80 £ 0.01) > gamma (RMSE =
51.54 +1.42, CC = 0.63 £ 0.01) > delta (RMSE = 58.06 + 1.42, CC = 0.49 4+ 0.02) > theta
(RMSE = 62.89+1.72, CC = 0.31 £0.01) > beta (RMSE = 65.80+1.75, CC = 0.10+0.01) >
alpha (RMSE = 70.60+1.79, CC = 0.064+0.01). Both RMSE and CC values are written in terms
of mean + standard error of the mean (SEM). Statistical tests showed that the performance
of LMP differed significantly from that of other LF'P features. LMP achieved, on average, 1.27
to 1.75 times better RMSE and 1.25 to 20.33 times better CC relative to other LFP features
(see Figures 5.3b and 5.3d). Due to its highest decoding performance, LMP was selected for

subsequent experiments.

5.3.2 Impact of window width on decoding performance

Next, we examined the impact of different window widths when computing LMP on decoding
performance of LFP-driven LSTM decoder. We varied the window width value from 32ms
to 512ms with an increment of 32ms. We found that the increasing window width up to
a particular point would increase the decoding performance (Figure 5.4); above this point,
however, the performance would reach a plateau and tend to decline. The highest decoding
performance was achieved when using a window width of 256 ms. We also investigated whether

the same trend was observed in the case of SUA- and MUA-driven LSTM decoders. As shown
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Figure 5.5 Decoding performance comparison across different decoders driven by SUA, MUA,
and LFP. (a),(b) Boxplot comparison from session I measured in RMSE and CC, respectively.
(¢),(d) Boxplot comparison from session II measured in RMSE and CC, respectively. Asterisks
indicate decoders whose decoding performance differed significantly from that of SUA-KF (*
p<0.05, ** p<0.01, *** p<0.001).

in Figure 5.4, we found the same trend where increasing the window width to a particular value
(around 256-288 ms) led to improved decoding performance; above this value, the decoding

performance would decline.

5.3.3 Performance comparison across input signals and decoders

Further, we compared the decoding performance of our proposed LFP-driven LSTM and TCN
decoders (referred to as LFP-LSTM and LFP-TCN, respectively) against LEP-; SUA-, and
MUA-driven KF decoder (referred to as LFP-KF, SUA-KF, and MUA-KF, respectively). As
shown in Figure 5.5, LFP-LSTM and LFP-TCN yielded statistically significantly better decod-
ing performance than LFP-KF, SUA-KF, and MUA-KF across both metrics and both sessions.
LFP-LSTM yielded RMSE = 40.40 4+ 1.26 (45.03 £ 1.02) and CC = 0.80 + 0.01 (0.80 £ 0.01)
for session I (II). Relative to SUA-KF, LFP-LSTM achieved a decoding improvement of RMSE
= 21.72% and CC = 7.84% (RMSE = 34.65% and CC = 23.57%) for session I (II), as shown
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Figure 5.6 Decoding performance comparison across different decoders relative to SUA-KF.
(a),(b) Comparison from session I measured in ARMSE (%) and ACC (%), respectively. (c),(d)
Comparison from session II measured in ARMSE (%) and ACC (%), respectively. A positive
(negative) value indicates performance improvement (degradation). Black error bars represent
95% confidence intervals.

in Figure 5.6. LFP-TCN yielded RMSE = 37.68 &+ 1.16 (42.31 £ 1.11) and CC = 0.83 £ 0.01
(0.83 £ 0.01) for session I (II). This corresponded to a decoding performance improvement of
RMSE = 26.89% and CC = 11.82% (RMSE = 38.62% and CC = 27.51%) for session I (II)
with respect to SUA-KF.

In addition, we also measured the decoding performance of SUA- and MUA-driven
LSTM decoders (referred to as SUA-LSTM and MUA-LSTM). SUA-LSTM yielded RMSE =
36.68 4+ 1.52 (45.44 £+ 1.20) and CC = 0.83 £ 0.01 (0.80 + 0.01) for session I (ITI). MUA-LSTM
yielded RMSE = 33.64 £ 1.40 (39.89 £+ 0.98) and CC = 0.86 £ 0.01 (0.85 £ 0.00) for session
I (II). The comparison results revealed that MUA-LSTM outperformed all other decoders.
Compared to SUA-KF, MUA-LSTM achieved a decoding improvement of RMSE = 34.87% and
CC = 16.75% (RMSE = 42.07% and CC = 30.79%) for session I (II), as shown in Figure 5.6.

By sorting descendingly all the decoders according to their average decoding performance, we
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Figure 5.7 Examples of actual and decoded velocities from different decoders in z- and y-
directions (data from session I).

obtained the following order: MUA-LSTM > LFP-TCN > SUA-LSTM > LFP-LSTM > MUA-
KF > SUA-KF > LFP-KF. Examples of actual and decoded z- and y- velocities from SUA-KF,
LFP-KF, LFP-LSTM and LFP-TCN are given in Figure 5.7.

5.3.4 Cross-correlation between learnt and hand-crafted LFP features

As TCN could learn informative features automatically from the raw LFPs, we next sought
to determine whether TCN-learnt features exhibit cross-correlation with hand-crafted features
in the same order as observed in Section 5.3.1. TCN-learnt features were obtained by taking
the weight values of the last layer (before fully-connected layer) of TCN architecture (see
Figure 5.2). We then computed Pearson’s correlation coefficient between TCN-learn features
and each of six hand-crafted LFP features. Results showed the cross-correlation scores between
TCN-learnt and hand-crafted features indeed exhibited the same order with LMP having the
highest score and alpha having the lowest score (Figure 5.8). According to the cross-correlation
scores, LFP features could be sorted in descending order as follows: LMP > gamma > delta >

theta > beta > alpha.
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Figure 5.8 Cross-correlation between TCN-learnt and hand-crafted LFP features. Data were
obtained from session I.

5.3.5 Inference time and power consumption

Lastly, we computed the inference time and power consumption of TCN decoder. The in-
ference time was measured using the Python built-in function perf counter() while the power
consumption was obtained via the NVIDIA System Management Interface (SMI). Results show
that, for the inference (i.e. testing) time, TCN decoder took an average of 0.29 ms/output and

consumed an average of 109.47 Watt.

5.4 Discussion

In this chapter, we aim to improve the decoding performance of LFP-based BMI by proposing
two variants of deep learning methods, LSTM and TCN, as a decoding algorithm. First, we
selected the most informative feature within LFPs by evaluating the decoding performance of
each feature independently and selecting the feature with the highest decoding performance.
We found that LMP yielded the highest decoding performance compared to other LFP fea-
tures. This finding is in good agreement with Stavisky et al.’s study [37]. Next, using LMP
as the feature, we compared the decoding performance of LEP-driven LSTM decoder to those
of SUA-, MUA-, and LFP-driven KF decoders. We found that LFP-driven LSTM decoder
achieved better decoding performance than KF decoders, demonstrating LSTM’s capability in

capturing nonlinear and complex relationship between LFPs and hand kinematics. However,
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when comparing the decoding performance of SUA, MUA, and LFP under LSTM decoders, we
found that the performance of LFP was the lowest among others. This could indicate that the
movement-related information contained within LFPs was lower than within SUA and MUA.
These results are in line with several prior published studies [33], [35], [39]-[41] except [31].
Mehring et al. [31] used 16 LFP channels, while we and other studies [33], [35], [39]-[41] used a
significantly higher number of LFP channels. LFPs are known to exhibit relatively high corre-
lation (redundancy) among channels. Thus, individual LFP channel generally contains higher
movement-related information than individual SUA and MUA, as reflected by its decoding
performance. However, as the number of LFP channels increases, the decoding performance of
LFP reaches a plateau faster than those of SUA and MUA. When the number of channels/units
is sufficiently high, SUA and MUA usually outperform LFPs [33]-[35], [41].

To improve further the decoding performance of LFPs while alleviating the need for the
tedious manual feature extraction process, we proposed a TCN decoder that combines feature
extraction and decoding algorithm into a single, unified, end-to-end approach. Comparison
results showed that LFP-driven TCN decoder could outperform SUA- and LFP-driven LSTM
decoder. This demonstrates the effectiveness of TCN decoder to automatically learn the optimal
representation (i.e. features) of LFPs and decode hand kinematics. Upon examining the cross-
correlation between TCN-learnt LFP features and hand-crafted LFP features, we found that
LMP yielded the highest cross-correlation score. This indicates that TCN could indeed learn
the most informative features within LFPs. The performance improvement achieved by TCN
comes at the expense of increased computational complexity and power consumption.

TCN decoder was implemented and run on a desktop-based GPU which requires high
power consumption. One possible direction for future work is to develop and optimise TCN
decoder to be run on a low-power embedded platform. Compared to MUA-driven LSTM
decoder, TCN decoder yielded a lower decoding performance. Therefore, developing LFP-
based BMIs that can outperform MUA-based BMIs remains a challenging task and opens new

avenues for future work.
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5.5 Conclusion

This chapter has presented two variants of deep learning methods, LSTM and TCN, as a
decoding algorithm. We have shown that LSTM significantly outperforms KF. Further, we
have shown that TCN can improve decoding performance while alleviating the need for the
laborious process of manual feature extraction. Overall results suggest the potential use of
deep learning, particularly LSTM and TCN, in providing high decoding performance for LFP-
based BMIs.



6 Impact of Referencing Scheme on Decoding Per-

formance of LFP-based BMI

This chapter considers the problem of common noise that often contaminates LFPs
when recorded with respect to a unipolar reference. Several referencing schemes
have been proposed to remove common noise, such as bipolar reference, current
source density (CSD), and common average reference (CAR). We investigate the
impact of these referencing schemes on decoding performance of LFP-based BMI.
We also examine the impact of interelectrode distance and interchannel correlation
on decoding performance. The performance evaluation is undertaken across long-

term recording sessions using different features and deep learning decoders.

A version of this chapter was submitted to Journal of Neural Engineering and
deposited to bioRxiv preprint server with the following title:

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Impact of referencing
scheme on decoding performance of LFP-based brain-machine interface”, bioRziv,

2020. [7]

6.1 Introduction

A great deal of literature has been published on the use of LFPs for BMIs in non-human
primates [22], [25], [32], [33], [35], [37], [52] and humans [90], [103], [163], [218]. However, most
LFP-based BMIs record neural signals with respect to a single common reference (hereinafter
referred to as unipolar reference) which are susceptible to common noise due to different sources
including non-silent reference and volume conduction [219], [220]. Since there is no reference site
in the body free from electrical activity [221] and neural signals are measured as the potential
differences between the active electrodes and reference, electrical activity in the reference will

affect the recordings in all active electrodes. In addition, electrical activity from distant sources
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can also contaminate the recordings through the volume conduction mechanism. This common
noise may degrade LFP’s signal-to-noise ratio (SNR) and lead to suboptimal BMI decoding
performance. Several referencing schemes have been proposed to eliminate the common noise
such as bipolar reference, common source density (CSD), and common average reference (CAR).
Previous studies have assessed the impact of these referencing schemes on the analyses of power,
phase, coherence, and Granger causality in LFPs [219], [220], [222]-[224]. So far, however, there
is no study that examines the impact of these referencing schemes on decoding performance of
LFP-based BMIs.

This chapter aims to address the above knowledge gap by systematically evaluating and
comparing the impact of different referencing schemes on decoding performance of LFP-based
BMIs. We used long-term LFP data that were chronically recorded from the motor cortex
area of a macaque monkey (Macaca mulatta) while performing self-paced reaching tasks. We
employed two deep learning methods, namely long short-term memory (LSTM) and gated re-
current unit (GRU) networks for decoding hand kinematics from LFPs. Firstly, We examined
the informativeness of different LFP features across referencing schemes. Secondly, we assessed
the impact of interelectrode distance in bipolar reference on decoding performance. We then
compared the decoding performance across referencing schemes. Lastly, we investigated the im-
pact of referencing schemes on the interchannel correlation of LEPs and its relation to decoding

performance.

6.2 Methods

The block diagram of LFP-based BMI system used in this chapter is illustrated in Figure 6.1. All
the experiments and analyses were done in Python. Keras/TensorFlow deep learning framework

[209] was used to implement the decoding algorithms.

6.2.1 Neural recordings and Behavioural task

We used the same neural dataset as in Chapter 4 (see Section 4.2.1). This dataset contains long-
term raw data and corresponding behavioural task (a total of 26 sessions with over 7.3-month

span), allowing us to analyse the impact of referencing scheme over a long period of time.
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Figure 6.1 Block diagram of LFP-based BMI system with different referencing schemes

The neural data were recorded from the primary motor cortex (M1) area of a monkey with
a 96-channel Utah array (platinum coating, 1 mm electrode length, 400 um spacing, 400k
impedance). Due to the fixed length of Utah array, the analysis in this chapter is confined
to signals recorded at a specific depth. Therefore, referencing schemes are compared on 2D
spatial properties parallel to the cortical surface. The behavioural task has been described in

Section 4.2.2.

6.2.2 Signal referencing

We used four referencing schemes namely unipolar reference, bipolar reference, current source

density (CSD), and common average reference (CAR), each of which is described as follows.

Unipolar reference

Unipolar reference in the form of a silver wire placed under the dura (several cm away from the
electrodes) was originally used during neural signal acquisition. The recorded neural signal at

electrode 7, represented by V;“™ is measured as:

Vi =V, —V, 0<i<96 (6.1)
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where V; and V,. denote the electric potential at the electrode ¢ and reference, respectively. In
total there was 96 unipolar signals (i.e. channels). The characteristics of the recording setup,
e.g. very low added noise by instrumentation, high-resolution data conversion, and broadband
data, allow us to emulate other referencing scheme in software. All filtering operation was

performed digitally in forward and backward directions to avoid any phase distortion.

Bipolar reference

Bipolar referencing, initially used in EEG studies [225], was obtained by computing the differ-

ence between a pair of unipolar signals as follows:

VP = yumt i — 400,800, - -, 2400 pim (6.2)

)

where r;; denotes a predefined distance between electrode i and electrode j ranging from 400 pm
to 2400 pm with an increment of 400 um, which yielded a total of 172, 152, 132, 112, 172, and
72 bipolar signals, respectively.

Current source density (CSD)

CSD, also known as Laplacian referencing [226], was computed by subtracting the average of

four nearest neighbouring electrodes with equal distance of 400 ym as formulated below:
=
CSD __ Y uni uni
VEesP =y =23 Y (6.3)
J

Only electrodes having 4 equidistant neighbours were included for further experiments and

analyses, yielding a total of 64 CSD signals (i.e. electrodes at the edge were excluded).

Common average reference (CAR)

Originally used for ECG [227] in 1930s and firstly adopted for EEG in 1950s [228], CAR has

become one of the most popular referencing schemes. CAR was obtained by subtracting the
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average of all the unipolar signals as described by the following equation:

(2

N
VOAR — yuni _ I Z |7 (6.4)

CAR referencing resulted in the same number of signals as the original unipolar reference (96

channels).

6.2.3 Signal processing and feature extraction

To obtain LFP signals, the raw neural signals were low-pass filtered with a 4th-order Butter-
worth filter at 300 Hz and then downsampled to 1kHz. The filtering was performed on the
forward and backward directions to avoid any phase shift. Same as in Chapter 5, we extracted
six different features: local motor potential (LMP) and average power spectra from five narrow-
bands, which include delta (1-4Hz), theta (3-10Hz), alpha (12-23Hz), beta (27-38 Hz) and
gamma (50-300 Hz). All the feature extractions were performed in an overlapping fashion to
yield a sample every 4ms (matching the sampling rate of the kinematic data). All features
were then standardised before being used for training/evaluation of the decoders. All the LFP

channels were included for experiments and analyses.

6.2.4 Decoding algorithm

Long short-term memory (LSTM)

We used the same LSTM architecture as previously described in Section 4.2.5 but with different

hyperparameter configuration.

Gated recurrent unit (GRU)

GRU is another variant of recurrent neural networks (RNNs) proposed by Cho et al. in 2014
[229] that uses a gating mechanism similar to LSTM. It has less parameters and less structural
complexity than LSTM since it combines the forget gate and input gate into a single update

gate and combines the memory cell and hidden state. Each component of GRU is defined by
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the following equations:

Zy — O'(WZXt =+ Uzht—l =+ bz)
r; =0(W,x;+U,h;_; +b,)
flt = tanh (tht + Uh(rt ® htfl) + bh)

ht:(l_zt)th—l+Zt®flt

where z,r, h represent the update gate, reset gate, and hidden state, respectively. Chung et
al. demonstrated empirically that the performance of GRU was comparable to that of LSTM

across three sequence modelling tasks [230].

Decoder training and optimisation

As in the previous chapter, the data were divided into 10 non-overlapping contiguous blocks
of equal size which were categorised further into three sets: training (8 concatenated blocks),
validation (1 block) and testing (1 block). Each decoder was trained using RMSprop optimiser
and root mean squared error (RMSE) loss function. The decoder hyperparameters were opti-
mised from predefined ranges shown in Table 6.1 using Hyperopt library [213]. The resulting
optimised hyperparameters for each LFP feature and referencing scheme are given in Table 6.1
and Table 6.2, respectively. The hyperparameter optimisation was performed only on the first

recording session; the same hyperparameter configuration was used for the subsequent sessions.

Table 6.1 Hyperparameter configuration of LSTM decoders across LFP features.

LFP Feature

H t Value R

yberparameter atte Ranse LMP  Delta Theta Alpha Beta Gamma
Number of units {50,75,---,200} 175 175 100 75 175 200
Number of epochs {2,3,---,8} 3 2 2 2 2 2
Batch size {64,96, 128} 64 64 64 64 64 64
Dropout rate {0,0.1,---,0.5} 0.4 0.2 0.2 0.3 0.2 0.3

Learning rate {5,10,---,50} x 10~* 0.0005 0.001 0.0005 0.0005 0.0005  0.0005
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Table 6.2 Hyperparameter configuration of LSTM decoders across referencing schemes

Referencing Scheme

Hyperparameter Value Range Unipolar Bipolar CSD  CAR
Number of units {50,75,---,200} 175 150 50 175
Number of epochs {2,3,---,8} 3 3 3 5
Batch size {64, 96,128} 64 96 96 64
Dropout rate {0,0.1,--- ,0.5} 04 0.5 04 0.4
Learning rate {5,10,--- ,50} x 10~% 0.0005 0.0045 0.001 0.0045

6.2.5 Performance evaluation and metrics

we evaluated decoding performance of each model using root mean square error (RMSE) and
Pearson’s correlation coefficients (CC). We calculated mean and confidence interval of the
decoding performance for each session (n=10 blocks) and across all sessions (n=26 sessions).
Statistical significant tests between a pair of different LFP features or different referencing
schemes were conducted using a paired two-tailed t-test whenever the difference between the
pairs follows normal distribution, otherwise using Wilcoxon signed-rank test. The significance

level () was 0.05.

6.3 Results

6.3.1 LFP feature comparison and selection

Firstly, we assessed the informativeness of LFP features by measuring their decoding perfor-
mance under unipolar reference using independently optimised LSTM decoders. Experimental
results revealed that LMP yielded the highest decoding performance (smallest RMSE and
largest CC), followed by gamma, delta, theta, alpha, and beta, respectively (see Figure 6.2).
The circle mark and horizontal line within each boxplot denote the mean and median, respec-
tively. The coloured solid box represents the interquartile range between 25th and 75th per-
centiles. The whisker extends to 1.5 times the interquartile range. As shown in Figures 6.2a and
6.2c, LMP and gamma were the two most informative features, yielding RMSE = 45.65 + 0.90
and CC = 0.81£0.01 for LMP and RMSE = 60.62+1.50 and CC = 0.61 +0.01 for gamma. In

this chapter, RMSE and CC performance are written in term of mean + standard error of the
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Figure 6.2 Decoding performance comparison across different LFP features in unipolar refer-
ence (data from recording session 120160627 _01). (a),(c) Boxplot comparison across features
measured in RMSE and CC, respectively. Asterisks indicate features that had statistically
significant different performances from that of LMP (*** p<0.001). (b),(d) Performance im-
provement /degradation (in percent RMSE and CC, respectively) relative to gamma. Positive
(negative) value indicates performance improvement (degradation). Black error bars denote
95% confidence intervals.

mean (SEM) unless otherwise noted. Relative to gamma, the performance of LMP in terms
of RMSE and CC improved on average by 24.6% and 32.6%, respectively, as can be seen from
Figures 6.2b and 6.2d. The performance of other LFP features (delta, theta, alpha, and beta)
degraded on average by 15.8%-26.9% (RMSE) and 29.7%-89.1% depending on the feature.
We then examined whether the same trend was also observed from different referencing
schemes. Results from bipolar reference showed the same order of feature informativeness as
of unipolar reference (in descending order): LMP > gamma > delta > theta > alpha > beta.
There were some variations in the order of feature informativeness in the cases of CSD and
CAR, which were LMP > gamma > theta > delta > beta > alpha and LMP > gamma >
delta > theta > beta> alpha, respectively. These extensive results revealed that LMP and

gamma consistently emerged as the first and second most informative features. Therefore, for
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Figure 6.3 Decoding performance comparison across different interelectrode distances in bipo-
lar reference with LMP feature. (a),(b) Performance comparison over long-term recording ses-
sions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across distances
and sessions measured in RMSE and CC, respectively. Asterisks indicate distances whose per-
formances were statistically significant difference from that of 400 pm (*** p<0.001). (d),(f)
Performance improvement/degradation (in percent RMSE and CC, respectively) relative to
that of 400 pm. Positive (negative) value indicates performance improvement (degradation).
Black error bars denote 95% confidence intervals.

subsequent experiments, we selected to use only these two features.

6.3.2 Impact of interelectrode distance in bipolar reference

Next, we investigated the impact of interelectrode distance in bipolar reference by comparing the
decoding performance from varying distances (400, 800, - - - , 2400 um) over long-term recording
sessions. Figures 6.3 and 6.4 display the decoding performance comparison across different
interelectrode distances over 26 sessions from LMP and gamma features, respectively. In the
case of LMP, the decoding performance from the distances of 400, 800, 1200, and 2000 pm

(with exceptions from the distances of 1600 and 2400 pm) were similar as can be observed in
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Figure 6.4 Decoding performance comparison across different interelectrode distance in bipo-
lar reference with gamma feature. (a),(b) Performance comparison over long-term recording
sessions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across distances
and sessions measured in RMSE and CC, respectively. Asterisks indicate distances whose per-
formances were statistically significant difference from that of 400 pm (*** p<0.001). (d),(f)
Performance improvement/degradation (in percent RMSE and CC, respectively) relative to
that of 400 pm. Positive (negative) value indicates performance improvement (degradation).
Black error bars denote 95% confidence intervals.

Figures 6.3a and 6.3b. The average RMSE and CC for the distance of 400 um were 49.64 4+0.88
and 0.76 £ 0.01, respectively (Figures 6.3c and 6.3e). Increasing the distances from 400 um to
2400 pm did not improve the decoding performance, but, on the contrary, it tended to degrade
the decoding performance as clearly visible in Figures 6.3d and 6.3f. Specifically, the decoding
performance from the distances of 1600 um and 2400 um were statistically significantly lower
than that of 400 pm (*** p<0.001). With respect to 400 um, the performance of 1600 um
degraded by 4.6% (RMSE) and 3.7% (CC), whereas the performance of 2400 um degraded by
10.2% (RMSE) and 8.5% (CC).

In the case of gamma, the average decoding performance of 400 pm was 62.24 £+ 1.03
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(RMSE) and 0.59 £ 0.01 (CC) and was consistently better than that of larger distances across
sessions as illustrated in Figures 6.4a and 6.4b. Statistical significant tests showed that the
decoding performance of larger distances exhibited significant difference than that of 400 um
(*** p<0.001) as evident from Figure 6.4c for RMSE and Figure 6.4e for CC. Although in
essence similar to the case of LMP, the impact of increasing interelectrode distances was more
clearly observed in the case of gamma. As shown in Figures 6.4d and 6.4f, increasing the
distances resulted in performance degradation of 2.8%—-13.0% (RMSE) and 5.4%-26.9% (CC)
relative to that of 400 um. We thus selected an interelectrode distance of 400 pm for subsequent

experiments.

6.3.3 Impact of referencing scheme on decoding performance

We then evaluated the impact of different referencing schemes on decoding performance of
LSTM decoder driven by LMP feature. The decoding performance comparison across referenc-
ing schemes from LMP-driven LSTM decoder over 26 recording sessions measured in RMSE
and CC are illustrated in Figures 6.5a and 6.5b, respectively. The decoding performance of each
referencing scheme averaged across sessions was as follows: unipolar (RMSE = 50.974+0.96, CC
= 0.76 £0.01), bipolar (RMSE = 49.644+0.88, CC = 0.76 £0.01), CSD (RMSE = 61.72+1.11,
CC = 0.61£0.01), and CAR (RMSE = 48.08+0.97, CC = 0.77+£0.01). Sorting the referencing
schemes descendingly according to their decoding performance resulted in the following order:
CAR > bipolar > unipolar > CSD (see Figures 6.5¢ and 6.5¢). Statistical tests showed that,
compared to that of unipolar, the performance of CSD and CAR had significant differences in
both RMSE and CC metrics (*** p<0.001). CSD resulted in average performance degradation
of 21.2% (RMSE) and 19.1% (CC), while CAR yielded an average performance improvement
of 5.6% (RMSE) and 1.9% (CC) as can be seen in Figures 6.5d and 6.5f. The performance
of bipolar, however, only showed a significant difference in RMSE metric (** p<0.01). Snip-
pet examples of decoded z- and y-velocities along with their ground truth values from four
referencing schemes are illustrated in Figures 6.5g-j.

To check whether a similar trend was observed when using gamma feature, we compared

the decoding performance of gamma-driven LSTM decoder across referencing schemes. The
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Figure 6.5 Decoding performance comparison across different referencing schemes using LMP-
driven LSTM decoder. (a),(b) Performance comparison over long-term recording sessions mea-
sured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions measured in
RMSE and CC, respectively. Asterisks indicate referencing schemes that yielded statistically
significant different performances from that of unipolar reference (** p<0.01, *** p<0.001).
(d),(f) Performance improvement /degradation (in percent RMSE and CC, respectively) relative
to unipolar reference. Positive (negative) value indicates performance improvement (degrada-
tion). Black error bars denote 95% confidence intervals. (g)-(j) Snippet examples of true
and decoded velocities in z- and y- coordinates from different referencing schemes (data from
recording session 120160627 01).
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result of RMSE and CC performance comparison over 26 recording sessions are depicted in
Figures 6.6a and 6.6b, respectively. In comparison to the case of LMP, here we found contrasting
results when using bipolar and CAR, but consistent result when using CSD. The order of
decoding performance across referencing schemes (from high to low) was bipolar (RMSE =
62.2441.03, CC = 0.59+0.01), CAR (RMSE = 64.03+1.12, CC = 0.5540.01), unipolar (RMSE
= 63.88+1.10, CC = 0.55+0.01), and CSD (RMSE = 68.11 £1.11, CC = 0.46 + 0.01). With
respect to unipolar, bipolar and CSD yielded significant differences in the decoding performance
(*** p<0.001), whereas CAR did not differ significantly as can be seen in Figures 6.6¢ and 6.6e.
Relative to unipolar, bipolar improved the average decoding performance by 2.5% (RMSE) and
6.7% (CC), while CSD degraded the average decoding performance by 6.7% (RMSE) and 16.9%
(CC) as plotted in Figures 6.6d and 6.6f. It is worth noting that the decoding performance
from gamma was consistently lower than that from LMP regardless of the referencing scheme.
We next sought to assess whether the impact of referencing scheme on decoding performance
remain the same when using different decoding algorithm. We thus employed a new decoder
based on gated recurrent unit (GRU) network. We compared the decoding performance across
referencing schemes using LMP-driven GRU decoder. Figures 6.7a and 6.7b illustrate the
decoding performance comparison over 26 sessions in terms of RMSE and CC, respectively. We
observed the same pattern of decoding performance across referencing schemes as in the case of
LMP-driven LSTM decoder. Sorted from high to low decoding performance, we obtained the
following order: CAR (RMSE = 48.62+0.96, CC = 0.77+0.01), bipolar (RMSE = 50.00+0.89,
CC = 0.75 £ 0.01), unipolar (RMSE = 52.19 £+ 0.86, CC = 0.73 £ 0.01), and CSD (RMSE =
61.86 + 1.06, CC = 0.58 4+ 0.01) as depicted in Figures 6.7c and 6.7e. Relative to unipolar,
bipolar yielded performance improvement of 4.2% (RMSE) and 3.5% (CC), whereas CAR
yielded performance improvement of 6.9% (RMSE) and 5.6% (CC) as shown in Figures 6.7d
and 6.7f. On the other hand, the performance of CSD degraded by 18.6% (RMSE) and 20.3%
(CC). Although the same pattern was observed between LMP-driven GRU and LMP-driven
LSTM decoders, the magnitude of the decoding performance (RMSE and CC) obtained from

LSTM were consistently better than that of GRU across all referencing schemes.
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Figure 6.6 Decoding performance comparison across different referencing schemes using
gamma-driven LSTM decoder. (a),(b) Performance comparison over long-term recording ses-
sions measured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions
measured in RMSE and CC, respectively. Asterisks indicate referencing schemes that yielded
statistically significant different performances from that of unipolar reference (*** p<0.001).
(d),(f) Performance improvement/degradation (in percent RMSE and CC, respectively) relative
to unipolar reference. Positive (negative) value indicates performance improvement (degrada-
tion). Black error bars denote 95% confidence intervals.

6.3.4 Impact of referencing scheme on interchannel correlation

Lastly, we examined the impact of referencing scheme on the interchannel correlation of LFPs by
computing Pearson’s correlation coefficient among all unique possible pair combinations of LFP
channels. Comparison of interchannel correlation across referencing schemes over 26 recording
sessions is plotted in Figure 6.8a. Our results showed that, in comparison to unipolar, other
referencing schemes yielded significantly lower average interchannel correlation (*** p<0.001).
By sorting the average interchannel correlation descendingly, we obtained the following order:
unipolar (0.56 + 0.10) > CAR (0.20 + 0.07) > CSD (0.12 + 0.04) > bipolar (0.09 + 0.02).

Figure 6.8b illustrates heatmaps of interchannel correlation matrix from each scheme.
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Figure 6.7 Decoding performance comparison across different referencing schemes using LMP-
driven GRU decoder. (a),(b) Performance comparison over long-term recording sessions mea-
sured in RMSE and CC, respectively. (c),(e) Boxplot comparison across sessions measured in
RMSE and CC, respectively. Asterisks indicate referencing schemes that yielded statistically
significant different performances from that of unipolar reference (*** p<0.001). (d),(f) Perfor-
mance improvement/degradation (in percent RMSE and CC, respectively) relative to unipolar
reference. Positive (negative) value indicates performance improvement (degradation). Black
error bars denote 95% confidence intervals.

6.4 Discussion

In this chapter, we present an experimental investigation of the impact of four referencing
schemes, namely unipolar, bipolar, current source density (CSD), and common average reference
(CAR), on the decoding performance of LFP-based BMI. Firstly, we seek to determine which
feature within LFP carries the highest movement-related information as characterised by its
decoding performance. Several prior studies have shown that power in the high-frequency band
(i.e. high-gamma) of LFPs hold the highest information about movement compared to other
frequency bands [32], [41], [92]. The high-gamma power is believed to reflect synchronised

spiking activity arising from a local population of neurons near the recording electrodes [231],



108

]
(=3

1.00
S sk p<0.001 I
) — o
3 2 5
£ 0.751 .g 2
O 5 [
Ko,
C
C
© 0.50 -
<
(9]
o .
)
£
® 0.25 e g % -
© . sokok
P == ==

0.00

o o AV} &
0({@0\ 6\?0\ @ s 0 02505075 1 0 0.250.50.75 1

Reference Correlation Correlation

Figure 6.8 Comparison of interchannel correlation of LFPs across different referencing
schemes. (a) Boxplot comparison of average interchannel correlation over 26 recording ses-
sions. Asterisks indicate referencing schemes that yielded statistically significant different per-
formances from that of unipolar reference (*** p<0.001). (b) Comparison of interchannel
correlation matrix across referencing schemes (data from recording session 120160627 _01).
[232]. In these studies, however, local motor potential (LMP), which is a time-domain LFP
feature, was not included in the experiments and analyses.

Here, we extend the above studies by comparing six LFP features consisting of LMP and
power within five frequency bands: delta, theta, alpha, beta, and gamma. Our empirical results
revealed that LMP significantly outperformed all the other LFP features. It was observed that
LMP consistently achieved higher decoding accuracy across different referencing schemes. The
high informativeness of LMP could be related to the view that LMP represents evoked LFP
changes in response to behavioural tasks [232], [233]. Heretofore, it remains unclear what the
physiological origin of LMP is. Different hypotheses have suggested that LMP is associated
with firing rate modulation of neuronal population in the vicinity of the recording electrode
[233] or activity of a distant neuronal population connected to the recording site [234], [235].

We also found that gamma always yielded the second-highest decoding performance after
LMP. These findings are in good agreement with Stavisky et al.’s study [37], but contradict Flint
et al.’s study [35] which shows that gamma was more informative than LMP. This contradiction
could be due to the difference in the way we divide the LFP frequency bands and measure

the informativeness of LFP features. Following Stavisky et al.’s study [37|, we define gamma

frequency band as 50-300 Hz, while Flint et al. split gamma frequency band into 70-200 Hz
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(low-gamma) and 200-300 Hz (high-gamma) [35|. In this chapter and [37], the informativeness
of LFP feature is measured independently according to its decoding performance, whereas in
[35] it is calculated based on relative contribution (i.e. filter weight) from top 150 mixed LFP
features. Regardless of this contradiction, these three studies support the notion that LMP
and gamma are both highly predictive for decoding kinematic data.

Next, we examined the impact of different interelectrode distances (400, 800, - - - , 2400 pm)
on the decoding performance in bipolar reference. Results from both LMP and gamma features
showed that increasing the interelectrode distance tended to degrade the decoding performance.
One possible reason for this trend could be related to the spatial spread of LFP which has been
reported within around 200-400 pum [236]-[238], although other studies suggest a larger spatial
spread up to a few millimetres [239], [240]. Bipolar referencing is computed by subtracting one
electrode from the other in an attempt to remove common noise component, yielding a more
localised neural activity. Common noise arising from a distant source through volume conduc-
tion can be effectively removed if the interelectrode distance is sufficiently close [219]. If this is
too close (high correlation between a pair of electrodes), bipolar referencing may pose a risk of
subtracting out signal from approximately the same source. However, if this is too far apart,
bipolar referencing could subtract out signal from a different source with a very little common
noise component. An interelectrode distance of 400 um may reflect sufficiently different signal
sources between the electrode pairs but exhibit considerably high common noise. This common
noise could be effectively eliminated through bipolar referencing, which in turn lead to better
decoding performance.

We then compared the impact of referencing schemes on the decoding performance
using LMP-driven LSTM decoder. Results showed that CAR consistently outperformed all the
other referencing schemes over long-term recording sessions. There were statistically significant
differences in the decoding performance between CAR and other referencing schemes. The
high decoding performance of CAR may be attributed to the fact that we use a relatively high
number and density of electrode array (96 channels). It has been previously suggested that CAR
would perform reasonably well if the number and density of the electrodes are high [221]. When

using a different decoder, gated recurrent unit (GRU) network [229], [230], we also observed the
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same trend, which indicates the robust performance of CAR. Another finding was that bipolar
referencing yielded the second-highest decoding performance after CAR. Apart from the ability
to remove common noise, bipolar referencing could also add more informative features (due to
many combinations of electrode pairs) to the decoder. A rather surprising finding was that,
although CSD could remove common noise, its decoding performance was lower than the other
referencing schemes. This is likely ascribed to the fact that electrodes at the edges (not having
four neighbouring electrodes) were excluded, effectively throwing away some information. We
further examined whether the above results were dependent on the choice of the feature. When
using gamma-driven LSTM decoder, it turned out that bipolar yielded the highest decoding
performance followed by CAR, unipolar, and CSD, respectively. Upon investigation on this
phenomena, we found that the gamma features obtained from unipolar and CAR were highly
correlated (average CC = 0.78), whereas LMP features were less correlated (average CC = 0.50).
This suggests that CAR is not effective when using gamma as the feature. It is important to
note that the decoding performance of CAR coupled with LMP was found to be significantly
better than bipolar coupled with gamma.

Lastly, we examined the impact of referencing schemes on the interchannel correlation.
We observed that bipolar, CSD, and CAR decreased the interchannel correlation substantially
with respect to unipolar. However, the decrease in interchannel correlation thought to reflect
some degree of common noise does not necessarily translate into better decoding performance.
The decoding performance is not only affected by the use of referencing schemes, but also by
other factors such as feature type and feature size among others. For example, as previously
described, although CSD had substantially lower interchannel correlation, it also had smaller
number of features, which led to lower decoding performance relative to unipolar.

The impact of referencing schemes on the analysis of LFP signals (e.g. power, phase,
coherence, and Granger causality) have been comparatively studied before. This chapter ex-
tends these prior studies by comparing the impact of referencing schemes on the decoding
performance of LEFP-based BMI. To the best of our knowledge, this chapter is the first study
that comprehensively investigates the impact of referencing schemes for BMI application using

LFPs. Similar studies using EEG signals have reported contradictory findings, that is, CSD
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(i.e. Laplacian) yielded the best performance [241]-[243|. However, it is difficult to make a
direct comparison between these studies and ours due to notable differences in several factors
such as signal sources (scalp vs intracortical), subjects (human vs monkey), behavioural tasks
(movement imagery vs movement execution), signal processing and decoding algorithms among
others.

In summary, our overall results suggest the use of CAR coupled with LMP for LFP-
based BMIs. Both CAR and LMP are simple, computationally lightweight, and amenable for
on-chip implementation and real-time application [37], [244]. On top of that, LFPs have been
demonstrated to possess long-term signal stability [22], [35], [52], which is critical for widespread

clinical use of BMI.

6.5 Conclusion

We have presented a systematic and comprehensive investigation of the impact of the referencing
schemes on the decoding performance of LEP-based BMI. Our experimental results showed that
LMP was the most informative LFP feature regardless of the referencing schemes, indicating
its richness of movement-related information. Using LMP-driven deep learning algorithms, we
further showed that CAR significantly and consistently yielded better decoding performance
relative to other referencing schemes. These findings provide empirical justification for the use
of CAR coupled with LMP for enhancing the decoding performance of LFP-based BMI. The
simplicity and amenability of both CAR and LMP for on-chip implementation along with the
long-term stability of LFP signal could pave the way towards low power, fully implantable, and

clinically viable BMI.
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7 Robust and Accurate Decoding of Hand Kine-
matics from Entire Spiking Activity Using Deep

Learning

This chapter aims to improve both robustness and accuracy of BMIs by exploring
a new, alternative input signal and decoding algorithm. We propose entire spiking
activity (ESA) as the input signal and quasi-recurrent neural network (QRNN) as
the decoder. The proposed ESA-driven QRNN decoder is compared against SUA-,
MUA-, and LFP-driven decoders developed in the previous chapters. We also ex-
amine the stability characteristics of each input signal over time. Moreover, we
assess the impact of different decoder’s training schemes and the amount of train-

ing data on decoding performance.

A version of this chapter was submitted to Journal of Neural Engineering and
deposited to bioRxiv preprint server with the following title:

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Robust and accurate decod-
ing of hand kinematics from entire spiking activity using deep learning”, bioRziv,
2020. 8]

7.1 Introduction

The robustness and accuracy of BMI systems are greatly influenced by the type of input signal
and decoding algorithm. Despite the appealing advantages of MUA and LFP, a considerable
number of published studies have reported that the decoding accuracy of MUA [22], [26], |27],
[38], [39] and LEFP [33], [35], [39]-[41] are lower than that of SUA. Therefore, it is highly
desirable to have an input signal that is not only stable but also yields high decoding accuracy.

Many BMI studies employ linear decoders, e.g. Wiener filter (WF) [14], [15], [125]

113
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and Kalman filter (KF) [11], [32], [33], [37], [44], |[75], which could yield suboptimal decoding
accuracy as neural signals are known to exhibit nonlinear and nonstationary properties [49].
Although there exists a nonlinear extension of WF and KF, called Wiener cascade filter (WCF)
[35], [52], [53] and unscented Kalman filter (UKF) [54], [57], WCF and UKF assume that the
noise is (additive) stationary and Gaussian, respectively. If these a priori assumptions are
violated, the decoding performance of both decoders will not be optimal. The rise of artificial
intelligence, particularly deep learning, with its state-of-the-art performance across a wide range
of tasks (e.g. image and speech recognition, language translation, and medical diagnostics)
[58], [59], has raised questions of whether such method can significantly improve the decoding
performance of BMIs. Recent studies have demonstrated that different variants of deep learning
decoders, such as standard recurrent neural network (SRNN), long short-term memory (LSTM),
and gated recurrent unit (GRU), outperform classical decoders [60]-62], [153], Despite this,
the amount of BMI research utilising deep learning is still quite limited. Thus there is much
room for further improvement.

The issues of alternative input signal and decoder for improving the robustness and
accuracy of BMIs have been so far addressed separately. In this chapter, we aim to address
these both issues simultaneously by exploring a new input signal and deep learning decoder.
Specifically, we propose entire spiking activity (ESA) as the input signal and quasi-recurrent
neural network (QRNN) as the decoder. We evaluate the performance of ESA-driven QRNN
decoder for offline prediction of hand kinematics from neural data chronically recorded from
primary motor cortex area of a nonhuman primate. We benchmark our proposed approach
against combinations of three input signals (SUA, MUA, and LFP) and seven decoders (SRNN,
LSTM, GRU, WF, WCF, KF, and UKF). We also examine the characteristics (stability and
quality) of each input neural signal over time. Lastly, we assess the impact of different training

schemes and the amount of training data on decoding performance.

7.2 Methods

The block diagram of LFP-based BMI system used in this chapter is illustrated in Figure 7.1.

All the experiments and analyses were done in Python. TensorFlow deep learning framework
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Figure 7.1 Schematic diagram of the brain-machine interface (BMI) system. Raw neural sig-
nals were recorded using a 96-channel Utah microelectrode array from primary motor cortex
(M1) area of a monkey while performing continuous reaching tasks. Four different types of
neural signals were obtained from the raw neural signals, namely local field potential (LFP),
single-unit activity (SUA), multiunit activity (MUA), and entire spiking activity (ESA). Fea-
tures extracted from these neural signals were used as inputs for different decoding methods.

[209] was used to implement the decoding algorithms.

7.2.1 Neural recordings and behavioural task

We used the same neural dataset as in Chapter 4. The neural recording setup and behavioural

task are described in Section 4.2.1 and 4.2.2, respectively.

7.2.2 Signal processing and feature extraction

From the raw neural signals, we computed four different types of neural signals, namely local
field potential (LFP), single-unit activity (SUA), multiunit activity (MUA), and entire spik-
ing activity (ESA). Examples of these four neural signals along with their associated features
are shown in Figure 7.1. The signal processing and feature extraction algorithms were all

implemented in Python and are described briefly as follows.

Local field potential (LFP)

The raw neural signals were first digitally re-referenced using common average reference (CAR)

to eliminate common noise. CAR referencing has been shown in Chapter 6 to yield better
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decoding performance. LFPs were obtained by low-pass filtering the re-referenced neural signals
with a 4th-order Butterworth filter at 300 Hz followed by downsampling them to 1 kHz. To
avoid any phase shift, the filtering processes in this chapter were by default performed on the
forward and backward directions (unless otherwise stated). Local motor potential (LMP) was
extracted by using a moving average filter with 256 ms rectangular window in an overlapping
fashion (252ms overlap) to yield a sample every 4ms, thereby matching the timescale of the
kinematic data. LMP was selected because it yielded better decoding performance than other
LFP features (Section 5.3.1 and 6.3.1). LFP features from all the 96 channels were included in

our experiments and analyses.

Single-unit activity (SUA)

SUA processing has been described in Section 4.2.3. Briefly, spikes were obtained by band-pass
filtering the raw neural signals (between 500 to 5000 Hz) and detecting any amplitudes crossing
a threshold value. SUA was then obtained through spike sorting procedure. Features (firing
rates) were estimated from SUA using BAKS with 256 ms Gaussian window sliding every 4 ms.
Only SUA with firing rates > 0.5 Hz were included, resulting in 91 to 157 SUA (average:

125.73 £+ 13.95) across 26 recording sessions.

Multi-unit activity (MUA)

MUA processing has been described in Section 4.2.3. Briefly, MUA is defined as all the spikes
detected through threshold crossing technique (without spike sorting). MUA Features were
extracted using BAKS with 256 ms Gaussian window sliding every 4 ms. Only MUA with firing
rates exceeding 0.5 Hz were included, yielding 77 to 95 MUA (average: 87.08 £ 4.44) across 26

recording sessions.

Entire spiking activity (ESA)

The term ESA was firstly used by Drebitz et al. in 2018 [245] but its underlying principle has
been known and used for several decades [246], [247]. ESA was previously utilised to measure

evoked responses (e.g. receptive field) in the visual cortex of monkeys upon receiving various
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types of visual stimuli [237], [248]-[251]. While both SUA and MUA are represented by a
sequence of binary signals, ESA is represented by a continuous signal reflecting an instantaneous
measure of the number and size of spikes from a population of neurons surrounding the electrode
tip [246], [252]. ESA was obtained by digitally re-referencing the raw neural signals with
common average reference (CAR) and followed by high-pass filtering with 1st-order Butterworth
filter at 300 Hz. The filtered signals were then full-wave rectified (i.e. taking the absolute value),
low-pass filtered with 1st-order Butterworth filter at 12 Hz and downsampled to 1 kHz. We
extracted a time-domain average amplitude feature (similar to LMP) using a moving average
filter with a 256 ms rectangular window overlapping by 252 ms (yielding a feature sample every

41ms).

7.2.3 Decoding methods

We benchmarked eight decoding algorithms which can be categorised into classical decoders
and deep learning decoders; each category consists of four decoding algorithms. The classical
decoders include Wiener filter (WF), Wiener cascade filter (WCF), Kalman filter (KF), and
unscented Kalman filter (UKF), while the deep learning decoders include standard recurrent
neural network (SRNN), long short-term memory (LSTM), gated recurrent unit (GRU), and
quasi-recurrent neural network (QRNN). TensorFlow (Keras) deep learning framework was used
to implement the deep learning decoders. Each of these eight decoders is briefly described as

follows.

Wiener filter (WF)

We used the same WEF described in Section 4.2.5. The regularisation parameter («) was set
to 0 (by default) and increased to a large value if there was a significant drop in decoding

performance.

Wiener cascade filter (WCF)

WCF is an extension of WF to deal with nonlinear dynamic systems. It is composed of two

stages: a linear dynamic system followed by a static nonlinearity [35], [52], [53]. The first stage
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was implemented by a WF, whereas the second stage was implemented by fitting a 3rd order
polynomial between the WF output and the kinematic data. The number of taps and the

regularisation parameter (o) were set equal to that of the WEF.

Kalman filter (KF)

We used the same KF described in Section 4.2.5. The regularisation parameter («) was by
default set to 0 except in a few sessions (increased to a large value) when a significant drop in

decoding performance was encountered.

Unscented Kalman filter (UKF)

UKF is an extension of KF to deal with nonlinear systems. It utilises an unscented transform,
that is, a method to calculate the statistics of a random variable passing through a nonlinear
transformation. It builds on the intuition that approximating a probability distribution is easier
than approximating an arbitrary nonlinear function [144|. This can be accomplished by using
a minimal set of carefully and deterministically chosen sample points known as sigma points.
We followed the UKF implementation described in Li et al.’s study [54]. The state transition
and measurement matrices were estimated using the same method as of the KF. The scaling

parameter (k) and number of taps were both set to 1.

Standard recurrent neural network (SRNN)

SRNN is a class of neural networks where the outputs from the previous timestep are used
as inputs in the current timestep. SRNN has a “memory" in the form of a “hidden state"
which allows it to remember sequential information that has been calculated so far. SRNN
offers several advantages, including ability to process variable length input, taking into account
historical information, and shared weights across timesteps. The output at timestep ¢ in SRNN
can be formulated as:

ht = tanh(WXt ‘I— Uht—l + bh) (71)

where x, h, and tanh denote the input, hidden state, and hyperbolic tangent activation function,

respectively. W, U and b represent input weight, recurrent weight, and bias vector. The
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graphical illustration of SRNN is shown in Figure B.7a.

Long short-term memory (LSTM)

LSTM is graphically illustrated in Figure B.7b. The LSTM architecture used in this study has

been previously described in Section 4.2.5.

Gated recurrent unit (GRU)

GRU is graphically illustrated in Figure B.7c. The GRU architecture used in this study has

been previously described in Section 6.2.4.

Quasi-recurrent neural network (QRNN)

QRNN was recently introduced by Bradbury et al. in 2016 [253] that combines the paral-
lelism power of convolutional neural networks (CNNs) with the capability of RNNs in learning
temporal dependencies of sequential data. It is composed of two components: convolutional
component that performs convolutions in parallel across timesteps and pooling component that

handles temporal dependencies in parallel across feature dimensions. The full set of equations

in QRNN is defined as follows:

z; = tanh(W, * X + b,)

f, = o(W; X + by)

0 = o(W, + X + b,) (7.2)
¢=foc1+(1-1)0oz

h,=0,06c¢

where z, f, 0, ¢, h consecutively represent the candidate vectors, forget gate, output gate, mem-
ory cell, and hidden state. Operator * denotes a masked convolution which is a type of convo-
lutions that depends only on the past and present inputs (i.e. cannot access inputs from future

timesteps). QRNN is graphically illustrated in Figure B.7d.
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7.2.4 Hyperparameter optimisation

For each deep learning decoder, the final output was obtained by connecting the last timestep
of output from the RNN layer with a fully connected layer. The number of layers and timesteps
were empirically set to 1 and 2, respectively. Other hyperparameters such as the number of
units, number of epochs, batch size, dropout rate and learning rate were determined through
hyperparameter optimisation.

We split each recording session into 10 non-overlapping contiguous segments of equal size
which were then categorised into three different sets: training set (8 concatenated segments),
validation set (1 segment) and testing set (1 segment). The training set was used to train the
deep learning (DL) decoders; the validation set was used to optimise the hyperparameters of the
DL decoders; the testing set was used to evaluate the performance of the optimised DL decoders.
All features being fed to the DL decoders were standardised (i.e. z-transformed) to have zero
mean and unit variance. The DL decoders were trained using a root mean squared error (RMSE)
loss function and an RMSprop optimiser. A Bayesian optimisation library called Hyperopt [213]
was used for the hyperparameter optimisation which was conducted separately for each type
of neural signal and run for 300 iterations. To save the computational time of experiments,
the hyperparameter optimisation was performed only once using the first recording session.
The hyperparameters for each DL decoder were optimised from predefined hyperparameter
search spaces listed in Table B.1. The value ranges for number of units were specified so that
the minimum and maximum possible number of parameters (weights) are comparable across
different decoders. The hyperparameter optimisation result for the case of ESA-driven QRNN
decoder is visually illustrated in Figure B.8. The resulting optimised hyperparameters for each
decoder driven by ESA and for QRNN decoder driven by LFP, SUA, and MUA are provided
in Table 7.1. The optimised hyperparameters for each decoder driven by LFP, SUA, and MUA

are given in Table B.2.

7.2.5 Decoder training schemes

According to the training scheme being used, we divided the decoders into three categories:

(1) fixed decoder, (2) retrained decoder, and (3) resumed decoder. Each of these categories is
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briefly described as follows:

e Fized decoder. The training was performed at the first session and the trained weights
were kept fixed for the rest of the sessions. If in the subsequent sessions there were
channels that did not record neural activity, these channels were assigned with zeros to

keep the input structure (i.e. the number of channels) remain the same.

e Retrained decoder. The training was performed at every session without taking into
account the information from the previous session. All the decoders were by default

trained by using this scheme (unless otherwise stated).

e Resumed decoder. The training was performed at every session while keeping the infor-
mation from the previous session. This is done by storing the model (i.e. decoder) from
the previous session and resuming the training from where we left off using the current

session data.

7.2.6 Performance evaluation and metrics

The decoding performance was evaluated using root mean square error (RMSE) and Pearson’s
correlation coefficient (CC). The stability of each neural signal over time was assessed by calcu-
lating the slope of its regression line. The slope was calculated using Huber regression, one type
of robust linear regression methods, that is less sensitive to outliers without ignoring their ef-
fect. We tested whether the neural signal was statistically significantly stable using a one-tailed
one-sample t-test. For each session, the decoding performance was evaluated on 10 different
segments within the testing set to obtain the mean and confidence interval. To test whether
there was statistical difference between a pair combination of neural signal and decoder, we
used a Wilcoxon signed-rank test. The significance level («) was set to 0.05.

Boxplots were used to visualise the decoding performance comparison among neural sig-
nals/decoders across 26 sessions. The horizontal line and circle mark inside each box represent
the median and mean, respectively. The coloured solid box represents the interquartil range
(between 25th and 75th percentiles). The whisker extends 1.5 times the interquartile range.

All the analyses were conducted in Python.
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Table 7.1 Hyperparameter configurations of deep learning decoders driven by ESA and QRNN
decoders driven by other neural signals.

ESA Signal QRNN Decoder

Hyperparameter

SRNN GRU LSTM QRNN LFP SUA MUA
Number of units 450 175 200 400 350 400 400
Number of epochs 3 8 5 2 2 4 4
Batch size 96 96 32 64 64 96 64
Dropout rate 0.3 0.2 0.5 0.5 0.1 0.4 0.4
Learning rate 0.0005 0.004 0.004 0.0015 0.0005 0.003 0.005

7.3 Results

Figure 7.1 presents the schematic diagram of processing steps used in this study, which employs
four neural signals (LFP, SUA, MUA, and ESA) and eight decoders that are categorised into
classical decoders and deep learning decoders. The classical decoders include WF, WCF, KF,
and UKF, whereas the deep learning decoders include SRNN, LSTM, GRU, and QRNN. The
result of hyperparameter optimisation for deep learning decoders driven by ESA and QRNN
decoder driven by other neural signals is shown in Table 7.1. Hyperparameter configurations

for other combinations of deep learning decoders and neural signals are listed in Table B.2.

7.3.1 Characteristic comparison across neural signals

Firstly, we quantified the characteristics of stability and quality of SUA and MUA over time
with three metrics: (1) number of units, (2) average peak-to-peak voltage amplitude (Vpp; in
pm) across units, and (3) mean spike rate (Hz) across units. Since the number of channels
for LFP and ESA remained the same (96 channels) throughout the recording sessions, to
quantify the characteristics of LFP and ESA, we only used their mean amplitude (um) across
channels. Figure 7.2 shows the characteristic comparison across different neural signals. We
found statistically significant decreasing trends for SUA in all three metrics: the number of units
declined by 11.19% (* p < 0.05), the Vpp declined by 18.26% (*** p < 0.001), and the mean
spike rate declined by 0.11% (* p < 0.05) per day, as shown in Figures 7.2a,b,c, respectively. As
for MUA (see Figures 7.2a,b,d), the number of units and Vpp increased by 1.48% and 186.57%

per day, respectively, whereas the mean spike rate statistically significantly decreased by 0.56%
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per day (*** p < 0.001). In the case of LFP, the mean amplitude was found to increase by 1.27%
per day (Figure 7.2e). We did not observe a statistically significant decreasing trend in the mean
amplitude of ESA although the rate was negative (-0.88% per day) as can be seen in Figure 7.2f.

We then examined the redundancy characteristics of neural signals by measuring their inter-
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Figure 7.2 Long-term stability of different types of neural signals. (a) Number of SUAs and
MUAs over time. (b) Average peak-to-peak voltage amplitudes (Vpp; in um) of SUA and MUA
over time. (c),(d) Mean spike rates (Hz) of SUA and MUA over time, respectively. (e),(f), Mean
amplitudes (um) of LFP and ESA over time, respectively. Huber based robust linear regression
was used to test whether or not the trends significantly linearly decreased. Asterisks represent
the trends of neural signals that significantly linearly decreases (one-tailed one-sample ¢-test; *
p < 0.05, ¥ p < 0.001).

channel /unit correlation. For each neural signal, we calculated the correlation between all
possible pairs of units/channels and averaged them across units/channels. The average inter-
channel /unit correlation for all neural signals is displayed in Figure 7.3. SUA was found to

have the lowest average correlation (0.10 £ 0.01; mean + SD), whereas LFP had the highest
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Figure 7.3 Inter-channel /unit correlation of neural signals over time. (a),(b) Average inter-
unit correlation across all possible pairs of units within SUA and MUA, respectively. (c),(d)
Average inter-channel correlation across all possible pairs of channels within LFP and ESA,
respectively. The dashed lines represent the mean of correlation across all the sessions (n
= 26). The insets depict the heatmap of inter-channel /unit correlation from different neural
signals taken from the first session (120160627 _01).

average correlation (0.59 £ 0.09) as can be seen in Figure 7.3a and Figure 7.3d, respectively.
On the other hand, MUA and ESA had an average correlation of 0.25 + 0.05 and 0.45 + 0.12,
respectively, as shown in Figure 7.3b and Figure 7.3c, respectively. By sorting according to
the average correlation scores, we could obtain the following descending order: LFP > ESA >
MUA > SUA. It is important to note that the average inter-channel correlation of LFP and
ESA above were obtained from recordings referenced to a single common reference (referred
to as unipolar reference). To eliminate correlated noise commonly found in unipolar-based
recordings, we applied a common average reference (CAR) referencing to the raw neural data.
The CAR referencing significantly reduced the average inter-channel correlation for LFP (0.25
+ 0.10; 57.33%) but only marginally for ESA (0.45 + 0.10; 0.2%).
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Figure 7.4 Long-term decoding performance comparison across different decoders driven by
ESA signal. (a),(b) Boxplot comparison of long-term decoding performance across decoders as
measured by average RMSE and CC, respectively. The horizontal lines inside the boxes denote
the medians whereas the circles denote the means. Asterisks represent decoders whose decoding
performance differed significantly from that of QRNN (two-tailed paired Wilcoxon signed-rank
test; ** p < 0.01, *** p < 0.001). (c),(e) Heatmap of statistical significant matrix of decoding
performance between all possible pairs of decoders as measured by average RMSE and CC,
respectively. Each cell is coloured based on the p-value except cells in the main diagonal (grey;
excluded from statistical test calculation). Asterisks indicate whether there were statistical
significant differences between the pairs (two-tailed paired Wilcoxon signed-rank test; ** p
< 0.01, *** p < 0.001). (d),(f) Average performance improvement/degradation (in %) of
decoders with respect to that of UKF as measured by RMSE and CC metrics, respectively.
Positive (negative) value indicates performance improvement (degradation). Black numeral
texts represent the means whereas black error bars represent the 95% confidence intervals (n =
26). (g),(h) Decoding performance comparison over time across decoders in terms of average
RMSE and CC, respectively. Coloured circles represent the means whereas coloured error bars
represent the 95% confidence intervals (n = 10) for each session. The z-axes represent the
number of days since electrode implantation. The z-axes’ ticks correspond to different sessions
having irregular gaps between the consecutive sessions.
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7.3.2 Decoding performance comparison across decoders

Next, we compared offline decoding of hand velocity from ESA signal using different decoders
over time. The long-term decoding performance comparison results across ESA-driven decoders
are depicted in Figure 7.4. In the case of classical decoders, UKF yielded the highest average
decoding performance (RMSE = 44.39 + 1.38, CC = 0.82 £+ 0.01; mean + SEM), whereas
KF yielded the lowest average decoding performance (RMSE = 58.69 + 1.56, CC = 0.75 +
0.01). In the case of deep learning decoders, QRNN produced the highest average decoding
performance with RMSE of 35.48 £+ 0.89 and CC of 0.89 £ 0.01, while SRNN produced the
lowest average decoding performance with RMSE of 37.99 + 0.99 and CC of 0.87 4+ 0.01
(see Figures 7.4a,b). Overall, the order of decoders from the highest to the lowest decoding
performance was as follows: QRNN > LSTM > GRU > SRNN > UKF > WCF > WF > KF.
As evident from Figures 7.4c,e, all the deep learning decoders significantly outperformed all the
classical decoders (two-tailed paired Wilcoxon signed-rank test; *** p < 0.001). By taking UKF,
the best performing classical decoder, as the baseline, the deep learning decoders improved the
average decoding performance by 13.91%-19.50% (RMSE) and 7.26%-8.90% (CC) as illustrated
in Figures 7.4d.,f. In particular, our proposed QRNN decoder yielded decoding performance
improvement on average by 19.50% =+ 2.61% (RMSE) and 8.90% + 2.27% (CC). Compared to
the other classical decoders, QRNN achieved even higher decoding performance improvement.
We found that QRNN yielded statistically significantly higher decoding performance than the
other deep learning decoders (** p < 0.01, *** p < 0.001). We further sought to determine
whether the superior decoding performance of the deep learning decoders over the classical
decoders was consistently observed on each session. Our extensive results showed that all the
deep learning decoders always outperformed their classical counterparts in each of 26 sessions
for both RMSE and CC metrics as depicted in Figure 7.4g and Figure 7.4h, respectively. In
addition, QRNN outperformed other deep learning decoders in 26/26 sessions (100% against
SRNN), 25/26 sessions (96.15% against GRU), and 20/26 sessions (76.92% against LSTM).
One may be interested in investigating whether above findings were also found in the
cases of different neural signals. We therefore compared the decoding performance across de-

coders driven by SUA, MUA, and LFP. The decoding performance comparison results for the
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cases of SUA, MUA, and LFP are shown in Figure B.9, Figure B.10, and Figure B.11, respec-
tively. We found consistent findings where all the deep learning decoders yielded significantly
higher decoding performance than all the classical decoders (* p < 0.05, ** p < 0.01, *** p
< 0.001). Moreover, we found that on average QRNN outperformed the other deep learning

decoders across 3 neural signals, 26 sessions, and 2 metrics.

7.3.3 Decoding performance comparison across neural signals

Further, we assessed the decoding performance of QRNN decoders across different neural sig-
nals. Figure 7.5 presents the decoding performance comparison of QRNN decoders driven by
LFP, SUA, MUA, and ESA. The results revealed that ESA yielded the highest average decod-
ing performance with RMSE of 35.48 £+ 0.89 and CC of 0.89 + 0.01 (mean + SEM). After
ESA, the next highest average decoding performances (in descending order) were achieved by
MUA (RMSE = 41.71 £+ 0.86, CC = 0.84 £+ 0.01), SUA (RMSE = 44.42 4+ 1.01, CC = 0.81 +
0.01), and LFP (RMSE = 47.45 £+ 0.98, CC = 0.79 £ 0.01) as shown in Figures 7.5a,b. Statis-
tical tests showed that there were statistically significant differences between all possible pair
combinations of neural signals (two-tailed paired Wilcoxon signed-rank test; *** p < 0.001)
as illustrated in Figures 7.5c,e. By taking SUA as the baseline, ESA improved the decoding
performance by 20.12% + 1.78 (RMSE) and 9.33% =+ 1.52 (CC) as can be observed from Fig-
ures 7.5d,f. The decoding performance improvements gained by ESA with respect to the other
neural signals were as follows: 25.15% =+ 2.63% (RMSE) and 12.99% =+ 2.00% (CC) against
LFP, and 15.02% =+ 1.68% (RMSE) and 5.98% £ 0.80% (CC) against MUA. The superior
decoding performance of ESA compared to the other neural signals was consistently observed
across all 26 sessions (see Figures 7.5g,h). To investigate whether the superior performance of
ESA was dependence on the presence of spikes recorded on the same electrodes, we removed the
spike components from ESA signal. We followed the procedure described in Stark et al.’s study
[254], that is, by replacing all the detected spikes with high-frequency noise. This is done by
subtracting smoothed spikes (computed through a five-sample moving average) from the asso-
ciated raw neural signals. These spikeless ESA signals are referred to as despiked ESA (ESAp).

We then performed the same offline decoding of hand kinematics using ESA p-driven QRNN
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Figure 7.5 Long-term decoding performance comparison across QRNN decoders driven by
different neural signals. (a),(b) Boxplot comparison of long-term decoding performance across
different neural signals as measured by average RMSE and CC, respectively. The horizontal
lines inside the boxes denote the medians whereas the circles denote the means. Asterisks
represent neural signals whose decoding performance differed significantly from that of ESA
(two-tailed paired Wilcoxon signed-rank test; *** p < 0.001). (c),(e) Heatmap of statisti-
cal significant matrix of decoding performance between all possible pairs of neural signals as
measured by average RMSE and CC, respectively. Each cell is coloured based on the p-value
except cells in the main diagonal (grey; excluded from statistical test calculation). Asterisks in-
dicate whether there were statistical significant differences between the pairs (two-tailed paired
Wilcoxon signed-rank test; ** p < 0.01, *** p < 0.001). (d),(f) Average performance improve-
ment /degradation (in %) of neural signals with respect to that of SUA as measured by RMSE
and CC metrics, respectively. Positive (negative) value indicates performance improvement
(degradation). Black numeral texts represent the means whereas black error bars represent the
95% confidence intervals (n = 26). (g),(h) Decoding performance comparison over time across
neural signals in terms of average RMSE and CC, respectively. Coloured circles represent the
means whereas coloured error bars represent the 95% confidence intervals (n = 10) for each
session. The z-axes represent the number of days since electrode implantation. The x-axes’
ticks correspond to different sessions having irregular gaps between the consecutive sessions.
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decoder. The results revealed that although there was significant degradation (by 17.85% =+
2.20% in RMSE and 5.46% =+ 0.62% in CC) in the average decoding performance relative to
ESA, the average decoding performance of ESA p was still significantly better than that of LFP
and SUA (*** p < 0.001) and comparable to that of MUA, as shown in Figures 7.5a,b and
Figures 7.5¢c,e). Specifically, the decoding performance improvements achieved by ESAp were
12.02% £ 2.12% (RMSE) and 6.77% + 1.57% (CC) against LFP, 6.02% =+ 1.48% (RMSE) and
3.34% + 1.32% (CC) against SUA, and 0.02% =+ 1.38% (RMSE) and 0.18% =+ 0.61% (CC)
against MUA.

We also examined whether MUA inherently contained the same amount of information
(i.e. spiking activity) as ESA and differed only from the signal processing point of view. We
thus approximated the feature of ESA by convolving a Gaussian kernel with spike train from
MUA. The smoothing parameter of the Gaussian kernel was selected by minimising RMSE
between the actual ESA and approximated ESA (referred to as smoothed MUA or MUAg).
We subsequently performed the same procedure of offline decoding using MUA g-driven QRNN
decoder. The results showed that the decoding performance of MUAg was significantly lower
(RMSE = 43.05 + 0.85, CC = 0.83 £ 0.00) than that of MUA and ESA, indicating that MUA
and ESA have a different amount of information content.

We extended the analysis of decoding performance comparison across neural signals
using the other deep learning decoders. The comparison results for SRNN, GRU, and LSTM
are presented in Figure B.12, Figure B.13, and Figure B.14, respectively. From these results,
we found the same trend as above, that is, ESA produced statistically significantly higher
decoding performance than LFP, SUA, and MUA (*** p < 0.001). The decoding performance
of ESA corresponded to an improvement of 9.85%-30.24% (RMSE) and 4.76%-20.42% (CC)
with respect to the other neural signals.

In order to examine the impact of different numbers of features (units or channels) on
decoding performance, we selected n units or channels randomly from each neural signal. The
n values used for SUA were {1, 10,20, 30, ---,150}, while the n values used for LFP, MUA,
ESA were {1,10,20,30,---,90}. We then compared the average decoding performance from n

units/channels of each neural signal using QRNN decoder. We performed the same procedure
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Figure 7.6 Decoding performance comparison across different types of neural signals. (a),(b)
Impact of different number of features (units or channels) on the decoding comparison of QRNN
decoders driven by different neural signals as measured by average RMSE and CC, respectively.
The shaded areas represent the 95% confidence intervals (n = 30). (c)-(f) Snippet examples of
true and decoded z-velocities from LFP-, SUA-, MUA-, and ESA-driven decoders, respectively.
(2)-(j) Snippet examples of true and decoded y-velocities from LFP-; SUA-, MUA-, and ESA-
driven decoders, respectively. Data are taken from the first session (120160627 01).

for 30 iterations to obtain the mean and confidence interval. The comparison results from the
first session (120160627 01) across different neural signals are presented in Figures 7.6a,b. We
found that when n = 1, MUA yielded the highest decoding performance, followed by ESA, LFP,
and SUA. However, when n > 1, ESA always produced the highest decoding performance com-
pared to all the other neural signals. when n < 130, LFP showed better decoding performance
than SUA but when n > 130, LFP was outperformed by SUA. As observed in Figures 7.6a,b,
the performance of all neural signals improved with the increasing n and reached a plateau
after a certain value of n. ESA was found to reach a plateau quickest, whereas SUA reached a
plateau slowest than the others. Similar findings were also observed when using data from the

last session (120170131 _02) as displayed in Figure B.15. Snippet examples (10s) of the true and
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decoded velocities (z-coordinate) from UKF and QRNN decoders driven by LEP, SUA, MUA,
and ESA are graphically visualised in Figures 7.6¢-f. Likewise, snippet examples of the true

and decoded velocities in y-coordinate from the same decoders are plotted in Figures 7.6g-j.

7.3.4 Impact of different training schemes and the amount of training

data

To investigate how frequently a decoder should be updated or whether a static decoder could
sustain high decoding performance over time, we trained QRNN decoder using three training
schemes: (1) trained the decoder only at the first session and kept it fixed for the rest sessions
(referred to as fixed QRNN), (2) retrained the decoder at every session without taking into
account the data from the previous sessions (referred to as retrained QRNN), and (3) retrained
the decoder at every session by resuming (i.e. continuing) the training from the previous session
(referred to as resumed QRNN). The training was performed on 80% of data from each session,
while the testing was performed on 10% of data sequentially located after the training data to
mimic the real application scenario. The results showed that, on average, the retrained QRNN
yielded slightly higher decoding performance than the resumed QRNN and significantly higher
decoding performance than the fixed QRNN as illustrated in Figures 7.7a,b. Although the
fixed QRNN exhibited degraded performance compared to the retrained QRNN and resumed
QRNN;, its decoding performance was still moderately good except at 3 out of 26 sessions.
The high accuracy of deep learning is often attributed to a large amount of data it uses
during training. To test this preconception, we varied the amount of training data from 1 to 10
minutes with an increment of 1 minute. We analysed and compared the decoding performance
of deep learning decoders with that of the classical decoders. Figure 7.7c and Figure 7.7d
plot the impact of increasing the amount of training data on the decoding performance across
eight different decoders measured by RMSE and CC, respectively. We found that, on average,
the decoding performance of all decoders improved the increasing amount of training data.
However, all the decoders on average had already reached a plateau when the training data
equals to 5 minutes. Another finding was that both QRNN and LSTM outperformed UKF (the

best performing classical decoder) even when the training data was small (< 3-minute length).
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Figure 7.7 Decoding performance comparison across decoders under different training schemes
and amount of training data. (a),(b) Impact of the training schemes on long-term decoding
performance of QRNN decoder across sessions as measured by RMSE and CC, respectively.
(¢),(d) Impact of the amount of training data on decoding performance of different decoders as
measured by RMSE and CC, respectively. Data are taken from the first session (120160627 01).

On the other hand, SRNN and GRU were outperformed by UKF when using a small amount
of training data. Regardless of the amount of training data, KF was always found to yield the

lowest decoding performance.

7.4 Discussion

In this chapter, we address the issues of robustness and accuracy of BMIs simultaneously by
exploring a new, alternative input neural signal and decoding algorithm (i.e. decoder). We
propose entire spiking activity (ESA) as an input neural signal and quasi-recurrent neural
network (QRNN) as a decoder and comprehensively compare its decoding performance (i.e.
accuracy) over a long period of time (i.e. robustness). Firstly, we characterised the long-term
stability and quality of our proposed entire spiking activity (ESA) signal and compared its
characteristics with commonly used neural signals which include SUA, MUA, and LFP. As

expected, SUA showed statistically significant decrease in all three characteristics over time:
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(1) number of recorded units, (2) average peak-to-peak amplitude (Vpp; in pm), and (3) mean
spike rate (Hz). MUA was found to exhibit a significant decrease only in the mean spike rate,
indicating its better stability than SUA. On the other hand, LFP did not show a decreasing
trend in the mean amplitude, while ESA showed a slow (not statistically significant) decreasing
trend, suggesting that both LFP and ESA are more stable over time than SUA and MUA.
One approach to mitigate the signal instability issue faced by SUA-based BMIs is by utilising
MUA as an alternative input neural signal [19], [26], [27], [39]. Another approach is to use LFP,
which has been believed and demonstrated to be stable over a long period of time even when
the spikes have already deteriorated or lost [22], [35], [52], [218], [255]. Our results confirm
the previous studies by showing that both LFP and MUA exhibit better signal stability than
SUA. We further extend the previous findings by demonstrating that ESA also possesses the
characteristic of long-term signal stability, which could potentially be used as an alternative
input neural signal for BMIs.

To examine the redundancy characteristics of neural signals, we compared the inter-
channel /unit correlation between all possible pair combinations of channels/units within each
neural signal. LFP was found to have the highest average correlation with a significantly large
gap from the other neural signals, while SUA was found to have the lowest average correlation.
This is in good agreement with prior studies [34], [35], [39], [256]. Overall comparison results on
long-term data yielded the following descending order: LFP > ESA > MUA > SUA. The results
may also indicate the degree of independence between channels/units within each neural signal.
The high redundancy of LFP might be attributed to the contamination of correlated noise
arising from different sources, e.g. non-silent reference and volume conduction [219], [220] as
commonly observed in LFP recordings with unipolar reference. To remove the correlated noise,
we re-referenced the raw neural signals using common average reference (CAR) and re-computed
the LFP. The resulting CAR-based LFP had substantially lower inter-channel correlation. In
addition, the different level of redundancy could be related to the spatial integration or coverage
of each neural signal. LFP is thought to mainly reflect summed synaptic activity from a local
neuronal population ranging from a radius of a few hundred micrometres to a few millimetres

around the recording electrodes [30], [238]-[240]. As the Utah array has an inter-electrode
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distance of 400 pm, the recorded LEP on each electrode could therefore contain (to some degree)
overlapping neural activity. On the other hand, SUA represents spike (action potential) activity
from individual neurons which can be well discriminated within a radius less than ~50 pum [257]
or up to ~130 pum [258| from the recording electrodes. The small spatial coverage of SUA may
partly explain its low inter-unit correlation and high degree of independence. MUA, which
represents the aggregate spikes from an ensemble of neurons near the electrodes, has a spatial
coverage larger than SUA but less than LFP. Several studies reported that the spatial coverage
of MUA is within a radius of ~140-300 pm [117]-[120]. As for ESA, it is considered to reflect
an instantaneous measure of the number and size of spikes from a population of neurons around
the electrodes [246], [252]. The spatial coverage of ESA is likely larger than that of MUA (but
smaller than that of LFP) as it includes the contribution from small amplitude spikes (either
from small nearby neurons or big farther neurons) which may not be detected through threshold
crossing technique. [249], [251].

Next, using ESA as the input, we benchmarked offline decoding performance of our
proposed QRNN decoder against three deep learning decoders (SRNN, GRU, and LSTM) and
four classical decoders (WF, WCF, KF, and UKF). Our analysis resulted in several findings as
follows. First, QRNN yielded significantly higher decoding accuracy compared to all the other
decoders and could maintain its high accuracy over a long period of time. Second, all the deep
learning decoders significantly outperformed all the classical decoders. Third, the superiority
of the deep learning decoders, particularly QRNN, over the classical counterparts were con-
sistently observed across different neural signals (SUA, MUA, and LFP) and sessions. Forth,
within the category of classical decoders, UKF emerged as the highest performing decoder.
These findings reinforce previous studies highlighting the high performance of deep learning
decoders (SRNN, GRU, LSTM) in comparison to classical decoders [60]-[62], [153]. This chap-
ter further expands the previous studies by demonstrating that QRNN yielded better decoding
accuracy and robustness over time than the other deep learning decoders. There is concern
that the high performance of deep learning decoders is attributable to a large enough amount
of training data. To test this preconception, we varied the amount of training data from 1 to 10

minutes and compared the decoding performance across deep learning and classical decoders.
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Comparison results demonstrated that all the decoders exhibited performance decline with the
decreasing amount of training data. However, we found that QRNN and LSTM still performed
considerably well compared to the others even when the training data were small. This finding
is in line with a recent report by Glaser et al [60]. One potential implication of this finding is
that the data collection for decoder training could be shortened which in turn speeds up the
decoder calibration and deployment processes while minimising the subject’s learning fatigue.
Due to the variability and nonstationarity of neural signals, a fixed (i.e. static) decoder may
degrade over the course of hours, days, or months. To address this issue, the decoder needs to
be recalibrated regularly at the beginning of each session or when there is a significant drop
in the decoding performance. Here, we investigate the impact of three training schemes on
the decoding performance: retraining only at the first session (fixed decoder); retraining from
scratch at every session (retrained decoder); and resuming the training from the previous ses-
sion (resumed decoder). Extensive results using different deep learning decoders showed that
retrained decoders performed slightly better than resumed decoders and substantially better
than fixed decoders. Taking into account the information from previous sessions during train-
ing as in resumed decoders on average did not improve the decoding performance compared to
retraining from scratch at every session (retrained decoders). This could indicate the disparity
between the previous and current sessions arising probably from changes in neural encoding
pattern or recording degradation [22], [259]. Even though fixed decoders exhibited a significant
performance decline (as anticipated), their decoding performance was still moderately good in
most (except a few) sessions. This suggests that under circumstances where decoder recali-
bration cannot be carried out frequently on per-session basis, fixed decoder can be leveraged.
The recalibration process can then be performed only when the performance of a fixed decoder
substantially deteriorates.

Further, we quantified movement-related information content within each neural sig-
nal by comparing their decoding performance using QRNN decoder. Results revealed that
ESA significantly outperformed the other neural signals and could sustain its high decoding
performance across all the sessions. The order of neural signals according to their decoding

performance (from high to low) was ESA > MUA > SUA > LFP. The same trend was con-
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sistently observed when using different deep learning decoders, indicating that ESA holds rich
information about the movement parameters. To gain more insights into whether the superi-
ority of ESA is dependence on the presence of spikes recorded from the same electrodes, we
removed the spike components from the raw neural signals and recomputed ESA (termed as
depsiked ESA or ESAp) using a method described by Stark et al [254]. We found that ESAp
still produced better decoding performance than SUA, MUA, and LFP, suggesting that ESA
contains additional information other than spikes detected through threshold crossing technique
(as in SUA and MUA). Spike detection through threshold crossing technique relies on manual
or automatic selection of threshold value. This could be problematic in chronic recordings with
low SNR or high variability over time. If the threshold value is too small, it may detect some
background noise as spikes, increasing the false positive rate. Conversely, too high threshold
value could leave true spikes undetected. In addition, threshold crossing technique may provide
a biased estimate of spikes in favour of large neurons (with large amplitude), thus leaving spikes
from small neurons undetected [249], [251]. Contrary to SUA and MUA, ESA uses a simple,
automated, and threshold-less method that allows a more reliable and less biased estimate of
spikes and takes into account the contribution from all neurons (including the small ones) in
the vicinity of the electrodes [249|, [251]. We examined this issue further by approximating
ESA from MUA (referred to as smoothed MUA or MUAg) through a Gaussian kernel-based
smoothing with an optimised width parameter. Results showed that MUA g could not approach
the level of decoding performance of ESA. This may support the idea that there is additional
information in ESA which is not available in MUA.

Another finding in this chapter is that LFP yielded the lowest decoding performance
despite its better long-term signal stability, indicating its less movement-related information
content than the other neural signals. This finding is consistent with a considerable number
of prior studies [33], [35], [37], [41], [92]. However, in the long run, as the number of detected
spikes decreases, LFP could outperform both SUA and MUA as demonstrated in previous
reports by Flint et al. [52], [53] and Wang et al [22]|. In addition, our analysis on unit/channel-
dropping curve showed that LFP yielded higher decoding performance than SUA when the

number of channels/units were relatively small. When using all the available channels/units,
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SUA outperformed LFP, which compares well with previous works [33]-[35], [41]. This could
act as an additional indication that LFP is more redundant (less independence) than SUA. On
the other hand, ESA always yielded the highest decoding performance compared to the other
neural signals across different decoders, sessions, and numbers of channels. With the increasing
number of channels/units, the performance of ESA reached a plateau quicker than the others,
suggesting that ESA exhibits some degree of redundancy. The implication of this is that we
could obtain accurate and robust decoding performance using ESA even without using all the
available channels, which can reduce computational complexity, memory footprint, and power
consumption.

ESA has been previously used to measure evoked responses in the visual cortex upon
receiving various visual stimuli [248]-[251], whereas QRNN has been mainly used for natural
language processing (NLP) applications [253], [260]. There is no previous study that uses both
ESA and QRNN for intracortical BMI application. To the best of our knowledge, this chapter is
the first study to systematically and comprehensively compare long-term signal and decoding
stability across different neural signals and decoders simultaneously. Our results agree well
with prior studies that used a neural signal which in principle is similar to ESA [254], [261].
However, there are differences in the signal processing point of view to obtain such signal. After
high-pass filtering, this study uses absolute operation (i.e. full-wave rectification) followed by a
low-pass filtering at 12 Hz, whereas those prior studies use root mean square (RMS) operation
followed by a low-pass filtering at 100 Hz. Absolute operation is simpler and easier than RMS
operation especially when implemented on hardware (i.e. chip). Lower frequency cut-off enables
signals to be downsampled into a lower sampling rate, which in turn reduces the computational
complexity.

The limitation of this study is that we use neural data recorded approximately from 3.6
to 10.9 months after implantation, corresponding to a total of 26 sessions. Although there is a
gradual decline over time, the number of detected spikes at the last session is still sufficiently
high. It remains to be tested whether ESA-based QRNN decoder could maintain its high
decoding performance for many years when spikes have severely diminished or even lost. Our

analysis using despiked ESA suggests that ESA could still provide good performance even when
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the spikes are lost. A recent study using a signal similar to ESA demonstrated that such a

signal could sustain good performance over three years worth of recordings [261].

7.5 Conclusion

We have proposed ESA as an alternative input signal and QRNN as a decoding algorithm and
presents a systematic comparison between various combinations of input signals and decoding
algorithms. Our overall results suggest that ESA signal coupled with deep learning decoder,
particularly QRNN, could provide robust and accurate decoding over time. In addition, the
simple, automated, threshold-less processing along with a relatively low sampling rate of ESA
may enable the implementation of a fully implantable wireless BMI system. This, in turn, could

pave the way to a clinically viable BMI.



8 Inferring Entire Spiking Activity from LFPs

with Deep Learning

This chapter attempts to shed light on the relationship between ESA and LFP by
investigating whether we can infer ESA solely from simultaneously recorded LEFPs.
We employ an LSTM based deep learning as an inference method and evaluate it on
neural recordings from monkeys’ motor cortex during point-to-point and instructed
delay reach-to-grasp tasks. We analyse which LFP features are most informative
about ESA. Next, we compare the inference accuracy of ESA with that of SUA and
MUA. Finally, we examine the contribution of each LEP channel and the effect of

the number of LFP channels on the inference accuracy.

A version of this chapter was submitted to Scientific Reports and deposited to
bioRxiv preprint server with the following title:

N. Ahmadi, T. G. Constandinou, and C.-S. Bouganis, “Inferring entire spiking
activity from local field potentials with deep learning”, bioRxiv, 2020. [9]

8.1 Introduction

Understanding the relationship between the LFP and spikes is important for brain-machine
interface (BMI) research, for example, to measure movement-related information within dif-
ferent neural signals [33], [256] and extract indirect spiking information features from LFPs
in biofeedback-based BMIs [36]. In addition, it plays a critical role in addressing many issues
in neuroscience research, such as neuronal functional organisation and connectivity, neuronal
communication between different brain areas, cell assembly formation, neural coding and in-
formation processing [235], [262]-[264]. As LEFPs are thought to represent mainly the input
to local neuronal networks, while spiking activity represents the output from local neuronal

networks [265], it is conceivable to relate the two signals based on system identification-based
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inference approach. Previous studies have shown that SUA [36], [232], [266] and MUA [256],
[267| can be inferred solely from LFPs with moderately good accuracy. So far, however, there
has been no study that investigates the relationship between the LFPs and ESA.

In light of this, this chapter aims to address the above-mentioned issue by using ex-
tracellular recordings from the motor cortex area of two macaque monkeys while performing
two different tasks: point-to-point task and instructed delay reach-to-grasp task. We assess
quantitatively how well ESA can be inferred from LFPs with deep learning, specifically long
short-term memory (LSTM) network. We also analyse which features within LFPs that are
highly predictive of ESA. Furthermore, we compare the inference accuracy of ESA with that
of SUA and MUA. Finally, we examine the LFP channel importance/contribution to and the

effect of the number of LFP channels on the inference accuracy.

8.2 Methods

Figure 8.1 illustrates a schematic overview of signal processing and deep learning (DL) based
inference steps. The DL algorithm was implemented using Pytorch deep learning framework

[268]. All the experiments and analyses were conducted in Python.

8.2.1 Neural recording and behavioural task

Electrophysiological recordings used in this chapter were obtained from two public neural
datasets [210], [269] herein referred to as dataset I and dataset II. These datasets were recorded
from motor cortex area of two adult male Rhesus macaque monkeys (Macaca mulatta) while
performing predefined tasks with 96-channel silicon-based intracortical microelectrode (Utah)
array. The data acquisition and behavioural task associated with each dataset are briefly de-

scribed below.

Dataset 1

This dataset is described in our previous chapter (Section 4.2.1 and 4.2.2). It consists of 26
recording sessions spanning 7.3 months between the first (120160627 01) and last (120170131 02)

sessions. The recording duration varies from 6 to 13.6 minutes (average: 8.88 £ 1.96 minutes).
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Figure 8.1 Schematic illustration of signal processing and deep learning (DL) based inference
steps. (a) Raw neural signal acquisition from motor cortex area of monkey with a 96-channel
intracortical Utah array. (b) Signal processing steps for different types of neural signals (LFP,
ESA, MUA, and SUA). (¢) LFP, ESA, MUA, and SUA signals obtained from the processing
steps. (d) Extracted features from LFP, ESA, MUA, and SUA signals. (e) DL model training
and optimisation phase. (f) DL model inference phase.

The neural data were recorded from a monkey while performing a point-to-point task, that is,
to reach randomly drawn circular targets which were uniformly distributed around an 8-by-8
square grid. A sequence of new random targets was presented immediately and continuously
after target acquisition without an inter-trial interval. The recordings were pre-amplified and

filtered with a 4th-order 7.5 kHz low-pass filter and then sampled at 24.4 kHz (16-bit resolution).

Dataset 11

This dataset was recorded from a monkey (named as monkey N) while performing an instructed
delayed reach-to-grasp task. The monkey had to grasp an object with one of grip types (side

grip or precision grip) and displace it with either a high or low pulling force. In each trial, the
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monkey had to perform one of four possible trial types (from combination of two grip types
and two force types) randomly drawn from an equiprobable distribution. Before initiating the
movement, the monkey had to wait for 1000 ms (preparatory delay). The trial was successful
if the monkey could reach, grasp, pull and hold the object for 500 ms within the position
window. The recordings were amplified and filtered with a 1st-order 0.3 Hz high-pass filter
and a 3rd-order 7.5kHz Butterworth low-pass filter. The recordings were then digitised with
16-bit resolution at 30 kHz sampling rate, which hereinafter called as raw neural signals. This
dataset contains only one recording session (identified as 1140703-001) with a duration of 16.43
minutes. A comprehensive description on the experimental setup and behavioural task along

with the corresponding metadata is provided elsewhere [270].

8.2.2 Signal processing and feature extraction

Signal processing steps from the raw neural signals to obtain LFP, ESA; MUA, and SUA along
with their associated features are illustrated in Figure 8.1a-d. We briefly describe the signal

processing and feature extraction steps as follows.

Local field potential (LFP)

LFP was obtained by low-pass filtering the raw neural signal with a 4th-order Butterworth
filter at 100 Hz and then downsampling it to 1kHz. 100Hz cut-off frequency was selected
to eliminate possible contamination from multiunit spiking activity within higher LFP band
(100 — 300 Hz). The filtering was performed on the forward and backward directions to avoid
any phase shift. We extracted six different LFP features consisting of local motor potential
(LMP) and average power spectra from narrow-bands: delta (0.5 — 4Hz), theta (4 — 8 Hz),
alpha (8 — 12Hz), beta (12 — 30 Hz) and gamma (30 — 100 Hz). The LFP feature extraction

processes have been described in Section 5.2.3.

Entire spiking activity (ESA)

As described in Section 7.2.2, ESA was obtained by first digitally re-referencing the raw neural

signals with common average reference (CAR) and high-pass filtering with 1st-order Butter-
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worth filter at 300 Hz. The filtered signals were then full-wave rectified, low-pass filtered with
Ist-order Butterworth filter at 12 Hz and downsampled to 1kHz. All the filtering processes
were performed in both forward and backward directions. We extracted one ESA feature us-
ing time-domain moving average filter with a rectangular window of 256 ms width and 252 ms

overlap (similar to that of LMP feature).

Multiunit activity (MUA)

Spike waveforms were extracted by first band-pass filtering the raw neural signals with Butter-
worth filter (4th-order, from 500 Hz to 5kHz for dataset I; 2nd-order, from 250 Hz to 5 kHz for
dataset II) and then storing snippets of the filtered signals (48 or 64 samples for dataset I; 38
samples for dataset II) that crossed a threshold value. These extracted spike waveforms would
be used later for classifying spikes into distinct putative single units (i.e. spike sorting). In
each channel, MUA was defined as all the detected spikes and represented by their spike times.
Details on the spike detection for each dataset has been described in other studies [211], [270].
We extracted MUA features (firing rates) by using BAKS with 256 ms Gaussian window sliding
every 4ms (see Section 4.2.3). Only MUAs with spike rates exceeding 0.5 Hz were included for

our experiments and analyses.

Single-unit activity (SUA)

SUA was obtained by aligning the extracted spike waveforms, reducing the dimensionality to
a few principal components, and then sorting them into single units via certain algorithms
(operator defined templates for dataset I; K-Means and Valley Seeking for dataset II). Details
on how spike sorting was performed for each dataset can be found in other studies [211], [270].
We extracted SUA features using the same method as for MUA. In this chapter, we only used
one SUA per channel. If a channel had more than one SUAs, one representative of SUAs with
highest spike rate was selected. In addition, only SUAs with spike rates above 0.5 Hz were

included.
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Table 8.1 Hyperparameter setting of LSTM models for inferring different types of spike signals.
For inferring ESA signal, hyperparameter values were optimised separately on each of six LFP

features. For inferring MUA and SUA signals, hyperparameter values were optimised on the
LMP feature of LFP.

Optimised value for different signal types

Hyperparameter Value range

ESA MUA  SUA
LMP Delta Theta Alpha Beta Gamma
# of units {5,10,--- ,25} 25 15 5 5 10 25 25 25
# of epochs {2,3,---,7} 2 3 5 4 4 2 2 3
Batch size {32,64,96} 32 64 96 64 96 96 64 64
Dropout rate {0,0.1,- -+ ,0.4} 02 04 0.4 0.4 0.2 0.4 02 03

Learning rate {5,10,---,50} x 10~* 0.002 0.001 0.0005 0.0005 0.0005 0.0005 0.001 0.001

8.2.3 Long short-term memory (LSTM)

We used the same LSTM architecture as previously described in Section 4.2.5 but with different
hyperparameter configuration. We divided each dataset into 10 non-overlapping contiguous
blocks of equal size which were then categorised into three sets: training set (8 concatenated
blocks), validation set (1 block) and testing set (1 block). The training set was used for
training the model, the validation set was used for optimising the hyperparameters, whereas
the testing set was used for the final performance evaluation. The schematic of the LSTM model
training, optimisation and evaluation is illustrated in Figure 8.1e,f. We standardised (i.e. z-
transformed) the LFP and spike features to have zero mean and unit standard deviation. The
model was trained using RMSprop optimiser and mean squared error (MSE) loss function.
Hyperopt library [213]| was used to optimise the LSTM hyperparameter values from predefined
hyperparameter search spaces shown in Table 8.1. We optimised the hyperparameters for
inferring ESA, MUA, and SUA signals separately using the same procedure. In the case of
ESA, the hyperparameter optimisation was performed on each of six different LFP features. In
the cases of MUA and SUA, the hyperparameter optimisation was only performed on the LMP

feature of LFP. The optimised hyperparameter values for each case are provided in Table 8.1.

8.2.4 LFP channel importance/contribution

The importance/contribution of each LFP channel on inference performance was measured us-

ing a method introduced by Breiman in 2001 [271] known as permutation importance. Specif-
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ically, we used a model-agnostic version of the feature importance proposed by Fisher et al.
which they call model reliance [272]. It measures the importance of a channel (i.e. variable)
by computing the difference of model’s inference accuracy after temporally permuting the data
in that channel. This permutation breaks the temporal relationship between the data in that
channel and output variable being inferred, which increases the model’s accuracy difference.
The larger the increase in the model’s accuracy difference after channel permutation, the more
important is that channel for the model’s inference.

The procedure to calculate the channel importance is as follows: first, compute the
accuracy of the original trained model (without permutation) based on the testing set and
record it as the baseline accuracy; second, for each channel, permute the data in that channel,
compute and record the accuracy based on the permuted data; lastly, compute the channel
importance as the difference between the baseline accuracy and the accuracy based on the

permuted data. We implemented this procedure using a Python library called MLxtend [273].

8.2.5 Effect of number of LFP channels on inference accuracy

To examine the effect of number of LFP channels on the inference accuracy, we selected ran-
domly n distinct LFP channels where n = {1,5,10,15,---,90,95} from a total of 96 channels.
We then used these n LFP channels to train LSTM model evaluate its performance in inferring
SUA, MUA, and ESA. This procedure was repeated for 30 iterations to obtain the average
performance along with its confidence interval. The inference accuracy of SUA, MUA, and

ESA from the same channel number were compared and analysed.

8.2.6 Performance evaluation and metrics

The performance evaluation of LFP to spiking activity (ESA/MUA/SUA) inference was con-
ducted using the optimised LSTM model on the testing set with Pearson’s correlation coeffi-
cients (CC) metric. CC measures the linear correlation between the actual and inferred spiking
activity and has been used in several prior studies [36], [256], [274]-|276]. We also evaluated
the inference performance using root mean square error (RMSE). It is a measure of the average

magnitude of the inference error and has also been previously used in other studies [256], [275].
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Figure 8.2 Performance comparison of ESA inference across different LEP features (data from
recording session 120160627 01). (a) Boxplot comparison of average CC across LFP features.
Asterisks indicate which features were statistically significant difference from that of LMP (***
p<0.001). (b) Heatmap of statistical significance matrix among LFP features. Grey boxes in
the main diagonal did not have p-value (excluded from statistical test calculation). (c) Relative
inference accuracy of LMP with respect to other LFP features being benchmarked against.
Larger value indicates better relative performance. Black error bars denote 95% confidence
intervals.

For each session, the mean and confidence interval of the inference performance were
evaluated on 10 different blocks within the testing set. To test for significant effects between
a pair of different LFP features or different spiking activity, we used a paired two-tailed t-
test whenever the difference between the pairs follows normal distribution, otherwise we used

Wilcoxon signed-rank test. The significance level («) was set to 0.05.

8.3 Results

8.3.1 LFP feature informativeness for ESA inference

We evaluated the informativeness of different LFP features for the inference of ESA using ex-
tracellular recordings from a subject while performing a point-to-point task (see Dataset I in
Methods). We trained and optimised an LSTM model for each LFP feature separately and
then quantified how well this model and LFP feature predict ESA. Figure 8.2a shows boxplots
comparing the inference performance of six LFP features measured in average Pearson’s cor-

relation coefficient (CC). From 910 cases (10 blocks x 91 ESA channels), LMP was found to
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yield the highest accuracy with CC = 0.68 4 0.008 (mean + SEM), while power spectra in the
alpha band (shortly referred to as alpha) yielded the lowest accuracy with CC = 0.14 4 0.002.
The order of LFP feature from highest to lowest accuracy was LMP > gamma > delta > beta
> theta > alpha. The statistical tests performed between a pair of LFP features from all pos-
sible combinations revealed that there were statistically significant differences (*** p < 0.001)
between LFP features (as shown in Figure 8.2b). Relative to other features, LMP yielded on
average 1.43 to 5.15 times better CC as illustrated in Figure 8.2c. Due to the highest predictive

power, LMP was thus selected as the feature for subsequent processing and analysis.

8.3.2 Comparison of inference performance: SUA vs MUA vs ESA

Using LMP feature from 96 LEP channels in the first recording session of dataset I (20160627 01),
we then performed inference of three different spiking activities: SUA, MUA, and ESA. In this
recording session, from a total of 96 channels, we only inferred 83 and 91 channels for SUA and
MUA, respectively; other channels were excluded due to very few number of detected spikes
(< 0.5Hz). For the case of MUA, we inferred all the 96 channels but for the performance
comparison we only took into account the inference from the same channels as MUA. The in-
ference performance (measured in CC) of each channel of SUA; MUA | and ESA are plotted into
heatmap grid spatially corresponding to Utah array configuration as shown in Figure 8.3a-c,
respectively. Numbers within the red boxes in Figure 8.3a-b indicates the excluded SUA and
MUA channels. From 83 SUA channels, we obtained average CC of 0.43£0.017 (mean + SEM)
with minimum CC of 0.13 and maximum CC of 0.79. From 91 MUA channels, we obtained
higher inference accuracy (CC = 0.62 + 0.014 with CC,,;, = 0.07 and CC,,,4, = 0.86). The
highest inference accuracy was obtained from ESA inference with an average CC of ¢ across 91
channels with CC,,,, = 0.45 and CC,,,, = 0.85. The order of spiking activities from highest
to lowest inference accuracy was ESA > MUA > SUA.

To investigate whether this trend was consistently observed across different recording
sessions, we performed the inference using long-term neural recordings with a total of 26 sessions
spanning more than 7 months between the first and last sessions. Across the entire recording

sessions, the number of SUA channels being included for analyses varied from 71 to 89 with
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Figure 8.3 Comparison of inference accuracy (CC) among different types of spiking activities
(SUA, MUA, and ESA). (a-c) Heatmap of inference accuracy (CC) of 96-channel SUA, MUA,
and ESA, respectively mapped onto a 10x10 grid spatially corresponding to Utah electrode
array configuration. Black/white numbers inside the grids denote each of the 96-channel num-
bers. Grey boxes on the grid corners represent unused (unconnected) electrodes. Red boxes
indicate channels that were excluded from the inference due to too few number of recorded
spikes (< 0.5Hz). Data were taken from recording session 120160627 _01. (d) Comparison of
inference accuracy (average CC) among SUA, MUA, and ESA over long periods of time lasting
up to 328 days after implantation. (e) Boxplot comparison (average CC across all the recording
sessions) among SUA, MUA, and ESA. Asterisks indicate the statistical significance of other
spiking activities being compared to ESA (*** p < 0.001). (f-h) A snippet example of actual
and inferred SUA, MUA, and ESA, respectively (taken from channel 94 of recording session

120160627 _01).
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an average of 80.62 + 5.36 (mean + SD); for both MUA and ESA, the number of included
channels were from 77 to 95 channels with an average of 87.08 + 4.44 (mean + SD). As can
be seen in Figure 8.3d, the inference accuracy of ESA was consistently better than that of
SUA and MUA. Compared to SUA, the inference accuracy of ESA was higher in 26 of 26
sessions (100%), whereas compared to MUA, the inference accuracy of ESA was higher in 25
of 26 sessions (96.15%). The average accuracy (mean = SEM) of SUA, MUA, and ESA were
0.41 +0.007, 0.53 + 0.009, and 0.70 £ 0.012, respectively. Figure 8.3e displays boxplot of ESA
inference that was statistically significant different than that of SUA and MUA (*** p < 0.001).
The relative inference accuracy of ESA was 1.71 and 1.32 times higher with respect to SUA
and MUA, respectively. These results indicate that LFPs contain substantial information about
ESA. Examples of actual and inferred SUA, MUA, and ESA are illustrated in Figure 8.3f-h.

CC is a translation and scale invariant metric that only assesses the shape similarity
between actual and inferred signals. In the presence of a large but constant inference error,
the CC value can be high (implying falsely good accuracy). Therefore, as an additional metric
for the inference performance, we used root mean square error (RMSE) that represents an
average magnitude of inference error between actual and inferred signals. We found the same
trend of the LFP feature informativeness as of CC. LMP yielded the highest accuracy (i.e.
smallest RMSE) with RMSE = 0.73 £ 0.007 (mean + SEM), whereas alpha yielded the lowest
accuracy (i.e. largest RMSE) with RMSE = 0.99 4+ 0.002. The LFP feature informativeness in
descending order revealed the same pattern as of CC: LMP > gamma > delta > beta > theta >
alpha (see Figure 8.4a). There were statistically significant differences (*** p < 0.001) among
combinations of LFP feature pairs as illustrated in a heatmap of p-values shown in Figure 8.4b).
In comparison to other features, LMP yielded on average 1.20 to 1.37 times better accuracy
(Figure 8.4c).

Identical to that of CC metric, ESA inference accuracy (average RMSE 0.74+0.008) was
better than that of SUA (0.8940.008) and MUA (0.77£0.010). Figure 8.4d-f display heatmaps
of inference accuracy (RMSE) from each channel of SUA; MUA, and ESA, respectively. Greener
grid indicates better accuracy (smaller RMSE) whereas yellower grid indicates worse accuracy

(larger RMSE). The order of spiking activities from highest to lowest inference accuracy was
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Figure 8.4 Comparison of inference accuracy measured with RMSE metric. (a) Boxplot com-
parison of ESA inference across LFP features. Asterisks indicate which features were sta-
tistically significant difference from that of LMP (*** p<0.001). (b) Heatmap of statistical
significance matrix among LFP features. Grey boxes in the main diagonal did not have p-value
(excluded from statistical test calculation). (c) Relative inference accuracy of LMP with re-
spect to other LFP features being benchmarked against. Larger value indicates better relative
performance. Black error bars denote 95% confidence intervals. (d-f) Heatmap of inference
accuracy (RMSE) of 96-channel SUA, MUA, and ESA, respectively mapped onto a 10x10 grid
spatially corresponding to Utah electrode array configuration. Black/white numbers inside the
grids denote each of the 96-channel numbers. White boxes on the grid corners represent unused
(unconnected) electrodes. Red boxes indicate channels that were excluded from the inference
due to too few number of recorded spikes (< 0.5Hz). Data were taken from recording ses-
sion 120160627 01. (g) Comparison of inference accuracy (average RMSE) among SUA, MUA,
and ESA over long periods of time lasting up to 328 days after implantation. (h) Boxplot
comparison (average RMSE across all the recording sessions) among SUA, MUA, and ESA.

Asterisks indicate the statistical significance of other spiking activities being compared to ESA
(*** p<0.001).
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ESA > MUA > SUA. As evident from Figure 8.4g, the same trend was also observed across
long-term recording sessions where the inference accuracy of ESA consistently outperformed its
counterparts. The average accuracy (mean £ SEM) of SUA, MUA | and ESA were 0.90+0.003,
0.83 + 0.005, and 0.72 £ 0.010, respectively. Figure 8.4h displays boxplot of ESA inference
showing its statistically significant difference from that of SUA and MUA (*** p < 0.001).
The inference accuracy of ESA was 1.26 and 1.16 times better relative to SUA and MUA,

respectively.

8.3.3 LFP channel importance/contribution

Next, we assessed the importance or contribution of LFP channels for the inference of spiking
activity at particular channels. The LFP channel importance was measured and ranked using
permutation feature importance as described in Methods section. Figure 8.5a-c show an exam-
ple of LFP channel importance scores mapped into 10-by-10 heatmap grids for the inference of
channel 94 of SUA, MUA, and ESA, respectively. The channel of spiking activity being inferred
(channel 94) is displayed in bold yellow text. The LFP channel with highest importance score
for the inference of SUA, MUA, and ESA was channel 37, 24, and 94, respectively. From the
analysis across different inferred channel numbers, we can draw two insights. First, the LFP
from the same channel as the inferred spiking activity on average had high importance score
(for example, see Figure 8.5a-b) than other channels but did not necessarily have the highest
importance score (Figure 8.5a). This indicates that LEFP from the same channel contains rich
information about spiking activity. Second, for the same channel number, the LFP importance
score for ESA inference was higher than that for SUA and MUA. This may indicate that ESA

contains additional information that is not available in SUA and MUA.

8.3.4 Effect of number of LFP channels on inference accuracy

Figure 8.5d-e illustrates the effect of using different number of LFP channels on the inference
accuracy. We found that increasing the number of LFP channels to a certain number dramat-
ically improved the inference accuracy. However, after that point, the inference accuracy only

improved marginally or even decreased (as evident in the case of SUA from Figure 8.5d-e).
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Analysis across different inferred spiking activity channels revealed that the inference accuracy
of SUA reached plateau in significantly less number of LFP channels than that of MUA and
ESA. Compared to SUA and MUA, ESA needed higher number of LFP channels to reach
the maximum inference accuracy (shown by the red star markers in Figure 8.5d-e). This may

indicate that ESA has larger spatial coverage and more information than SUA and MUA.
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Figure 8.5 The importance of each LFP channel and the effect of the number of LFP channels
to inference accuracy. Data were taken from recording session 120160627 _01. (a-c) Heatmap of
LFP channel importance score for the inference of SUA, MUA, and ESA in channel 94, respec-
tively mapped onto a 10x 10 grid spatially corresponding to Utah electrode array configuration.
Black /white numbers inside the grids denote each of the 96 LFP channel numbers. Bold yellow
number (i.e. 94) indicates the channel of spiking activities being inferred. White boxes on
the grid corners represent unused (unconnected) electrodes. The larger the channel importance
score, the more important is the channel for the inference. (d-e) The effect of increasing number
of LFP channels for the inference accuracy (average CC) of spiking activities in channel 94 and
64, respectively. The shaded areas represent 95% confidence intervals (N = 30). The red star
markers indicate the number of LFP channels that corresponds to highest average CC score for
each spiking activity.
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8.3.5 Performance valuation on different subject and task

Lastly, we next sought to determine whether the trend in above results was associated to any
particular subject or task. We performed the same inference procedure using a different subject
performing different task (see Dataset II in Methods). Analysis on LFP feature informativeness
revealed the same trend where LMP yielded the highest inference accuracy, whereas alpha
yielded the lowest inference accuracy. However, there was minor difference in the order of
LFP feature informativeness in which delta feature showed better predictive performance than
gamma. The order of LFP feature informativeness (from highest to lowest) was as follows:
LMP > delta > gamma > beta > theta > alpha (Figure 8.6a). The statistical tests among
pairs of LFP features also showed that there were statistically significant difference among
the features (Figure 8.6b). The relative performance of LMP varied from 1.28 to 10.53 times
better than that of other features (Figure 8.6¢). Using LMP as the feature, we plotted the
inference accuracy of each channel of SUA; MUA, and ESA into 10-by-10 heatmap grids (see
Figure 8.6d-f). The inference accuracy of ESA (average CC 0.71 £ 0.013) was also found to be
statistically significant higher than SUA (0.55 = 0.020) and MUA (0.52 £ 0.021) as illustrated
in Figure 8.6g. Relative to SUA and MUA, ESA yielded on average 1.28 and 1.35 times better
inference accuracy. Similar to the results obtained with dataset I, the inference accuracy of
SUA reached plateau in less number of LFP channels than MUA and ESA (Figure 8.6h). In
good agreement with the results from dataset I, the LFP from the same channel had high but
not necessarily highest importance score for the inference of spiking activity (Figure 8.6i-k).
Moreover, for the same channel, the importance score of ESA was on average also higher than

that of SUA and MUA.
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Figure 8.6 Performance evaluation on different subject and task (recording session 1140703~
001) (a) Boxplot comparison of ESA inference (average CC) across LFP features. Asterisks
indicate which features were statistically significant difference from that of LMP (*** p<0.001).
(b) Heatmap of statistical significance matrix among LFP features. Grey boxes in the main
diagonal did not have p-value (excluded from statistical test calculation). (c) Relative inference
accuracy of LMP with respect to other LFP features being benchmarked against. Larger value
indicates better relative performance. Black error bars denote 95% confidence intervals. (d-f)
Heatmap of inference accuracy (CC) of 96-channel SUA; MUA, and ESA, respectively mapped
onto a 10x10 grid spatially corresponding to Utah electrode array configuration. Black/white
numbers inside the grids denote each of the 96-channel numbers. Grey boxes on the grid corners
represent unused (unconnected) electrodes. Red boxes indicate channels that were excluded
from the inference due to too few number of recorded spikes (< 0.5 Hz). (g) Boxplot comparison
(average CC across channels) among SUA, MUA, and ESA. Asterisks indicate the statistical
significance of other spiking activities being compared to ESA (*** p<0.001). (h) The effect of
increasing number of LFP channels for the inference accuracy (average CC) of spiking activities
in channel 60. The shaded areas represent 95% confidence intervals (N = 30). The red star
markers indicate the number of LFP channels that corresponds to highest average CC score
for each spiking activity. (i-k) Heatmap of LFP channel importance score for the inference of
SUA, MUA, and ESA in channel 60 mapped onto a 10x10 grid spatially corresponding to Utah
electrode array configuration. Black/white numbers inside the grids denote each of the 96 LFP
channel numbers. Bold yellow number (i.e. 60) indicates the channel of spiking activities being
inferred. White boxes on the grid corners represent unused (unconnected) electrodes.

8.4 Discussion

The present chapter investigates the relationship between local field potential (LFP) and entire
spiking activity (ESA) by asking whether we can infer ESA solely from LFPs. In doing so, first,
we examine which feature within LFPs contains the highest information (i.e. most predictive)
about ESA. The results reveal that local motor potential (LMP), the smoothed time-domain
amplitude of LFP, emerges as the most predictive feature, followed by power feature either
from delta or gamma frequency bands. On the other hand, the intermediate frequency bands
of LFPs carry only little information about ESA. Considerable number of previous studies have
reported that power modulation within low frequency (< 10 Hz) and high-frequency (> 30 Hz)
of LFPs are most informative, whereas the intermediate frequency bands are little informative
about spiking activity (SUA or MUA) [232], [235], [266], [267], [275]. The low-frequency band
LFPs are associated with motor evoked potentials that usually exhibits high correlation with

spiking of neuronal population, whereas the high-frequency band LFPs are thought to reflect



156

synchronised spiking activity arising from local neuronal population [232]. This chapter con-
firms and extends the previous findings by showing that apart from power within low- and
high-frequency LFPs, LMP holds substantial information about spiking activity. Even though
LMP has been frequently used as feature for decoding behavioural tasks [22], [37], [52], the
use of LMP for inferring spiking activity has not been investigated. A rather similar feature
to LMP is the amplitude of low-frequency LFP obtained from low-pass filtering the broadband
LFPs and has been used in prior studies [36], [256]. However, this feature differs from LMP in
that its frequency band is well separated as low-pass filter results in better roll-off and stopband
attenuation. On the other hand, LMP which is obtained via moving average filter contains less
random white noise while maintains well the smoothing of LFP signals [277].

Given highly informativeness of LMP, one may ask what the biophysical origin of LMP is.
Unfortunately, the answer to this question remains to be established. It has been speculated
that LMP is related to firing rate modulation of neuronal population near the recording elec-
trode [233] or distant neuronal population activity that is connected to the recording site [234],
[235]. It is also possible that LMP reflects evoked LEFPs in the motor cortex in response to
movement-related tasks [232], [233]. Prior study suggested that LMP plays important role not
only in the execution but also in the preparation of movement (e.g. anticipation) [278]|. This
may explain the better relative inference accuracy of LMP with respect to other features from
dataset II (movement with preparatory delay) than from dataset I (movement without delay
interval).

Next, using the LMP feature and LSTM model with optimised hyperparameters, we evaluate
the inference accuracy of ESA and compare its performance with that of SUA and MUA. Re-
sults across recording sessions, subjects, and tasks show that the inference accuracy of ESA
is consistently higher than that of SUA and MUA. Previous studies have only conducted the
inference of SUA and MUA from LFPs [36], [232], [256], [266], [267]. Therefore, to the best of
our knowledge, this is the first study that performs the inference of ESA from LFPs and system-
atically compares its performance to that of SUA and MUA. We argue that the high inference
accuracy of ESA is attributed to richer spiking information contained within ESA compared to

SUA and MUA. Both SUA and MUA are obtained by using threshold-based technique which is
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prone to false-positive or false-negative spike detection. If we set the threshold value too high,
we could miss true but lower amplitude spikes; on the contrary, if we set the threshold too low,
we may detect some background noises as spikes. In contrast to SUA and MUA, ESA does
not use thresholding, instead it employs full-rectification and low pass filter which is rather
insensitive to random high-frequency noise and is able to preserve full information of spiking
activity [251]. In addition, thresholding favours large (pyramidal) neurons with high amplitude
spikes and other neurons very close to the electrode tips [249], [251]. The small neurons (with
low amplitude spikes) or slightly farther neurons may not be detected. In contrast to that,
ESA integrates the contribution from all neurons in the vicinity of recording electrode tip.

To gain more insights into the relationship between LFP and spiking activity, we measure and
rank the LFP channel importance/contribution for the inference of SUA, MUA, and ESA at
particular channels using feature importance permutation. The results reveal that the LFP
importance score in the same channel as the inferred spiking activity on average has high (not
necessarily highest) importance score, indicating its rich information about the spiking activity.
This is in good agreement with the previous findings [235], [267|. Furthermore, within the same
channel, the LFP importance score for ESA is on average higher than SUA and MUA. This may
imply that ESA contains additional spiking information that are not detected by thresholding
procedure for the cases of SUA and MUA. Lastly, we investigate the effect of different number
of LFP channels on the inference accuracy of spiking activity. Our results show that SUA and
MUA achieve plateau and peak accuracy in less number of channels compared to ESA. To
attain the peak inference accuracy, larger number of LFP channels are needed for the inference
of ESA. This could be an indication of larger spatial coverage of ESA (encompassing smaller and
farther neurons) compared to SUA and MUA. These results may suggest that LFP represents
the total input giving rise to spiking output within larger spatial area (observed through ESA)
than previously thought (SUA or MUA).

In this chapter, we infer spiking activity from LFPs recorded from the same electrode. This can
confound our analysis since spike waveforms from nearby neurons may contaminate the LFPs.
To remove this possible contamination, we use filter with lower frequency cut-off (100 Hz) than

the typical frequency cut-off (300 Hz) to obtain LFPs from the raw neural data. Although
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slow modulation of spiking activity as low as 10Hz can contribute to the LFPs [232], its
contribution was found to be negligible compared to the other sources such as synaptic activity
and membrane potential oscillations [262], [279].

In summary, we have shown that LFPs, in the form of LMP, carry substantial information about
spiking activity, particularly ESA. Since spiking activity has been widely used as an input signal
for BMI, our finding corroborates the increasingly accumulating evidences that LFPs can be
used as an alternative input signal. This is especially relevant for chronic recordings where the
spike signals have been found to be unstable or even degrading over long periods of time. In
this case, LFP-based BMIs can be implemented using biomimetic or biofeedback approach [36],
[163], [218], [280]. Another finding from this chapter is that ESA appears to contain richer
information about and larger spatial coverage of spiking activity within an area compared to
SUA and MUA. This suggests that ESA could be potentially used in neuroscience research as
an alternative neuronal population activity measure for analysing neural responses to various

stimuli or behavioural tasks.

8.5 Conclusion

This chapter examines the relationship between LFPs and ESA by investigating whether ESA
can be inferred from LFPs alone. We have shown that ESA could be inferred from LFPs
with higher accuracy than those of SUA and MUA. We found that LMP carried the highest
information about spiking activity (ESA, SUA, and MUA) compared to other LFP features.
Overall results suggest the potential use of ESA as an alternative neuronal population activity
measure for analysing neural responses to stimuli or behavioural tasks (e.g. BMIs). The results

also indicate that LFPs contain substantial information about the spikes, particularly ESA,

which could be useful for the development of LEP-based BMIs.



9 Conclusions and Future Directions

Brain-machine interfaces (BMIs) hold great promise for restoring lost motor functions in pa-
tients with neurological disorders. While compelling proof-of-concept BMI systems have been
demonstrated in labs and pilot clinical trials, a clinically viable translation of BMIs is ham-
pered by several challenges, such as decoding robustness and accuracy. Within this context,
this thesis aims to address both challenges from neural signal processing and decoding points of
view. The following sections summarise our original contributions and discuss future directions

for further research.

9.1 Original contributions

The work presented in this thesis constitutes a systematic development of neural signal process-
ing and decoding methods towards the ultimate aim of achieving a robust and accurate BMI
system. This thesis is composed of three main parts, which corresponds to our consecutive
efforts to achieve the ultimate aim. These three parts, along with our original contributions,
are briefly described as follows.

Part I - MUA-based BMI. We began from Chapter 3 by developing a new firing rate es-
timation method based on a kernel smoothing technique with adaptive bandwidth, referred
to as Bayesian adaptive kernel smoother (BAKS). We then generated synthetic spike trains
based on two biologically plausible models: inhomogeneous Gamma (IG) and inhomogeneous
inverse Gaussian (IIG). Using these synthetic data and real data, we showed that BAKS out-
performed other methods through an extensive comparison. In Chapter 4, we proposed BAKS
as a feature extraction method and long short-term memory (LSTM) as a decoding algorithm

for MUA-based BMI. The proposed methods yielded better decoding performance (accuracy
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and robustness) than all possible combinations of other two firing rate estimation methods
(binning and Gaussian kernel smoother) and two linear decoders (Kalman filter and Wiener
filter). Taken together, the first part of this thesis has demonstrated an improved decoding
performance of MUA-based BMI.

Part IT - LFP-based BMI. Driven by the desirable properties of LFP and inspired by the
good decoding performance of LSTM (as described in Part I), we proposed LSTM as a decoding
algorithm for LFP-based BMI (Chapter 5). This resulted in decoding performance improve-
ment compared to a commonly used Kalman filter. To improve the decoding performance even
further while without requiring a tedious manual feature extraction process as in LSTM de-
coder, we proposed an end-to-end approach based on temporal convolutional network (TCN)
for automatic feature extraction and decoding methods. TCN decoder achieved an improved
performance at the expense of increased computational complexity and power consumption.
In Chapter 6, we investigated the impact of different referencing schemes on decoding perfor-
mance using two deep learning algorithms (LSTM and GRU). We also examined which LFP
feature contained the highest movement-related information. Results showed that common av-
erage reference (CAR) and local motor potential (LMP) yielded better decoding performance
than other combinations of referencing schemes and LFP features. Overall results from Part 11
have successfully demonstrated our attempts at pushing the performance of LFP-based BMIs
forward.

Part III - ESA-based BMI. In the last part, we explored the feasibility and viability of
using new alternative input signal and decoding algorithm to achieve a robust and accurate BMI
system. We proposed entire spiking activity (ESA) as an input signal and quasi-recurrent neural
network (QRNN) as a decoding algorithm (Chapter 7). We compared the proposed ESA-driven
QRNN decoder against all combinations of other three input signals (SUA, MUA, and LFP)
and seven decoding algorithms (WF, WCF, KF, UKF, SRNN, LSTM, and GRU). Extensive
results revealed that our proposed method significantly outperformed all these combinations.
We also investigated the impact of different training schemes and the amount of training data on
decoding performance of ESA-driven QRNN decoder. In addition, we examined the long-term

characteristics of ESA and compared them against those of SUA, MUA | and LFP. Furthermore,
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to understand the relationship between ESA and LFP, we conducted experiments to infer ESA
from LFPs as described in Chapter 8. We compared the inference accuracy of ESA to that of
SUA and MUA. We analysed the contribution of different LFP features and individual LFP
channel to inference accuracy. Lastly, we assessed the impact of different numbers of LFP
channels on inference accuracy. The whole results from Part III suggest the potential use of
ESA as input signal and deep learning as a decoding algorithm, particularly QRNN, towards

accurate and robust BMIs.

9.2 Future directions

This thesis has focused on the development of neural signal processing and decoding methods for
offline decoding task. Offline decoding is useful since it offers a quick and low cost for exploring
a new decoding algorithm. It allows the quantification of decoding performance across different
decoders. However, to assess the real performance of a decoder, an online (closed-loop) decoding
where the decoder is within the loop must be ultimately performed. Therefore, one possible
direction for future work is to investigate the efficacy of ESA signal and deep learning algorithm
on closed-loop experiments.

We used a total of 26 neural recording sessions spanning from 3.6 to 10.9 months since the
implantation date. Despite a gradual declining trend, the number of spikes detected in the last
session was still relatively high. Another possible future direction is to examine whether the
performance ESA-based deep learning decoder could sustain on long-term neural data where
spikes have been severely diminished or even lost. Although our experiments based on spike
removal from the raw data (i.e. despiked ESA; Chapter 7), it remains unclear whether such
results hold on naturally-lost-spike data.

We developed and implemented neural signal processing and decoding methods in software
running on a desktop PC. Despite offering simple and fast development workflow, a PC-based
BMI system does not provide desirable properties for a clinically viable BMI, such as compact,
portable, and low power. Therefore, future work should be directed towards the development
and implementation of the proposed methods on low power, embedded platforms based on

ASICs, FPGAs, embedded GPUs, or RISC-V [281]. One possible approach is to implement
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ESA computation on on-chip processing (implantable) and deep learning algorithm on off-chip

processing (wearable) platforms.

9.3 Concluding remarks

When we started this research project in 2016, the initial objective was to develop neural signal
processing and decoding methods for LEP-based BMIs. Signal stability and low bandwidth of
LFPs —properties which spike signals are lacking— have been attracting a lot of interest among
researchers (including us) to extract informative features within LFP and utilise them for BMIs.
Before delving deeper into the development of LFP signal processing and decoding methods,
we needed a good baseline spike-based BMI for performance benchmark. Therefore, firstly, we
developed a new feature extraction method (BAKS; Chapter 3) and decoding algorithm (LSTM;
Chapter 4) to push forward the decoding performance of spike-based BMI. We then investigated
the most informative LFP feature and developed deep learning based decoders (Chapters 5 and
5). It turned out that the decoding accuracy of LFPs could not outperform those of spikes
(SUA or MUA) under the same decoders. This motivated us to explore a new alternative input
signal and decoding algorithm to achieve better decoding robustness and accuracy than those of
spikes and LFPs. In the end, we proposed ESA as the input signal and QRNN as the decoding
algorithm (Chapter 7 and 8). Extensive comparison results revealed that our proposed ESA-
driven QRNN decoder significantly outperformed other possible combinations between other
input signals and decoding algorithms. Taken together, we believe that the consecutive efforts
and systematic works presented in this thesis have demonstrated solid progress towards robust
and accurate BMIs. While significant performance improvements have been shown in this thesis,
several interesting research questions and challenges lie ahead (Section 9.2). It is important to
note that a successful translation from BMI research into a clinically viable device is not only
related to scientific and technological aspects. It requires a good ecosystem and collaborative
network to bring together scientists, clinicians, funders, investors, industries, policymakers,
regulators, and users, among others [282]. This thesis contributes mainly to addressing two
scientific and technological challenges, accuracy and robustness, by providing insights into signal

processing and decoding design consideration towards clinically viable translation of BMIs.
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A Mathematical Derivation of BAKS

A.1 Posterior distribution of bandwidth

In this appendix, we derive a closed-form expression of the posterior density of bandwidth as

given in Eq (3.9). According to Bayes’ theorem, the posterior density is formulated as:

Fth)r(h(®) A

/ft|h h(8))dh(t)

By using likelihood function as in Eq (3.7) and prior distribution of bandwidth as in Eq (3.6),

we can obtain:

l n h(t)72a71 - B 1
r(h(E)]E) = — 2 e 1 ra p{ MW}
n B (t) 2c0—1 o _;
/- w2 Kot = 1)y |~ 0

By substituting Gaussian kernel into the likelihood function and removing the same constants

in both numerator and denominator, Eq (A.2) then becomes:

Sniren s [543}

m(h(t)| (A.3)

TS [

Let now consider the denominator of Eqs (A.1) and (A.3), which we can rewrite as:

/ F R ) m (1) dh(E) = / gh(t)za‘Q exp {— . (1)2 {(’f _2”2 + %} } dh(t)  (AA)
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To simplify the calculation, let us define variables as follows:

1 1 s
o= 05 h(t) =072, dh(t) = —5° 2do (A.5)

By substituting Eqs (A.5) and (A.6) into Eq (A.4), the integral function can be represented as:

[ fanenmooanty = 33 [ ot {-Z} o (A7)

Eq (A.7) can be simplified so that the integral part forms Gamma probability density as follows:

[ Feb@nmne)ant) =5 Y- Tla+ 3o

O.(oz—i—%)—l o (A8)
x/ . exp{——}da
Dla+ 1)g+ 6
Since the integration of Gamma probability density function is equal to 1,
(at+31)-1
/ 7 : exp{—g}dazl (A.9)
I(a+ 1)gletz) 0
Eq A.8 can then be analytically expressed as:
. - 1
| Felb@nmeant) = 5 Y-+ 3o
= . (A.10)
L= [(t—t)2 1]
- T bt =
@rp> |5

Finally, by substituting Eq (A.10) back to the original equation of posterior density of band-

width in Eq (A.1), we can obtain the closed-form solution as in Eq (3.9):

Z e { s |5+ 5

m(h(t)]t) = ;
1 Lo~ [(t—t)? 17072

=1

(A.11)
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A.2 Adaptive bandwidth estimate

Under squared error loss function, the adaptive bandwidth can be estimated by using the

posterior mean as given by:

h(t) = / h(t)m(h(t)[t)dh(t) (A.12)

By substituting Eq (A.11) into Eq (A.12), we can obtain:

) = / gh(t)_zo‘_l exp{—% {(t —Qti)2 N %Hdh(t)
e p 3[4

=1

(A.13)

Similar to the derivation procedure for the posterior distribution of bandwidth (A.1), by the

change-of-variables rule using Eqs (A.5) and (A.6), Eq (A.13) can be written as:

—Z/ exp }da

h(t) = . (A.14)
1 (t—t;)> 17772
e Y (5 ]

=1

By modifying the integral part of numerator to be an integration of Gamma probability density
function (which is equal to 1) as in Eq (A.8), we can obtain the final closed-form solution as in

Eq (3.11):

: (A.15)
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intensity. (c¢) MISE comparison for the case of low frequency. (d) MISE comparison for the
case of high frequency. In each boxplot, black lines show the medians; black circles indicate
the means; colored solid boxes represent interquartile ranges; whiskers extend 1.5x from upper
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Figure B.2 MISE comparison under different values of shape parameter (v = {0.25,0.5,0.75}).
(a)-(c) MISE comparison for chirp, sine, and sawtooth rate functions, respectively, from IG
model. (d)-(f) MISE comparison for chirp, sine, and sawtooth rate functions, respectively,
from IIG model. Vertical bars represent the 95% confidence intervals.
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Figure B.4 Firing rate estimate comparison for IIG model with Gaussian-damped sinusoidal
rate function. (a)-(c) Firing rate estimates for the cases of low, medium and high frequency,
respectively. (d)-(f) Firing rate estimates for the cases of low, medium and high intensity, re-
spectively. Black lines with grey-shaded regions indicate the underlying rate functions. Black
raster in the bottom of each plot represents a spike train generated from the associated under-
lying rate function.

Table B.1 Hyperparameter search spaces during the optimisation of deep learning decoders.

Hyperparameter SRNN GRU LSTM QRNN

4 of units {100,150, - - , 450} {50,75,---,225} {50,75,---,200} {50,100,--- 400}
# of epochs {2,3,---,8}

Batch size {32,64,96}

Dropout rate {0,0.1,---,0.5}

Learning rate {5,10,--- ,50} x 10~

Table B.2 Hyperparameter configurations for SUA-, MUA-, and LFP-driven DL decoders.

SUA Signal MUA Signal LFP Signal
Hyperparameter
SRNN GRU LSTM QRNN SRNN GRU LSTM QRNN SRNN GRU LSTM QRNN
# of units 400 200 200 400 450 200 150 400 450 175 125 350
# of epochs 8 3 6 4 5 4 6 4 7 3 5 2
Batch size 64 96 64 96 64 64 64 64 64 32 64 64
Dropout rate 0.1 0.4 0 0.4 0.1 0.3 0 0.4 0.1 0.3 0.2 0.1

Learning rate 0.0025 0.0045 0.002 0.003 0.0035 0.003 0.0035 0.005 0.0002 0.0035 0.004 0.0005
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outliers.



100

IG Model

IG Model

171

80

] Low Frequency

60

40

Firing Rate (Hz)

20

100

80
60
40 1

20

] High Frequency

s

0 0.5

(2]

50

1 1.5
IG Model

Firing Rate (Hz)

1 Low Intensity

250

Time (s)

| —BAKS — OKs

VKS — Locfit

BARS|

0 0.5 1

200 1

15
IG Model

[ High Intensity

Time (s)

|—BAKS —OKS — VKS — Locfit

BARS|

Figure B.6 Firing rate estimate comparison for IG model with square rate function. (a)-(b)
Firing rate estimates for the cases of low and high frequency, respectively. (c)-(d) Firing rate
estimates for the cases of low and high intensity, respectively. Black lines with grey-shaded
regions indicate the underlying rate functions.
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Figure B.7 Graphical illustration of the deep learning decoders. (a) Standard recurrent neural
network (SRNN). (b) Long short-term memory (LSTM). (¢) Gated recurrent unit (GRU). (d)
Quasi-recurrent neural network (QRNN).



172

Dropout Rate
« 00 01 02 03 ©#04 @05

x1073

Learn Rate x10-3

w w w w w » »
o N » o [s<] o N
(S/ww) ISINY

H N W s u»n
w
o
(s/ww) ISINY

300
Unjgs 400

Dropout Rate
¢« 00 01 02 ©03 04 @05

5 o 5 o
—~ —~
4 X 4 X
3 3 2
o
2 -
1 ©
19
8 8 8
0 < ) 4 o 5 4
00 4 Qoé\ w0 Qoé\ &
Unjgg™ 200 2 < Unjgg™" 200 2 €
Dropout Rate
©00 ¢01 €02 ©03 ©04 @05
42
5 "I?‘ 40
g x »
- 382
[%2)
@ m
2 c 36 ~
© 3
g 34 3
z
8 32
. o
100 ¥ 4 & 30

o
150 s
Unjgg™" 200 2 <

Dropout Rate
¢« 00 01 02 ©03 04 @05

[ 0

x1073

Learn Rate x10-3
w
o
(S/ww) ISWY

Figure B.8 Visualisation of hyperparameter optimisation result for ESA-driven deep learning
decoders. (a)-(c) 3D scatter plots correspond to RNN decoder with the batch size of 32, 64,
and 96, respectively. (d)-(f) 3D scatter plots correspond to GRU decoder with the batch size
of 32, 64, and 96, respectively. (g)-(i) 3D scatter plots correspond to LSTM decoder with the
batch size of 32, 64, and 96, respectively. (j)-(1) 3D scatter plots correspond to QRNN decoder
with the batch size of 32, 64, and 96, respectively. The x-axes represent the number of units;
y-axes represent the number of epochs; z-axes represent the learning rate. The size of circles
denotes the dropout rate while the color of circles denotes the loss value (RMSE).
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Figure B.9 Long-term decoding performance comparison across different decoders driven by
SUA signal. (a),(b) Boxplot comparison of long-term decoding performance across decoders
as measured by average RMSE and CC, respectively. The horizontal lines inside the boxes
denote the medians whereas the circles denote the means. Asterisks represent decoders whose
decoding performance differed significantly from that of QRNN (two-tailed paired Wilcoxon
signed-rank test; * p < 0.05, *** p < 0.001). (c),(e) Heatmap of statistical significant matrix
of decoding performance between all possible pairs of decoders as measured by average RMSE
and CC, respectively. Each cell is coloured based on the p-value except cells in the main
diagonal (grey; excluded from statistical test calculation). Asterisks indicate whether there
were statistical significant differences between the pairs (two-tailed paired Wilcoxon signed-rank
test; * p < 0.05, *** p < 0.001). (d),(f) Average performance improvement/degradation (in %)
of decoders with respect to that of UKF as measured by RMSE and CC metrics, respectively.
Positive (negative) value indicates performance improvement (degradation). Black numeral
texts represent the means whereas black error bars represent the 95% confidence intervals (n =
26). (g),(h) Decoding performance comparison over time across decoders in terms of average
RMSE and CC, respectively. Coloured circles represent the means whereas coloured error bars
represent the 95% confidence intervals (n = 10) for each session. The z-axes represent the
number of days since electrode implantation. The z-axes’ ticks correspond to different sessions
having irregular gaps between the consecutive sessions.
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Figure B.10 Long-term decoding performance comparison across different decoders driven by
MUA signal. (a),(b) Boxplot comparison of long-term decoding performance across decoders
as measured by average RMSE and CC, respectively. The horizontal lines inside the boxes
denote the medians whereas the circles denote the means. Asterisks represent decoders whose
decoding performance differed significantly from that of QRNN (two-tailed paired Wilcoxon
signed-rank test; * p < 0.05, *** p < 0.001). (c),(e) Heatmap of statistical significant matrix
of decoding performance between all possible pairs of decoders as measured by average RMSE
and CC, respectively. Each cell is coloured based on the p-value except cells in the main
diagonal (grey; excluded from statistical test calculation). Asterisks indicate whether there
were statistical significant differences between the pairs (two-tailed paired Wilcoxon signed-rank
test; * p < 0.05, *** p < 0.001). (d),(f) Average performance improvement/degradation (in %)
of decoders with respect to that of UKF as measured by RMSE and CC metrics, respectively.
Positive (negative) value indicates performance improvement (degradation). Black numeral
texts represent the means whereas black error bars represent the 95% confidence intervals (n =
26). (g),(h) Decoding performance comparison over time across decoders in terms of average
RMSE and CC, respectively. Coloured circles represent the means whereas coloured error bars
represent the 95% confidence intervals (n = 10) for each session. The z-axes represent the
number of days since electrode implantation. The z-axes’ ticks correspond to different sessions
having irregular gaps between the consecutive sessions.
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Figure B.11 Long-term decoding performance comparison across different decoders driven by
LFP signal. (a),(b) Boxplot comparison of long-term decoding performance across decoders as
measured by average RMSE and CC, respectively. The horizontal lines inside the boxes denote
the medians whereas the circles denote the means. Asterisks represent decoders whose decoding
performance differed significantly from that of QRNN (two-tailed paired Wilcoxon signed-rank
test; *** p < 0.001). (c),(e) Heatmap of statistical significant matrix of decoding performance
between all possible pairs of decoders as measured by average RMSE and CC, respectively.
Each cell is coloured based on the p-value except cells in the main diagonal (grey; excluded
from statistical test calculation). Asterisks indicate whether there were statistical significant
differences between the pairs (two-tailed paired Wilcoxon signed-rank test; * p < 0.05, **
p < 0.01, ¥ p < 0.001). (d),(f) Average performance improvement/degradation (in %) of
decoders with respect to that of UKF as measured by RMSE and CC metrics, respectively.
Positive (negative) value indicates performance improvement (degradation). Black numeral
texts represent the means whereas black error bars represent the 95% confidence intervals (n =
26). (g),(h) Decoding performance comparison over time across decoders in terms of average
RMSE and CC, respectively. Coloured circles represent the means whereas coloured error bars
represent the 95% confidence intervals (n = 10) for each session. The z-axes represent the
number of days since electrode implantation. The z-axes’ ticks correspond to different sessions
having irregular gaps between the consecutive sessions.
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Figure B.12 Long-term decoding performance comparison across SRNN decoders driven by
different neural signals. (a),(b) Boxplot comparison of long-term decoding performance across
different neural signals as measured by average RMSE and CC, respectively. The horizontal
lines inside the boxes denote the medians whereas the circles denote the means. Asterisks
represent neural signals whose decoding performance differed significantly from that of ESA
(two-tailed paired Wilcoxon signed-rank test; *** p < 0.001). (c),(e) Heatmap of statisti-
cal significant matrix of decoding performance between all possible pairs of neural signals as
measured by average RMSE and CC, respectively. Each cell is coloured based on the p-value
except cells in the main diagonal (grey; excluded from statistical test calculation). Asterisks in-
dicate whether there were statistical significant differences between the pairs (two-tailed paired
Wilcoxon signed-rank test; * p < 0.05, *** p < 0.001). (d),(f) Average performance improve-
ment /degradation (in %) of neural signals with respect to that of SUA as measured by RMSE
and CC metrics, respectively. Positive (negative) value indicates performance improvement
(degradation). Black numeral texts represent the means whereas black error bars represent the
95% confidence intervals (n = 26). (g),(h) Decoding performance comparison over time across
neural signals in terms of average RMSE and CC, respectively. Coloured circles represent the
means whereas coloured error bars represent the 95% confidence intervals (n = 10) for each
session. The z-axes represent the number of days since electrode implantation. The x-axes’
ticks correspond to different sessions having irregular gaps between the consecutive sessions.
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Figure B.13 Long-term decoding performance comparison across GRU decoders driven by dif-
ferent neural signals. (a),(b) Boxplot comparison of long-term decoding performance across dif-
ferent neural signals as measured by average RMSE and CC, respectively. The horizontal lines
inside the boxes denote the medians whereas the circles denote the means. Asterisks represent
neural signals whose decoding performance differed significantly from that of ESA (two-tailed
paired Wilcoxon signed-rank test; *** p < 0.001). (c),(e) Heatmap of statistical significant ma-
trix of decoding performance between all possible pairs of neural signals as measured by average
RMSE and CC, respectively. Each cell is coloured based on the p-value except cells in the main
diagonal (grey; excluded from statistical test calculation). Asterisks indicate whether there were
statistical significant differences between the pairs (two-tailed paired Wilcoxon signed-rank test;
Rk p < 0.001). (d),(f) Average performance improvement/degradation (in %) of neural signals
with respect to that of SUA as measured by RMSE and CC metrics, respectively. Positive
(negative) value indicates performance improvement (degradation). Black numeral texts rep-
resent the means whereas black error bars represent the 95% confidence intervals (n = 26).
(g),(h) Decoding performance comparison over time across neural signals in terms of average
RMSE and CC, respectively. Coloured circles represent the means whereas coloured error bars
represent the 95% confidence intervals (n = 10) for each session. The z-axes represent the
number of days since electrode implantation. The z-axes’ ticks correspond to different sessions
having irregular gaps between the consecutive sessions.
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Figure B.14 Long-term decoding performance comparison across LSTM decoders driven by
different neural signals. (a),(b) Boxplot comparison of long-term decoding performance across
different neural signals as measured by average RMSE and CC, respectively. The horizontal
lines inside the boxes denote the medians whereas the circles denote the means. Asterisks
represent neural signals whose decoding performance differed significantly from that of ESA
(two-tailed paired Wilcoxon signed-rank test; *** p < 0.001). (c),(e) Heatmap of statisti-
cal significant matrix of decoding performance between all possible pairs of neural signals
as measured by average RMSE and CC, respectively. Each cell is coloured based on the
p-value except cells in the main diagonal (grey; excluded from statistical test calculation).
Asterisks indicate whether there were statistical significant differences between the pairs (two-
tailed paired Wilcoxon signed-rank test; *** p < 0.001). (d),(f) Average performance improve-
ment /degradation (in %) of neural signals with respect to that of SUA as measured by RMSE
and CC metrics, respectively. Positive (negative) value indicates performance improvement
(degradation). Black numeral texts represent the means whereas black error bars represent the
95% confidence intervals (n = 26). (g),(h) Decoding performance comparison over time across
neural signals in terms of average RMSE and CC, respectively. Coloured circles represent the
means whereas coloured error bars represent the 95% confidence intervals (n = 10) for each
session. The z-axes represent the number of days since electrode implantation. The x-axes’
ticks correspond to different sessions having irregular gaps between the consecutive sessions.
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Figure B.15 Decoding performance comparison across different types of neural signals. (a),(b)
Impact of different number of features (units or channels) on the decoding comparison of QRNN
decoders driven by different neural signals as measured by average RMSE and CC, respectively.
The shaded areas represent the 95% confidence intervals (n = 30). Data are taken from the
last session (120170131 _02).
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