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ABSTRACT OF THE DISSERTATION

Using discriminative dimensionality reduction to understand the

neural basis of recognition memory encoding and retrieval

by

Eunho Noh

Doctor of Philosophy in Electrical Engineering (Electronic Circuits and Systems)
and Cognitive Science

University of California, San Diego, 2014

Professor Virginia de Sa, Chair
Professor Nuno Vasconcelos, Co-Chair

We present results from single-trial analyses conducted on Electroencephalog-

raphy (EEG) data recorded during recognition memory experiments.

Chapter 2 gives an overview on EEG analysis methods including various

classification and feature extraction methods for EEG. The chapter also gives a

review of previous findings on neural correlates of recognition memory.

In Chapter 3, we propose a novel way to use discriminative classification

analysis to project high-dimensional EEG data onto a low-dimensional discrimi-

native space for visualization, analysis, and statistical testing. This multivariate
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analysis directly controls for the multiple comparison problem (MCP) by effec-

tively reducing the number of test variables. A major advantage of this approach

is that it is possible to compare the brain activity across different conditions even

when the trial count is low, provided that a sufficient number of trials are used to

establish the initial hyperplane(s), meaning that error conditions and conditions

that divide subtle behavioral differences can be readily compared. Currently these

data are either ignored or lumped with other data thereby losing the ability to

reveal the neural mechanisms underlying subtle behavioral differences. The pro-

posed method provides a powerful tool to analyze conditions with relatively small

numbers of trials from high-dimensional neural recordings.

In Chapter 4, we show that it is possible to successfully predict subsequent

memory performance based on single-trial EEG activity before and during item

presentation in the study phase. Two-class classification was conducted to predict

subsequently remembered vs. forgotten trials based on subjects’ responses in the

recognition phase. The overall accuracy across 18 subjects was 59.6 % by combin-

ing pre- and during-stimulus information. The single-trial classification analysis

provides a dimensionality reduction method to project the high-dimensional EEG

data onto a discriminative space. These projections revealed novel findings in the

pre- and during-stimulus periods related to levels of encoding. It was observed

that the pre-stimulus information (specifically oscillatory activity between 25 and

35 Hz) -300 to 0 ms before stimulus presentation and during-stimulus alpha (7-12

Hz) information between 1000 and 1400 ms after stimulus onset distinguished be-

tween recollection and familiarity while the during-stimulus alpha information and

temporal information between 400 and 800 ms after stimulus onset mapped these

two states to similar values.

In Chapter 5, we show that it is possible to predict successfully identified

old vs. new items based on single-trial EEG activity recorded during the retrieval

phase of 4 separate datasets. Two-class classification was conducted on the trials

with source (frame color/spatial location of the study item) correct trials with

high confidence responses vs. correctly rejected trials. The average accuracy for

the datasets recorded in a single session was 62.2 % while the average accuracy

xvi



for the datasets recorded in two separate sessions was 58.7 %. The classifier out-

puts revealed novel findings related to retrieval strength from the EEG data. The

classifier outputs from all 4 datasets reflected whether the subjects remembered

the source information and also whether the subjects believed they remembered

the source information. Furthermore, the source correct trials where the subjects

believed they correctly remembered the source information were recognized as the

highest retrieval strength condition by the classifiers. Cross-source classification

analysis showed that the frontal old/new effect was affected by source type (lo-

cation vs. color) possibly due to prefrontal and parahippocampal involvement in

location retrieval whereas the parietal old/new effect was source type invariant.

xvii



Chapter 1

Introduction

The present study was originally motivated from the following question.

Is there a way to use EEG to help us remember more of what we study? Let

us consider a situation where a person’s brain waves are monitored while they are

memorizing a given set of items. If we could use the brain waves to predict whether

the brain is in an optimal/non-optimal state for encoding, we could present the

study items only at the predicted optimal time to make studying more efficient.

Also if we could use the brain activity during the encoding episode to extract

information on whether the encoding of an item was successful or not, we would

be able to present the unsuccessfully encoded items again.

The brain dynamics related to memory encoding have been investigated

by numerous studies. The temporal and spectral differences in EEG between the

remembered and forgotten trials have been consistently found in the literature.

Recent developments in single-trial EEG classification (especially in the field of

brain-computer interfaces) have made it possible to decode the neural signatures

from the EEG signals. As a first step in investigating our question of interest, I

conducted a trial-by-trial analysis on the EEG recorded from the study phase of a

recognition memory experiment to predict the outcome of the recognition phase.

By applying appropriate feature extraction and classification methods to the EEG

data during the study phase of a recognition memory task I was able to success-

fully classify with significantly better than chance accuracy whether a picture will

be remembered in the recognition phase. Analysis on the classifier outputs suc-

1



2

cessfully replicated previous findings on the subsequent memory effect. Moreover,

our analysis revealed interesting findings on the neural mechanisms related to rec-

ollection and familiarity. The results showed that the pre-stimulus brain activity

represented by the high beta (19-30 Hz) and low gamma (30- 40 Hz) bands may

contribute to how well context is encoded with the upcoming study item. Also the

alpha (7-12 Hz) activity during stimulus presentation seemed to shift from item

specific encoding to encoding item with the context. This suggests that pattern

classifiers can be utilized as a multi-variate analysis technique for EEG analysis.

As a next step, the single-trial analysis method was applied to the EEG

data during memory retrieval. This study was conducted to investigate whether

the single-trial analysis method could be applied to the EEG data during retrieval

to predict the subjects’ behavioral outcomes. From this study, I also wanted to

verify whether the discriminative dimensionality reduction method gave meaning-

ful and consistent results across multiple experiments. To investigate these issues,

the pattern-classifier method was applied to EEG data from a total of 4 separate

datasets from 3 different recognition experiments with extrinsic source informa-

tion. The classifier outputs predicted whether the subjects correctly remembered

the source information and also whether the subjects believed they remembered the

source information for all 4 datasets. The trials where the subjects believed they

remembered the given source information and accurately retrieved them gave the

highest average classifier scores. Even though the differences were only significant

for 2 datasets, this suggests that the accurate source judgment trials where sub-

jects believed to retrieve the source information may correspond to higher retrieval

strength than all the other trials. These results verified that the classifier-based

analysis was able to use the temporal information in the EEG data to give consis-

tent effects related to source retrieval across the different experiments.

The classifier-based method for comparing neural data across different ex-

perimental conditions has two major advantages. First, it directly controls for

the multiple comparison problem across numerous time points and electrodes by

effectively reducing the dimensionality of the data on to a hyperplane which is

meaningful with respect to the experimental paradigm. The sensitivity of the
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statistical test is less influenced by the number of trials within a condition by

exploiting the information in the training conditions.

This study is the first, to my knowledge, to apply single-trial analysis tech-

niques to EEG data during encoding/retrieval of recognition memory to predict

the subjects’ responses. Its significance is twofold: First, the present findings pro-

vide the foundation to develop an inexpensive and non-invasive way to monitor

learning preparedness and present study items depending on the success/failure

of the encoding process. Secondly, this study reveals several new findings related

to neural correlates of recognition memory. These findings were possible due to

applying pattern classifiers for multivariate analysis. These results demonstrate

that single-trial analysis methods can help cognitive neuroscientists in decoding

the complex neural substrates embedded in EEG.



Chapter 2

Scientific Background

2.1 Electroencephalography

EEG is the recording of electrical activity along the scalp. When an excita-

tory neurotransmitter is released from the presynaptic terminals to the receptor,

positive ions flow into the postsynaptic cell. This current from the extracelluar

space to the cell generates a small dipole. However the electric potential created

by a single dipole is too small to be picked by EEG. However the dipoles can sum-

mate if they occur at approximately the same time and the contributing neurons

have similar spatial orientation, producing a voltage large enough to be detected

at the scalp. Since voltage fields fall off with the square of the distance, activity

from deep sources is more difficult to detect than currents near the scalp. Also

the electricity generated by the brain is blurred because it spreads out through the

conductor, and spreads out when it meets the high resistance of the skull.

2.2 Methodological aspects of measuring neural

responses

EEG is extensively used in cognitive neuroscience and related fields to re-

veal the neural responses associated with specific sensory, cognitive, and motor

operations. In a standard EEG experiment, subjects are given a number of tri-

4
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als representing different experimental conditions (i.e. type of stimulus presented,

type of response elicited) while the EEG signal is recorded. One way to analyze

the EEG signals is to use event related potentials (ERPs). ERPs are computed

by averaging over the EEG in response to a given stimulus across numerous tri-

als. ERP analysis reveals the time- and phase-locked brain response to a stimulus,

which would not be visible in a single trial of EEG.

The synchronization and desynchronization between different neurons is of

interest in many EEG studies. However, ERP only can reflect the neural syn-

chronization of the brain only up to a certain degree since it is an average of

all frequency ranges. Also the fact that EEG shows higher power in the lower

frequencies makes ERP calculation serve as a low-pass filter.

Event-related desynchronization/sychronization (ERD/ERS) are neural re-

sponses represented by the amplitude of the EEG signal within a certain frequency

band. In order to extract the oscillatory activity embedded in the brain responses

various time-frequency analysis methods have been used. The Fourier transform

computes the spectral decomposition of the time varying signal but loses the tem-

poral information of the oscillatory activity is lost. Wavelet analysis gives the time-

frequency decomposition of a given signal making it well suited for non-stationary

signals such as EEG. This type of analysis allows us to examine responses which

are not precisely phase-locked to an event. This type of activity is commonly re-

ferred to as induced responses. In contrast, ERPs usually represent phase-locked

activity (commonly referred to as evoked responses) since the induced responses

would, in many cases, be cancelled out by the summation due to difference in

phase. By computing the spectral power changes over time and averaging over

multiple trials, we can produce a two-dimensional map often referred to as event-

related spectral perturbations (ERSPs) [54]. The scalp distribution of the spectral

power of a given subband can also be analyzed by conducting frequency analysis

across the different electrode positions. This gives us a spatial distribution of the

spectral effect of interest. This can sometimes help hypothesize the source of the

effect but the spatial blurring of EEG makes it less accurate than other recording

techniques such as fMRI or magnetoencephalogram (MEG).
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2.3 Statistical analysis of EEG signals

As explained above, neural data recorded during cognitive experiments al-

low us to observe brain activity reflecting specific cognitive processes. In order to

determine whether a certain effect is statistically significant based on the hypoth-

esis underlying the experiment, statistical testing methods are applied to compare

between different experimental conditions (or factors). However EEG recordings

are high-dimensional in nature due to the spatio-temporal structure of the data.

Hence, we often come up against the multiple comparison problem (MCP) when

conducting statistical analysis to compare the brain activities from different con-

ditions. It is usually difficult to control the family-wise error rate (FWER) using

standard statistical procedures that operate at the level of a single comparison

since typical experiments consist of thousands of dependent variables [31].

When comparing ERP components where the latency of the component is

known a priori (such as the P300 or N400), the standard approach is to compare

the amplitudes of the component from the different conditions by averaging over

the samples within a given time window [52]. The spatial locations of interest

are often restricted based on prior knowledge. This simple approach effectively

increases the SNR of the signal while avoiding the comparisons across adjacent

time samples. The component of interest is then tested for significance using

a statistical approach such as ANOVA or t-tests. Many cognitive experiments

deal with interactions in a cross factorial design so ANOVA is a common choice.

However, the test will fail to reveal any unexpected effects lying outside of the

temporal, spectral, or spatial analysis window.

Another common method used to conduct statistical analysis on EEG data

is a non-parametric randomization test using cluster-based correction [55]. Rather

than averaging over a pre-defined window, the cluster-based method figures out

the time/spatial/spectral cluster with the most significant activity from the data.

First, the test statistic between the two test conditions (stimulus type, behav-

ioral response, etc.) is calculated for each variable (time sample, frequency bin,

or electrode position). Clusters are then identified by finding adjacent variables

with significant difference between the two conditions (below a certain p-value,
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e.g. p < 0.05). The cluster-level statistic is calculated by summing up these differ-

ences for each cluster. This result is compared to the cluster-based statistic of the

permutation distribution generated from a large number of random permutations

of the trial labels. This approach allows the researcher to directly solve the MCP

but the sensitivity of the test depends on the threshold used to select significant

variables. Note that the p-values for all clusters have to be calculated under this

permutation distribution to control for the FA rate.

In order to increase the statistical power of a test, it is desirable to have

many observations in a given condition. This means that conditions with few trials

(e.g. sub-categorical conditions or error trials) are often not analyzed or combined

with other conditions due to low statistical power. These rare conditions however

are likely to reveal critically interesting information about how neural activity gives

rise to complex behavior.

2.4 Classification and feature extraction algorithms

for EEG data

Many studies have investigated the classification and feature extraction

methods for EEG classification especially in the field of brain-computer interfaces

(BCIs) [50]. The goal of a BCI system is to interpret the user’s brain signals into

commands to meet the user’s needs or intentions from a single trial of EEG. In most

cases, the interpretation of brain signals is conducted using classifiers. Here, we

introduce different classification/feature extraction algorithms used for single-trial

EEG analysis (or EEG classification).

2.4.1 Classification methods

Linear discriminant analysis

Let us assume there are two class labels in the dataset. The objective of the

linear discriminant analysis (LDA) or Fisher’s linear discriminant is to find a linear

hyperplane which separates the two classes as illustrated in Figure 2.1. This is done
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Figure 2.1: A hyperplane separating two classes.

by finding the hyperplane which maximizes the between class scatter and at the

same time minimizes the within class scatter. This is the optimal solution when

the distributions of the two classes are Gaussian with equal covariance matrices.

The ERP at time t is the average of many independent trials of EEG re-

sponses at time t to stimuli presented at t = 0. Hence the EEG response to

a stimulus at a given time point t (where t = 0 corresponds to time of stimu-

lus onset) can be modeled as a summation of an deterministic evoked response

(r(t) ∈ R
c) and background activity (n(t) ∈ R

c: independent and identically dis-

tributed multivariate Gaussian random variable with zero mean and covariance

Σn) where r(t) represents the ERP component at time t and c represents the num-

ber of electrode positions. Then the EEG at time t can considered to be Gaussian

distributed with N (r(t),Σn). Hence LDA is commonly used to distinguish classes

with different evoked responses [7, 5]. Another advantage of this method is that

the computational complexity is very low for both training and testing.

Support vector machine

The support vector machine (SVM) classifier also uses a discriminant hy-

perplane for classification. The SVM assumes a separable training set. Out of the

many hyperplanes that separates the two classes, the SVM selects the hyperplane

which maximizes the margins between them (see Figure 2.2. This property is

known to increase the generalization capabilities of the classifier [11] which makes

it robust to high-dimensional data with a limited number of observations. It is also

possible to create non-linear decision boundaries using the kernel trick. By using a



9

Figure 2.2: The hyperplane which maximizes the margin between the two classes.

kernel function (K(xi, xj)) which may represent a inner product of the data after

a non-linear mapping to a higher dimensional space, the SVM is able to learn the

optimal separating hyperplane in the higher dimensional space.

In practical applications it is unlikely that the data would be separable,

especially for EEG data where outliers are common. One way to overcome this

problem is to penalize the outliers which cross over the discriminating hyperplane

using regularization. The ν-SVM, which is a recent formulation of the soft margin

SVM, uses the parameter ν to find the upper bound on the proportion of outliers

and the lower bound on the total number of support vectors [13]. Hence this

approach is useful when the inseparability of the data is suspected to be due to

outliers in the training set. The SVM classifier may generalize better than the LDA

classifier since it finds the decision boundary which maximizes the margin between

the two classes. The LDA approach gives the optimal decision boundary when

the distributions of the two classes are Gaussian with equal covariance matrices

(assuming that we know the true distributions of the observations). However, the

computational complexity during training is higher compared to the LDA classifier.
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2.4.2 Feature extraction methods

Common spatial patterns

Common Spatial Patterns (CSP) is a type of spatial filtering commonly

used for classifying the spectral features of EEG signals. The objective of the

CSP method is to find spatial filters that maximize the variance of signals for

one condition and at the same time minimize the variance of signals for the other

condition. Since the band-power of a signal can be characterized as the variance

of the band-pass filtered signal, CSP analysis gives an effective discrimination of

two conditions that are distinguished by ERD/ERS effects [6].

2.5 Neural correlates in recognition memory

2.5.1 Neural correlates in encoding of recognition memory

Many studies have shown evidence of differences in the electroencephalog-

raphy (EEG) signals during learning of pictures or words that will later be remem-

bered compared to items that will be forgotten [70, 62]. In addition to brain activ-

ity during learning, many studies have found evidence that anticipatory activity

preceding the onset of a stimulus can contribute to subsequent memory encoding

[59, 60, 63, 34, 28]. These differences in brain activity between the subsequently

remembered and forgotten trials before or during stimulus presentation are often

referred to as subsequent memory effects or SMEs.

The difference in event-related potential (ERP) to presentation of the sub-

sequently remembered and forgotten trials is known as difference due to memory

(Dm) [61]. It is typically measured as a posterior positivity between 400 and 800

ms in the study phase of a memory task [62]. However, the size and timing of the

effect vary depending on the paradigm of the experiment [46].

Several studies have successfully demonstrated that brain oscillations in

multiple EEG frequency bands during encoding can distinguish between remem-

bered and forgotten trials (see [39] for a review). It was found that power in-

creases for the remembered items (positive spectral SMEs) typically occurred in
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the theta and high gamma bands [47, 71, 73] and power decreases for the remem-

bered items (negative spectral SMEs) typically occurred in the alpha and low beta

bands [48, 38, 40] of the EEG signal.

It has been recently shown that successful encoding also depends on antici-

patory brain activity before encoding elicited by presenting cues before each study

item. Using an incidental memory paradigm, [59, 60] showed that there is a sig-

nificant difference in the ERPs to cue presentation during the pre-stimulus period

of the study phase between the subsequently remembered and forgotten words.

In a functional magnetic resonance imaging (fMRI) study, [63] found significant

differences in the level of hippocampal BOLD activity during the cue-item interval

between words with subsequent memory contrasts. It has also been reported that

anticipatory brain activity is not only related to memory formation but reward

anticipation, where differences in ERP and theta power were only observed for

words following high reward cues [32, 33].

A number of studies have shown that subsequent memory can be predicted

from pre-stimulus spectral (oscillatory) activity without informative cues. This was

identified by analyzing power in different frequency bands of the pre-stimulus brain

activity [34, 28]. For instance, [34] used MEG to show that later recalled words,

as compared to later forgotten items, are associated with stronger pre-stimulus

increases in theta power (3-8 Hz) starting 200 ms before study item presentation (a

fixation-cross was presented 500 ms before each stimulus). In an intracranial EEG

study, [28] found that the rhinal cortex and hippocampus show enhancement of pre-

stimulus theta power during the jittered inter-stimulus interval (ISI) for successful

memory formation. It was also found that this pre-stimulus effect extends from

theta all the way up to the beta range (up to 34 Hz) within the rhinal cortex.

The studies discussed above averaged over multiple trials to reveal the un-

derlying SMEs. However, pattern classification approaches on fMRI data have

been successful in predicting subsequent memory in single trials. A single-trial

prediction of subsequent recognition performance has been demonstrated using

multivoxel pattern analysis (MVPA) of fMRI data during encoding of phonogram

stimuli [80]. [80] found that activity in the MTL (medial temporal lobe) acquired
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during encoding is predictive of subsequent recognition performance. In a very re-

cent fMRI study, [87] monitored the activation in parahippocampal cortex (PHC)

in real-time and presented study items when subjects entered good or bad brain

states for learning of novel scenes. The brain states were determined by computing

the pre-stimulus difference between the BOLD signal activations in the parahip-

pocampal place area (PPA) and reference ROI (region of interest). They found

that subsequent recognition memory was more accurate for items presented when

PPA activation was lower than the reference ROI activation by a subject-specific

threshold. The good/bad brain states defined by [87] are unlikely to reflect a

general encoding-related state but rather a context specific encoding-related state

(good/bad brain state for encoding scenes in this case).

2.5.2 Neural correlates in retrieval of recognition memory

Previous recognition memory studies have used electroencephalography (EEG)

to identify neural substrates for recognition memory. The ‘parietal old/new effect’

is a positive-going event-related potential (ERP) typically observed in the pari-

etal electrodes between 500-800 ms and typically left lateralized. It shows greater

amplitude for the correctly recognized old (hits) compared to the new (correct re-

jections) test items. It has been found that this effect correlates with the amount

of information retrieved from the study episode [83, 82, 15, 68], hence it is un-

derstood as a neural correlate of recollection. The ‘frontal old/new effect’ (or the

FN400) is a frontally distributed and negative-going ERP which peaks around 400

ms. The FN400 is interpreted as a neural correlate of familiarity since it shows a

more negative peak for less familiar items while it typically shows no difference for

different amounts of recollected information [15, 68].

Single-trial classification of episodic retrieval has been investigated using

fMRI (functional MRI) [66]. Multi-voxel pattern analysis (MVPA) revealed that

it is possible to discriminate between hits vs. correct rejections with significantly

over chance accuracy (76 %). It was also found that it was possible to classify

the subjective mnemonic experience of the subjects (i.e. hits vs. misses and false

alarms vs. correct rejections).
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Chapter 3

Discriminative dimensionality

reduction for neural data

3.1 Introduction

Many studies have demonstrated that the average brain activity between

certain experimental conditions show different patterns. Hence EEG data from

two highly discriminative behavioral conditions can be used to train a classifier to

learn the discriminative hyperplane between the two conditions (or classes). The

pattern classifier efficiently combines the temporal, spatial and/or spectral features

from the EEG data and projects the data onto a vector which is perpendicular to

the discriminative hyperplane defined by the two discriminative conditions. For

example, if the two conditions were remembered vs. forgotten trials from the study

phase of a recognition memory experiment, the projection values would be related

to encoding success. The observations from the remaining conditions which have

similar cognitive components can be projected onto this vector and the resulting

values can be compared across conditions. This can be considered a multivariate

analysis which directly controls for the MCP. In this paper, we show that this

approach can reveal significant differences between conditions without requiring

prior assumptions based on existing data or theory. The proposed method also

gives high sensitivity even for low trial count conditions, provided that a sufficient

14
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number of trials are used to establish the initial hyperplane(s). This method was

applied to a simulated dataset and compared to the conventional t-test on the

average over a pre-defined region of interest and cluster-based test to investigate

its effectiveness. In the following chapters, we show how the discriminative dimen-

sionality reduction method can be used to indirectly relate the EEG activity to

behavioral/experimental variables.

3.2 Methods

Let us consider a dataset of neural recordings (e.g. EEG) from a cognitive

experiment where there are two highly discriminative behavioral conditions (e.g.

recollected vs. forgotten trials in a recognition memory experiment). We can

formulate a supervised learning problem with two classes using this dataset. Let

ST = {(x̄i, yi)}Ni=1 be the training set with N trials. Each pair consists of the

recorded signal x̄i and the class (or condition) yi ∈ {1, 2} from one of the two

discriminative conditions. Also let SR = {(x̄j , yj)}Mi=1 be the set of observations

from the remaining conditions (yj /∈ {1, 2}) which share some cognitive components

with the discriminative conditions. The goal is to construct a function h : x̄i → pi

where pi = P (yi = 1|x = xi,ST ). This can be done by training a classifier with

probability outputs (e.g. logistic regression) using the training set. The function h

can be considered as a projection function which projects the data onto the vector

perpendicular to the discriminative hyperplane between classes 1 and 2.

The trials from classes 1 and 2 are then projected onto a vector which

is perpendicular to the discriminative hyperplane. Careful attention is required

when projecting the trials from the conditions used to train the pattern classifier.

The trials used as the training set should not be used to evaluate the classifier

performance or the significance of an experimental variable. In other words, the

trial being projected onto the vector should always be isolated from the classifier

training procedure in order to eliminate any overfitting [3]. This can be achieved

via cross-validation or by pre-designating an evaluation set which is excluded from

any training procedure. The trials from the two highly discriminative conditions
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would ideally have significantly different outputs when projected onto the vector

provided that there is discriminative information in the neural signals and ap-

propriate feature extraction and classification methods are used. Specific feature

extraction and classification methods for EEG signals is discussed in Chapter 2.

The observations from the remaining conditions (e.g. trials with low con-

fidence responses in an episodic memory experiment) can be projected onto this

hyperplane in the same manner but without risk of overfitting. The average pro-

jection values for the different conditions can be compared using conventional

statistical methods such as t-tests or ANOVA. Here we only consider comparing

the features in the temporal domain, but the proposed method can be applied to

spatial, spectral, or a combination of features in a similar manner.

3.3 Simulated dataset

The effectiveness of the proposed algorithm was evaluated using artificial

datasets. One evaluation set was designed to test sensitivity with different means

across the different conditions and the other set was designed to test specificity with

equal means. The sensitivity and specificity of the current method was compared

to that of two conventional methods, namely the t-test on the average over a pre-

defined region of interest (averaging method) and the cluster based statistical test

[55].

Artificial datasets were generated using parameters estimated from real

EEG data to simulate EEG from a single channel during memory retrieval. ERPs

were calculated using data from a single subject (subject 15) recorded during an ac-

tual recognition memory experiment (see Experiment 1 from Chapter 5 for details

of the experimental procedures). Two ERPs were computed from two conditions

which typically show the parietal old/new effect (condition 1: source correct old

trials, condition 2: correctly rejected new trials). Data from the left posterior su-

perior electrodes were averaged to acquire the ERP templates for each condition.

As illustrated in Figure 3.1, the parietal old/new effect can be observed between

500-800 ms after test item presentation.
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Figure 3.1: The ERP templates used to generate the training set for the simu-
lation analysis. Class 1 is an average of source correct old trials and class 2 is an
average of correctly rejected new trials from 1 particular subject in Experiment 1
described in [56].

In order to simulate time dependent noise evident in EEG data, the noise

was drawn from a multivariate normal distribution. The mean of the noise distri-

bution was assumed to be zero and the covariance was estimated from the EEG

data by computing the covariance of the data across time samples. The estimated

covariance matrix was rescaled (the covariance matrix was divided by 40) and reg-

ularized using shrinkage [5] (with a shrinkage parameter of 0.3) since the number

of trials used for estimation was much smaller than the number of time samples.1

The multivariate noise was added to each of the ERP templates to generate the

training set (50 observations per class). Note that this training set was only used

to train the classifier for the classifier-based method. Two evaluation sets were

generated where each evaluation set had two classes. The evaluation sets were

designed to represent intermediate conditions (e.g. sub-conditions with smaller ef-

fects) between the two training conditions. The sensitivity evaluation set consisted

of two classes with different means while the specificity evaluation set consisted of

two classes with equal means2. The two conditions in the sensitivity evaluation

set were generated by adding Gaussian noise to the weighted averages of the ERP

templates used to generate the training set (0.75 × template 1 + 0.25 × template

1The parameters were selected based on preliminary statistical analysis on the sensitivity
evaluation set using a t-test on the average voltage over the 500-800 ms window.

2Sensitivity measures the proportion of correctly identified positives and specificity measures
the proportion of correctly identified negatives.
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2 for one condition and 0.25 × template 1 and 0.75 × template 2 for the other

condition). The two classes in the specificity evaluation set were generated by

adding Gaussian noise to the average of templates 1 and 2. The multivariate noise

was used in order to investigate the effect of time dependent noise.

3.4 Analysis procedure

The evaluation sets were tested for significance in three different time seg-

ments (500-800/500-1200/500-1500 ms). The motivation for this was to compare

the different methods when the tests were performed within an optimal/sub-

optimal region. The 500-800 ms window is the time segment where we would

expect the difference in magnitude to be prominent between the two conditions.

The other two time segments are sub-optimal in the sense that averaging across

the time samples would result in a smaller effect than the 500-800 ms segment due

to the cross-over occurring approximately at 1000 ms. Note that the best window

width/location cannot be determined from the full dataset as that would result in

overfitting and too high a false alarm rate.

The following analysis was conducted for multiple numbers of trials per

class (ranging from 5 to 50) on both evaluation sets for each of the time segments.

First, the data within the given time period was extracted from each epoch. A

t-test was conducted on the average over the segment between the two classes.

The cluster-based method was also conducted on the evaluation sets. Clus-

ters were identified by finding adjacent time points with t-statistic with p < 0.05.

The largest cluster was selected to be the true cluster statistic. This true clus-

ter statistic was compared to the permutation distribution computed from 1000

random permutations of the trial labels.

The linear classifier trained using the training set described above was used

to project the sensitivity and specificity evaluation sets onto a scalar value (specif-

ically the projection onto the vector perpendicular to the decision boundary). Be-

fore training the classifier, the dimensionality of each trial was reduced by averaging

over 100 ms non-overlapping windows of the given time segments. Linear discrim-
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Table 3.1: The statistical test results for the sensitivity evaluation set (different
means between the two conditions). The values in the table represent the ratio of
observing a significant effect (p < 0.05) out of a total of 1000 random simulations
for a given number of trials per condition. Values above 0.95 are given in bold.

ms #trials/cond. 5 10 15 20 30 40 50
500-800 averaging 0.404 0.765 0.908 0.965 0.998 1 1

cluster 0.456 0.774 0.822 0.955 0.99 1 1

PCA 0.417 0.776 0.914 0.967 0.999 1 1

classifer 0.443 0.799 0.931 0.975 1 1 1

500-1200 averaging 0.233 0.402 0.539 0.688 0.836 0.931 0.976

cluster 0.369 0.533 0.882 0.921 0.993 1 1

PCA 0.306 0.563 0.752 0.873 0.967 0.993 0.999

classifer 0.621 0.923 0.985 1 1 1 1

500-1500 averaging 0.076 0.118 0.139 0.164 0.231 0.278 0.345
cluster 0.2 0.622 0.926 0.968 1 1 1

PCA 0.268 0.527 0.73 0.849 0.923 0.975 0.99

classifer 0.857 0.997 1 1 1 1 1

inant analysis (LDA) was selected for classification and trained using the features

vectors from the training set. This classification approach is known to be effective

at classifying temporal features of the EEG data [5]. A t-test was conducted on

the classifier scores to examine whether the mean projections were significantly

different between the two classes.

In order to reduce the noise from the randomness of the evaluation sets, 1000

random evaluation sets were assessed for each trial count. The number of times a

significant effect was observed (p < 0.05) out of the 1000 runs were identified and

the ratio of observing a significant effect was computed.

3.5 Results

The ratio of observing a significant effect (p < 0.05) across the 1000 random

runs conducted on the sensitivity evaluation set (different mean condition) is given

in Table 3.1. The results for the different trial counts are given in separate columns.

The averaging and classifier-based results gave p-values below 0.05 for majority of

the simulations when the analysis was restricted to 500-800 ms. However, the

sensitivity of the averaging method decreased as the analysis window increased. It

was found that the averaging approach only found significant effects 8 to 37 % of

the time for the 500-1500 ms analysis window.

The classifier-based method found significant effects over 95 % of the time
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Table 3.2: The statistical test results for the specificity evaluation set (equal
means between the two conditions). The values in the table represent the ratio of
observing a significant effect (p < 0.05) out of a total of 1000 random simulations
for a given number of trials per condition.

ms #trials/cond. 5 10 15 20 30 40 50
500-800 averaging 0.042 0.047 0.040 0.047 0.045 0.056 0.039

cluster 0.070 0.072 0.038 0.04 0.051 0.068 0.039
PCA 0.040 0.047 0.040 0.050 0.045 0.054 0.040
classifer 0.052 0.047 0.040 0.053 0.048 0.048 0.043

500-1200 averaging 0.053 0.046 0.062 0.055 0.048 0.051 0.056
cluster 0.074 0.032 0.029 0.061 0.053 0.055 0.067
PCA 0.049 0.047 0.06 0.062 0.048 0.050 0.053
classifer 0.056 0.047 0.052 0.046 0.053 0.055 0.056

500-1500 averaging 0.047 0.060 0.040 0.039 0.048 0.044 0.061
cluster 0.051 0.059 0.063 0.046 0.04 0.027 0.056
PCA 0.050 0.065 0.045 0.042 0.047 0.042 0.053
classifer 0.047 0.060 0.048 0.058 0.051 0.053 0.044

when the trial count per condition was 20 or more for the 500-800 window. The

sensitivity of the test was less influenced by the number of trials per conditions as

the window size increased. It gave reliable results even when the number of trials

per condition was low as 10 when the ROI was 500-1500 ms. The cluster-based

method gave consistent results across all window sizes where it gave reliable results

when the trial count per condition was 20 or more.

The proposed method found significant effects in the sensitivity evaluation

set even when the number of test observations per condition was as low as 10

(for the 500-1500 ms window). The t-test and the classifier-based method gave

comparable results when the evaluation was conducted within the time period

where the old/new effect was evident (500-800 ms). The sensitivity of the averaging

method decreased as the ROI increased while the proposed method was not affected

by the change. The increase in the analysis window was disadvantageous for the

averaging approach because the cross-over between the ERPs decreased the size of

the effect. This analysis was conducted to demonstrate that the proposed method

is effective at finding significant effects without any prior knowledge of the data.

The statistical power of the cluster-based method depends on how well

the permutation distribution represents the null hypothesis. However, in a low

trial count condition there are only a small number of possible permutations to

estimate the permutation distribution. For example if there are 5 trials available

for each condition, the number of possible permutations of the labels is only 252
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(=10!/(5! × 5!)). This may result in an inaccurate estimation of the significance

of a cluster. The cluster-based method gave consistent results across the different

evaluation windows. Since the cluster-based method chooses the cluster with the

maximum effect it is less susceptible to the cross-over between the two conditions.

It was found that the average end time of the clusters was approximately 800 ms

even when analysis was conducted on the 500-1500 ms window.

In order to check whether the improvement in sensitivity resulted from

the discriminative nature of the approach or from the reduced dimensions, we

compared the classifier-based approach to a non-discriminative dimensionality re-

duction method (rows labeled PCA and classifier in Tables 3.1 and 3.2). We

used principal component analysis (PCA) to project the feature space (of average

voltages used as inputs to the LDA classifier) onto a vector by only using the

projections onto the first principal component. To conduct a fair comparison, the

PCA projections were also learned from the training conditions. The classifier and

PCA approach both gave similar results when the ROI was 500-800 ms. However

the sensitivity of PCA decreased as the ROI increased. The variance of the data is

characterized by the difference in amplitude between the two classes when the ROI

is restricted to the 500-800 ms segment. This is less noticeable when the ROI is

increased since the correlation in the noise contributes to the variance but does not

distinguish between the two conditions, hence resulting in a decrease in sensitivity.

Hence, the discriminative nature of the classifier-based approach seemed to help

improve the sensitivity of the test.

The ratio of observing a significant effect (p < 0.05) across the 1000 random

runs conducted on the specificity evaluation set (equal mean condition) is given in

Table 3.2. The results for the different trial counts are given in separate columns.

Unlike the different mean condition, there was no clear relationship between the

simulation results and the analysis window size or the number of trials per condi-

tion. All results gave false alarm rates close to 5 % which is expected given the

common use of that p-value.
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3.6 Discussion

The classifier-based method for comparing neural data has two major ad-

vantages. First, it directly controls for the multiple comparison problem across

numerous time points and electrodes by effectively reducing the dimensionality

of the data on to a vector which is meaningful with respect to the experimental

paradigm. Second, the sensitivity of the statistical test is less influenced by the

number of trials within a condition by exploiting the information in the training

conditions. The classifier-based method was less influenced by the number of trials

per condition which made it possible to analyze conditions with relatively small

number of trials from high-dimensional neural recordings. The classifier-based ap-

proach may also be useful when prior hypotheses do not precisely specify the region

of interest (temporal, spatial, or spectral) for the given experimental manipulation.

The classifier was able to extract features which were most discriminative between

the two conditions resulting in an increase in sensitivity of the statistical test.

This multivariate analysis directly controls for the MCP by effectively re-

ducing the number of test variables. A major advantage of this approach is that

it is possible to compare the brain activities across low trial count conditions,

provided that a sufficient number of trials are used to establish the initial hyper-

plane(s). Hence conditions that divide subtle behavioral differences can be readily

compared. The strength of this method comes from the fact that the informa-

tion in the observations used to train the classifier can be exploited to restrict the

comparisons of the test observations. Another way to look at this method is as

a boot-strapping method where we utilize conditions which are not being readily

compared to estimate the characteristics of the conditions of interest. The appli-

cation of this method is not restricted to EEG data but can be applied to other

high-dimensional neural data such as MEG or single-unit recordings. It should also

be noted that careful cross-validation procedures or partition of the training and

evaluation set is required when directly comparing the conditions used to train the

classifiers. The classifier outputs may overfit the training data and results should

only be used on held out data.

The advantage of the classifier-based method appears to be achieved with
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(a) Recollect and definitely familiar tri-
als were significantly different (p <

10−5). Definitely familiar and definitely
unfamiliar trials were significantly dif-
ferent (p < 0.004).
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(b) Recollect and definitely unfamiliar
trials were significantly different (p <

10−3). Recollect and definitely familiar
trials were significantly different (p <

10−3).

Figure 3.2: The average projection values and the standard errors of the three
conditions given by the classifiers trained on the alpha (7-12 Hz) power between
(a): 400-800 ms after stimulus presentation and (b): 1000-1400 ms after stimulus
presentation.

the cost of specificity in the feature space. However, the relevance of an individ-

ual variable to a given comparison can be identified by examining the projection

weights to the subspace. Nevertheless, a direct comparison between the EEG sig-

nals better reveals the characteristics (e.g. latency, size, duration, location) of the

effect identified by the classifier. Hence, a post-hoc analysis using the raw EEG

features should always be conducted in order to better understand sources of the

effect.

In Chapter 4, we utilized this pattern classification method to replicate

previous findings on the subsequent memory effect. Moreover, the single-trial

analysis revealed interesting findings regarding the neural mechanisms related to

recollection and familiarity. The classifier trained on the recollected vs. unfamiliar

trials projected the high-dimensional EEG data onto a discriminative space which

represented encoding strength. Note that the subjects were instructed to give

recollect responses only when they had a conscious recollection of learning the

item in the study phase. One main finding of the paper was that the trials with

definitely familiar responses were mapped closer to the recollected trials early on in
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the encoding episode (400-800 ms) while the same trials were mapped closer to the

definitely unfamiliar trials later in the epoch (1000-1400 ms) when classification

was conducted on the spectral information in the alpha band (7-12 Hz). Post-

hoc analysis showed that the alpha desynchronization between 400-800 ms was

weaker for the recollected trials in the left central electrodes while the 1000-1400

ms showed stronger desynchronzation for the recollected trials in the posterior

electrodes. These results (illustrated in Figures 3.2 and 4.5) suggest that the brain

activity represented by the alpha band may shift from encoding of the stimulus to

also encoding the contextual information of that trial.
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Chapter 4

Predicting and analyzing

subsequent memory

4.1 Introduction

As described in Chapter 2, multivariate analysis on single-trial fMRI data

have been successful in predicting subsequent memory [80, 87]. While single-trial

classification results using fMRI are encouraging, there has not been any research

on single-trial analysis of SME using a more mobile and affordable recording pro-

cedure such as EEG. Our study aims to identify the characteristics of the various

SMEs in pre- and during-stimulus EEG on a single-trial basis. This can poten-

tially be developed as a practical system to predict preparedness for, and success

of, memory encoding which could be used to improve memory performance. By

presenting stimuli at predicted optimal memory encoding times (and repeating

presentations when the during-stimulus classifier deems them not likely to be well

encoded) users may be able to learn material with fewer presentations. With pro-

longed use of the system, users may become more aware of when they are in, and

how to get into, better states for remembering from the implicit feedback provided

by the timing and repetition of the presented items. This may eventually improve

the memory performance of the users even without the system.

Classification was conducted on remembered vs. forgotten trials by combin-

25
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ing the pre- and during-stimulus information in the EEG signal. Three separate

classifiers were trained to learn the spectral features of the pre-stimulus SME,

temporal features of the during-stimulus SME, and spectral features of the during-

stimulus SME. The results from the individual classifiers were then combined to

predict subsequent memory in single trials. The single-trial classification analysis

can be considered as a non-linear dimensionality reduction method to effectively

project the high-dimensional EEG data onto a discriminative space. These projec-

tions further revealed novel findings in the pre- and during-stimulus period related

to levels of encoding which would have been difficult to find by simply averaging

over the high-dimensional EEG data. The classifier scores (i.e. projections of the

EEG signals onto the discriminative space defined by the classifier) were grouped

by the different response options given in the recognition phase to examine the

relationship between the classifier scores and levels of encoding represented by

subjects’ recognition confidence. In order to better understand the brain activity

underlying SMEs utilized by the classifiers, temporal and spectral analyses were

conducted on the EEG signals.

4.2 Materials and methods

EEG for the present study was previously recorded in 61 healthy right-

handed males (consisting of car experts and novices) during a visual memory task

[43]. In the study phases, subjects memorized pictures of birds and cars (in sep-

arate blocks). In the recognition phases, participants had to discriminate these

study items from random distractors using a rating scale with 5 options (recollect,

definitely familiar, maybe familiar, maybe unfamiliar, and definitely unfamiliar).

Timings of trials in the study and recognition phases are given in Figure 4.1.

4.2.1 Participants

The subjects were right-handed males (age 18-29) who volunteered for paid

participation in the experiment. Out of the 61 subjects, 30 were self-reported car

experts while none were bird experts based on a self-report questionnaire. For
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Figure 4.1: Timing of the visual memory task. The two shaded areas of the study
phase noted as (A) and (B) are the pre- and during-stimulus periods considered
in our analysis (colored in blue and red respectively). The goal of the classifier
is to predict whether the subject remembers a given stimulus using the pre- and
during-stimulus EEG of each presentation in the study phase.

the classification study, 18 subjects were pre-selected from the group based on

the criteria given below. Inclusion criteria were set up to acquire a dataset with

1) a sufficient number of remembered/forgotten trials for classifier training; 2)

subjects who were attentive during the experiment based on their performance in

the memory task. The subjects who did not meet these criteria were excluded

in a stepwise manner. As a result, 18 subjects were pre-selected for analysis (10

subjects were car experts).

1. Subject’s behavioral performance

10 subjects who were not effectively participating in the given memory task

were discarded from further analysis. These subjects who had behavioral

performance lower than 56.3% (50 % chance performance) were excluded. A

response was considered correct if they responded with old (recollect, defi-

nitely familiar, and maybe familiar) to a target item or new (maybe unfa-

miliar, definitely unfamiliar) to a distractor. Note that the threshold 56.3%

was calculated by subtracting the standard deviation from the average of the

behavioral accuracies of all 61 subjects.
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2. Number of trials after rejection of trials with artifacts

33 subjects were excluded due to insufficient number of trials to train a

reliable classifier. Subjects that had less than 64 trials within each of the

two classes after trial rejection were excluded from further analysis to ensure

the number of trials available was equal to the number of electrodes in the

worst case.

4.2.2 Stimulus presentation and EEG recording

The experiment was divided into 8 blocks consisting of a study and recogni-

tion phase. The stimuli consisted of color photographs of cars and birds where cars

were given in the odd blocks and birds in the even blocks. The pictures were pre-

sented on a 17-inch flat-panel LCD monitor (Apple Studio Display SP110, refresh

rate 59 Hz) at a viewing distance of 1 m.

During the study phase, the subjects were instructed to memorize forty

target pictures. A fixation cross appeared for 200 ms then a study item was shown

for 2 s. The ISI between the items in the study phase was 800 ms. After ap-

proximately 10 min, the subjects were given a recognition test. In the recognition

phase, targets learned in the study phase had to be discriminated from forty new,

unfamiliar distractors. A fixation cross appeared for 200 ms then a study or dis-

tractor item was shown for 1.5 s. All items were presented in random order. The

participants had to decide without time limit if they had seen the picture in the

study phase or not using a rating scale with 5 options (recollect, definitely familiar,

maybe familiar, maybe unfamiliar, and definitely unfamiliar). The subjects were

asked to select recollect if they had a conscious recollection of learning the picture

in the study phase. If they did not recollect the stimulus, they were asked to give

familiarity ratings for it by pressing one of the keys that corresponded to one of

the four options from the rating scale. The order of stimuli and assignment of

response buttons were kept constant for all participants to ensure comparability

of task demands.

EEG was recorded with a 128-channel Geodesic Sensor NetTM (HydroCel

GSN 128 1.0, [76]) using an AC-coupled 128-channel, high-input impedance am-
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plifier (200 MΩ, Net AmpsTM , Electrical Geodesics Inc., Eugene, OR). Amplified

analog voltages (0.1-100 Hz bandpass) were digitized at 250 Hz. Initial common

reference was the vertex channel (Cz). Individual sensor impedances were adjusted

until the levels were lower than 50 kΩ.

4.2.3 Pre-processing

EEG epochs from the study phase of the experiment were extracted and re-

calculated to average reference. Trials that included high noise were automatically

discarded using the rejkurt function in EEGLAB [18] which rejects trials based

on the kurtosis of each trial. Then each trial was manually inspected to exclude

trials which showed eye movement or muscle artifacts. An average of 40 trials were

rejected for each subject. To further remove eye movement artifacts, independent

component analysis (infomax ICA) [45, 53] was performed to identify and remove

them. The degrees of freedom of the EEG signal are reduced after removing the

eye movement components. A subset of 73 electrodes which is an approximate

equivalent of the 10-20 system was selected for further analysis in order to reduce

the dimensionality of the data set and ensure a full rank covariance matrix for

eigenvalue decomposition (for common spatial patterns) even after removing the

independent components. The locations of the selected electrodes are given in

Figure 4.2.

4.2.4 Classification problem

The classification problem was set up as follows. First, trials that were

presented in the study phase were labeled according to the results of the recognition

phase. There were two labels: remembered (class 1) and forgotten (class 2). The

remembered class consisted of trials where the subjects pressed the button recollect

and the forgotten class consisted of trials where the subjects pressed the buttons

maybe unfamiliar and definitely unfamiliar. Trials with definitely familiar ormaybe

familiar responses were not included in the remembered class to maximize the

difference in encoding strength between the classes (trials with maybe unfamiliar
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Figure 4.2: The 73 GSN electrode locations used for the single-trial analysis
are highlighted in black. These electrode locations are an approximate equivalent
of the 10-20 system. The four channel groups are regions of interest used by the
temporal during-stimulus classifier. CM centro medial, LPS left posterior superior,
RPS right posterior superior, PM posterior-medial.

were considered forgotten trials due to the limited number of trials with definitely

unfamiliar responses), but they were used to compare the classifier scores and the

subjects responses in the recognition phase (see Section 4.3.3). Sets of labeled

examples were acquired from the shaded areas (A) (-300 to 0 ms before stimulus

presentation) and (B) (400-800 and 1000-1400 ms after stimulus onset) of each trial

in Figure 4.1. Note that separate classification analysis on item type (car/bird)

was omitted since the number of car/bird items was insufficient to build a reliable

classifier for most of the subjects.

Classifier performance was evaluated based on the number of trials consid-

ered for classification. Chance level in a simple 2-class classification problem is not

exactly 50%, but 50% with a confidence interval for a given p value depending on

the number of trials. These intervals were calculated using Wald intervals with ad-

justments for a small sample size [57, 2]. This gives a much more accurate interval

for small samples compared to the ordinary Wald interval. The Wald interval is

the normal approximation of the binomial confidence interval.
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4.2.5 Classification

Based on previous findings on pre-stimulus spectral SME that found power

differences between the remembered and forgotten items ranging from theta to

the beta bands [28], linear classifiers were designed to learn the power differences

between the two classes in multiple subbands ranging from theta to low gamma

of the pre-stimulus EEG data. Common spatial patterns (CSPs) were used to

learn spatial filters which maximize the power difference between the two classes

[6]. The CSP algorithm is designed to increase the discriminability by finding

spatial filters that maximize the power of the filtered signal while minimizing for

the other class. The 300 ms subsequence preceding the to-be-learned stimulus

(portion noted as (A) in Figure 4.1) was extracted from each trial before any pre-

processing was performed to prevent any temporal smearing from the signal during

actual encoding. We used a total of 9 bandpass filters with pre-selected subbands to

account for the wide range of frequency bands associated with pre-stimulus SME.

The subbands were selected based on well known rhythmic activities of EEG signals

between 4 and 40 Hz and overlapping frequencies in between. The passband for

each filter was 4-7 Hz (theta band), 6-10 Hz, 7-12 Hz (alpha band), 10-15 Hz,

12-19 Hz (low beta band), 15-25 Hz, 19-30 Hz (high beta band), 25-35 Hz, 30-40

Hz (low gamma band). The overlapping frequencies were used to compensate for

individual differences in the EEG subbands [20] and timing of the pre-stimulus

SME. Subbands with informative patterns for subsequent memory prediction were

identified from the training set and only the classifiers corresponding to those

informative subbands were used to classify the validation set. The output of

the pre-stimulus classifier (denoted as 0 ≤ pA ≤ 1) can be interpreted as the

pre-stimulus classifier score of how good the classifier deems the brain state for

remembering pictures.

Two separate classifiers were designed to extract the temporal and spectral

characteristics of the during-stimulus period of the remembered/forgotten trials.

Temporal features were learned by exploiting the ERP differences (namely the

Dm effect) between the two classes in the spatio-temporal domain. The during-

stimulus temporal classifier was trained to learn these features of the EEG data



32

between 400 and 800 ms after stimulus presentation from four channel groups (CM

centro medial, LPS left posterior superior, RPS right posterior superior, and PM

posterior-medial as given in Figure 4.2) where the Dm effect is known to be promi-

nent [62]. Significant spectral SME in the alpha band (7-12 Hz) has been robustly

observed in various memory experiments [48, 38, 40], hence spectral features were

extracted (using the CSP algorithm) by learning the spatial patterns that best

distinguish the alpha power difference between the two classes. The data sug-

gested that the early and late alpha SMEs showed considerably different patterns.

Hence the during-stimulus spectral classifier learned the power difference between

the remembered and forgotten trials by combining the information from the two

separate time windows (400-800 ms and 1000-1400 ms after stimulus presentation).

The during-stimulus temporal and spectral classifier results were averaged to de-

termine the final output of the during-stimulus classifier (denoted as 0 ≤ pB ≤ 1)

for a given test trial. This value can be interpreted as the during-stimulus classifier

score on the success of the encoding process.

The scores pA and pB from the pre- and during-stimulus classifiers were

averaged and compared to the average score of the training set to determine the

final label for a given test trial. A given trial was classified as remembered if

(pA + pB)/2 ≥ (mA +mB)/2 and forgotten if (pA + pB)/2 < (mA +mB)/2 where

mA and mB are the mean pre- and during-stimulus classifier scores of the training

set respectively. The classification accuracies for the pre- and during- classifiers

were evaluated by comparing pA to mA and pB to mB respectively. More details

on the classifier design can be found in 4.2.6.

4.2.6 Classifier training procedure

Depending on the performance (recollection rate) of each subject, the dif-

ference between the number of trials for the remembered class and the forgotten

class ranged from 1 to 82. Rather than discarding subjects with unbalanced classes

[80], enough trials from the larger class were set aside from training as the left-out

set to balance the number of trials per class in the cross-validation set. Trials in

the left-out set were evenly distributed over time (epochs and blocks) to minimize
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the effect of drift or bias in the cross-validation set. The cross-validation set was

evaluated based on a balanced leave-two-out cross-validation procedure where one

example from each class is randomly selected and left out of any training proce-

dure as the validation set (to ensure they were not used in any manner to train the

classifier) while the remaining trials are used as the training set for each fold. The

left-out set was evaluated using the classifier trained from all trials in the cross-

validation set. This procedure allowed us to eliminate any effect from unbalanced

classes during classifier training while conducting classification on all available tri-

als. The classifiers to compute the classifier scores for trials with definitely familiar

and maybe familiar responses were also trained for each subject using all trials in

the cross-validation set.

Pre-stimulus classifier

Zero-phase filtering was used to extract desired subband signals while pre-

serving the timing of the features from the pre-stimulus period. Since a non-causal

filter was used, the 300 ms subsequence preceding the to-be-learned stimulus was

extracted before filtering to prevent any temporal smearing from the signal during

actual encoding. 25 extra samples in the 100 ms period before the fixation cross

were included to estimate a better covariance matrix for CSP analysis. 20 tap

zero-phase FIR filters were used to design the 9 bandpass filters (4-7 Hz, 6-10 Hz,

7-12 Hz, 10-15 Hz, 12-19 Hz, 15-25 Hz, 19-30 Hz, 25-35 Hz, and 30-40 Hz). Nine

separate passband signals were generated for each trial through this procedure.

Separate classifiers were constructed using the training sets of the 9 sub-

bands. For each subband group, CSP filters were learned to extract features that

maximally discriminate between the remembered (class 1) and forgotten (class 2)

trials. CSP is a supervised dimensionality reduction algorithm commonly used for

EEG classification. CSP utilizes the covariance matrices of the two classes (esti-

mated from the bandpass filtered EEG data) to find spatial filters that maximize

the variance of spatially filtered signals under one condition while minimizing it

for the other condition. The 73 channels of EEG data were used to estimate the

spatial filters. Three spatial filters were selected from each class resulting in 6
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filtered signals as in [6]. The log power was calculated by

Pi =
1

T
log

T
∑

t=1

s2i,t (4.1)

where si,t is the sample for time t from filtered signal i (i = 1, ..., 6 and t = 1, .., T

where T is the number of samples within an example ). This resulted in a 6

dimensional vector P̄ = [P1, ..., P6] for each trial.

The soft margin1 support vector classifier machine (ν-SVM) [13] with a

linear kernel was used to classify the 6 dimensional vectors. LIBSVM [14] was

utilized for this part of the simulation. The parameter 0 ≤ ν ≤ 1 can be interpreted

as an upper bound on the proportion of margin errors and the lower bound on

proportion of support vectors. ν was selected based on a 4-fold cross-validation on

the set {P̄} acquired from the training set.

The training error for each subband group was calculated by conducting

a balanced cross-validation on the training set. Subband groups that gave bet-

ter than chance (with p < 0.10) training error were identified as informative. If

none of the subbands gave better than chance training error, all 9 subbands were

selected. The decision of the pre-stimulus classifier for a given trial in the vali-

dation or left-out set (pA) was determined by averaging over the scores given by

SVM classifiers from all informative subbands. This meta-classification approach

was used based on previous studies which found that meta-classification strategies

generally outperform single classifiers [21, 36].

During-stimulus classifier

Different bandpass filters and spatial filters were used to extract features

for the during-stimulus temporal and spectral classifiers.

In order to learn the ERP patterns of the Dm effect, the baselined signal

(baseline offset corrected using -200 to 0 ms of each trial) was bandpass filtered

1The soft margin SVM classifier for a two class classification problem gives a pair of scores
(p1 and p2) corresponding to the probability of potential class membership where p1 + p2 = 1.
Here, we consider the output of the classifier to be p = p1 which represents the probability an
example is a remembered trial.
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between 0.1 and 5 Hz using a 40 tap zero-phase FIR filter. Based on previous

research on the Dm, the 400-800 ms time window and four channel groups were

selected for evaluation (CM centro medial, LPS left posterior superior, RPS right

posterior superior, and PM posterior-medial as given in Figure 4.2). Mean am-

plitudes for each channel group were calculated by averaging over the channels

within each group. For each channel group, a 5-dimensional template for remem-

bered/forgotten trials was calculated. First, the ERP of the training set was calcu-

lated for each class. The dimensionality of the ERP was reduced to 5 by averaging

over 80 ms length non-overlapping windows between 400 and 800 ms. Finally,

templates from all channel groups were concatenated to create a 20-dimensional

template for remembered/forgotten trials. A soft margin2 linear classifier using

LDA (linear discriminant analysis) was trained based on these templates and the

dispersion of the training examples. LDA is a simple classifier which is commonly

used to classify ERP components [5].

In order to isolate the alpha band of the EEG signal, the baselined signal

(baseline offset corrected using -200 to 0 ms of each trial) was bandpass filtered

between 7 and 12 Hz with a 40 tap zero-phase FIR filter. The data were divided

into two time windows (400-800 and 1000-1400 ms after the cue). For each time

window, 6 CSP filters (3 for each class) were learned using the 73 channel EEG

data and the log powers of the spatially filtered signals were computed. The log

power values were combined to acquire a 12 dimensional feature vector for each

trial. The soft margin ν-SVM with a linear kernel was used for classification.

The CSP procedure, log power calculation, and ν parameter selection followed the

procedures given in 4.2.6.

The decision of the during-stimulus classifier (pB) was determined by aver-

aging over the scores given by the temporal and spectral classifiers.

2The probability output for the soft margin LDA classifier was calibrated based on a permu-
tation test with plug-in estimator of Bayesian likelihood ratios for the standard homoscedastic
Gaussian model[23]. As in the soft margin SVM classifier, the classifier gives a pair of numbers
(p1 and p2) corresponding to the probability of class membership. We consider the output of the
classifier to be p = p1 which represents the probability an example is a remembered trial.
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4.2.7 Temporal and spectral analyses

Temporal and spectral analyses were conducted in order to better under-

stand the brain activity differences that are available for use by the three classifiers.

Even though some channels were excluded from classification, all channels were

considered here to reveal any significant SME across subjects. Significant SMEs

were identified by conducting a non-parametric randomization test using cluster-

based correction for multiple comparisons [55] described in Section 2.3. First, the

test statistic between the remembered and forgotten trials was calculated for each

sample (each time point for temporal analysis, each electrode position for spatial

analysis). Clusters were then identified by finding adjacent samples with signifi-

cant difference between the two conditions (p < 0.05). The cluster-level statistic

was calculated by summing up these differences for each cluster and selecting the

cluster with the maximum value. This result was compared to the cluster-based

statistic of the permutation distribution generated from 10,000 random within sub-

ject permutations of trial labels [55]. In order to adjust for multiple tests across

frequency bands in the pre-stimulus period, significant cluster-level statistics in

adjacent frequency bands were summed and compared to the corresponding per-

mutation distribution.

4.3 Results

4.3.1 Classification accuracy

Table 4.1 gives the classification accuracies for all 18 subjects. By com-

bining the pre- and during-stimulus classifiers, the overall classification accuracy

(calculated for all trials from the 18 subjects) achieved 59.64% which is approxi-

mately a 2% increase from the individual pre- and during-stimulus classifier results.

The pre-stimulus and during-stimulus classifiers each gave individual classification

results significantly over chance (significantly over 50% with p < .05) for 9 subjects

with none going significantly below 50%. By combining the two time periods, we

were able to achieve significantly over chance results for 13 subjects out of the 18
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Table 4.1: Average classification accuracy from the pre-stimulus, during-stimulus,
and pre-during combined classifiers. Results significantly over chance (based on
the number of trials used for classification) are given with their corresponding p-
values. The last column gives the number of trials from each class before dividing
into cross-validation and left-out sets (R: remembered/F: forgotten). Car experts
and novices are noted as (E) and (N), respectively. Overall accuracies given in the
last row are the accuracies over all trials considered for classification.

Subject Pre- (%) During- (%) Combined (%)
# trials
(R/F)

S03 (E) 58.85(p = 0.010) 59.81(p = 0.005) 61.72(p = 7× 10−4) 144/65
S06 (E) 58.06(p = 0.011) 56.05 58.87(p = 0.005) 117/131
S10 (E) 55.82 52.21 59.04(p = 0.004) 104/145
S15 (N) 58.29(p = 0.022) 53.48 57.75(p = 0.033) 125/62
S16 (N) 52.00 60.00(p = 0.005) 56.00 112/88
S17 (E) 58.86(p = 0.018) 55.43 58.86(p = 0.018) 84/91
S20 (E) 57.25 57.97 60.87(p = 0.010) 71/67
S22 (N) 57.05 63.46(p = 7× 10−4) 56.41 94/62
S24 (N) 55.80 60.14(p = 0.016) 62.32(p = 0.004) 68/70
S26 (E) 51.88 54.89 55.64 68/65
S40 (N) 52.66 51.21 54.11 75/132
S51 (E) 62.14(p = 2× 10−4) 63.79(p = 2× 10−5) 66.26(p = 4× 10−7) 122/121
S52 (N) 57.80(p = 0.038) 63.58(p = 4× 10−4) 71.10(p = 2× 10−8) 90/83
S56 (E) 59.11(p = 0.009) 65.02(p = 2× 10−5) 61.08(p = 0.002) 121/82
S57 (N) 61.96(p = 0.002) 55.83 64.42(p = 2× 10−4) 94/69
S59 (E) 62.24(p = 2× 10−4) 57.68(p = 0.016) 59.75(p = 0.003) 123/118
S61 (N) 56.47 53.53 58.82(p = 0.020) 85/85
S62 (E) 50.44 58.41(p = 0.011) 51.77 154/72
Overall 57.16 57.88 59.64

subjects. Significance level was calculated based on the total number of trials in

the cross-validation and left-out sets for each subject [57, 2] as described in Section

4.2.4.

Out of the 13 subjects with significantly over chance results, 8 subjects were

self-reported car experts. However, there were no significant differences in accuracy

for any of the classifiers between the two groups based on the Kruskal-Wallis test

(pre-: p = 0.33, during-: p = 0.79, combined: p = 0.92), which should not be

surprising since memory for both birds and cars was included in all analyses.

4.3.2 Temporal and spectral SME

Subsequent memory effects in the pre- and during-stimulus periods were

identified using methods given in Section 4.2.7. Oscillatory power in the pre-

stimulus period was examined separately on 5 non-overlapping subbands (theta,
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Figure 4.3: (a): Difference in high beta power between the remembered and
forgotten trials between -300 and 0 ms before stimulus presentation (log(µV 2)).
(b): Same topography as in (a) but masked by the spatial pattern of the most
significant cluster resulting from cluster-based analysis across all subjects (p <
0.05). (c): Difference in low gamma power between the remembered and forgotten
trials between -300 and 0 ms before stimulus presentation. (d): Same topography
as in (c) but masked by the spatial pattern of the most significant cluster resulting
from cluster-based analysis across all subjects (p < 0.05).

alpha, low beta, high beta, and low gamma). For a given subband, within-subject

averages of the power difference between the remembered and forgotten trials were

calculated on all electrode positions. Afterwards, electrode positions with signif-

icantly large power difference for a given subband were identified by conducting

a paired-sample t-test. This effect was adjusted for multiple comparisons using

the cluster-based correction explained in Section 4.2.7. The pre-stimulus period

showed consistent positive spectral SME across subjects in the high beta (19-30

Hz) and low gamma (30-40 Hz) bands in the parietal electrodes as given in Figure

4.3.

The temporal during-stimulus classifier performance depends on the size

of the Dm in channel groups CM, LPS, RPS, and PM within 400-800 ms. Time
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Figure 4.4: Mean amplitudes for remembered/forgotten trials across channels
groups CM, LPS, RPS, and PM. Portions with significant effects resulting from
cluster-based analysis are shaded in gray (p < 0.01).

segments with significant Dm effect across subjects were identified based on the

cluster-based analysis. Subject-specific ERPs were calculated for the two classes

on all channel groups. Time points with significantly large Dm were identified

by conducting a paired-sample t-test on the ERPs (p < 0.05). Cluster-based

correction was used to adjust for multiple comparison. Channel groups LPS, RPS,

and PM had significant Dm effects within this time segment as given in Figure 4.4.

Differences in alpha power between the remembered and forgotten trials

were analyzed separately in the two time windows used for the during-stimulus

spectral classifier (400-800 and 1000-1400 ms after stimulus onset). For each time

window, the alpha event related desynchronization (ERD) [64] measurements for

the remembered and forgotten trials were calculated using EEG power relative to

the average power during the baseline period. Alpha power difference between the

remembered and forgotten trials was defined as the difference of the ERD mea-

surements between the two classes. For each subject, the average alpha power

difference between the remembered and forgotten trials was calculated on all elec-

trode positions. These values were used in the same manner as the pre-stimulus

analysis to reveal clusters of channels that showed significant difference between
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Figure 4.5: (a): Difference in alpha power between the remembered and forgotten
trials between 400 and 800 ms after stimulus onset (log(µV 2)). (b): Same topog-
raphy as in (a) but masked by the spatial pattern of the most significant cluster
resulting from cluster-based analysis across all subjects (p < 0.05). (c): Difference
in alpha power between the remembered and forgotten trials between 1000 and
1400 ms after stimulus onset. (d): Same topography as in (c) but masked by the
spatial pattern of the most significant cluster resulting from cluster-based analysis
across all subjects (p < 0.05).

the two classes. The two time windows gave significantly different scalp patterns

as given in Figure 4.5. There was significantly stronger alpha desynchronization

for the forgotten trials compared to the remembered trials (positive spectral SME)

in the left central area during the 400-800 ms window (p < 0.05); while there was

significantly stronger alpha desynchronization for the remembered trials (negative

spectral SME) in the posterior area during the 1000-1400 ms window (p < 0.05).

4.3.3 Classifier scores for all rating scale responses

We also examined the relationship between subjects’ responses and classifier

scores. Even though trials with maybe familiar and definitely familiar responses

were excluded from the previous analysis due to a desire to maximize difference
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in encoding strength, we can acquire the classifier scores for these trials using the

same classification procedure (see Section 4.2.6 for details). The classifier score

is a projection of the high-dimensional EEG data onto a 1-dimensional hyper-

plane which best discriminates between the remembered and forgotten classes.

These hyperplanes (or projections) are defined by the features used by the differ-

ent classifiers. Hence, it is possible to efficiently reveal underlying factors related

to subsequent memory from the EEG data by examining the scores given from

the different classifiers. This analysis was conducted on the combined classifier

scores as well as the three individual classifier (pre-, during-temporal, and during-

spectral) scores. Both analysis of variance (ANOVA) and the Kruskal-Wallis test

were used to compare the classifier scores from the recollect trial to the 4 other

responses. Since both tests gave similar results, we only report results based on the

repeated measure ANOVA with Bonferroni adjustment for multiple comparisons

on different responses and classifiers. The results are illustrated in Figure 4.6.

For the combined classifier, recollect trials had a mean score significantly

different from all other responses (p < 2 × 10−4). For the pre-stimulus classifier,

trials with recollect responses also had a mean score significantly different from

all other responses (p < 9 × 10−4). For the during-stimulus temporal classifier,

trials with recollect responses had a mean score significantly different from maybe

familiar and all unfamiliar trials (p < 2× 10−8). For the during-stimulus spectral

classifier, trials with recollect responses also had a mean score significantly differ-

ent from maybe familiar and all unfamiliar trials (p < 4 × 10−5). These results

indicate that the pre-stimulus classifier gives significantly smaller scores to the defi-

nitely familiar trials compared to the recollect group while the two during-stimulus

classifiers map the definitely familiar trials closer to the recollect trials.

Since the pre-stimulus classifier combines information from multiple bands,

each subband had to be isolated to examine how the different frequencies con-

tributed to the difference in classifier scores between the different responses. It

was revealed that the recollect trials had significantly larger mean score than the

familiar trials between 25 and 35 Hz. This implies that the pre-stimulus classi-

fier’s ability to distinguish between recollect and definitely familiar trials is carried
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Table 4.2: The mean scores given by the pre-stimulus classifiers trained on the
9 separate bandpass filtered data. Repeated measure ANOVA was conducted be-
tween recollect trials (given in italics) and the 4 other response options. Significant
p-values after Bonferroni adjustment for multiple comparisons are given with ∗ su-
perscripts (*: p < 0.012, **: p < 0.005, ***: p < 0.001, ****: p < 0.0001).

Recollect Def fam Maybe fam Maybe unfam Def unfam
4-7 Hz 0.506 0.512 0.506 0.467∗∗ 0.459∗∗

6-10 Hz 0.506 0.500 0.493 0.466∗∗ 0.454∗∗∗

7-12 Hz 0.505 0.498 0.492 0.468∗∗ 0.459∗∗

10-15 Hz 0.511 0.488 0.487 0.472∗ 0.474∗∗

12-19 Hz 0.511 0.498 0.496 0.461∗∗∗ 0.482
15-25 Hz 0.499 0.500 0.478 0.462∗∗ 0.471∗

19-30 Hz 0.492 0.464 0.463 0.457∗ 0.481
25-35 Hz 0.511 0.449∗∗∗∗ 0.460∗∗∗ 0.463∗∗∗∗ 0.466∗∗∗∗

30-40 Hz 0.496 0.456 0.461 0.464 0.478

mostly by information in the high beta and low gamma bands. All mean scores

and significant results from the ANOVA test are given in Table 4.2. Here, we only

adjusted for multiple comparisons across the 4 response options and not across the

multiple frequencies since the goal was to reveal underlying activities that may

account for the effect found in the pre-stimulus scores.

The during-stimulus spectral classifier combines information from two dis-

tinct time windows (400-800 and 1000-1400 ms after stimulus onset). Hence, clas-

sifier scores were recomputed using classifiers trained on individual windows. The

classifier scores for the early window (400-800 ms) showed similar values for the

recollect and definitely familiar trials. However, the classifier scores for the later

window (1000-1400 ms) were significantly different between the two responses

(p = 3 × 10−4). All mean scores and significant results from the ANOVA test

are given in Table 4.3.

4.4 Discussion

These results show that it is possible to successfully predict subsequent

memory performance based on single-trial scalp EEG activity recorded before and

during item presentation. The prediction rate improved by 2%, by combining

information from the pre- and during-stimulus periods. However, many factors
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(a) Combined: d-unfam (p < 5×10−20);
m-unfam (p < 9× 10−26); m-famil (p <

7× 10−11); d-famil (p < 2× 10−4).

(b) Pre-stimulus: d-unfam (p < 8 ×
10−11); m-unfam (p < 2 × 10−12); m-
famil (p < 0.002); d-famil (p < 9 ×
10−4).

(c) During-stimulus temporal: d-unfam
(p < 2×10−8); m-unfam (p < 5×10−12);
m-famil (p < 6× 10−11).

(d) During-stimulus spectral: d-unfam
(p < 2×10−7); m-unfam (p < 2×10−10);
m-famil (p < 4× 10−5).

Figure 4.6: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for all 5 response options (d-unfam: definitely unfamiliar,
m-unfam: maybe unfamiliar, m-famil: maybe familiar, d-famil: definitely familiar,
recollect). Responses with significantly different means from the recollect trials are
given with a star and the corresponding p-values are given below the figure. All
results are based on the ANOVA test with Bonferroni adjustment for multiple
comparisons.
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Table 4.3: The mean scores given by the during-stimulus spectral classifiers
trained on the individual time windows. Repeated measure ANOVA was con-
ducted between recollect trials (given in italics) and the 4 other response options.
Significant p-values after Bonferroni adjustment for multiple comparisons are given
with ∗ superscripts (*: p < 10−3, **: p < 10−4, ***: p < 10−5).

Recollect Def fam Maybe fam Maybe unfam Def unfam
400-800 ms 0.543 0.527 0.492∗ 0.480∗∗∗ 0.475∗∗∗

1000-1400 ms 0.524 0.473∗ 0.449∗∗∗ 0.475∗∗ 0.472∗

can influence whether a subject will remember a stimulus, not all of which could

be controlled in our study including how intrinsically memorable the stimulus is

and the subject’s brain state during the recognition phase. These factors add noise

to the trial labels which may lower classifier accuracy.

There has not been any study that combines information from the pre- and

during-stimulus periods of the data to predict subsequent memory, but the two time

periods have been used to predict subsequent memory separately in two different

fMRI studies. [80] showed that it is possible to predict subsequent memory with

approximately 66 % accuracy using fMRI data while subjects attend to the stimuli.

Since EEG has a lower spatial resolution compared to fMRI a lower prediction rate

might be expected (56.8 % accuracy for the during-stimulus classifier). Also, it

is difficult to separate out the brain signal prior to and during encoding using

fMRI due to the slowness of the vascular response. Hence, the classifier may

have incorporated information from the pre-stimulus as well as the during-stimulus

period. The proportion of subjects with significantly over chance results in our

study is comparable to that found by [80] (6 out of 13 subjects3 for [80] and 13

out of 18 subjects for the current study).

[87] used the pre-stimulus period of the fMRI data to predict good/bad

brain states for learning novel scenes. Their predictions gave 48.8 % hit rate

(percentage of remembered items) during good brain states and 41.9 % hit rate

(percentage of forgotten items) during bad brain states. Though it is difficult to

directly compare the results due to the differences in the experimental paradigm

3This was computed by averaging over the main and confirmatory results given in [80] with
threshold for chance performance at 66.1 % which was calculated using methods given in [2].
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and other settings such as recording technique, online/offline4 setting etc., the

results from the present study are numerically higher than the results from [87].

The average hit rate during the good brain states (trials with pA over 0.5) of the

pre-stimulus classifier was 56.5 % while the average hit rate during the bad brain

states (trials with pA below 0.5) was 42.0 %. The hit rate of a random selection of

trials was 53.5 % across all subjects.

Table 4.5 shows how often each band was chosen for the pre-stimulus clas-

sifier. For example, the first value 0.82 in the table indicates that for subject S03,

frequency band 4-7 Hz gave better than chance training error (and identified as

informative) 82 % of the time over all cross-validation folds. There are individual

differences in the frequency bands utilized by the pre-stimulus classifiers (Table

4.5). Subjects S26, S40 and S62 have no certain informative band that has better

than chance training error. This suggests that these subjects’ EEG data could be

too noisy for the pre-stimulus classifier to work properly or the pre-stimulus EEG

does not contain any useful information [58]. Subjects S16, S20, S24, and S26

have at least one subband that is selected 60 % of the time, but the pre-stimulus

accuracies are not significantly over chance. This suggests that the training set

does not well represent the entire data set for these subjects. This may be due

to non-stationarity in the data which may result in non-optimal CSP filters. A

consistent cross-subject pre-stimulus spectral SME was only observed in the high

beta and low gamma bands (Figure 4.3).

Our data did not show the significant theta power difference observed in [34].

This may be due to the difference in timing of the pre-stimulus theta SME. Theta

difference may occur earlier in the current study due to difference in experiment set-

up. [28] observed that power difference in the theta band occurred earlier in time

than the higher frequencies. Also, [29] demonstrated that pre-stimulus theta SME

occurred from -900 to -300 ms, but not immediately before stimulus onset. Hence

if a majority of the subjects showed theta enhancement in the remembered trials

prior to -300 ms before stimuli presentation, the data would not show significant

4We refer to a system as online when it interprets the data and predicts the receptiveness of
a subject to stimuli in real-time. An offline analysis uses data recorded from past experiments
where subjects had no knowledge of the system’s predictions.
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SME in the theta band and only in the higher bands. The pre-stimulus SME

observed in the higher frequencies supports this hypothesis. One other possibility

is that, due to the small number of theta cycles possible in the 300 ms pre-stimulus

window, the phase shifts may be confusable with power differences making the

power differences related to subsequent memory difficult to detect.

Extra post-hoc spectral analysis in the during-stimulus window was con-

ducted on additional frequencies to verify whether spectral SME found in previous

studies could be identified in the current dataset. Analysis on the theta (4-7 Hz),

low beta (12-19 Hz), and high gamma (55-70 Hz) bands revealed that 1) the pos-

itive theta SME within the posterior area in the 200-600 ms window and 2) the

negative low beta SME within the posterior area within the 800-1200 ms window

were significant (p < 0.05) as given in Figure 4.7. These results agree with find-

ings in [38, 40]. Single-trial analysis was conducted on the theta (4-7 Hz), low beta

(12-19 Hz) band features to confirm whether information in those bands were clas-

sifiable. The overall classification results were 49.3 % for the theta band and 53.0

% for the low beta band. The during-stimulus theta classifier gave significantly

lower results than the two during-stimulus alpha classifiers based on the rank sum

test (p = 0.001) suggesting that the theta band features were not appropriate

for single-trial classification. The during-stimulus low beta classifier gave slightly

lower accuracy than the two during-stimulus alpha classifiers but the results were

not significantly different (p = 0.87). However, adding the low beta features to the

classifier gave an overall accuracy of 59.03 % which did not improve the overall

classification results. The reason the theta SME did not give useful features for

single-trial analysis may be due to the early timing of the effect (200-600 ms).

The subjects’ responses to the stimulus itself may act as artifacts on a single-trial

basis, whereas this aspect of the brain activity is diminished when the SME is

computed on all available trials. Also the single-trial phase shifts may add noise

to the power estimation in the 400 ms window. The low beta band features may

partially be present in the late alpha band features (1000-1400 ms) due to the

spectral/temporal proximity and spatial similarity (negative spectral SME in the

posterior area) of the two features. This may explain why the overall classifica-
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Figure 4.7: (a): Difference in theta power between the remembered and forgotten
trials between 200 and 600 ms after stimulus onset (log(µV 2)). (b): Same topog-
raphy as in (a) but masked by the spatial pattern of the most significant cluster
resulting from cluster-based analysis across all subjects (p < 0.05). (c): Difference
in low beta power between the remembered and forgotten trials between 800 and
1200 ms after stimulus onset. (d): Same topography as in (c) but masked by the
spatial pattern of the most significant cluster resulting from cluster-based analysis
across all subjects (p < 0.05).

tion does not improve by including the beta band features in the during-stimulus

spectral classifier.

The alpha SME during 400-800 ms gave considerably different patterns from

the alpha SME during 1000-1400 ms (given in Figure 4.5). The negative SME in the

posterior area found between 1000 and 1400 ms is consistent with previous studies

[48, 38, 40]. The early positive alpha SME may be related to previous findings

which showed that high alpha power over task-irrelevant regions is important for

the participants to perform optimally in covert attention tasks [37, 35]. Thus,

the early during-stimulus spectral classifier may be utilizing information reflecting

attention. The asymmetric alpha power difference between the remembered and

forgotten trials may be due to increased activity associated with the left hemisphere

such as subvocal speech (or internal thoughts) during the forgotten trials[25] which

could interfere with the visual encoding task.

The classifiers were originally trained to give high scores for the recollected

trials and low scores for the unfamiliar trials. However, the different classifiers

showed interesting trends on their classification of the untrained definitely familiar

trials. The during-stimulus temporal scores (Figure 4.6 (c)) and spectral scores

from the 400 to 800 ms window (1st row in Table 4.3) did not distinguish between

the recollected and definitely familiar trials while the pre-stimulus spectral scores
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Table 4.4: The mean definitely familiar scores given by the 4 different classifiers
(given italics) were compared to the maybe familiar and unfamiliar scores using
repeated measure ANOVA. Significant p-values after Bonferroni adjustment for
multiple comparisons are given with ∗ superscripts (*: p < 0.003, **: p < 10−3).

Classifier Def fam Maybe fam Maybe unfam Def unfam

Group 1
during-temporal (400-800 ms) 0.520 0.468∗ 0.460∗∗ 0.458∗∗

during-alpha (400-800 ms) 0.527 0.492 0.480∗∗ 0.475∗∗

Group 2
pre-[25-35 Hz] (-300-0 ms) 0.449 0.460 0.463 0.466
during-alpha (1000-1400 ms) 0.473 0.449 0.475 0.472

between 25 and 35 Hz (8th row in Table 4.2) and the during-stimulus spectral

scores from the 1000 to 1400 ms window (2nd row in Table 4.3) gave significantly

lower scores to the definitely familiar trials than the recollected trials. Subsequent

analyses showed that the definitely familiar scores were significantly higher than

the unfamiliar trials for the first group of classifiers while there were no significant

differences for the second group as given in Table 4.4. Moreover, it was found

that the definitely familiar scores given by the first group were significantly higher

than the second group (p < 10−7) (values in column 3 of Table 4.4). Thus, the

familiarity judgments revealed that the different classifiers are utilizing distinct

neural processes for their classification of subsequent memory.

Recent research has raised doubts about the extent to which remember,

familiar judgments can be used to estimate separate recollection and familiarity

processes rather than merely reflecting confidence differences attributable to a sin-

gle continuously varying memory signal [24, 67, 85]. The scores from the first group

of classifiers seem consistent with the continuous confidence perspective because

both of the high confidence “old” responses (definitely familiar and recollect) gave

significantly higher scores than the unfamiliar trials, but there were no significant

differences between definitely familiar and recollect trials. On the other hand, the

second group of classifiers showed a pattern that seems to differentiate only rec-

ollect responses from all other responses (without being sensitive to gradations in

confidence between the familiar and unfamiliar trials). Thus, EEG differences in

the -300 to 0 ms window (specifically oscillatory activity between 25 and 35 Hz) and

alpha activity between 1000 and 1400 ms appear to be differentiating subsequent fa-
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miliarity from recollection in a manner that is not synonymous with confidence, so

may reflect aspects of encoding preparation and processes that would differentiate

these responses. For example, although contextual influences on familiarity have

been demonstrated [1, 27, 56, 72], contextual influences are widely regarded to be

stronger on recollection than familiarity [16, 12, 65, 22, 74]. Perhaps pre-stimulus

activity between 25-35 Hz is important for encoding contextual information, which

may include contextual information taken from the pre-stimulus period itself (e.g.,

whatever the subject was thinking about prior to encoding). Also, during stimulus

presentation, the brain activity may shift from encoding the stimulus early in the

trial to also encoding the contextual information in that period.

We cannot completely rule out the possibility that the pre-stimulus classifier

may be using the brain activity of the evoked response to the fixation-cross rather

than the ongoing pre-stimulus neural activities for classification. However the pre-

stimulus ERP did not show any significant difference between the remembered and

forgotten trials. This decreases the possibility that the evoked response from the

fixation-cross holds any information that discriminates between the two classes. In

a follow-up study, the effects of these different signals on classification results will

be further investigated using an appropriate experiment paradigm.

In summary, this study shows that pre- and during-stimulus EEG can be

used to predict subsequent memory performance. We discovered that the pre-

stimulus classifier (especially in frequencies around 25-35 Hz) using the -300-0 ms

window and during-stimulus alpha band classifier using the 1000-1400 ms window

distinguished recollection from familiarity, whereas the during-stimulus temporal

and alpha band classifiers using the 400-800 ms time window did not. These results

suggest that 1) the brain activity before item presentation contributes to how well

context gets encoded with the upcoming item and 2) the brain activity during

item presentation initially focuses on item encoding then shifts to also encoding

the contextual information. Finally, these findings could provide an inexpensive

and non-invasive way to monitor learning preparedness to optimally determine the

time to present a stimulus and present the stimulus again at a later time point if

the encoding process is unsuccessful.
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Chapter 5

Predicting and analyzing source

memory retrieval

5.1 Introduction

In this portion of the study, we aim to discriminate between the correctly

identified old/new trials during the recognition phase of a recognition memory ex-

periment on a single-trial basis. The study items were given with extrinsic source

information (spatial location for Experiments 1 and 3, color of frame for Exper-

iments 2 and 3). Classification was conducted between the correctly identified

old trials with correct source judgments vs. correctly rejected new trials using the

time domain information of the EEG data. The training classes were chosen in this

manner to maximize the difference in retrieved information from the study episode.

The two classes differ in both source and item retrieval strength. The classifier

were trained from the two classes and used to project the remaining conditions

onto the discriminative hyperplane. The average projection values (or classifier

outputs) of the different source retrieval conditions and different subjective rating

conditions were compared to reveal the relationship between the different condi-

tions and memory retrieval strength. Furthermore, data from two different source

conditions (location and color) were compared using the single-trial classification

method to examine the source specific and independent features of the old/new

52
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effect.

5.2 Materials and Methods

EEG for the current study was previously recorded in 3 separate visual

memory task experiments [56].

5.2.1 Experiment 1

Participants

The subjects were right-handed University of Colorado undergraduate stu-

dents (ages 18-28, mean=21.4) who volunteered for paid participation ($15 per

hour) or course credit (17 male, 13 female). All subjects were native-English

speakers and had normal or corrected-to-normal vision.

Experimental Paradigm & EEG acquisition

The experiment was divided into 4 blocks consisting of a study and recogni-

tion phase. The stimuli were color images of physical objects, animals, and people.

A total of 1297 images were selected from http://www.clipart.com, the stimuli

set by [9], and image search on the Internet. All images were resized to 240 ×

240 pixels and presented on a square white background. For each subject, a total

of 416 images were randomly selected as the study items (104 items per block).

The test lists consisted of 100 old items from the preceding study list with 50 foil

items given in random order. The first and last two stimuli in the study list were

excluded from the test list to reduce primacy and recency effects.

During the study phase, the study items were presented on either the left

or right side of the fixation cross. The subjects were instructed to memorize the

side of the screen on which each study item was given. The spatial location of

the item was considered as the source information in this experiment. A study

item was shown for 1000 ms followed by an inter-stimulus interval with varying

lengths (625 ± 125 ms). A visual Gaussian noise image was given on the location



54

Figure 5.1: An illustration of the study and test tasks used in (A) Experiment 1
and (B) Experiment 2 as given in [56].

of study item presentation whenever an item was not being presented to prevent

after-image effects from the stimulus.

In the recognition phase, a fixation cross appeared on the center of the

screen for 750 ms. A test item was shown for 750 ms on top of the fixation

cross followed by a 1500 ms long fixation cross. Then the subjects were given two

consecutive questions where the second question type depended on the subjects’

answer on the first one. In the first question, subjects were asked to make a

source/new judgment where source was the location of the item in the study phase.

The first question had three options: left, right (given as L and R respectively)

and a new judgment (given as N). If the subjects responded with one of the colors

in the first question, they were asked to give a modified R-K judgment in the

second question. The R-K judgment question had three options: remember side

(given as RS), remember other (given as RO), and familiar (given as F). Subjects

were instructed to respond with RS if they remembered the source information,

RO if they remembered something other than the source information, and F if

they could not remember any details of learning the item but it looked familiar.

If the subjects responded with new in the first question, they were asked to give

a confidence of that response: sure (given as S) or maybe (given as M) based on

how confident they were about it being a new item. See Figure 5.1 (A) for an

illustration of the study and test tasks in the experiment.

The key assignments were ordered in a way that they followed the test task.

The keys for left responses were assigned to the left hand (z or x key), the keys

for right responses were assigned to the right hand (. or / key), and the keys for
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Figure 5.2: The GSN electrode locations used to record the EEG and the six
channel groups on which classification analysis was conducted. LAS left ante-
rior superior, RAS right anterior superior, CM central medial, LPS left posterior
superior, RPS right posterior superior, and PM posterior medial.

new responses were assigned to one of the outermost keys (z or / key). For the

confidence judgments, the keys were set up from left to right to follow memory

strength in either descending or ascending order. The familiar (F) responses and

remember (RS/RO) responses were always assigned to different hands. The key

assignment was fixed for a given subject, but all possible key combinations were

distributed to equal number of subjects.

EEG was recorded with a 128-channel Geodesic Sensor NetTM (HydroCel

GSN 200, v. 2.1; [76]) at 250 Hz sampling rate using an AC-coupled 128-channel,

high-input impedance amplifier (300 MΩ, Net AmpsTM; Electrical Geodesics Inc.,

Eugene, OR) with a 0.1 to 100 Hz bandpass filter. Initial common reference was the

vertex channel (Cz) and the individual electorates were adjusted until impedance

measurements were lower than 40 kΩ.

5.2.2 Experiment 2

Participants

The subjects were right-handed University of Colorado undergraduate stu-

dents (ages 18-27, mean=21.2) who volunteered for paid participation ($15 per
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hour) or course credit (17 male, 13 female). All subjects were native-English

speakers and had normal or corrected-to-normal vision.

Experimental Paradigm & EEG acquisition

The stimuli set used in Experiment 1 was used in Experiment 2. In the

study phase, the study items were presented with a 48-pixel wide color frame with

8 possible colors (purple, green, blue, pink, red, orange, yellow, brown). The color

of the frame was considered as the source information in this experiment. Two

of the four study lists used six colors and the two other study lists used the two

remaining colors. Half of the subjects received the two-color condition in the even

blocks and the other half of the subjects received the six-color condition in the odd

blocks. All colors were randomly and evenly distributed over the study items.

During the study phase, the subjects were instructed to memorize the frame

color with each of the presented study items. A study item was shown for 1500

ms followed by an inter-stimulus interval with varying lengths (625 ± 125 ms). A

visual Gaussian noise image was given on the location of study item presentation

whenever an item was not being presented to prevent after-image effects from the

stimulus.

In the recognition phase, a fixation cross appeared for 750 ms with a preview

of the two colors the subject would be choosing from immediately following the test

item presentation. The number of preview colors were set to two for both six- and

two-color conditions. If the test item was old (i.e. given in the preceding study list),

its corresponding frame color was given in the preview. After the color preview, a

test item was shown for 750 ms followed by a 1500 ms long fixation cross. Then

the subjects were given two consecutive questions where the second question type

depended on the subjects’ answer on the first one. In the first question, subjects

were asked to make a source/new judgment where source was the frame color given

with the item in the study phase. The first question had three options: two colors

(given as solid color squares) and a new judgment (given as N). If the subjects

responded with a color in the first question, they were asked to give a modified R-

K judgment in the second question. The R-K judgment question had three options:
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remember color (given as RC), remember other (given as RO), and familiar (given

as F). Subjects were instructed to respond with RC if they remembered the source

information, RO if they remembered something other than the source information,

and F if they could not remember any details of learning the item but it looked

familiar. If the subjects responded with new in the first question, they were asked

to give a confidence of that response: sure (given as S) or maybe (given as M)

based on how confident they were about it being a new item. See Figure 5.1 (B)

for an illustration of the study and test tasks in the experiment.

The key assignments for Experiment 2 was as follows. The keys for the

two color responses were assigned to separate hands (x and . key or z and . key)

and the keys for new responses were assigned to the remaining outermost key (z

or / key). The key assignments for the confidence judgments were the same as

Experiment 1. The key assignment was fixed for a given subject, but all possible

key combinations were distributed to equal number of subjects.

5.2.3 Experiment 3

Participants

The subjects were right-handed University of Colorado undergraduate stu-

dents (ages 18-29, mean=20.6) who volunteered for paid participation ($15 per

hour) or course credit (21 male, 17 female). All subjects were native-English

speakers and had normal or corrected-to-normal vision.

Experimental Paradigm & EEG acquisition

The experiment was conducted in two separate sessions occurring on sepa-

rate days. Each session consisted of 4 lists where two lists were the location source

paradigm (as in Experiment 1) and two lists were the color source paradigm (as

in Experiment 2). Only two frame colors (blue and yellow) were used for the color

condition to match the number of location and color conditions across lists). For

the first session, half of the subjects received the color condition in the even list

numbers and the other half of the subjects received the color condition in the odd
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list numbers. The second session used the opposite order. The stimuli used in the

two previous experiments were used for this experiment.

For both source conditions, a source indicator frame (color condition: blue/yellow

frame, location condition: white frame on the left/right side of the screen) appeared

on top of the visual Gaussian noise image prior to each study item presentation for

500 ms. Then the study item was presented inside the source indicator frame for

2000 ms followed by a slightly increased inter-stimulus interval (1125 ± 125 ms).

The timing of the recognition phase was the same as the previous exper-

iments. However, a number of changes were made to the procedures. No color

preview was given prior to test item presentation during the color condition lists.

Also, the solid color squares used as source cues (as in Experiment 2) were changed

to letters B and Y to better match the location conditions. Finally, both of the

source responses (B and Y/L and R) were assigned to one hand and the new

response (N) was assigned to the other hand. The key assignments were counter-

balanced across subjects.

EEG was recorded with the same equipment as in the previous experiment

at 500 Hz sampling rate with a 100 Hz hardware low-pass filter.

5.2.4 Pre-processing

EEG epochs from the recognition phase of each experiment were extracted

and recalculated to average reference. Each epoch was filtered between 0.1 and

50 Hz using a 40 tap FIR filter and baseline corrected using data from -200-0 ms.

Data from Experiment 3 were downsampled to 250 Hz after the pre-processing

procedure.

5.2.5 Classification problem

Classification analysis was conducted separately on Experiment 1, Exper-

iment 2, location source blocks from Experiment 3 (denoted as Experiment 3-

location or Exp 3-loc), and color source blocks from Experiment 3 (denoted as

Experiment 3-color or Exp 3-col). Before conducting classification, the trials were



59

Figure 5.3: Categorization of the trials based on the subjects’ source judgments
(SC: source correct, SI: source incorrect, CR: correct rejection) and subjective
ratings (RS: remember source, RO: remember other, F: familiar, MN: maybe new,
SN: sure new).

divided into 8 conditions based on their source judgments (1st response) and sub-

jective rating judgments (2nd response) as illustrated in Figure 5.3.

The classifiers were trained to find the projection function onto the vector

perpendicular to the decision boundary which represents the amount of informa-

tion retrieved from the study episode. A two-class binary classifier with probability

outputs (0 ≤ p ≤ 1) was trained to discriminate between old trials with correctly

identified sources (class 1: SC-RS, SC-RO) and correctly rejected new trials (class

2: CR) for each subject. In order to maximize the difference in retrieved informa-

tion between the two classes, the SC-F trials were likely to include many guesses

and not included in class 1. The individual classifier performances were evaluated

on class 1 vs. class 2 classification in order to verify whether the classifier found a

meaningful decision boundary. All other conditions were excluded from classifier

evaluation. However, these trials were projected onto 0 ≤ p ≤ 1 using the pattern

classifier to compare their classifier scores and subjects’ source/item judgments.

As described above, an output of the classifier (or the classifier score) for a given

trial can be interpreted as the classifier’s decision on the amount of information

retrieved using the EEG of that trial.

For experiment 1, 1 subject was excluded due to low behavioral performance

(source hit rates were three standard deviations below the average), 2 subjects were

excluded because they gave no familiar responses, and 5 subjects were excluded

due to insufficient number of trials to train a reliable classifier. Subjects that had

less than 50 trials within each class after artifact trial rejection were excluded from

further analysis. As a result, 22 subjects were selected for analysis.

For experiment 2, 2 subjects were excluded due to low behavioral perfor-
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mance (source hit rates were three standard deviations below the average) and 6

subjects were excluded due to insufficient number of trials to train a reliable clas-

sifier (less than 50 trials in either class after artifact trial rejection). As a result,

22 subjects were selected for analysis.

For experiment 3, 5 subjects were excluded because they did not complete

the second session and 4 subjects were excluded because they gave no familiar re-

sponses. The number of source correct and correctly rejected trials were calculated

separately for each source condition for the remaining 29 subjects and subjects were

excluded independently for the different source conditions. A total of 21 subjects

remained for the two source conditions (with 18 common subjects) after excluding

the subjects with insufficient number of trials as done for the previous experiments.

5.2.6 Classification

The average difference between the number of trials in classes 1 (conditions

SC-RS and SC-RO) and 2 (conditions CR-MN and CR-SN) was approximately 52

across the 86 individual classification problems. In order to eliminate any effect

from unbalanced classes while using all available trials for classifier evaluation,

enough trials from the larger class were set aside as the left-out set to acquire a

balanced cross-validation set. The trials in the left-out set were evenly distributed

over the 4 test lists to decrease any effect from drift in the EEG signal. The cross-

validation set was evaluated based on a balanced leave-two-out cross-validation

procedure1. The left-out set was evaluated by using the classifier trained using the

whole cross-validation set. All other trials excluded from the classification analysis

(trials from conditions SC-F, SI-RS, SI-RO, and SI-F) were also classified using

this classifier.

The spatio-temporal structures of the ERPs were extracted based on previ-

ous findings on the old/new effect. Six channel groups were selected for evaluation

1As described in Chapter 4, in a balanced leave-two-out cross-validation procedure, two trials
(one from each class) are randomly selected as the validation set and left out of any training
procedure and used as the validation set. This procedure is done for each fold until all trials are
used for validation. Classifier performance is evaluated by averaging over the accuracies across
all folds.
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(LAS, RAS, CM, LPS, RPS, and PM) as given in Figure 5.2. The average ampli-

tude for each channel group was computed and the data between 300 and 800 ms

after test item presentation was extracted to take advantage of both the frontal and

parietal old/new effects. The dimensionality of these subsequences were reduced

to 5 by averaging over 100 ms length non-overlapping windows. The features from

all six channel groups were concatenated to build a 30-dimensional feature vec-

tor for each trial. A binary classifier using linear discriminant analysis (LDA) was

trained to classify these feature vectors [5]. The decision threshold for class 1/class

2 was set to 0 when conducting cross-validation and adjusted using the results of

the training set when evaluating the left-out set. In order to acquire a probability

corresponding to the likelihood of a given example being a correctly retrieved old

item, the output of the LDA classifier was calibrated based on a permutation test

with plug-in estimator of Bayesian likelihood ratios for the standard homoscedastic

Gaussian model [23].

5.2.7 Cross-source classification

Cross-source classification was conducted on the data from Experiment 3

to better understand the neural mechanisms underlying the retrieval of the two

different sources (location vs. color). The classifiers trained on the color-source

dataset were used to classify the location-source dataset and classifiers trained on

the location-source dataset were were used to classify the color-source dataset.

This analysis was conducted on a total of 18 subjects who were included in both

the Exp 3-loc and Exp 3-col datasets (subjects S310, S312, S313, S315, S317, S321,

S323, S324, S326, S327, S330, S332, S333, S336, S337, S342, S344, and S345). The

classification methods described in Section 5.2.6 were utilized for the cross-source

classifiers. Since the training and evaluation sets were separate, no cross-validation

was required for evaluation. The cross-source analysis on the location dataset

(the location dataset classified using the color-source classifier) will be denoted as

col→loc and the cross-source analysis on the color dataset (color dataset classified

using the location-source classifier) will be denoted as loc→col.
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5.2.8 Statistical Methods

The performance of a classifier (classification accuracy) was computed based

on the classification of trials from classes 1 and 2 (trials from conditions SC-F,

SI-RS, SI-RO, and SI-F were considered unlabeled trials). The significance of

the performance of a classifier (whether the classifier performs significantly over

chance) was evaluated based on the number of test trials used for classification

as done in Chapter 4. The 95 % confidence interval for chance level performance

in a binary classification problem was calculated using Wald intervals with small

sample size adjustments [2] for each subject. Classification results were considered

to be significantly over chance only when the accuracy was over this threshold.

The average classifier scores across all subjects was compared across dif-

ferent retrieval conditions (SC, SI, and CR) and subjective rating responses (RS,

RO, F, MN, and SN) for each experiment (Experiments 1, 2, 3-location, and 3-

color). The classifier score is a projection of the high-dimensional EEG data onto

a 1-dimensional vector which is informative of the amount of information retrieved

from the study episode. Repeated measure analysis of variance (ANOVA) was

conducted on the trial-by-trial classifier scores to compare the classifier scores of

the different retrieval/subjective rating conditions.

It is advantageous to also compare the EEG features utilized by the clas-

sifiers for interpreting any effects identified from the classification analysis. To

examine the old/new effect from the ERPs a non-parametric randomization test

using cluster-based correction for multiple comparisons [55] described in Section

2.3 was used. First, the test statistic between the two conditions was calculated for

each time sample. Clusters were then identified by identifying adjacent samples

with significant difference between the two conditions (p < 0.05). The cluster-level

statistic was calculated by summing up these differences within each cluster. This

result was compared to the maximum cluster-level statistic of the permutation

distribution generated from 5,000 random within-subject permutations of the trial

labels. Note that the p-values for all clusters have to be calculated under this

permutation distribution to control for the false alarm rate. The cluster analysis

was conducted within each channel group and all p-values are given in the corre-
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sponding tables with no adjustment for multiple comparisons across the channel

groups.

5.3 Results

5.3.1 Classification accuracy

Table 5.1 gives the classification accuracies for all 4 datasets. The overall

classification accuracy for Experiment 1 (calculated for all trials from the subjects

available for a given experiment) was 65.1 % and the individual accuracies were

significantly over chance (significantly over 50 % with p < 0.05) for 20 out of the

22 subjects with none going significantly below 50 %.

The overall classification accuracy for Experiment 2 was 60.4 % and the

individual accuracies were significantly over chance (p < 0.05) for 18 out of the 22

subjects with none going significantly below 50 %.

The overall classification accuracies for Experiments 3-location and 3-color

were 60.3 % and 58.2 % respectively. The individual accuracies were significantly

over chance (p < 0.05) for 17 out of the 21 subjects with none going significantly

below 50 % for the location source and significantly over chance (p < 0.05) for

12 out of the 21 subjects with 1 subject (S345) going significantly below 50 % for

the color source (p = 0.04). The below chance finding is an example of a type

1 error. By using a more conservative test-statistic of 0.04 to avoid this error

and recomputing the threshold for chance performance, the individual accuracies

were significantly over chance for 11 out of the 21 subjects. The cross-source

classification results will be presented in Section 5.3.3.

5.3.2 Analysis of the classifier scores

The trials in the SC-F, SI-RS, SI-RO, SI-F conditions were not included in

the initial classification analysis to maximize the difference in amount of retrieved

information between the two classes. However, the classifier scores for these ex-

cluded trials can be computed (see Section 5.2.6 for details) and compared between
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Table 5.1: Average classification accuracies (%) for class 1 (SC-RS, SC-RO) vs.
class 2 (CR) classification. Overall accuracies given in the last row are the accu-
racies over all trials considered in the analysis. Results with p-value greater than
0.05 are shaded in gray.

Subject Exp 1 (loc) Subject Exp 2 (col) Subject Exp 3-loc Exp 3-col col→loc loc→col
S102 54.81 S204 60.37 S310 62.56 53.42 50.22 48.63
S104 68.90 S205 60.66 S312 64.99 66.96 56.12 67.25
S106 73.50 S206 64.71 S313 59.38 62.31 56.60 65.00
S108 65.07 S207 56.80 S315 55.52 61.06 57.06 57.10
S109 60.08 S208 62.70 S317 61.48 60.13 55.25 52.22
S110 70.20 S210 58.27 S319 51.98 - - -
S113 65.24 S211 60.50 S321 57.21 62.21 60.26 58.02
S114 69.77 S213 60.24 S323 52.10 50.48 51.50 44.76
S115 60.17 S214 67.12 S324 59.50 57.08 56.99 51.67
S116 57.51 S215 70.45 S326 64.49 56.36 56.73 53.39
S117 60.92 S216 56.73 S327 61.17 53.27 59.22 48.60
S118 66.67 S217 62.64 S328 53.85 - - -
S119 62.07 S219 54.43 S330 66.56 60.00 61.56 65.67
S120 64.94 S220 57.21 S332 57.27 56.30 58.14 56.01
S121 66.10 S221 61.92 S333 67.72 58.52 58.23 59.09
S122 58.68 S222 48.00 S334 - 54.39 - -
S123 68.06 S223 61.09 S335 - 63.07 - -
S125 61.81 S224 59.07 S336 66.67 66.55 65.87 65.87
S126 67.88 S225 60.00 S337 59.26 55.84 61.57 59.31
S127 64.16 S227 67.60 S340 - 56.57 - -
S128 77.17 S229 46.06 S342 63.04 56.17 56.52 65.43
S129 58.20 S230 58.80 S343 58.75 - - -

- - - - S344 67.62 52.66 53.81 61.54
- - - - S345 46.12 42.86 53.02 49.26

Overall 65.10 60.41 60.32 58.19 57.50 57.68

conditions.

First, the classifier scores for the 3 different source retrieval conditions (SC,

SI, and CR) were compared for each dataset. All comparisons were significant

(p < 0.02) as given in Table 5.2. The SI condition gave classifier scores significantly

lower than the SC condition (p < 5.0E − 11) and significantly higher than the

CR condition (p < 0.02) for all 4 datasets. The average classifier scores for the

3 different source retrieval conditions are illustrated in Figure 5.4. The average

projection values clearly followed the subjects’ source retrieval performance. A

t-test on the average classifier scores from the individual subjects revealed that

the distance between SC-SI was significantly larger for the location source than

the color source condition (p = 0.004). The distances between SC-CR and SI-

CR were not significantly different between the two conditions (p = 0.14 and

p = 0.74 respectively). This indicates that the SI trials are mapped closer to the

SC conditions in the color source datasets than the location source datasets.

Next, the classifier scores for the 5 different subjective rating conditions

(RS, RO, F, MN, and SN) with correct item retrieval or rejection were compared

for each dataset. All comparisons were significant (p < 0.05) across all 4 datasets

except for two pairs of comparisons: familiar vs. maybe new and maybe new vs.



65

Table 5.2: Comparison results between the classifier scores for the 3 source re-
trieval conditions (SC, SI, and CR). Repeated measure ANOVA results conducted
between all possible pairs are given with their correspond p-values.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col col→loc loc→col
SC vs SI 7.52E-14 7.84E-04 3.69E-03 4.80E-03 0.091 0.090
SC vs CR 5.31E-09 4.73E-11 2.69E-08 3.75E-33 1.40E-05 1.17E-29
SI vs CR 7.72E-04 3.48E-28 2.18E-08 1.96E-02 1.15E-08 0.014
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Figure 5.4: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for the 3 source retrieval condition from all 4 datasets.
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Table 5.3: Comparison results between the classifier scores for the 5 subjective
ratings within the correctly identified old/new trials (RS, RO, F, MN, and SN).
Repeated measure ANOVA results conducted between all possible pairs of subjec-
tive rating conditions are given with their correspond p-values. Comparisons with
p-value greater than 0.05 are shaded in gray.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col col→loc loc→col
RS vs RO 4.84E-12 3.94E-03 1.50E-04 2.91E-03 0.034 0.095
RS vs F 1.00E-15 2.30E-15 5.93E-07 4.69E-09 0.008 1.03E-13
RS vs MN 8.78E-81 6.07E-18 1.20E-09 2.97E-15 1.59E-05 1.49E-04
RS vs SN 1.20E-14 2.69E-59 1.53E-10 1.37E-08 5.95E-06 5.33E-24
RO vs F 1.21E-11 3.29E-04 4.79E-06 1.05E-04 0.294 1.91E-05
RO vs MN 4.21E-26 5.54E-05 4.26E-11 4.73E-08 6.12E-06 3.79E-12
RO vs SN 3.21E-34 1.30E-41 7.58E-13 5.52E-05 1.50E-12 1.09E-08
F vs MN 1.38E-04 6.50E-01 3.62E-03 1.00E-01 3.40E-05 9.36E-03
F vs SN 3.29E-06 3.72E-02 8.55E-03 1.23E-03 1.69E-07 0.282
MN vs SN 8.73E-01 4.93E-02 3.09E-01 6.84E-01 0.691 0.055

sure new. The two correct rejection conditions (MN and SN) were not significantly

different from each other for 3 out of the 4 experiments. The classifier scores

roughly followed the subjects’ subjective ratings of the amount of information

they were retrieving from the study episodes as illustrated in Figure 5.5. ANOVA

revealed that the distances between RS-RO and RS-F were significantly larger

for the location-source than the color-source condition (p = 0.018 and p = 0.025

respectively).

The classifier scores from the correct/incorrect source retrieval conditions

can be divided up into 3 subcategories based on the 3 possible subjective ratings.

This resulted in a total of 6 conditions (15 possible comparisons). Out of the 15

comparisons, 7 pairs gave significant results for all 4 datasets as given in Table

5.4. The source correct trials with subjective source retrieval judgments(SC-RS)

gave classifier scores significantly higher than all other conditions with different

subjective ratings (SC-RO, SC-F, SI-RO, and SI-F). All SI-RS conditions were

significantly higher than the familiar conditions (SC-F and SI-F) except for Ex-

periment 2 where the difference was only marginally significant (p = 0.063). All

SI-RO conditions were significantly higher than the familiar conditions (SC-F and

SI-F) except for Experiment 3-location (p = 0.078). The two color-source datasets

(Experiments 2 and 3-color) showed significant differences between the SC-RS and

SI-RS conditions (p < 0.032) while the location datasets did not. It was also found

that the two familiar conditions (SC-F and SI-F) gave the lowest scores within the
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Figure 5.5: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for the correctly identified confidence judgments from
all 4 datasets.
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Table 5.4: Comparison results between the classifier scores for the different sub-
jective rating conditions within the item hit trials (SC-RS, SC-RO, SC-F, SI-RS,
SI-RO, and SI-F). Repeated measure ANOVA results conducted between all pos-
sible pairs of source/subjective rating conditions are given with their correspond
p-values. Comparisons with p-value greater than 0.05 are shaded in gray.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col col→loc loc→col
SC-RS vs SC-RO 1.14E-10 1.88E-04 5.04E-04 1.91E-03 0.041 3.49E-03
SC-RS vs SC-F 4.24E-12 4.15E-08 2.60E-06 4.43E-04 0.017 5.27E-08
SC-RS vs SI-RS 1.31E-01 3.54E-03 1.00E-01 3.22E-02 0.051 0.102
SC-RS vs SI-RO 1.80E-07 2.57E-04 5.89E-04 1.20E-04 0.154 7.64E-05
SC-RS vs SI-F 6.25E-15 3.49E-06 1.31E-06 4.10E-05 0.014 1.01E-10
SC-RO vs SC-F 3.07E-07 2.06E-03 1.93E-05 1.92E-02 0.563 0.013
SC-RO vs SI-RS 4.06E-01 5.51E-01 3.93E-01 8.95E-01 0.898 0.921
SC-RO vs SI-RO 5.73E-01 8.18E-01 6.85E-01 2.12E-01 0.360 0.249
SC-RO vs SI-F 1.28E-09 3.76E-03 1.04E-03 4.97E-04 0.530 1.85E-05
SC-F vs SI-RS 3.04E-04 1.36E-03 1.36E-02 3.59E-02 0.939 1.03E-03
SC-F vs SI-RO 1.04E-02 2.21E-06 7.85E-02 4.18E-02 0.519 0.094
SC-F vs SI-F 6.46E-02 7.38E-01 9.34E-01 5.66E-01 0.706 0.371
SI-RS vs SI-RO 2.29E-01 6.66E-01 4.11E-01 5.77E-01 0.706 0.301
SI-RS vs SI-F 7.33E-07 6.29E-02 4.84E-02 2.28E-02 0.756 1.93E-04
SI-RO vs SI-F 2.18E-04 4.93E-04 7.75E-02 3.35E-03 0.349 6.74E-04

item hit trials for all 4 datasets (see Figure 5.6). The average classifier scores for

the 6 different conditions are illustrated in Figure 5.6.

5.3.3 Cross-source classification results

The cross-source classification accuracies are given in the last 2 columns of

Table 5.1. The overall classification accuracy for the col→loc classification was

57.5 % where the individual accuracies were significantly over chance (significantly

over 50 % with p < 0.05) for 13 out of the 18 subjects with none going significantly

below 50 %. The overall classification accuracy for the loc→col classification was

57.7 % and the individual accuracies were significantly over chance (significantly

over 50 % with p < 0.05) for 11 out of the 18 subjects with none going significantly

below 50 %. The overall accuracies were both significantly over chance.

5.3.4 Analysis on the cross-source classifier scores

As done for the within-source classifier scores, classifier scores given by

the cross-source classifiers were compared. The comparisons between the different

source retrieval conditions (SC, SI, and CR) are given in the last 2 columns of Table

5.2. The SC and SI trials did not get mapped to significantly different values for
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Figure 5.6: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for the correct/incorrect source judgments divided into
their corresponding confidence responses from all 4 datasets.
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Table 5.5: The comparison results between the within- and cross-source classifier
scores for the 6 subcategories within the item hit trials. Comparisons with p-value
greater than 0.05 are shaded in gray.

SC-RS SC-RO SC-F SI-RS SI-RO SI-F
Location 0.851 0.391 6.95E-05 0.861 0.289 6.00E-03
Color 0.044 0.120 1.04E-03 0.292 0.257 4.37E-04

either dataset. All other comparisons were significant (p < 0.015). The average

classifier scores for the 3 conditions are illustrated in Figures 5.7 (a) and 5.7 (b).

The comparisons between the different subjective rating conditions (RS,

RO, F, MN, and SN) are given in the last 2 columns of Table 5.3. The average

classifier scores for the 5 conditions are illustrated in Figures 5.7 (c) and 5.7 (d).

The classifier scores from the within-source classifiers (mean projections given in

Figure 5.6) and cross-source classifier (mean projections given in Figures 5.7 (e)

and (f)) were compared using repeated measure ANOVA on each subcategory

within the item hit trials. These results are summarized in Table 5.5.

The comparisons between the 6 conditions within the item hit trials (SC-

RS, SC-RO, SC-F, SI-RS, SI-RO, and SI-F) are given in the last 2 columns of Table

5.4. The color-source dataset (loc→col classification) showed similar patterns to

the within-source classifier scores but the location-source dataset (col→loc classi-

fication) did not give similar results. In fact, only 3 out of the 15 comparisons (

SC-RS vs. SC-RO, SC-RS vs SC-F, and SC-RS vs SI-F) were significant (p < 0.05).

For the color-source dataset, SC-RS trials gave significantly higher scores than all

other scores with lower subjective source retrieval responses (p < 0.0035), and

both the SC-RO and SI-RS conditions gave significantly larger scores than all con-

ditions with familiar responses (p < 0.014). The average classifier scores for the

6 conditions are illustrated in Figures 5.7 (e) and 5.7 (f). It was found that the

within- and cross-source classifier scores were significantly different for the familiar

trials (SC-F and SI-F) for both location- and color-sources (p < 6.0× 10−3). The

location-source scores were shifted up while the color-source scores were shifted

down compared to the within-source classifier results. The increase in the famil-

iar scores (SC-F and SI-F) for the location-source dataset seems to be the reason

for the difference between the within- and cross-source comparison results for the
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location-source dataset in Table 5.4.

5.3.5 ERP results

As explained in 5.2.8, visualizing the EEG features utilized by the classifier

is helpful for interpreting the effects found by the classifier. The ERPs for the

three main source retrieval conditions (SC, SI, and CR) were computed for the 6

channel groups used for classification. The three conditions were compared using

the cluster-based method described in Section 5.2.8 for each dataset. The cluster-

based method was used since it can identify a subset of features with the strongest

effect from the entire analysis window rather than pre-defining and averaging over

a given time segment. This results in finding adjacent time samples which exhibit

similar effects in sign and magnitude. The time segment between 300-800 ms was

used to test for statistical significance for all channel groups. The visualization of

the waveforms are given in Figure 5.8 and the temporal locations of the clusters

are given in Table 5.6. There were no more than 2 significant clusters for a given

comparison.

The difference between the SC and CR condition was significant across all

channel groups in all 4 datasets except for PM in Experiment 1. The significant

clusters occurred earlier in time for the anterior channels (LAS and RAS) compared

to the posterior channels (LPS and RPS). The average beginning time of the

clusters across the 4 datasets was 330 ms for the anterior channels and 472 ms for

the posterior channels which was consistent with the relative timings of the FN400

and parietal old/new effect respectively.

The difference between SI and CR was significant across all channel groups

for the two color-source datasets except for PM in Experiment 3-color. The two

location-source datasets only showed significant effects in the posterior channels

(channel groups CM, LPS, RPS for Experiment 1 and channel group RPS for

Experiment 3-location).

The difference between SC and SI was significant across all channel groups

for the two location-source datasets. The two color-source datasets only showed

significant effects in a subset of channels (channel groups CM and LPS for Exper-
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Figure 5.7: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for all comparison conducted with the cross-source clas-
sifier scores. The cross-source evaluation types are given with the corresponding
figures.
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Figure 5.8: ERP waveforms for the three main trials conditions for the 6 channel
groups used for classification. (a): Experiment 1 (location); (b): Experiment 2
(color); (c): Experiment 3-location; (d): Experiment 3-color.
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Table 5.6: The cluster-based comparison results for ERPs from the 4 datasets
(denoted in the first column). The comparison types are given in the first row.
The start and end times for each significant cluster is given with the largest cor-
responding p-value with respect to the permutation distribution of the maximum
cluster-level statistic. An empty cell refers to a channel group with no significant
cluster for a given comparison.

Exp 1 (Loc) SC vs CR SI vs CR SC vs SI
LAS 312-688 ms (p < .0002) - 308-800 ms (p < .0002)
RAS 312-800 ms (p < .0002) - 372-800 ms (p < .0002)
CM 304-376, 400-772 ms (p < .014) 484-556 ms (p = .015) 460-800 ms (p < .0002)
LPS 472-756 ms (p < .0002) 496-564 ms (p = .015) 532-800 ms (p < .0002)
RPS 468-720 ms (p < .0002) 492-556 ms (p = .010) 556-800 ms (p < .0002)
PM - - 320-372, 412-460 ms (p < .05)
Exp 2 (Col) SC vs CR SI vs CR SC vs SI
LAS 304-648 ms (p < .0002) 304-556 ms (p < .0002) -
RAS 304-648 ms (p < .0002) 304-604 ms (p < .0002) -
CM 304-672 ms (p < .0002) 336-436, 472-600 ms (p < .01) 580-672 ms (p = .0084)
LPS 472-696 ms (p < .0002) 540-612 ms (p = .007) 576-676, 720-780 ms (p < .039)
RPS 476-640 ms (p = .0006) 720-800 ms (p = .0044) -
PM 544-604 ms (p = .0054) 716-796 ms (p = .0054) -
Exp 3-Loc SC vs CR SI vs CR SC vs SI
LAS 404-800 ms (p < .0002) - 308-396, 458-800 ms (p < .026)
RAS 426-800 ms (p < .0002) - 478-800 ms (p < .0002)
CM 432-800 ms (p < .0002) - 472-800 ms (p < .0002)
LPS 508-800 ms (p < .0002) - 558-800 ms (p < .0002)
RPS 510-782 ms (p < .0002) 508-568 ms (p = .041) 560-800 ms (p < .0002)
PM 592-684 ms (p = .0046) - 414-512 ms (p = .025)
Exp 3-Col SC vs CR SI vs CR SC vs SI
LAS 382-800 ms (p < .0002) 302-672 ms (p < .0002) -
RAS 352-758 ms (p < .0002) 306-376, 392-682 ms (p < .026) -
CM 436-752 ms (p < .0002) 424-684 ms (p = .0002) 606-658 ms (p < .050)
LPS 478-800 ms (p < .0002) 482-700 ms (p = .0004) -
RPS 464-734 ms (p < .0002) 432-648 ms (p = .0004) -
PM 540-614, 626-678 ms (p < .018) - -

iment 2 and channel group CM for Experiment 3-color).

The color-source datasets showed weaker difference between the SC and

SI conditions compared to the location-source datasets (the average size of the

clusters were approximately 280 ms for the location-source datasets and 75 ms for

the color-source datasets). Neither of the color-source datasets showed significant

clusters occurring before 580 ms. This difference between the two source types

was also noticeable in the classifier scores where the SI trials were mapped closer

to the SC conditions in the color-source datasets compared to the location-source

datasets.

5.4 Discussion

These results showed that it is possible to predict successfully identified

old vs. new items based on single-trial scalp EEG activity recorded during the

retrieval episode. The prediction rate was higher for the location-source than
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the color-source datasets but the difference was not significant (p = 0.32). The

average accuracy of the multi-session datasets (58.7 % for Exp 3-loc and Exp 3-

col) was significantly lower compared to the average accuracy of the single-session

datasets (62.2 % for Exp 1 and Exp 2) based on a t-test across the individual

subject accuracies (p = 0.006). The non-stationarity of the data between the two

sessions (due to electrode position or impedance changes) may be the reason for

the drop in classification performance [49]. Nonetheless, as illustrated in Figure

5.4, the classifier scores showed more stability than one might expect despite these

changes. For comparison, [66] conducted a similar classification analysis using

fMRI and showed that it is possible to achieve an average classification accuracy

of 76 %. EEG features used in the present study were restricted to the time domain

signals from 6 channel groups because the goal of the current study was to conduct

single-trial analysis on the frontal and parietal old/new effects. It may be possible

to increase the classification accuracy by utilizing frequency domain information

from multiple electrode locations.

The classifier scores for the 3 main conditions given in Figure 5.4 were

consistent with the ERP results in Section 5.3.5. Both the classification and ERP

results suggested larger SC-SI differences for location than color. The distance

between the average SC classifier score and SI classifier score was significantly

larger for the location-source than color-source datasets (p = 0.004). Significant

ERP differences between SC and SI trials were found in all channel locations for

the location datasets (average cluster size of 280 ms) but only on CM and LPS for

the color datasets with a smaller average cluster size (average cluster size of 68 ms).

The classifier was able to efficiently combine information from the 6 channel groups

and reduce the dimensionality of the EEG signals. This allowed us to identify

conditions with significantly different brain activity (represented by the temporal

signal of the EEG data) without involving multiple comparisons or permutation

tests. The classifier scores further revealed a clear relationship between the 3

conditions with respect to the subjects’ source retrieval performance. This was

possible because the classifier was able to extract information from multiple time

points and spatial locations with the cost of spatial and temporal specificity. Even
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though the components contributing to the differences can be identified to some

extent by analyzing the activation patterns corresponding to the classifier weights

[41] (or the decision boundary), ERP analysis shows a clearer distinction when the

timing and location of the effect is known.

The analysis on the classifier scores further revealed interesting findings

related to recognition memory retrieval. As illustrated in Figure 5.6, there was a

clear positive correlation between the subjective ratings and classifier scores within

a given source retrieval condition (SC or SI). The comparisons across these low

trial count conditions were possible because the information in the conditions used

for classifier training was used to restrict and combine the temporal features in

the EEG data. The main difference between the two source retrieval conditions

was that only the source correct trials showed a significant effect of the subjective

source retrieval judgments. For all 4 datasets the difference between SC-RS and

SC-RO was significant (p < 0.002) while the difference between SI-RS and SI-

RO was not significant (see rows 1 and 13 in Table 5.4). The RS judgments to

correct source retrieval trials (SC-RS) will accurately reflect information related

to the retrieval of the given source information. However the RS judgments are

invalidataed when the subjects do not correctly retrieve the source information

(SI-RS) resulting in a similar retrieval strength to the SI-RO trials.

Another interesting observation from Table 5.4 is that the SC and SI trials

were different only when subjects gave RS responses during the color-source ex-

periments (see rows 3, 8, and 12 in Table 5.4). Even though the differences are

not significant for the location-source datasets, we can clearly see a similar trend.

The classifier scores correlated with the subjects’ source retrieval performance even

when the subjects thought they remembered the information (SC-RS vs. SI-RS).

The reason the RO and F conditions did not show any difference between the

source correct and incorrect judgments (SC-RO vs. SI-RO and SC-F vs. SI-F)

may be because there was no significant difference regarding source information

in the features utilized by the classifier or because there were more guesses on the

source judgments for those conditions. In the RO and F conditions, subjects are

indicating that they are less aware of the associated source information. Therefore
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information regarding the correctness of the source judgments may be less evident

in the EEG.

The SC-RS trials were mapped to the highest scores for all 4 datasets (even

though the difference between SC-RS and SI-RS were only statistically significant

for the color-source datasets as given in Table 5.4)2. This suggests that accu-

rate source retrieval with subjective source retrieval judgments may correspond

to higher retrieval strength compared to the other item hit conditions. From the

strength theory view of recognition memory [81], the SC-RS condition can be inter-

preted as the condition with the strongest recognition strength while the familiar

conditions correspond to the weakest strengths. From the dual-process perspective

[86], the SC-RS condition should be associated with higher retrieval strength than

the other conditions due to recollection. The reason the classifier scores showed a

mixture of both processes may be because the SC vs. CR comparison differs on

both recollection and familiarity. This may force the classifier to distinguish both

processes. Due to the limited number of familiar trials and extrinsic source asso-

ciation paradigm in the current experiments, further analysis on this matter was

not conducted. A different experimental paradigm where we can directly manip-

ulate the decision boundary by explicitly forcing the classifier to learn familiarity

or recollection could potentially shed light on this question.

The cross-source classification results show that it is possible to classify

correctly identified old vs. new items across different sources using the time domain

signals of the EEG data. The fact that both classifiers generalized across sources

indicates that the old/new effect contains source independent information of the

retrieval process. However, the decrease in classifier performance suggests that

the retrieval process may include source-specific information. It was also found

that the familiar trials were shifted significantly from the within-source results

(p < 6.0×10−3). This also indicates that the retrieval process may include source-

specific information which affects projection of the familiar conditions.

In order to investigate this matter further, the classifier activation patterns

2Since class 1 only consisted of the SC-RS and SC-RO trials, there was a possibility the above
results may have been an artifact of the classification procedure. Hence, additional analyses were
conducted to eliminate this possibility. These results are given in Appendix B.3.
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[41] given by the classifiers trained from the Experiment 3-location and 3-color

datasets were compared. The classifier weight vectors represent which channel,

time pairs are important for discriminating between the two conditions while the

activation patterns display these components in the channel space. This allows

us to identify which features best distinguish source correct trials from correctly

rejected trials and reveal any differences between the location and color datasets.

Only the 18 subjects included in both datasets were included in the analysis. For

each source type, the 30-dimensional activation pattern vector for each subject was

normalized to have length 1. Components with cross-subject average significantly

different from zero were identified by conducting a two-tailed t-test across the

subjects on each component of the activation pattern vector within each dataset.

For better visualization, the activation patterns are given as a 2-dimensional matrix

with its corresponding channel groups and time segments3 in Figure 5.9. The

channel, time pairs corresponding to the early and late old/new effects showed

significant activations for both location and color datasets.

The activation patterns given by the location and color datasets were com-

pared to reveal any source type effects between the two activations (see Figure

5.10). It was found that there was a significant difference between the two acti-

vation patterns in the left anterior and central medial channels. The difference

in the left anterior channel was also visible in the ERPs as illustrated in Figure

5.11. The features in the LPS channel group between 600-800 ms were consistent

across the two sources. The features corresponding to the anterior channels varied

between the two sources where the peak of the weights occurred later in time for

the location-source classifier. An ERP analysis between the two datasets revealed

that the location- and color-sources showed significantly different old/new effects

in channel group LAS (cluster between 624-700 ms with p = 0.018) as given in

Figure 5.11. These results suggest that the difference between accurate source

judgments and correct rejections may be consistent across sources within the pos-

terior channels while the characteristics of the anterior channels may be affected

by the source type. This difference may have resulted in the shift in the classifier

3The x-axis in Figure 5.9 corresponds to the end of the time segment used for feature extrac-
tion. Each feature was extracted using a 100 ms time segment.
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Figure 5.9: (a): The average normalized activation patterns were computed us-
ing the Experiment 3-location dataset. (c): The average normalized activation
patterns were computed using the Experiment 3-color dataset. (b), (d): The same
plot as in (a) and (c) respectively but masked by the features significantly different
from zero across the 18 subjects (p < 0.05).

scores for the familiar trials when the cross-source classifiers were applied (as dis-

cussed in Section 5.3.4). It should be noted that this effect occurred 600 ms after

stimulus presentation which is later than the typical FN400.

Several studies have suggested that the perirhinal cortex may represent

item information while the parahippocampal cortex, prefrontal cortex, and the

hippocampus may be involved in source information retrieval [77, 10, 12, 17, 19,

26]. In an fMRI study, [42] found that retrieval of contextual information (spatial

location and temporal order) was associated with activation in right dorsolateral

prefrontal cortex. They also found that the parahippocampal gyrus was related to

retrieval of spatial location information. The interaction between source type and

accurate source judgments found in the anterior channels of the EEG data may

be related to the contributions from these areas. However, a direct comparison

between location and color sources would be needed to confirm the hypothesis

about the localization of these effects.

In [56], it was found that accurate/inaccurate source judgments to the famil-

iar responses were affected by source type where SC-F and SI-F were significantly
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Figure 5.10: (a): The difference between the average normalized activation pat-
terns between the Experiment 3-location and Experiment 3-color datasets. (b):The
same plot as in (a) but masked by the features significantly different from zero
across the 18 subjects (p < 0.05).

Figure 5.11: The old/new effects (SC - CR) computed using the Experiment
3-location and Experiment 3-color datasets. The cluster between 624-700 ms in
LAS showed a significant effect with p = 0.018.
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different only for the location-source datasets when comparison was conducted on

a ROI centered at FCz. This suggests that familiarity may contribute to source

retrieval for location sources possibly due to unitization of source and item infor-

mation. Two possible explanations of this effect were that 1) the FN400 may be

affected by the familiarity related processes in the perirhinal and parahippocampal

cortex [19]; 2) the hippocampus may be involved in the familiarity process when

retrieving spatial information [84]. Note that the results given in Figures 5.10

and 5.11 also point to different mechanisms underlying source memory for colors

vs. locations. Interestingly, the current results found between 600-800 ms after

stimulus presentation were derived from analysis conducted between the correctly

identified old vs. new items while the previous results found between 300-500 ms

after stimulus presentation were derived from analysis within the familiar trials.

In summary, the present results showed that the classification analysis suc-

cessfully extracts information related to retrieval strength from the EEG data.

These results show that the classifier scores well represent the subjects’ behav-

ioral performance on source retrieval (Figure 5.4). The results also indicate that

retrieval strength as reflected in the classifier scores follows the subjects’ subjec-

tive ratings (Figure 5.5). However, the trials with correct source judgments to the

subjective source retrieval responses seemed to represent higher retrieval strength

than all the other conditions (Figure 5.6). The present results also showed that

the parietal old/new effect may be source invariant while the frontal old/new ef-

fect between 600-800 ms is affected by source type possibly due to prefrontal and

parahippocampal involvement in location source retrieval.
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Chapter 6

General discussion

The present research project proposed a novel way to use pattern classifiers

for comparing the brain activity corresponding to different behavioral/experimental

conditions. The classifier outputs can be considered as projections of the EEG data

onto a low-dimensional discriminative vector. This technique is a powerful way

of rigorously comparing different conditions with too few trials for conventional

EEG/ERP analysis. In order to examine the power of the classifier technique used

above, we tested the algorithm on carefully controlled artificial datasets. The arti-

ficial datasets were generated from real EEG data to simulate EEG from a single

channel during memory retrieval using data from an actual recognition memory

experiment (Experiment 2 described in Chapter 5). The sensitivity evaluation

dataset was designed to test sensitivity with different means across the different

conditions and the specificity evaluation dataset was designed to test specificity

with equal means. The sensitivity and specificity of the current method was com-

pared to that of two conventional methods (cluster-based method of [55] and the

standard method of comparing amplitudes of the different conditions over a given

time window [52]). The proposed method found significant effects in the sensitivity

evaluation set even when the number of test observations per condition was as low

as 10 (for the 500-1500 ms window). The t-test over a pre-defined region of inter-

est and the classifier-based method gave comparable results when the evaluation

was conducted within the time period where the difference between two condi-

tions was evident (500-800 ms). However, the sensitivity of the averaging method

83
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decreased as the ROI increased (due to the cross-over between the ERPs which

decreased the size of the effect) while the proposed method showed improvement.

The cluster-based method gave consistent results across the different ROI condi-

tions but only found significant effects reliably after the trial count per condition

was at least 20 per class. As discussed in Chapter 3 the relevance of an individ-

ual variable to a given comparison can be identified by examining the activation

patterns corresponding to the projection weights of the classifier.

It was found that the classifier-based method effectively revealed differ-

ences in EEG between the different behavioral conditions in recognition memory

experiments. These results agreed with previous studies on brain activity during

recognition memory experiments. The classifier-based analysis also revealed novel

findings related to EEG correlates of memory formation and retrieval.

In Chapter 4, we conducted a trial-by-trial analysis on the EEG recorded

from the study phase of a recognition memory experiment to predict the outcome of

the recognition phase by designing pattern classifiers which could effectively learn

the temporal/spectral differences between the remembered and forgotten trials.

EEG for this study was recorded during a visual recognition memory task. In the

study phases, subjects memorized pictures of birds and cars (in separate blocks of

40 images). In the recognition phases, participants had to discriminate these study

items from 40 random distractors using a rating scale with 5 options (recollect,

definitely familiar, maybe familiar, maybe unfamiliar, and definitely unfamiliar

). The subjects were asked to select recollect if they remembered the context of

learning the picture in the study phase.

The trials from the study phase were labeled according to the subjects’

responses during the recognition phase in order to define the binary classification

problem (remembered vs. forgotten). The remembered class consisted of trials

where the subjects pressed the button recollect and the forgotten class consisted

of trials where the subjects pressed the buttons maybe unfamiliar and definitely

unfamiliar. Trials with definitely familiar or maybe familiar responses were not

included in the remembered class to maximize the difference in encoding strength

between the classes (trials with maybe unfamiliar were considered forgotten trials
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due to the limited number of trials with definitely unfamiliar responses), but they

were used to compare the classifier scores and the different behavioral conditions.

EEG data were acquired from the time periods (-300 to 0 ms before stimulus

presentation) and (B) (400-800 and 1000-1400 ms after stimulus onset) of each

trial.

Based on previous findings on pre-stimulus spectral SME that found power

differences between the remembered and forgotten items ranging from theta to

the beta bands, linear classifiers were designed to learn the power differences be-

tween the two classes in multiple subbands ranging from theta to low gamma (4-7,

6-10, 7-12, 10-15, 12-19, 15-25, 19-30, 25-35, and 30-40 Hz) of the pre-stimulus

EEG data. CSPs were used to learn spatial filters which maximize the power

difference between the two classes. Separate classifiers were designed to extract

the temporal and spectral characteristics of the during-stimulus period of the re-

membered/forgotten trials. Temporal features were learned by exploiting the ERP

differences between the two classes in the spatio-temporal domain. The during-

stimulus temporal classifier was trained to learn these features of the EEG data

between 400 and 800 ms after stimulus presentation from four channel groups (in-

cluding the central and posterior electrodes) where the Dm effect was expected.

The spectral features during item presentation were extracted from the alpha band

using the CSP algorithm. The during-stimulus spectral classifier learned the power

difference between the remembered and forgotten trials by combining the informa-

tion from the two separate time windows (400-800 ms and 1000-1400 ms after

stimulus presentation). The two time periods showed considerably different alpha

SME patterns. By combining the pre- and during-stimulus classifiers, the over-

all classification accuracy (calculated for all trials from the 18 subjects) achieved

59.64 % which was approximately a 2 % increase from the individual pre- and

during-stimulus classifier results (which were 57.2 % and 57.9 % respectively).

The classifier score (or the classifier output) is a projection of the high-

dimensional EEG data onto the 1-dimensional hyperplane which best discriminates

between the remembered and forgotten classes. These hyperplanes (or projections)

are defined by the features used by the different classifiers. Analysis on these clas-
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sifier outputs with respect to the different behavioral conditions successfully repli-

cated previous findings on the subsequent memory effect. Moreover, our analysis

revealed interesting findings on the neural mechanisms related to recollection and

familiarity.

The classifiers were originally trained to give high scores for the recollected

trials and low scores for the unfamiliar trials. However, the different classifiers

showed interesting trends on their classification of the untrained definitely familiar

trials. The during-stimulus temporal scores and spectral scores from the 400-800

ms window did not distinguish between the recollected and definitely familiar trials

while the pre-stimulus spectral scores between 25-35 Hz and the during-stimulus

spectral scores from the 1000-1400 ms window gave significantly lower scores to the

definitely familiar trials than the recollected trials. In summary, we discovered that

the pre-stimulus classifier (especially in frequencies around 25-35 Hz) using the -

300-0 ms window and during-stimulus alpha band classifier using the 1000-1400

ms window distinguished recollection from familiarity, whereas the during-stimulus

temporal and alpha band classifiers using the 400-800 ms time window did not.

These results suggest that 1) the brain activity before item presentation contributes

to how well context gets encoded with the upcoming item and 2) the brain activity

during item presentation initially focuses on item encoding then shifts to encoding

context with the item information.

The study in Chapter 5 was conducted 1) to investigate whether the single-

trial analysis method could use the EEG data during retrieval to predict the sub-

jects’ behavioral responses to the test items 2) to verify whether the discrimi-

native dimensionality reduction method using pattern classifiers gave meaningful

and consistent results across multiple experiments. To investigate these issues,

the pattern-classifier method was applied to EEG data from a total of 4 separate

datasets from 3 different recognition experiments with extrinsic source informa-

tion. In addition to memorizing the given study items, the subjects were told to

associate the extrinsic source given with each study item. Two types of sources

were considered in these experiments. In experiment 1, subjects were given study

items on either the left or right side of the screen (location source). In experiment
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2, the study items were given in color frames (color source). In experiment 3, both

location and color source conditions were given separately in different blocks. The

subject chose a source response (out of two possible options) if they believed the

item was in the study list and they chose new if they did not recognize the item

from the study list. After a source response the subject was instructed to give a

subjective rating on it from three options (remember source, remember other, and

familiar). The subjects also had to give a subjective rating a new response from

two options (sure or maybe).

In this study, we were interested in three behavioral conditions associated

with memory retrieval. The first were trials where the subjects remembered the

study item correctly with the correct source information (SC: source correct con-

dition). The second were the trials where the subjects correctly remembered that

the item was old but with the incorrect source association (SI: source incorrect

condition). The final condition were the correctly rejected new trials where the

subjects correctly identified the foil items (CR: correct rejection). The classifiers

were trained to extract information related to the amount of information retrieved

from the study episode from the EEG data during memory retrieval. Class 1 con-

sisted of the trials from the correct source retrieval condition and class 2 consisted

of the trials from the correct rejections. Source correct trials with a subjective rat-

ing of familiar were not included in class 1 since they would include more guesses

on the source decision. The spatio-temporal structures of the EEG data between

300-800 ms were used for classification based on previous findings on the frontal

and parietal old/new effects to effectively distinguish the two classes.

The overall classification accuracies for Experiment 1 and 2 were 65.1 % (20

of the 22 subjects had individual results significantly over chance with p < .05)

and 60.4 % (18 of the 22 subjects had accuracies significantly over chance with

p < .05). The overall classification accuracies for Experiment 3 was 60.3 % for

the location source blocks(17 of 21 subjects had individual accuracies significantly

over chance with p < .05) and 58.2 % for the color blocks (12 of 21 subjects had

accuracies significantly over chance with p < .05). The classifier scores (or classifier

outputs) reflected the amount of information retrieved from the study episode for
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all 4 datasets. The average classifier score was highest for the SC condition while it

was lowest for the CR condition. It was also found that accurate source judgments

to the subjective source retrieval responses gave the highest average scores for all

datasets suggesting that those trials may correspond to higher retrieval strength

than all the other trials. Hence, we were able to verify that the classifier-based

analysis used the temporal information in the EEG data to give consistent results

related to source retrieval across different experiments.

It was also found that the activation patterns (consisting of time, channel

pairs) utilized for classification were different between the location and color source

datasets within Experiment 3. The difference was evident in the left anterior and

central medial electrodes (the difference in the left anterior channels was visible in

the ERPs). This suggests that different neural mechanisms may underlie location

vs. color source retrieval. This source type effect may be due to a prefrontal or

parahippocampal involvement in location source retrieval.

In Chapter 5, only the correctly identified old/new trials were considered

for analysis. However, we can project the misses (subsequently forgotten trials

or the studied items which were not identified in the recognition phase) onto the

discriminative subspace defined by the pattern classifier. The classifier scores for

the missed (M) trials from the 4 datasets from Chapter 5 were computed using the

classifier described in Section 5.2.5. The average classifier scores for the 4 different

behavioral conditions are illustrated in Figure 6.1. The M trials gave significantly

lower classifier scores compared to the SC and SI trials (both item hit conditions)

for all 4 datasets (p < 4.0E−07). However the M and CR conditions did not show

significant differences for any of the datasets.

Even though the encoding/recognition phase data were from different ex-

periments, these results combined with the results from Chapter 4 suggest that the

EEG data during encoding and retrieval of subsequently remembered items corre-

spond to high classifier scores while the subsequently forgotten items correspond to

low classifier scores. In a follow-up study, we will conduct a similar analysis on the

encoding and recognition phase EEG data from a single experiment. The anal-

ysis will mainly be conducted on the subsequently remembered/forgotten items
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SC SI CR M

0.3

0.35

0.4

0.45

0.5

0.55

Group

C
la

ss
ifi

er
 s

co
re

(c) Experiment 3-location
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(d) Experiment 3-color

Figure 6.1: The estimated means and the approximate 95 % confidence intervals
of the classifier scores [44] for the 4 behavioral conditions from all 4 datasets (SC:
source correct, SI: source incorrect, CR: correct rejection, M: miss).



90

(retrieved/missed study items). A given study item will have two corresponding

EEG trials, data from the encoding and retrieval phases. The encoding phase

classifier scores will be computed as in Chapter 4 and the retrieval phase classifier

scores will be computed as in Chapter 5. The classifier-based method will also be

applied to the spectral features from the retrieval phase EEG. In order to eliminate

any movement preparation artifacts in the EEG data during the retrieval episode,

the key assignments for the behavioral responses will change for each test item

presentation and given to the subjects after each test item presentation. A trial-

to-trial analysis between the classifier scores from the two phases will allow us to

track memory from encoding to retrieval. The behavioral response to a given item

in the encoding phase (remember/know/new) is dependent on the brain activity

of the subject during retrieval. This same response (assuming the test item was

a previously studied item) should also depend in large part on the brain activity

during encoding of the item. Even though, the EEG signal from the two periods

may not fully reflect all aspects of the memory processes, the trial-to-trial anal-

ysis will reveal the coherence between the various EEG features between the two

time segments. The classifier-based method used in the current study will be an

effective analysis tool for this follow-up investigation.



Appendix A

Feature extract and classification

methods

A.1 Classification methods

A classification problem consists of two types of variables, the observation

vectors x ∈ X ⊂ R
d and the labels y ∈ Y ⊂ N. We assume that each pair of x and

y is related by an unknown function f : X → Y such that y = f(x). Our goal is to

design a classifier h : X → Y such that h(x) = f(x) for all x.

A linear classifier with two classes implements the following decision rule

h(x) =

{

1 if g(x) > 0

−1 if g(x) < 0
(A.1)

where g(x) = wTx+ b.

This divides the X-plane into two half-spaces using the hyperplane with

normal w placed b/‖w‖ away from the origin. Note that the necessary and sufficient

condition for a linearly separable training set is that

yi(w
Txi + b) > 0 (A.2)

91
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for all i in D = {(xi, yi)}ni=1 where y1 = 1 and y0 = −1.

A.1.1 Linear discriminant analysis

The objective of the linear discriminant analysis (LDA) or Fisher’s linear

discriminant is to find a projection which maximizes the between class scatter

and at the same time minimizes the within class scatter. Let the µ0 and µ1 be

the estimated means of classes 0 and 1 respectively. Also, let Σ0 and Σ1 be the

covariance matrices of classes 0 and 1 respectively. Then the above can be written

as

J(w) =
wTSBw

wTSWw
(A.3)

where SB = (µ1−µ0)(µ1−µ0)
T is the between class scatter and SW = 1

2
(Σ0+Σ1) is

the within class scatter. The above optimization problem is the Rayleigh quotient

and can be solved solving the following generalized eigenvalue problem:

SBw = λSW . (A.4)

The eigenvector corresponding to the maximum eigenvalue is the projection of

interest.

In some cases, SW may not be invertible which makes the cost unbounded.

This problem can be avoided by regularization. By regularizing SW to be (1 −

γ)SW + γI (by adding a constant to the diagonal of SW ), we can make all the

eigenvalues to be positive. This method is referred to as regularized discriminant

analysis (RDA) [30]. The regularization parameter γ can be obtained by conduct-

ing cross-validation on the training set.

A.1.2 Support vector machine

The goal of the SVM is to select a hyperplane which maximizes the margins

between the two classes. We first define the margin γ of the classifier as the distance
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from the boundary to the closest point as

γ = min
i

|wTxi + b| (A.5)

where ‖w‖ = 1.

For a linearly separable training set, there are several hyperplanes that

satisfy equation A.2. Among the acceptable hyperplanes, we want to find w and b

such that the margin is maximized. This can be achieved by solving

max
w,b

mini|w
Txi + b| (A.6)

subject to ‖w‖ = 1. This can be rewritten as

1

2
min
w,b

‖w‖2 (A.7)

subject to yi(w
Txi + b) ≥ 1 for all i.

The above optimization problem satisfies strong duality which means that

there is no duality gap [8]. Hence we can solve this problem by solving its dual

problem. In order to find the dual, we have to find the Lagrangian which can be

given as

L(w, b, λ) =
1

2
‖w‖2 −

∑

i

λi[yi(w
Txi + b)− 1] (A.8)

Now we find w∗, b∗ such that D(λ) = L(w∗, b∗, λ) = minw,bL(w, b, λ).

D(λ) = −
1

2

∑

i

∑

j

λiλjyiyjx
T
i xj +

∑

i

λi (A.9)
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Then the dual problem can be given as

max
λ

D(λ) (A.10)

subject to
∑

λiyi = 0,λi ≥ 0∀i.

The w∗ = Σiλ
∗

i yixi satisfying the above conditions is the normal vector to

the maximum margin plane. The distance of plane to the origin can be set to

b∗ = −1
2
(wTx+ + wTx−). Since λ∗

i > 0 for the points on the margin only,

f(x) = sgn[(Σi∈SV λ
∗

i yixi)
Tx+ b∗]. (A.11)

It is possible to create non-linear decision boundaries via kernelization. Note

that equations A.9 and A.11 only depend on xT
i xj . By replacing this with a kernel

function K(xi, xj), we can map the data onto another space.

A.2 Feature extraction methods

A.2.1 Common spatial patterns

Let a column vector xt ∈ R
C be the band-passed EEG signal for time t

where C is the number of EEG channels on the scalp. We want to find a projection

w ∈ R
C which maximizes the variance of signals for one condition and at the

same time minimize the variance of signals for the other condition. Let X =

(x1, ..., xT ) ∈ R
C×T be a length T sequence of these EEG signals and W ∈ R

C×C

be a matrix of C vectors. For two classes of imagery tasks, we can calculate the

covariance of the data given each class. Let Σ1 ∈ R
C×C and Σ2 ∈ R

C×C be the

estimates of the covariance matrices of the band-pass filtered EEG signal for the

two classes:

Σy =
1

|Υy|

∑

i∈Υy

XiX
T
i (A.12)
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where y ∈ {1, 2}. Let us define T (Σ) = W TΣW to be a linear transforma-

tion. We claim that the transformation that satisfies the above condition is T (·)

such that T (Σ1) and T (Σ2) are both diagonal and

T (Σ1) + T (Σ2) = I. (A.13)

We use simultaneous diagonalization to find T (·) which satisfies (A.13). Let

Σ = Σ1 + Σ2. Note that our problem is equivalent to finding T (·) such that T (Σ)

and T (Σ1) are both diagonal and T (Σ) = I. Since Σ1 and Σ2 are both symmetric

matrices, Σ is also symmetric. Now we diagonalize Σ and Σ1 simultaneously. The

procedure is as follows:

Let Λ and V be the matrices of eigenvalues and eigenvectors of Σ respec-

tively such that ΣV = V Λ and V TV = I. Then,

ΣV = V Λ (A.14)

V TΣV = Λ (A.15)

Λ−
1
2V TΣV Λ−

1
2 = I (A.16)

(WΛ−
1
2 )TΣ(V Λ−

1
2 ) = I (A.17)

ΦTΣΦ = I (A.18)

We usually call Φ the whitening transformation. Now we consider A =

ΦTΣ1Φ, where A is not diagonal in general. Now we apply the orthogonal trans-

formation in order to diagonalize A. Let ΛA and VA be the matrices of eigenvalues

and eigenvectors of A respectively. Following similar procedures as above,

V T
A AVA = ΛA. (A.19)

Now let W = ΦVA = V Λ−
1
2VA. Then
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W TΣW = (V Λ−
1
2VA)

TΣ(V Λ−
1
2VA) (A.20)

= V T
A IVA = V T

A VA = I (A.21)

Since W TΣ1W = ΛA,

W TΣW = ΛA + ΛB = I (A.22)

where ΛA and ΛB are both diagonal matrices. Therefore W is the transform

which satisfies equation A.13. We can easily see that W transforms Σ1 and Σ2 into

two matrices which have the same eigenvector but different eigenvalues where the

sum of each pair of eigenvalues is 1. Let λ̄A = diag(ΛA) and λ̄B = diag(ΛB). The

column of W corresponding to max λ̄A(max λ̄B) is the spatial filter that maximizes

the variance for class 1(class 2) and minimizes the variance for class 2(class 1)

simultaneously.

Many variants of CSP have been developed to improve the performance

or stability of the algorithm. As reviewed in [51], various regularization meth-

ods for CSPs have been proposed. Spectrally weighted common spatial patterns

(Spec-CSP)[75] learns the spectral weights as well as the spatial weights in an

iterative way. Invariant CSP (iCSP)[4] minimizes variations in the EEG signal

caused by various artifacts using a pre-calculated covariance matrix characterizing

these modulations. Stationary CSP (sCSP) [69] regularizes CSP filter into sta-

tionary subspaces. Local temporal common spatial patterns (LTCSP)[79, 78] uses

temporally local variances to compute the spatial filters.



Appendix B

Supplementary results for

Chapter 5

B.1 Behavioral results

The average behavioral performance for the subjects included in the clas-

sification analysis are given in Table B.1. These values were calculated using the

trials before artifact trial rejection.

The average reaction times for the first source/new responses were calcu-

lated for the three main source retrieval conditions (see Table B.2). The reaction

time for the SC and CR conditions were faster than the SI condition across all 4

datasets. However the difference between correct/incorrect source judgments were

only significant for the color-sources and the difference between correct old/new

responses were only significant for the location-sources. These results are summa-

rized in Table B.3.

Table B.1: The average item and source recognition performances across the
subjects included in the classification analysis for the different experiment and
source types. Standard deviations are given in parentheses.

Exp # (source type) Item hit rate Item false alarm rate Source accuracy
Exp 1 (location) 0.77 (0.12) 0.27 (0.11) 0.79 (0.07)
Exp 2 (color) 0.83 (0.10) 0.25 (0.14) 0.65 (0.08)
Exp 3 (location) 0.83 (0.18) 0.30 (0.21) 0.64 (0.14)
Exp 3 (color) 0.79 (0.18) 0.31 (0.20) 0.77 (0.16)
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Table B.2: Average reaction times for the source/new responses are given sep-
arately for the 3 source retrieval conditions (SC, SI, and CR) for the 4 datasets
with standard error in parentheses. The values are given in milliseconds.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col
SC 501 (12) 779 (26) 478 (13) 561 (18)
SI 653 (31) 892 (41) 595 (31) 620 (25)
CR 514 (15) 515 (20) 456 (16) 451 (13)

Table B.3: Comparison results between the reaction times for the 3 source re-
trieval conditions. Repeated measure ANOVA results conducted between all pos-
sible pairs of conditions are given with their correspond p-values. Comparisons
with p-value greater than 0.05 are shaded in gray.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col
SC vs SI 3.45E-03 0.23 1.41E-02 0.24
SC vs CR 0.74 1.77E-03 0.42 1.46E-03
SI vs CR 4.75E-03 9.17E-71 4.74E-05 1.31E-06

B.2 Number of trials after trial rejection

In this section, we give the number of trials available in the 8 categories

given in Figure 5.3 after artifact trial rejection. The 95 % confidence limit for each

classification problem can be calculated using these values.

B.3 Supplementary classification analyses

In this section, we give results from the supplementary classification anal-

yses which were conducted to corroborate the findings from the classifier score

analysis.

B.3.1 Analysis 1

As described in Section 5.2.5, class 1 consisted of SC-RS and SC-RO trials.

The trial count for the SC-RS condition was higher than the SC-RO condition

for majority of the subjects. Hence there was a possibility that the difference in

classifier scores between the two conditions may have been a consequence of the

difference in trial count. In order to address this issue, the classifiers were re-

trained after balancing the SC-RS and SC-RO conditions for each subject before

combining the two conditions for classification. The classification analysis followed
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Table B.4: Experiment 1: The number of trials available in the 8 categories after
artifact trial rejection.

Subjects SC-RS SC-RO SC-F SI-RS SI-RO SI-F CR-M CR-S
S102 76 12 43 14 1 33 46 74
S104 109 40 37 8 21 22 35 115
S106 113 48 28 18 40 18 26 96
S108 211 15 16 14 20 21 34 95
S109 111 44 7 0 19 2 22 86
S110 53 28 39 1 5 28 50 20
S113 104 18 18 6 12 19 27 61
S114 120 91 27 3 46 25 87 13
S115 202 57 17 24 33 15 62 33
S116 51 28 26 12 15 23 28 86
S117 64 68 25 18 9 13 24 105
S118 258 28 19 7 18 9 66 89
S119 153 19 25 39 10 34 42 47
S120 65 13 35 5 5 33 60 36
S121 152 29 51 18 16 29 29 82
S122 62 7 16 23 11 12 21 31
S123 227 41 9 14 21 14 44 48
S125 134 67 25 2 33 18 53 34
S126 115 33 15 4 20 22 34 92
S127 156 79 40 1 8 26 66 31
S128 146 62 34 3 13 23 46 92
S129 127 31 21 15 19 14 60 93
Overall 2809 858 573 249 395 453 962 1459

Table B.5: Experiment 2: The number of trials available in the 8 categories after
artifact trial rejection.

Subjects SC-RS SC-RO SC-F SI-RS SI-RO SI-F CR-M CR-S
S204 26 117 9 3 15 8 25 49
S205 78 39 11 21 44 6 27 67
S206 40 12 3 32 14 2 16 34
S207 43 31 12 5 16 7 11 40
S208 204 40 7 41 27 2 26 100
S210 190 17 1 62 12 3 0 162
S211 151 57 43 17 46 23 52 97
S213 105 44 27 33 46 27 61 39
S214 69 51 13 18 51 11 34 68
S215 48 122 16 8 106 15 25 113
S216 110 37 13 10 34 6 26 35
S217 24 48 69 1 32 51 35 67
S219 111 24 10 7 22 11 33 69
S220 107 63 1 60 55 1 29 30
S221 103 26 12 55 22 14 41 69
S222 15 38 4 14 32 6 1 71
S223 56 76 21 1 49 19 40 67
S224 17 98 10 2 89 12 20 102
S225 87 36 10 16 44 4 36 26
S227 70 71 9 23 64 7 7 139
S229 47 26 29 39 26 26 59 33
S230 70 54 29 33 54 23 57 69
Overall 1771 1127 359 501 900 284 661 1546
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Table B.6: Experiment 3-location: The number of trials available in the 8 cate-
gories after artifact trial rejection.

Subjects SC-RS SC-RO SC-F SI-RS SI-RO SI-F CR-M CR-S
S310 119 24 36 9 12 25 29 55
S312 231 35 19 4 18 11 18 133
S313 136 33 12 3 10 10 30 89
S315 144 69 29 4 55 31 64 49
S317 96 59 51 2 28 31 65 37
S319 62 57 32 22 38 37 44 14
S321 152 14 24 35 12 27 17 46
S323 71 20 20 9 24 10 12 64
S324 160 49 28 22 29 14 50 20
S326 79 30 43 11 18 42 46 90
S327 99 24 10 3 4 10 17 66
S328 107 2 42 8 1 28 58 41
S330 118 69 36 1 25 36 62 71
S332 210 21 22 15 3 6 73 40
S333 51 19 19 3 5 15 15 73
S336 101 107 53 4 7 20 21 146
S337 77 7 66 39 3 55 27 105
S342 140 13 30 2 7 23 41 82
S343 83 24 38 40 22 46 33 20
S344 123 30 10 58 14 13 29 28
S345 106 22 15 13 15 8 55 49
Overall 2465 728 635 307 350 498 806 1318

Table B.7: Experiment 3-color: The number of trials available in the 8 categories
after artifact trial rejection.

Subjects SC-RS SC-RO SC-F SI-RS SI-RO SI-F CR-M CR-S
S310 58 25 34 20 25 30 23 40
S312 132 74 13 23 57 14 30 109
S313 92 53 14 14 22 16 28 87
S315 113 80 13 23 71 14 45 65
S317 118 79 20 11 59 17 53 66
S321 175 14 13 42 17 17 18 55
S323 42 57 13 24 49 14 19 92
S324 117 46 27 38 45 20 52 25
S326 58 37 50 19 29 71 38 103
S327 79 45 7 16 31 8 8 82
S330 59 90 37 8 78 34 71 80
S332 197 13 17 44 6 9 88 43
S333 58 22 15 17 9 30 16 80
S334 57 62 35 12 40 23 42 10
S335 47 22 20 5 18 22 32 75
S336 70 68 46 13 37 38 19 136
S337 88 3 81 59 0 73 23 117
S340 79 42 14 24 55 10 30 24
S342 50 16 31 18 13 26 32 64
S344 78 31 21 50 23 17 45 15
S345 77 22 21 31 22 15 50 54
Overall 1844 901 542 511 706 518 762 1422
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Table B.8: The p-values from the repeated measure ANOVA conducted between
the classifier scores for the SC-RS vs. SC-RO conditions.

Exp 1 (loc) Exp 2 (col) Exp 3-loc Exp 3-col
9.32E-05 5.30E-04 4.30E-04 0.039

the methods explained in 5.2.6. The results showed that SC-RS vs. SC-RO com-

parison showed significant effects for all 4 datasets even after balancing as given

in Table B.8. This indicates that the difference in classifier scores between the two

conditions did not depend on their trial counts.

B.3.2 Analysis 2

Since class 1 only consisted of the SC-RS and SC-RO trials, there was a

possibility that the effects between SC-RS and SI-RS/SI-RO could be an artifact

of the classification procedure. For observations which are far-removed from both

classes, the classifier may give outputs which fall in between the two classes. Hence,

an additional analysis was conducted to eliminate this possibility. Specifically, the

SI-RS and SI-RO conditions were added to class 1 to check whether the classifier

scores for these conditions changed significantly. The total number of source correct

and source incorrect trials were balanced before combining the conditions to remove

effects from unbalanced trial counts. As a result, the two classes for classifier

training were re-defined as follows: class 1 consisted of conditions SC-RS, SC-RO,

SI-RS, SI-RO (where there were equal number of SC and SI trials) and class 2

consisted of the CR condition. All classifier scores were re-computed using the

new classifier and the average classifier scores for the 6 subcategories for the item

hit trials were compared to the classifier scores from the original analysis. It was

found that the SC-RS trials gave the highest classifier scores for both classifiers as

given in Figure B.1.

The manipulation to the class definition seemed to result in a shift in the

classification boundary where the familiar trials were given higher values than

the previous classification results. It was also found that the average classifier

scores for the CR condition was increased from 0.364 to 0.402. Both of these
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Figure B.1: The comparison of the average classifier scores given by the original
classifier (class 1:SC-RS, SC-RO; class 2: CR) and the re-defined classifier (class
1:SC-RS, SC-RO, SI-RS, SI-RO; class 2: CR) for the 6 subcategories of the item
hit trials. The average classifier scores over the 4 datasets are given with their
corresponding standard errors.

observations suggest that including the SI trials in class 1 may have resulted in

less discriminative class arrangements.
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