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Abstract

Synchronous neuronal responses across subjects is also known as neural reliability. The level

of neural reliability evoked by natural stimuli is shown to be a predictor to larger audience

preferences (Dmochowski et al., 2014). The same authors also proposed the state-of-the-art

method for calculating neural reliability in an EEG setting (Dmochowski et al., 2014). How-

ever, the method is indirect and rather ad hoc, therefore, some existing alternative methods

are proposed as well as an own proposed algorithm of calculating neural reliability. All the

different methods are compared by means of a simulation study. Here, the performance is

tested in their ability to recover the actual neural reliability in the data, but also their per-

formance in predicting a population measure. Furthermore, wavelet transform as a denoising

step in the setting of EEG data is investigated. The results of the simulation study show

that Dmochowski and colleagues’ (2014) is performing well on undenoised data and when the

relationship between the “true” ISC and buying behaviour is strong. However, the adapted

neural reliability method of Hasson and colleagues’ (2004) and originally intended for fMRI

studies stands out not only in terms of performance, but also in consistency of performance

under different data characteristics, like the strength of the ISC, the signal to noise ratio and

the strength of the relation between true ISC and buying behavior. Moreover, this method is

also more direct and easier to calculate. The proposed way of denoising by wavelet transform

only hurts the performance of the proposed neural reliability methods. It can be concluded

that the adapted method of Hasson and colleagues’ (2004) can be recommended both for

determining the ISC as the relation between ISC and a population measure.
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Chapter 1

Introduction

“Measure what can be measured, and make measurable what cannot be measured”

Galileo Galilei (1564 - 1642)

Italian physicist and astronomer

This quote has become a paradigm for scientific discovery, and this especially now in our

technologically oriented society where data is everything. Nowadays, the dominant belief is

that numbers represent reality. Therefore, being able to quantify a certain phenomenon leads

us to believe that this particular phenomenon can be analyzed in an objective way. However,

as the quote also implies, not all phenomena can be quantified (as of yet). Moreover, some

things cannot be measured directly, but indirect measurements might help to further under-

stand such phenomenona. A typical example of something that is hard to measure (directly)

are the activities that take place in the human brain and its accompanying cognitions, states,

emotions, and behaviour. For instance, the amount of happiness someone experiences at a

certain point is hard to express into a measurement unit, let alone in one that is objective

and internationally recognized like the metric system is for measuring lengths. However,

emotions are the driver of decision making, in fact, 95 percent of all decisions are made at

a subconscious level (Zaltman et al., 2003). In a word, measuring the hidden processes un-

der the scalp could potentially reveal much of how we make day-to-day decisions. So, and

in the spirit of Galilei, still an attempt is made to measure the emotion by questionnaires

or neuroimaging techniques. Though, questionnaires are unable to directly measure brain
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CHAPTER 1. INTRODUCTION

processes. Furthermore, they are also rather subjective as it might be that some subjects

have trouble expressing their thoughts and motives, since it is controversial or not socially

accepted (i.e. social desirability bias). Moreover, questionnaires are unable to gauge uncon-

scious thoughts. On the other hand, neuroimaging is an objective approach to measure the

mind, since it does not require subjects’ willingness and competency to describe how they

feel. More importantly, neuroimaging has the ability to directly probe the subconscious mind.

Thus, neuroimaging techniques offer much more potential to get a deeper understanding of

the underlying mental processes. Better understanding these mental processes will essentially

lead to better predictions of the actions human individuals undertake.

The techniques used in neuroscience are rapidly gaining credibility and provide a lot of

opportunities for a large range of fields, however this thesis will solely focus on marketing.

Marketing, for a long time, primarily made use of conventional techniques, like questionnaires

and focus groups to understand individuals. The field within marketing that is completely

dedicated to using neuroscience techniques is also referred to as neuromarketing. In neuromar-

keting, there are two popular techniques to image the brain: Electroencephalogram (EEG),

developed in the 1960s and functional Magnetic Resonance Imaging (fMRI), developed in the

1990’s. Since then, research has been directed at finding relationships between the amplitude

of a neural signal and population behaviour (Ariely & Berns, 2010). For example, in one

study, the neural signal of a small group of adolescents is used, while they are listening to

unknown music, to predict the commercial success of that music at population level (Berns

et al., 2010). Another study (Falk et al., 2012) also demonstrated that the neural activity

of a small group of people could predict the buying behaviour of the population at large.

In this study, they significantly predicted the effectiveness of an anti-smoking campaign by

monitoring the neural activity in a medial prefrontal region of interest of a small group of

subjects.
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CHAPTER 1. INTRODUCTION

1.1 Neural reliability

However, recently, fMRI and EEG studies demonstrated that coherence in brain responses

across subjects when watching naturalistic stimuli (e.g. commercials) is an important pre-

dictor of human behaviour (Hasson et al., 2004, 2008; Pajula et al., 2012; Lahnakoski et al.,

2014; Dmochowski et al., 2014). Hasson and colleagues (2004) showed that neural activity

across different subjects synchronizes during naturalistic stimuli, especially in emotionally

arousing scenes. The study revealed that brains of different human individuals during nat-

ural vision work in a similar way to a significant extent. Another study was set up, were

they used the same movies and some others, to further investigate to what extent different

human individuals react similar in brain activity and thus, what level of control a given film

has on viewers’ mind (Hasson et al., 2008). A commercial specifically edited to persuade

consumers resulted in more similar neural activity across subjects than an unrevised film

about real life events. This indicates that using the right editing can result in more control

over its viewers’ mind. In a later study, Hasson and colleagues (2008) also showed that these

higher levels of brain coherence across subjects correlate to enhanced memory encoding. It

was also demonstrated during a natural viewing that brain activity in specific brain regions

synchronize more when subjects adopt a similar psychological perspective rather than when

they have different perspectives (Lahnakoski et al., 2014). The degree of similarity of brain

activity across subjects has later been coined by the term neural reliability by Dmochowski

et al. (2014). In one of the studies by Dmochowski and colleagues (2012), they showed that

greater levels of neural reliability corresponded to arousing moments in movies. A remarkable

finding of Dmochowski et al. (2014) was that the level of ISC, measured in a small group

of subjects, predicts the preferences of a much larger audience (during that viewing). This

was especially remarkable, since it predicted the preferences of the larger audience better

than the preferences of the group from whom the data was observed measured by rating each

viewing. The degree of neural reliability of a small group of subjects watching a popular

TV program has also been shown to be a predictor of moment-to-moment audience size of

that TV program (Dmochowski et al., 2014). Therefore, the level of neural reliability could
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CHAPTER 1. INTRODUCTION

possibly also serve as a good predictor of commercial success, as measured by, for example,

buying behaviour. The next section will explain how neural reliability can be quantified and

discusses the challenges in design.

1.2 Measuring neural reliability

Originally, the degree of neural reliability was quantified by measuring the Inter-Subject Cor-

relation (ISC). When a natural stimulation (i.e. a film or a commercial) has a strong level

of control over subjects’ mind and has a similar impact on subjects’ mind, the ISC is expec-

ted to be large. Vice versa, when a given film or commercial does not evoke similar brain

activity across subjects, the ISC is expected to be low. A significant advantage of using ISC,

instead of traditional techniques as Generalized Linear Model (GLM), is that it requires no

specific model for brain activation to be specified. In other words, the method is data-driven.

Therefore, the method of ISC is perfectly suited for analyzing data from a naturalistic stimuli

experiment (Kauppi et al., 2014), a situation for which it is difficult to come up with a sensible

model for brain activation.

The use of ISC as a measure for neural reliability is already widely accepted when work-

ing with fMRI data (Hasson et al., 2004, 2008; Pajula et al., 2012; Lahnakoski et al., 2014).

Hasson et al. (2004) introduced the use of ISC by measuring the activity of one voxel in a

particular brain to predict the activity of the corresponding voxel in the brains of other sub-

jects. Using this method, they found, for certain brain areas, significant correlations across

subjects. Pajula, Kauppi, and Tohka (2012) used a newly developed method by Kauppi,

Jääskeläinen, Sams, and Tohka (2010) who added an extra option to the original method of

Hasson (2004), namely to compute frequency-specific ISC based on wavelets and, furthermore,

designed non-parametric resampling tests to draw statistical inferences on the obtained ISC

results. A similar calculation is also used in the study of Lahnakoski and colleagues (2014).

For EEG data, however, the use of ISC is a rather recent topic (Dmochowski et al., 2012,

2014). Therewith, the estimation of the ISC for EEG data is done differently in comparison

to fMRI data. It is important to understand that the two brain imaging techniques, fMRI
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CHAPTER 1. INTRODUCTION

and EEG, are quite different with both its advantages and disadvantages. Using fMRI to

image the brain is universally known to have excellent spatial resolution, while having a poor

temporal resolution. So, fMRI can pinpoint with a precision of 3-6mm (in most applications)

where the brain activities took place, but cannot exactly tell when it took place due to the

hemodynamic lag (which can be even up to 20 seconds). On the other hand, EEG techniques

have an excellent temporal resolution (less than 1ms), although find it more difficult to locate

the source signal. Therefore, the method by Hasson et al. (2004; 2008) could show with high

precision which parts of the brain correlated across subjects during a film, but they could not

show exactly at which moment in the film the correlation occurred.

Dmochowski and colleagues (2014) noted that the advantage of EEG over fMRI is the ex-

cellent temporal resolution, thus knowing precisely when in the film/commercial the ISC was

high. In other words, they saw the potential of knowing which part in the film/commercial

could have more control over its viewers. However, since both techniques produce a different

output, it also means that the estimation of ISC in an EEG context is a different one than

in an fMRI setting. As stated earlier, in an fMRI context the ISC is based on a voxel-wise

correlation between the time-series of the subjects. On the other hand, Dmochowski and

colleagues (Dmochowski et al., 2012, 2014) proposed a method that did not calculate the ISC

electrode-wise, but derived the ISC from a decomposition of the data that ensures maximum

correlation by finding linear combinations in the data. By decomposing the data, it captures

large patterns of activity spread over large cortical areas (Dmochowski et al., 2012). In this

thesis, we will only focus on neural reliability in the context of EEG data, since the advant-

age of excellent temporal resolution outweighs the benefit of locating the brain areas with

high precision in the context of commercials. It is extremely relevant to know which part

of the commercial takes control over its viewers, since it gives potential to further explore

what scenes or moments grasps people’s attention. For instance, if it is known that from

second one to two the ISC was high, we could further break down that moment and try to

understand what significant action of movie characteristics ensured that high ISC. Besides,

some information about the location can be restored by setting up a forward model. Note,

however, the the EEG electrodes can only receive signals up to 1 - 2 cm under the scalp,
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depending on the thickness of the skull, therefore the spatial resolution is limited. Thus, the

signals are more smeared out due to scalp conductance, as well as, more inner brain regions

having little influence on the signal measured at the scalp (location-wise hard to tell where a

signal exactly came from).

When investigating neural reliability for EEG, two main challenges need to be tackled.

First, the proposed methods to calculate neural reliability for EEG data (Dmochowski et

al., 2012, 2014) can be considered as indirect and rather ad hoc. In their calculation they

undertake multiple steps of which it is uncertain what the influence on the final result is. The

latest proposed method to calculate the ISC by Dmochowski and colleagues (2014; see sec-

tion 2.2.1.1 for a detailed description) is derived from Canonical Correlation Analysis [CCA;

Hotelling (1936)] and its generalizations to multiple subjects (Kettenring, 1971). It uses the

concept of ‘common canonical covariates’ introduced by Neuenschwander and Flury (1995)

for easier interpretation of the variables. However, this concept assumes that the covariance

matrices follow a Wishart distribution, which is a rather restrictive assumption. A method

that would estimate ‘common canonical covariates’ with looser assumptions (i.e. no distribu-

tional assumptions) would be preferred. Moreover, a rather critical point of the method by

Dmochowski and colleagues (2014) is that it switches between measuring the neural reliability

at different levels. Some weights are found by using all movies, while other weights are movie

specific (a more detailed description of the critical notions of Dmochowski et al., 2014 is given

in 2.2.1.3). Therefore, a method of calculating the ISC for EEG that is more direct and more

general applicable would be desirable.

Second, EEG data are very noisy; therefore, EEG data are typically de-noised before

analysis. There exist many different ways of pre-processing EEG data, with the choice of

the de-noising technique having varied effects (Khatwani & Tiwari, 2013). Different effects

may mask the true relationship between neural reliability and population behaviour. Several

de-noising techniques for EEG data have been proposed such as Independent Component

Analysis (ICA; Albera et al., 2012) Principal Component Analysis (PCA; Jung et al., 1998),

and wavelet transform (Adeli et al., 2003). However, the effects of these different de-noising

techniques on calculating the ISC have never been tested. A systematic test of the noise
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removal performance of these de-noising methods would be preferable.

Furthermore, the method proposed by Dmochowski et al. (2014) is only tested on an

empirical dataset. In other words, the performance of the neural reliability method for EEG

has never been tested in a systematic way. Therefore, it would be desirable to set up a simu-

lation study to test how well their proposed method estimates the actual coherence in brain

activity across subjects. For this purpose, a systematic framework is proposed in this thesis

that ensures “true” neural reliability values at which the performance of the methods can be

evaluated. Knowing the “true” neural reliability values enables the testing of the different

methods in how close they estimate NR. Moreover, it be also interesting to systematically test

the performance of the method in predicting buying behaviour at the population at large.

1.3 Research questions

In my thesis, I am going to run a simulation study wherein I will answer the following three

questions. First, I would like to evaluate which method of neural reliability comes closest

to the actual neural reliability between subjects. Here, I will evaluate the latest neural re-

liability method by Dmochowski and colleagues (2014). Also, I will introduce two more

direct methods of calculating similarities between brain responses, which are based on matrix

correlation, namely Tucker’s Congruence Coefficient (Tucker, 1951) and the (modified) RV-

Coefficient (Smilde et al., 2009). Moreover, I will propose a new procedure for calculating

neural reliability for EEG data. This procedure will be based on a constrained version of

Generalized Canonical Correlation Analysis (GCCA) and will yield a novel way of estimating

neural reliability for EEG data.

Second, I would like to investigate the performance of wavelet transform regarding its

capability of removing noise from the data. The wavelet transform appears to be a promising

de-noising step for EEG data (Adeli et al., 2003; Khatwani & Tiwari, 2013). However, it has

not been widely used in the setting of estimating the neural reliability using EEG.

Finally, I would like to determine which neural reliability measure best predicts the success

of a commercial. To this end, I will generate EEG data with different levels of relationship
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strength between neural reliability and commercial success and evaluate which neural reliab-

ility measure best captures the true strength of this relationship.

In the next chapter, all the methods that are used in this thesis are explained. After address-

ing a typical EEG data set, a section will follow that proposes the wavelet based de-noising

technique. The last part of this chapter discusses the different neural reliability methods.

The performance of all combinations of methods are tested. This performance testing is sys-

tematically done by a simulation study which is fully explained in chapter three. Chapter

three is concluded with a results section. After reviewing all the results, the last chapter will

have a discussion and a conclusion section.

8 Using synchronicity in neural responses to predict population behaviour



Chapter 2

Methods

In this chapter the methods are discussed. First, typical EEG data as obtained from a natural

viewing experiment are explained. The second part will explain wavelet transform as a de-

noising technique and how to apply this to EEG data. The third part, the different neural

reliability methods will be discussed.

2.1 Graphical representation of an EEG data set

In this section a typical EEG data set obtained from a natural viewing setting is described and

illustrated. The data was acquired for a study by Couwenberg et al. (2016) and provided to

us by Dr. Pieter Schoonees from the Rotterdam School of Management, Erasmus University.

This EEG data set consists of 11 television commercials which were watched by N = 40

subjects. The data was collected during a competition between small and medium sized

advertising agencies. Therefore, all the commercials promote the same brand and product.

Furthermore, the commercials are all of almost the same length (around 20 seconds) and are

comparable in professional quality. The data is recorded using 64 electrodes with a sampling

rate of 256Hz. Thus, the commercial data set looks the following:

Using synchronicity in neural responses to predict population behaviour 9
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Time points (4992)

Electrodes (64)

Subjects (40)

Figure 2.1. Graphical representation of EEG data for one commercial which consists of

N = 40 subjects with each L = 64 electrodes by T = 4992 time points.

Here, each subject is represented by a matrix of dimensions electrodes (L = 64) versus time-

points (T = 4992). Since (N = 40) subjects participated in this study, there are 40 matrices

(X) with such dimensions. Applied to the commercial viewing context, let Xc
n, represent

the spatial temporal data matrix of subject n and commercial viewing c, where n = 1, ..., N

and c = 1, ..., C. So, the matrix for one person and one commercial viewing has dimension

of electrodes (L) by the amount of time points (Tc). In the case of calculating the neural

reliability we are actually trying to find the ‘similarness’ between those matrices across all 40

subjects. Note that there is one cube of data (as in Figure 2.1) for each commercial.

2.2 De-noising techniques

As stated earlier, in EEG data the level of noise is very high, while EEG signals are also low

of amplitude. Noise could be simply the measurement noise as well as noise that comes from

brain activity that is not related to the stimulus. Measurement noise could be, for example,

measurement errors in the electronic system or one could think of electrodes being differently

attached to the scalp across subjects. An example of brain activity that is not related to the

stimulus is a subject moving his/her head or another example could be that the subject is just

simply thinking about something else. Now, there are many more examples for both noise

types, but in the end the most important thing to understand is that the signal-to-noise ratio
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(SNR) is relatively low for EEG data. A low SNR indicates that noise has a high impact on

the overall signal which makes it hard to detect patterns and, thus, draw conclusions from

these “unprocessed” signals. Therefore, before proceeding with further analysis, EEG data are

typically de-noised as well as artifacts (movement, eye-blinks, etc.) are removed from the data.

The removal of noise from an EEG signal can be done using various techniques. Probably the

most known and popular techniques are PCA and ICA. More recently, alternative methods

of de-noising based on wavelet analysis have been developed and successfully applied to EEG

signals. A recent study showed that in comparison with PCA and ICA, the wavelet shrinkage

method seems to be a promising technique (Adeli et al., 2003; Khatwani & Tiwari, 2013).

It is for that reason that this de-noising technique is considered. Wavelet de-noising as a

pre-processing step, to my best knowledge, has not been used in combination with measuring

the neural reliability of EEG signals. This de-noising technique will be tested on simulated

data sets with different levels of brain similarity across subjects and different ratios of SNR

(see Chapter 3 for a more detailed explanation).

2.2.1 Wavelet Transform

In this section, the wavelet transform and problem formulation are discussed briefly. It is by

no means intended to elaborate fully on the exact workings of the wavelet transform, since

that is beyond the scope of this thesis. Moreover, more detailed descriptions of wavelet trans-

form have already been written (see Mallat, 1989; 2008; Daubechies 1992; Adeli et al. 2003;

Merry & Steinbuch 2005). After briefly reviewing the wavelet transform, I will discuss the

implementations of the wavelet transform to de-noise EEG data.

A wavelet is a mathematical function that is visualized as a wave-like oscillation with an

amplitude that starts at zero, increases, and then decreases back to zero. So it basically

“waves” above and below the x-axis, hence the name. The “waving” comes from the require-

ment that it should integrate to zero. Furthermore, the major advantage of using wavelets

instead of other signal processing techniques like traditional Fourier transform for example

is that they are local in both frequency/scale (via dilations) and time (via translations). In
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contrast, the Fourier transform is local in frequency, but not in time.

The Continuous Wavelet Transform (CWT) of a function x(t) is defined as:

X(a, b) =
1√
a

∫ ∞
−∞

ψ
( t− b

a

)
x(t)dt (2.1)

The dilation (or frequency/scale) and translation (or time) parameters a and b can be used

to shape the mother wavelet ψ
(
t−b
a

)
, where parameter a corresponds to the frequency in-

formation and parameter b corresponds to the time information in the transform. In other

words, the parameter b relates to the location of the wavelet function as it is shifted through

the signal. For mathematical convenience, the parameters a and b are often based on powers

of two and are of the form: a = 2−j and b = k · 2−j , where k and j are integers. This

type of discretization is called critical sampling and will yield a sparse basis. So, instead of

using real-valued choices of a and b, this will essentially lead to a sampled version of CWT,

the Discrete Wavelet Transform (DWT). Now the parameters a and b are called dyadic scale

and dyadic translation respectively. Furthermore, there are many (actually infinite) possible

choices for the mother wavelet ψ(t). However, earlier research has shown that a Daubechies

8 function is the best wavelet for noise removal in EEG data (Mamun et al., 2013), therefore

this mother wavelet will be used in this thesis (see Figure 2.2).
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Figure 2.2. Daubechies 8 mother wavelet with the duration in seconds on the x-axis and the

amplitude on the y-axis.

Problem formulation

Data contaminated with noise could also be expressed as:

Xi,j = Si,j + E i,j , i = 1, ..., I, j = 1, ..., J, E i,j ∼ N(0, σ2) (2.2)

Where Xi.,j , Si.,j , and E i.,j are respectively the observed data, the noiseless data (true signal),

and the error term. The observed data has the dimensions subjects by electrodes. The error

term in this thesis is assumed to be independently and identically distributed following a

Gaussian distribution with zero mean and variance σ2. The goal is to recover the true signal

from the noisy observed data with a small reconstruction error. The criterion for this purpose
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is the Mean Squared Error (MSE), thus finding the smallest error essentially yields to finding

an estimate Ŝi,j that satisfies:

Ŝi,j = arg minŜi,j
‖Ŝi,j − Si,j‖2 (2.3)

As in practice Si,j is unknown, the MSE is typically minimized to reconstruct Si,j .

Wavelet thresholding

A DWT of the observed data (where W is the wavelet transform matrix and Y corresponds

to the wavelet coefficients of Xi,j) looks like:

Y = WXi,j = WSi,j + WEi,j (2.4)

Now the WSi,j represent the clean wavelet coefficients and Y corresponds to the noisy wavelet

coefficients of the observed data. Usually the coefficients of the wavelet transform are sparse,

which means that most of the coefficients are effectively zero. Therefore, another way of

viewing the problem is as one of recovering wavelet coefficients that are relatively stronger

than the Gaussian white noise background. Thus, wavelet coefficients that are relatively small

are shrunken to zero, since they correspond to pure noise. This approach of comparing each

wavelet coefficient to a certain threshold in order to remove noise from the data is also known

as wavelet thresholding (or shrinkage).

The wavelet thresholding technique to remove noise from the data is performed using

the R package wmtsa (Constantine & Percival, 2010). This package provides the function

wavShrink() which performs a nonlinear way of de-noising via wavelet shrinkage on time-

series data. A brief review of the steps of the underlying algorithm of the function will

follow now. Let W and W−1 denote the forward and inverse wavelet transform operators

respectively. Then, the three main steps to denoise the observed data via wavelet thresholding

are:

1. Calculate the wavelet coefficient matrix Y by applying the discrete wavelet transform
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W to the data:

Y = WXi,j = WSi,j + WE i,j

2. Shrink the detail coefficients1 of Y to obtain an estimate Ŷ, the (clean) wavelet coeffi-

cients of Si,j . Determining Ŷ is done by choosing a thresholding scheme (see below):

Y → Ŷ

3. Inverse the discrete wavelet transform to obtain the de-noised estimate:

Ŝ = W−1Ŷ

The shrinkage (or thresholding) step involves choosing a certain threshold level denoted by

λ to obtain the thresholded wavelet coefficients. For this matter, the wavShrink() supports

the soft, mid, or hard thresholding rules, from which only the first and the last one are used

(since only these two are fully supported by the threshold estimation functions which will be

explained later). These threshold rules are respectively given by:

δsoftλ (W ) =


0, if |W | ≤ λ

W − λ, if W > λ

W + λ, if W < −λ

(2.5)

δhardλ (W ) =


0, if |W | ≤ λ

|W |, if |W | > λ

(2.6)

where W is an arbitrary wavelet coefficient, δλ(W ) represents the thresholded coefficient using

the λ threshold level, j corresponds to the resolution level (power of the mother-wavelet) and

1Detail coefficients are the wavelet coefficients, while the approximation coefficients give a lowpass repres-
entation. At each subsequent resolution level, the approximation coefficients are divided into a coarser low-pass
(approximation) and high-pass (detail) part. Therefore, the detail coefficients of Y are shrunk rather than the
approximation coefficients, since the latter ones represent ‘low-frequency’ terms that usually contain import-
ant components of the signal, and are less affected by the noise. Thus, the much more noisy high-frequency
information is filtered out of the signal.
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k represents the index of the time-series sample. Usually, the threshold value is only a function

of j, in which case it is called a level-dependent threshold. Both threshold schemes reduce all

values that do not exceed the threshold level to zero, but the soft threshold also pushes the

values to zero that exceed the threshold level. Hard thresholding does nothing to the values

exceeding the threshold level. The threshold specified is based on how the noise is modeled.

The wmtsa package supports three techniques of estimating the noise threshold (or shrinkage

rules), namely: universal, minimax, and adaptive. Since the package only fully supports

the first two noise thresholds, the last one will be left outside the analysis. The universal

shrinkage rule proposed by Donoho and Johnstone (1994) uses the following threshold:

λu =
√

2log(n)σ̂ (2.7)

where n stands for the number of samples and σ̂ stands for the estimator of the standard

deviation of the noise. Because the noise variance is usually unknown, the package estim-

ates it by the median absolute deviation times a scaling factor which depends on the noise

distribution. Since usually the noise is assumed to be Gaussian distributed this scaling (or

normalizing) factor is to be set at .6745 in the denominator 2.

σ̂ =
median({|dJ−1, k|} : k = 0, 1, ..., 2J−1 − 1)

.6745
(2.8)

However, the noise estimation by the default settings of the function is rather poor. It came to

light by running some small simulation tests before the whole analysis where the actual stand-

ard deviation of the noise was known. This small simulation study showed that the function

estimates the standard deviation of the noise much lower than the actual noise standard devi-

ation. Estimating the noise properly is, however, an essential part of the wavelet thresholding

scheme, since the threshold depends on correctly estimating the noise variance. Therefore,

the standard deviation is estimated outside the function where the median absolute deviation

is calculated for all subjects at the same time. This estimated the noise variance much closer

2The factor .6745 in the denominator is chosen, because it re-scales the numerator in such a way that σ̂
serves as a good candidate for the standard deviation in Gaussian white noise
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to the actual noise and on its turn resulted in better estimates for the wavelet coefficients.

The minimax estimation approach was proposed by the same authors, Donoho and John-

stone, but four years later (1998). The threshold here is based on the theoretical least upper

bound on the asymptotic risk. The risk of estimation Ŝij = θXij is r(θ,S) = E(‖Ŝij − S‖2).

However, since Ŝij depends on an unknown parameter θ, the exact risk cannot be calculated.

Therefore, a range of possible values are estimated and from there the smallest maximum risk

among all estimators is taken:

r(θ,S) = sup
s∈Θ

E(‖Ŝij − S‖2)

This thresholding scheme is more conservative and will always yield lower coefficients than

the universal method. Therefore, there will be relatively less smoothing when the minimax

estimation is applied.

2.3 Neural reliability methods

The degree of similarity in brain activity across subjects is also referred to as neural reliability

(Dmochowski et al., 2014). To quantify the degree of neural reliability, Hasson et al. (2004;

2008) introduced the Inter-Subject Correlation method (explained in more detail in section

2.2.5). Since they measured the brain activity in a fMRI setting, the ISC was measured voxel-

wise. However, for EEG data the estimation has to be done differently. In an fMRI setting,

the goal is to find the region or set of voxels that have a high neural reliability. In the case

of EEG data that is not possible as the spatial resolution is not of great value. Therefore,

the ISC is not measured per electrode, but an ISC value is calculated over all electrodes.

Dmochowski and colleagues (2012; 2014) proposed a method for EEG data to calculate the

ISC from a decomposition of the data that ensures maximum correlation among subjects by

finding linear combinations in the data (see section 2.3.1). The problems associated with their

proposed method calls for better alternatives. Therefore, two matrix correlations methods,

Tucker’s congruence coefficient and the (modified) RV-coefficient, are presented as alternat-

ives (see sections 2.3.2 and 2.3.3). These methods are based on matrix correlations and were
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also supported in an unpublished master thesis by Oud (2015). This author applied these

techniques only to an empirical dataset, whereas in this thesis these methods will be tested

in a systematic way through a simulation study. Furthermore, a new procedure based on

SUMCOV and SSQCOV (with the constraint of equal weights for all subjects) will be pro-

posed which yields a novel way of estimating the neural reliability for EEG data (see section

2.3.4). Furthermore, an ISC method for fMRI studies by Hasson and colleagues’ 2004 will be

explained (see section 2.3.5) as well as a modified version of that one (see section 2.3.6).

2.3.1 Computation of neural reliability by Dmochowski and colleagues

The latest method Dmochowski and his colleagues (2014) proposed to calculate the ISC for

EEG data is derived from Canonical Correlation Analysis (CCA; Hotelling 1936) and its gen-

eralizations to multiple subjects (Kettenring, 1971). It is slightly different however, because

it uses ’common canonical covariates’, a concept introduced by Neuenschwander and Flury

(1995). This concept implies that the canonical weights are the same for all sets of the original

variables. Note that the different sets of variables here refer to the EEG data of different sub-

jects, with the variables being the electrodes. It is reasonable to assume the same weights for

all sets of variables, since each subject has watched the same TV program, resulting in that

each data matrix per subject has the exact same dimensions (i.e. the exact same amount,

electrodes, and time points). The equal weights restriction implies that electrodes have the

same importance among subjects, which makes it possible to derive the regions in the brain

associated with the highest neural reliability3.

The method by Dmochowski et al. (2014) is best explained in two steps. First, a pro-

jection vector (w) is found for all viewings that maximizes the ISC across subjects. For this

purpose, the recordings of all viewings (c = 1, ..., C) per subject (n) are concatenated column-

wise, resulting into a very wide matrix Xall
n (i.e. Xall

n = [X1
n, ...,X

C
n ]). These concatenated

matrices have as dimensions locations (or electrodes) by the total number of time points of all

commercials (T =
∑C tc). The matrices Xall

n are centered row-wise such that each location

(or electrode) has a mean of zero. Then, formally, the optimization problem to find w seeks

3This features of equal projection vectors also proves to be convenient in constructing a forward model to
project the brain areas which contributed to the neural reliability with an excellent temporal resolution.
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to maximize:

arg max
w

wTR12w

(wTR11w)1/2(wTR22w)1/2
(2.9)

Where Rij = 1
PT

∑
i,j=1,...,N Xall

i (Xall
j )T denote the sample covariance matrices. Here all the

T ’s stand for the transpose, only not under the ratio of 1
PT where it stands for all time-points

and P is the number of unique pairs of subjects P = N(N−1)
2 . Dmochowski and colleagues

then assume thatwTR11w = wTR22w, which they explain as reasonable, since the recordings

from the viewings (or subjects) are “roughly equivalent” (2012; see the first annotation on

p.3). Furthermore, the cross-covariance matrices R12 are made symmetric. The symmetry is

achieved by averaging over all possible pairs, P = N(N−1
2 , instead of only taking the unique

pairs. As a result, (2.9) can be solved as a generalized eigenvalue problem:

(R11 +R22)−1(R12 +R21)w = λw (2.10)

Now, the solution of the optimization problem of finding the projection vector w that max-

imizes the ISC is given by the principal eigenvector of the corresponding highest eigenvalue

of the problem in (2.10). In case the second highest eigenvalue and corresponding vector are

used, the second highest correlation and projection vector is obtained given w2 being ortho-

gonal to w1, and so forth. Dmochowski and colleagues (2014) use the three largest eigenvalues

and their corresponding eigenvectors to build a least squares model to predict a population

behavioural measure (e.g., movie success; explained later in full detail). The neural reliability

was found by summing the three highest eigenvalues. Furthermore, as the SNR is known

to be low for EEG data, the pooled auto-covariance matrix (R11 + R22) is susceptible to

noise. To solve this, an eigenvalue decomposition is performed on the pooled auto-covariance

matrix, and only the K highest eigenvalues are kept with their corresponding eigenvectors.

The regularized auto-covariance matrix can be computed as:

(R11 + R22)regularized = ZKDKZTK (2.11)
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where ZK are the K first eigenvectors and DK corresponds to a diagonal matrix with the K

first eigenvalues (in decreasing order) on its diagonal of R11 +R22. It is assumed that the

eigenvectors accompanying the lowest eigenvalues contain mostly noise; discarding these ones,

they ought to regularize the algorithm. The optimal value for K is chosen by plotting the

eigenvalues of the pooled auto-covariances versus the rank number of those eigenvalues and

then looking for the “knee” or “elbow” in the plot (the point where the gain per eigenvalue

diminishes) as is similar to the PCA procedure.

In a second step, using that projection vector found in the first step, all the ISCs are cal-

culated for each commercial separately. Furthermore, for each projection vector v = 1, 2, ..., V

a different ISC is calculated with the following equation:

ISCv,c =
wTRc

12w

(wTRc
11w)1/2(wTRc

22w)1/2
(2.12)

where w is the projection vector calculated as in the first step, but the correlation matrices

(Rc
11, Rc

22, and Rc
12) are computed for each viewing separately, hence the subscript c for

each commercial (c = 1, 2, ..., C). So, Rc
ij , corresponds to 1

TP

∑
i,j=1,...,N Xc

iX
c
j
T , where the

data matrices Xc
i and Xc

j hold the EEG data for two members i and j of a subject pair

(there are P pairs in total). Unlike the first step, there is no regularization scheme involved

in calculating the viewing-specific pooled auto-covariance matrices. Furthermore, because

Dmochowski and colleagues (2012; 2014) choose to use the three largest eigenvalues (k =

1, 2, 3), the above equation will yield three ISC estimates, as each eigenvalue corresponds to

a different eigenvector (or projection vector). Therefore, they suggest to compute three ISC

estimates per viewing and take a weighted sum of these three to produce a final ISC measure.

The weighting coefficients are found by taking the ISCs per commercial in one vector and

regress those vectors (one per projection vector) on the outcome. In case of too few total

viewings per subject, Dmochowski and colleagues (2014) advise to take an unweighted sum

of the three ISCs per viewing.

Moreover, the obtained projection vectors can also be used to set up a forward model based

on the findings of Parra et al. (2005). The obtained canonical weights are the same across
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subjects, therefore these weights contain information about to what degree the electrodes

contribute to the neural reliability. Furthermore, these electrodes are attached to the same

specific places on the scalp for all subjects (see Figure 2.3), therefore a forward model can be

constructed that shows the brain areas that contribute mostly to the similar brain activity

across subjects (see Parra et al. 2005 for a more detailed description).

Figure 2.3. The locations of the electrodes on the scalp

De-noising strategy by Dmochowski and colleagues

As stated earlier, the SNR for EEG data is relatively low. Therefore usually pre-processing

steps are taken to increase that ratio. In the case of Dmochowski et al. (2014), the signals

were high-pass filtered (1 Hz cutoff), notch filtered at 60 Hz, down-sampled to 256 Hz and

eye-movement related artifacts were removed. Then, all electrodes whose mean magnitude

was stronger than the magnitude in the average electrode by four standard deviations were

removed from the data. A process that was repeated four times. Then, in a similar fashion,

all electrodes whose squared magnitude exceeded the overall mean squared magnitude by

four times the standard deviation were also dismissed from the data. Again, this removal was

iterated four times per electrode. Furthermore, after artifacts have been detected, all samples

surrounding those artifacts by 100 ms are discarded as well.

This de-noising strategy by Dmochowski and colleagues (2014) resulted in the removal
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of 16.28 and 19.95 percent of the EEG data for the SuperBowl 2012 and 2013 commercials,

respectively. That is quite some amount of data that is dismissed, therefore this de-noising

strategy is not used in the analysis of this thesis.

Critical notions of Dmochowski and colleagues’ method

Although Dmochowski and colleagues (2014) did find that the level of ISC could predict

preferences on population level, there are some critical points that need to be addressed

regarding their method used to compute ISC. First of all, the removal of noise is not entirely

convincing. Earlier research has shown that there are more subtle and effective ways of

removing noise in EEG data, some of which are PCA, ICA, and wavelet based de-noising

(Krishnaveni et al. 2005; Romero 2011; Khatwani & Tiwari 2013; PRINCY et al. n.d.). Noise

needs to be removed from the data, otherwise it will cause all kinds of problems in the

subsequent analysis, for example, important patterns of synchrony in the data can get blurred

and will be therefore unnoticed if the noise is not properly removed. Especially in the case

of EEG, noise needs to be properly handled, since its SNR is relatively low. For instance,

subjects blinking with the eyes, other movements of the eye or other parts of the body will

increase the noise. As stated earlier, the covariance matrices are sensitive to noise, so they

might flaw the computation especially because computing its inverse may become unstable.

The method Dmochowski et al. (2012; 2014) is based on a CCA generalization mentioned

by Kettenring (1971), namely the SUMCOR procedure. However, Kettenring (1971) mentions

multiple procedures that all have CCA as a special case, namely MAXVAR, and SSQCOR.

That raises the question why this procedure is chosen over the others. Do these other methods

perform worse when calculating the neural reliability or is it in some way more logical to

choose for this particular method? Either way, the rationale behind choosing the SUMCOR

procedure over the other generalizations has not been substantiated in the article.

Moreover, the proposed method uses the concept of Neuenschwander and Flury (1995)

of ‘common canonical covariates’. A concept that implies that the canonical weights are

the same for all sets of variables (i.e., electrodes for each subject). However, the ’common

canonical covariates’ are found using maximum likelihood estimation of a sample covariance
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matrix that follows a Wishart distribution. Therefore, it is assumed that the covariance

structure is distributed as Wishart. However, the paper provides no proof that the covariance

matrices do so or at least that the assumptions do not harm the final conclusions.

Finally, the most remarkable notion in the algorithm to calculate the neural reliability

by Dmochowski and colleagues (2012; 2014) is that it switches between neural reliability at

different levels. The projection vector which maximizes the neural reliability is estimated

across all viewings, while, ultimately, the ISC’s for each viewing are calculated using viewer-

specific covariance matrices. Also, calculating the ISC for each viewing involves taking a

weighted sum of the eigenvalues where the weights are found by regressing the ISCs per

viewing on the population measure. This switching between levels is rather ad hoc and quite

indirect. It becomes even problematic when one does not have a population measure, but in

that case it is advised to take the unweighted sum.

2.3.2 Tucker’s congruence coefficient

An alternative and more direct method to calculate the coherence between subjects is based on

matrix correlation, a measure of similarity between matrices. Tucker’s congruence coefficient

is a measure of similarity between two factorial configurations. The method was first reported

by Burt (1948) under the name unadjusted correlation, although it is named after Tucker

(1951) who popularized the method. The coefficient can take values between -1 and +1,

where -1 corresponds to perfect anti-correlation and +1 to perfect correlation (φ). Formally,

the congruence coefficient for vector is defined as:

φ(x,y) =

∑
xiyj√∑
x2
i

∑
y2
j

(2.13)

where x and y are column vectors of the same length. Therefore, the congruence coefficient

is the cosine of the angle between two vectors. The measure is insensitive to the scale of the

vectors, therefore, it can still be high when the scale is low, where low means small numbers.

The measure could also be used to measure the similarity of matrices if both matrices have

the same dimensions. In our study that is the case. In that case, the formula would be
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denoted as (Abdi, 2007):

φij =
vecXT

i vecXj√
(vecXT

i vecXi)(vecXT
j vecXj)

=
traceXiX

T
j√

(traceXiXT
i )(traceXjXT

j )

where trace() stands for the trace of a matrix, the sum of the diagonal entries and vec()

denotes a vectorized matrix, thus column-wise concatenating of the matrix entries. Here Xi

and Yj represent the matrices with EEG info of, respectively, subject i and j and φij , the

Tucker’s congruence between the EEG data of subject i and j. Note, however, that this

coefficient can only measure linear relationships. Tucker suggested some rules of thumb, but

only Lorenza-Seva and Ten Berg (2006) did a systematic study to find the critical levels of

congruence. They reported that a congruence coefficient between .85 and .94 corresponds

to fairly similar matrices and a coefficient larger than .95 indicates that the two concerning

matrices are almost identical.

For this study, the matrix variant of the Tucker’s congruence coefficient is used. That

is because we create an N by N correlation matrix Dc where N stands for the amount of

subjects. Here each cell of Dc represents the Tucker value between Xc
i and Xc

j . After the

calculation of the correlation matrix, the first K = 3 eigenvalues ofDc are chosen as a measure

for ISC. Note that a matrix Dc is computed for each commercial (c = 1, ..., C) in turn.

2.3.3 (Modified) RV-coefficient

An alternative method to measure coherence across subjects is also based on matrix cor-

relation. Actually, the RV-coefficient (Escoufier, 1973) is closely connected to the above

mentioned Tucker’s congruence coefficient. The formula of the RV-coefficient looks rather

similar:

RVij =
traceXiX

T
i XjX

T
j√

(traceXiXT
i XiXT

i )(traceXjXT
j XjXT

j )
(2.14)
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The difference is that the RV-coefficient measures the similarity between the covariance

matrices of matricesXi andXj . Multiplying a matrix by its transpose ensures that it becomes

positive semi-definite, so the matrix becomes a square, symmetric matrix with entries on the

diagonal exceeding or equalling zero. The RV-coefficient can be interpreted as the squared

cosine between (positive semi-definite) matrices. The coefficient can take values between 0

and 1, where 0 equals no similarity and 1 stands for identical matrices. Moreover, the RV-

coefficient has been shown to be a powerful tool in measuring similarity of fMRI recordings

between subjects (Kherif et al. 2003; Shinkareva et al. 2006, 2008).

However, Smilde and colleagues (2009) noted that there are some critical points of calcu-

lating the original RV-coefficient. Especially, the dependency on the diagonal entries of the

covariance matrices causes problems. They also showed by means of a simulation study that

the sample size influenced the outcome. If the sample size is raised, the numerator increases

through which the value of the coefficient lowers, essentially approaching zero. Therefore,

they proposed the modified RV-coefficient which does not suffer from the aforesaid problems.

The modified RV-coefficient sets the diagonal entries of the covariance matrices to zero, thus

equivalently ignoring those entries. Formally, the proposed method looks like:

RV 2ij =
vec(X̃iXT

i )vec(X̃jXT
j )√

vec(X̃iXT
i )T vec(X̃iXT

i )vec(X̃jXT
j )T vec(X̃jXT

j )

(2.15)

where X̃iXT
i and X̃jXT

j are the covariance matrices with zeroes on the diagonal. By ig-

noring the diagonal entries the earlier stated problems disappear, but that also includes that

the properties change. Now, the coefficient can also take negative values up and till -1, res-

ulting in that the values can range between -1 and +1. Again, +1 means perfect similarity,

while -1 represents perfect anti-correlation. Since this method is closely related to Tucker’s

congruence coefficient, the same goes for this coefficient, this measure can only capture linear

relationships.

Again, once the modified RV-coefficient matrix is calculated for each subject pair in matrix

Dc, the K = 3 eigenvalues of Dc are extracted and serve as the ISC estimator.
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2.3.4 GCCA with the constraint of equal canonical weights for all sets of

variables

Here we discuss a new method of finding neural reliability based on Generalized Canonical

Correlation Analysis (GCCA) with a constraint to achieve equal weights for all sets of vari-

ables.

Canonical correlation analysis

CCA (Hotelling, 1936) is used to identify relationships between two sets of variables, Xi and

Xj . Then, it seeks vectors, called weights, α and β such that the correlation between Xiα

and Xjβ is maximized.

argmax
‖Xiα‖2=1,‖Xjβ‖2=1

ρ = corr(α′Xi,β
′Xj) (2.16)

The vectorsXiα1 andXjβ
′
1 are called the first pair of canonical variates and ρ1 = (Xiα1)T (Xjβ1)

is called the first canonical correlation. Having found the first pair of canonical variates, one

may continue searching for the second pair subject to the constraint that they are orthogonal

to the first pair. As many as min(m,n) canonical variates pairs can be found, where m and

n are the dimensions of Xi (and Xj).

GCCA for multiple matrices

Kettenring (1971) proposed several ways of generalizing CCA to multiple matrices. In this

thesis only two of those generalizations will be discussed, since they form the basis of our new

methods. The basis for our new methods are on the following functions:

SUMCOR :

N∑
i 6=ji,j=1

corr(Xiwi,Xjwj) (2.17)

SSQCOR :

N∑
i 6=ji,j=1

corr2(Xiwi,Xjwj) (2.18)
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where Xi is the EEG data matrix of subject i and wi the weigths corresponding to that

matrix. Note that the weights in wi are not the same for all subjects i = 1, 2, ..., N . The sum

of pairwise correlations, SUMCOR, has been proposed earlier by Horst (1961). The SSQCOR

method is the sum of squares of the pairwise correlations.

The first method, SUMCOR, is further generalized by works of Van De Geer (1984)

and Ten Berge (1988) with a technique called MAXBET and MAXDIFF. Later, in a study

by Hanafi and Kiers (2006), a general framework is proposed that can calculate both the

aforementioned GCCA methods with a single algorithm. This algorithm is based on the

Iterative Majorization approach (Heiser, 1995). In short, the philosophy of the Iterative

Majorization approach is to find an auxiliary function that is ‘easier’ to optimize than the

main function. The auxiliary function g(θ|θ(t)) is a real-valued function of θ whose shape

depends on θ(t). Here θ(t) represents a fixed value of the parameter θ at iteration t. The

function g(θ|θ(t)) is said to majorize the function f(θ) at θ(t) under the circumstances that:

f(θ) ≤ g(θ|θ(t)) for all θ

f(θ(t)) = g(θ(t)|θ(t))

That is, the surface θ 7→ g(θ|θ(t)) lies above the surface of f(θ) and touches the function at

the point θ = θ(t).

The approach of Iterative Majorization is used to optimize the following loss functions

f(W ):

MAXDIFF : f(W ) =
∑

N
i,j=1,i 6=j trace(W

(t)
i
′X ′iXjW

(t)
j )

MAXBET : f(W (t)) =
∑

N
i,j=1 trace(W

(t)
i
′X ′iXjW

(t)
j )

MAXDIFFB : f(W ) =
∑

N
i,j=1,i 6=j

(
trace(W

(t)
i
′X ′iXjW

(t)
j )
)2

MAXBETB : f(W ) =
∑

N
i,j=1

(
trace(W

(t)
i
′X ′iXjW

(t)
j )
)2

whereXi is the data matrix of subject i andW (t) the canonical weights matrix (of dimensions

L by R, L being the amount of electrodes and where R is the amount of column vectors
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consisting of weights) for iteration t. As earlier mentioned, the methods MAXBET and

MAXDIFF have the SUMCOR procedure as a special case. Hanafi and Kiers (2006) explain

that when the original data matrices X are replaced by column-wise orthonormal bases

matrices the computation is essentially a generalization of SUMCOR. Van de Geer (1984)

already explained that one should take into account different variance biases before analysis.

In other words, different criteria before analysis put emphasis on either the internal structure

of the variance or not. MAXBET puts more emphasis on explaining variance within sets,

while MAXDIFF ignores the within set variance completely. MAXBET B and MAXDIFF

B both generalize the SSQCOR method. Again, MAXBET B putting more emphasis on

within-sets variance as opposed to MAXDIFF B. The proposed general algorithm (Hanafi &

Kiers, 2006) maximizes f(W ) with submatrices Wi, for each subject (i = 1, 2, ..., N). Note

that the sum can also be brought into the matrix W
(t)
i
′A(W

(t)
i )W

(t)
j , yielding the following

extensions of A
(Wij)
gi :

MAXDIFF : A(W (t))
g1 =

∑
N
i,j=1,i 6=jX

′
iXj

MAXBET : A(W (t))
g2 =

∑
N
i,j=1X

′
iXj

MAXDIFFB : A(W (t))
g3 =

∑
N
i,j=1,i 6=jtrace

(
W

(t)
i
′X ′iXjW

(t)
j

)
X ′iXj

MAXBETB : A(W (t))
g4 =

∑
N
i,j=1trace

(
W

(t)
i
′X ′iXjW

(t)
j

)
X ′iXj

Notice that A(W (t)) depends on the current canonical weights, hence the superscript. The

weight matrix W consists of submatrices Wi for every subject (i = 1, 2, ..., N). Therefore,

the matrix A
(W )
gq will look the following:

A(Wi)
gq =


A

(Wi)
11 · · · A

(Wi)
1N

...
. . .

...

A
(Wi)
N1 · · · A

(Wi)
NN

 (2.19)

Using these A
(W )
gq matrices, it becomes clear that the loss functions have a similar structure

W ′
iA

(Wi)
gq Wj . Therefore, the same algorithm based on Iterative Majorization can be applied
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on all the previous mentioned criteria.

To minimize the loss functions, simpler functions are chosen such that the outcomes are

always greater or equal to the outcomes of the objective function, hence the name majorizing

functions. As explained, these simpler auxiliary functions must be in the same domain as

the objective function, while having a unique minimum. By solving these simpler auxiliary

functions the objective function is essentially optimized (for a detailed description see Heiser,

1995).

Essentially, the goal is to find a matrix Wi (L x R) with canonical weights such that

Cov(W ′
iXi,W

′
jXj), i 6= j, is maximised subject to the constraint that W ′

iWi = Ii, i =

1, ..., N . In order to find such a matrix Wi, an iterative algorithm increases the general func-

tion f(Wi) subject to the constraints W ′
iWi = Ii, i = 1, ..., N by searching for an update

W
(t+1)
i of the current weight matrix W

(t)
i satisfying W

(t)
i
′W

(t)
i = Ii. This notation will be

used throughout the rest of the procedure, thus W
(t)
i represent the current weights, while

W
(t+1)
i stand for the updated weights. After one iteration, the weight matrix is updated so

that f(W
(t)
i ) ≤ f(W t+1

i ). Formally, the optimization problem is as follows:

Maximize trace(W ′
iA

(W )
gq W

(t)
i ) subject to W ′

iWi = I, i = 1, 2, ..., N (2.20)

Then, this optimization problem is solved by the following procedure. At the start, the

initial canonical weights are randomly drawn from a standard normal distribution and next

orthogonalized (by the orth() function in R [Borchers, 2016]) to getW
(t)
i
′W

(t)
i = I. Then, the

function f() is computed for the first canonical weights W
(t)
i for each subject (i = 1, 2, ..., N).

From there on, at every iteration the canonical weights are updated such that the outcome of

the function f() increases, f(W
(t)
i ) ≤ f(W

(t+1)
i ). So, at every iteration f(W

(t+1)
i ) becomes

larger than f(W
(t)
i ). Updating is done using an EVD of A

(W
(t)
i )

gq W
(t)
i . However, the matrices

A
(W

(t)
i )

gq are generally symmetric, but are not always positive definite. Following a procedure

it can be made sure that they are symmetric and positive definite. To this end, the original

matrices A
(W

(t)
i )

gq are replaced by

Ã = H + J (2.21)
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where H = 1
2(A

(W t
i )

gq +A
(W

(t)
i )

gq ) and J = σ(A
(W

(t)
i )

gq )I, where σ(A
(W

(t)
i )

gq ) = −Nλ(J)
H with λ

(J)
H

representing the smallest eigenvalue of H. Note that when A
(W

(t)
i )

gq was already symmetric

and positive definite Ã(W
(t)
i ) equals A

(W
(t)
i )

gq .

Now, an EVD is performed on Ã(W
(t)
i )W

(t)
i , thus Ã(W

(t)
i )W

(t)
i = KΛK. In this case, K

is a L × L matrix with in its columns the eigenvectors of Ã(W
(t)
i ) and Λ is L × L diagonal

matrix with the eigenvalues in descending order on its diagonal. The updates for W
(t)
i are

found by replacing W
(t)
i by KR with the first R columns of K (where R < L). Thus, for each

iteration W (t+1) becomes KR (W (t+1) = KR) and at the end the current weights (W (t))

gets updated by W (t+1).

As a result, for i = 1, 2, ..., N :

trace(W
(t)
i
′A

(W
(t)
i )

gq W
(t)
i ) ≤ trace(W (t+1)

i
′A

(W
(t)
i )

gq W
(t)
i ) (2.22)

summing over all subject (i’s) we have:

trace(W (t)′A(W (t))
gq W (t)) ≤ trace(W (t+1)′A(W (t))

gq W (t)) (2.23)

Then, using the Cauchy-Schwarz inequality:

trace(W (t)′A(W (t))W (t)) ≤ trace(W (t+1)′A(W (t))W (t))

trace(W (t+1)′A(W (t))W (t)) ≤
√
trace(W (t+1)′A(W (t))W (t+1))

√
trace(W (t)′A(W (t))W (t))

(2.24)

now it follows that:

f(W (t)) ≤ g(W (t+1),W (t)) (2.25)

Finally, using the following inequality:

f(W (t)) ≤ g(W (t+1),W (t)) ≤
√
g(W (t+1),W (t+1))

√
g(W (t),W (t)) ≤

√
f(W (t+1))

√
f(W t)

(2.26)
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from which essentially follows that

f(W (t)) ≤ f(W (t+1)) (2.27)

The process of calculating Ã and, subsequently, the weights W (t) is repeated until con-

vergence. Convergence is reached if and only if f(W (t)) = f(W (t+1)). However, in prac-

tice an arbritrarily small difference between [f(W (t+1)) − f(W (t))] is specified, for instance

ε = 0.0000001.

The above described algorithm can be summarized by:

Algorithm 1: The general algorithm by Hanafi and Kiers (2006).

Result: GCCA for multiple matrices

Choose W
(t)
i (e.g. randomly) such that W

(t)
i
′W

(t)
i = Ii, i = 1, ..., N ;

Choose ε (e.g. 0.0000001);

Choose amount of vectors R (where R < L);

Choose maximum amount of iterations (e.g. 100);

while f(W
(t+1)
i )− f(W

(t)
i ) ≥ ε do

Calculate A(W
(t)
i ), make it symmetric and positive definite;

Calculate the eigenvalue decomposition: Ã(W
(t)
i )W

(t)
i = KW

(t)
i ΛKW

(t)
i ;

Set W
(t+1)
i = K

W
(t)
i

r ;

end

GCCA with the constraint of equal weights for all sets of variables

A novel way of estimating neural reliability arises by imposing the constraint of having equal

weights (W ) for all subjects to the above explained procedure of GCCA. It makes sense to

have similar weights across subjects, because all subjects are measured the same way while

watching the same commercials. This constraint will lead to easier interpretation of the

canonical weigths. That is because now we are able to extract how much each location/elec-

trode is contributing to the overall similarity (or better: neural reliability) between subjects.

Furthermore, knowing how much each location contributes, a forward model can be build to
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visualize the brain areas (see Parra et al., 2005). Now, however, the constraint is not found

by a maximum likelihood estimation and, thus, does not make any distributional assump-

tions like Neuenschwander and Flury (1995; for a detailed explanation of its disadvantages

see section ‘Critical notions of Dmochowski and colleagues’ method’). The proposed methods

will be called SUMCOV and SSQCOV. Both methods can either put more emphasis on the

within-sets variance or not, just like the difference between MAXDIFF (B) and MAXBET

(B). Likeweise, this difference is denoted by the subscript ‘bet’ or ‘diff’.

All of the steps explained in the section above on GCCA still hold, only now with the

constraint that W1 = W2 = ... = Wn. This yields only one weight matrix W that is the same

for all subjects. Still, for reasons of identification we state that W should be orthogonal, thus

W ′W = I. By having one weight matrix we do not have to iterate over all submatrices Wi

for all i = 1, 2, ..., N . Now the loss functions are denoted by:

SUMCOVdiff : f(W ) =
∑

N
i,j=1,i 6=jtrace(W

(t)′X ′iXjW
(t))

SUMCOVbet : f(W ) =
∑

N
i,j=1trace(W

(t)′X ′iXjW
(t))

SSQCOVdiff : f(W ) =
∑

N
i,j=1,i 6=jtrace(W

(t)′X ′iXjW
(t))2

SSQCOVbet : f(W ) =
∑

N
i,j=1trace(W

(t)′X ′iXjW
(t))2

Again,Xi is the data matrix, butW are now the canonical weights for all subjects. Therefore,

note that there is no subscript for W , since all subjects have the same weight matrix. Each

formala can be written as W ′A(W )W with the following expression for A(W ):

SUMCOVdiff : A(W (t))
g1 =

∑
N
i,j=1,i 6=jX

′
iXj

SUMCOVbet : A(W (t))
g2 =

∑
N
i,j=1X

′
iXj

SSQCOVdiff : A(W (t))
g3 =

∑
N
i,j=1,i 6=jtrace

(
W (t)′X ′iXjW

(t)
)
X ′iXj

SSQCOVbet : A(W (t))
g4 =

∑
N
i,j=1trace

(
W (t)′X ′iXjW

(t)
)
X ′iXj

Note that A
(W )
gq is dependent on the W , since there is only one weights matrix W , there is

also only one submatrix A
(W )
gq .
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Essentially, the proposed method will yield a weights matrix of dimensions L by R, where

L is the amount of electrodes and R the column vectors consisting of canonical weights

subject to W ′W = I. The column vectors are referred by Dmochowski and colleagues

(2014) as the projection vectors. The meaning of the weights would be similar for both

techniques. However, the outcomes might differ substantially, since they are received in two

totally different ways. The method of Dmochowski et al. (2014) is bound by the distributional

assumptions from Neuenschwander and Flury’s (1995) ‘common canonical variates’ which

assume the Wishart distribution, while this method is not.

Hanafi and Kiers (2006) explain that matrices that give column-wise orthonormal bases

instead of the original data matrices will lead to generalizations of SUMCOR and SSQCOR. It

would have been desirable to create an algorithm with the constraint of equal weights across

subjects that incorporated the correlations between subjects rather than the covariances.

However, in this study we could not bring forth a converging algorithm for that problem.
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Algorithm

The novel way of computing neural reliability with equal weights across subjects can be

summarized by the following algorithm:

Algorithm 2: The algorithm for the SUMCOV and SSQCOV methods

Result: Equal canonical weights for all subjects

Choose W (t) (e.g. randomly) such that W (t)′W (t) = I;

Choose ε (e.g. 0.0000001);

Choose amount of vectors R (where R < L);

Choose maximum amount of iterations (e.g. 100);

while f(W (t+1))− f(W (t)) ≥ ε do

Calculate A(W (t)), make it symmetric and positive definite;

Calculate the eigenvalue decomposition: Ã(W (t))W (t) = KW (t)
ΛKW (t)

;

Set W (t+1) = KW (t)

r ;

end
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2.3.5 Inter-Subject Correlation by Hasson and colleagues (2004)

In this section, we will elaborate on the method by Hasson and colleagues (2004) that was

proposed to calculate the ISC for fMRI studies. However, we will show here that this same

estimation of the ISC can also be applied to EEG data.

Averaging over time-points

As stated above, their method was tailor-made for fMRI data and the estimation was done

voxel-wise. However, since we are now dealing with EEG data the estimation of correla-

tion will not be done voxel-wise, but electrode-wise between every pair of subjects. See the

following formula:

ri,j =

∑T
t=1[(xi[t]− x̄i)(xj [t]− x̄j)]√∑T
t=1(xi[t]− x̄i)2(xj [t]− x̄j)2

(2.28)

Here ri,j is the sample correlation coefficient between the time series, T is the total number

of samples in the time series, xi and xj are time series obtained from the ith and jth subject

measuring the same electrode, respectively, and x̄i and x̄j denote the means of xi and xj .

Finally, the estimate is obtained by averaging over all correlation coefficients over all pairs of

subjects:

r̄ =
1

n2−n
2

n∑
i=1

n∑
j=2,j>i

ri,j (2.29)

where n is the total number of subjects.

Thus, the output of this method, r̄, is already a correlation coefficient averaged over all

the time series of all subjects pairs. Therefore, conveniently, the output directly shows an

estimation of the “true” ISC that is present.

Averaging over electrodes

The above calculation is performed electrode-wise, however it could also be done time-wise

and then average over all the pair-wise electrodes. This uses the same formula, but with

transposed input data. Both methods are tested in this study, since both performances has

never been tested systematically.
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2.3.6 CorMethod

The method by Hasson et al. (2004) can also be modified. In this thesis we will refer to this

modified method as ’CorMethod’.

The method based on Hasson et al. (2004) calculation of the ISC is basically done over

two steps. One where all the pair-wise correlations are obtained and a second step where

the average is taken over all the pair-wise correlation coefficients. Up and till now it is not

known if averaging over all the pair-wise correlations is the best way to extract the “true”

ISC. Therefore, we propose a slightly different approach where the pair-wise correlations are

not averaged over, but organized in a correlation matrix. The projection vector equals the

eigenvector(s) and the ISC(s) the largest eigenvalue(s) of this correlation matrix. Note that

this means that we keep the first step of the above described method intact, but compress

the information of all pair-wise correlations in a different way. Also note that this leads to

two methods, since we can compute correlation across subject pairs or across electrode pairs.

Take the pair-wise correlation coefficients of the first step in the method of Hasson et al.

(Hasson et al., 2004), ri,j and store them in a correlation matrix R = ri,j (i, j = 1, ..., N

where N is the total number of subjects). Instead of averaging over all pair-wise correlations,

we now do a eigenvalue decomposition of matrix R = VDV−1. The largest eigenvalue(s) on

the diagonal of D is the estimate(s) of the ISC(s).

2.3.7 Overview of all methods

• Dmochowski’s and colleagues’ (2014) method

• Tucker’s congruence coefficient

• Modified RV coefficient

• SUMCOV (bet)

• SUMCOV (diff)

• SSQCOV (bet)

• SSQCOV (diff)

• Hasson and colleagues’ method (2004; averaged over time-points)
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• Hasson and colleagues’ method (2004; averaged over electrodes)

• CorMethod (averaged over time-points)

• CorMethod (averaged over electrodes)
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Simulation Study

In this chapter, a simulation study is presented to evaluate the performance of the neural

reliability measures for EEG data. Here we investigate two important aspects or questions:

1. How well do the different methods find the “true” neural reliability?

2. With their found neural reliability estimates, how well do they predict a population

measure?

To answer these questions, first the full problem statement is explained. Then, a section

follows where the design and procedure of the simulation study are explained to answer the

addressed problem. In this section the setup of the simulation study will be discussed. Finally,

the results of the simulation study are presented and discussed.

3.1 Problem

In order to answer the first question, EEG data needed to be simulated that is similar across

subjects to a controllable degree. That is because it is used to test the several neural reliabil-

ity methods in finding that ‘controlled’ similarity. By knowing the “true” degree of similarity

across subjects, we can compare the performance of the different methods. For instance, when

data is created with a high degree of similarity across subjects, the methods should capture

that “high similarity”. Vice versa, when data is created with a lower degree of similarity the
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different measures should reflect that lower resemblance in brain activity as well. In short,

we want to test the performance of the different neural reliability methods in how good they

capture the “true” neural reliability.

Moreover, more importantly and to answer the second question, the performance of pre-

dicting a population measure is tested. In this case the different neural reliability methods

are compared in their ability to predict buying behaviour at population level. For instance,

in the study of Dmochowski and colleagues (2014), the level of similarity in brain activity of a

small group of subjects was claimed to predict moment-to-moment audience size of that TV

program. Furthermore, the level of ISC was found to predict the preferences at a population

level. Therefore, we argued that the degree of similarity in brain activity might lift the veil

in potential commercial success, measured by buying behaviour. One might expect that a

neural reliability method that captures the “true” neural reliability well should also be good

at predicting a population measure. However, this should be tested as well. Though, an

interesting question is what happens when there is a weak “true” relationship between neural

reliability and buying behaviour, but also what happens when there is a strong “true” coher-

ence between the two. In other words, we want to examine which neural reliability methods

best captures the “true” underlying relationship.

3.2 Design and procedure

3.2.1 Data generation

In order to investigate the performance of the different neural reliability methods, a simulation

study is set up. The first step is to generate EEG data for different subjects. However, data

must be generated in such a way that a certain degree of similarity in brain activity across

the subjects can be ensured. To control the degree of similarity across subjects, a certain part

of the generated signal can be specified to produce an equal sinusoidal signal across subjects.

The similar part that is specified is repeated for every second of the generated EEG time-series

to prevent that the similarity across subjects depends on the total duration (in seconds) of

the overall signal. The remaining part of every second are filled with (uniform) white noise,
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which is by definition independent across subjects. This part relates to the stimulus having

“scenes” with no neural reliability. Therefore, it can be assumed that this latter part of

the signal does not correlate across subjects. Thus, in theory, the only similar part of the

signal across subjects is the specified sinusoidal part of the signal. Every analog signal can

be represented by a combination of sine waves of appropriate frequencies and amplitudes.

Therefore, to simulate EEG data this function is chosen as the basis. Thus, the similar part

of the signal for each second will be a sine wave at 16Hz.
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Figure 3.1. Generated EEG signal for the same electrode for two different subjects. Here can

be seen that the first half second in that electrode is identical for both subjects. The half

second thereafter is random uniform noise, so that is the part that should not correlate across

the two. The pattern in one second is repeated with differently drawn uniform noise for the

‘uncorrelated’ part.
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To illustrate the generation of a signal that is similar across subjects, we will use the example

of one second. This example will perfectly generalize to longer durations (in integer seconds),

because everything is repeated at every second. So, for instance, to create signals that are

similar to a certain degree one can choose to set the true correlation at .5 by making the

sinusoidal wave lasting for .5 second. This results in a signal with 8 oscillations of the sine

wave, while the remaining of the .5 seconds are filled with uniform noise. These 8 oscillations

will be identical for two given subjects, while the rest of the signal does (at least in theory)

not correlate. Of course, due to some randomness in randomly selecting from the uniform

distribution one pair of subjects might correlate more than others. However, by making the

duration of the time-series longer, which implies increasing the number of samples, the average

will approach the true value and the randomness will be mostly undone. Note that following

the same logic, if the 16Hz sine wave makes 14 oscillations equal across subjects, the true

correlation would thus be .875, and so on (see Table 3.1 for the theoretical “true” correlations

versus the actual correlations). The actual correlations as shown in Table 3.1 are the average

correlations over 100 iterations and here we hope to find that these values would approach the

theoretical true correlations. However, the actual correlations are typically somewhat higher

than the expected (theoretical) correlation.
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Table 3.1

Difference actual correlation versus expected (theoretical) correlation

Number of cycles of
sine wave (per second) Actual correlation Confidence interval (95%) Theoretical correlation

0 -.019 -.058; .020 .000
1 .106 .068; .144 .062
2 .184 .146; .221 .125
3 .254 .217; .290 .188
4 .323 .288; .357 .250
5 .395 .362; .427 .312
6 .485 .455; .514 .375
7 .537 .509; .564 .438
8 .609 .584; .633 .500
9 .641 .618; .663 .562
10 .726 .707; .744 .625
11 .768 .752; .783 .688
12 .828 .815; .840 .750
13 .869 .859; .878 .812
14 .920 .914; .926 .875
15 .962 .959; .965 .938
16 1.000 1.000

Note. The actual correlations are retrieved by generating two sequences of 2560 data points (5 seconds

with 512Hz sampling rate) with a specific number of common cycles (see first column) and by finding

the correlation between the two signals. Randomness could cause the actual correlation deviation from

the expected (theoretical) correlation. Therefore, if new data is generated the actual correlation will

be different, but only slightly so.

However, in reality the true signal of EEG data is typically affected by some measurement

noise. And, because we want to re-create the reality as much as possible some noise is added

to the signal. There are two levels of noise that we will use in this experiment, an signal-to-

noise (SNR) ratio of 2 and one of 5, with the formula of determining the SNR being:

SNR =
max(x)

SD(ε)

where max(x) stands for the maximum of signal x and SD(ε) for the standard deviation

of the error part ε also known as the noise. The noise will come from a zero-mean Gaus-
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sian distribution and because the SNR and the maximum of the signal are known only the

standard deviation of the noise needs to be determined and used to manipulate the amount

of noise. Therefore, the formula is rewritten in the following way to find the wanted deviation:

SD(ε) =
max(x)

SNR

For an SNR of 2 and 5, respectively, we used a standard deviation of:

1

2
= .5 &

1

5
= .2

So, the noise that is added comes from a Gaussian distribution:

X ∼ N (µ, σ2) , (3.1)

where µ = 0 and σ2 = {.2, .5} for respectively an SNR of 5 or 2. Since the noise comes from

a Gaussian distribution, the standard deviation SD(ε) is equal to σ.

Note, however, that by adding noise nothing will change to the “true” correlation, because

the expected value of a Gaussian distribution is zero. Of course, due to noise, the signal will be

distorted and the actual correlation will be most likely lower than the theoretical correlation.

Table 3.2 displays the actual correlation versus the “true” correlation, but now with some

noise added to the data. The noise is added respecting a SNR ratio of 5. Again, it can be

noticed that the actual correlations are close to the expected (theoretical) ones, but tend to

be somewhat higher.
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Table 3.2

Difference actual correlation versus expected (theoretical) correlation
with Gaussian noise added

Number of cycles Actual correlation Confidence interval (95%) Theoretical correlation

0 -.019 -.058; .020 .000
1 .046 .007; .085 .062
2 .168 .130; .205 .125
3 .194 .156; .231 .188
4 .290 .254; .325 .250
5 .348 .313; .382 .312
6 .420 .388; .451 .375
7 .485 .455; .514 .438
8 .563 .536; .589 .500
9 .632 .608; .655 .562
10 .688 .667; .708 .625
11 .704 .684; .723 .688
12 .759 .742; .775 .750
13 .776 .760; .791 .812
14 .840 .828; .851 .875
15 .895 .887; .902 .938
16 1.000 1.000

Note. Again,the actual correlations are retrieved by generating two sequences of 2560 data points (5

seconds with 512Hz sampling rate) with a specific number of common cycles (see first column) and

by calculating the correlation between the two signals. However, this time Gaussian noise is added to

the signals, meaning there is an extra randomness factor in play. Still, the message stands that each

actual correlation corresponds to a theoretical correlation. Therefore, these correlations should follow

a quite similar trend.

46 Using synchronicity in neural responses to predict population behaviour



CHAPTER 3. SIMULATION STUDY

Generalizing to multiple subjects

The idea of generating similar EEG data is generalized to multiple -more than two- subjects

measured by multiple electrodes. The multiple electrodes with their corresponding samples

per subject can be seen as the within-subjects correlation. However, in our case of neural

reliability, it is more important to control for the between-subjects correlation (for a further

explanation see section 3.2.3). Furthermore, also an external criterion is investigated, namely

buying behaviour. In particular, data is generated for 40 subjects, where each data set of

one subject is a matrix of 32 electrodes by 2560 time points. The amount of time points is

because the sampling rate is set at 512Hz, while each viewing (e.g. commercial) lasts exactly

5 seconds, so 5 times 512 equals 2560. From now on, we will refer to this generated tensor for

40 subjects as a data cube. The data cube will be notated by Xc as can be seen in Figure 5:

Timepoints (2560)

Electrodes (32)

Subjects (40)

Figure 3.2. Graphical representation of simulated EEG data cube Xc for commercial c

By varying the number of cycles of similar sinusoidal signal across subjects, data is generated

that is similar to different degrees. Data for ten commercials (Xc where c = 1, 2, ..., 10) are

created where subjects correlate high across each other, and another ten commercials where

the correlation across subjects is lower. For the high correlation conditions data cubes subjects

correlate from .5 up to .75 with ten roughly equal jumps in correlation, while the data cubes

with lower percentages are in the range of .15 and .40 with again approximately equal steps.

Note that the different degrees of correlation are created by changing the duration of equal
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sinusoidal part across subjects (see Figure 3.1). The ten data cubes (Xc where c = 1, 2, ..., 10)

that are generated form a data set which will be notated by X.

As also illustrated in Figure 1, the “true” correlation, set by the duration of the equal

sinusoidal part, may differ from the actual correlation. As discussed with Table 3.1 and

3.2, the actual correlation estimate is achieved on average, but might differ slightly from

the (theoretical) expected correlation for one data set or the other. That is because noise is

introduced that is intrinsically random. Thus, the part of the signal that is filled with Uniform

noise, but also the addition of Gaussian noise over the whole signal introduces randomness.

However, by generating the data 10.000 times with the same parameters, the factor of finding

something due to mere luck is very small, so you could say that the effect of differences

between data sets is eliminated. Furthermore, by running the analysis multiple times, a

better understanding is gained of the neural reliability methods’ precision and stability in

unraveling the relationship between neural reliability and buying behavior.

3.2.2 Applying the different neural reliability methods

Once the synthetic data with various degrees of similarity across subjects has been generated,

all the different proposed methods will be applied to these data sets. However, typically one

of the first steps is to de-noise EEG data in order to find the true underlying signal. Thus, in

order to examine the performance of the de-noising technique, the analysis is also run with

and without wavelet denoising. Next, the following neural reliability methods are applied to

denoised and undenoised data.

• Dmochowski’s and colleagues’ (2014) method

• Tucker’s Congruence

• Modified RV

• SUMCOV (bet)

• SUMCOV (diff)

• SSQCOV (bet)

• SSQCOV (diff)
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• Hasson (averaged over time-points)

• Hasson (averaged over electrodes)

• CorMethod (averaged over time-points)

• CorMethod (averaged over electrodes)

Since Dmochowski and colleagues’ (Dmochowski et al., 2014) proposed to use three ISC values,

we will also use three values for the other mentioned methods except Hasson’s method which

only yields one estimate of ISC.

Moreover, a pilot study of the simulation study showed that the different parameters

that could be set for the wavelet shrinkage, threshold rule and value, did barely change the

outcome for any of the de-noised data sets. The difference in the outcome was somewhere

along the lines of five or more digits behind the decimal point. Thus, choosing only one of

the multiple possibilities would still give a proper indication of the performance under other

methods. Of course, it also beneficial time-wise. Therefore, there is chosen to use only the

universal threshold scheme and the hard threshold value for our final analysis (Constantine

& Percival, 2010).

3.2.3 Creating a buying behaviour estimate

Then, most importantly, we are interested in how good the acquired ISC estimates from each

different method can capture the “true” underlying relationship with buying behaviour. To

this end, random variables are created subject to the constraint that they should have a pre-

defined correlation to the existing “true” ISC measure, see ‘Generalizing to multiple subjects’.

Here the “true” underlying relationship is captured by estimating the ISC with a method de-

rived from Hasson and colleagues’ (Hasson et al., 2004). Since their analysis was proposed for

fMRI studies, the estimation of correlation is not done voxel-wise, but electrode-wise between

every pair of subjects. As done in formula 2.30, where si refers to electrodes instead of voxels.

A final ISC estimate was obtained by averaging over all correlation coefficients:

r̄ =
1

n2−n
2

n∑
i=1

n∑
j=2,j>i

ri,j (3.2)

Using synchronicity in neural responses to predict population behaviour 49



CHAPTER 3. SIMULATION STUDY

where n is the total number of subjects. So, in the case of 40 subjects, the correlation

coefficients are averaged over (402−40)
2 = 780 subject pairs. In order to capture the “true” ISC

as good as possible, the above mentioned ISC calculations are done on the EEG generated

data without Gaussian noise. Including noise might cause over- of underestimate of the “true”

ISC.

Now, to let buying behaviour data correlate to a predefined degree with ISC, we use the

fact that for vectors with mean zero, their correlation equals the cosine of their angle. So,

to write the problem more formally, we want to find a vector x1 with exactly the desired

correlation r with another vector x2, corresponding to an angle θ. To do so, first we have a

fixed vector x1 and a random vector x2. Then, both these vectors are centered (i.e. mean of

0), giving ẋ1 and ẋ2. Whereupon, ẋ2 is made orthogonal to ẋ1 (projection onto orthogonal

subspace), giving ẋ⊥2 . This is done via the QR-decomposition which decomposes a matrix A

into a product A = QR of an orthogonal matrix Q and an upper triangular matrix R. As a

next step, ẋ1 and ẋ⊥2 are scaled to length 1, giving x̄1, and x̄⊥2 . Then, x̄⊥2 + (1/tan(θ)) ∗ x̄1

is the vector whose angle to x̄1 is θ, and whose correlation with x̄1 thus is r. This is also the

correlation to x1, since linear transformations leave the correlation unchanged. Because the

mean of the vector is set to 0 and the vector was scaled the actual numbers are not integers

and can also be negative. Now, we want those numbers to represent hypothetical buying

behaviour numbers like the amount of clicks on a certain website or the actual purchasing

of some good. Therefore, some value is added and they are multiplied by a factor to create

integer values. Note, that this does not change the correlation, since, as stated earlier, linear

transformations leave the correlation intact. Following these steps, we have created buying

behaviour values that correlate for 0.9, 0.6, and 0.4 to the “true” ISC value.
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Pseudo-code

Algorithm 3: Creating a random variable with predefined correlation

Result: Generated vector with predefined correlation to fixed vector

Choose length of vector (n)

Choose desired correlation (ρ = cos(∠))

Define θ = arccos(ρ)

Define fixed vector x1

Define random vector x2

Define X as matrix with column-vectors x1 and x2

Do center matrix X column-wise (mean 0)

Define I as the identity matrix of dimensions n x n

Do QR-decomposition X = Q′R

Define projection P onto space defined by x1, P = QQ′

Do make column-vector x2 orthogonal to x1, thus x2 becomes (I − P )′x2

Define Y as X with scaled column-vectors of length 1

Update vector x2 as y2 + ( 1
tan(θ) ∗ y1)

3.2.4 Predicting the buying behaviour estimate

With the acquired ISC estimates from the different methods (see section 3.2.2 for the meth-

ods), the buying behaviour measures are predicted using a least-squares model. Because the

“true” underlying relationships are known (see section 3.2.4), it is interesting to examine

how well the different methods perform in terms of variance explained. The performance of

the different methods are judged using the amount of variance they should explain and how

precise they do so over the 10000 runs. To illustrate, when the buying behaviour and the

“true” ISC estimates correlate with each other for 0.9 then the explained variance should be

.902 = .81. All in all, the combination of methods that is the closest and most stable around

this value is the most accurate one, thus the best one. If a method claims to explain more

variance, then it is trying to explain noise variance. On the other hand, when a method is

below the desired value, then it explains less of the variance as it should be, not fully captur-
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ing the “true” correlation between ISC and buying behaviour.

Furthermore, the methods are all tested under different conditions to examine how each

method relates to de-noising or not, and different levels of SNR (see Table 3.3).
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Table 3.3

All the 24 different conditions in the simulation study listed in a table

Level of ρ Level of NR Level of SNR Denoising

.40 High 2 Undenoised

.60 High 2 Undenoised

.90 High 2 Undenoised

.40 High 5 Undenoised

.60 High 5 Undenoised

.90 High 5 Undenoised

.40 Low 2 Undenoised

.60 Low 2 Undenoised

.90 Low 2 Undenoised

.40 Low 5 Undenoised

.60 Low 5 Undenoised

.90 Low 5 Undenoised

.40 High 2 Denoised

.60 High 2 Denoised

.90 High 2 Denoised

.40 High 5 Denoised

.60 High 5 Denoised

.90 High 5 Denoised

.40 Low 2 Denoised

.60 Low 2 Denoised

.90 Low 2 Denoised

.40 Low 5 Denoised

.60 Low 5 Denoised

.90 Low 5 Denoised
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3.3 Results

In this section, the results of the simulation study will be presented and discussed. Recall

that two main topics are to be investigated in this study, namely the performance of various

ISC methods in finding the “true” ISC and the performance of the obtained ISC estimates in

predicting buying behaviour numbers. For that reason, this section is divided into two parts:

‘Recovery of “true” ISC’ and ‘Prediction performance’.

3.3.1 Recovery of “true” ISC

Below multiple tables are shown that are used to analyse the correlation of the “true” ISC

(as calculated with formula 2.30) with the ISC estimates per method. Here the correlation is

measured using the Pearson’s r. Furthermore, the unweighted sum of ISC estimates is taken

up in the analysis as well as the weighted sum where the weights are retrieved by regressing

buying behaviour on the ISC estimated for that particular data set. The different tables

below portray the results over the different conditions. Thus, the different levels of neural

reliability (NR) which can be either ‘high’ or ‘low’, the level of SNR which are either 2 or

5, and whether or not the data set is denoised. Note, that the different levels of ρ (.40, .60,

and .90) are only relevant to the buying behaviour numbers and are therefore excluded from

the analysis of the recovery of “true” ISC by the ISC estimates derived from the different

methods. For readability reasons, some tables are left out in this section and can be found in

Appendix A.

In general, the sequence of tables is as follows: first, the means and standard deviations

are shown as to describe what the actual ISC values are per condition, then most importantly

the correlations are shown as to investigate how strongly well the “true” ISC is recovered.
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Results averaged over all conditions

First, the results averaged over all conditions are shown as can be seen in Table 3.4 and 3.5.

Using these results as a benchmark, we can compare the different conditions if they exceed

or are inferior to the overall average results.

In Table 3.4 the means and standard deviations are seen of all ISC values for all methods

averaged over all conditions. In all cases, except the Hasson calculations, the estimates are

retrieved using EVD where the first eigenvalue and eigenvector represent the most variance

explained, and are thus the most important. The second and third ISC are in decreasing order

less important. Therefore, it is logical that the first ISC has the highest value, and the third

the lowest. In general, that is the case, only SSQCOV (bet) has a average third ISC value

that is higher than the second, though the values are very close. Strikingly, the second and

third values are much lower than the first one suggesting that they are much less important.

In some cases, as is especially the case for Dmochowski et al.’s method, the second and third

ISC are (almost) zero and are therefore almost meaningless.
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Table 3.4

Means and standard deviations of ISC estimates for all methods averaged over all conditions

Method n M SD

CorMethod ISC1 800000 24.033 11.548
ISC2 800000 .720 .174
ISC3 800000 .695 .179

CorMethod2 ISC1 800000 16.534 6.637
ISC2 800000 3.906 .777
ISC3 800000 3.342 .704

Dmoch ISC ISC1 800000 .946 .078
ISC2 800000 .001 .017
ISC3 800000 .000 .009

ISC Hasson ISC1 800000 .388 .117
ISC Hasson2 ISC1 800000 .332 .194
ModRV ISC1 800000 34.057 8.751

ISC2 800000 .180 .234
ISC3 800000 .176 .233

SSQCOV (bet) ISC1 800000 18287310973.419 27237289258.048
ISC2 800000 182460662.516 807134256.276
ISC3 800000 197742082.601 989778585.217

SSQCOV (diff) ISC1 800000 14930482928.158 23856404761.289
ISC2 800000 177447386.674 840094190.136
ISC3 800000 165120731.319 803664658.006

SUMCOV (bet) ISC1 800000 3052768.798 3701903.096
ISC2 800000 237194.751 491838.306
ISC3 800000 232848.095 483332.622

SUMCOV (diff) ISC1 800000 2949677.580 3583184.326
ISC2 800000 225775.067 494784.067
ISC3 800000 217570.282 468003.688

Tucker ISC1 800000 23.442 10.804
ISC2 800000 .624 .132
ISC3 800000 .585 .159
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Table 3.5 shows the averages over all conditions for each method separately. Over all con-

ditions we spot four methods where their first and most important1 ISC estimate correlate

exceptionally high (> .90), namely CorMethod2, Dmochowski and colleagues’ ISC, ISC Has-

son2, and the modified RV-coefficient with respectively correlations of .977, .947, .974, and

.945 with the “true” ISC. The second ISC estimate (not considering the Hasson methods)

never correlates more strongly than the first one, the same applies for the third ISC estimate.

However, for some methods it does correlate highly, but negatively. A good example of this

are the methods CorMethod2 and the modified RV-coefficient. Again, pointing to the fact

that these estimates are found by EVD, the second estimate is orthogonal to the first, as is

the third to the first and the second. This second and third estimates seem to capture the

opposite of the first ISC estimate. In a slightly less persuasive way, this also applies to the

methods CorMethod and Tucker’s. For the remaining methods, it seems as if only the first

ISC estimate captures the “true” ISC, while the second and third are negligible. Interestingly,

taking the weighted sum as was suggested by Dmochowski et al. (2014) is not working better,

not for their proposed ISC estimate, but also not for the others in comparison to just taking

the first ISC. This can be seen from this table, but is prevalent throughout all tables.

Table 3.5

The average correlations over all data sets

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod .586 −.680 −.730 .559 .614
CorMethod2 .977 −.958 −.962 .974 .733
Dmoch ISC .947 .011 −.014 .504 .712
ISC Hasson .644 .644 .560
ISC Hasson2 .974 .974 .824

ModRV .945 −.939 −.950 .929 .722
SSQCOV (bet) .320 .085 .105 .332 .432
SSQCOV (diff) .312 .109 .098 .325 .438
SUMCOV (bet) .229 .086 .085 .278 .410
SUMCOV (diff) .206 .120 .114 .265 .426

Tucker .567 −.526 −.526 .571 .545

1Recall that by doing EVD the first ISC estimate is the most important. In the case of the Hasson
estimations, there is only one ISC estimate.
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Results averaged over all denoised conditions

The tables below show the results averaged over all denoised conditions. As can be seen from

these tables, using wavelet transforming to enhance the signal does not work as, in general,

the correlations are lower than the overall averaged results.

Table 3.6 containing the means and standard deviations in all denoised conditions shows

a similar pattern as the one with the overall averages. Also here, as compared with Table

3.4, it stands out that the first ISC is by far the highest number compared to the lower rank

ISCs. Furthermore, for all methods except the SSQCOV and SUMCOV methods, the ISC

values tend to be higher when the data is denoised.
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Table 3.6

Means and standard deviations of ISC estimates for all methods averaged over all denoised
conditions

Method n M SD

CorMethod ISC1 400000 35.155 .934
ISC2 400000 .586 .077
ISC3 400000 .551 .065

CorMethod2 ISC1 400000 20.996 5.684
ISC2 400000 3.572 .802
ISC3 400000 3.004 .705

Dmoch ISC ISC1 400000 .993 .006
ISC2 400000 .001 .023
ISC3 400000 -.001 .012

ISC Hasson ISC1 400000 .474 .023
ISC Hasson2 ISC1 400000 .463 .164
ModRV ISC1 400000 39.428 0.489

ISC2 400000 .041 .041
ISC3 400000 .037 .035

SSQCOV (bet) ISC1 400000 11906558932.675 19957929083.636
ISC2 400000 120917059.422 596742109.083
ISC3 400000 126778330.222 587523198.481

SSQCOV (diff) ISC1 400000 11573654882.897 19335225563.035
ISC2 400000 120691553.666 561213795.719
ISC3 400000 133461401.943 654141271.211

SUMCOV (bet) ISC1 400000 2564280.137 3229971.022
ISC2 400000 198002.652 440815.392
ISC3 400000 196474.417 428928.120

SUMCOV (bet) ISC1 400000 2558241.433 3137985.772
ISC2 400000 190607.283 428862.309
ISC3 400000 189123.710 421328.742

Tucker ISC1 400000 33.788 .992
ISC2 400000 .529 .056
ISC3 400000 .452 .047
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Table 3.7 shows the average correlations over all denoised data sets. Already interesting

conclusions can be drawn if we compare the correlations in this table to the one above con-

sisting of the overall average correlations (Table 3.5). The correlations in this table tend to

be lower meaning that denoising in comparison with no denoising strategy performed worse.

To further proof that case one might compare with the table below (average correlations over

all undenoised data sets). Only both the SSQCOV methods seem to benefit (slightly) from

denoising. Therefore, one may conclude that in general wavelet transform as a denoising step

does not enhance the underlying signal as was expected, but only makes the signal harder to

capture.

Table 3.7

The average correlations over all denoised data sets

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod .173 −.369 −.468 .119 .481
CorMethod2 .967 −.931 −.939 .960 .727
Dmoch ISC .896 .008 −.011 .027 .675
ISC Hasson .290 .290 .266
ISC Hasson2 .960 .960 .808

ModRV .892 −.881 −.903 .859 .695
SSQCOV (bet) .361 .078 .102 .372 .442
SSQCOV (diff) .335 .113 .089 .347 .453
SUMCOV (bet) .234 .090 .119 .289 .411
SUMCOV (diff) .212 .126 .124 .274 .432

Tucker .136 −.058 −.057 .143 .344
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Results averaged over all undenoised conditions

The results averaged over all undenoised data sets are outperforming the overall average

results, as can be seen below in Table 3.8 and 3.9.

In Table 3.8 we find the means and standard deviations over all undenoised data sets.

Again, a similar pattern strikes that the first ISC is easily the highest of the three, while

naturally excluding the Hasson estimations. Furthermore, for most methods the first ISC

values tend to be lower compared to the denoised data sets, only the SSQCOV and SUMCOV

methods differ from that.
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Table 3.8

Means and standard deviations of ISC estimates for all methods averaged over all undenoised
conditions

Method n M SD

CorMethod ISC1 400000 12.911 4.292
ISC2 400000 .854 .137
ISC3 400000 .840 .134

CorMethod2 ISC1 400000 12.071 3.996
ISC2 400000 4.241 .582
ISC3 400000 3.680 .515

Dmoch ISC ISC1 400000 .900 .088
ISC2 400000 .001 .001
ISC3 400000 .001 .001

ISC Hasson ISC1 400000 .302 .110
ISC Hasson2 ISC1 400000 .201 .120
ModRV ISC1 400000 28.687 9.759

ISC2 400000 .319 .264
ISC3 400000 .316 .262

SSQCOV (bet) ISC1 400000 18521370507.928 27778482044.797
ISC2 400000 244004265.610 969152542.236
ISC3 400000 268705834.979 1266519049.376

SSQCOV (diff) ISC1 400000 18287310973.419 27237289258.048
ISC2 400000 234203219.682 1044085662.783
ISC3 400000 196780060.695 928358737.647

SUMCOV (bet) ISC1 400000 3541257.459 4061803.908
ISC2 400000 276386.850 535182.385
ISC3 400000 269221.772 529713.132

SUMCOV (bet) ISC1 400000 3341113.728 3940184.253
ISC2 400000 260942.851 550660.264
ISC3 400000 246016.855 508840.961

Tucker ISC1 400000 13.097 4.293
ISC2 400000 .720 .115
ISC3 400000 .717 .115
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In Table 3.9 we find all the correlations averaged over all undenoised data sets. As was

concluded from the table above, not denoising via wavelet transform lead to better correl-

ations with the “true” ISC. In this table we find that more methods seem to produce ISC

estimates that correlate highly with the “true” ISC. Now seven methods have a first ISC

estimate that correlate almost perfectly with .998, .987, .999, .998, .987, .998, and .998 for re-

spectively CorMethod, CorMethod2, Dmochowski and colleagues’ method, ISC Hasson, ISC

Hasson2, modified RV-coefficient, and Tucker’s congruence. Basically all methods except for

the SSQCOV and SUMCOV methods.

Table 3.9

The average correlations over all undenoised data sets

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod .998 −.991 −.993 .998 .747
CorMethod2 .987 −.984 −.985 .987 .738
Dmoch ISC .999 .015 −.017 .981 .749
ISC Hasson .998 .998 .853
ISC Hasson2 .987 .987 .840

ModRV .998 −.997 −.997 .998 .748
SSQCOV (bet) .280 .091 .109 .293 .423
SSQCOV (diff) .290 .104 .106 .303 .423
SUMCOV (bet) .223 .081 .051 .268 .409
SUMCOV (diff) .199 .114 .103 .255 .421

Tucker .998 −.993 −.995 .998 .747
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Effects of different conditions on undenoised data sets

Below we find only tables for the undenoised data sets, the other tables corresponding to

the same conditions but with wavelet transform denoising step can be found in Appendix A.

From here it was clear that denoising produced worse results, and therefore we conclude that

denoising EEG data via wavelet transform is not able to enhance the signal. From now on,

the analysis for the correlations will solely focus on the undenoised data sets and the effects

of the different conditions.

Table 3.10 shows the results when the neural reliability level is ‘high’ and the most favour-

able SNR, namely 5. By looking at the same methods that performed so well on average over

all undenoised conditions, it becomes clear that these conditions make it ‘easier’ for the meth-

ods to capture the “true” ISC. Actually, the methods CorMethod, ISC Hasson, and Tucker

have perfect correlations. Although, the methods CorMethod2, Dmochowski and colleagues’

method, ISC Hasson2, and the modified RV-coefficient are not far behind and have extremely

high correlations of respectively .994, .999, .994, and .999. Only, the SSQCOV and SUMCOV

methods seem to do a poor job in correlating with the “true” ISC measure.

Table 3.10

Correlations when neural reliability is high, SNR equals 5, and the data sets are undenoised.

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod 1.000 −.981 −.985 1.000 .749
CorMethod2 .994 −.994 −.994 .994 .744
Dmoch ISC .999 −.051 −.026 .930 .749
ISC Hasson 1.000 1.000 .855
ISC Hasson2 .994 .994 .848

ModRV .999 −.997 −.998 .999 .749
SSQCOV (bet) .170 .092 .112 .183 .406
SSQCOV (diff) .192 .107 .131 .206 .402
SUMCOV (bet) .144 .043 .019 .171 .385
SUMCOV (diff) .148 .089 .048 .188 .397

Tucker 1.000 −.988 −.992 1.000 .749
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Table 3.11 displays the correlation coefficients when the neural reliability level is high, but

with less favourable signal-to-noise conditions, that is to say an SNR of 2. When more

noise is added to the signal, we would expect a worse performance of capturing the “true”

ISC. Interestingly, that is the case for 5 out of the 11 methods (CorMethod, ISC Hasson,

SUMCOV (bet), SUMCOV (diff), and Tucker). Although, the differences are so small they

may be negligible. All in all, the different levels of SNR do not seem to matter that much for

all methods.

Table 3.11

Correlations when neural reliability is high, SNR equals 2, and the data sets are undenoised.

ISC1 ISC2 ISC3 Unw.Sum WeightedSum

CorMethod .999 −.993 −.995 .999 .568
CorMethod2 .996 −.991 −.993 .996 .567
DmochISC .999 .031 −.006 .997 .569
ISCHasson .999 .999 .751
ISCHasson2 .996 .996 .747
ModRV 1.000 −.998 −.999 1.000 .571

SSQCOV (bet) .194 .038 .087 .203 .256
SSQCOV (diff) .208 .037 .082 .217 .240
SUMCOV (bet) .150 .031 −.006 .172 .243
SUMCOV (diff) .121 .093 .056 .159 .235

Tucker .999 −.995 −.996 .999 .569
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Table 3.12 comprises of correlation coefficients when neural reliability level is ‘low’ and SNR

equals 5. The lower level of neural reliability results in slightly lower correlation coefficients

overall than when they are high. Although, the effect is minimal, therefore we may conclude

that the level of neural reliability in this study does not have that big of an impact.

Table 3.12

Correlations when neural reliability is low, SNR equals 5, and the data sets are undenoised.

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod .998 −.997 −.997 .998 .746
CorMethod2 .971 −.970 −.970 .972 .725
Dmoch ISC 1.000 .020 −.052 .998 .748
ISC Hasson .998 .998 .852
ISC Hasson2 .971 .971 .819

ModRV .999 −.999 −.999 .999 .748
SSQCOV (bet) .379 .110 .131 .394 .447
SSQCOV (diff) .377 .142 .114 .393 .443
SUMCOV (bet) .277 .141 .129 .347 .432
SUMCOV (diff) .250 .143 .149 .321 .436

Tucker .998 −.997 −.997 .998 .746

66 Using synchronicity in neural responses to predict population behaviour



CHAPTER 3. SIMULATION STUDY

Table 3.13 consists of the correlation results with a ‘low’ neural reliability level and a SNR

of 2. As the neural reliability level is ‘low’ and the SNR is least favourable we would expect

worse performance overall. Overall, the correlation coefficients are slightly lower, however by

such a small margin that it may be insignificant.

Table 3.13

Correlations when neural reliability is low, SNR equals 2, and the data sets are undenoised.

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod .996 −.993 −.994 .996 .745
CorMethod2 .987 −.981 −.983 .987 .739
Dmoch ISC .999 .060 .015 .999 .748
ISC Hasson .996 .996 .851
ISC Hasson2 .988 .988 .841

ModRV .994 −.992 −.993 .995 .746
SSQCOV (bet) .376 .125 .106 .390 .442
SSQCOV (diff) .382 .132 .097 .398 .469
SUMCOV (bet) .323 .108 .062 .380 .439
SUMCOV (diff) .279 .130 .161 .354 .479

Tucker .996 −.994 −.994 .996 .745
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Discussion of results

All in all, we must conclude by looking at the correlation coefficients that denoising via

wavelet transform does not enhance the true underlying signal in our analysis. In fact, the

correlations are much worse compared to when the data is not denoised. That is an odd

finding, since wavelet transform is supposed to throw away the noise and should make the

signal more clear (Adeli et al., 2003; Khatwani & Tiwari, 2013).

Furthermore, all methods their first ISC value has an extremely strong relationship with

the “true” ISC value according to both the correlations. However, this does not apply for the

SSQCOV and SUMCOV method as all of their correlation coefficients are not that high.

The ISC values themselves are almost not affected by the different conditions. Further-

more, by mere looking at the correlation coefficients it is hard to notice any great effect of

the different conditions. Therefore, by looking at the ISC values we might argue that neural

reliability has a minor effect, while changing the SNR ratio from 5 to 2 has some more effect.

Although, maybe both the effects are negligible.

On the undenoised data sets basically all methods except the SSQCOV and SUMCOV

calculations perform exceptionally well with near perfect correlations. Thus, these methods

are: CorMethod, CorMethod2, Dmochowski and colleagues’ method, ISC Hasson, ISC Has-

son2, modified RV-coefficient, and Tucker’s congruence. The two methods that are not at

all affected by any of the conditions and are therefore not only very accurate and effective,

but also extremely reliable, are Dmochowski and colleagues’ and the ISC Hasson method. Of

course, the “true” ISC is calculated with the same formula, only these “true” values were

retrieved before noise was added. Therefore, clearly the ISC Hasson is able to find the un-

derlying signal after the noise was added.

However, the exceptional high (almost perfect) correlation coefficients for some methods

are peculiar, since in practice near perfect correlations are rare, very rare. Furthermore, by

the fact that the different conditions did not significantly affect these correlations it seems as

if the conditions were too ‘easy’ for some of the methods. For the better performing methods

it would have been pleasant to see how they perform under more conservative conditions to

separate the chaff from the wheat. Now, they are performing so well under all the different
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conditions, it is hard to see the influences of either SNR or the level of neural reliability.
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3.3.2 Prediction performance

The following analysis should answer the second question: how well do the different ISC

measures predict a population measure? In this analysis a least squares solution is set-up

with the ISC values as independent variables and the population measure as the dependent

variable. This process of using the ISC estimates to predict buying behaviour is ran 10.000

times for each of the methods. The below box plots show the distribution of the estimated

variance explained, or R-squared, by fitting that least square model for each method over

10.000 runs to demonstrate which of the methods is performing best at extracting the “true”

variance explained estimate. The different conditions for each data set are shown on the

x-axis, while the y-axis shows the mean and the variance around that mean, ranging from 0

to 1, over 10.000 runs.

So, from these box plots the mean of the R-squares as well as the spread around the

mean for each method can be seen. Also note that in these plots there are three dashed lines

which represent the multiple targets. These targets are the true explained variance that are

to be expected, since we deliberately created three buying behaviour values that correlate

for .90, .60, or .40. Therefore, we know what explained variance we could expect in the

data sets, namely .81, .36, and .16 for respectively the levels .90, .60, and .40. The values of

these targets are highlighted by dashed lines in three colours, namely blue, green, and red for

respectively the levels at .16, .36, and .81. The box plots themselves are also coloured in with

the same colours to represent the targets for that particular condition. Thus, when the mean

sits perfectly on the corresponding dashed line it shows that the overall mean over 10.000

runs is exactly the expected mean. In other words, the performance of the method is doing

perfect on average. On the other hand, the further the corresponding overall mean is from

this dashed line the worse the method is performing. Similarly, when the spread around the

mean is none it shows that the method is able to extract the mean with perfect precision and

it catches the same mean over 10.000 runs. While, a spread higher than 0 represents lesser

precision of the method. Moreover, the more the spread is different from 0, the less accurate

the method is.

These plots give an overview of the performance over all data sets per method. More box
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plots can be found in Appendix B where the results of all methods are shown per type of

data set with different conditions. Thus, here the performance of each method can be more

easily compared to other methods as to how well they are doing for a particular data set.
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Figure 3.3. CorMethod

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

In Figure 3.3 the results of the variance explained over 10.000 runs are shown for the Cor-

Method ISC calculation. From this figure it can be seen that the method performs well when

the ρ level is .90 and when the data is not denoised. The mean of the explained variance is

very close to the expected value of .81, while the variance around that mean is low. That is
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to say that for the other conditions the results are less impressive. For the condition when

ρ equals .16, there is some overestimation of the explained variance. For the denoised data

sets it recognizes that for higher levels of ρ there is more explained variance in the data, and

vice versa. However, the mean is far off the expected value and with very wide spread around

that mean. Basically, the same can be said for the undenoised data sets when the levels of ρ

are .60 and .40, although their means are slightly more off while their spread is lower.
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Figure 3.4. CorMethod2,

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

Figure 3.4 presents the results of CorMethod2 on finding the right amount of explained

variance after 10.000 runs. When compared to the other methods, it is striking that their is

no big difference between denoising the data as opposed to not denoising it. Therefore, the
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following applies to both the denoised as the undenoised data sets. From the figure it can

be seen that this particular method is able to find the expected variance for all condition

where the ρ equals .90. Furthermore, it does so with relatively high precision. As the levels

of ρ decrease, so does the performance as the mean is more and more off the lower the level

becomes. At the same time also the precision decreases with lowering the ρ level.
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Figure 3.5. Dmoch ISC

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

Figure 3.5 demonstrate the means of the R-squared and their spread over the different con-

ditions for Dmochowski et al.’s method. Similarly to other methods, for the undenoised data

sets and when the level of ρ is .90 the means are on par with the expected explained variance
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with low spreads around those means. This also happens to be the case for the denoised data

sets when the conditions are a ρ of .90 and a ‘low’ neural reliability level. Strangely, when

the neural reliability is ‘high’, the means are more biased and their corresponding spreads

are bigger. For the other conditions the results are more disappointing. Again, the lower the

level of ρ is, the more off are the means as well as the higher the spread. Moreover, in general

when the data is denoised, the spread seems to be greater.
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Figure 3.6. ISC Hasson

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

From Figure 3.6 the means and spreads around those means for ISC Hasson can be seen over

10.000 runs. The performance on the undenoised data sets are nothing short of stunning. The

means are sitting almost perfectly on the expected variance line with a littlest spread around
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them. The exact opposite is true for the denoised data sets as the means are extremely far

off, in increasing order per higher level of ρ. That same analogy also applies on the spreads

around those means as it increases for each higher value of ρ. Thus, under some conditions

the method by Hasson does well, but in others it fails and has a very large set of outliers

(2004).
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Figure 3.7. ISC Hasson2

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

The results for ISC Hasson2 are shown in Figure 3.7. This figure presents the means and

spreads around those means over 10.000 runs. It can be easily seen that over all conditions the

means are relatively close to the expected explained variance. Although, for the undenoised
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data sets even more than for the denoised ones. When the level of neural reliability is ‘high’,

the spread is also minimal. However, when that level for neural reliability is ‘low’, the spread

increases by a small margin. Overall, this method performs good under any condition.
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Figure 3.8. Modified RV-coefficient

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

Figure 3.8 comprises the results for the modified RV-coefficient over 10.000 runs. From this

figure we notice that, again, for the ρ level of 0.90 that the performance is good. The means

are close to the dashed line which represents the expected explained variance, while the spread
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around that mean is low. However, it is slightly less so for the denoised data sets as can be

more clearly seen for the cases when the neural reliability is high and the SNR equals 2 and

5. The performance for the other conditions show a similar pattern as the lower the level of

ρ, the more biased the mean is and the more spread around that mean. This applies for both

the denoised as the undenoised data sets for the modified RV-coefficient.
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Figure 3.9. SSQCOV (bet)

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

The means for the R-squared values and the variance around those means for SSQCOV (bet)

are displayed in Figure 3.9. Over 10.000 runs the averages look rather poor for this method

over all conditions. On average this method seems to predict an explained variance of around
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.35, therefore when the level of ρ equals .60 the mean is pretty close. Furthermore, on average

it seems to find the distinction between the various levels of ρ as it shows the highest mean for

ρ = .90 and the lowest mean when ρ equals .40. However, that also means that the means of

those two extreme levels of ρ are poorly found by this method. Moreover, the spread around

those means are rather great, making it an unreliable method to work with.
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Figure 3.10. SSQCOV (diff)

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

The results of the SSQCOV (diff) method are displayed in Figure 3.10 and actually shows

close resemblance with the results of the SSQCOV (bet) method (see Figure 3.9). The only

difference is that now on average it predicts that the explained variance is around .40. Thus,
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again, for the case ρ = .60 the means are what they should be. However, as the SSQCOV

(bet) method, now the spreads around those means are again rather great, not to mention

the poor explained variance estimation for the cases when the levels of ρ are .40 and .90 with

great uncertainty. It seems to find a better distinction between those levels of ρ, however, as

is clear by now, not to a satisfactory level.
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Figure 3.11. SUMCOV (bet)

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

The results for the SUMCOV (bet) are similar to both the SSQCOV methods as can be seen

in Figure 3.11. For that reason, we will keep it short and will refer to the previous explained

results in Figure 3.9 and Figure 3.10. Again, the means for the ρ level of .60 are close as it

88 Using synchronicity in neural responses to predict population behaviour



CHAPTER 3. SIMULATION STUDY

seems to predict around this value all the time for all conditions. That implies that for the

other levels of ρ it does a not so good job. Moreover, the spread around all means are rather

high. Therefore, the great uncertainty makes this method impractical.
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Figure 3.12. SUMCOV (diff)

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

As the results of both SSQCOV methods were close, so are the results for both the SUMCOV

methods, see Figure 3.12. Here, we notice again that for all conditions the average prediction

of the explained variance is around .40, therefore being close to the ρ level of .60. However,
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it seems more luck than skill as the other conditions still produce almost the same results. A

small distinction for the different levels of ρ is found, but not precise enough to make it work.

The spread round the mean is great for all conditions.
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Figure 3.13. Tucker

The abbreviations at the x-axis are starting with ‘high’ or ‘low’ standing for the levels of

neural reliability and then 2 or 5 for the two levels of SNR. The plot is divided into three

parts, from left to right the different rho values are stated by ‘rho = .40’, ‘rho = .60’, or ‘rho

= .90’ for respectively the ρ levels of .40, .60, and .90. If the bar is light blue that means it

corresponds to the undenoised data sets and whenever it is pink it represents denoised data.

The dashed red line represents the “true” explained variance in the data.

The results of fitting a least-squares 10.000 times and finding the “true” explained variance

for Tucker method are found in Figure 3.13. It stands out that for all denoised conditions the

means are off, while the spread around those means are large. For the undenoised cases, it
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almost finds the right explained variance when ρ is equal to .90, but it finds more and more

biased means when the level of ρ decreases, and in that order. Furthermore, the uncertainty

of the found explained variances increases as the level of ρ decreases. Therefore, when ρ = .40

the explained variance cannot be properly found by this method, and the spread around that

mean is great compared to other methods.
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Discussion of results

The results of the different methods reveal that denoising hurts the performance of finding

the “true” explained variance as compared to not denoising the data. A similar conclusion

was drawn on the analysis of the recovery of “true” ISC.

Furthermore, as the level of ρ declines from .90 to .40, most methods drop in their pre-

cision of finding the “true” explained variance as is the case for CorMethod, CorMethod2,

Dmochowski et al.’s method, modified RV, and Tuckers’ congruence coefficient. That better

results are obtained when ρ = .90 seems reasonable, since under those conditions the signal

is stronger and for lower levels of ρ, the signal is more easy disrupted due to noise. Only the

Hasson, SSQCOV and SUMCOV methods are not troubled by lowering the ρ level. However,

the SSQCOV and SUMCOV methods have a great spread around their means on all condi-

tions. Therefore, only the Hasson methods seem to be most reliable in predicting a population

measure with EEG data.

The methods CorMethod, CorMethod2, Dmochowski and colleagues’ ISC, and modified

RV-coefficient all overestimate the explained variance when the levels of ρ equals either .40

or .60. For Tucker’s method the explained variance is overestimated for the .40 level of ρ

and only for the undenoised data sets when ρ = .60. For all the SSQCOV and SUMCOV

methods the explained variance is overestimated when ρ = .40 and overestimate it when ρ

equals .90. The first method by Hasson and colleagues underestimates the explained variance

for all cases when the data is denoised. Only the second method by Hasson et al. is doing a

great job recovering the “true” explained variance.

3.3.3 Discussion of overall results

The results from both the analyses show that the method that best captures the “true” ISC

is also the better predictor for commercials success. Although, a small side note needs to

be placed, since methods that were performing worse than the best in extracting the “true”

explained variance had ISC estimates also correlating near perfect. A good example here is the

method proposed by Dmochowski and colleagues’ (2014) that has almost optimal correlations

estimates (i.e. recovery “true” ISC), while the method was less capable of detecting the “true”
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explained variance in the data (i.e. relation with buying behaviour).

Over the two analyses, the effects of the different conditions were clear for denoising or not.

Denoising via wavelet transform does not enhance the underlying signal as the neural reliablity

methods perform worse as opposed to the undenoised data sets. Furthermore, the level of ρ

plays a factor for the explained variance. The general rule arises that the more the level of

ρ declines, the worse the performance. The effects of the different levels of neural reliability

and SNR were slim to none. Therefore, one might argue those effects were not significant at

all. Especially, for an SNR of 2 a drop in performance was expected in comparison to a level

of 5. However, no such drop in performance was to be seen anywhere.

Over all conditions, ISC Hasson performed exceptionally well, and while others were

sometimes affected by different conditions, this method was not. Therefore, it is safe to argue

that this method is your best pick in finding the most reliable neural reliability method.
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Discussion

4.1 Summary of results

The study was set-up to answer the following research questions:

1. Which neural reliability method comes closest to the actual neural reliability between

subjects?

2. What is the performance of wavelet transform on removing the noise from the data?

3. Which neural reliability method is the best predictor of the success of a commercial?

The obtained results of the correlation analysis showed the extent to which the ISC estimates

recovered the “true” ISC or neural reliability. Furthermore, the results from the variance

explained have shown which neural reliability method can best be used as a predictor for

commercial success. Both analyses also show the impact of wavelet transform as a denoising

step. Moreover, combining the results of both analyses it becomes clear that the methods that

have recovered the “true” ISC the best also are the best predictor for a population measure.

The correlations analysis was done to investigate which neural reliability method recovered

the actual neural reliability the best. Here, the actual neural reliability was measured using

formula 2.30, where si refers to electrodes instead of voxels. From this analysis it was under-

stood that the first ISC was by far and large the most important estimate. Furthermore, on

the undenoised data sets (more on that later), the following methods had superb correlations
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with the “true” ISC: CorMethod, CorMethod2, Dmochowski and colleagues’ method, ISC

Hasson, ISC Hasson2, modified RV-coefficient, and Tuckers’ congruence coefficient. However,

not all methods performed equally well over all conditions. If we take into account the reli-

ability of good performance over all conditions two methods stand out, namely Dmochowski

et al.’s method and ISC Hasson.

With respect to wavelet transform as a denoising step it was striking to see that the

overall performance of the methods were better for the undenoised data sets. Denoising via

wavelet transform seems to only hurt the performance of all ISC methods as became clear in

both the correlation and the prediction performance analysis. It was striking because studies

show that wavelet transform should throw away the noise and enhance the underlying signal.

Now, most likely the opposite happened, as not noise, but parts of the underlying signal were

thrown away. Throwing away the signal could potentially explain why the performance of

the different neural reliability methods were more troublesome on the denoised data sets as

oppossed to the undenoised ones.

The prediction performance analysis made clear which neural reliability method can be

best used to predict commercial success. Multiple methods performed good under certain

circumstances, especially when the level of ρ equals .90, most methods except the SSQCOV

and SUMCOV calculations performed good. However, the best method would be the method

that is the most reliable under any condition. Taking this into consideration, it can be easily

argued that the ISC Hasson method is your best pick. Whatever the level of neural reliability,

SNR ratio and level of ρ was, the ISC Hasson could pinpoint with great accuracy what the

“true” explained variance in the data set was.

Thus, multiple neural reliability methods were able to recover the actual neural reliability.

Although, over all conditions, Dmochowski and colleagues’ method and ISC Hasson came out

on top. Dmochowski and colleagues’ method did rather an ok job on the variance explained

on average, but for some conditions it is not good enough. The ISC Hasson method, however,

performed exceptionally well over all conditions. Thus, the method not only captures the

“true” ISC extremely well, but also can be reliably used for predicting a population measure.
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4.2 Limitations

Although the research has reached its goals, there were some limitations.

The results from this study apply to a specific setting, that is noise retrieved from a

Gaussian distribution and thus no correlated noise. However, correlated noise is more realistic

for EEG data, and for that reason the outcomes might differ when done in a different setting.

Therefore, the results must be taken with caution if one want to generalize these results.

Since only one noise removal technique is used, namely wavelet transform with displeasing

results, it might be interesting to use different denoising techniques to examine their behaviour

in a next study. Hopefully methods that would not throw away the signal, but gets rid of

the noise instead. Next to wavelet transforming as a preprocessing step, there exist many

more options. Two of the most known de-noising techniques for EEG data are Independent

Component Analysis (ICA; Albera et al., 2012) and Principal Component Analysis (PCA;

Jung et al., 1998). These methods have not been tested in this study on their noise removal

performance. It might be interesting to examine the performance of these methods, especially

in comparison to the wavelet transforming way. One could also think of other denoising

strategies, like for instance auto-encoders for dimension reduction (for an interesting read on

this topic, see Stober et al., 2015).

The proposed methods SUMCOV and SSQCOV estimate the covariances. A method

based on the correlation would perhaps work better. Furthermore, such a method has the

additional benefit that the produced ISC estimates are correlations as well. Therefore, it

might be worthwhile to develop a generalized method of SUMCOR and SSQCOR with the

constraint of equal weights for all subjects. However, using that constraint, it was not trivial

to fit such a model by modifying the general algorithm by Hanafi & Kiers (2006).

4.3 Further Research

By deepening ourselves in the material and by the problems we encountered, we stumbled

upon new directions in research which have not been examined yet. In this section, we have

listed a few additional directions for research.
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It would have been interesting to study the performance of distance correlation (Székely

et al., 2007) as a neural reliability method. This correlation method is not only sensitive to

linear relationships, like the Pearson correlation coefficient. Another good characteristic is the

fact that this method can measure the dependency of two vectors without them having the

same dimension. Especially in real-world settings it is hard to control for identical situations.

Moreover, distance correlation could be used in combination with CCA to yield stronger

statistical power.

Due to the recent success achieved using neural networks, one could also apply these new

techniques to find the similarity of signals across subjects. See, for example, the study by

Pei, Tax, and van der Maaten (2016) on how to measure similarity using Siamese recurrent

networks. They show that a combination of ideas from metric learning and deep time-series

models has the potential to improve the performance for time-series classification, retrieval,

and visualization.

Another technique unused in the setting for neural reliability of EEG data is dynamic time

warping (DTW). DTW is an algorithm to measure the similarity between two time-series.

Since EEG data is time-series data, this algorithm could be used to measure the similarity

of signals between subjects. DTW is already applied in ERP and EEG analyses (Huang &

Jansen, 1985; Wang et al., 2001). A brief investigation into the topic suggests that DTW

provides useful characteristics for neural reliability analysis with EEG data. In particular,

DTW does not need equal length time-series. A recent paper shows a lot of similarities with

the proposed methods in this study as it presents generalized canonical time warping, an

extension of DTW and CCA for temporally aligning multi-modal sequences from multiple

subjects performing similar activities (Zhou & De la Torre, 2016).

4.4 Conclusion

Overall, multiple neural reliability methods had a extremely close relationship with the actual

neural reliability. However, over all conditions Dmochowski and colleagues’ method and ISC

Hasson came out on top. Dmochowski and colleagues’ method did rather an ok job on the
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variance explained on average, but for some conditions it was not good enough. Although, it

must be mentioned that not all conditions imposed on the data sets were as decisive. With one

notable exception though, that when the value of ρ equals .90 the methods performed better

at capturing the “true” ISC. The ISC Hasson method, however, performed exceptionally well

over all conditions. Moreover, this method is also more direct and easier to calculate.

Denoising the data sets via wavelet transform did not have the desired effect, since overall

the methods performed worse on these data sets. Therefore, we may conclude that, in gen-

eral, denoising the data sets using wavelet transform is not helping the estimation of neural

reliability.

The ISC Hasson method not only captures the “true” ISC extremely well, but also can

be reliably used for predicting a population measure.
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Appendix A

Matrices with correlations between

ISC estimates and “true” ISC for

denoised data sets

In this appendix the remaining four matrices of correlation coefficients with denoised data

sets are shown. Overall, the correlation coefficients are much lower than when the data is not

denoised via wavelet transform. Therefore, the conclusion was drawn that wavelet shrinkage

on EEG data does not enhance the underlying signal. The worse results was the reason to

drop the matrices from the original analysis. Still, the matrices are displayed to see how the

different conditions (i.e. ‘high’ or ‘low’ neural reliability and different levels of SNR, namely

2 or 5) affect the results of these correlations. However, the different conditions do not affect

the overall results by that much. This was also concluded in the main analysis and a detailed

description of that can be found in section 3.3.1.
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APPENDIX A. MATRICES WITH CORRELATIONS BETWEEN ISC ESTIMATES
AND “TRUE” ISC FOR DENOISED DATA SETS

Table A.1

A ’high’ neural reliability level, SNR of 2 and denoised data

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod 0.159 -0.404 -0.573 0.119 0.523
CorMethod2 0.965 -0.910 -0.922 0.971 0.732
Dmoch ISC 0.836 -0.014 -0.013 -0.003 0.636
ISC Hasson 0.261 0.261 0.214
ISC Hasson2 0.965 0.965 0.815
ModRV 0.833 -0.832 -0.869 0.786 0.673
SSQCOV (bet) 0.292 0.011 0.069 0.301 0.402
SSQCOV (diff) 0.276 0.058 0.041 0.284 0.456
SUMCOV (bet) 0.181 0.035 0.071 0.219 0.373
SUMCOV (diff) 0.131 0.098 0.097 0.179 0.389
Tucker 0.131 -0.048 -0.080 0.137 0.346

Table A.2

A ’high’ neural reliability level, SNR of 5 and denoised data

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod 0.022 -0.037 -0.084 0.019 0.339
CorMethod2 0.998 -0.994 -0.994 0.995 0.748
Dmoch ISC 0.827 0.017 0.019 0.027 0.627
ISC Hasson 0.032 0.032 0.132
ISC Hasson2 0.998 0.998 0.853
ModRV 0.822 -0.798 -0.828 0.784 0.651
SSQCOV (bet) 0.257 0.069 0.042 0.264 0.373
SSQCOV (diff) 0.233 0.084 0.053 0.242 0.394
SUMCOV (bet) 0.146 0.033 0.050 0.178 0.357
SUMCOV (diff) 0.127 0.094 0.048 0.165 0.399
Tucker 0.023 -0.052 0.008 0.021 0.330
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AND “TRUE” ISC FOR DENOISED DATA SETS

Table A.3

A ’low’ neural reliability level, SNR of 2 and denoised data

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod 0.441 -0.910 -0.944 0.282 0.721
CorMethod2 0.969 -0.896 -0.916 0.962 0.726
Dmoch ISC 0.939 -0.005 -0.038 0.048 0.705
ISC Hasson 0.682 0.682 0.537
ISC Hasson2 0.958 0.958 0.806
ModRV 0.934 -0.941 -0.951 0.890 0.724
SSQCOV (bet) 0.492 0.132 0.131 0.507 0.530
SSQCOV (diff) 0.416 0.171 0.148 0.433 0.492
SUMCOV (bet) 0.368 0.132 0.156 0.434 0.495
SUMCOV (diff) 0.303 0.182 0.209 0.388 0.495
Tucker 0.343 -0.087 -0.138 0.366 0.393

Table A.4

A ’low’ neural reliability level, SNR of 5 and denoised data

ISC1 ISC2 ISC3 Unw. Sum Weighted Sum

CorMethod 0.070 -0.124 -0.271 0.056 0.342
CorMethod2 0.936 -0.925 -0.926 0.912 0.701
Dmoch ISC 0.980 0.034 -0.010 0.036 0.734
ISC Hasson 0.183 0.183 0.182
ISC Hasson2 0.919 0.919 0.759
ModRV 0.980 -0.953 -0.962 0.977 0.733
SSQCOV (bet) 0.403 0.101 0.167 0.414 0.461
SSQCOV (diff) 0.414 0.138 0.116 0.428 0.468
SUMCOV (bet) 0.241 0.160 0.201 0.325 0.420
SUMCOV (diff) 0.287 0.129 0.143 0.363 0.443
Tucker 0.048 -0.045 -0.016 0.048 0.305
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Box plots on variance explained in

buying behaviour

In this appendix, all the box plots are shown per condition. Here, the performance of each

method can be more easily compared to other methods as to how well they are doing for a

particular data set. For readability reasons these were left out the original analysis, since

they basically contain the same information, but that information is spread out over more

box plots.
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APPENDIX B. BOX PLOTS ON VARIANCE EXPLAINED IN BUYING BEHAVIOUR

Figure B.1. Undenoised; rho = 40; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.2. Undenoised; rho = 40; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.3. Undenoised; rho = 40; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.4. Undenoised; rho = 40; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.5. Undenoised; rho = 60; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.6. Undenoised; rho = 60; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.7. Undenoised; rho = 60; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.8. Undenoised; rho = 60; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.9. Undenoised; rho = 90; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.10. Undenoised; rho = 90; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.11. Undenoised; rho = 90; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.12. Undenoised; rho = 90; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.13. Denoised; rho = 40; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.14. Denoised; rho = 40; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.15. Denoised; rho = 40; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.16. Denoised; rho = 40; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.17. Denoised; rho = 60; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.18. Denoised; rho = 60; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.19. Denoised; rho = 60; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.20. Denoised; rho = 60; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.21. Denoised; rho = 90; SNR = 2; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.22. Denoised; rho = 90; SNR = 2; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.23. Denoised; rho = 90; SNR = 5; ISC = .5, ..., .75

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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Figure B.24. Denoised; rho = 90; SNR = 5; ISC = .15, ..., .40

On the x-axis the different neural reliability methods are shown, while on the y-axis the range

of explained variance values are displayed from 0 to 1.
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