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Preprocessing Methods  

As described above, the raw EEG recording consists of one time continuous signal 

per electrode composed of a mix of signal and noise. In this context, “noise” 

broadly refers to any signal — external or internal — that is not related to a 

cognitive process. External noise can arise from electrical devices (such as 

mobile phones, computers, and overhead lights), or recording equipment (e.g. 

broken electrodes). Internal sources of noise arise from sources such as eye 

movements, eye-blinks, heartbeat, body movements, and neural processes 

related to phenomenon other than the task. In order to disentangle these noise 

artifacts from true, task-relevant signal, preprocessing methods are used.  

For the data contained in this thesis, preprocessing involved epoching data so 

that individual trials were separated and removing trials with high amplitudes 

(±120 µV) fluctuations. In addition to this, artefactual trials related to eye blink 

or eye movements were identified using independent components analysis (ICA) 

and removed using a combination of automatic and visual procedures. As some 

of these automatic removal processes go beyond “standard” techniques, and as 

the same preprocessing methods were used for the data in every chapter, an 

Figure 2.1 | EEG Biosemi Setup. Schematic representations of 128 channel (left) and 64 
channel (right) systems used for the work in this thesis. Top represents the front of the head, 
with left and right on the corresponding sides. 
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overview of each removal technique will be described here once. However, 

experiment specific parameters (e.g. time window lengths, epoch lengths, etc.) 

will be described within each relevant chapter.   

Artifact identification based on Independent Component Analysis 
(ICA) 

Independent component analysis (ICA) is a statistical technique that uses linear 

decomposition to separate the EEG signal into a set of independent components. 

Using it as a method of artifact removal is based on the assumptions that the 

activity recorded on the scalp is a mix of independent sources related to 

artifacts and brain activity, and that these signals propagate linearly out from 

the sources in the brain. Thus, if the independent sources in the data can be 

identified using ICA, the ones related to artifacts can be removed.  

ICA works by finding a set of weights (W) that linearly decompose the EEG signal 

(X) into a set of independent components, which provide information about the 

time course and spatial topography of the signal. The time course can be 

examined to find large amplitude fluctuations in the data, which typically 

represent noisy channels or eye blinks. The spatial topography of the 

components can be examined to see whether they bear typical artifact 

topographies (Delorme, Makeig, & Sejnowski, 2001; Li, Ma, Lu, & Li, 2006; Viola 

et al., 2009). For example, components showing strong activity centred over 

frontal or temporal electrodes are usually considered to be artifacts due to the 

close proximity of these electrodes to the eyes and the ears. Strong activity 

centred over a single electrode is also usually considered an artifact, as it is very 

unlikely that you would see EEG activity at only one electrode and not at 

neighbouring ones. Figure 2.2 provides some example topographies showing such 

artifacts.  

Once these artifact components have been identified they can be removed and 

the remaining components can be projected back onto the scalp channels to 

produce artifact free EEG data. 
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Why use ICA? 

ICA has shown it to be a successful technique for identifying, separating, and 

removing artifacts in EEG data in a variety of experiments (Hoffmann & 

Falkenstein, 2008; Iriarte et al., 2003; Plöchl, Ossandón, & König, 2012). The 

consistent use and demonstration of successful cleaning makes it a reliable 

technique for data cleaning. ICA also has the potential to detect small or 

medium modulations in the EEG signal that may be related to artifacts (e.g. 

small eye blinks), which would be missed using an arbitrarily defined cut-off 

threshold value (which looks only for extreme minimum and maximum 

deviations). Finally, by removing components in the data rather than entire 

trials, you can (potentially) save more of your data, reducing the chance of 

wasting cost and time.  

Figure 2.2 | Artifact Topography Template. Shown here are 9 examples of the template artifacts 
created for preprocessing. Top left and centre shows typical eye movement related activity. Top 
right shows typical artifacts arising due to the gap between ears and cap, or headphone related 
disturbance. The remaining examples demonstrate typical artifacts arising from noisy electrodes at 
various points across the scalp, and of varying degrees of severity. In each, blue = 0, and red = 1.  
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The main limitation when using ICA as a method of artifact removal is that it can 

be difficult (if not sometimes, impossible) to determine which components 

relate to true artifacts (e.g. noise, bad channels, and eye movements) and which 

relate to cognitive processes. Thus, one must be careful of how you identify and 

remove components decided to be artifacts.  

In this thesis, determining which ICA components were artifacts was performed 

using three automatic procedures (described below) alongside visual inspection. 

Automatic procedures are beneficial as they allow you to identify artifact EEG 

components with some consistent standard between trials and across subjects. 

Additionally, automatic identification is faster than visual identification when 

dealing with large datasets. However, it is important to stress the need to 

perform both visual and automatic inspection; if you do not carefully check the 

components automatically identified as artifacts via visual inspection, you risk 

automatically rejecting valuable sections of the data, removing too many 

components, or even keeping data which contains artifacts that the automatic 

procedures have missed. Thus, a combination of automatic and visual inspection 

is essential.  

Artifact identification via correlation with templates  

As mentioned above, artifacts related to ocular-motor activity and noisy 

channels have distinctive topographies: eye movements and blinks show strong 

frontal activity, ear movement or headphone artifacts show strong activity 

centred over the ears, and noisy channels show strong activity centred over 

single electrodes. To detect and remove these artifacts, templates containing 

these typical topography patterns were manually created using Matlab for both 

the 64 channel and 128 Biosemi layouts. These were generated by inserting high 

amplitude values (i.e. +1 or 0.4 relative to 0) over several typical artifact areas: 

(a) centro-frontal regions (related to eye movements), (b) broader frontal 

regions (as in Hipp & Siegel, 2013), (c) temporal areas (related to temporal 

muscles, and headphones), and (d) single electrodes (related to noisy channels). 

Visual examples of these templates are shown in Figure 2.2, and the electrodes 

for which we created artifact values are listed in Table 2.1. Using these 

templates, the correlations between the signals in each ICA component and the 

signals in each topographical template were calculated and components with  
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64 Channel 

Frontal Fp1 Fp2 Fpz  AF7  AF3 AFz AF4 AF8 

Broad Frontal  Fp1 Fp2 Fpz AF7 AF3 AFz AF4 AF8 

Temporal  T7 T8 FT7 FT8 TP8 TP7   

128 Channel 

Frontal C29 C17 C16 C28 C18 C15   
 C30 C31 C27 C19 C14 C9 C8  

Broad Frontal C29 C17 C16 C28 C18 C15   
 C30 C31 C27 C19 C14 C9 C8  
Temporal D8 D22 D23 D24 B27 B25 B26 B14 

 

Table 2.1 | Artifact Template Electrode Labels. Table showing the electrodes for which we 
manually inserted artefactual amplitude values. These electrodes were chosen as they 
correspond to the locations typical of artifactual eye blinks and muscle movements around ears 
and eyes. Electrodes denoted in black text = 1 µV, electrodes denoted in underlined text = 0.4 
µV). These values were chosen to create gradual fluctuations from baseline (zero) that show 
patterns typical of artifacts. In addition to the electrodes listed above, artefactual values of 1 
were inserted over each individual electrode to generate a topographical template for each 
electrode representing a broken or noisy channel. For more detail, see section: Artifact 
identification via correlation with templates.  
 

high correlations (defined in this case as >0.8) were suggested for removal. 

Visual inspection was used to confirm. 

Artifact identification via correlation with electro-oculogram 
(EOG) signals  

The second way artifacts were removed was via correlating the component time 

signals (identified by ICA) with electro-oculogram (EOG) signals. EOG signals 

capture the high frequency (>30Hz) EEG potentials that occur due to muscle 

movements in the face and neck, miniscule eye rotations, and involuntary 

microsaccades (Hipp & Siegel, 2013; Keren, Yuval-Greenberg, & Deouell, 2010; 

Muthukumaraswamy, 2013). Conventional filtering and ICA often miss these, and 

this can be particularly problematic if performing time-frequency analysis.  

In this thesis, EOG signal channels (as defined in Keren et al., 2010) were 

calculated using the eye movement signals from four electrodes placed around 
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the eyes. These were: a vertical electro-oculogram (VEOG), a horizontal electro-

oculogram (HEOG), and a radial electro-oculogram (REOG) signal (Croft & Barry, 

2000; Elbert, Lutzenberger, Rockstroh, & Birbaumer, 1985; Keren et al., 2010). 

The VEOG picks up micro eyelid movements, and is calculated as the difference 

between signals in the electrodes placed above and below the eyes. The HEOG 

picks up small eye rotations (corneo-retinal dipole rotation), and is calculated as 

the difference between the electrodes placed at the outer corners of each eye. 

Finally, the REOG signal picks up saccade related spike potentials (SPs) (Boylan 

& Doig, 1988; Doig & Boylan, 1989; Thickbroom & Mastaglia, 1986), and is 

calculated as the difference of all averaged EOG channels placed around the 

eyes and a referenced posterior electrode (in this thesis, for 64 channel analysis 

the average of Pz, P1 and P2 were used, and for 128 channel analysis 

A17,18,20,21,30 and 31 were used). These three EOG signals were correlated 

with the signals derived from ICA, and any which had high correlations (again, 

defined as >0.8) were identified as artifacts. After visual confirmation, these 

were removed.  

Artifact identification via power spectrum analysis 

The final method used to remove artifacts was to compute the power spectrum 

of each ICA component, and remove components that had a low ratio between 

low frequency and high frequency power (with a low ratio defined as <6). In 

general, EEG data — or any data where there is a relationship between power 

and frequency — follows a power law c/fx, where c is a constant and x is an 

exponent (Cohen, 2014). This law states that power (here, EEG power) is a 

function of frequency (here, EEG frequency). EEG data specifically follows a 1/f 

phenomenon, meaning that the signal has smaller magnitude at higher 

frequencies than the signal at the lower frequencies. By searching for 

components where there is a low ratio between low frequency power and high 

frequency power (i.e. little difference, which is in contrast to what we would 

expect), we can find components that are most likely related to artifacts and 

remove them. For this thesis, the power spectral density ratio of each ICA 

component was calculated using Welch’s method (as implemented in MATLAB 

2012, pwelch function), and components that had a ratio less than 6 were then 

checked again for correlations (this time, >0.5) between the component and the 
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artifact templates. These components were visually identified and removed if 

they appeared to be related to artifacts.  

To summarise, in this thesis a combination of ICA, visual inspection and 

automatic procedures were used to remove artifact components in the EEG data. 

The following sections will describe all the analyses used on the cleaned EEG 

data in this thesis. 

Time-Frequency Approach  

As described in Chapter 1, the EEG activity measured from a brain is not static; 

signals evolve and fluctuate over time in rhythmic patterns.  These rhythms — 

known as “neural oscillations” — are driven by excitatory and inhibitory 

fluctuations in signals from populations of neurons, and show variations in the 

speed with which they oscillate. This allows them to be subdivided into different 

bands: delta (δ, 1-4 Hz), theta (θ, 4-8 Hz), alpha (α, 8-12 Hz), beta (β, 13-30 Hz) 

and gamma (γ, >30Hz). Alongside temporal and spatial information, they contain 

information about frequency (the speed of the oscillation), power (the amount 

of energy) and phase (the point along the wave).  

In neuroimaging, a time-frequency based approach tries to understand how 

these oscillatory patterns in the brain relate to different cognitive and 

perceptual processes. There are two important aspects to consider when 

generating or evaluating time-frequency representations (TFRs). The first is 

taper choice. A taper is a function multiplied with the EEG data, and is 

important for reducing spectral leakage (i.e. where the energy in a particular 

frequency band “leaks” to the corresponding bands) and controlling frequency 

smoothing (which is performed to remove localised variation in the raw EEG). In 

this thesis Hanning tapers were used. These multiply the time course data with 

an inverted cosine function, to generate a signal that peaks in the middle but 

tapers off to zero on either edge. The benefit of this taper is that it tapers the 

data fully to zero at the beginning and end of the time window, thus eliminating 

the possibility of edge artifacts. However, this means you lose the data at the 

edges, but using appropriate time windows will limit these effects. Shorter time 

windows provide better temporal precision but lower frequency resolution, while 
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longer time windows provide better frequency resolution but lower temporal 

resolution. Therefore, the choice of time window should depend on what 

frequencies you want to analyse and the trade-off you desire. As the goal of this 

thesis was to examine the temporal evolution of multisensory processes in the 

brain, we chose sliding time windows that scaled with specific frequency bands 

to minimise the trade-off: for lower frequencies there was a longer time 

window, while for higher frequencies the time window was shorter (the 

individual bands and time windows are listed in the Methods section of Chapter 

4).  This allowed us to keep temporal smoothing to a minimum with higher 

frequencies.  

Finally, the time-frequency representations for the work in this thesis were 

generated using complex wavelet analysis. In short, this method examines how 

the frequency content of the signal changes over time by convolving the raw EEG 

data with a complex wavelet. It is a multi-step process which involves extracting 

an epoch of the data (based on the desired window length), Fourier transforming 

both the taper and the data, multiplying them together, and then computing the 

inverse Fourier transform. This analysis was repeated for each epoch in the trial, 

resulting in a power spectrum for the entire dataset. 

Why use a Time-Frequency Approach? 

The main benefit of using a time-frequency approach is that it generates a 

multidimensional representation containing information on time, space, power, 

frequency, and phase; this allows you to explore more than simply time and 

amplitude values in your signal. This is in contrast to the traditional method of 

studying the timing of neural responses: the event related potential (ERP). The 

ERP results from averaging EEG activity over trials to generate a one-dimensional 

time signal, which contains positive and negative fluctuations time-locked to a 

specific event (usually stimulus or response locked). The assumption behind this 

is that noise or any other signals not related to the cognitive process of interest 

will be averaged out, leaving only fluctuations of interest. However, averaging 

also removes a lot of the variation present in the signal. In contrast, the time-

frequency approach allows you to examine the temporal, spatial and spectral 

properties of your EEG signal. As discussed above, the main limitation to the 

approach is the need to trade-off between temporal precision and frequency 
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specificity; if you want more temporal precision, you must examine higher 

frequency activity, and if you want to analyse low frequency activity you will 

have to give up temporal precision. Despite this limitation, the temporal 

resolution of time-frequency decomposed data is still on the order of 

milliseconds.  

To summarise, the time-frequency approach is a useful way of investigating the 

temporal dynamics of EEG signals by examining the oscillatory nature of the 

signal and allowing you to compare differences between conditions or groups of 

subjects.  

Linear Discriminant Analysis  

An alternative way of examining the EEG signal is to use multivariate analysis 

methods. These techniques focus on extracting information across space and 

time from single trials, allowing you to examine inter-trial variability within 

subjects. This can reveal information that is hidden when you average across 

trials (see Figure 2.3), and allows you to relate subject specific behaviour to 

neural signals on a trial-by-trial basis (Blankertz, Lemm, Treder, Haufe, & 

Müller, 2011; Parra et al., 2002; Parra, Spence, Gerson, & Sajda, 2005; Pernet, 

Sajda, & Rousselet, 2011; Sajda, Philiastides, & Parra, 2009).  

For the multivariate analysis in this thesis, a technique known as linear 

discriminant analysis (LDA) was used. LDA is a popular technique used for 

dimensionality reduction and data classification, which spatially integrates 

information across the electrodes rather than trials, thus providing a single-trial 

measure of cognitive function. It is becoming increasingly popular in 

neuroimaging, and has been used successfully to show information related to 

various stimuli and cognitive processes can be extracted from neural signals 

(Gherman & Philiastides, 2015; S. J. Kayser, McNair, & Kayser, 2016; 

Philiastides, Heekeren, & Sajda, 2014; Philiastides & Sajda, 2006).  

The overall goal of LDA is to generate a one-dimensional projection (denoted as 

Y), which linearly combines the information from the multidimensional EEG data  
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(X) into a single channel (dimensionality reduction). This projection (Y) is 

calculated from a set of spatial weights (denoted W), and represents the best 

linear separation of the EEG data into two “classes” based on predefined 

conditions of interest (data classification). Each step in this process will be 

described below. 

Estimating the Spatial Weighting Vector (W) 

The spatial weighting vector (W) is essentially a spatial filter (of the same 

dimension as your EEG electrode set) that represents the activity components 

most sensitive to the classification of the two conditions of interest. There are 

different methods available to calculate the weight vector, but in this thesis 

regularised fisher’s linear discriminant (FLD) was used. FLD finds the best mean 

separation between the two conditions of interest, while minimising the overlap 

of the covariance matrices (see Figure 2.4 and Parra, Spence, Gerson, & Sajda, 

(2005) for tutorial). This is formalised with:  

W = Sc (m2 – m1) 

Figure 2.3 | Single-Trial Analysis. Schematic only. Grey lines show the individual trial 
signals. The blue line represents the trial averaged signal. As can be seen, there is 
variation amongst even very few trials, and this variation is lost due to averaging. 
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where m is the mean of condition 1 and 2 respectively (e.g. high tone (1) or low 

tone (2), or correct response (1) or incorrect response (2)), and Sc is the common 

covariance matrix (the average of the condition specific covariance matrices, 

see Philiastides, Heekeren, & Sajda, 2014). This covariance matrix is regularised 

to account for any potential estimation errors (e.g. overfitting) and the fact that 

the two conditions of interest will not have identical covariance structures 

(Philiastides, Heekeren, & Sajda, 2014).  

 

Figure 2.4 | Linear Discriminant Analysis (Fisher’s).  In the case of Fisher’s 
linear discriminant, the goal is to find the projection (dotted lines) that best 
separates the given samples (coloured points) from two conditions of interest 
(here represented by, class 1 and class 2, blue and purple) while minimising the 
overlap of the covariance matrices (shaded circles). W represents the set of 
spatial weights used to find the projection (Y). The data presented here are a 
schematic only. 
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Estimating the Projection (Y) 

To estimate the discriminant projection (Y), the spatial weighting vector (W) is 

multiplied by the EEG activity alongside a constant at specific time points or 

time windows of interest: 

Y(t) = W(t) X(t) + C 

The resulting projection (Y) is a one-dimensional aggregate representation of the 

EEG data at all sensors, which represents the best separation of the data (X) 

from two predefined conditions of interest. This projection is calculated for 

each trial and time point or time window of interest individually, resulting in a 

trial-specific, time-resolved measure of evidence about the conditions of 

interest. Additionally, the values assigned to the projection (Y) describe how 

informative the signal is over time: low Y values (i.e. those closer to zero) 

represent less information, while high Y values represent more information. 

Thus, the projection (Y) can essentially be used as a time sensitive, trial specific 

measure of condition evidence in neural signals.  

Estimating the Forward Model (A) 

To visualise the discriminant projection (Y) at the sensor level again, a scalp 

topography for each projection can be computed by estimating a forward model 

which linearly relates the sensor level EEG activity (X) to the discriminating 

component (Y), at each time point during the trial. This is formalised with:  

A = X*Y / Y’*Y 

where A is a spatial topography of the normalised correlation between the 

discriminant component (Y) and the EEG data (X) (and Y’ represents the 

transpose of Y). Thus, A is a measure of the relationship between the EEG 

activity and discriminant projection, and can be used to show where this 

relationship is strongest (i.e. where there is the highest correlation between the 

projection and the data).  
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Classification Performance (Az)  

The final part of the LDA process is to calculate how well the two conditions of 

interest can be separated. In this thesis this was carried out using the area under 

a receiver operator characteristic (ROC) curve combined with cross-validation. 

The ROC process calculates how sensitive and specific your classifier is (i.e. how 

many times the classifier correctly separates the conditions vs. how many times 

it incorrectly does it). Using it in combination with 10-fold cross-validation, 

involved randomly splitting the data into 10, equally sized partitions, training 

the classifier on 9 partitions, and testing the performance on the remaining 

partition. The average performance over these 10 partitions was then computed, 

resulting in one ROC value (Az) for each time point in the trial which 

representing how well the classifier performed. Finally, to assess whether this 

performance was above chance, permutation testing was used. This involved 

calculating the Az value (using the ROC analysis described above) for each time 

point 1000 times with randomly shuffled condition labels. This produced a 

probability distribution for Az, from which the percentiles were calculated, and 

the significance value that lead to a p-value of 0.01 (above the 99th percentile) 

was extracted to represent chance performance level.  

LDA: Final Outputs 

Performing all of the steps above results in: a set of spatial weights (W) for each 

time point, a time-resolved discriminant output (Y) for each trial, a sensor level 

topography (A) which represents the strength of correlation between your 

discriminant output and EEG activity, and a measure of classifier performance 

(Az) for each time point in your trial. An example of each is shown in Figure 2.5. 

Why use LDA? 

There are three main benefits to using LDA. The first is that it preserves the 

trial-to-trial variability in the signal. This allows you to examine more of your 

data, find effects that may be lost due to averaging, and gives you the option to 

relate neural signals to behaviour on a single-trial basis. The second benefit 

concerns signal dimensionality. EEG data contains many dimensions (e.g. four  
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dimensions are typically: trials, electrode space, time points, and conditions). 

Data recorded with a 64-channel EEG system measuring at 1000Hz, with each 

trial lasting approximately 3 seconds, and approximately 2000 trials (as in 

Chapter 3), will result in 384,000,000 features for each subject (2000 trials x 64 

electrodes x 3000 time points), which vastly outnumbers the number of 

observations they actually came from (i.e. one subject). Somewhat counter 

intuitively, as dimensionality increases the performance of your classifier 

decreases; as the feature space grows (with more dimensions) it becomes 

sparser, and it becomes easier to find a linear way to separate the separate the 

data. This can lead to overfitting, and the classifier will not generalise well 

when applied to new data. The dimensionality reduction aspect (concatenating 

over electrodes rather than trials) of LDA goes towards solving this. This leads to 

the third benefit, which is related to integrating the information across sensors 

rather than trials. Individual sensors are noisy (due to physiological and 

environmental noise), and often carrying similar information from neighbouring 

sensors. As the one dimensional projection is a representation of the activity 

from all sensors, it can be a better estimate of neurophysiological activity when 

Figure 2.5 | LDA Output Example.  Schematic of: the spatial weights (W) for one 
trial at each time point (top left), the discriminant output (Y) for individual trials sorted 
by condition type (top right) for each time point, an example of a forward model 
topography (A) calculated from the discriminant component and EEG data (bottom 
left), and the classification performance (Az) over time (bottom right) for one subject.  
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compared to a single electrode, thus increasing the signal-to-noise ratio of your 

signal (Blankertz et al., 2011; Parra et al., 2005).  

There are also two limitations to consider. First is the assumption of linearity.  

Linear discriminant techniques assume that brain activity can be modelled 

linearly. While there are good reasons to consider that this may be true (e.g. 

linear models have been shown to predict neuronal response patterns in animal 

work ,Fetsch, Pouget, DeAngelis, & Angelaki,2012), there is also evidence that 

shows distinctly non-linear activity in the brain (Rombouts, Keunen, & Stam, 

1995). Therefore, the assumption of linearity may not hold in all cases. Second, 

LDA assumes normally distributed data, independence of features (such as 

electrodes and time points), and identical covariance matrices for each 

condition you are classifying (e.g. trials belonging to one condition versus 

another), which is often not true in EEG data. Fortunately, regularising the 

covariance matrices can help control for effects of non-equal covariance 

structures (Blankertz et al., 2011; Philiastides et al., 2014), and some research 

has shown that LDA can be robust even if these assumptions of common 

covariance and normality are violated (Li, Zhu, & Ogihara, 2006).  

To sum up, LDA is a powerful tool for dimensionality reduction and condition 

classification, and results in a time-resolved, single-trial measure of neural 

activity that specifically relates to functional differences between task relevant 

conditions.  

Mutual Information Analysis  

The final analysis technique used in this thesis was an information theoretic 

approach known as mutual information (MI) analysis. In short, MI measures the 

statistical dependency between two signals of interest (e.g. between stimulus 

type and EEG, or between EEG and reaction times), and allows for the direct 

comparison of the MI signals underlying different conditions (this will be 

explained in more detail below). Such analyses are becoming increasingly 

popular to compare different neuronal responses at the level of single neurons 

(Ince, Panzeri, & Kayser, 2013; Kayser, Montemurro, Logothetis, & Panzeri, 
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2009), and in neuroimaging (Gross et al., 2013; Ince, Jaworska, et al., 2016; 

Kayser, Ince, Gross, & Kayser, 2015; Keitel, Ince, Gross, & Kayser, 2017).  

Calculating Mutual Information 

The most basic element of MI is entropy, defined as the amount of information a 

variable has. Entropy is a measure of uncertainty, which can be used to examine 

how predictable a variable is. For example, take a random variable X that 

represents the card that you get when you draw a card from a pack. Then take a 

random variable Y, which represents the number that falls when you throw a six-

sided die. Which has higher uncertainty (and thus, higher entropy)? In this 

example, the entropy of the card draw is higher: there are more possible options 

for a card draw (52 possible values) than a die throw (6 possible values). Now, 

imagine you are measuring the entropy of a single EEG electrode. Higher entropy 

means that the electrode you are measuring/comparing can take on a higher 

number of states, interpreted as the activity has more configurations over time. 

Lower entropy means the activity in the electrode is more restricted. As a 

result, you can see how knowing the entropy of a variable helps you understand 

how predictable or frequent it is. A related concept is conditional entropy, 

which is a measure of how much uncertainty remains about variable X, when you 

know the value of variable Y. For example, if we know how much one signal 

varies (Y), what does this tell us about another (X)? The conditional entropy 

(X|Y) of the two random variables X and Y can tell us this.  

Finally, mutual information is defined in terms of entropy differences; it 

quantifies the reduction in uncertainty (entropy) about one variable (X) given 

the knowledge about another variable (Y). As such, MI measures the entropy 

explained about X given Y (for a visual representation, see Figure 2.6). In this 

case, high MI between two signals indicates a large amount of explained entropy 

(i.e. reduction in uncertainty) about Y given X, and low MI indicates a small 

amount of explained entropy (or, small uncertainty reduction). Zero MI indicates 

that the two variables are independent. However, MI is an unsigned quality (i.e. 

never below zero), and so can reveal only the strength of a relationship rather 

than the direction.  
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In this thesis, a novel method known as Gaussian Copula Mutual Information 

(GCMI) was used. GCMI uses the concept of statistical copula and Gaussian 

transformation to calculate MI. In short, the distribution of each random variable 

(in our case, the EEG signal, and the behavioural measure) is transformed to be 

normal via statistical copulas, and then MI is estimated by applying a Gaussian 

parametric estimate (see Ince et al., (2016) for a full tutorial). This method is 

computationally efficient and can be applied easily and robustly to 

multidimensional EEG data using the framework devised by Ince et al., (2016) 

and the code is freely provided in the GCMI toolbox (see Ince et al., (2016) for 

code and tutorials).  

Why use MI analysis? 

First, as MI is a measure of the uncertainty explained about X given Y, it can be 

used as a measure of the information that X and Y share. Consequently, if you 

find high MI then you can make the strong inference that the X (e.g. your 

stimulus) explains a lot about Y (e.g. your signal). Second, because MI quantifies 

the difference in entropies (which is a mathematically defined construct), it can 

be used a test for statistical dependence between two variables (see Ince et al., 

2016). Third, it does not have any assumptions about the underlying distributions 

or the nature of the relationship between variables, and is therefore more 

Figure 2.6 | Mutual Information. Schematic shows how mutual information (I) 
is a measure of the shared information (explained entropy) shared by X and Y. 
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flexible than other statistical analysis methods. Fourth, MI is a general, 

quantifiable measure quantified on a common scale (“bits”). This common scale 

allows for the direct comparison of MI values between signals from a range of 

measures: you can compare the MI values resulting from behavioural and EEG 

signals, from different experiments in the field, and from studies in the field 

using different techniques (e.g. between single-neurons and neuroimaging 

signals). Finally, the MI measurement is sensitive to nonlinear effects (Ince, 

Giordano, et al., 2016; Ostwald & Bagshaw, 2011), which analysis methods such 

as linear discriminant analysis are not. This is a benefit as nonlinearities may 

play a role in the neural signal.  

To summarise, MI is a simple but robust method for quantifying the amount of 

information that is shared between two variables, and is essentially a flexible, 

statistical test for significant dependence between two signals.  

Chapter 2: Summary 

There are various methods used in EEG research today that allow us to explore 

our data and answer our questions. These all have their benefits and costs, as 

have been discussed in this Chapter. This overview should allow the reader to 

evaluate the experimental work in the following chapters in enough detail to 

conclude the suitability of the analysis given the specific experimental 

paradigms, and to interpret the results in the appropriate ways.  
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Chapter 3 : Neural Correlates of Multisensory 
Reliability and Perceptual Weights Emerge at Early 
Latencies during Audio-visual Integration 

Introduction 

The reliability of the information received by our senses varies. For example, 

visual cues become unreliable in dim or fogged conditions, and auditory cues 

become unreliable in loud or noisy situations. To deal with such variations, 

stimulus reliability must be taken into account when combining information 

across the senses. “Optimal Integration” or “Bayesian Integration” models 

formally describe how this process occurs. These models state that observers can 

arrive at the most precise final perceptual estimate by weighting sensory 

information in proportion to its reliability; more reliable cues are assigned a 

higher weight and have stronger influence on the final perceptual estimate, 

while less reliable cues are assigned a lower weight and have less influence. In 

most cases, this weighting leads to a more precise and reliable percept (Angelaki 

et al., 2009; Ernst, 2006; Ernst & Bülthoff, 2004; Fetsch, DeAngelis, & Angelaki, 

2013b; Rohde et al., 2015). Formally, these models have two predictions: first, 

that performance should be higher (or perceptual thresholds should be lower) 

for multisensory trials compared to unisensory trials and second, as reliability of 

the cue decreases, so does the importance (or weight) the subject assigns to it. 

These models have had great success in demonstrating how integration occurs in 

wide variety of tasks a wide variety of behavioural tasks. For example, Raposo et 

al., (2012) and Sheppard et al., (2013) examined how subjects (rats and humans) 

weighted auditory and visual as the reliability of both cues changed. They used 

an audio-visual rate discrimination task that contained visual only, auditory only, 

and bimodal (audio-visual) trials, and where the reliability (high/low) and 

congruency between the auditory and visual cues was systematically varied. 

Their results revealed two outcomes. First, they found that the performance of 

rats and humans improved on multisensory trials compared to unisensory trials, 

and that these performances were close to the optimal predictions. 

Furthermore, they found that at a perceptual level humans’ and rats’ decisions 

about rate were influenced by the reliability of the auditory and visual stimuli. 
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Specifically, when the reliability of the two cues were matched, subjects 

weighted both modalities equally, but when the reliabilities were unequal, 

subjects consistently assigned higher weight to the more reliable cue. These 

observed cue weightings were also consistent with the theoretical weights 

predicted by statistically optimal models. Another study by Alais and Burr, 

(2004) investigated the integration of audio-visual cues during a spatial 

localisation task. Light spots (visual) and clicks (auditory) were presented to 

participants separately (unimodal condition) or together (bimodal condition), 

and participants had to indicate which of the stimuli were localised further to 

the left. They also manipulated the reliability of the visual information by 

blurring the light spots, and introduced incongruencies between the locations of 

the stimuli. Their results showed that in all subjects, localisation in the bimodal 

conditions was better than localisation in either the visual alone or auditory 

alone condition, consistent with the first key prediction of the optimal observer 

models. Additionally, they found that when the visual information was reliable 

(i.e. not blurred), vision dominated localisation, but when the visual stimuli 

were not reliable (i.e. blurred) the auditory information dominated. Again, this 

is consistent with a simple model of optimal combination of the auditory and 

visual information, where the two are weighted linearly in proportion to their 

reliability. These and numerous other studies have shown that cue integration 

follows the rules of optimal integration for audio-visual (Alais & Burr, 2004; 

Battaglia et al., 2003; Rohe & Noppeney, 2016), visual-tactile (Beauchamp et 

al., 2010; Ernst & Banks, 2002; Helbig et al., 2012; Helbig & Ernst, 2007), and 

visual-vestibular stimuli (Butler et al., 2010; Fetsch et al., 2012, 2009; Morgan et 

al., 2008).  

Weighted linear cue combination can also be encoded in neural signals. For 

example, Fetsch et al., (2012) recorded neurons in the medial superior temporal 

dorsal area (MSTd) of macaques while they were performing a visual-vestibular 

heading discrimination task where the reliability of both modalities varied. By 

fitting neurometric curves (a psychometric curve fit to neural responses) to the 

electrophysiological data, they were able to show that both behaviour and 

neurons responded in line with the rules of optimal integration: specifically, 

neurons responded with an increase in firing for the more reliable cue. In 

another study, Morgan et al., (2008) demonstrated that the responses from 
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neurons in the MSTd stimulated with visual-vestibular stimuli were fit well with a 

linear weighted model, and that the  weights changed according to the relative 

reliabilities of the stimuli. Again, as visual reliability decreased, the weight 

needed to fit the model increased. Thus, animal work suggests that probability 

based encoding can be implemented in neural circuits, and that the principles of 

statistically optimal integration can be encoded in the firing patterns (at least, 

in area MSTd).   

Neuroimaging data can also be combined with statistically optimal frameworks 

to study cue integration. For example, Helbig et al., (2012) used fMRI to 

characterise the how neural signals were modulated by changes in visual 

reliability during a visual-tactile integration task. Their results showed a 

significant increase in the blood oxygen level dependent (BOLD) response in the 

left and right postcentral sulcus and left superior parietal lobe when the 

reliability of the visual stimulus was reduced. They also found decreased 

activation in the right posterior fusiform when the visual input was completely 

blurred. Together these results indicated that cue reliability seems to be 

reflected in population level BOLD activity, with increased activation in relevant 

sensory areas elicited by reliable stimuli, and suppression of activity in relevant 

areas by unreliable stimuli. Another fMRI study by Beauchamp et al., (2010) 

modelled the connection weights between occipital, somatosensory and parietal 

cortex during a visual-tactile task while manipulating the reliability of the 

stimuli. Using the average BOLD signal in pre-defined regions of interest (ROIs), 

structural equation models were constructed which reflected the correlation of 

activity between these ROIs (for each ROI pairing and subject separately). Their 

results showed that the connection weight between somatosensory and the 

intraparietal sulcus (IPS) increased when the tactile stimulus was more reliable, 

yet the connection weight between occipital cortex and IPS increased when the 

visual stimulus was more reliable. Thus, their results not only show cue 

weighting emerging in the brain, but also suggest it may be implemented via 

connections and cross-talk between early sensory regions and parietal cortex.  

Finally, Rohe & Noppeney, (2016) examined where in the cortex audio-visual 

signals were weighted using a spatial ventriloquist paradigm where the reliability 

of the visual stimulus varied. Their results also showed linear cue weighting 

evident in the BOLD signal, but only in parietal cortex; there were no effects of 
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sensory weighting at low-level areas. Overall, these results indicate that linear 

cue combination can be implemented by neurons in the brain, and that these 

computations can be measured by neuroimaging.   

However, while providing valuable computational insights, these studies have 

some limitations. Single-neuron recording studies cannot adequately assess the 

spatial distribution of cue weighting processes across the cortex, and fMRI 

studies cannot determine the temporal evolution of the neural processes 

implementing sensory cue weighting. Therefore it remains unclear when 

following stimulus onset neuronal responses across the cortex are modulated by 

the reliability of sensory information, and when they reflect the modulations in 

subsequent perceptual weighting.  

To address these questions, in this study we combined a rate discrimination task 

with EEG based neuroimaging, single-trial decoding, and linear modelling. 

Importantly, this combination allowed us to examine the temporal dynamics of 

weighted cue combination, to identify the neural correlates relating to sensory 

reliability, and to link modulations in neural signals to perceptual reweighting 

processes on a trial-by-trial and time-resolved basis.  

Methods 

Subjects  

We obtained data from 20 right-handed subjects (13 females; mean age 26 

years) after written informed consent. The sample size was set to 20 based on 

sample sizes used in related previous EEG studies. All subjects reported normal 

or corrected to normal vision, normal hearing, and received £6 per hour for their 

participation. The study was approved by the local ethics committee (College of 

Science and Engineering, University of Glasgow) and conducted in accordance 

with the Declaration of Helsinki.  

Stimuli and Task 

The task was an adapted version of a 2-alternative forced choice rate  
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Figure 3.1 | Experimental Task. (A) Subjects were presented with two sequential streams of 
auditory, visual and/or audio-visual events (one experimental, and one comparison of 11 Hz) 
and had to indicate which contained more events. The first stream varied in modality, event 
rate, reliability and congruency of the events (see Methods). (B) Example of high and low 
reliability visual stimuli. (C) Schematic showing one combination for each level of congruency 
(left: equal rates, middle: auditory fewer events, right: auditory more events).  Δ = Visual minus 
Auditory rate.  

 

discrimination task (Raposo, Sheppard, Schrater, & Churchland, 2012; Sheppard 

et al., 2013). Subjects were presented with two streams (each lasting 900 ms) of 

auditory, visual or audio-visual events and asked to decide which stream had a 

higher event rate (Figure 3.1A). Visual events were noise squares (3x3cm, 2.1° 

of visual angle, flashed for 12 ms each) presented atop a static pink-noise 

background image. Acoustic events were brief click sounds (65 dB SPL, 12 ms 

duration) presented in silence. These events were instantiated by sequences of 

short (48 ms) or long (96 ms) silent pauses, causing them to appear as streams of 

auditory and/or visual flicker. Auditory stimuli were presented using Sennheiser 

headphones and visual stimuli were presented on a Hansol 2100A CRT monitor at 

a refresh rate of 85 Hz. All recordings were carried out in a dark and electrical 

shielded room. The experiment was controlled through MATLAB (MathWorks) 

using the Psychophysics Toolbox Extensions (Brainard, 1997) and custom written 

scripts.  

In the first “experimental” stream, events were presented at seven different 

rates (8 – 14 Hz). In the second “standard” stream, events flickered at 11Hz. The 

total stream duration (900 ms) was predetermined based on the refresh rate of 

the computer (85 Hz) and desired event length (12 ms). From these parameters 

we calculated the possible rates that could be presented alongside the short and 
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long pauses while staying within the 900 ms time window (8 to 14 Hz). For each 

trial, short and long pauses were randomly placed around the events to create 

stimuli streams of equal length for all rates. For the comparison stream (where 

the event rate was always 11 Hz), pauses were randomly interspersed around 11 

events on each trial.  

Important to note, that on some trials the experimental stream rate was equal 

to the comparison stream rate. Subjects were unaware of this, but were still 

asked to make a choice about which stream had a higher event rate. In theory, 

this could result in a bias towards inequality; for example, if on 11 Hz trials, 

subjects always chose to respond that the rate was lower, this would create a 

bias towards more “first stream lower” responses. To control for this potential 

systematic influence on behaviour, we ensured these trials only made up a small 

percentage of each block (2% of trials per condition), and were randomly 

intermixed within each block.  

Contrast levels for each reliability level were derived to match individual 

subject’s psychometric thresholds in separate calibration blocks carried out prior 

to the main experiment (see Procedure). The reliability of the visual stimulus 

was manipulated by adjusting the contrast of the visual square relative to the 

background (Figure 3.1B). Auditory reliability was held constant throughout. 

Manipulating the reliability of only one modality allowed us to keep the 

experiment at a reasonable length (~3 hours per session) while accommodating 

the additional time necessary for EEG set up and extended inter-trial intervals 

(to include a baseline period). This manipulation of only a single modality’s 

reliability is also in line with past work (Fetsch et al., 2012; Helbig et al., 2012; 

Rohe & Noppeney, 2016).  

Congruency was manipulated by introducing differences in the event rate 

between the auditory and visual streams; as mentioned in the Introduction, 

placing the audio-visual cues in conflict is necessary to allow the calculation of 

perceptual weights based on subject’s bias towards each sensory cue. Audio-

visual trials were either Congruent (Δ = 0) with auditory and visual streams each 

having the same number of events, or incongruent, with the visual either 

containing two more (Δ = +2), or two fewer (Δ = -2) events than the auditory 

stream (Figure 3.1C).  
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Overall these stimulus manipulations resulted in: three unisensory conditions 

(auditory [AUD], visual high [VH] and visual low [VL]); two congruent 

multisensory conditions (one where both the streams were highly reliable [AVH 

Δ = 0], and one where the auditory had high and the visual low reliability [AVL 

Δ = 0]); and four incongruent audio-visual conditions (AVH Δ = +2, AVH Δ = -2, 

AVL Δ = +2 and AVL Δ =-2). Within each audio-visual condition (AVH, AVL), there 

were auditory (e.g. AVH auditory) and visual (e.g. AVH visual) stimuli.  

Experimental Procedure 

Each session started with two unisensory calibration blocks, used to set the 

reliability levels of the auditory and visual stimuli (see, Stimuli). The stimuli in 

these calibration blocks were the same stimuli used in the experimental blocks, 

however only the easiest comparison rates (8 Hz and 14 Hz) were presented. The 

auditory calibration block consisted of 30 trials with the auditory stimuli 

presented in silence (highly reliable auditory stimuli). For auditory trials an 

overall performance score was calculated. The visual calibration block consisted 

of 150 trials (30 trials x 5 signal-to-noise ratios, SNRs), where the reliability of 

the visual stimulus varied systematically from high to low. For the visual trials 

psychometric functions were fit to the data, and two SNR levels for visual 

reliability selected from the resulting psychometric curve. Visual high reliability 

was set as the SNR at which visual performance was equal to performance on the 

auditory calibration block. Visual low reliability was set at the SNR at which 

performance was ~30% lower than auditory performance. These reliability levels 

were set at the start of each experimental session and held constant throughout.   

Each experimental block began with a reminder of the task instructions. Each 

trial began with a white fixation cross presented centrally on a dark grey noise 

image (500-1000 ms). This was followed by the first “experimental” stimuli 

stream (900 ms), a fixation period (200-400 ms), and then the “standard” stimuli 

stream (900 ms). The experimental stream varied in the modality, rate, and 

reliability of the stimulus, on each trial and within each block. The standard 

stream was matched to the first experimental stream with regards to reliability 

and modality. Congruency (always Δ = 0) and rate (always 11 Hz) were not 

manipulated in the standard stream. At the end of the trial, subjects were cued 

to respond using the left (“first stream has more events”) or right (“second 
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stream has more events”) keyboard buttons, and received feedback on their 

performance (Figure 3.1A). For audio-visual trials where the rate of the auditory 

and visual stimuli differed (i.e. Δ = ± 2), feedback was generated using the 

average rate of the auditory and visual streams. For trials where the rates in the 

experimental and standard stream were equal, feedback was randomly 

generated. Although providing feedback is not standard practice for studies 

investigating reliability weighting, previous work (Raposo et al., 2012; Sheppard 

et al., 2013) has shown no difference in performance for subjects who received 

feedback compared to those who did not. Therefore we chose to provide 

feedback in order to engage subjects with the task over the long experiment. 

Overall, each block consisted of 510 trials with modality (auditory, visual, audio-

visual), reliability (visual high and low), event rate (8-14Hz) and congruency 

(audio-visual Δ = 0, ± 2) varying pseudo-randomly across trials in the 

experimental stream (see Stimuli and Task).  

In total, subjects completed 2040 trials, split up into four individual blocks. 

These blocks were carried out across multiple sessions over two, three or four 

days depending on the subjects’ availability and level of alertness during the 

session. Importantly, before the main analysis we checked for confounding 

learning effects which may have arisen due to these multiple sessions. The 

results showed there was no difference in performance or perceptual weighting 

strategies across blocks or days (see Supplementary Figure S3.1 A and 3.1 B for 

individual day performance and weighting). 

EEG Recording and Preprocessing  

EEG data were recorded using a 64-channel BioSemi system and ActiView 

recording software (Biosemi, Amsterdam, Netherlands). Signals were digitised at 

512 Hz and band-pass filtered online between 0.16 and 100 Hz. Signals 

originating from ocular muscles were recorded from four additional electrodes 

placed below and at the outer canthi of each eye.  

Data from individual subject blocks were preprocessed separately in MATLAB 

using the FieldTrip toolbox (Oostenveld, Fries, Maris, & Schoffelen, 2011) and 

custom written scripts. Epochs around the first stimuli stream (-1 to 2s relative 

to stream onset) were extracted and filtered between 0.5 and 90 Hz 



56 
 

(Butterworth filter) and down-sampled to 200 Hz. Potential signal artefacts were 

removed using independent component analysis (ICA) as implemented in the 

FieldTrip toolbox (Oostenveld et al., 2011), and components related to typical 

eye blink activity or noisy electrode channels were removed (see Chapter 2, 

Preprocessing section). Horizontal, vertical, and radial EOG signals were 

computed using established procedures (Hipp & Siegel, 2013; Keren, Yuval-

Greenberg, & Deouell, 2010 and see Chapter 2, Preprocessing section), and trials 

during which there was a high correlation between eye movements and 

components in the EEG data were removed. Finally, remaining trials with 

amplitudes exceeding ±120 µV were removed. Successful cleaning was verified 

by visual inspection of single trials. For one subject (S20), three noisy channels 

(FT7, P9, TP8) were interpolated using the channel repair function as 

implemented in the FieldTrip toolbox.  

Analysis Methods 

Psychometric performance and Optimal Integration Model 

For each subject, modality, and stimulation rate, the proportion of “first stream 

had a higher event rate” responses were calculated and cumulative Gaussian 

functions fit to the data using the psignifit toolbox for Matlab (Fruend, Haenel, 

& Wichmann, 2011). The threshold (s.d., σ) and the point of subjective equality 

(PSE, µ) were obtained from the best fitting function (2000 simulations via 

bootstrapping). These measures were then used to calculate a set of predicted 

and observed perceptual weights (Fetsch et al., 2012) for each modality in each 

audio-visual reliability condition. Predicted weights reflect the weights that an 

optimal observer would assign to each sensory cue in multisensory conditions 

(Fetsch et al., 2012). These were calculated using the thresholds (σ) from the 

PSE curves calculated from unisensory trials using: 

W!"# =

1
σ  !"#
!

1
σ  !"#
! +  1

σ  !"#
!

 

Equation 1 
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Observed perceptual weights represent the apparent weight a subject assigns to 

each sensory cue. These were calculated from the PSE (µ) from multisensory 

trials using:  

W!"# =  
µ!"(!) −  µ!"(!!!!) +  Δ2

Δ  

Equation 2 

where Δ represents the incongruency between the auditory and visual stimuli 

(Fetsch et al., 2012). For both perceptual and observed weights we assumed 

that auditory and visual weights sum to one:  

WVIS = 1 - WAUD 

Predicted and observed weights were derived for each modality and reliability 

separately, and averaged over congruency levels (Δ = ± 2). 

Time-dependent Perceptual Weights 

To examine how perceptual weights evolved over the course of a trial we 

modelled the relationship between sensory evidence and behavioural reports at 

each time point. As a measure of sensory evidence, we used the “accumulated 

rate” (see Figure 3.2), defined as the average number of stimulus events 

presented up to each time point in the trial (with an event defined as an 

auditory click, a visual flash, or audio-visual clicks and flashes presented 

together). Accumulated rate was calculated in increasing 12 ms time bins (as our 

stimuli were each presented for 12 ms) which resulted in 75 time points for the 

full stimulus stream of 900 ms. This yielded a trial and time-specific measure 

(“accumulated rate”) of the experienced sensory evidence.  

This measure of sensory evidence was then regressed against behavioural choice 

(first stream higher vs. second stream higher) for each trial, modality within 

each audio-visual condition (AVH auditory and visual, AVL auditory and visual), 

and time point separately using logistic regression (see Figure 3.2).  
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Figure 3.2 | Schematic of Accumulated Rate and Regression (Logistic and Linear) Analysis 
Pipeline (A) Step 1: the stimuli (auditory and visual) presented on each audio-visual trial are 
extracted. (B) Step 2: at each time window (increasing 12 ms time windows) the “accumulated rate” 
is calculated by taking the mean number of stimuli presented over the time window. For example, 
for the first two time windows no stimuli had been presented and so both the visual and auditory 
accumulated rates at these time points are zero. For the third time window, one visual stimulus had 
been presented and one auditory, so at this time point both accumulated rates equal 1/3 = 0.33 (1 
stimulus/3 time points). For the fourth time window, two visual stimuli had been presented and still 
only one auditory stimulus had been presented; now the visual accumulated rate is 2/4 = 0.50, and 
the auditory is 1/4 = 0.25. This process is carried out for audio-visual high (both auditory and visual 
are of high reliability) and audio-visual low (auditory is high reliability, visual is low reliability) trials 
separately, and continues until you have a time varying accumulated rate for each modality, for 
each audio-visual trial.  Finally, at each time point, the accumulated rates for both reliabilities are 
combined into one predictor matrix (with four separate predictors, one for each modality in each 
reliability condition) with a constant (see C, D). (C) Step 3: to calculate perceptual weights, logistic 
regression is used to regress the predictor matrix of accumulated rates generated in Step 2 against 
behavioural choice on a trial by trial basis, at each time point of the trial. This yields four regression 
weights (here defined as “perceptual weights”) for each modality in each reliability condition for 
each time point in the trial. (D) Step 4: to calculate neural weights, linear regression is used to 
regress the predictor matrix (accumulated rates, same as above) against the decoding signal (Y) at 
each time point of the trial. Again, this yields four regression weights (here defined as “neural 
weights”) for each modality in each reliability condition, for each time point in the trial. Note: in (C) 
and (D), for this early time point the accumulated rate is 0 for some trials in the predictor matrices. 
Data are schematic only. 
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Analysis was restricted to incongruent audio-visual trials and a time window of 

24 ms to 600 ms post stimulus onset to account for null values (pre-24 ms) and 

multicollinearity in the predictor matrix (post 600 ms). This generated four sets 

of regression weights (which we here refer to as “perceptual weights”): one for 

the auditory and visual in each reliability condition (AVH auditory, AVH visual, 

AVL auditory and AVL visual).  

To assess whether the accumulated rate was significantly predictive of 

perceptual choice, we quantified the performance of the regression model 

(referred to here as Az) using the area under the receiver operator characteristic 

(ROC) and 10-fold cross-validation (see Statistics). To determine how well the 

perceptual weights derived from the psychometric curves corresponded to the 

perceptual weights derived from the regression model, the correlation between 

the reliability influence for the psychometric and the reliability influence for the 

regression weights was computed at each time point during the trial (see 

Statistics). Here, the reliability influence was here defined as the difference (D) 

in auditory and visual weights at each time point (t) (in other words, the effect 

of visual reliability on auditory weights):  

D t = AVH!"#$ − AVH!"#$ − [AVL!"#$ − AVL!"#$]  

Equation 3 
 

Single-Trial EEG Analysis 

We used single-trial, multivariate linear discriminant analysis (Parra et al., 2005; 

Philiastides et al., 2014, and see Chapter 2, Methods) to uncover EEG 

components that best separated our two conditions of interest, defined here as 

stimulus rate higher (condition 1) or lower (condition 2) than 11 Hz. This analysis 

generated a one-dimensional projection (Yt) of the multidimensional EEG data 

(Xt), defined by spatial weights (Wt) and a constant (C): 

Y! =  W! X! + C 

Equation 4 



60 
 

where the weight vector (W) represents the activity components most sensitive 

to the condition of interest (here, whether stimulus rate >/< 11 Hz), and the 

discriminant output (Y) provides a neural correlate of the quality of the single-

trial evidence about the conditions of interest. This approach preserves the trial-

to-trial variability of the data, and is assumed to be a better estimator of the 

underlying single trial task-relevant activity than the data on individual channels 

(Blankertz, Lemm, Treder, Haufe, & Müller, 2011; Kayser et al., 2016; Parra et 

al., 2005; Philiastides et al., 2014). 

The classifier was trained to discriminate between high and low stimulus rate 

(i.e. whether the first stream had an event rate that was lower or higher than 

the standard stream of 11 Hz) as this reflected the task the subjects were asked 

to complete. The classifier was based on regularised (Fisher’s) linear 

discriminant analysis (Philiastides et al., 2014), and applied to the EEG activity 

at each 5 ms time point from stimulus onset to 600 ms post stimulus onset in 

sliding time windows of 55 ms. For each time point, the EEG data within the 

55 ms window was averaged and the discriminant output (Y) aligned to the onset 

of the 55 ms window. This time window was chosen as between each stimulus 

(of 12ms) there was either a 48 ms or 96 ms pause. Therefore, this window did 

not blur across stimuli and was in keeping with time windows used in previous 

work (Philiastides et al., 2014).  

This analysis generated a sensory matrix [trials x time], which represented the 

information about stimulus rate in neural signals over time. To avoid introducing 

bias to either sensory modality, we derived the weighting vector (W) and 

constant (C) from the congruent audio-visual trials only (AVH and AVL Δ = 0), and 

applied these to all other trials at the same time point. Scalp topographies for 

the discriminating component were estimated via the forward model 

(Philiastides et al., 2014), defined as the normalised correlation between the 

discriminant output and the EEG activity. 

Neural Weights 

We used linear regression to calculate a set of neural weights which quantified 

how each modality contributed to the information contained in the discriminant 

output (Y). Similar to the behavioural data, the trial-specific accumulated rates 
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for each modality, in each reliability condition (AVH auditory, AVH visual, AVL 

auditory, and AVL visual) were used as predictors and regressed (in a single 

regression) against the discriminant output (Y) at each time point in the trial 

(see Figure 3.2). Analysis was performed over the significant classification 

performance time window (24 ms to 400 ms), and restricted to incongruent 

audio-visual conditions (Δ =± 2).  

Neural weights were generated for each modality and reliability condition 

separately; this resulted in four neural weights for each time point (one for AVH 

auditory, AVH visual, AVL auditory and AVL visual). Importantly, the precise 

neural origin of these EEG discriminant output components (and hence the 

respective generators of auditory and visual contributions to these) remains 

unclear, and so we did not assume that auditory and visual neural weights for 

each reliability normalised to a fixed sum of one. For this reason, we did not 

perform normalisation on the neural regression weights. Finally, to assess the 

relationship between neural weights and the time-dependent perceptual weights 

(calculated using regression analysis), we correlated the reliability influence 

(Equation 3) between these two measures at each time point (see Statistics). 

Source Localisation 

We used source localisation to obtain a confirmatory representation of the 

neural generators underlying the discriminant output (Y). This involved 

correlating the source signals with the discriminant output (Y), and is 

comparable to obtaining forward scalp models from linear discriminant analysis 

(Parra et al., 2005).  

The standard Montreal Neurological Institute (MNI) magnetic resonance imaging 

(MRI) template was used as the head model and interpolated with the 

automated anatomical labelling (AAL) atlas. Leadfield computation was based on 

the standard source model (3D grid model with 6mm spacing) and a manually 

aligned BioSemi electrode channel template. Covariance matrices were 

calculated from -200 ms pre-stimulus onset to 800 ms post-stimulus onset and 

source localisation performed on individual subject single-trial data using a 

linear constrained minimum variance beamformer in Fieldtrip (fixed orientation, 

7% normalisation). This resulted in 11432 unique grid points within the brain for 
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which the source signal was extracted. Finally, source signals were correlated 

with the discriminant output (Y) for each subject and time point within our 

analysis window (24 ms to 400 ms) separately, and correlation signals 

z-transformed and averaged over subjects. 

Statistics 

All descriptive statistics reported represent median values. All Z values reported 

were generated from a one-sided Wilcoxon signed rank test (after testing 

assumptions of normality, which did not hold), and effect sizes calculated by 

dividing the Z value by the square root of N (where N = the number of 

observations rather than subjects, Rosenthal, 1994). Correlations were 

calculated using Spearman rank correlation analysis. All reported p-values were 

checked for inconsistencies using the R software package “statcheck” (Nuijten, 

Hartgerink, Assen, Epskamp, & Wicherts, 2016). 

Significance levels of classification performance (Az) were determined by 

randomly shuffling the data by condition 2000 times, computing the group 

averaged Az value for each randomisation, and taking the maximal Az value over 

time. This generated a distribution of group averaged Az values based on 2000 

randomised data sets, from which we could estimate the Az value leading to a 

significance level of p<0.01. Significant clusters for all other comparisons were 

determined using a cluster based randomisation technique (referred to as cluster 

randomisation in text, Maris & Oostenveld, 2007). In all cases, condition labels 

were randomly shuffled across conditions 1000 times, and for each separate 

comparison a distribution of t-values was computed. These shuffled t-value 

distributions were compared to the true t-value values to find significant 

clusters in the data: for all comparisons a cluster-threshold of t = 1.8 

(corresponding to p<0.01), minimum cluster size of 2, and max-size as the 

cluster-forming variable were used. Effect sizes were calculated as the 

equivalent r value that is bounded between 0 and 1 (Rosenthal & Rubin, 2003).  

To improve readability in the following results section, results are reported with 

regards to significance thresholds (e.g. <0.05) within text, while exact p-values 

and statistics are reported in corresponding tables. 
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Results 

Psychometric behaviour and perceptual thresholds  

Figure 3.3A shows the group-level psychometric curves for each sensory 

condition. Unisensory curves (Figure 3.3A, left) demonstrated that subject 

performance was lowest for visual low reliability conditions and highest for 

auditory, as evidenced by steepness of curve. Comparing psychometric curves 

for congruent and incongruent audio-visual conditions (Figure 3.3A middle and 

right) showed that subjects preferentially weighted the auditory modality 

regardless of visual reliability, as demonstrated by shifts in the psychometric 

curves towards the auditory rate. However, as expected, this shift was more 

pronounced in the low reliability condition, indicating a stronger influence of the 

auditory modality when visual reliability was reduced (Table 3.1, Figure 3.3A, 

right).  

Figure 3.3B displays the individual threshold performance (extracted from the 

psychometric curves) for each condition. On unisensory trials, thresholds were 

significantly lower (i.e. better performance) for high compared to low reliability 

stimuli across subjects (p<0.05, Table 3.1). Thresholds were comparable for the 

auditory and both congruent audio-visual conditions (all comparisons p>0.05, 

Table 3.1). Finally, thresholds on audio-visual trials were significantly lower 

compared to the visual conditions (p<0.05, Table 3.1). This demonstrates that 

performance was comparable for audio-visual and auditory trials, lowest for 

visual trials, and better for high vs. low reliable stimuli. 

Figure 3.3C presents the predicted weights for each modality and reliability 

condition calculated using the optimal integration model. Predicted auditory 

weights significantly increased and visual weights decreased when visual 

reliability was reduced (p<0.05, Table 3.2). However, this was not consistently 

found in the observed weights (Figure 3.3D), and there was no significant 

difference between observed weights for reliabilities in each modality (p>0.05, 

Table 3.2). This suggests that individual subject weighting could not be 

adequately accounted for by the optimal integration model. This is corroborated 

by the magnitude and direction of the weight shift across subjects; only 11 

subjects showed perceptual weight shifts in the predicted direction (i.e. 
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increased auditory weighting when visual reliability is reduced). Furthermore, a 

direct comparison between observed and predicted weights revealed only a 

weak correlation for low reliability weights (p<0.05, Table 3.2).  

Overall, the lack of a significant difference between unisensory and multisensory 

thresholds and the weak correlation between observed and predicted weights 

suggests that observers did not systematically follow the behavioural pattern 

predicted by optimal models of multisensory integration. This heterogeneity in 

the change of perceptual weights with reliability presents a unique opportunity 

to investigate the neural correlates of perceptual weights independently of an 

effect of sensory reliability, as these two effects are dissociable across subjects. 

Evolution of Perceptual Weights over Time 

Figure 3.3E displays the results for classification of behavioural choice (first 

stream higher/lower than second) from accumulated rate. Sensory evidence 

(accumulated rate) was significantly predictive of behavioural choice across the 

trial (permutation test, p<0.01), and increased as the trial progressed. Figure 

3.3F shows the time-resolved perceptual weights, and demonstrates that 

auditory and visual weights changed significantly with reliability early during the 

trial; two auditory clusters (cluster 1, 48 ms to 192 ms; cluster 2, 276 ms to 

300 ms, Table 3.3) and one visual cluster (cluster 1, 48 ms to 216 ms, Table 3.3). 

Additionally the results confirmed that subjects preferentially weighted the 

auditory over the visual modality (cluster randomisation test, p<0.05, Figure 

3.3F, Table 3.3). Finally, Figure 3.3G shows the correlation between these time-

resolved perceptual weights and those derived from the psychometric curve 

analysis. Significant correlations emerged during three epochs that collectively 

covered most of the trial: 132-192 ms, 252-408 ms, and 420-600 ms (cluster 

randomisation tests, p<0.05, Table 3.3).  

In summary, these behavioural results show: (a) that auditory weights increase 

as visual reliability decreases, (b) subjects show a bias towards the auditory 

modality over visual regardless of analysis method, and (c) that our two 

measures of perceptual weighting correlate highly with each other.  

 


