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Abstract

Understanding the complex underpinnings of how the human brain processes the environment
around it is one of the most important goals of modern-day neuroscience. While the ability
to communicate and speak is one of the most fundamentally unique aspects of being hu-
man, the mechanisms by which it is enabled on a neurological level are relatively unknown.
Advancements in brain imaging technology such as electroencephalography and magnetoen-
cephalography (EEG & MEG) have greatly empowered researchers to isolate neural activity
at the various stages of speech processing. However, the unstandardised and proprietary na-
ture of brain data collection stands as an inhibitor to the use of modern data-driven analytic
techniques such as machine learning.

The work presented in this dissertation, aims to develop a web-based neural analysis platform
for both expert and non-expert users to analyse neural data (e.g., brain signals measured using
EEG) using publically available, high quality data to simulate experimental conditions. Such
a platform will allow the rapid prototyping and development of experiments in a user friendly,
graphical environment that enables the user to determine the optimal configuration of new
experiments. The brain imaging data stored on the platform will use the Continuous-event
Neural Data format (CND) in order to encourage standardisation and replicability of results.
In turn, this will give create the opportunity to explore the potential for big data analysis and
more advanced machine learning techniques on brain signals in the future.

Additionally, this dissertation begins the development of a framework for implementing MAT-
LAB code within a lightweight web application. This framework utilises modern web tech-
nologies in order to interact with the MATLAB code-base and serves as a proof-of-concept
for future applications.
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Glossary of Acronyms
EEG ElectroEncephaloGraphy
MEG MagnetoEncephaloGraphy
MRI Magnetic Resonance Imaging
FMRI functional Magnetic Resonance Imaging
ECoG ElectroCorticoGraphy
BCI Brain-Computer Interface
TRF Temporal Response Function
mTRF multivariate Temporal Response Function
STRF Spectro-Temporal Response Function
ERP Event-Related Potentials
ERF Event-Related Field
SNR Signal-to-Noise Ratio
GFP Global Field Power
LTI Linear-time Invariant

iv



Contents

1 Introduction 1

1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Goals . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.1 Research Aim . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2.2 Research Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Dissertation Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Background 4

2.1 Modelling Speech Perception . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.2 Linear systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 Encoding & Decoding Models . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.4 Modelling the Brain Response Framework . . . . . . . . . . . . . . . . . . . 8

2.5 Event-related Potentials (ERP) . . . . . . . . . . . . . . . . . . . . . . . . 12

2.6 Temporal Response Function . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.7 Continuous-event Neural Data Format . . . . . . . . . . . . . . . . . . . . 16

3 Method 20

3.1 Purpose of Neural Analysis Platform . . . . . . . . . . . . . . . . . . . . . 20

3.2 Development of platform . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.3 Front-End & User Interface Mock-ups . . . . . . . . . . . . . . . . . . . . . 25

3.4 System Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.5 Application Back-end & API . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.6 Model Training & Testing . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.6.1 Univariate TRF/STRF estimation . . . . . . . . . . . . . . . . . . . 32

3.6.2 Multivariate TRF/STRF estimation . . . . . . . . . . . . . . . . . . 33

3.6.3 Stimulus Reconstruction . . . . . . . . . . . . . . . . . . . . . . . . 33

4 Neural Analysis Platform Use Case Scenarios 34

4.1 Scenario 1: Proposed study of cognitive development in babies using audio-

visual stimuli . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

v



4.2 Scenario 2: Study comparing patients with and without learning de�cits as

biomarkers for research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3 Scenario 3: Future non-verbal patient imagined speech decoding . . . . . . 41

5 Conclusion 45

5.1 Project Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.3 Closing Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

A Appendix 53

A.1 Encoding MATLAB Code . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

A.2 Decoding MATLAB Code . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

vi



List of Figures

2.1 A linear system characterised by impulse response. Figure illustrates two meth-

ods of measuring impulse response. (a) measured as the response to a brief

pulse or (b) the impulse response of a system. Adapted from Ringach and

Shapley, 2004. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 A and B, schematic diagram of the apparatus used by Erich Sutter to measure,

for the �rst time, the full spatiotemporal receptive �eld of simple cells in a

cat. Reproduced from experiment by Erich Sutter, 1975; �gure adapted from

(Ringach, 2004). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 EEG signals recorded from a relaxed subject. Four seconds of data are shown

from four scalp locations. The corresponding amplitude spectra reveal activity

in the 8-13 Hz band. Adapted from (Nunez et al., 2006). . . . . . . . . . . 9

2.4 Magneto-encephalography (MEG) system at the Neuro-imaging research cen-

tre in Pitie Salpetriere hospital in Paris, France. 306 sensors spread over 102

areas enable both near and far magnetic �elds to be measured in addition to

visualising the anatomical structure of the brain. Subject receives visual stim-

ulation from a video(faces with di�erent expressions). . . . . . . . . . . . . 10

2.5 Electroencephalographic recordings using 128 electrodes making scalp con-

tact with a conductive gel. One of several kinds of EEG recording methods.

Adapted from (Nunez and Srinivasan, 2007). . . . . . . . . . . . . . . . . . 11

2.6 Event Related Potential waveform. . . . . . . . . . . . . . . . . . . . . . . 13

2.7 Temporal Response Function waveform. . . . . . . . . . . . . . . . . . . . 15

3.1 Uni�ed Model Language Diagram (UML) visually representing the use case of

neural analysis platform for expert and non-expert users. . . . . . . . . . . 23

3.2 Encoding and Decoding page user interface mock-up: features output graphs

based on user input, cross-validation accuracy as well as scalp topographies at

varying time lags. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.3 Multi-Encoding and Single-Lag page user interface mock-up. Button activates

cross data-set testing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

vii



3.4 Home (A) and Login page (B) user interface mock-up: (A) An informative

home page explaining what the Neural Analysis Platform is, including featured

use case scenarios and a registration page for the platform. (B) Requires users

to login to platform using email or G-mail credentials for increased security. . 26

3.5 Encoding within the neural analysis platform . . . . . . . . . . . . . . . . . 27

3.6 Decoding within the neural analysis platform . . . . . . . . . . . . . . . . . 28

3.7 Encoding API in Flask . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.8 Cloud Architecture using MATLAB Production Server . . . . . . . . . . . . 30

3.9 Schematic of forward and backward modeling approaches implemented using

mTRF Toolbox . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.10 mTRFtrain andmTRFpredictcode using optimal hyperparameter (lambda) . 32

3.11 Stimulus reconstruction code . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1 Scenario in which a research uses the neural analysis platform in order to

conduct a preliminary study on cognitive development in babies using cartoons

as a continuous audio-visual stimuli. . . . . . . . . . . . . . . . . . . . . . . 34

4.2 Experiment from which the Natural Speech dataset was gathered, assessing

the encoding of speech features in EEG. Adapted from Di Liberto et al., 2015 . 36

4.3 Scenario in which a psychologist or neuroscientist uses the EEG and the Neural

Analysis Platform to aid in the diagnoses of learning de�cits such as dyslexia

by providing quanti�able metric based on actual brain response data compared

to those without the de�cit. . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.4 Multi-encoding within the neural analysis platform used to compare across

datasets such as in scenario 2. . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.5 Scenario in which a neuroscientist uses the EEG and the Neural Analysis Plat-

form to create a BCI in which a patient with locked-in syndrome or ALS

imagined speech can be decoded to audio. . . . . . . . . . . . . . . . . . . 41

4.6 Resulting decoder graphs featuring: CV Accuracy, CV Error, Reconstruction

Accuracy, Reconstruction Error as a function of time lags, Brain topographies

at varying time lags. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.7 Spoken speech used to train and test neural decoding model. During imagined

speech, the model trained on spoken speech is used to decode the imagined

speech to neural activity. Imagined speech reconstruction is them compared

to original spoken speech using STRFs. Adapted from Martin et al., 2014 . . 43

viii



1 Introduction

1.1 Motivation

The human brain has over 100 billion neurons interconnected within a complex network

designed to interpret the world around us. The mechanisms enabling us to perceive our

environment is made possible through multivariate cascading processes of hierarchical

cognitive structures in the brain. For example, the human ability to perceive speech is

enabled through the transformation of auditory speech envelopes into smaller tokens of

speech such as phonemes and syllables that are processed by the brain through lexical and

semantic analysis to derive meaning. Neurophysiological experiments have revealed many of

the fundamental mechanisms and infrastructures underpinning the brain's ability to perceive

the environment around it. However, such investigations are limited in that they are unable

to e�ectively reveal the deeper mechanisms of how the human brain processes

anthropological stimulus in the environment such as music and speech. Additionally, most

neurophysiology research on human perception has used simple, controlled experimental

paradigms that are generally far removed from reality. Recent work with non-invasive

neurophysiology has led to a new realistic analysis framework where neural data can be

recorded and studied as participants listen to continuous natural sounds, such as speech and

music.

This dissertation describes the development of a machine learning platform for both expert

and non-expert users to analyse neural data (e.g., brain signals measured using

electroencephalography � EEG). This platform will use publicly available EEG data to

simulate the working conditions targeted by the users and rapidly determine the optimal

con�guration for new experiments. This project aims to bridge the gap between cutting

edge neural data analysis and the limited high-quality neural data publicly available. EEG

experiments on continuous natural sensory stimuli processing are generally collected by each

research group using their own methodological procedures and data format. The

aforementioned platform will utilise the recently created continuous-event neural format to

standardise the publicly available neural data imported into the platform for use by it's users.

In this respect, the datasets will be made readily available for use in data analysis by the
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wider neurocognitive community. It is hoped that this will create a foundation upon which

there is greater opportunity to explore the potential for big data analysis as well as more

advanced machine learning techniques on neural data.

The resulting web application will support various existing neural data analysis algorithms.

The primary library that will be used to implement the algorithms is mTRF-Toolbox,

supplemented with EEGLAB. Both are libraries for modelling neural data with di�ering use

cases for both. Through the use of the platform both expert and non-expert users (doctors,

psychologists, etc.) will be able to conduct cognitive experiments using electrophysiological

data without the need to know how to program or con�gure computational environments.

By conducting such neurocognitive experiments it is hoped that users will be able to

conduct further research into diagnosing conditions and de�cits of neurological origin and

will ultimately have greater access to objective measures of cognition (e.g., attention, speech

processing, memory). Such measurements have great potential in the future for many

practical applications such as use as biomarkers for diagnosing neurodevelopmental de�cits

(dyslexia).

1.2 Research Goals

1.2.1 Research Aim

The primary aim of the dissertation is to develop an internet application that enables both

expert and non-expert users to conduct cognitive experiments as predictive computational

models and evaluate those predictions against electrophysiological brain responses using

publically available datasets.

1.2.2 Research Objectives

The dissertation objectives are as follows:

1. Conduct a review of the relevant literature within the neuroscience �eld as well as

ancillary �elds such as psychology, medicine etc. in order to understand the current

state-of-the-art for using neurophysiological data to conduct experiments.

2. Develop a web application framework that enables the processing of

electrophysiological data within an online platform using advanced analysis techniques

prevalent within studies in the neurocognitive domain.

3. Develop an interface for interacting with the web application framework that can be

used to conduct cognitive studies and rapidly con�gure experiment parameters. It is

imperative that the user interface is interactive and visually appealing such that it can

be easily used by both expert and non-expert users.
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1.3 Dissertation Structure

Chapter 2 - Background
This chapter introduces and explores the theoretical foundations of the dissertation as well

as the historical origins of cognitive neuroscience emerging from neuroscience and

psychology. A review of key literature in the �eld is presented which serve as the basis for

the later chapters of the dissertation. Additionally, the state-of-the-art technology used in

neurocognitive experiments is detailed as well as prevalent analytical techniques.

Chapter 3 - Implementation
Chapter 3 presents the implementation of a lightweight web application that can be used to

conduct cognitive experimentation. The design process and system architecture is detailed

throughout with visualisations of the resulting platform. Technical methods involved in

analytical processes based on theory from the previous chapter are described in detail with

reference to libraries and algorithms.

Chapter 4 - Use Case Scenarios
This chapter demonstrates the use of the resulting neural analysis platform within the

context of possible real world situations that the platform was been designed for. In total,

three hypothetical use cases scenarios are presented in detail including background

information with regards to each scenario.

Chapter 5 - Summary
The �nal chapter presents discussion and commentary on the dissertation in its totality with

regards to the initial research aim and objectives established in the opening chapter.

Additionally, possible future works are examined in addition to re�ection on aspects of the

dissertation. The dissertation concludes with �nal remarks on the project.
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2 Background

2.1 Modelling Speech Perception

As humans our entire perception of the world around us is the result of our brain processing

and interpreting sensory information in our environment. Perception is the procedure by

which the brain makes sense of and registers the world around it through the processing of

continuous natural stimuli. The human ability to perceive at a higher level than other

species is one of, if not the greatest di�erentiators between humans and other species at the

cognitive level. Through perception humans can understand speech in a variety of situations

with relative ease even as the complexity rises in settings with multiple speakers, various

accents, intonations and volumes of speech. Antithetical to the importance of the

procedures underlying the complex neural systems that allow for the brain to perceive the

environment, relatively little is known about the system that enables the brain to parse and

process continuous stimuli like speech and music. Through the action of receiving and

processing input the brain produces measurable and quanti�able electrical brain activity. The

dynamics of such electrical activity vary based on the di�erent environments, scenarios and

stimuli that the brain receives as input; By recording the electrical brain response to the

stimuli we can uncover information about the inner workings and mechanisms of the brain to

reveal how the brain processes continuous neural stimuli. However, exposing the

sophisticated inner workings of the neural system in the brain is an increasingly di�cult and

complex task (Casserly and Pisoni, 2010).

Within the �eld of neuroscience, the classic experimental paradigm to measure the brains

response to stimuli has involved using a strict trial based structure, where each trial consists

of a brief and discrete series of events which are regarded as independent from other trials

(Huk et al., 2018). Such a discrete series of events could be short high frequency sounds

used as a stimulus to detect how the brain's electrical activity di�ers in response to di�erent

frequencies of sound. However, while this paradigm does allow the experimenter to adjust

certain input parameters and measure the resulting outputs from the neural system, it

overlooks that in reality, stimuli in the natural human environment is rarely, if ever, discrete

(i.e individually separate and distinct). In reality, the natural human environment contains
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dynamic visual stimuli which exhibit multiple spatial frequencies as well as altering auditory

soundscapes consisting of multiple temporal frequencies (Murray et al., 2014). Such stimuli

are unsuited to conventional trial based structures and re�ect an over-dependence or

preference for rigid, simplistic and controlled experiments which do not accurately capture

the qualities and dynamics of stimuli in the natural environment. Through the use of

continuous natural stimuli within experimentation, it is possible to gain a deeper, more

comprehensive understanding of the underpinnings of the neural response process supporting

perception while simultaneously maintaining high levels of experimental and quantitative

rigor. While discrete inputs like single sinusoidal sounds have o�ered glimpses into the

neural process, utilising more complex continuous stimuli such as human speech o�ers far

more ecological validity and leverages advancements in analytical capabilities to o�er insight

into sensory input and neural activity.

From a methodological point of view, regardless of the stimuli that are used to invoke a

neural response, the objective remains to identify the transformation by which neural system

processes input. The upper section (a) of (Fig 2.1) can be said to be a classical, trial based

experiment measuring a discreet input. The bottom section (b) visualises a realistic

continuous stimulus as an input in order to identify the system involved in neural processing.

Figure 2.1: A linear system characterised by impulse response. Figure illustrates two methods
of measuring impulse response. (a) measured as the response to a brief pulse or (b) the
impulse response of a system. Adapted from Ringach and Shapley, 2004.
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2.2 Linear systems

By delving into the historical origins of how linear systems are used to model stimulus and

brain response we arrive at a "reverse correlation" experiment created by Erich Sutter in

1975. (Ringach, 2004). Sutter aimed to understand how the neural system processed input

by recording the �rst evidence of the relationship between stimulus and response in the

brain.

Figure 2.2: A and B, schematic diagram of the apparatus used by Erich Sutter to measure,
for the �rst time, the full spatiotemporal receptive �eld of simple cells in a cat. Reproduced
from experiment by Erich Sutter, 1975; �gure adapted from (Ringach, 2004).

Sutter did this by conducting an experiment in which he recorded the brain response to a

stimulus within the neural system of a cat. While it may seem archaic to modern audiences,

Sutter's experiment bares a signi�cant resemblance to the state-of-the-art experiments

conducted by researchers in the �eld of cognitive neuroscience today and stands as an

important milestone within the �eld by being the �rst recording of the full spatio-temporal

spectrum. Sutter de�ned a stimulus as any input to the neural system. Such an input could

be anything that evokes a neural response such as a sound, or an image entering your eyes.

Sutter wanted to measure the brains response to this input so he set up an experiment in

which a stimulus was produced by playing white noise from a tape. Sutter then arranged a

second recorder a distance away from the feline subject's head. The second recorder received

the tape arriving from the �rst recorder as well as the ampli�ed signals arriving from a micro

electrode (attached to the subject's head) onto another track on the tape. With this

relatively simple, yet elegant experiment Sutter was able to capture the temporal

relationship between the stimulus and the neural response. In order to analyse the data, the

apparatus visible in Fig 2.2 B was used. The recorder on the left played the tape with the

audio of the response while the other recorder played the track with the stimulus. Similarly

to the time lags con�guration of modern day experiments, the time lag (a period of time

between the stimulus event and the response event) was varied by increasing the distance
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between the subject and the tapes. When a time lag was selected, the stimulus was replayed

on an oscilloscope such that the intensity of the signal was multiplied in the presence of a

spike in the neural response. When there was no neural response present for the stimulus the

intensity of the signal was unchanged by the ampli�er. Sutter's seminal study of the

temporal relationship between stimulus and response established the feasibility of applying

novel techniques to capture how neural computation supports perception in mammals as well

as inspiring work in the �eld of human cognitive neuroscience as we know it today.

2.3 Encoding & Decoding Models

In recent times, cognitive neuroscience has witnessed an increase in the quality and

complexity of the data recorded from the human brain through advancements in invasive

and non-invasive technologies as well as sophisticated computational analytics tools to

investigate recorded data. While this data is often recorded in lab studies in which the

results are unavailable to the wider scienti�c community, the increase in the quality of data

has nonetheless enabled researchers to use more complex continuous stimuli that enable the

neural response system to be studied under more naturalistic conditions.

Within cognitive neuroscience there are two main paradigms of analysis, neural encoding and

neural decoding. These are complementary operations in which encoding uses stimuli to

predict neural activity while decoding uses neural activity to predict information about

stimuli (Naselaris et al., 2011). In this sense, encoding investigates what neural process

transforms a stimulus to a response. For example, the neural system by which speaking

evokes a speci�c brain response in the listener. Conversely, decoding investigates how a

stimulus can be deciphered from a neural response. For example, deciphering what a words

a person spoke by analysing the brain response of the listener. Encoding models have seen a

signi�cant increase in popularity within research literature using electrocorticography

(ECoG)(Mesgarani et al., 2014) , functional magnetic resonance imaging (fMRI)(Nishimoto

et al., 2011) and EEG/MEG (Di Liberto et al., 2015). Additionally, studies have been

conducted in which decoding models have been used in order to predict stimulus features

using the neural activity response data (Mesgarani and Chang, 2012; (Pasley et al., 2012;

Stéphanie et al., 2014). While di�ering in process, both the encoding and decoding

paradigms are said to be predictive models and are generally represented mathematically in

the form of a linear regression.

The advent of non-invasive and invasive electrophysiological recording technologies has

enabled the detection of electrical activity in the brain synchronizing to speci�c properties

present within the stimulus (Lalor et al., 2006; Ding and Simon, 2012; Gross et al., 2013).

This phenomenon has been referred to asneural trackingand has enabled the analysis of

perception within tasks with higher levels of complexity such as those involving continuous
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stimuli like human speech and music (Di Liberto et al., 2022).

The cocktail party scenario, describes a person who is at a party with multiple people

immersed in conversation around the subject (Power et al., 2012). The subject's goal is to

listen to and communicate with people around them who are engaging in conversation.

While at times challenging, for people with normal hearing this is a relatively simple task.

However, for those who are hearing impaired or for any arti�cial intelligence system, the task

can quickly descend into a muddled, disordered mess. The �eld of cognitive neuroscience

has focused on the brains ability to resolve this multi-speaker cocktail party dilemma in a

process referred to as neural entrainment. The term neural entrainment can often be used

interchangeably with neural tracking, however, it is important to note that each refers to a

speci�c aspect of the neural process and are distinct features. Neural entrainment in the

narrow sense is said to refer speci�cally to the time-locked synchronisation of single,

individual cells with a continuously occurring stimuli, operating on a microscopic level.

While neural tracking refers to a broader sense of the neural system mapping to a

continuous stimuli on a macroscopic level. To this end, neural tracking of multiple acoustic

and linguistic features helps to divulge the complex underpinnings of how each feature is

encoded in the higher order neural system.

While recent investigations detecting how the brain synchronises to certain properties

present within exogenous stimuli have uncovered the phenomenon of neural tracking

(Obleser and Kayser, 2019) as well as establishing many of the fundamental aspects of the

method by which the brain enables perception, this work is limited in that it cannot shed

light on brain functions that are unique to humans, such as speech and music perception.

Most neurophysiological research on human perception has used simple, controlled

experimental paradigms which are generally far removed from reality. However, in recent

times studies have demonstrated that both invasive and non-invasive electrophysiology

recordings can robustly detect neural tracking and as such reveal objective measurements in

which perception can be studied via more intricate and complex experiments using

continuous real life stimuli like speech and music.(Zoefel and VanRullen, 2016); Zuk et al.,

2020; de Taillez et al., 2020; Golumbic et al., 2013)

2.4 Modelling the Brain Response Framework

The human brain comprises of a complex network of spatio-temporal processes and cross

signal interactions that have proven di�cult to capture. The sophisticated nature of how the

neural system responds to a stimulus has led to development of a variety of technologies

with the ability to capture the unique inner network dynamics of the brain. The two most

ubiquitous non-invasive (not involving the introduction of medical instruments into the

body) technologies to investigate the complex systems involved with processing natural
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continuous stimuli and speech perception have been scalp electro-encephalography (EEG)

and magneto-encephalography (MEG). Both technologies enabled researchers to develop a

methodology that is capable of isolating neural activity during speech processing in response

to continuous speech stimuli.

Figure 2.3: EEG signals recorded from a relaxed subject. Four seconds of data are shown
from four scalp locations. The corresponding amplitude spectra reveal activity in the 8-13 Hz
band. Adapted from (Nunez et al., 2006).

Before non-invasive procedures were developed, electrodes were placed inside of non-human

skulls in order to study models of the neural system within animals such as primates

(Rauschecker and Scott, 2009). While such procedures represented signi�cant progress in

understanding the neural biology of the brain's response to stimuli, the cerebrum of a

primate has not developed the mechanisms for interpreting speech such as as those that are

evident in human brains and as such are not similar enough to be representative of the

human neural system. Subsequently, invasive brain recording technologies such as

electrocorticography (ECoG) have been used in human patients with severe cases of epilepsy

which require brain surgery intervention. These recordings have resulted in reliable neural

data with clear temporal and spatial resolution (Mesgarani et al., 2014). However, as a

result of the ECoG recordings sampling patients with severe epilepsy, it could not be

ascertained whether or not the neural system was a�ected by the aforementioned condition.

Furthermore, the ECoG scan was limited in scope as only a speci�c area of the cerebral

cortex could be scanned.The cerebral cortex is the outer most tissue of the largest portion of

the brain(the cerebrum) and is largely responsible for the higher level processing within the

brain such as speech, reasoning and memory. The invention of the functional magnetic

resonance imaging (fMRI) in 1991 was able to surmount the shortcomings of ECoG by

removing the restriction of only being able to be performed on certain groups (e.g.

pre-operation epileptic patients) in that anyone could have an fMRI scan to e�ectively map

their brain (Overath et al., 2015). Additionally, fMRI scans were not limited to a speci�c
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area of the brain and could map the cerebral cortex and neural network in its entirety

(Logothetis, 2008 ; Tuennerho� and Noppeney, 2016). However, fMRI has a disadvantage

in that the temporal resolution (how closely the measured activity corresponds to the timing

of the actual neuronal activity) is not very high in quality and as a result, makes it di�cult

to record the rapid dynamics and intricacies of speech.

By improving over the shortcomings of invasive procedures such as ECoG (e.g. limited

cortical mapping and highly limited patient group) as well as non-invasive alternatives such

as fMRI (poor quality temporal resolution), EEG and MEG have become the primary

methods of capturing spatio-temporal processes in the neural system. Furthermore, EEG has

become the brain imaging technology of choice for many advanced research studies given

that it is a widely available technology that is capable of e�ectively capturing dynamic

neural processes with a relatively high level of temporal resolution. EEG was �rst discovered

in 1929 by the German psychiatrist Hans Berger (Tudor et al., 2005). Since it's inception,

the EEG system has advanced signi�cantly and now recorded signals are transmitted to EEG

systems composed of a electrodes, a computer and an ampli�er. EEG systems detect

electrical activity in the brain through the utilisation of small metal discs called electrodes

that are attached non-invasively to the scalp. An example of the resulting EEG channels and

their corresponding amplitude can be seen in Figure 2.3. The signal from each electrode on

the scalp is recorded and averaged over the the total inputs. Typically the wave-forms from

the resulting input occur less that 500 milliseconds after the stimulus is received. This allows

the amplitude and latency from the stimulus to be analysed in order to uncover how the

brain response corresponds to the presented stimulus.

Figure 2.4: Magneto-encephalography (MEG) system at the Neuro-imaging research centre in
Pitie Salpetriere hospital in Paris, France. 306 sensors spread over 102 areas enable both near
and far magnetic �elds to be measured in addition to visualising the anatomical structure of
the brain. Subject receives visual stimulation from a video(faces with di�erent expressions).

MEG measures brain activity by recording the magnetic �elds generated by electrical activity
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in the brain (Gross,2019). Similar to EEG, MEG o�ers the distinct advantage of being able

to record non-invasively while maintaining high levels of temporal resolution. MEG was

originally developed in the 1960s and the brains magnetic �elds were �rst recorded using a

single sensor (Cohen, 1968). Subsequently, MEG technology has advanced and deepened in

it's level of technical sophistication. The current state of the art leverages over 300 sensors

that envelop the subjects scalp in a helmet shaped design. Furthermore, MEG o�ers a

considerably higher accuracy over EEG at locating sources in the brain with the caveat that

this solely applies to currents visible to the MEG. This can be portrayed as either

advantageous or disadvantageous as MEGs could have greater potential for identifying single

brain processes while EEGs identify an amalgam of temporally overlapping processes

(Pulvermüller et al., 2001).

Figure 2.5: Electroencephalographic recordings using 128 electrodes making scalp contact
with a conductive gel. One of several kinds of EEG recording methods. Adapted from (Nunez
and Srinivasan, 2007).

While both EEG and MEG systems o�er high quality temporal resolution (within

milliseconds) there are distinct di�erences separating the technologies. As a result of EEG

systems making physical contact with the scalp through the electrodes and conductive gel,

EEGs are highly in�uenced by variance in electrical conductivity through the di�erent

mediums present in the equipment (i.e. electrodes, conductive gel, scalp skin, human tissue

and the skull). Additionally, EEG can be a�ected by electrical noise present in the

environment such as in electronic devices. As the MEG does not make physical contact with

the subject it is not a�ected by di�erences in electrical conductivity and as a result the

signals from MEG are less altered by electrical interference than EEG electrical potentials. In

this respect, MEG permits greater anatomical analysis of the sections of the brain from

where the neural activity is generated. Additionally, MEGs are highly dependant on the

location and orientation of the sensor apparatus in respect to the source location of the
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neural activity in the brain. For this reason, the orientation of the subjects head as well as

the position of the head are transcribed for each subject between recording sessions in order

to maintain integrity of the recorded signal data. As a matter of course, EEGs are

una�ected by surrounding electromagnetic interference present in the environment. MEG

systems are relatively expensive to acquire and maintain in addition to requiring a

magnetically shielded room in order to avoid over contamination from extraneous magnetic

�elds present in the environment. Due to the cost involved with MEG systems, this paper

has focused on the signi�cantly more a�ordable, albeit variable in quality, EEG System. In

evaluating the role of MEG and EEG in cognitive brain research, it is important to note that

while not always practical due to budgetary constraints, both EEG and MEG should be

utilised together to conduct more comprehensive brain scans where possible. Both

non-invasive technologies provide precise temporal information about the brain activation

patterns in its interaction with the continuous natural stimuli present in the environment.

While not always practical due to budgetary constraints, both EEG and MEG should be

utilised together where possible.

2.5 Event-related Potentials (ERP)

Non-invasive EEG and mMEG systems have proven a viable method to understand the

brains response to continuous natural stimuli. EEG response data has played an important

role in unlocking the underlying system of how the brain responds to a speci�c event of

interest (a individual stimulus). For example the appearance of the stimulus in the brains

response. Minuscule voltages appear in the EEG data and are referred to as event-related

potentials (ERP) or event-related �elds (ERF) when appearing in MEG data. ERPs and

ERFs are generated in the brain in response to speci�c events or stimuli (Blackwood and

Muir, 1990). In EEGs the subjects brain response to an event of interest or stimulus are

generally not evident given that the EEG detects thousands of di�ering brain processes

occurring simultaneously. In this respect the signal-to-noise ratio (SNR) is generally

insu�cient to accurately measure the response to a singular event.

The SNR has an extensive history within the �eld of neuroscience for its use as a

measurement of the �delity of signal transmission and detection by neurons and synapses

(Schultz, 2007). In terms of it's context within neuroscience experiments detecting ERPs,

the SNR allows us to compare the quality of non-invasive EEG and MEG recordings

containing events that are recorded in the presence of noise. The ERP signals are intertwined

with signal noise from various sources such as electrical activity emanating from the muscles

when the subject moves, background electrical activity within the environment as well as

arbitrary brain activity that occurs naturally. Combined, these sources of noise create a

di�cult environment for discerning the relatively small voltages from ERP signals.

12



Figure 2.6: Event Related Potential waveform.

In studies involving ERPs, subjects are generally asked to perform tasks while being subject

to a number of stimuli. A method of minimising high SNR's is to extract a series of EEG

epochs (particular times), time-locked to a speci�c stimulus. By conducting multiple trials,

an experimenter is able to average the results of the experiments, this has the e�ect of

averaging out super�uous brain activity while the relevant brain signal activity is brought to

the fore (Coles and Rugg, 1995 ). This is based on the assumption that a speci�c stimulus

will elicit the same ERP each time and that the noise in the experiment averages out to a

mean of zero. This technique of averaging out the noise is an e�ective method of reducing

noise in the SNR while preserving the response to the stimulus (Luck, 2014). While ERPs

have seen extensive use within the domain of cognitive psychology and researchers have

found stimuli that can reliably elicit ERPs from participating subjects, many of the resulting

discoveries and advancements from cognitive psychology have been adopted within cognitive

neuroscience research domain.

Within the natural environments complex auditory stimulus is ubiquitous. The human

auditory system has evolved to process the multivariate forms of sound from quiet to loud

noises, short to long bursts and layered complex human speech (Lalor et al., 2009).

Signi�cant advancements in temporal processing utilising ERPs has generated important

insights into the underlying system behind how the auditory system processes speech.

However, the ERP method is con�ned by the necessity for uncomplex, discrete stimuli in

order to illicit a noteworthy response from a subject. The ERP framework is signi�cantly

more e�cacious when modelling the response to isolated, short and frequent stimuli. In
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relation to speech processing within this framework, the discrete stimuli that are used are

generally composed of words, syllables or shorter units of speech called phonemes. In order

to see how the brain responds to a more naturalistic continuous stimuli a new method was

proposed called the Temporal Response Function (TRF) which circumvented the limitations

of the ERP model. The TRF has enabled the study of complex continuous stimuli in

addition to the system that enables the brain to distinguish between speakers and focus

attention on an individual speaker in a multi-speaker scenario i.e. the aforementioned

cocktail party scenario (Power et al., 2012).

2.6 Temporal Response Function

One of the foremost objectives of modern twenty-�rst century neuroscience research is to

interpret how the brain processes sensory information and signals in natural environments.

Invasive electrophysiology and brain imaging techniques have played an important role in

this endeavour and will continue into the future in conjunction with noninvasive,

macroscopic techniques such as EEG and MEG. The best way to analyse sophisticated

neural responses to complex multivariate natural sensory stimuli derived from these

aforementioned invasive and non-invasive techniques has been contested without general

consensus within the neuroscience community. EEG and MEG data have seen a considerable

increase in the application of system identi�cation techniques to �nd a correlation between

the �ring activity of neurons to the sophisticated multivariate sensory stimuli; Such

techniques have an extensive history within neuroscience research. System identi�cation is a

mathematically modelled function which describes the method by which a speci�c property

of the stimulus is related to the neural response(Marmarelis, 2004). Speci�cally, the

temporal response function, a �lter mapping between features of sensory stimulus and neural

response has been used on EEG and MEG data to �nd the correlation between neural

activity and natural sensory stimulus.

The temporal response function (TRF) is a time varying stimulus feature characterised by

data over time. TRFs measures how the change in stimulus features presents themselves in

electrophysiological data such as EEG, MEG, ECoG etc. While it has been established that

the human brain functions non-linearly and is time variant (response of the system to an

input is a function of time), advancements within the �eld have been made by assuming

that the neural system behaves similarly to a linear-time invariant (LTI) system (Mesgarani

and Chang, 2012). The de�ning properties of an LTI system are linearity and

time-invariance. The term linearity refers to the relationship between the input and output

(both regarded as functions) and is a linear mapping. Time-invariance references that if we

are to apply an input to the neural system either in real time or in T seconds, the output will

be equivalent except for the time lag of T seconds. While it is a strong assumption that the
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brain adheres to the LTI system, it enables the use of linear regression as an approach for

modelling the relationship between stimulus and response. An additional advantage of using

a linear model is that it is relatively simple to �t with limited amounts of data. For example,

using EEG there are typically 128 channels and multiple time-points. Each channel is highly

correlated with it's neighbour and each time point is correlated with it's neighbouring time

point. In this respect, while EEG data may appear to have a relatively high degree of

dimensionality, in practice the dimensions of the data can be very similar to each other. For

this reason �tting the data with more complex models like deep neural networks (DNN) is

not generally performed due to the high probability of over-�tting the data.

Figure 2.7: Temporal Response Function waveform.

The interpretability and practicality of �tting a robust model with limited amounts of data

has made linear models a mainstay of neuroscience research for decades. Additionally, using

the LTI framework with linear regression allows the neural system to be modelled based on

its impulse response. The impulse response or impulse response function (IRF) is the output

of the system when given an input signal referred to as an impulse. In this respect, the

impulse response can be used as a measure of continuous stimuli processing which can be

estimated using the input and output signals. By using an estimate of the impulse response

an output given an input can predicted. This is referred to as forward modelling(e.g. a brain

response given input of speech). Likewise, the input that evokes an output can be

reconstructed (e.g. reconstructing the speech that evoked a brain response). This is referred

to as backward modelling. Furthermore, the estimated system response is referred to as the

temporal response function (TRF) (Crosse et al., 2016). To model how the human brain

supports speech and sound perception using the TRF framework, a sound envelope is used

as a stimulus while the brain response is the neural signal measured by invasive or

non-invasive recording methods i.e. ECoG, EEG, MEG, etc. TRF is a predictive model
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which enables the use of quantitative measurements that are obtained based on the

prediction of the neural response as well as reconstruction of the stimulus. Furthermore,

linear regressions frameworks such as the TRF have been able to accurately model the

neural response to continuous human speech.

2.7 Continuous-event Neural Data Format

The Continuous-event Neural Data Format is a proposed standardised data format created

by the CNSP workshop in order to promote standardisation, replicability and reusability of

code within the �eld of neurocognitive study. The low amount of high quality, publicly

available electrophysiological data and the unstandardised nature of the data collected in

studies necessitates a structure to improve conformity and interoperability between

neuroscience researchers around the world. Due to the prohibitive and costly nature of

high-end EEG recording equipment, there is a diverse range of equipment currently used in

studies that vary greatly in quality and performance. This variance in quality of recording

equipment has precipitated the rise of wide range of formats and structures being

propagated within the cognitive neuroscience community without a predominant structure to

format neural data. This lack of structure creates additional friction and complexity when

trying to run analysis on data collected from di�ering recording equipment that has been

stored in varying formats. The CND format can alleviate such obstacles, enabling the

cognitive neuroscience community to have greater accessibility and ease of use with regard

to neural data analysis. Additionally, it is hope that through the usage and promotion of the

CND format within the neural analysis platform that the wider community will be

encouraged to make the data gathered from their studies publically available for use. All

datasets used within the Neural Analysis Platform have been structured in the CND format

prior to use within the site. The CND format is a relatively simple standardisation and will

facilitate working across di�erent teams, datasets and analysis methodology.

In order to save a dataset in the CND format the following �le organisation/structure is

required (based on CNSP Workshop 2021 Data Preparation guidelines:

1

2 === Dataset f o l d e r ( e . g . , La lo rNatSpeech )

3 === eeg

4 = raw data f i l e 1 ( e . g . , bdf , xd f )

5 = raw data f i l e 2

6 = . . .

7 === st im

8 = w a v f i l e 1 . wav

9 = . . .
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10 = m i d i f i l e 1 . mid

11 = . . .

12 === dataCND

13 = dataSub1 . mat

14 = dataSub2 . mat

15 . . .

16 = dataSubN . mat

17 = dataSt im . mat

In this folder structure eachdataSub.mat �le includes all of the neural data (e.g., EEG)

from a given subject or session without any separate �les for a distinct/trial or run. In order

to protect the identity of each subject and for increased anonymisation of the data, each

subject is indexed numerically. In this respect, the subject index should not re�ect the order

of their participation in a given recording session. Furthermore, the data in the CND format

should be synchronised to the stimulus i.e., sample 1 indataSub.mat corresponds to

sample 1 indataStim.mat . The dataStim.mat �le is a �le containing all the stimulus

features for each of the trials. The features are preprocessed and additional �elds can be

optionally saved. Such an example of an additional �elds includes a researcher saving lables

indicating what the nFeatures in the'data' �eld correspond to, such as frequency-bands or

phonemes). The'data' and 'fs' �elds are required to be formatted as presented

below.

1

2 s t im : s t r u c t w i th f i e l d s :

3 names : { ' speech enve lope v e c t o r s ' , ' word o n s e t s ' }

4 data : {2 x20 c e l l }

The stim is a cell array containing either univariate or multivariate stimulus. It contains

feature vectors for each feature and trial. In this particular case, it contains two stimulus

features (envelope and word onset) and twenty trials. Each cell is a (timeSample x

nFeatures) matrix and corresponds to one trial/run (e.g., 1 chapter of an audiobook).

Di�erent trialscan have varying lengths.

1 s t i m I d x s : 1 :20

The above Stimulus indexes are recorded as it is possible that in a di�erent experiment that

a stimulus can be repeated any number of times. Each recording session may vary the order

of the stimuli that are used so the'eeg' structure can be used in order to validate the

original presentation order.

Eachdatasub.mat �le from dataSub1.mat, ..., dataSubN.mat contains one variable per

recording modality, in this case one variable called'eeg' .
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The variable 'eeg' is a Matlab structure with the following �elds:

1 eeg : s t r u c t w i th f i e l d s :

2 dataType : 'EEG '

3 deviceName : ' BioSemi ' % Name of the r e c o r d i n g system ( i f

a v a i l a b l e )

4 f s : 128 % sampl ing f r e qu en cy o f the EEG s i g n a l

5 data : {1 x20 c e l l }

Within each cell array, each cell is a equivalent to a (timesample x channels) matrix. Ideally

there is one trial/run per cell (E.g) chapter one of an audio book. Di�erent trials/runs can

have di�erent lengths and are sorted so that CND data from all recording sessions can use

the same stimulus order (e.g., 1:20). The �eld'origTrialPosition' indicates the position of

a given EEG segment (trial) in the presentation order of the original experiment, in case it is

relevant for the analysis. In this experiment, trials were presented in order (audio-book). If

the experiment had 2 conditions (e.g., listening vs. imagery), with 20 trials, then'data'

would have dimensionality 1x40 cell and we would need to include the condition indices of

each trial in an additional �eldstim.'condIdxs' .

1 o r i g T r i a l P o s i t i o n : 1 :20

eeg.data cells have a 1-to-1 correspondence with the stim.data cells. This means that the

eeg.datai corresponds to stim.datai and that data from all subjects is sorted in the same

way. However, the actual stimulus presentation order in the experiment may have been

di�erent. This �eld is used to remember the stimulus presentation order and indicates the

original position of each trial in that order. Handy suggestion. To recover the EEG data

with the original presentation order use:

1 c l e a r X ; X( eeg . o r i g T r i a l P o s i t i o n ) = eeg . data ;

2 c h a n l o c s : [ 1 x128 s t r u c t ]

Channel location variable (EEGLAB format)

1 extChan : { [1 x1 s t r u c t ] }

By converting their data to the CND format, researchers will be able to analyse their data

without requiring reformatting in order to run models and scripts. Additionally, code and

script reusability will increase across future experiments and projects saving the researcher

time spent re-writing and modifying code. Using the CND format will make it possible to

compare di�erent con�gurations of experiments as well as varying analysis methodologies on

di�erent datasets. For example, TRFs can be created for a music dataset as well as speech

dataset in addition to being able to con�gure the input parameters of each experiment

individually. It is hoped that using the CND format will increase standardisation and
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collaboration across a relatively disjointed industry of research teams working in the �eld of

cognitive neuroscience. This will foster increased collaboration and less unilateral work�ows

within leading edge research teams.
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3 Method

3.1 Purpose of Neural Analysis Platform

Advancements in neuroscience and analytical technologies have allowed us to understand the

underlying systems in the brain in signi�cantly more detail than previously possible. The

brains ability to interpret the environment around it is one of the most important aspects of

human nature and understanding how the brain operates is one of the keys goals in modern

cognitive neuroscience. To this end, researchers around the world are utilising advancements

in invasive electrophysiology and non-invasive brain imaging technology such as EEG and

MEG with high temporal resolution as well as leveraging the power of modern machine

learning and data analytics techniques. However, due to the complexity of neural data,

challenges arise in deciding how best to analyse time varying, continuous neural responses to

multivariate natural stimuli.

The domain of neuroscience comprises of a cross-section of neurologists, scientists,

psychologists, programmers and researchers. Furthermore, there is a varying degree of

technical �uency in programming as well as modern data analysis techniques such as

machine learning amongst the cohort of professionals within the cognitive neuroscience

community. In order to circumvent the time and cost involved in developing proprietary

modern data analytics tools for individual labs and users, multiple libraries for conducting

data analysis on electrophysiological data have been developed by di�erent groups around

the world and have become widely available for the public to use online. Such projects are

developed open-source with di�erent implementations available in di�erent programming

languages such as Python and MATLAB. Popular online libraries and toolkits include:

mTRF-Toolbox, Eelbrain, NoiseTools and EEGLAB. The advent of such technologies has

been a boon to the cognitive neuroscience community with programming knowledge,

enabling them to easily express cognitive hypothesis in the form of computational models

and evaluate their predictions with electrophysiological brain response data. However, in

order to use the aforementioned libraries and toolkits, users must be well versed in

programming and setting up development environments which can prove a time consuming

and arduous challenge to those with little to no programming experience. This has the e�ect
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of excluding swathes of non-programming users such as many researchers, psychologists and

neuroscientists from having access to modern state-of-the-art data analysis tools to conduct

research as well as make sense of their electrophysiological response data. The inherent

challenge and inaccessibility of con�guring programming libraries and toolboxes for

non-technical users necessitates the development of a novel online platform in which both

expert and non-expert users can have access to the prevalent data analysis techniques that

are most commonly used for experimenting with stimuli and response data.

This paper introduces a new online web application called the neural analysis platform that

gives users access to the functionality and extensibility of the aforementioned programming

libraries and tool-kits available online without the prerequisite of knowing how to set up and

con�gure development environments or knowing how to program. Speci�cally, the neural

analysis platform will enable users to extract useful information from electrophysiological

brain responses such as EEG and MEG data by generating the distinct responses associated

with di�erent predictor variables. In order to accomplish this, the platform will automatically

estimate a multivariate temporal response function (mTRF) based on the user-de�ned

in-app con�guration, which maps the predictors to brain responses elicited by continuous

natural stimuli.

The ongoing challenge of standardisation and reproducibility has become a topic of

paramount importance within the cognitive neuroscience domain, previously held paradigms

in which researchers publish studies are being reconsidered in a bid to resolve inconsistencies

across research and academic studies. This is known as the replication crisis, in reference to

the ongoing methodological predicament in which a substantial amount of results from

scienti�c studies have been found to be very di�cult or near impossible to reproduce. This is

a problem found frequently in the medicine and psychology �elds as well as in cognitive

neuroscience where researchers are increasingly designing and carrying out their own

proprietary studies, without providing the data that was gathered in the experiment to the

wider research community for validation. This data is generally a prerequisite to being able

to reproduce the results of a study which researchers need in order to verify the accuracy

and validity of claims made within a study. Additionally, replicability with regards to EEG

experiments can be a�ected by the nature of EEG signals which are subject to change based

on a multitude of factors. The electrodes that are attached to the subject's scalp during

EEG experiments can be a�ected by sources of interference such as electrical signals in the

environment where the experiment is taking place (e.g. a �ickering light on the ceiling).

Movement from the subject triggering electrical signals �ring from the brain to the muscles

can also add noise to the experiment, hindering the ability to replicate results. Such

examples of unwanted to noise in the experimental environment can compound and create a

cumulative a�ect which is often larger than the signal that is trying to be observed from the

neural response. While the neural analysis platform will not alleviate these challenges, by
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having the data standardised in the CND format, inconsistencies in the electrophysiological

data will more readily be able to be identi�ed and corrected. The neural analysis platform

will aim to alleviate some of the challenges of modern experimental cognitive neuroscience

with regard to the interpretability and reliability of its �ndings through encouraging the

sharing of datasets used within experiments for use by the public within the platform.

Currently in research using brain imaging techniques the researcher conducting the

experiment is a�orded high degrees of �exibility with regard to the methodological approach

they use to record the data, the equipment that they use and the analysis techniques that

are used to evaluate their results. Studies involving EEG experiments can have variations of

electrodes on the scalp, frequency bands, preprocessing, �ltering and time lags that vary

greatly depending on the study and all contribute to a distinct methodological work�ow for

each research team or individual. Many researchers and research groups use di�erent

preprocessing speci�cations and data analysis techniques on the electrophysiological data as

well as alternative methods for artefact removal within the data. Such distinctions in

processes are generally for perfectly credible reasons but nevertheless are a hurdle in

standardising the EEG format. This impracticality has greatly hindered the prospects of

combining datasets from di�erent EEG studies that have not been preprocessed to an

identical speci�cation. Through encouraging the use of a homogeneous framework for

preprocessing electrophysiological data, the neural analysis platform hopes to enable the

combining of data form di�erent sources, conducted with varying equipment. The prior

mentioned Continuous-event Neural Data (CND) format will be a catalyst for promoting the

sharing and standardisation of electrophysiological data.

3.2 Development of platform

The design of the platform has been an iterative process that has developed over time

through careful consideration of the most useful work�ow for both experts and non-expert

users to allow them to rapidly con�gure cognitive experiments. A Uni�ed Model Language

(UML) diagram was created and gradually improved in order to best depict how the user will

interact with the web application in di�erent scenarios which can be seen in �gure XXX.

The primary use of the application was initially to enable users to study how continuous

natural speech is processed by the human brain through allowing them to con�gure a

forward TRF. Furthermore, users are able to experiment with how neural responses to

speech can be extracted with high levels of temporal resolution. After discussion with my

supervisor as well as potential users of the application, it became apparent that it would be

highly bene�cial to add both forward and backward modelling capabilities to the neural

analysis platform to enable users to further investigate continuous stimuli such as

audiovisual speech processing.
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Figure 3.1: Uni�ed Model Language Diagram (UML) visually representing the use case of
neural analysis platform for expert and non-expert users.

User Interface mock-ups of each of the platform's features were created in order to visualise

the aesthetic of the platform as well as the user experience and functional components that
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Figure 3.2: Encoding and Decoding page user interface mock-up: features output graphs
based on user input, cross-validation accuracy as well as scalp topographies at varying time
lags.

would need to be developed in React. Various components such as the 'Con�rm Button' and

'Reset' buttons were added to increase ease of use for the user. While initially there were

plans to integrate additional functionality in terms of adding values and measures of

statistical signi�cance to the platform, it was decided that users would be best served by

enabling them to download the output data using the 'Download' button. After downloading

the output data, the user can conduct additional analysis that is unique to their

experimentation in addition to creating their own tests for statistical signi�cance.

Additionally, users can use interactive slider components to adjust parameters such as the

'Length of the Trials', the 'Number of Trials', the 'Number of Subjects, 'Lags' and range of

'Lambda' values to their desired con�gurations based on the experiment they are

conducting. Once the user clicks the 'Con�rm' button the web-page will indicate that the

back-end is generating the output by displaying loading spinners that disable the 'Con�rm'

button from being clicked again until it has completed the initial request. Due to the nature

of the computations that are taking place on the neural data such as training and testing,

the application can take a signi�cant amount of time to generate outputs depending on the

operations that are being performed and the dataset/s that are being used. In order to

mitigate user wait times, once a con�guration has been run by a single user, the output is

saved to the server so that it can be instantly served to all users with no wait times or

requirement to be computed again. Furthermore, by saving the resulting outputs when a

unique con�guration is run, the platform will not need to spin up an instance of MATLAB

production server thus saving on costs of running the platform.
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3.3 Front-End & User Interface Mock-ups

Figure 3.3: Multi-Encoding and Single-Lag page user interface mock-up. Button activates
cross data-set testing.

The user-interface of the neural analysis platform was designed in order to o�er a complete

range of functionality that expert users would expect when conducting experiments while

not being overly intimidating to non-expert users. The UI plays a vital role in the success of

the neural analysis platform moving forward as its design is the primary method of conveying

information to the user. It was important to maintain involvement with the intended users

of the platform throughout the design of the system. In this respect, the platform received

constant feedback from intended users throughout the design process in order to iterate on

the initial design speci�cation. How information was conveyed was especially important

throughout designing the neural analysis platform as the intended use cases of the platform

are relatively esoteric and require a signi�cantly large amount of background

knowledge.

The front-end was designed using reusable React components in order to reduce code debt

and increase maintainability of the codebase. Additionally, consistency of notation,

abbreviations and naming conventions were maintained throughout the platforms code

base.

3.4 System Architecture

In order the build the neural analysis application I used the micro web framework Flask.

Flask is a lightweight Web Server Gateway Interface (WSGI) written in Python. Flask was

25



Figure 3.4: Home (A) and Login page (B) user interface mock-up: (A) An informative home
page explaining what the Neural Analysis Platform is, including featured use case scenarios
and a registration page for the platform. (B) Requires users to login to platform using email
or G-mail credentials for increased security.

selected in order to make setting up quick and easy while also enabling the application to

scale up to become more complex and handle a larger amount of users overtime. Flask

enables the developer to select the tools and libraries that will be used in the application and

makes adding new functionality to web applications simple. The decision was made to

implement the front-end of the Neural Analysis Platform in React. React is an open-source

JavaScript library for building user interfaces and was originally developed by Meta (formerly

Facebook). React can be used in conjunction with the Flask Python framework and enables

state management of UI components as well as rendering to the Document Object Model

(DOM), a cross platform interface ubiquitous in online web applications.

3.5 Application Back-end & API

In a data driven world, machine learning has become the primary means of gaining insights

to create accurate models and make informed decisions. In this respect, two of the most

ubiquitous programming languages for implementing machine learning models are MATLAB

and Python. In terms of cognitive neuroscience, a package called the mTRF-Toolbox

(multivariate Temporal Response Function) has been developed in MATLAB as a tool for

modelling multivariate stimulus-response data. The mTRF-Toolbox can be used to model

the functional relationship between the neural response and dynamic sensory input such as

continuous natural stimuli like speech and music as well as reconstruct stimulus features. In

this respect, the mTRF-Toolbox package enables the analysis of a variety of di�erent
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Figure 3.5: Encoding within the neural analysis platform

neurophysiological data types such as MEG, EEG and ECoG. By using MATLAB and the

mTRF-Toolbox package a developer can conduct analysis and con�gure cognitive

experiments in a development environment. However, the absence of suitable software

architectures for deploying MATLAB models to fully functional web applications has been a

signi�cant limiting factor that has restricted the bene�ts of the mTRF-Toolbox to

technology savvy, academic audiences with MATLAB programming experience. Additionally,

the use of MATLAB requires downloading and con�guring a MATLAB environment which

requires purchasing a MATLAB license and can be a time consuming and challenging ordeal

for those who are not experienced in setting up development environments on their local

computer. Creating an online hosted web application that allows both expert and non-expert

users to utilise the bene�ts of the MATLAB in a visual real-time environment, will make

high quality cutting edge neural data analysis available to signi�cantly wider audience.

Additionally, creating the neural analysis platform will establish a framework for deploying

MATLAB programs to web applications so that future projects can gain the bene�t of

directly deploying MATLAB code to enhance the user experience.

In order to integrate the Python/Flask back-end, the React front-end and MATLAB

(speci�cally the mTRF-Toolbox), I developed an Application Programming Interface (API)

within Flask. An API refers to a computer program that is designed to be utilised by another
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