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ABSTRACT

The Time Course of a Perceptual Decision:
Linking Neural Correlates of Pre-stimulus Brain
State, Decision Formation and Response
Evaluation

Bin Lou

Perceptual decision making is a cognitive process that involves transforming sensory
evidence into a decision and behavioral response through accumulating sensory information
over time. Previous research has identified some temporally distinct components during
the decision process; however, not all aspects of a perceptual decision are characterized by
the post-stimulus activity. Using single-trial analysis with temporal localization techniques,
we are able to identify a cascade of cognitive events associated with perceptual decision
making, including what happens outside the period of evidence accumulation. The goal of
this dissertation is to elucidate the association between neural correlates of these cognitive
events. We design a set of experimental paradigms based on visual discrimination of scram-
bled face, car and house images and analyze EEG evoked potentials and oscillations using
advanced machine learning and statistical analysis approaches. We first exploit the correla-
tion between pre-stimulus attention and oscillatory activity and investigate such covariation
within the context of behaviorally-latent fluctuations in task-relevant post-stimulus neural
activity. We find that early perceptual representations, rather than temporally later neural
correlates of the perceptual decision, are modulated by pre-stimulus brain state. Secondly,
we demonstrate that the visual salience of stimulus image, being a surrogate for the deci-
sion difficulty, differentially modulates exogenous and endogenous oscillations at different
times during decision making. This may reflect underlying information processing flow and
allocation of attentional resources during the visual discrimination task. Finally, to study

the effect of visual salience and value information of stimulus on feedback processing, we



propose a model that can estimate expected reward and reward prediction error on a single-
trial basis by integrating value information with perceptual decision evidence characterized
by single-trial decoding of EEG. Taken together, these results provide a complete temporal
characterization of perceptual decision making that includes the pre-stimulus brain state,

the evidence accumulation during decisions and the post-feedback response evaluation.



Table of Contents

[List of Figures|

[List of Tables

G FAD] ations

[Acknowledgments|

1.3 Background| . . . . ... ... ... ....

[1.3.1  Perceptual and value-based decision making| . . . . . . .. ... ...

[1.3.2  Oscillatory activity of human EEG|

[1.3.3  Single-trial EEG analysis| . . . . .

[2

Acquisition and Processing of Multidimensional EEG]|

2.1 EEG Data Acquisition and Preprocessing|

[2.2  ICA for Segregating Artifacts and Oscillatory Activities| . . . . . . . .. ..

[2.3  Single-trial Analysis of Evoked Potentials|

xvi

xvii

xix

(= e > S I V]

10
13



2.5 Source Localizationl. . . . . . . .. .. oo 24
[3 Pre-stimulus alpha power predicts fidelity of sensory encoding] 25
BI TIntroductionl. . . . . . . . ... 25
13.2  Experimental Design and Behavioral Performance| . . . .. .. .. ... .. 26
3.3 Analysis of Alpha Oscillation| . . . . .. ... ... ... ... ... ..... 29
3.4 Single-Trial Discrimination| . . . . . . . . .. .. ... .. L. 30
13.5  Relating Variability of Prestimulus Alpha Power to Poststimulus EEG Com- |
| ponents| . . ... L. oL e e e e 32
13.6  Relating Variability of Prestimulus Alpha Power to Behavior| . . . . . . .. 42
3.7 Source Localizationl. . . . . . . .. .. oo 43
B8 Discussionl . . . . . . .. 45
3.9 Summary|] . . ... .. 49
[4  Effect of Pre-stimulus Alpha Power in Multi-class Perceptual Decisions| 50
4.1 Introductionl. . . . . . . .. Lo 50
4.2 Experimental Design and Behavioral Performance] . . . . ... ... .. .. 51
4.3 Learning EEG Components for Discriminating Multi-class Perceptual Decisions| 52
4.4 Discussion of Multi-class Discriminating Components|. . . . . . . . . .. .. 57
4.5  Relating Variability ot Pre-stimulus Alpha Power to Post-stimulus EEG Com- |
| ponents| . . ... L. oL e e e 58
4.6 Summary] . . . .. .. e e e 60
[6 Modulation of Stimulus Evidence on Post-stimulus Endogenous and Ex- |
[ ogenous Oscillations| 61
b1 Introduction|. . . . . . . . . .. 61
5.2 Experimental Design| . . . . . . ... ... o oo 62
5.3  Segregating Endogenous and Exogenous Oscillations| . . . . . . .. ... .. 64
5.4 Traditional Behavioral and ERP Analysis| . . . . ... ... ... ... ... 66
5.5 Effect of Phase Coherence on Exogenous Oscillations| . . . . . . .. ... .. 68

ii



5.6  Effect of Phase Coherence on Endogenous Oscillations| . . . . . . . ... .. 71

5.7 Effect of the Motor Response| . . . . . . .. ... ... ... ... ..., 72
B8 Discussionl . . . . . . .o 73
0.9 Summary] . . ... L e 77

[6 Perceptual salience and reward both influence feedback-related neural |

78
6.1 Introductionl. . . . . . . . . o . L 78
6.2 Experimental Designl . . . . . . . ... oo oo 81
6.3  Behavioral Performancel . . . . . . ... ... 0oL 82
6.4 Feedback Related Potentialsl . . . . . . .. ... ... ... ... ... ... 86
6.5 Iffect of Salience on Feedback Related Potentials/ . . . . . . . .. ... ... 88
6.6  Single Trial Analysis of Stimulus and Feedback Related EEG] . . . . . . .. 90
6.7 Neural Correlates of Reward Prediction kror . . . . . . .. ... ... ... 94
6.8  EEG-informed prediction error and subsequent choice| . . . . . ... .. .. 95
[6.9 Discussionl . . . . . . .. 98
[6.10 Summary] . . . . . ... e 102

[7__Conclusions and Future Workl 103
[7.1 Summary of Main Scientific Findings| . . . . . . . .. ... ... ... .... 103

[7.1.1 Pre-stimulus alpha power predicts fidelity of sensory encoding|. . . . 103

[7.1.2  Post-stimulus endogenous and exogenous oscillations are differentially |

modulated by stimulus evidence] . . . . . ... ..o 105

[7.1.3  Perceptual salience and reward both influence feedback-related neural |

| activityl . . . . . . . e e e e e e 106
(2 Future Workl . . . . . . ... 106
[7.2.1 Simultaneous EEG and tMRI analysis of decision making| . . . . . . 106

[7.2.2  Roles of oscillations in decision making|. . . . . . . . ... ... ... 108

[7.2.3  Studies of the reward evaluation system in depressed patients| . . . . 109

[7.2.4  Computational models of value-based perceptual decision makingl. . 111

[7.2.5 Improving perceptual decision making via BCI systems| . . . . . .. 112

iii



114
[Bibliography]

v



List of Figures

1

Conceptual frameworks for decision making. In perceptual decision mak-

ing, a sensory transformation operates on primary sensory input to generate

representations of sensory evidence. After accumulating the sensory evi-

dence represented by sensory neurons, a decision transtformation maps the

sensory representation onto the probability of alternative responses. The

next processing stage then renders a discrete behavioural response from this

probabilistic representation. For a value-based decision, after recognizing the

current internal and external states, a value transformation takes the input

to the system and abstracts from 1t a representation of the value of avail-

able options. In the next stage, a decision transtormation maps this value

representation onto the probability of alternative actions and transtorms this

continuous probability into a discrete choice among these alternatives. One

common stage for both decision processes is that the chosen action may be

re-evaluated based on the actual outcome, leading to updating of the other

processes through learning to improve subsequent decisions. (modified from

PRI

The setup of EEG acquisition system. This system consists of a computer for

controlling stimulus presentation, a monitor for stimulus display, a keyboard

for motor response, a multi-channel EEG cap, an EEG amplifier, a computer

for data collection) . . . . . . . . ..o




P2

Eye blink detection and subtraction using independent component analysis.

(a) Scalp topology and power spectrum of eye blink component. (b) EEG

time courses of three sample channels in the frontal area (Fz, AFz and FPz)

before eye blink removal. (¢) EEG time courses of the same three channels

after eye blink removal.| . . . . .. ... ..o o o oo oo oo

2.3

Scalp topology and power spectrum of a sample alpha oscillation component

and a sample mu rhythm component. These two components both have high

magnitude in alpha band but show very different spatial distributions. Task-

related alpha component has largest weight over occipital-temporal electrode

sites while mu rhythm component has largest weight over motor cortex.| . .

19

P4

Summary of single-trial analysis. All trials are first aligned to the onset of

stimulus/response. For each epoch a short training window is selected to

train a classifier that maximally discriminate two classes. This classifier is

then applied to the testing dataset to predict class labels and estimate single-

trial variability of discriminating components. The temporal progression ot

discrimination is obtained by shifting time window across the entire epoch.

The spatial distribution of a discriminating component is computed by the

forward model.l . . . . ..

21

P5

Single-trial analysis of oscillatory activity via Hilbert transtorm. The top

panel shows a sample epoch ot EEG atter preprocessing. The red curve in the

bottom panel 1s the filtered data of this epoch through a narrow passband

(alpha band, 8-12 Hz). The green curve is the amplitude envelope, which

represents the instantaneous magnitude of the alpha oscillation.|. . . . . . .

vi



B1

Summary of the behavioral paradigm and sample stimuli. (a) Within a block

of trials subjects were instructed to fixate on the center of the screen and

were subsequently presented, in random order, with a series of face and car

images at one of the six phase coherence levels shown in (b). Each image was

presented for 30 ms, followed by an inter-stimulus interval lasting between

1500 and 2000 ms, during which subjects were required to discriminate among

the two types of images and respond by pressing a button. A block of trials

was completed once all face and car images at all six phase coherence levels

have been presented. (b) A sample face image at six different phase coherence

levels (20, 25, 30, 35, 40, 45%). Reproduced from [141]. | . . . . . . ... ..

28

B2

Average single-trial EEG discrimination performance across subjects (N =

12) with 30ms training window. Bands represent standard error (SE) across

subjects. For each subject, only discrimination components passing p = 0.05

were used for further analysis. Discrimination threshold of significance level

p = 0.05 and p = 0.01 is shown for reference (dotted line). A, values for

phase coherences 20% and 25% are not shown since their EEG discrimina-

tion performance was worse than that of 30% coherence and never above

the p < 0.05 significance level. Topographies represent the group averaged

forward models of early (left) and late (right) components at time of peak

discrimination (referred to as optimal discriminating components).| . . . . .

31

[3.3

Choice probabilities of all twelve subjects using EEG data from optimal early

and late discriminating components. The statistical significance level was

computed by a permutation test with 1000 random permutations of the be-

havioral responses. Choice probabilities above 95% confidence intervals were

considered statistically significant.| . . . . . . . ... ... ... .. ... ..

vii



BA

Average correlation coeflicients between spatial weights of independent com-

ponents and post-stimulus forward models. The absolute value was used

because the sign of the spatial weights of forward models is merely due to

class labels, which were arbitrarily selected in computing logistic regression.

The first IC (selected alpha component) shows the highest topographic sim-

ilarity with both early and late components.|. . . . . . . ... ... ... ..

33

B5

FExample scalp maps for pre-stimulus alpha independent component and post-

stimulus early and late discriminating components, for one subject. Clear 1s

a strong topographic similarity. Note that the sign difference of the early

component is irrelevant in this comparison.| . . . . . .. . ... ..o

33

[3.6

Amplitude for the early and late discriminating components of each face and

car trial at 45% phase coherence for one participant (left panel). The corre-

sponding inverse logit function is plotted in the right panel. Trials are groups

by their absolute value of the discriminating components whereby red, green

and blue represent high, middle and low probability of EEG classification

respectively. We use the absolute value of the discriminator output |y| as

a neural index of the stimulus and decision evidence for the early and late

EEG components respectively.. . . . .. ... oo o000

34

[3.7

Analysis of pre-stimulus alpha power using the early EEG component dis-

criminator output. (a) Mean pre-stimulus alpha power for three different dis-

criminating component magnitude levels at each phase coherence level. Pre-

stimulus alpha power was significantly lower for trials with high discriminat-

ing component magnitude at the lowest coherence level (35%). The difference

between groups became less significant when the task was made easier—i.e.

phase coherence increased. (b) The variance of pre-stimulus alpha power at

difterent coherence levels. Similar to the mean power responses, the variance

of trials with high discriminating component magnitude was lower than for

trials with low discriminating component magnitude (*p < 0.05,** p < 0.01,

“p < 0.001, corrected for multiple comparison). Error bars indicate SE

across subjects.) . . . . . L L

viii

37



B3

Time series of instantaneous alpha band power from -800 to 500 ms at the

35% phase coherence level. Pre-stimulus alpha power of trials with high

discriminating component magnitudes showed a strong reduction in instan-

taneous alpha power.|. . . . . ... ... oo

[3.9

Scalp maps of pre-stimulus alpha power difference for each subject at 35%

coherence level. Normalized pre-stimulus alpha power difference was com-

puted across all electrodes between |y| < 1 and [y| > 2 groups using optimal

early components. Higher alpha activities were observed for trials with lower

ly| mostly in parieto-occipital regions.| . . . . . .. ...

B.10

Analysis of pre-stimulus alpha power using the late ELG component discrim-

inator. Neither the (a) mean or (b) variance showed a significant difference

between groups at any coherence level. Error bars indicate SE across subjects.| 40

Bl

Correlation results between normalized regression slope (z-score) and phase

coherence level. Pre-stimulus alpha power was regressed on early discriminat-

ing component tor each subject. The group level result suggested a significant

effect of task dificulty on pre-stimulus alpha modulation.|. . . . . . . .. ..

B.12

Analysis of pre-stimulus alpha power using reaction time. Irials were sorted

by reaction times in ascending order and divided at 3-quantiles (tertiles).

Significant difference (*p < 0.05) on pre-stimulus alpha power was only found

between long RT group and short RT group for easiest trials (45% coherence

level). Error bars indicate SE across subjects.| . . . . . ... ... ... ...

42

B13

Associations between pre-stimulus alpha power and accuracy. (a) Trials with

incorrect responses showed significantly stronger pre-stimulus alpha power

than those with correct responses (paired t-test, “*p < 0.01). (b) Trials were

divided by pre-stimulus alpha power into low and high groups. 'Trials with

low pre-stimulus alpha power resulted in significantly higher accuracy than

those with high alpha power (likelihood ratio test, *p < 0.05). Error bars

indicate SE across subjects.| . . . . . ... Lo

X

44



[3.14 The sLORETA images showing statistical differences (Log of ratio of aver-

ages) between groups with high and low magnitude of optimal early discrim-

inating components. Significant differences are seen at posterior cingulate

and cuneus (BA30, BA17&18, respectively), with less significant differences

also observable in STS and fusiform gyrus.|. . . . . . .. .. ... ... ...

45

i%)

The behavioral paradigm. Subjects performed a 3-choice visual discrimina-

tion task in which they discriminated noisy images of faces, cars, and houses.|

ol

A2

Behavioral performance of face, car and house discrimination. (a) Average

decision accuracy across subjects at each phase coherence level. (b) Mean

reaction time averaged over subjects at each phase coherence level. Error

bars indicate the standard error across subjects). . . . . . . ... ... ...

52

[4.3

Mean classifier performance at 45% phase coherence level across 5 subjects

as a tunction of stimulus-locked time. T'he classifier trained on the 170 ms

window far exceeded chance performance (which is 0.33 for 3-way discrimi-

nation). Standard error across subjects is displayed as shaded area.|. . . . .

54

i}

Scalp maps ot discriminating activity generated using the forward model, for

the (a) 170 ms window and (b) 350 ms window.|. . . . . . . ... ... ...

95

5

Face vs. house discriminating component maps for one sample subject. Each

row represents the single-trial temporal evolution ot the discrimination com-

ponent trained on the 50 ms window between the dotted lines: 170 ms (top)

and 350 ms (bottom). Individual trials are sorted by category. Scalp plots for

the corresponding windows are shown to the right ot the maps. The forward

model of the discriminator for the the corresponding window is shown to the

right of the map.| . . . . . . . . ..

o6

|4.6

Scalp maps of pre-stimulus alpha power difference at 45% coherence level.

Normalized pre-stimulus alpha power difference was computed across all elec-

trodes between high |y| and low |y| groups using optimal early components.

More reduction of pre-stimulus alpha power can be observed for trials with

high |y| in temporal-occipital area.| . . . . . .. ... ... 0L




51

Schematic representation of the experimental paradigm. The 15Hz flickering

dots were superimposed across the 1images for the entire experiment. Image

onsets and the flickering dot pattern were not phased-locked.| . . . . . . ..

52

The power spectrum density of EEG at electrode POS8 obtained by Fourier

analysis for one subject. The endogenous oscillation was in the specific alpha

frequency band for individual subject, while the exogenous oscillation at 15Hz

was the SSVEP induced by the flickering dots.| . . . . . ... ... ... ..

B3

Behavioral performance. (a) Mean decision accuracy averaged over subjects

at each phase coherence level. (b) Average reaction time across subjects

at each phase coherence level. Task difficulty (phase coherence level) shows

significant effect on both measurements. Error bars indicate the standard

error across subjects.| . . . . . L L

5.4

Spatial distributions of ERP amplitude differences between (a) face and car

trials at 170 ms post-stimulus, (b) phase coherence levels of 45% and 30% at

220 ms post-stimulus.| . . . . ... Lo

55

Eftect of decision difficulty on exogenous oscillations as measured by nor-

malized SSVEP amplitudes at electrode POS. (a) Time course of normalized

oo VEP amplitude, shown for each of four phase coherence levels. The shaded

area indicates the time period (266 ms-466 ms) having a significant difference

in normalized SSVEP amplitude between phase coherence levels of 30% and

45% as assessed by paired t-test across subjects and cluster-level statistics

(p < 0.05). The vertical dashed line indicates the onset of task images. (b)

Average SSVEP amplitude from 266 ms to 466ms at each phase coherence

level. Asterisks indicate significant differences (paired t-test, p < 0.05)| . . .

xi



5.6 Spatial distribution of exogenous oscillatory modulations, within a 266 to 466

ms time window, as a function of decision difficulty. (a) Scalp topographies

showing the scalp distribution ot average SSVEP amplitude for the four phase

coherence levels. (b) The average difference in SSVEP amplitude between

phase coherence levels of 30% and 45%. (c) The ¢ statistic at each electrode

location, assessing the average SSVEP amplitudes via a paired t-test between

phase coherence levels of 30% and 45%.| . . . . . . . ... ... ... ...

5.7 Effect of decision difficulty on endogenous oscillations as measured by nor-

malized alpha amplitude at electrode POS8. (a) Time courses of normalized

alpha amplitude, shown for each of four phase coherence levels. The shaded

area indicates the time period (397-731 ms) having a significant difference

in normalized alpha amplitudes between phase coherence levels of 30% and

45% as assessed by paired t-test across subjects and cluster-level statistics

(p < 0.05). (b) The average alpha amplitude from 397 to 731 ms at each

phase coherence level.| . . . . . . . ... ... oo

5.8 Spatial distribution of endogenous oscillatory modulations, within 397 to 731

ms time window, as a function of decision difficulty. (a) Scalp topographies

showing the scalp distribution of average alpha amplitude for the tour phase

coherence levels. (b) The power difference of average alpha amplitude be-

tween phase coherence levels of 30% and 45%. (c) The ¢ statistic at each

electrode location, assessing the average alpha amplitudes via a paired t-test

between phase coherence levels of 30% and 45%. . . . . .. ... ... ...

[5.9 Effects of decision difficulty on response-locked (a) SSVEP and (b) alpha

oscillations at electrode POS8. The shaded area indicates the time period

that shows a significant difference in amplitudes between phase coherence

levels of 30% and 45%. The vertical dashed lines were locked with reaction

time. Asterisks indicate significant differences (paired t-test, p < 0.05)f. . .

xii

73



6.1

Experimental design of reward-based perceptual decision-making: (a) Re-

wards values for face, house and car were shown to the subject at the be-

ginning of each block. 'Total reward earned in the block was also pre-

sented at the end of each block. (b) Twenty-five combined conditions were

used in the experiment. Reward conditions were manipulated by changing

the reward ratio between faces and houses, while salience conditions were

manipulated by changing image phase coherence levels. We report results

in term of face salience levels (1 to 5, level 5 being highest face salience

Cr = 44%, Cy, = 37%), without reference the absolute phase coherence values.| 83

62

Behavioral performance in different reward and salience conditions. FEach

panel shows the average percentage of target choices (face or house) and

distractor choices (car) in each reward condition as a function of stimulus

salience levels. Each point refers to the percentage of selections of one image

category under the corresponding reward and salience conditions. Error bars

indicate SE across subjects. . . . . . ... Lo

85

6.3

Reaction time in the highest face reward (R¢/R; = 4) and highest house

reward (R¢/Ry = 1/4) conditions. Error bars indicate SE across subjects.| .

86

6.4

Grand-average feedback-locked ERPs for midline electrodes Fz, Cz, and Pz.

The ERPs following low reward feedback (red line) are more negative in an

early time window (280-360 ms, light gray) and more positive in a late time

window (360-500 ms, dark gray) relative to what is seen for high reward

feedback (blue line).| . . . . . . . . ..

6.5

The sSLORETA images showing statistical differences (Log of ratio of aver-

ages) between groups with high and low magnitude of optimal early discrim-

inating components. Significant differences are observed at SMA, inferior

parietal lobule and ACC for (a) early window, and at ACC, SMA, medial

frontal gyrus and precuneus for (b)late window.[. . . . . . .. ... ...

xiii

89



6.6

(a) Grand average ERP responses to high reward feedback at five different

salience levels. Conditions of higher face reward (R;/R) > 1) and higher

house reward (Rs/Ry < 1) were analyzed separately. (b) Plots of the average

amplitude in shaded area (350-450 ms) at five salience levels. The amplitude

shows a negative correlation with the salience level of high reward target.

Error bars indicates SE across subjects| . . . ... ... o000

91

6.7

Plots of the average ERP amplitude vs. choice rate of higher reward target.

Each dot refers to the data at one salience level of one subject| . . . . . ..

92

6.8

Group mean single-trial EEG discrimination performance for the high vs. low

reward feedback. Standard error across subject is indicated with shading.

Significance level is achieved by a label permutation method (30000 times)

and FDR-corrected for multiple comparisons. Topographies represent the

group averaged forward models of the discriminating components at the time

of peak discrimination (referred to as optimal discriminating components).|.

92

[6.9

Group mean single-trial EEG discrimination performance for the face vs.

house stimulus. Standard error across subject is indicated with shading.

Significance level is achieved by a label permutation method (30000 times)

and FDR-corrected for multiple comparisons. Topographies represent the

group averaged forward models of the discriminating components at the time

of peak discrimination (referred to as optimal discriminating components).|.

93

[6.10

dcatter plots of early feedback STV against prediction error from one repre-

sentative subject. 'Irials with positive errors and negative errors are analyzed

separately (separated by a green line). The red line shows the result of linear

regression of each part of thedata.l . . . . . .. ... ... ... ... ...,

Xiv

96



[6.11 Influence of prediction errors on subsequent trials. The top row show the

normalized prediction errors of previous trials for three choice groups. Small

reward difference (left column) and large reward difference (right column)

conditions were analyzed separately. The prediction error before a low-value

choice was more negative comparing to the other two choices. The bottom

row show the prediction errors before low-risk and high-risk decisions. Error

bars indicate SE across subjects.| . . . . . .. ..o oo

97

71

Temporal diagram of perceptual decision making. Using single-trial analysis

with temporal localization we were able to identify a cascade of events associ-

ated with perceptual decision making. These include pre-stimulus attention

(indexed by alpha power), post-stimulus sensory evidence (early component)

and decision evidence (late component), and post-feedback response evalua-

tion. Associations between these components are displayed in difterent colors

(see main text for details).|. . . . . . . . ... . oo

104

72

Time series of alpha band power from 400 ms before to 800 ms after feed-

back. Alpha power is normalized by the substracting the alpha power in

resting state. Post-teedback alpha power of trials with low reward feedback

shows a strong reduction at around 200-500 ms. Scalp topology shows the

alpha power discrepancy between high and low teedback 1s most significant in

parietal and occipital regions. Increased alpha activity tollowing low reward

XV



List of Tables

[3.1  Summary ot repeated-measures ANOVA evaluating difference in mean and |

variance of pre-stimulus alpha power among early/late discriminating com- |

| ponent magnitude levels.|. . . . . . ... ..o oo o 36
6.1  Summary of five salience levels.| . . . . .. .. ... 00000000 84
6.2  Summary of five reward levels.| . . . . .. .. ... ... . 0L 84

6.3  Summary of mixed effects analysis of the relationship between teedback STV |

| and prediction €ITor. . . . . . . . .. Lo e e e e e 95

xXvi



List of Abbreviations

2-AFC
ACC
AD
BCI
BOLD
dLPFC
EEG
ERN
ERD
ERP
ERS
FDR
FFA
fMRI
FRN
GLM
HRF
IC
ICA
LIP
LOC
LOO
MEG

two-alternative forced choice
anterior cingulate cortex
Alzheimer’s disease
brain-computer interface

blood oxygen level dependent
dorsal lateral prefrontal cortex
electroencephalography
event-related negativity
event-related desynchronization
event-related potential
event-related synchronization
false discovery rate

fusiform face area

functional magnetic resonance imaging
feedback-related negativity
general linear model
hemodynamic response function
independent component
independent components analysis
lateral intraparietal area

lateral occipital complex
leave-one-out

magnetoencephalography

xXvii



MLR multinomial logistic regression

PPA parahippocampal place area

RL reinforcement learning

ROC receiver operating characteristic
RT reaction time

SE standard error

sLORETA standardized low resolution brain electromagnetic tomography
SMA supplementary motor area

SNR signal-to-noise ratio

SSVEP steady-state visual evoked potential
STV single-trial variability

VEP visual evoked potential

xviil



Acknowledgments

There are many people who have made this dissertation possible through their support
and help during my time at Columbia University. I would like to take this opportunity to
express my deepest gratitude for those individuals who directly or indirectly helped me.

First and foremost, I would like to sincerely thank my advisor, Dr. Paul Sajda, for
giving me the opportunity to work under his guidance and having trust in my abilities. I
am deeply thankful to him for offering his valuable advice, encouragement, and support
throughout this adventurous and very important journey of my life. His direction inspired
me greatly throughout the research and thesis writing process. Without his continuing
support, I could not have finished my Ph.D research. Paul was the best advisor and mentor
any Ph.D candidate could ask for, and it was a privilege and honor to study and perform
research in such a friendly lab environment he created. His humor, optimism and enthusiasm
deeply influenced and inspired me.

I would also like to express my gratitude to other members of my dissertation committee:
Dr. Marios Philiastides, Dr. Qi Wang, Dr. Michael Shadlen and Dr. Andrew Laine. I really
appreciate for their valuable suggestions and constructive criticism to the thesis proposal.
I am especially thankful to Dr. Philiastides for the fruitful discussion on the projects. His
valuable comments were very helpful for improving the quality of my papers.

I am also grateful to all my colleagues in the LIINC lab who have made my years of
work enjoyable and educational. Many thanks to Jordan Muraskin for helping me learn the
EEG/fMRI system and discussing data analysis methods, Jennifer Walz and David Jangraw
for sharing ideas about the experiments and improving my writings, Robin Goldman and
Megan deBettencourt for introducing FSL to me, Christine Hsu for her assistance on the
reward-based decision making experiment, and Sameer Saproo for his helpful comments on

this thesis. I also give my thanks to collaborators from Department of Psychiatry, Jeffrey

Xix



Miller, Christine DeLorenzo and Noam Schneck, for their suggestions on experimental design
and data analysis. I have also had a great pleasure of working with Yun Li, my former
labmate at Tsinghua University, and getting a couple of papers published together.

I have thoroughly enjoyed my Ph.D. study in New York because I have many friends
supporting and encouraging me. It would become very tedious if without their company. I
will cherish all the memories in the Arbor and treasure the friendship with all my friends
in Arbor.

Lastly, but most importantly, I would like to thank my loving family, especially my
parents for their constant support and encouragement through out these many years of
study. I know they were very patient during this long journey when I pursued my career
goals and they were so considerate to make me concentrate on my study. Without their
support, I would never be able to finish my thesis. Therefore, I dedicate this thesis to my

parents.



This thesis is dedicated to my parents.

xx1



CHAPTER 1. INTRODUCTION 1

Chapter 1

Introduction

1.1 Motivation of Research

1.1.1 Scientific motivation

Human behaviors are strongly influenced by the information gathered from sensory systems.
Imagine that you are driving in the daytime and suddenly you see a pedestrian running
across the street. You immediately slam on the brakes to stop your car. During the night,
however, the sensory input is weak so you must look longer to obtain enough evidence to
understand the situation and take the correct action. This type of decision-making process
is very common in our daily lives. Perceptual decision making is a categorical judgment
process about the presence or identity of sensory stimuli. Its underlying neural mechanisms
include contributions from many parts of the brain. Perceptual deficits are often reported
to be associated with the dysfunction of certain brain regions [31] 66, 179]. For example,
Alzheimer’s disease (AD) is often accompanied by impaired object recognition, thereby
reducing the ability to recognize common objects and familiar faces [90]. Therefore, deeper
understanding of the underlying neural mechanisms of perceptual decision making may
confer a potentially diagnostic and therapeutic benefit for patients with AD and other
neurodegenerative diseases.

Studies of perceptual decisions often rely on measurements of response time and ac-

curacy. In addition to these traditional behavioral assessment, neuro-electrophysiological



CHAPTER 1. INTRODUCTION 2

techniques can provide insights into the temporal dynamics of perceptual decisions. Pre-
vious electroencephalography (EEG) studies have revealed a series of post-stimulus com-
ponents that are indicative of different evidence encoding processes. However, evidence
accumulation is just part of the decision making process. More and more work suggests
that perceptual decisions are strongly impacted by cognitive states outside the evidence ac-
cumulation period, such as attention allocation, expectation, past experience and memory
retrieval. Consequently, it is important to provide a complete time course of perceptual
decision making, from the pre-stimulus to the post-response period.

Perceptual decisions by humans in a complex environment or under time pressure are
often far from perfect . There are several efforts looking to develop brain-computer inter-
faces (BCIs) which could improve decision making, particularly when decisions are jointly
made between humans and machines [73], [149] [I5I]. This system level research would be
facilitated by having a deeper understanding of the association between all the temporally
distinct cognitive processes of perceptual decision making. It is likely that by exploiting
these constituent processes of decision making, one would be able to develop BCI-enabled
systems that increase decision speed, remove decision bias, and/or accumulate evidence

across individuals for improving group decision-making.

1.1.2 Technical motivation

Understanding the relation between pre-stimulus brain states and subsequent stimulus pro-
cessing has become a key focus of exploring the neuronal mechanisms of cognition. A neural
correlate of pre-stimulus brain state that has received much attention is the pre-stimulus
alpha oscillation. Many studies have begun to explore how alpha oscillations prior to stim-
ulus onset influences perception and behavior [16, [I86]. However, the variation of these
oscillations across trials during simple perceptual decisions producing a similar behavioral
response has not been fully investigated. Through analyzing high-density EEG signals on a
single-trial basis, we will be able to obtain objective measures of neural activity that reflect
subjective attention and confidence. Moreover, by utilizing the advantage of EEG, i.e., high
temporal resolution, we can use a time localized approach to elucidate the neural correlates

of evidence accumulation at each temporal stage during rapid perceptual decisions.
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In complex environments, it is more likely that targets and distractors will be seen
(nearly) simultaneously. The combination of limited processing speed and scarce time
bounds the quality of our decision-making and thus defines a fundamental resource al-
location problem. There is still ongoing debate on whether attention is allocated in an
automatic fashion and what the time course of the involuntary resource allocation is [119].
One aim of this thesis will be to investigate the time course of the competition for processing
resources between a demanding foreground task and task-irrelevant background stimuli.

Feedback is very important for evaluating a previous decision and response. People
have the flexibility to adapt decision strategies through learning from feedback to reach an
optimal behavior. Instead of using simple feedback indicating correct/incorrect decision,
more meaningful feedback could be generated by associating each stimulus with different
rewards. Previous studies on feedback usually focus on the reward prediction error calcu-
lated in a reinforcement learning model. However, in practice, the uncertainty of reward
may originate from different sources, such as poor perception of the target stimuli. It is
of interest to know how neural correlates of feedback are influenced by previous perceptual
decisions. Taken together, these results can provide a complete temporal characterization

of perceptual decision making that includes before, during and after decision periods.

1.2 Overview and Contribution of the Thesis

1.2.1 Overview of the thesis

This thesis is organized as follows. Chapter [I]is the introduction to the thesis, which consists
of both scientific and technical motivations, as well as a summary of the novel contributions
of this thesis. In addition, the background for decision making studies, neural oscillations
and single-trial analysis of EEG is introduced in this chapter. Chapter [2|] provides the
methodology used for EEG analysis. These methods are used repeatedly throughout the
dissertation. In Chapter [3] we investigate the relationship between pre-stimulus alpha power
and post-stimulus EEG discriminating components in a two alternative forced choice deci-
sion making task. In Chapter |4, we extend the analysis to a multi-class perceptual decision

task and find how pre-stimulus alpha power predicts post-stimulus discriminating compo-
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nents. Chapter [5] illustrates how post-stimulus endogenous and exogenous oscillations are
affected as a function of task difficulty during discrimination task. In Chapter [6] we present
how perceptual salience and reward influence feedback-related neural activity elicited dur-
ing evaluation of decisions. Chapter [7] summarizes the achievements of this dissertation and

discusses possible improvements as well as future directions in related research.

1.2.2 Novel contributions of the thesis

The novel contributions of this research include:

1. Relating variability of pre-stimulus alpha power to post-stimulus EEG com-
ponents: Pre-stimulus alpha power is hypothesized to reflect top-down control of at-
tention [202] with increased pre-stimulus alpha power representing a low attentional
state resulting in reduced decision accuracy. However, previous studies typically an-
alyze data with respect to behavioral responses [16, [I86]. Relatively little work has
been done to investigate the variation of pre-stimulus alpha power when there is no
difference in behavioral decision performance or when stimuli are nominally identical.
Unique to our work is that we used the variability in the EEG signal from correct
trials and nominally identical stimuli thereby removing behavioral confounds associ-
ated with different behavioral outcomes and differing stimulus evidence. As a result,
our approach helps provide more concrete support for the notion that the early dis-
criminating component magnitude indexes the quality of the early encoding of the
stimulus. With the hypothesis that alpha oscillations are likely to be modulated by a
top-down mechanism, such as attention [112} [200], our results indicate that the early
visual processing is likely to be modulated by top-down pre-stimulus attention, with
the incoming sensory evidence being a function of both the noise level of the stimulus

and the subjects’ attentional state on any given trial.

2. Learning EEG Components for Discriminating Multi-class Perceptual De-
cisions: Decision-making is often more complicated than deciding between two alter-
natives. In this dissertation, we design a 3-choice task to explore the neural correlates

of perceptual decisions that arise from choosing between several alternatives. We
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use multinomial logistic regression (MLR) to identify components in the EEG that
discriminate stimulus class on a single-trial basis. MLR is an extension of standard
(binary) logistic regression, and enables us to identify EEG components that truly
model an N-way choice. Through analyzing single-trial variability of these compo-
nents, we find the correlation between pre-stimulus alpha oscillation and post-stimulus

discriminating components still exists in decisions involving more than two choices.

3. Modulation of stimulus evidence on endogenous and exogenous oscilla-
tions: Endogenous and exogenous oscillations can both index the allocation of cog-
nitive resources, such as attention. Previous studies usually investigate their roles in
decision making separately [I88] 191]. In this dissertation, we superimpose a flick-
ering stimulus of 15 Hz upon a sequence of images and simultaneously analyze the
time course and spatial distribution of exogenously-induced steady-state visual evoked
potentials (SSVEPs) and endogenous alpha oscillations as a function of the level of
stimulus evidence. Our results demonstrate that the level of stimulus evidence, being
our surrogate for the difficulty of the visual discrimination, differentially modulates
exogenously-induced SSVEPs and endogenous alpha oscillations at different times,
which may reflect underlying information processing flow during the visual discrimi-

nation task.

4. Effect of salience and reward on feedback related activity: The roles of visual
salience and subjective value are usually examined in isolation [I13] [I76]. In this dis-
sertation, we designed an experiment that systematically changed perceptual salience
and reward value, while simultaneously measuring EEG from subjects performing the
task and receiving and feedback. We find two temporally distinct event-related poten-
tial (ERP) components that show significant differences between low reward feedback
and high reward feedback. We further estimate the source localization of these two
feedback ERP components and observe strong activity in supplementary motor area,
anterior cingulate cortex, medial frontal gyrus, etc. Another finding in this research
is the modulation of stimulus salience on the feedback ERPs. The ERP amplitude

at 350-450 ms was negatively correlated with the salience level and percentage of
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selection of high reward target. Unlike manipulating reward probability in a tradi-
tional reinforcement learning paradigm, the uncertainty of reward is correlated with
the salience level and varies according to the subjective perceptual decisions before

feedback presentation.

5. Neural correlates of reward prediction error: To find the temporal characteri-
zation of feedback related activities, we also used a single-trial analysis method with
temporal localization to estimate EEG components that maximally discriminated be-
tween the high and low reward feedbacks. Compared to traditional ERP analysis,
this method quantified the feedback related activity on a single-trial basis to find how
the single-trial variability within one condition is associated with other parameters.
Moreover, many studies on reward-based decision making used reinforcement learning
models to estimate prediction errors [17, 2] [I45]. Unique to this work, however, is
that we estimate prediction errors for each trial based on EEG measurements. Our
single-trial analysis shows an asymmetric effect of the prediction error valence: single-
trial variability of feedback components were only correlated with negative prediction
error magnitudes, suggesting that larger negative prediction errors are more likely to

be important for changing subjects decision behavior.

Parts of the research work presented in this thesis were published /submitted for publi-

cation in [92, 03, 07, @9, (100, 0T, 102} 149, 195).

1.3 Background

1.3.1 Perceptual and value-based decision making

Many everyday decisions require viewing displays with several alternatives and then rapidly
choosing one. Perceptual decisions are determined by objective physical properties of items,
whereas value-based decisions are determined by subjective preferences. Investigations into
the neural and computational bases of decision-making usually proceed in these two parallel
but distinct streams. Perceptual decision making is concerned with how observers detect,

discriminate, and categorize noisy sensory information. Value-based decision-making ex-
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plores how options are selected on the basis of their reinforcement history [180].

1.3.1.1 Perceptual decision making

The process by which information gathered from sensory systems is combined and used
to influence how we behave in the world is referred to as perceptual decision making [66].
Perceptual decision making primarily deals with the evaluation of sensory information for
the decision to be made. Therefore, neurophysiological studies investigating perceptual
decisions are mainly in the visual, auditory, and somatosensory domain [13] [78, 162}, 179].
Single unit recording studies in primates have given us insights into the mechanics how such
decisions are formed. These studies provided evidence of a causal link between behavior
and the activity of neuronal populations in sensory regions, such as the primary somatosen-
sory cortex and middle temporal visual area (MT or V5) [12] 32, 162, [I73]. For instance,
Newsome et al. [123] conducted an experiment that linked behavior with neuronal activ-
ity. In this experiment, they recorded from neurons involved in visual-motion processing in
area MT while monkeys performed a direction-of-motion discrimination task. The results
showed that the sensitivity of most of the neurons equaled or exceeded that of the monkeys,
indicating that the monkeys’ psychophysical judgments could be based on the activity of
a relatively small number of neurons. Another important finding from neurophysiological
studies in primates is that sensory information from lower level sensory brain areas is inte-
grated in higher level brain structures until a certain threshold of activity is reached and
the response is more or less deterministically executed [51], [162].

Recent studies using neuroimaging methods also made direct link between perceptual
decisions and neural signals in the human brain. Similar to the studies in monkeys, the
representations of sensory evidence can now also be measured and manipulated in the
human brain and be distinguished from representations of decision variables. Heekeren
et al. [64] designed an experiment of face vs. house discrimination and used functional
magnetic resonance imaging (fMRI) techniques to investigate perceptual decision making.
They found that there was a greater blood oxygenation level dependent (BOLD) response
in face selective regions, i.e. fusiform face area (FFA), to clear images of faces (‘easy’ trials)

than to degraded images of faces (‘difficult’ trials). The opposite pattern was also found in
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house-selective regions, i.e. parahippocampal place area (PPA). These results then support
the concept that face- and house-selective regions in the brain represent the sensory evidence
for the two respective categories [66]. The output of category-specific brain regions (the
FFA and the PPA) is integrated over time. The decision variable drifts between the two
boundaries and once one of them is crossed the corresponding decision is made.

To overcome the limitation of low temporal resolution of fMRI, EEG and magnetoen-
cephalography (MEG) measurements have been developed to study the temporal character-
istics of perceptual decision making. In a study using single-trial analysis of EEG data that
were acquired during a two-alternative forced choice (2-AFC) face vs. car discrimination
task, Philiastides and Sajda [141] found two EEG components maximally discriminated
between face and car trials. The early component was consistent with the well-known face-
selective N170 component in ERP studies [9, [74, 94] and its temporal onset appeared to
be unaffected by task difficulty. The late component appeared on average around 300 ms
post-stimulus at the easiest condition, and it systematically shifted later in time and be-
came more persistent as a function of task difficulty. This result also supports the concept
that populations of lower-level sensory neurons represent the sensory evidence that is used

in the decision making process.

1.3.1.2 Value-based decision making

Our decisions are also guided by the values associated with different options. Recent studies
on theoretical models of decision making have proposed a framework that decomposes value-
based decision making into some basic processes [37, 153, [179]. First, one recognizes the
current internal and external states, as well as potential courses of actions. Second, a
valuation system needs to weigh available options in terms of cost and benefit (i.e. reward
or punishment). Third, action selection is implemented on the basis of this valuation.
In the final stage, the chosen action may be re-evaluated based on the actual outcome,
leading to updating of the other processes through learning to improve subsequent decisions.
Conceptual frameworks of perceptual and value-based decisions are illustrated in Figure
(modified from [66], 179]).

The last stage is of great importance during decision making. To optimize behavior,
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Perceptual decisions Value-base decisions
Sensory Input Sensory Input
Sensory
transformation
Sensory evidence Current state
Value
transformation
Accumulation Value representation
Decision Decision
transformation transformation
Categorization Probability of choice
Action Action
............ R Outcome
evaluation

Figure 1.1: Conceptual frameworks for decision making. In perceptual decision making, a
sensory transformation operates on primary sensory input to generate representations of
sensory evidence. After accumulating the sensory evidence represented by sensory neurons,
a decision transformation maps the sensory representation onto the probability of alter-
native responses. The next processing stage then renders a discrete behavioural response
from this probabilistic representation. For a value-based decision, after recognizing the cur-
rent internal and external states, a value transformation takes the input to the system and
abstracts from it a representation of the value of available options. In the next stage, a
decision transformation maps this value representation onto the probability of alternative
actions and transforms this continuous probability into a discrete choice among these al-
ternatives. One common stage for both decision processes is that the chosen action may
be re-evaluated based on the actual outcome, leading to updating of the other processes

through learning to improve subsequent decisions. (modified from [66} [179])
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people must evaluate outcomes of their actions and use there evaluations to guide future
decisions. Thus, the brain computes a prediction of the value of potential outcomes and
compares this prediction with the actual outcome. According to the models of reinforcement
learning (RL), prediction error is defined as the difference between reward expectation and
actual outcomes [§]. Prediction error can be either positive if the reward delivered is better
than expected or negative if less reward (or punishment) delivered at the expected time
[168]. Electrophysiological studies in monkeys have indicated that dopaminergic neurons
code such a prediction error signal in a transient fashion. This signal may be sent to the
striatum and prefrontal cortex to influence reward-dependent learning [166, [167].

Recent neuroimaging studies in humans have also investigated the neural correlates
of the prediction error signals. Some fMRI studies suggested that activity in the ventral
striatum, a projection site of dopaminergic midbrain region, correlates with prediction errors
[1111, 130], while it is also suggested that prediction error signals can be represented in other
brain regions, such as dorsal striatum, prefrontal cortex, anterior cingulate cortex (ACC),
and supplementary motor area (SMA) [8, 27, [87,[129]. In EEG studies, one ERP component
has been identified to be differentially sensitive to positive and negative feedback. This
feedback-related negativity (FRN) is more pronounced for negative feedback associated
with unfavorable outcomes, such as incorrect responses or monetary losses, than positive
feedback [67), [I15] 125]. It has been suggested the FRN reflects a reward prediction error

signal in the ACC that occurs when ongoing events are worse than expected [67, [125].

1.3.2 Oscillatory activity of human EEG

There are two main approaches to analyzing EEG data. The ERPs are obtained by av-
eraging techniques over multiple trials that are time-locked to an event of interest. The
other approach is to look at periodic activity or oscillations by time-frequency decompo-
sition techniques. The EEG oscillations can be classified as endogenous and exogenous

oscillations according to their generation mechanisms.
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1.3.2.1 Endogenous oscillation

The endogenous oscillation refers to the spontaneous brain oscillations (background EEG)
that can be recorded without any stimulation. Spectral decomposition of the EEG signal
reveals that the endogenous oscillation includes a set of frequencies: the delta (1-4 Hz),
theta (4-8 Hz), alpha (8-12 Hz), beta (12-30 Hz) and gamma (30-80 Hz) bands [84] [8§].
These frequency components have been recognized as indexing different cognitive events
such as attention, memory, and target detection.

Alpha oscillations can be recorded over the entire scalp but is typically highest in am-
plitude in parieto-occipital areas. Its power increases when the eyes are closed and is at-
tenuated by visual stimulation. The stimulus-induced increases and decreases in oscillatory
amplitude have been termed event-related synchronization (ERS) and desynchronization
(ERD) respectively [138, [139]. It is suggested that during information processing, large
populations of neurons no longer oscillate in synchrony and thus ERD is observed, while
ERS of alpha activity reflects a brain state of reduced information processing.

Alpha power has long been considered to reflect general arousal: low alpha is associated
with a state of alertness and high alpha is associated with relaxation or drowsiness [155].
However, recent studies showed that certain task demands can also induce ERS reliably.
For example, in an experiment of memory scanning, pronounced ERS was observed during
a retention interval since subjects had to keep the encoded information in mind and hold
their response until a probe item was presented [76]. Klimesch et al. [86] proposed a new
theory that considered alpha activity to reflect cortical excitability, with low alpha indicating
active neuronal processing and high alpha denoting inhibition or disengagement of brain
areas uninvolved in task performance.

Besides its close link to working memory and visual stimulation, alpha oscillations are
suggested to play a special role in the maintenance of attention to environmental stim-
uli. In a spatial selective attention experiment, sustained focal increases of alpha band
activity were seen over occipital cortex contralateral to the direction of the to-be-ignored
location (ipsilateral to the cued direction of attention) before onset of the to-be-attended
stimulus [200]. Given the aforementioned evidence, it does not come as a surprise that

EEG measures of alpha oscillation correlate with cognitive performance. Faster response
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times and increased accuracy of detection or discrimination have been shown to coincide
with lower alpha power contralaterally and higher alpha power ipsilaterally [81], 183 202].
More specifically, a number of recent studies revealed a significant correlation between vi-
sual perception and different parameters of alpha activity prior to stimulus presentation
[62, 109, 186]. Through transcranial magnetic stimulation (TMS) techniques, one study
further shows that the posterior alpha rhythm was actively involved in shaping forthcoming
perception, and hence constitutes a substrate rather than a mere correlate of visual input

regulation [161].

1.3.2.2 Exogenous oscillation

Exogenous oscillations are driven by the rhythms of external stimuli and are typically as-
sociated with sensory systems. When studying the human visual system, it was found
that sudden changes of visual stimuli (e.g. flash) can elicit transient responses of visual
system, which is termed a visual evoked potential (VEP). About 50 years go, Regan [150]
conducted an experiment with long stimulus trains consisting of sinusoidally modulated
monochromatic light. These stimuli produced a stable VEP of small amplitude, which
could be extracted by averaging over multiple trials These EEG signals were termed as
“steady-state” visual evoked potentials (SSVEPs). SSVEPs can be elicited by several types
of visual stimuli (simple square, checkerboard, image, Gaussian field, etc.), but the under-
lying idea is always the same - a blinking or moving visual stimulus at a constant frequency
elicits a response in the brain at the same frequency and its harmonics [191].

SSVEP responses have a very stable spectrum and high signal-to-noise ratio (SNR). As
a consequence, SSVEPs are useful tools to study the neural processes underlying rhythmic
activity. In cognitive neuroscience, the SSVEP is often used as a frequency tag associated
with a visual task. The SSVEP frequency propagation in task vs. control states is used
to indirectly estimate the propagation of EEG signals related with the task. The most
well-know cognitive mechanism studied through SSVEPs is visual attention. Morgan et al.
[117] showed that visual evoked responses were substantially enhanced if the flickering visual
stimuli fell within the area of spatial attention. In another experiment, intermingled red

and blue dots flickered at different frequencies and thereby elicited distinguishable SSVEP
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signals in the visual cortex. Paying attention selectively to either the red or blue dot
population produced an enhanced amplitude of its frequency-tagged SSVEP, which was
localized by source modeling to early levels of the visual cortex [I18]. The SSVEP was also
used to measure the time course of distraction from the foreground target detection task as
a function of emotional content of background pictures, since it can provide a sensitive and

direct neuronal measure of the time course of the allocation of processing resources [119].

1.3.3 Single-trial EEG analysis

Conventional analysis of EEG and MEG often relies on averaging over multiple trials to ex-
tract statistically relevant differences between two or more experimental conditions. Though
this technique improves the SNR of ERPs, the latency and amplitude of ERP components
can vary on a trial-to-trial basis reflecting variability in the underlying neural information
processing. To uncover the origin of response variability, Parra et al. [I35] proposed an ap-
proach for single-trial detection by linearly integrating information over multiple spatially
distributed sensors within a predefined time window that maximally distinguishes two con-
ditions. This approach delivers a scalar estimate of component amplitude on each trial.
Many studies have shown that single-trial variability (STV) of this estimate is useful for
indexing different cognitive features.

In a 2-AFC perceptual discrimination task, Ratcliff et al. [I54] reported that the quality
of evidence for perceptual decision making was indexed by trial-to-trial EEG variability.
In this study, they obtained late (decision-related) and early (stimulus-related) single-trial
EEG component amplitudes that discriminated between faces and cars within and across
conditions. The results showed that dividing the data on a trial-by-trial basis by using
the late-component amplitude produced differences in the estimates of evidence used in the
decision process, but dividing the data on the basis of the early EEG component amplitude
did not. Therefore, these results actually distinguished between neural responses to early
perceptual encoding and to post-sensory processing that ultimately provides the decision
evidence.

The single-trial variability of EEG can be combined with other imaging modalities.

In studies with simultaneous EEG/fMRI recordings, the trial-to-trial variability in EEG
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components can yield task-relevant BOLD activations that are unobservable using tradi-
tional fMRI analysis [53]. They found fMRI activations indicative of distinct processes that
contributed to the single-trial variability during target detection. Specifically, they found
strong activation of the lateral occipital complex (LOC) in both visual and auditory odd-
ball task, which was not seen when using traditional event-related regressors. This result
indicated that LOC may be part of a more general attention network involved in allocating
resources for target detection and decision making. Further analysis found that regions
associated with task-dependent and default-mode networks transiently correlated with the

trial-to-trial variability of the EEG discriminating components [197].

In summary, this dissertation will mainly investigate neural correlates of temporally
distinct cognitive processes associated with a perceptual decision. Additional effects of
subjective values will also be taken into account in specific paradigms. Both time-locked
ERPs and oscillatory activity will be analyzed, specifically via a single-trial analysis, and
related to behavior as well as to one another in order to tie together the neural correlates
of the decision making process. The next chapter will go into the details of the methods

used to analyze and make inferences about these signals.
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Chapter 2

Acquisition and Processing of

Multidimensional EEG

This chapter describes the core EEG analysis approaches that are used repeatedly through-
out the dissertation. Experimental paradigms and algorithms specific to individual studies

are described within the corresponding chapters.

2.1 EEG Data Acquisition and Preprocessing

The basic setup of the EEG acquisition system used in this work is shown in Figure [2.1
Stimuli were presented to subjects on an Apple Cinema 30-inch LCD monitor, controlled
by E-Prime 2.0 presentation software installed on a Dell Precision T7500 Workstation with
nVidia Quadro FX5800 graphics card. The display resolution was set to 800 x 600 with
refresh rate at 60 Hz. The onset and offset times of each stimulus as well as response times
were sent out through a parallel port. EEG was recorded using DBPA acquisition software
(Sensorium Inc., Vermont, USA) installed on a Dell XPS 720 Desktop. The events markers
were recorded simultaneously with the EEG signals within separate channels.

Participants were seated in an electrostatically shielded room and positioned at a 1.3
m distance from the screen. EEG was acquired using a Sensorium DBPA-1 Amplifier
(Sensorium Inc., Vermont, USA) from 85 Ag/AgCl scalp electrodes. The electrodes were

positioned according to the International 10-20 system of electrode placement. All channels
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Figure 2.1: The setup of EEG acquisition system. This system consists of a computer
for controlling stimulus presentation, a monitor for stimulus display, a keyboard for motor

response, a multi-channel EEG cap, an EEG amplifier, a computer for data collection.

were referenced to the left mastoid with a forehead ground. All input impedances were less
than 25k{2. Data were sampled at 1000Hz with an analog pass band of 0.01-500 Hz using
servo high pass filter and 4th order low pass Bessel filter.

Data were digitally filtered using a 0.5 Hz fourth-order Butterworth highpass filter to
remove DC drifts and 60 and 120 Hz notch filters to minimize line noise artifacts. These
filters were applied non-causally (using MATLAB “filtfilt”) to avoid phase related distor-
tions. Though the temporal bandwidths of the filters are small compared to the frequencies
and temporal separation of the evoked activity of interest, we nonetheless checked the effect
of a non-causal versus causal application of the filters (using MATLAB “filter”). We found
no evidence of significant “smearing” of activity across the stimulus time boundary and all
results where essentially identical for causal and non-causal filtering. Trials with excessive

eye blink and motion artifacts were rejected (< 1% of total trials) by visual inspection.



CHAPTER 2. ACQUISITION AND PROCESSING OF MULTIDIMENSIONAL EEG17

2.2 ICA for Segregating Artifacts and Oscillatory Activities

Independent component analysis (ICA) is a statistical method that aims to find linear
projections of the observed data that maximize their mutual independence [71]. When
applied to blind source separation (BSS), ICA aims to recover independent sources using
multi-channel observations of the mixture of those sources. In EEG signal processing,
ICA has shown a good capability in separating the scalp EEG signals into functionally
independent sources, such as neural components originating from different brain areas and
artifact components attributed to eye movements, blinks, muscle activity, heart, and line
noise. Due to its superiority in EEG source separation, ICA has been successfully applied
to EEG research to reduce EEG artifact, enhance the signal-to-noise ratio (SNR) of task-
related EEG signals, and facilitate EEG source localization [77), 106, 193].

ICA assumes that a matrix of N observed signals X = [xq, ... 7xN]T is a linear mixture
of M unobservable statistically independent sources S = [sq,. .. ,SM]T:
X =AS, (2.1)

where A is a N x M mixing matrix in the model. The aim of ICA is to estimate the
unmixing matrix W, so that the matrix U, the linear transformation of X, yields optimizing

estimation of the source matrix S:
U=WX, X=wlu. (2.2)

In this case, each row of W is a spatial filter for estimating an independent component
(IC) and each column of W1 consists of weights on individual electrodes (i.e., spatial
projection) of an independent component. There are many measurements of statistical
independence between components, each leading to a different optimization process. A
number of criteria for optimization processes to solve the ICA problem have been proposed.
In this dissertation, all processing was performed using the Infomaz algorithm implemented
in the EEGLab toolbox [29].

The artifact removal method usually consists of three procedures: (1) apply ICA to scalp
EEG data; (2) identify and remove the artifact related ICs; (3) project EEG-related ICs back

to scalp electrodes to reconstruct artifact-corrected EEG data. In general, identification
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of artifact ICs can be performed using prior knowledge of spatio-temporal characteristics
in EEG artifacts. In this study, we also take into account the power spectrum of each
individual component. For example, the IC corresponding to eye blinks has large weights
over the frontal area in its scalp topology. In the frequency domain, the power spectrum is
dominated by the very low frequency band (see Figure ) As shown in Figure and
[2.2k, the SNR of the EEG signals has been considerably improved after removing the eye
blink artifacts.

(a) (b)

Before artifact removal
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Figure 2.2: Eye blink detection and subtraction using independent component analysis. (a)
Scalp topology and power spectrum of eye blink component. (b) EEG time courses of three
sample channels in the frontal area (Fz, AFz and FPz) before eye blink removal. (c) EEG

time courses of the same three channels after eye blink removal.

We also used ICA to segregate task-related alpha oscillations from other oscillatory
activity in alpha band such as mu rhythm which is related to hand movement. Only one IC
was selected for each subject, with selection based on the frequency and spatial properties
of the independent components [98]. Specifically, first we estimated the power spectra of all
ICs and computed the SNR of the alpha oscillation, which is defined as the ratio of EEG
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power in the alpha band to the mean power of the adjacent frequency bands (5-15 Hz).
To obtain an optimal alpha SNR for individual subjects, a subject-specific alpha frequency
band was selected as the central frequency of alpha band peak in the power spectral density
+2 Hz. Initially, the top five ICs with the highest SNR were selected. Subsequently,
we refined the selection to chose the IC having the largest magnitude of spatial weights
over occipital-temporal electrode sites. In a 2-AFC paradigm, this distribution of spatial
weights would be most consistent with the topologies of both early and late face-vs-car
discriminating components. Figure shows the power spectra and scalp topologies of two

sample components: one is task-related alpha oscillation and the other is mu rhythm.

Alpha component Mu component

Magnitude
Magnitude

0 10 20 30 40 50 0 10 20 30 40 50
Frequency (Hz) Frequency (Hz)
Figure 2.3: Scalp topology and power spectrum of a sample alpha oscillation component
and a sample mu rhythm component. These two components both have high magnitude
in alpha band but show very different spatial distributions. Task-related alpha component
has largest weight over occipital-temporal electrode sites while mu rhythm component has

largest weight over motor cortex.

2.3 Single-trial Analysis of Evoked Potentials

Single-trial analysis was performed to classify EEG activity corresponding to the different
types of events. For example, in the 2-AFC paradigm (Chapter [3|) the classifier tries to
discriminate two types of stimuli - face vs. car images. In the reward based perceptual

decision making experiment (Chapter |§|, the same technique is also used to discriminate
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high face salience and high house salience stimuli, and to discriminate high reward and
low reward feedback. We used a sliding window method [135] to obtain the variation
of discrimination performance across the post-event time period. A training window of
width 50 ms was used and the window onset varied across the epoch in 50 ms increments
from the event onset to 800 ms post-event. The classifier was subsequently retrained by
shifting the training window in finer steps of 10 ms around the time ranges found to be
most discriminating. This method enabled observation of the temporal progression of task-
relevant components and localization of the window with maximal discrimination between
events (see Figure [2.4).

For a time window starting at post-stimulus time 7, we use logistic regression to estimate
a spatial weighting vector w,, which defines the direction (in EEG sensor space) that

maximizes discrimination. The estimated regression function can be expressed as:

y =wliX (2.3)

T

where X is an N x T matrix of EEG data (N channels and T time points) and the estimated
vector y is a discriminating component at time offset 7. For each of K trials there are T
samples, totaling T' = KTy training samples. To obtain a more robust result, we average
over the Ty dependent samples of the kth trial to get a single representation for each trial

grh) = = 3 y(t), (2.4)

T
0 teTy,

where T}, denotes the set of sample times corresponding to trial k.

The discriminator performance was quantified by the area under the receiver operating
characteristic (ROC) curve [57], referred to as A, value, using leave-one-out (LOO) cross
validation [38]. To validate the significance of each discriminating component, we used a la-
bel permutation method (1000 permutations for each time window) to compute an A, value
for the null distribution (i.e. no discriminatory information) leading to the corresponding
A, thresholds for the p = 0.05 or p = 0.01 significance level.

In order to provide a functional neuroanatomical interpretation of the spatial weights, we
treat y, as a component that maximally discriminative given the linear model and events.

Therefore, a good way to visualize its localization is to display the coupling coefficients
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Figure 2.4: Summary of single-trial analysis. All trials are first aligned to the onset of
stimulus/response. For each epoch a short training window is selected to train a classifier
that maximally discriminate two classes. This classifier is then applied to the testing dataset
to predict class labels and estimate single-trial variability of discriminating components.
The temporal progression of discrimination is obtained by shifting time window across the

entire epoch. The spatial distribution of a discriminating component is computed by the

forward model.
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of the component with EEG channels. Specifically, we construct forward models of our

discriminating components
X
a, = 7, (2.5)
YT yT

where a, is the electrical coupling of the discriminating component y, identified for time

window 7 that explains most of the measured scalp EEG at time 7 [136].

For our logistic regression model, the output of the discriminating component ¥ is defined
as the logit function of the probability that the Bernoulli random variable equals 1. The
output y(k) represented the confidence of the classifier for trial k in its prediction of the
discrimination based on the training data. Therefore, we can derive probabilities of two
events for each trial based on the logit function

p(C = 1lx) = fy) = ~ 2P (2.6)
1 + exp(y)

1

p(C:0|X):1—f(y):m-

(2.7)

2.4 Single-trial Analysis of Oscillatory Activity

To estimate the power of oscillatory activity on a single-trial basis, we also need to first
extract data epochs time locked to events of interest (e.g. data epochs time locked to
onsets of one class of experimental stimuli or one type of feedback). These epochs could be
extracted from preprocessed data of each individual channel, or they could also be extracted
from selected ICs of a specific oscillation. Data is then filtered using a narrow frequency
band. Specifically, a subject-specific alpha frequency band is usually used for the analysis
of alpha oscillation in order to increase the SNR. In the next step, the analytic signal, 4(t),
is calculated to construct the amplitude envelope of the alpha oscillation. Denoting z(t) as
the real-valued EEG signal within a narrow frequency band, we can express the analytic
signal as

z4(t) = A(t)e??W), (2.8)

where

A(t) = lza(t)] = Va2 (1) + 22(1) (2.9)
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is the amplitude envelope. The imaginary part &(¢) can be found by applying the Hilbert
transform to the original signal. The amplitude envelope, A(t), represents the instantaneous
magnitude of the oscillation and thus can be used to estimate how the power of the signal
varies over time [105]. Figure displays a sample epoch of EEG and its amplitude
envelope.

Preprocessed EEG
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Figure 2.5: Single-trial analysis of oscillatory activity via Hilbert transform. The top panel
shows a sample epoch of EEG after preprocessing. The red curve in the bottom panel is the
filtered data of this epoch through a narrow passband (alpha band, 8-12 Hz). The green
curve is the amplitude envelope, which represents the instantaneous magnitude of the alpha

oscillation.

The single-trial oscillatory power is characterized by the averaged power within a certain
time window (e.g. 0-500 ms before stimulus onset). To achieve a better group-level result,
power estimates of individual subjects are usually normalized by the baseline for each sub-
ject. In a further analysis, the single-trial oscillatory powers could be related to behavioral
data as well as evoked EEG discriminating components. This enables us to link the cogni-
tive states at different stages of decision process. More details about the implementation of

this method will be described in Chapter [3]
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2.5 Source Localization

A challenge in interpreting neural correlates is the non-invasive localization of the neuronal
generators responsible for measured scalp EEG phenomena. The computation of source
localization of neuronal activity based on extra-cranial measurements are termed inverse
problems. A good solution to the inverse problem would provide important information
on the time course and localization of brain functions. However, in general there is no
unique solution to this problem. Various approaches have been proposed to solve the inverse
problem. In this dissertation, standardized low resolution brain electromagnetic tomography
(sLORETA) method is adopted since it can yield images of standardized current density
with zero localization error [137].

In sSLORETA, the standardized current density distribution can be estimated from ei-
ther the temporal domain or frequency domain. To identify significant differences between
conditions in the temporal domain, we use averaged ERPs within the time window that
shows maximum discrepancy across conditions to estimate the current density. The re-
sulting sSLORETA values are then subjected to paired tests to identify the differences be-
tween conditions/groups. In Chapter @ sLORETA is used to find the source localization
of feedback-related activity. For the frequency domain, SLORETA is computed based EEG
power spectrum of specific frequency band for each subject. Note that the statistical tests
are performed on the 3D cortical distribution of neuronal generators (from sSLORETA) but
not on actual scalp power spectra. The source localization of alpha oscillatory activity re-
lated to 2-AFC task is shown in Chapter [3] Randomized SnPM with 5000 permutations is

performed to obtain the corrected critical threshold and p-values [124].

In summary, this chapter describes the EEG acquisition system used for all experiments
in the thesis, as well as some core methods used to analyze EEG signals. In the next four
chapters, we will present how these methods are used to reveal the time course of perceptual

and value-based decisions in different experimental paradigms.
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Chapter 3

Pre-stimulus alpha power predicts

fidelity of sensory encoding

3.1 Introduction

Perceptual decision making is often described as the simplest form of a cognitive process,
in that it involves transforming sensory evidence into a decision and behavioral response
[52, 64, 176]. Substantial work has looked to identify and characterize the neural processes
underlying perceptual decision making, with a focus on the neural correlates of processes
that occur post-stimulus. For instance, experiments in non-human primates have shown
neurons in the lateral intraparietal area (LIP) demonstrate activity indicative of evidence
accumulation [52] 95 [172]. Analogous studies using neuroimaging in humans have focused
on, amongst other areas, dorsal lateral prefrontal cortex (dLPFC) functioning as a com-
parator of decision alternatives [64, [65] [133] [146].

Not all aspects of a perceptual decision are characterized by the post-stimulus activity.
The state of the subject prior to stimulus presentation is also a factor in understanding
how the perceptual decision evolves. Several groups have measured pre-stimulus oscillatory
activity as a way to index the state of the subject prior to the presentation of the stimulus.
Pre-stimulus oscillations in the alpha band (8-12 Hz) have been shown to correlate with
visual discrimination performance [0, (62, [63], 183] [186]. Pre-stimulus alpha power is hy-

pothesized to reflect top-down control of attention [202] with increased pre-stimulus alpha
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power representing a low attentional state resulting in reduced decision accuracy. Recent
studies have shown a correlation between pre-stimulus alpha power and subjective rating
of attention toward a visual discrimination task [105]. Pre-stimulus alpha phase has also
shown to be predictive of visual awareness and perception [16], 109].

Studies using EEG and MEG investigating pre-stimulus alpha within the context of
perceptual decision making typically analyze data with respect to behavioral responses—e.g.
segregating correct and error trials and characterizing the difference in the power spectrum
or phase distributions [16], [I86]. Relatively little work has been done to investigate the
variation of pre-stimulus alpha power when there is no difference in behavioral decision
performance or when stimuli are nominally identical. It is possible that constituent neural
processes are affected by pre-stimulus attentional state, though by the time the decision is
made this relation is not observable in behavior or is confounded by other factors.

In this chapter, we investigate the relationship between pre-stimulus alpha power and
post-stimulus discriminating components in a 2-AFC decision making task. Unique to
our approach is that we do not use behavioral data to separate trials for conducting our
analysis, instead we investigate how pre-stimulus alpha power relates to post-stimulus neural

components for cases in which the decisions are correct and the stimuli nominally identical.

3.2 Experimental Design and Behavioral Performance

Twelve subjects (four women and eight men, age range 21-37 years) participated in the
experiment. Data for six of the twelve subject were taken from our previous study [141].
All subjects had normal or corrected to normal vision and reported no history of neurological
problems. Informed written consent was obtained from all participants in accordance with
the guidelines and approval of the Columbia University Institutional Review Board. We used
a set of 20 face images (from the Max Planck Institute face database) and 20 car grayscale
images obtained from the web (image size 512 x 512 pixels, 8 bits/pixel). They were all
equated for spatial frequency, luminance, and contrast. All images had identical magnitude
spectra and their corresponding phase spectra were manipulated using the weighted mean

phase (WMP) technique [26] to generate a set of images characterized by their percentage
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of phase coherence, which was used as a measure of task difficulty. Although WMP is
limited in that it does not provide a uniform sampling of phase space when manipulating
the image structure [3], this limitation does not present a problem in this study since we
are merely looking at trends which require monotonicity and not a uniform manipulation of
phase space. Six different phase coherence levels were used in this study (20%, 25%, 30%,
35%, 40%, and 45%). Each image subtended 22° x 22° of visual angle.

The experimental paradigm consisted of a 2-AFC perceptual decision making task in
which subjects were asked to decide whether the presented image contained a face or a
car (Figure . Within each block of trials, face and car images of all phase coherence
levels were displayed in random order. Each image was presented for 30 ms, followed by an
inter-stimulus-interval (ISI) that was randomized in a range of 1500-2000 ms. Each block
consisted of a total of 144 images, with 12 images at each phase coherence level for each
of the face and car stimulus categories. Each experiment consisted of a total of four trial
blocks.

Trials with excessive eye blink and motion artifacts were rejected (< 10% of total trials)
by visual inspection. All trials for which subjects failed to respond on time (reaction time
limit was set to 1200 ms) were excluded from further analysis. For the top three coherence
levels, after starting with a total of 96 trials for each coherence level, the average number
of trials (across subjects) for single-trial analysis after trial rejection was 79.4 (35% phase
coherence), 86.1 (40% phase coherence), and 87.3 (45% phase coherence) respectively.

We first analyzed the behavioral data to check whether the manipulation of phase co-
herence in the images significantly affected subjects’ accuracy. All subjects were able to
correctly identify more than 90% of images in easiest trials (45% coherence) but performed
at approximately chance for the most difficult trials (20% coherence). Results showed
that phase coherence level was positively correlated with detection accuracy (p = 1.79 X
10_11,15(46) = 8.84), and negatively correlated with reaction time (p = 1.38 x 10_4,t(46) =
—4.16), indicating phase coherence level of the stimulus had strong effect on subjects’ per-
ceptual decisions. To check whether subjects might exploit low level features or learn
idiosyncrasies in the low coherence images we also compared detection accuracy and reac-

tion time (RT) between blocks for the difficult trials. At 30% coherence level, no significant
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Figure 3.1: Summary of the behavioral paradigm and sample stimuli. (a) Within a block of

trials subjects were instructed to fixate on the center of the screen and were subsequently

presented, in random order, with a series of face and car images at one of the six phase

coherence levels shown in (b). Each image was presented for 30 ms, followed by an inter-

stimulus interval lasting between 1500 and 2000 ms, during which subjects were required

to discriminate among the two types of images and respond by pressing a button. A block

of trials was completed once all face and car images at all six phase coherence levels have

been presented. (b) A sample face image at six different phase coherence levels (20, 25, 30,

35, 40, 45%). Reproduced from [141].
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difference was found in detection accuracy or reaction time (repeated-measures ANOVA,

p = 0.42 and p = 0.08 respectively).

3.3 Analysis of Alpha Oscillation

The most prominent modulation of alpha rhythm is usually found over the parieto-occipital
regions of the head [86], [161]. However, due to volume conduction, the sensorimotor mu
rhythm, which shares the same frequency band as alpha rhythm, can be mixed with parieto-
occipital alpha at the level of the scalp recordings and thus be picked up from posterior EEG
channels. We therefore used ICA to estimate spatial filters that can disentangle different
sources in alpha band (see Section for details).

For all subjects we identified ICs representing alpha activity and having high magnitude
spatial weights in occipitotemporal electrode sites. Note that the spatial and frequency pat-
terns of the subject-specific components are qualitatively quite similar, though the slight
quantitative differences between subjects justify the need for optimizing the spatial and
temporal filters on a subject-by-subject basis. We also typically found an additional one
or more ICs for which their power spectrum had a peak in the alpha band, but none of
these other components had a spatial distribution that was consistent with an occipitotem-
poral electrode distribution—i.e. they were more typical of a mu rhythm component having
substantial weighting over lateralized motor cortex.

To estimate the power of alpha oscillations on a single-trial basis, stimulus-locked epochs
from the selected IC components were extracted from 500 ms before to 500 ms after stimulus
onset. Data was filtered at the subject-specific alpha frequency band. We next conducted
a singe-trial analysis on the alpha oscillations (see Section to obtain the time series of
it amplitude envelope. Pre-stimulus alpha power was characterized by the averaged power
in the 500 ms interval preceding stimulus onset, which is computed by the mean of the
squared amplitude. The power estimates of individual subjects were normalized by their

baseline (defined by the power from 1000 ms to 800 ms before stimulus onset).
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3.4 Single-Trial Discrimination

Single-trial analysis using logistic regression was performed to classify EEG activity cor-
responding to the different image types (i.e. face vs. car). All details are discribed in
Section Figure shows the average A, values across all subjects (N = 12) at each
time point from 100 ms to 700 ms post-stimulus. As expected based on our previously
reported analysis [141], for each individual subject there are two prominent face vs. car
discriminating components, an early and late component, that were above the significance
level of p = 0.05 estimated from a permutation test. Trials with phase coherence 30% and
below were discarded from further analysis since they did not reach this threshold. Aver-
aged forward models of early and late components across subjects are also given in Figure
Both scalp maps are consistent with our previously reported results (see Figure 5b in
[141]).

To investigate how early and late discriminating components are correlated with be-
havioral decisions, we computed choice probabilities for both components using a method
similar to previous studies [14] [T41]. Specifically we used logistic regression to estimate
the spatial weights, however this time using the behavioral responses as class labels (a face
choice or a car choice). This was done using trials at 30% phase coherence since these con-
tained the largest fraction of errors and therefore represented the largest difference between
labeling trials based on stimulus or behavior. Trials without responses were discarded.
Higher choice probability represents stronger association between neuronal and behavioral
responses. As shown in Figure the choice probabilities of the late components were
above significance level of p = 0.05 for most of the subjects and were higher than those of
early components for all subjects. Low choice probabilities of subject 9 and 10 is likely due
to their strong bias toward one category for low coherence trials.

The topology of the individual subjects alpha ICs can be compared to the forward
models of the individual subjects early and late post-stimulus discriminating components.
Though our IC selection criterion chose ICs with high alpha in occipitotemporal electrode
sites, no other spatial information was used in selection. Nonetheless we observed a to-
pographic similarity between the alpha activity and discriminating component scalp maps

and note that for these comparisons the sign of the spatial weights of the forward models is
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Figure 3.2: Average single-trial EEG discrimination performance across subjects (N = 12)
with 30ms training window. Bands represent standard error (SE) across subjects. For each
subject, only discrimination components passing p = 0.05 were used for further analysis.
Discrimination threshold of significance level p = 0.05 and p = 0.01 is shown for reference
(dotted line). A, values for phase coherences 20% and 25% are not shown since their EEG
discrimination performance was worse than that of 30% coherence and never above the
p < 0.05 significance level. Topographies represent the group averaged forward models
of early (left) and late (right) components at time of peak discrimination (referred to as

optimal discriminating components).
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Figure 3.3: Choice probabilities of all twelve subjects using EEG data from optimal early
and late discriminating components. The statistical significance level was computed by
a permutation test with 1000 random permutations of the behavioral responses. Choice

probabilities above 95% confidence intervals were considered statistically significant.

irrelevant, as it is merely due to the choice of class labels during face-vs-car discrimination.
Therefore, we quantified the topographic similarity between forward models and indepen-
dent components using the absolute value of correlation coefficients. Figure displays
the average correlation coefficients across all subjects. The first IC is the one we selected
for further analysis, and other ICs were ordered by their SNR of alpha activity. We only
show the top six components since others have extremely low SNR. Results suggest that the
selected IC has the highest topographic similarity with both early and late discriminating
components. Figure displays the topographies of a selected IC and forward models of

early and late discriminating components of one subject.

3.5 Relating Variability of Prestimulus Alpha Power to Post-
stimulus EEG Components
To investigate the relationship between pre-stimulus alpha and post-stimulus EEG compo-

nent variability we sorted trials, for each coherence level, based on single-trial discriminat-

ing component amplitudes. Figure illustrates the trial-to-trial variability of the optimal
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Figure 3.4: Average correlation coefficients between spatial weights of independent compo-
nents and post-stimulus forward models. The absolute value was used because the sign of
the spatial weights of forward models is merely due to class labels, which were arbitrarily
selected in computing logistic regression. The first IC (selected alpha component) shows

the highest topographic similarity with both early and late components.
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Figure 3.5: Example scalp maps for pre-stimulus alpha independent component and post-
stimulus early and late discriminating components, for one subject. Clear is a strong topo-
graphic similarity. Note that the sign difference of the early component is irrelevant in this

comparison.
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early and late components for one subject at 45% phase coherence. From the inverse of
logit function, we know that large absolute values of the discriminating component repre-
sent high probabilities of discrimination. When the absolute values of y equal 0, 1 and 2,
the probabilities are 0.50, 0.73 and 0.88 respectively, which roughly represents poor (in-
significant), marginal (significant) and good (substantial) discrimination (Figure[3.6). Each
post-stimulus component is a linear projection of the data where the absolute value of the
component magnitude y is the distance of the trial from the discriminating hyperplane
defined by the projection. The greater the value |y| the further the trial is from the dis-
crimination boundary and the more probable, under the discriminatory model, the trial is
a face or a car. We can thus view |y| as a measure of the evidence for a face vs car decision
given the EEG data. We segregated correct trials using the absolute value of the optimal
EEG discriminating component regardless of the class labels (face or car), and computed

the difference of pre-stimulus alpha power for each group.
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Figure 3.6: Amplitude for the early and late discriminating components of each face and
car trial at 45% phase coherence for one participant (left panel). The corresponding inverse
logit function is plotted in the right panel. Trials are groups by their absolute value of
the discriminating components whereby red, green and blue represent high, middle and low
probability of EEG classification respectively. We use the absolute value of the discriminator
output |y| as a neural index of the stimulus and decision evidence for the early and late

EEG components respectively.
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Figure[3.7a]shows the mean of the pre-stimulus alpha power at each phase coherence level
when grouped by early discriminating component magnitude. At each coherence level, we
ran a repeated-measures ANOVA to test three levels of the independent variable: low (|y| <
1), medium (1 < |y| < 2), and high (|y| > 2) magnitudes of discriminating components. For
more difficult trials (i.e. 35% coherence trials) we found a significant difference of the means
of the pre-stimulus alpha power between three discriminating component magnitude groups
(p=28x1075, Fla,09) = 24.17, effect size 7% = 0.69). Additional paired comparisons were
performed between groups using Tukey’s HSD test, which compared the differences of group
means with the critical HSD value (e.g. HSD = 0.24 for a = 0.05). Results showed that
the mean of the pre-stimulus alpha power was significantly different between discriminating
component magnitudes (left panel of Figure . Similar test was conducted on medium
difficulty trials (40% coherence). Effect of discriminating component magnitude was still
observed (p = 9.6x1073, Fla,09) = 5.78, n? = 0.34), but difference was only observed between
high-low magnitude groups and medium-low magnitude groups after multiple comparison
correction (middle panel of Figure [3.7al). No significant difference was observed on easy
trials (45% coherence, p = 0.22, F{3 29) = 1.61, n? = 0.13). The results of the ANOVA are
summarized in Table 3.l We also find that effect sizes decreased when the task becomes
easier. To further demonstrate the effect of the difficulty level on the correlation between
pre-stimulus alpha power and post-stimulus discriminating component, we ran a two-way
repeated-measures ANOVA with factors of difficulty (3 coherence levels) and discriminating
component magnitude (3 levels) [128]. Results also showed a significant interaction between
coherence levels and |y| levels (p = 0.012, Fy 44) = 3.64).

The time series of the averaged envelops at 35% coherence level is plotted in Figure 3.8
Reduction of pre-stimulus alpha power can be observed for trials with high discriminating
component magnitudes. We also found a decrease in alpha power after stimulus onset
regardless of the discriminating component magnitude. This is consistent with previous
studies of event-related desynchronization (ERD) [I38] that can be detected via frequency
analysis [139]. Finally, we also analyzed the relationship between pre-stimulus alpha power
variance and the discriminating component magnitude. Similarly to what was found for the

mean pre-stimulus alpha power, Figure [3.7b| shows that there is a reduction of pre-stimulus
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alpha power variance for trials having high discriminating component magnitude. Similar
repeated-measures ANOVA was conducted for each coherence level, and results were listed
in Table We also observed the effect sizes were decreased with the increase in phase
coherence levels from 35% to 45%, but a two-way repeated-measures ANOVA showed the
interaction between coherence levels and |y| levels was less significant in pre-stimulus alpha

variance (p = 0.054, Fiy 44) = 2.52) than in mean.

Table 3.1: Summary of repeated-measures ANOVA evaluating difference in mean and vari-

ance of pre-stimulus alpha power among early/late discriminating component magnitude

levels.
35% coherence 40% coherence 45% coherence
Component
F, 2 F, 2 F, 2
P (2,22) n p (2,22) n p (2,22) n
Earl Mean 2.8 x 1076 24.17 0.69 9.6 x 1073 5.78 0.34 0.22 1.61 0.13
arly
Variance 7.1 x 1079 49.57  0.82 9.0 x 1074 9.82 0.47 0.02 4.58 0.29
L Mean 0.36 1.08 0.09 0.13 2.24 0.17 0.08 2.80 0.20
ate
Variance 0.19 1.80 0.14 0.39 0.97 0.08 0.06 3.25 0.23

Bold text indicates significant at p < 0.05 level.

n? is a measure of effect size.

Figure presents the correlation with the selected IC; however, it is also interesting to
observe how the difference pre-stimulus alpha power for early components at low coherence
trials is distributed across all electrodes. We used the same grouping method for trials with
35% phase coherence and computed the power difference on each individual electrodes.
Scalp maps of all subjects were displayed in Figure We can observe that the difference
was mostly in parieto-occipital regions, but it presents a large variation across subjects.
The power difference is hardly to observe in some subjects (e.g. S8) or even negative (e.g.
S2), probably because of the confounding effect from other alpha band activities.

To investigate whether there were similar associations between pre-stimulus alpha and
the late EEG discriminating component, we sorted trials based on the late component
magnitudes. No significant mean or variance differences were found at any coherence level
(Figure see Table for repeated-measures ANOVA results). On average, however,

we observed a similar trend between mean and variance. Also, a two-way repeated-measures
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Figure 3.7: Analysis of pre-stimulus alpha power using the early EEG component dis-

criminator output. (a) Mean pre-stimulus alpha power for three different discriminating

component magnitude levels at each phase coherence level. Pre-stimulus alpha power was
significantly lower for trials with high discriminating component magnitude at the lowest

coherence level (35%). The difference between groups became less significant when the task

was made easier—i.e. phase coherence increased. (b) The variance of pre-stimulus alpha

power at different coherence levels. Similar to the mean power responses, the variance of
trials with high discriminating component magnitude was lower than for trials with low

discriminating component magnitude (*p < 0.05,*p < 0.01, ***p < 0.001, corrected for

multiple comparison). Error bars indicate SE across subjects.
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Figure 3.8: Time series of instantaneous alpha band power from -800 to 500 ms at the
35% phase coherence level. Pre-stimulus alpha power of trials with high discriminating

component magnitudes showed a strong reduction in instantaneous alpha power.
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Figure 3.9: Scalp maps of pre-stimulus alpha power difference for each subject at 35%
coherence level. Normalized pre-stimulus alpha power difference was computed across all
electrodes between |y| < 1 and |y| > 2 groups using optimal early components. Higher

alpha activities were observed for trials with lower |y| mostly in parieto-occipital regions.
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ANOVA on 35% coherence trials with factors of discriminator magnitude (3 |y| levels) and
early/late discriminator stage (2 levels: early and late) showed a significant interaction
between |y| and discriminator stages (p = 0.009, Fi3 29y = 5.88), which suggested that early

and late discriminator had different associations with pre-stimulus alpha power.
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Figure 3.10: Analysis of pre-stimulus alpha power using the late EEG component discrimi-
nator. Neither the (a) mean or (b) variance showed a significant difference between groups

at any coherence level. Error bars indicate SE across subjects.

It is worth to note that in this analysis having two continuous variables, single-trial
power and single-trial discrimination output, would call for a linear regression analysis.
There are some arguments for not binning continuous variables [LI04]. To validate the asso-

ciation between pre-stimulus alpha power and post-stimulus discriminating compoent, we
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also performed a regression analysis on a single-trial basis. For each subject at each coher-
ence level, we regressed pre-stimulus alpha power on the magnitude of early discriminating
component. Regression slope and its confident interval were obtained. However, since alpha
power was calculated from one independent component (combination of multiple channels)
but not one actual channel, the magnitude of the slope might be different across subjects.
We then converted the slope () to the standard z-score based on its confidence interval so
this normalization procedure could help average across subjects. Negative z-score means
negative correlation between power and |y|. We observe that z-scores are increasing with
the increase of phase coherence levels (regression b = 0.4189, CI: [0.1870, 0.6509], see Figure
. Using betas yield a similar result but normalized z-scores could provide a stronger

group level result.

1.
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35% 40% 45%

phase coherence

Figure 3.11: Correlation results between normalized regression slope (z-score) and phase
coherence level. Pre-stimulus alpha power was regressed on early discriminating component
for each subject. The group level result suggested a significant effect of task dificulty on

pre-stimulus alpha modulation.
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3.6 Relating Variability of Prestimulus Alpha Power to Be-

havior

To be consistent with previous studies on pre-stimulus alpha activity, we also investigated
whether variations of pre-stimulus alpha oscillations are reflected in behavioral performance.
We first analyzed the interaction between pre-stimulus alpha power and reaction times.
Only correctly identified stimuli were used in this analysis. For each coherence level, all
trials were sorted in ascending order based on their reaction times and divided into three
equally-sized groups (i.e. at tertiles). The averaged pre-stimulus alpha power of each group
was calculated and is shown in Figure We observed the mean of pre-stimulus alpha
power increased for long RT trials at the high coherence level (45%), and a significant
difference between long RT and short RT groups was found at 45% coherence level after
multiple comparison correction (repeated-measures ANOVA, p = 0.025, Fl,29) = 4.36, n? =
0.28). No significant correlations were found in more difficult trials (35% coherence level

p = 0.98, F(g22) = 0.021,7% = 0.0019; 40% coherence level p = 0.98, F(2220) = 0.017, n? =

0.0015).
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Figure 3.12: Analysis of pre-stimulus alpha power using reaction time. Trials were sorted by
reaction times in ascending order and divided at 3-quantiles (tertiles). Significant difference
(*p < 0.05) on pre-stimulus alpha power was only found between long RT group and short

RT group for easiest trials (45% coherence level). Error bars indicate SE across subjects.
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We next investigated how accuracy was associated with pre-stimulus alpha power. Ac-
curacy was defined as the number of correctly identified stimuli at one coherence level
divided by the total number of trials at the same coherence level. At very low coherence
levels, subjects were performing at chance which resulted in an accuracy of approximately
50%. In contrast, subjects reached accuracies of more than 90% at high coherence levels.
To obtain enough trials of both correct and incorrect responses for the analysis, we chose
different phase coherence levels for individual subjects such that accuracy was near 70%
for all participants. Subsequently, we estimated the normalized pre-stimulus alpha power
of correctly and incorrectly identified stimuli for each subject. Using a two-tailed paired
t-test, we found that behaviorally incorrect trials showed significantly stronger pre-stimulus
alpha power (Figure , p = 0.002,%(;) = —4.01, effect size g = —1.16). We also sorted
all trials in ascending order by the pre-stimulus alpha power and divided them at tertiles.
Detection accuracies of the first and the third group were then estimated for comparison.
To avoid possible problems with ANOVA for the analysis of categorical data (i.e. accu-
racy), logistic regression was used for this analysis [72]. All trials from these two conditions
were fit with logistic regression models. We found that a reduced model (without pre-
stimulus alpha power factor) had considerably lower data likelihood (likelihood ratio test,
X%l) = 5.49,p = 0.019), indicating that the group with lower pre-stimulus alpha power
had significantly higher accuracy (Figure [3.13b). Both plots in Figure also suggest a

negative correlation between pre-stimulus alpha power and accuracy.

3.7 Source Localization

In this section, we investigated the sources that potentially generate the pre-stimulus oscil-
latory activity associated with early post-stimulus discriminating component. Specifically
we used the source localization algorithm sLORETA [137] to estimate the source distribu-
tion in the cortex (see Section . Since we found that the most significant correlation
is between pre-stimulus alpha oscillation and optimal early discriminating component at
35% coherence level, we classified the trials at 35% for each subject by the magnitudes

of early components and alpha power of selected IC. Trials having an early component
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Figure 3.13: Associations between pre-stimulus alpha power and accuracy. (a) Trials with
incorrect responses showed significantly stronger pre-stimulus alpha power than those with
correct responses (paired t-test, **p < 0.01). (b) Trials were divided by pre-stimulus alpha
power into low and high groups. Trials with low pre-stimulus alpha power resulted in
significantly higher accuracy than those with high alpha power (likelihood ratio test, *p <

0.05). Error bars indicate SE across subjects.

with |y| below the average and the pre-stimulus alpha power of the selected IC above av-
erage were combined into one group, while trials with high |y| and low alpha activity were
combined into another group. For each individual subject, current density distributions of
both groups were estimated based on the average spectrum and obtained sSLORETA values
were subjected to paired tests to identify the differences between groups in the alpha band.
As shown in Figure the difference was significant at posterior cingulate and cuneus
(BA30, BA17&18, respectively) (Log of ratio of averages = —1.49,p < 0.01), lateralized to
the right side. The lateralization is likely due to right-side bias seen in face processing [79].

We found that the sources accounting for the difference in pre-stimulus alpha activity
when comparing high and low early component magnitude were located in cuneus and
posterior cingulate, as well to a less extent in superior temporal sulcus (STS) and fusiform
gyrus (Figure . The cuneus has been linked to early face vs. car discriminating
components in a EEG/fMRI study [143], and is seen generally as playing a basic role
in visual processing and spatial attention [I89]. Our findings and interpretation are also

consistent with other findings that the posterior cingulate is positively correlated with
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Figure 3.14: The sSLORETA images showing statistical differences (Log of ratio of averages)
between groups with high and low magnitude of optimal early discriminating components.
Significant differences are seen at posterior cingulate and cuneus (BA30, BA17&18, respec-

tively), with less significant differences also observable in STS and fusiform gyrus.

momentary lapses in attention [198] and the number of self-reported stimulus-independent
thoughts [15]. The suppression of this area is likely to reflect increased ability of the subject
to concentrate on the task, obtaining more sensory evidence and thus yielding a higher

magnitude for the early discriminating component.

3.8 Discussion

Uncovering the neural correlates of a perceptual decision is likely to lead to a better under-
standing of the neural processes underlying more complex decision making. In this chapter
we used a simple decision making task to investigate how pre-stimulus activity varies rela-
tive to post-stimulus activity which is discriminative of stimulus category. Specifically we
found that pre-stimulus alpha power is reduced for trials with high magnitude (i.e. high
absolute value) of the early discriminating component for stimuli presented at low coher-
ence levels—.e. images difficult to discriminate. This in turn is consistent with previous
work showing that an increased pre-stimulus alpha power reflects inhibition or disengage-
ment of posterior areas [24, [76], [I85], which results in a decrease in visual discrimination
performance [41], [I86]. Unique to our work, however, is that we used the variability in
the EEG signal using only correct trials and nominally identical stimuli thereby removing

behavioral confounds associated with different behavioral outcomes (correct vs incorrect
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responses) and differing stimulus evidence. As a result, our approach helps provide more
concrete support for the notion that the early discriminating component magnitude indexes
the quality of the early encoding of the stimulus. With the hypothesis that alpha oscil-
lations are likely to be modulated by a top-down mechanism such as attention [112] 200],
our results indicate that the early visual processing is likely to be modulated by top-down
pre-stimulus attention, with the incoming sensory evidence being a function of both the
noise level of the stimulus and the subjects’ attentional state on any given trial. This is
consistent with previous neurophysiological and transcranial magnetic stimulation (TMS)
studies, which suggested occipital alpha oscillations are likely involved in signal transmis-
sion and information precessing at an early stage of visual processing[96, [161]. Previous
work using fMRI also has shown that fluctuations in early visual perception, that can be
observed via behavioral performance, are attributable to the attentional modulations of the
sensory processing [157].

Interestingly, the correlation between pre-stimulus alpha power and the late component
was not significant. To better understand this finding it is important to consider that, in the
context of behavioral designs with very brief stimulus durations, the early representation
of the stimulus needs to remain in the system, likely via feedback pathways in the ventral
stream [23], 30, 83], T90]. This in turn, suggests that the early sensory evidence is processed
further to generate an internal representation of decision evidence (late component) that
ultimately drives the decision process itself, as shown in Figure that the late compo-
nent is more predictive of behavioral responses. This result is also consistent with previous
studies that reported early and late components had qualitatively distinct relationship with
behavior [28, [42] [142] 203]. Our results seem to suggest that pre-stimulus attention does
not directly affect this additional processing of the sensory evidence. In addition, this re-
sult is consistent with a recent study by [105], where subjects reported their subjective
attentional state and decision confidence on each trial. Results showed a strong negative
association between subjective attentional state and pre-stimulus alpha power but no signif-
icant relationship between subjective confidence and pre-stimulus alpha power. Therefore,
we hypothesize that subjective attentional state is strongly related with sensory evidence,

while subjective confidence is more likely to be linked with the downstream processing of
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the decision evidence.

In a related finding, our analysis not only showed negative correlation between the
mean of pre-stimulus alpha power and early discriminating component magnitude, but also
increased variance in alpha power for trials having low discriminating component magnitude
(Figure . Our hypothesis is that the lack of a difference in the high discriminating
component magnitude group reflects that subjects are more confident in their choice when
they pay more attention—i.e. for a higher optimal discriminating component |y| they are less
likely to be in a low attentional state and therefore both mean and variance of pre-stimulus
alpha power are relatively small. It has also been reported that the reduction of alpha power
variance with attention could be interpreted by a theoretical model as increasing global gain
to synaptic activity induced by the sensory input [I52]. For a low discriminating component
magnitude, two explanations are possible; 1) a low attentional state or 2) a high attentional
state albeit with insufficient information accumulated in the post-stimulus period to result
in accurate decisions. Previous studies have investigated the role of pre-stimulus alpha phase
deviation for visual perceptual performance and found low phase coupling (low deviation)
in the alpha band predicted enhanced visual perception [62] on a single-trial basis. Phase
was also shown to be more informative than power in a study which analyzed the EEG
using mutual information [I70]. One interpretation is synchronous oscillations in the alpha
frequency band inhibits the perception of shortly presented stimuli and decreased alpha
synchrony reflects a state of enhanced attention [45] [62]. Our analysis suggests that these
fluctuations of attentional state may be captured not only by phase, but also by amplitude
dynamics of alpha oscillations.

We also observed that the association between the pre-stimulus alpha power and discrim-
inating component magnitude is related to the phase coherence of the visual stimulus—i.e.
the stimulus dependent difficulty of the task. The mean and variance differences between
three discriminating component magnitude levels were less significant when the phase co-
herence increased. Given pre-stimulus alpha power may indicate attentional state, we hy-
pothesize that, unlike for low coherence (35%) trials, in high coherence trials (45%) the
discrimination task becomes so easy that the fluctuations in pre-stimulus attention do not

play an determinant role in the fidelity in which sensory evidence is encoded—i.e. the higher
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signal-to-noise ratio in the stimulus makes the attentional modulation of sensory encoding
less important for the fidelity of the encoding. It remains possible that the information con-
tent of brain activity differs with alpha/attention levels, which may in fact explain the lack
of an effect at the easiest coherence level. However this goes beyond what can be assessed
from this study, though future experiments could be designed to consider this question using
reverse correlation techniques [169].

We also analyzed how pre-stimulus alpha power predicts behavioral performance. By
comparing the percentage of correctly responded trials in low and high pre-stimulus alpha
power state, we observed significant reduction in accuracy for trials with high pre-stimulus
alpha power. This result is consistent with the report that visual discrimination decreases
with an increase in pre-stimulus alpha power [186]. Some previous research reports that
reaction times do not vary systematically with pre-stimulus alpha power [186], but on the
other hand some studies have also reported that pre-stimulus alpha activity at visual cor-
tical sites is positively correlated with reaction times [55, 210] potentially resulting from
modulation of top-down processing. Reduced alpha activity was considered to represent
more efficient visual stimulus processing because of attentional engagement and expectancy
[40, 143 210]. This observation was found in simple target-response and go/no-go tasks,
but was not observed in more difficult visual detection experiments. In our perceptual
decision-making experiment, we only found the positive correlation in easy trials (45% co-
herence level). Our hypothesis for why this is the case is that in our experiment the impact
of attention is reflected in the early sensory evidence and encoding as captured by our
early discriminating EEG component. However reaction time also depends on the late dis-
criminating component that is not correlated with pre-stimulus alpha activity. Thus in a
more complex perceptual decision making task, such as for our difficult trials, this lack of
correlation with the processing of the stimulus evidence may account for the insignificant
correlation between pre-stimulus oscillatory activity and reaction time. For the easy tri-
als, however, more stimulus evidence can be obtained so the reaction time could be more
correlated with the attentional engagement, similarly as a simple go/no-go task. In addi-
tion to the hypothesis of top-down modulation of attention, the reported result is also in

accordance with recent proposed theories that increased alpha activity reflects inhibition
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or disengagement in posterior areas [75, [86]. The fluctuations of alpha activity indicate
inhibitory or excitatory states of visual processing regions [63] and thereby impact the sen-
sory evidence encoding. Other studies further suggest an active role of alpha activity in
cognitive processing [I134] and a causal relationship between pre-stimulus alpha amplitude

and perceptual performance [161].

3.9 Summary

In this chapter, we find that pre-stimulus neural activity can affect neural correlates of post-
stimulus early sensory encoding of nominally identical stimuli during correctly categorized
trials. Our approach has relied on signals which are easily measured via scalp EEG (alpha
power and face-selective EEG components). It is still unclear, however, whether these
results would generalize for other stimulus categories and/or cases in which discriminating
activity is not easily observed with scalp EEG (e.g. activity resulting from motion selective
columns in area MT during motion discrimination tasks often used in the decision making
literature [13}, [35], [I75]). In addition, no causal relationship can be inferred from our results,
though clearly the relationship between pre-stimulus attention and stimulus encoding may
have a causal component. Nonetheless, our work sheds new light on both the evolution of
the neural activity underlying perceptual decision making by establishing a link between

pre- and post-stimulus neural activity.
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Chapter 4

Effect of Pre-stimulus Alpha Power

in Multi-class Perceptual Decisions

4.1 Introduction

Decision making is often more complicated than deciding between two alternatives. For
example, instead of deciding “should I go this year’s neural engineering conference or not”
one might be confronted with making a choice between several alternatives—e.g. should
I go to the conference, vacation, or sabbatical. The study of perceptual decision making
has mostly focused on simply binary decisions in which a 2-AFC is applicable. However
the 2-AFC paradigm potentially does not capture the underlying cognitive processes and
strategies that may be used by the decision maker when they can choose between several
alternatives. For example, a binary decision could involve accumulating evidence for decid-
ing “A” versus “B”, or if “B” tends to have very low “evidence” regardless of the evidence
for “A”, then the decision maker might simply employ an “A” versus “not A” strategy.

In this chapter we design a 3-choice task to explore the neural correlates of perceptual
decisions which arise from choosing between several alternatives. We use multinomial logis-
tic regression (MLR) to identify components in the EEG that discriminate stimulus class
on a single-trial basis. MLR is an extension of standard (binary) logistic regression studies,
and enables us to identify EEG components which truly model an N-way choice. In addi-

tion we examine if pre-stimulus alpha power correlates with these multi-class discriminating
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components. This study supports the idea that pre-stimulus alpha indexes the attention

state that modulates the following stimulus encoding during perceptual decision making.

4.2 Experimental Design and Behavioral Performance

Five subjects were asked to discriminate between randomly-ordered noisy images of faces,
cars, and houses with a right-handed button press. Each image was presented for 50 ms
with uniformly distributed 1.5-2.0 second inter-stimulus intervals (ISI). Figure shows
the experimental paradigm and some sample images of face, car and house. This was an

extension of the face vs. car paradigm in Chapter

1.5-2.0s

50 ms

50 ms o u

- Response
Stimulus
Response

Stimulus
. Response
Stimulus

Figure 4.1: The behavioral paradigm. Subjects performed a 3-choice visual discrimination

task in which they discriminated noisy images of faces, cars, and houses.

Averaged behavioral performance across all subjects at each phase coherence level is
shown in Figure Subjects had very accurate responds to the 45% coherence stimuli used
in these analyses (mean percent correct of 96.4%, 95.6%, and 96.4% respectively for faces,
cars, and houses). No significant bias toward one category was observable. A repeated-
meansurement ANOVA demonstrates a significant effect of phase coherence level on reaction
time for all three categories (F(3,24) =41.51,p < 0.001 for face, F{3 24y = 7.68,p < 0.001 for
car, Fi324) = 30.08,p < 0.001 for house respectively).
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Figure 4.2: Behavioral performance of face, car and house discrimination. (a) Average
decision accuracy across subjects at each phase coherence level. (b) Mean reaction time
averaged over subjects at each phase coherence level. Error bars indicate the standard error

across subjects.

4.3 Learning EEG Components for Discriminating Multi-

class Perceptual Decisions

Single-trial analysis using MLR was performed to discriminate EEG activity corresponding
to the different conditions. In MLR, one arbitrary value of the dependent variable (e.g.
face, car, or house) is designated as the reference category C = hg, and the probability
of membership in other categories is compared to the probability of membership in the
reference category. For a dependent variable with number of categories IV, this requires the

calculation of N — 1 equations for each non-reference category [11],

P(C = hilx) Xp (Wi, X) = 1,2,...,N—1 (4.1)
=N |X) = - = 1,4,..., - .
’ 1+ 3 sn, exD(W{ )
and one equation for the reference category,
1
P(C = holx) = (4.2)

L4 ks, exp(wix)
The weighting vector w defines the direction (in EEG sensor space) that maximizes dis-

crimination. It is usually estimated by minimizing the cross-entropy error function using an
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iterative procedure such as iteratively reweighted least squares (IRLS) or a quasi-Newton
method.

In the binomial case, the logarithm of the odds of the target is given by the linear func-
tion y = wlx of sensor signal x, where the output can be described as a discriminating
component that maximally separates the data corresponding to two conditions (e.g. tar-
get vs. non-target). In the multinomial model, an analogous result can be obtained by

computing the logarithm of the probability ratio of two categories,

PC=hix) __r

yio = log P(C=holx) "M &)

P(C = hi|x) T
| T (W — W . 4.4
y'Lv] 0og P(C — h]|X) ( hi h]) X ( )

Equation gives the discriminating component between a non-reference category and the
reference category, whereas equation [£.4] gives the component between two non-reference
categories. MLR analysis therefore provides a discriminating component between each pair
of classes.

We use the same sliding window method of Chapter |3 extending it to the MLR case.
At the coherence level of 45%, for all subjects in the 150-200 ms stimulus-locked time
range the accuracy of the MLR classifier was consistently above 0.33, which represented the
chance performance. The mean peak accuracy was 47.5 % at 170 ms post-stimulus (Figure
. Classifier accuracy curves for individual subjects revealed secondary peaks in the later
300-400 ms range for three of the five subjects, but this peak was not visible in the mean
curve due to its more variable latency across subjects. In addition to these two components
which had been reported previously in similarly designed binary decision paradigms, we
also observed a very late peak around 500 ms.

Figure. displays subject-averaged forward models of the early (top row) and late
(bottom row) discriminating components, for each of the three category pairs. For the early
component, both the face vs. house and face vs. car scalp maps showed strong negative
correlation at occipital-temporal sites in both left and right hemispheres and positive corre-
lation at central-frontal sites. These two components were very consistent across subjects in

terms of their temporal onset and the spatial distribution. This, in turn, is consistent with
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Figure 4.3: Mean classifier performance at 45% phase coherence level across 5 subjects as a

function of stimulus-locked time. The classifier trained on the 170 ms window far exceeded

chance performance (which is 0.33 for 3-way discrimination). Standard error across subjects

is displayed as shaded area.

the N170, which is correlated with the presentation of faces compared with non-face objects
[74]. The car versus house component also showed negative correlation at the occipital-
temporal sites but with large variation across subjects and only a very weak positivity at
frontal sites. The bottom row of Figure [£.4] shows the scalp maps of the late components,
however they were less predictive of the true label in the averaged accuracy curve compared
to the early component. The late component showed positive correlation in central areas
for all three conditions, with a stronger positivity for components involving faces.

Figure shows the face vs. house discriminating component maps of one subject,
for both the early 170 ms component (top) and the late 350 ms component (bottom).
Both maps show a trend of maximum component amplitude within their respective 50 ms
training windows (shown between the dotted lines). However, the peak amplitude of the
early component is largely localized to its 170 ms training window, ranging from 170-250

ms, whereas the late component peaks in a broader 350-500 ms range.
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Figure 4.4: Scalp maps of discriminating activity generated using the forward model, for

the (a) 170 ms window and (b) 350 ms window.
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Figure 4.5: Face vs. house discriminating component maps for one sample subject. Each row
represents the single-trial temporal evolution of the discrimination component trained on
the 50 ms window between the dotted lines: 170 ms (top) and 350 ms (bottom). Individual
trials are sorted by category. Scalp plots for the corresponding windows are shown to the
right of the maps. The forward model of the discriminator for the the corresponding window

is shown to the right of the map.
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4.4 Discussion of Multi-class Discriminating Components

Using MLR for analysis of EEG collected during a 3-choice task, we found early discrim-
inating components for both face vs. house and face vs. car decisions that are consistent
both temporally and spatially with the N170 ERP. These results for the early component
are consistent with previous findings in Chapter [3] both in terms of the temporal progres-
sion of the component and the scalp topography. However, our previous studies using face
vs. non-face binary classification also identified an additional late component with similar
spatial pattern to the early component (though opposite in sign). In our 3-choice paradigm,
using MLR, such a late component is less pronounced and less consistent across subjects.
This difference may arise from the increased complexity of the 3-choice perceptual decision
task or the addition of alternative choices that are not simply face-based (i.e. the late com-
ponent in our previous work was prominent for face but not color decisions [144]). Another
possibility is that the very late-component (at 600ms) reflects a delayed late component
for some subjects, though a more rigorous analysis is needed to ensure it is not simple
reflecting differences in reaction time revealed by the MLR. Of course other factors may
also account for the differences from our previous work including recording of additional
subjects revealing increased inter-subject variability of the late component.

Nonetheless, although significantly weaker and more variable across subjects, the late
component does show some similarity to the binary decision task previously reported by
precious research. It has a more variable latency and longer duration than the early com-
ponent. This finding is consistent with our previous study that more closely links the late
component with a decision process and thus has larger temporal span and variation [141].
This late component may in fact be a response-locked decision-related component, and fur-
ther analysis using MLR on response-locked data is required to investigate this possibility.

In general, our results demonstrate that multinomial logistic regression is a useful ap-
proach for learning and analyzing EEG components underlying 3-class perceptual deci-
sions. This method yields discriminating components for each pair of classes based on
the logarithm of their probability ratio, which is a linear function of the EEG data. In
the binomial case, this calculation is the same as the logistic transformation of the odds

of one class (y = log[p/(1 — p)]) since there are only two categories. We can also do an
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analogous computation on the odds of one category in the multinomial case, for example,
y* = log[pp.../(1 — Pp...)] for face trials. This component represents the discrimination
between face trials and all other trials, and thus may give the spatial distribution of an ex-
clusively face-selective component. However, from equation and we can show that
this component is not a linear function of the EEG signal. Our use of linear analysis for
estimating a neurophysiologically “meaningful” forward model assumes the sources compo-
nents are linear projections of the measured EEG. Further analysis is needed to understand
how one should interpret a forward model which results from a non-linear component, such
as y*.

Equations [4.1}4.4] can be computed for any given number of classes. Consequently, the
logistic regression analysis in this chapter can be generalized to the arbitrary N-class case
and be used for extracting EEG discriminating components in multiple class perceptual
decisions. Moreover, we observed no significant bias in the EEG predicted labels from
the 3-class confusion matrix (not shown here), even though house trials are assigned as
the reference category. This is because the MLR model allows the reference category to
be arbitrarily selected. This rule may be violated in some cases, where the independent
variable is ordinal. Therefore, the MLR analysis used in the chapter is only appropriate for

nominal responses.

4.5 Relating Variability of Pre-stimulus Alpha Power to Post-

stimulus EEG Components

Similar as Chapter [3] for each coherence level we grouped all correct trials only using the
absolute value of the optimal EEG discriminating component y regardless of stimulus class
labels. Instead of dividing trials at |y| = 1 and |y| = 2, in this analysis we use the mean
of absolute values of all trials and segregate into two groups (i.e. high |y| and low |y|).
Only phase coherence level of 45% was used for this analysis since it has the best EEG
discriminating performance.

We compared the pre-stimulus alpha power between two groups for all channels. The

scalp map of pre-stimulus alpha power different is displayed in Figure Similar as the
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binary discrimination task, we observed a reduction of pre-stimulus alpha power for trials
with high EEG face vs. car discriminating component magnitude. In addition, for face vs.
house and house vs. car discrimination, the discrepancy of pre-stimulus alpha power was
also observable in temporal-occipital area. The significant difference was found only for

early discriminating component.

Face vs. House House vs. Car Face vs. Car

Figure 4.6: Scalp maps of pre-stimulus alpha power difference at 45% coherence level.
Normalized pre-stimulus alpha power difference was computed across all electrodes between
high |y| and low |y| groups using optimal early components. More reduction of pre-stimulus

alpha power can be observed for trials with high |y| in temporal-occipital area.

In the binary case we found the correlation between pre-stimulus alpha power and post-
stimulus discriminating component most significant in coherence level of 35%. Out hypoth-
esis is that this correlation of is dependent on task difficulty as well. In this paradigm,
however we used coherence level of 45% to achieve maximum EEG discriminating perfor-
mance. This result does not conflict with previous result because the task difficulty was
increased with increment of the number of decision options. In this case, pre-stimulus
attention still plays an important role in the fidelity in which sensory evidence is encoded.

One should also note that though in this analysis we did not use ICA to extract alpha
component, the scalp topology of alpha power difference for each pair of classes still matches
its forward model of early discriminating component (see Figure and Figure . This
result helps provide more support for the notion that the early discriminating component
magnitude indexes the quality of the early encoding of the stimulus. It also suggests that

the early visual processing is likely to be modulated by top-down pre-stimulus attention
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indexed by alpha power.

4.6 Summary

Logistic regression has been used as a supervised method for extracting EEG components
predictive of binary perceptual decisions. However, often perceptual decisions require a
choice between more than just two alternatives. In this chapter we present results us-
ing multinomial logistic regression (MLR) for learning EEG components in a 3-way visual
discrimination task. Subjects were required to decide between three object classes (faces,
houses, and cars) for images which were embedded with varying amounts of noise. We
recorded the subjects” EEG while they were performing the task and then used MLR to
predict the stimulus category, on a single-trial basis, for correct behavioral responses. We
found an early component (at ~ 170 ms) that was consistent across all subjects and with
previous binary discrimination paradigms. However a later component (at about 300-400
ms), previously reported in the binary discrimination paradigms, was more variable across
subjects in this three-way discrimination task. We also computed forward models for the
EEG components, with these showing a difference in the spatial distribution of component
activity for the different categorical decisions. In addition, we found pre-stimulus alpha
power reduction correlated only with the magnitude of early discriminating components
and was independent of the image category. Our finding is consistent with the hypothesis
that if attention is increased prior to stimulus onset, then alpha power will decrease and
thereby induce an increase in the stimulus discrimination probability, measured here not by

behavior but by EEG component amplitude.
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Chapter 5

Modulation of Stimulus Evidence
on Post-stimulus Endogenous and

Exogenous Oscillations

5.1 Introduction

Neural oscillations have been studied for decades in an effort to link brain state to percep-
tual and cognitive processing. Endogenous oscillations are attributable to internal neural
processes and include a well-known set of frequencies ranging from the low delta to the high
gamma band. Exogenous oscillations are driven by the rhythms of external stimuli and are
typically associated with sensory systems (e.g. SSVEP and auditory steady state response
(ASSR)) [191].

A prominent endogenous brain rhythm is the alpha oscillation which has been extensively
investigated within the context of both pre-stimulus and post-stimulus effects. Though al-
pha activity is often thought to represent an idling or inattentive state [139], some studies
suggest that it also reflects the suppression mechanism of irrelevant information processing
[54] B0l 159, 200], as well as an inhibition of information processing [85] [86]. Specifically,
previous studies of post-stimulus alpha activity within the context of visual object recogni-

tion have shown that alpha desynchronization was greater for the recognition of meaningful
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objects than it was for meaningless objects [44] 85 1106, [188], suggesting that post-stimulus
alpha activity is related to semantic information processing.

SSVEP, an oscillatory brain response evoked by a flickering visual stimulus, is an ex-
ogenous form of frequency tagging that has been shown to index the allocation of cognitive
resources such as attention [19I]. Many studies have reported that SSVEP amplitude is
decreased when attention must compete or be split between the flicker and a background
picture [5, 119 120]. Moreover, a study by Andersen and Muller in 2010 revealed that the
facilitation of SSVEP amplitude for the attended stimulus is accompanied by a suppression
for the unattended stimulus [4]. These findings suggested that SSVEPs can be used as a
neural marker of the time course of attentional resource competition.

In this chapter, we aim to simultaneously investigate how post-stimulus endogenous and
exogenous oscillations are affected as a function of decision difficulty during a face vs. car
discrimination task, where we define decision difficulty as the level of stimulus evidence for
the category. Specifically, we superimpose a flickering stimulus of 15 Hz upon a sequence of
images and simultaneously analyze the time course and spatial distribution of exogenously-
induced SSVEPs and endogenous alpha oscillations as a function of image phase coherence.
Our results demonstrate that the phase coherence of the stimulus, being our surrogate
for the difficulty of the visual discrimination, differentially modulates exogenously-induced
SSVEPs and endogenous alpha oscillations at different times and that this may reflect

underlying information processing flow during the visual discrimination task.

5.2 Experimental Design

Eleven right-handed subjects (three females and eight males; mean+SD age, 26.5+5.9 years)
with normal or corrected-to-normal vision participated in this study. Informed consent
in accordance with the guidelines and approval of the Columbia University Institutional
Review Board was obtained from all subjects.

Subjects performed the same 2-AFC perceptual decision-making tasks as in Chapter
However, we superimpose a flickering stimulus of 15Hz upon the sequence of images

and simultaneously analyze the time course and spatial distribution of exogenously-induced
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SSVEPs and endogenous alpha oscillations. The schematic of the experimental design is
shown in Figure During the ISI, a uniform grayscale image was presented as the back-
ground, which had the same size and average grayscale value as the task images. Frequency
tagging was done by superimposing a total of 900 randomly-placed small white squares
(each 3 x 3 pixels) on the stream of images (tagging was continuous across the task images
and ISI), with the white squares having a flicker frequency of 15Hz. The frequency of 15Hz
was chosen so that endogenous alpha power could also be measured. The ISIs were ran-
domly generated after each trial, and task images were not phase-locked to the 15Hz flicker,

which effectively reduced the interaction between the ERPs and SSVEPs.

1.5-2s

. Respond
@y  Discriminate
Respond

Discriminate
Fixate

Figure 5.1: Schematic representation of the experimental paradigm. The 15Hz flickering
dots were superimposed across the images for the entire experiment. Image onsets and the

flickering dot pattern were not phased-locked.
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5.3 Segregating Endogenous and Exogenous Oscillations

Epochs were extracted according to the task events. Trials with strong eye movements or
other movement artifacts were manually rejected, resulting in less than 20% trials rejected.
Only EEG from correct trials with reaction times below 1000 ms was analyzed. During
the behavioral and EEG data analysis, face and car trials at the same coherence level were
considered equal in difficulty. In other words, there were only four difficulty conditions,
corresponding to the four phase coherence levels.

Since SSVEP is primarily seen in visual cortex [156], 191] and alpha oscillations were
predominantly found at parietal-occipital areas [2, [134], we re-referenced the EEG to elec-
trode Fz since it is distant from visual cortex. The amplitude spectrum of EEG waveforms
at electrode PO8 obtained by Fourier analysis. Figure [5.2] illustrates the SSVEP at 15 Hz
relative to the alpha power. We confirmed that each subject’s central alpha frequency is

well separated from the exogenous oscillation at 15 Hz induced by the flickering stimuli.
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Figure 5.2: The power spectrum density of EEG at electrode POS8 obtained by Fourier
analysis for one subject. The endogenous oscillation was in the specific alpha frequency
band for individual subject, while the exogenous oscillation at 15Hz was the SSVEP induced
by the flickering dots.
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The time course of SSVEP amplitude at each phase coherence level was quantified by

the following steps.

1. Narrow band pass filtering was done using a zero-phase filter within the range of

15 £+ 1.6 Hz to isolate the SSVEP signal.
2. Calculating the analytic signal of the filtered EEG by applying the Hilbert transform.

3. Estimating the instantaneous SSVEP amplitude from the complex amplitude of the

analytic signal.

4. Normalizing the instantaneous SSVEP amplitude by subtracting the averaged ampli-
tude of a baseline from 200 to 0 ms before the target and then dividing by the same
baseline [4].

Specially, we assumed the baselines of all conditions are the same, and therefore only
calculated one baseline for each subject by averaging all trials across all conditions. The
result is the normalized instantaneous SSVEP amplitude reflecting the changes in SSVEP
amplitude relative to the baseline, which ensures that each subject contributes, more or
less, equally to the average, avoiding the group results from being dominated by a single
subject.

To identify time periods in which phase coherence had a significant effect, we performed
a set of statistical tests on the normalized SSVEP amplitude. First, paired t-tests between
phase coherence levels of 30 and 45% were conducted over each time point from 0 to 800
ms post-stimulus on all electrodes. Next, we adopted a modified cluster-analysis approach
to correct for multiple comparisons and identify time periods within which the SSVEP
amplitude between phase coherence levels was significantly different. Specifically, the time
points over which the null hypothesis was rejected at a significance level of 0.05 were selected
and clustered based on their temporal adjacency. The maximum temporal period across all
contiguous clusters were used as for constructing the cluster-level statistics. The data were
then randomized across two phase coherence levels (30 and 45%) to generate shuffled cluster-
level statistics. We performed all possible permutations of the 11 subjects to generate the

shuffled cluster-level statistics. Finally, corrected p-values were calculated by comparing the
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values of the cluster-level statistics of the original data against the distribution of the shuffled
cluster-level statistics across permutations [108, [I60]. Subsequently, the time periods with
corrected p-values less than 0.05 at electrode POS8 were selected for analyzing the spatial
distribution of SSVEP amplitude in parietal and occipital areas at each phase coherence
level.

The effect of phase coherence on the alpha band was quantified using the same processing
steps as the SSVEP analysis, described above, except that the filtering band was specific
for each subject, in terms of their alpha center frequency +1.6 Hz. The mean alpha center
frequency across all subjects was 10.5 Hz (SD, 1.0 Hz). Since motor related oscillations
(mu rhythm) share a common frequency band (8-12 Hz) with endogenous alpha oscillations,
response-locked data of both SSVEP and alpha oscillations were also analyzed to investigate

the effect of the motor response.

5.4 Traditional Behavioral and ERP Analysis

For every subject, decision accuracy and mean reaction time from correct trials at each
phase coherence level were calculated. To test the consistency of behavioral performance
across subjects, a balanced One-Way ANOVA, testing the effect of phase coherence levels
(30, 35, 40, and 45%), was performed. Also, paired t-tests were performed between each
pair of phase coherence levels.

Averaged behavioral performance across all subjects at each phase coherence level is
shown in Figure It is clear that reaction time is increased (Figure ) and decision
accuracy is decreased (Figure [5.3p) as phase coherence level decreases. A balanced One-
Way ANOVA demonstrates a significant effect of phase coherence level on reaction time
(Fi3,36) = 2.94,p < 0.05) and decision accuracy (F(3 40y = 17.93,p < 0.001). A set of paired
t-tests demonstrates that there is a significant difference between any two phase coherence
levels for reaction time (p < 0.01) and decision accuracy (p < 0.01). Behavioral results
thus clearly demonstrate a significant effect of phase coherence on decision difficulty as
measured via reaction time and accuracy. This is consistent with the original 2-AFC results

in Chapter [3]
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Figure 5.3: Behavioral performance. (a) Mean decision accuracy averaged over subjects
at each phase coherence level. (b) Average reaction time across subjects at each phase
coherence level. Task difficulty (phase coherence level) shows significant effect on both

measurements. Error bars indicate the standard error across subjects.

Evidence from EEG, MEG and fMRI suggests the existence of face discriminating activ-
ity in right lateral occipital cortex (rLOC, near electrode PO8) [9] [74] [79, [94], while a study
by Philiastides and Sajda [143] demonstrated a connection between the LOC and decision
difficulty. To identify electrodes that were most relevant to both discrimination and diffi-
culty in the task, we analyzed the spatial distributions of the ERP amplitude differences
at 170 ms post-stimulus between face and car trials at the 45% phase coherence level (Fig-
ure ), as well as at 220 ms post-stimulus comparing the 30 and 45% phase coherence
levels (Figure ) This approach was taken since previous studies have demonstrated
that the difference between categories was characterized by the amplitude difference of the
N170 component, while the difficulty effect was quantified by the amplitude difference of the
D220 component [I47], [144]. Our primary analysis of endogenous and exogenous frequency
modulations was then done on the electrode with the most significant selectivity for face
vs. car and task difficulty (i.e., sensitivity to phase coherence level). This turned out to
be electrode PO8. Additional analysis showing the spatial distribution of the modulations
across all electrodes is reported in Figures and
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Figure 5.4: Spatial distributions of ERP amplitude differences between (a) face and car
trials at 170 ms post-stimulus, (b) phase coherence levels of 45% and 30% at 220 ms post-

stimulus.

5.5 Effect of Phase Coherence on Exogenous Oscillations

We tracked the time course of the SSVEP amplitude as a way to explore how exogenous os-
cillations are modulated by phase coherence and therefore decision difficulty. Figure a)
shows the time course of the normalized SSVEP amplitude at electrode POS8. There is
a suppression of normalized SSVEP amplitude immediately after stimulus onset. Using a
paired t-test between phase coherence levels of 30% and 45%, a significant effect of decision
difficulty (p < 0.05) was observed from roughly 266 to 466 ms post-stimulus. This time pe-
riod was confirmed to be significant with multiple comparisons correction using cluster-level
statistics (p < 0.05). The average SSVEP amplitude in this time period at electrode PO8
for each of the four phase coherence levels is presented in Figure (b) As phase coherence
increases, the average SSVEP amplitude also increases, indicating a greater suppression
of SSVEP amplitude at lower phase coherence levels. The average SSVEP amplitudes in
this period at phase coherence levels of 30% and 35% are significantly different from those
at a phase coherence level of 45% (paired t-test between 30% and 45% phase coherence
levels: t(19) = 3.16,p < 0.01; paired t-test between 35% and 45% phase coherence levels:
t(0) = 2.63,p < 0.05).

The scalp topologies of the average SSVEP amplitude from 266 ms to 466 ms, for each of
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Figure 5.5: Effect of decision difficulty on exogenous oscillations as measured by normalized
SSVEP amplitudes at electrode PO8. (a) Time course of normalized SSVEP amplitude,
shown for each of four phase coherence levels. The shaded area indicates the time period
(266 ms-466 ms) having a significant difference in normalized SSVEP amplitude between
phase coherence levels of 30% and 45% as assessed by paired t-test across subjects and
cluster-level statistics (p < 0.05). The vertical dashed line indicates the onset of task
images. (b) Average SSVEP amplitude from 266 ms to 466ms at each phase coherence

level. Asterisks indicate significant differences (paired t-test, p < 0.05)



CHAPTER 5. MODULATION OF STIMULUS EVIDENCE ON POST-STIMULUS
ENDOGENOUS AND EXOGENOUS OSCILLATIONS 70

the four phase coherence levels, are plotted in Figure 5.6, The reduction of SSVEP power is
mainly in occipital areas, and this reduction is greater for lower phase coherence levels. The
spatial distribution of the difference in SSVEP amplitude between 30% and 45% coherence
levels (Figure (b)) illustrates that decision difficulty effects are substantial in the region
near electrode POS&. The p-value at each electrode location, as assessed by a paired t-test,
is plotted in Figure (c) In occipital areas, only electrodes around POS8 show significant
effects (p < 0.05) of decision difficulty.
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Figure 5.6: Spatial distribution of exogenous oscillatory modulations, within a 266 to 466
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ms time window, as a function of decision difficulty. (a) Scalp topographies showing the
scalp distribution of average SSVEP amplitude for the four phase coherence levels. (b) The
average difference in SSVEP amplitude between phase coherence levels of 30% and 45%.
(c) The t statistic at each electrode location, assessing the average SSVEP amplitudes via

a paired t-test between phase coherence levels of 30% and 45%.
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5.6 Effect of Phase Coherence on Endogenous Oscillations

Changes in normalized endogenous alpha oscillations at electrode POS8 are shown in Figure
5.7(a). The alpha amplitude first increases in the 250 ms time period after the stimulus, and
then falls below the baseline. However, only the time period from 397 to 731 ms shows a
significant difference between phase coherence levels of 30% and 45%, as assessed by a paired
t-test (p < 0.05) and cluster-level statistics (p < 0.05). The average suppression in this time
period increases with increasing phase coherence levels, which is the reverse of the difficulty
modulation on exogenous oscillations (Figure b)) A significant difference was only
found between 30% and 45% phase coherence levels (paired t-test: ¢(19) = 3.36,p < 0.01).
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Figure 5.7: Effect of decision difficulty on endogenous oscillations as measured by normalized
alpha amplitude at electrode PO8. (a) Time courses of normalized alpha amplitude, shown
for each of four phase coherence levels. The shaded area indicates the time period (397-731
ms) having a significant difference in normalized alpha amplitudes between phase coherence
levels of 30% and 45% as assessed by paired t-test across subjects and cluster-level statistics
(p < 0.05). (b) The average alpha amplitude from 397 to 731 ms at each phase coherence

level.

As in our analysis of SSVEP, we calculated the scalp distributions of average alpha
amplitude in the significant time period (397-731 ms) at each phase coherence level (Figure

5.8(a)). Alpha suppression is centered in parietal and occipital regions, with suppression
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being greater at high phase coherence levels. By plotting the difference in alpha power
between 30% and 45% phase coherence levels and the scalp maps of p-values, as shown
in Figure b) and c), we can see that the modulation of the alpha power by task

difficulty appears in right lateral parietal-occipital regions.
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Figure 5.8: Spatial distribution of endogenous oscillatory modulations, within 397 to 731
ms time window, as a function of decision difficulty. (a) Scalp topographies showing the
scalp distribution of average alpha amplitude for the four phase coherence levels. (b) The
power difference of average alpha amplitude between phase coherence levels of 30% and
45%. (c) The t statistic at each electrode location, assessing the average alpha amplitudes

via a paired t-test between phase coherence levels of 30% and 45%.

5.7 Effect of the Motor Response

When analyzing the data by aligning trials according to their reactions times, effects of
decision difficulty on exogenous induced SSVEP and endogenous alpha oscillations can still
be observed between the highest and lowest phase coherence levels. Similar to the stimulus-
locked analysis, a lower SSVEP power for 30% phase coherence trials at electrode POS is
observed roughly from 500 to 400 ms before the response (Figure ), while a reversed
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effect of task difficulty on endogenous alpha oscillations is seen lasting from approximately
200 ms before the response until 100 ms after the response (Figure [5.9b). The timing of
the period that showed a significant difference between difficulty levels was consistent with
results of the average reaction time and stimulus-locked analysis. However, the duration

was shorter comparing with the corresponding stimulus-locked analysis.
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Figure 5.9: Effects of decision difficulty on response-locked (a) SSVEP and (b) alpha oscil-
lations at electrode PO8. The shaded area indicates the time period that shows a signifi-
cant difference in amplitudes between phase coherence levels of 30% and 45%. The vertical
dashed lines were locked with reaction time. Asterisks indicate significant differences (paired

t-test, p < 0.05).

5.8 Discussion

The results of the present study demonstrate that task difficulty, represented here via ma-
nipulation of the phase coherence of the visual stimulus, modulates the amplitudes of exoge-
nously induced SSVEPs and endogenous alpha oscillations in different ways and at different
times. In our experiment, the amplitude modulations of SSVEP are in response to the

task-irrelevant 15 Hz flickers, while endogenous alpha oscillations reflect the response of an
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intrinsic rhythm to the face vs. car decision. To compare the effects of task difficulty on
SSVEP and endogenous alpha oscillations, we will now summarize several of our observa-
tions. First, SSVEP amplitude after the stimulus is immediately decreased, while there is a
delay of 250 ms before suppression of alpha amplitude. Second, the time periods reflecting
significant modulation by task difficulty are 266-466 ms and 379-731 ms for SSVEP and
alpha oscillations respectively. Third, the correlation between the phase coherence level
and the amplitude suppression for SSVEP is opposite to what is seen for alpha. With
the increase of the phase coherence level, the reduction of SSVEP amplitude is decreased,
while the reduction of alpha amplitude is increased. Fourth, the SSVEP suppression ap-
pears in occipital regions, and the difficulty effect is most significant near electrode POS.
Alpha changes, conversely, are widespread over a broader region in parietal and occipital
areas though the most significant modulation of alpha suppression by decision difficulty is
primarily in right lateral parietal-occipital areas.

Our findings showed that the suppression of SSVEP amplitude from 266 to 466 ms was
greater at lower phase coherence levels. SSVEP can be used as an objective measure of
the allocation of attentional resources [191]. The facilitation and suppression of the SSVEP
response to the attended and ignored stimuli, respectively, was reported in a study by
Andersen and Muller [4]. Previous work using exogenous frequency tagging to investigate
to what extent emotional pictures bias competition for attentional processing resources
reported a larger decrease in SSVEP amplitude when visual processing load was increased [5),
1191 [120]. In addition, previous studies have suggested that additional attentional resources
are needed to maintain decision accuracy when the task becomes more difficult [10] 58, [66),
144]. Therefore, our observation that there is a greater reduction of SSVEP amplitude for
difficult decisions can be interpreted as a neural correlate of this competition for attentional
processing resources and supports the hypothesis of the need for more attentional resources
when making a difficult decision. Furthermore, this greater SSVEP suppression at low
coherence levels is consistent with the perceptual load hypothesis, which says that increased
perceptual difficulty of a visual task attenuates the processing of task-irrelevant, unattended
distractor stimuli [91 207].

Our analysis showed that normalized SSVEP amplitudes mainly decreased in occipital



CHAPTER 5. MODULATION OF STIMULUS EVIDENCE ON POST-STIMULUS
ENDOGENOUS AND EXOGENOUS OSCILLATIONS 75

regions, coinciding with areas that had strong SSVEP responses [191]. We also found
SSVEP suppression in electrodes in close proximity to POS8 exhibited the most significant
difficulty effect in our face-car discrimination task. This is consistent with previous findings
that rLOC is involved in face discrimination and related to decision difficulty for this type
of task [9, [74), [79] 04 [143].

In our study, the suppression of alpha oscillations appeared in parietal-occipital areas,
and this topographic distribution of alpha desychronization has been previously reported
[36, 85]. The right hemisphere in parietal-occipital regions was significantly affected by
decision difficulty (Figure which is possibly related to the right hemisphere dominance
for face perception [103], 158, 208]. Object recognition studies found that alpha desynchro-
nization over the right lateral occipital regions exhibited maximal values [44] and correlated
with the proportion of correct object detections [I87]. Thus both the endogenous and ex-
ogenous effects yield scalp topologies that are consistent with the task, suggesting that the
oscillations themselves are linked to specific cortical areas involved in processing the stimuli
and making the decision.

Similarly to Klimesch et al. [86], the time course of endogenous alpha oscillations in our
study showed a synchronization at 250 ms post-stimulus and a desynchronization around
350-750 ms. The alpha suppression showed the most significant difficulty effect in the time
period of 379-731 ms, as it occurred during the time of the late component and motor
response previously identified for this type of face-car discrimination task using single-trial
analysis of EEG [144]. Previous studies on object recognition/detection showed that the
magnitude of alpha desynchronization was related to semantic information processing, and
that the recognition of meaningful objects elicited a larger alpha suppression than that for
meaningless objects [44], [85] 116l [I8§]. In our study, the stimuli at high phase coherence
level contained more meaningful information than that at the low phase coherence level,
since task difficulty was modulated by the percentage of phase coherence. Accordingly,
the pattern of alpha suppression, i.e., larger alpha suppression at high phase coherence
levels, may be related to semantic information processing. It is also worth mentioning
that a study by Siegel et al. [I74], [175] found that visual gamma oscillations increased with

a decrease in task difficulty and that gamma-band enhancement was accompanied by a
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decrease in alpha-band activity. This finding supports our results showing that decreasing
task difficulty further suppresses alpha oscillations.

In this study, the difficulty of the discrimination task was manipulated by varying the
phase coherence in the images. A study by Banké et al. [7] proposed that the effect of
phase noise on sensory processing should be dissociated from overall decision difficulty,
and suggested that the difficulty component seen in [144] was merely the noise-induced
modulation of a bottom-up P2 visual component. However, Philiastides et al. [I44] explicitly
used a modified face vs. car discrimination experiment using colorized images to show that
the effect was on decision difficulty since it was present even while keeping the stimulus
unchanged, thus reflecting that this difficulty component clearly was also indexing top-
down task related processes and was not simply a function of the sensory noise. Our results
are interpretable within the context of “task-difficulty” regardless of whether it is defined
bottom-up by the stimulus signal-to-noise and/or top-down by the task.

Additionally, the results from a response-locked analysis showed similar waveforms for
the highest and lowest phase coherence levels regardless of the systematic latency differences
due to different reaction times for the different difficulty levels (Figure . Though the
endogenous alpha oscillations in parietal-occipital areas might include a superposition of mu
rhythms due to volume conduction and the significant effect for endogenous alpha activity
was widespread over a region in right lateral parietal-occipital areas (Figure [5.8b,c), near
to the motor cortex, our results from the response-locked analysis showed a significant
modulation of the endogenous oscillations by task difficulty.

A potentially alternative interpretation of our work is that the phase coherence manip-
ulation we employ creates a diffuse partial occlusion that drives processes associated with
perceptual closure. Though fragmented line drawings and not phase coherence are usually
used to investigate perceptual closure [34] [I71], it is possible that the effects we observe are
the same one might see in a perceptual closure experiment. Also intriguing is the similarity
in the timing of the difficulty component at 220 ms [144] and the Ncl closure component
at 250 ms [34]. Though the phase coherence manipulation effects behavioral accuracy and
reaction time in a way that one would expect if directly affecting difficulty, further work is

needed to investigate whether the manipulation is specific to the subject needing to per-
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ceptually close a stimulus for recognition or if it acts on more general processes of evidence

accumulation in a noisy stimulus.

5.9 Summary

In this chapter, using our experimental paradigm we were able to analyze SSVEP and
endogenous alpha oscillations simultaneously while subjects performed a face-car discrimi-
nation task where the difficulty of the decision was varied on a trial-to-trial basis. We found
that the SSVEP reduction was positively correlated with decision difficulty, while the corre-
lation between the suppression of endogenous alpha oscillations and decision difficulty was
negative. The findings indicate that the amplitude modulation of SSVEP reflects the com-
petition for the attentional processing resources and support the hypothesis of the need for
more attentional resources when making a difficult decision, while endogenous alpha oscil-
lations may be related to semantic information processing. Lastly, our results demonstrate
that exogenous and endogenous oscillations can be simultaneously measured to track the
changes in ongoing stimulus-driven and endogenous activities during visual discriminations

of varying difficulty.
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Chapter 6

Perceptual salience and reward
both influence feedback-related

neural activity

6.1 Introduction

For day-to-day decisions, multiple factors influence our choice between alternatives. Two
primary dimensions of decision making that substantially affect choice are the objective
perceptual properties of the stimulus (e.g. salience) and its subjective value. Choices deter-
mined by low-level physical properties of the stimulus are usually referred to as perceptual
decisions, whereas those driven by subjective preferences are termed value-based decisions.
The effects of salience and subjective value on choice are usually examined in isolation
[113], 176]. However theoretical models have suggested both types of decisions involve neu-
ral computations of evidence accumulation for choice alternatives [52] 140} 150, 176]. These
models have showed good prediction accuracy for choice given either factor alone, though
they have not systematically investigated how these two factors interact, particularly for
human decision making. Several computational models have been proposed to account for
behavioral data from these interacting salience/value dimensions of choice, with data from

both non-human primates [46] or human subjects [18| [I84]. For example, in a psychophysics
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experiment using simple shape stimuli, it was shown that decisions were influenced by both
dimensions in a manner that leads to the maximization of the expected reward and can be
predicted by a Bayesian ideal observer model [122]. Still unclear is from how neural activity
measured in humans relates to these models, particularly activity evoked by feedback which
might reflect evaluation and updating processes critical to such models.

Understanding how we evaluate feedback information is crucial since we can learn from
the consequence of our decisions to guide our future actions. Event-related potentials have
been used to investigate how the process of feedback evaluation is manifested in the human
brain. These studies have revealed neural correlates differentiating negative and positive
outcomes following either self-identified mistakes or error feedback [67, 115, 125]. In partic-
ular, a negative deflection of the ERP after the presentation of negative or positive feedback
is referred to as the feedback-related negativity (FRN), while the component elicited when
subjects make an erroneous response is known as response error-related negativity (re-
sponse ERN). There are alternative theories on the mechanisms of ERN/FRN generation
[49] 50, 206], but their similar source localization suggests that they are associated with a
common neurocognitive error-detection process [115] [125]. A reinforcement learning theory
has been proposed to provide a unifying account for the ERN and the FRN. According to
this theory, the FRN is generated when a temporal-difference reinforcement-learning signal
is conveyed to the ACC via the mesencephalic dopamine system [67, 125]. This signal is
identified as prediction error, which is usually defined as the difference between expectations
and actual rewards. It has been suggested that FRNs are associated with phasic decreases
in dopamine activity, indicating a negative prediction error — the outcome is worse than
expected. This theory is also supported by fMRI studies, which have uncovered exten-
sive neural networks correlated with prediction error processing, including the ACC, SMA,
dorsal striatum and prefrontal cortex [8) 27, 87, [129].

Several properties of the FRN with respect to prediction error in reinforcement learning
theory have been studied. First, the amplitude of the FRN is larger after negative feedback
than after positive feedback [I15]. This was originally shown as the effect of valence (i.e.
losses vs. wins), but subsequent studies revealed the FRN could be elicited by all negative

outcomes in a monetary gambling task, not just losses, when the task emphasized whether
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a choice was the better of the two [126], 209]. Second, the magnitude of the reward showed
significant effect on the feedback ERPs, although some inconsistent findings were reported.
One study [205] found only late P300 component sensitive to reward magnitude while the
other study demonstrated that the early ERP was also driven by the combination of valence
and magnitude [56]. Third, studies have shown that the FRN amplitude is also modulated
by the probability of receiving a reward [60} 68, 204]. Specifically, Cohen et al. [22] found
feedback ERPs following wins but not losses were modulated by the reward probability. In
all these studies, the uncertainty of the feedback was manipulated by predefined probabilities
associated with different stimuli. However, in natural environment the uncertainty can also
be elicited by other factors such as the perceptual salience of the stimuli. Our hypothesis
is that prediction error from the stimulus uncertainty (e.g. perceptual salience) can also
elicit similar neural feedback activity and link sensory processing of stimuli and feedback
processing of outcomes.

In reinforcement learning experiments, prediction errors are usually determined by quan-
titative reward properties based on valence, magnitude and/or probability. For example,
a large reward magnitude suggests a relatively large prediction error [68]. This is because
traditional studies of feedback activity have mostly relied on ERP analysis through averag-
ing multiple EEG epochs of identical or similar conditions with each condition indicating
one unique level of prediction error. Relatively less work has been done to investigate
how prediction errors are linked with feedback activity on a single-trial basis. One study
using single-trial analysis found that reward motivation significantly influenced neural ac-
tivity in response to target images [70]. Another study proposed a reinforcement learning
model-based single-trial analysis and provided temporal characterization of prediction error
processing Philiastides et al. [145]. Previous studies usually estimate prediction errors from
reinforcement learning models [17, 21), 145]. If the uncertainty is not from reward probabil-
ity in the model, however, it becomes more difficult to obtain prediction error magnitudes
by just fitting the reinforcement learning model to behavioral data.

In the present study, we designed an experiment that systematically changed perceptual
salience and reward value, while simultaneously measuring EEG from subjects performing

the task and receiving feedback based on their choices. Different from reinforcement learning
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models, the reward of each target is fixed and known by the subject in our experiment, so
the uncertainty of the reward prediction is determined by the stimulus salience and the
risk taken by the subject. We propose a model that can estimate expected reward and
prediction error on a single-trial basis by integrating value information with perceptual
decision evidence, given single-trial decoding of EEG. Based on this model, our analysis
tested (1) whether trial-to-trial variability of feedback related EEG activity correlated with
prediction error magnitude and (2) how the correlation was influenced by prediction error

valence.

6.2 Experimental Design

Sixteen subjects (nine women and seven men, ages 18-31 years) participated in the experi-
ment. All had normal or corrected-to-normal vision and reported no history of neurological
problems. Subjects were informed that they would be paid based on their performance in
the experiment (see experimental design). The maximum amount of money they could pos-
sibly earn was US $39. Informed consent was obtained from all participants in accordance
with the guidelines and approval of the Columbia University Institutional Review Board.
We used the same set of face, car and house grayscale images as Chapter |4, The task for
the subjects was to earn as much reward (money) as they can by rapidly selecting images
associated with different amounts of money in a very brief presentation of the stimulus
(Figure [6.1p). Each subject performed 10 blocks in the experiment with short breaks
in between. Each block started with a self-paced presentation of sample images of all
categories, i.e. face, car and house, and the corresponding reward of each category. The
reward assigned to each category was fixed during the entire block. Each trial started with
an 800 ms presentation of a central fixation cross (~ 0.5°), followed by a stimulus display of
four different images composed of one face, one house, and two cars. Face and house images
were associated with positive rewards and considered as targets. Car images were associated
with zero reward and therefore considered as distractors. The location of the targets and the
distracters were randomized across four fixed locations (z eccentricity ~ 3.1°, y eccentricity

~ 3.1°, image width ~ 5.5°). The stimulus images were presented for 300 ms, followed
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by mask images that lasted for 1500 ms. To earn the positive reward associated with a
target, subjects needed to select its location by press a corresponding button before the
mask images disappeared. Immediately after subjects responded (or after 1500 ms of mask
if no response), a feedback screen showing the reward earned for the current trial and the
accumulated reward summed over all trials completed in the block was displayed. The
inter-stimulus interval (ISI) was randomized in the range of 3200-3500 ms.

We systematically adjusted the reward and visual salience of stimuli to study how the
brain integrates information across both of these dimensions during decision making. We
defined five reward conditions by varying the reward ratio between face and house (targets)
from 1/4 to 4/1 in five steps (i.e. R¢/Ry € {1/4,1/2,1,2,4}). The reward ratio was fixed
within one block and randomly changed across blocks. Within each block (fixed reward
condition), the phase coherence of car images was fixed at a low level (35%), while the phase
coherence of face and house images was randomly changed trial-by-trial across five levels
(Ct € {32%, 35%, 38%,41%,44%}, Cy, € {49%, 46%, 43%, 40%, 37%}). The face and house
coherence levels were constrained to be negatively correlated in all trials (Cf + Cy, = 81%).
This meant the trial with highest face salience was with the lowest house salience and vice
versa. Detailed setup of image phase coherence levels and reward values are listed in Table
and Table One may note that the overall phase coherences used for house images
were slightly higher than for faces. This was done based on pilot experiments that showed
subjects’ selections were slight biased towards faces when both target types were at the
same coherence level. There were two repetitions of the block for each reward condition (10
blocks in total) in the experiment, with 75 trials in each block uniformly distributed across
the five salience levels. Therefore, the data for each subject consisted of 30 trials in each of

25 conditions (5 reward levels by 5 salience levels, see Figure ), a total of 750 trials.

6.3 Behavioral Performance

We first analyzed the behavioral data to check whether the manipulation of reward and
visual salience systematically affected choice. Subjects responded in over 99% of the trials.

Figure [6.2] displays the average performance of all subjects for different reward conditions.



CHAPTER 6. PERCEPTUAL SALIENCE AND REWARD BOTH INFLUENCE

FEEDBACK-RELATED NEURAL ACTIVITY

(a)

In this round,
you earned:

4285

This trial: 4

feedback

+
Total reward: 120

response

discrimination

fixation

Figure 6.1: Experimental design of reward-based perceptual decision-making: (a) Rewards
values for face, house and car were shown to the subject at the beginning of each block. Total
reward earned in the block was also presented at the end of each block. (b) Twenty-five
combined conditions were used in the experiment. Reward conditions were manipulated
by changing the reward ratio between faces and houses, while salience conditions were
manipulated by changing image phase coherence levels. We report results in term of face

salience levels (1 to 5, level 5 being highest face salience Cr = 44%, Cy, = 37%), without

reference the absolute phase coherence values.

face/house reward ratio

o

=

1/2
1/4

1 2 3 4 5§
face salience level




CHAPTER 6. PERCEPTUAL SALIENCE AND REWARD BOTH INFLUENCE
FEEDBACK-RELATED NEURAL ACTIVITY 84

Table 6.1: Summary of five salience levels.

Face salience level 1 2 3 4 5

Phase Coherence of Face (Cr) 32% 35% 38% 41% 44%
Phase Coherence of House (Cp,) 49% 46% 43% 40% 37%
Phase Coherence of Car (C.) 35% 35% 35% 35% 35%

Table 6.2: Summary of five reward levels.

Reward Ratio R¢/Ry, 1/4 1/2 1 2 4

Reward of Face (Ry) 26 2¢ 26 4¢ 8¢
Reward of House (Ry) 8¢ 4¢  2¢ 2¢ 2¢
Reward of Car (R.) 0¢  0¢ 0¢ 0¢ Oc¢

Within each reward level, the percentage of face choices (or conversely house choices) in-
creased with the stimulus salience level, regardless of whether or not its relative reward was
higher than that of the other target. Since house salience levels were negatively correlated
with face salience levels, we only show face salience in the figure. We also found the percent-
age of face choices (or conversely house choices) increased with the stimulus relative reward
if fixing the salience level and comparing across reward levels. We found a relatively high
percentage of car selection in the conditions where reward and salience of targets conflict,
e.g. very high face reward but very low face salience. One possible explanation is that sub-
jects were taking risks to guess the location of higher reward target but mistakenly chose
the distractor since the salience of higher reward target was low. This result is consistent
with previous study that suggested ideal Bayesian manner to maximize expected reward in
complex environments [122].

Figure shows the reaction time in highest face reward (R¢/Ry = 4) and highest
house reward (R¢/Ry = 1/4) conditions. Two-way repeated-measure ANOVA showed the
reaction time was significantly different across salience levels (p = 0.013, Fi4 64) = 3.434),

as well as a significant interaction between reward and salience (p < 0.001, Fi4 64y = 99.67).
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Figure 6.2: Behavioral performance in different reward and salience conditions. Each panel
shows the average percentage of target choices (face or house) and distractor choices (car)
in each reward condition as a function of stimulus salience levels. Each point refers to the
percentage of selections of one image category under the corresponding reward and salience

conditions. Error bars indicate SE across subjects.
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We can observe that the reaction time decreased with the salience level of the target that

had higher reward.

I high house reward
900 I high face reward
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- Il I.
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Face Salience Level
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Figure 6.3: Reaction time in the highest face reward (R¢/ Ry = 4) and highest house reward

(R¢/Ry = 1/4) conditions. Error bars indicate SE across subjects.

6.4 Feedback Related Potentials

Traditional ERP analysis was performed by aligning the data to the onset of feedback,
where the feedback immediately followed (was triggered by) the behavioral response of the
subject. Each epoch was extracted for a period ranging from 200 ms prior to feedback
onset until 600 ms after feedback onset. For non-equal reward conditions (R¢ # Ry,), trials
were first grouped by their feedback types: “high reward” when the subject selected targets
with higher reward, “low reward” when the subject selected targets with lower reward or
no reward when the subject did not respond in time or selected cars. For example, in
the R¢/Ry = 1/2 condition selecting “house” resulted in higher reward feedback, while
selecting “face” resulted in lower reward feedback. Here trials with lower reward and zero
reward feedback were grouped together and called the “low reward” condition in order to
obtain enough trials for this condition. Trials of all salience conditions within the same

reward condition were averaged to investigate the effect of reward on the feedback activity.
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The reward conditions with reward ratios of 1/4 and 4 were also grouped together since
feedback ERPs in these two conditions were similar regardless of stimulus category labels.
Here we refer to conditions with reward ratios of 1/4 and 4 as “large reward difference”.
Conditions with reward ratios of 1/2 and 2 were also grouped and referred to as “small
reward difference”. Statistical analysis were also performed by two-way repeated-measures
ANOVA on averaged ERP values from windows of 280-360 ms and 360-500 ms (i.e. when
the low-high feedback activity was maximal) with factors of feedback type (2 levels) and
reward difference (2 levels).

We observed feedback-related potentials for all reward level conditions. Figure shows
the grand-averaged ERP following “high reward” and “low reward” feedback for the “small
reward difference” condition (R¢/Ry = 1/2 and 2). These ERPs are shown for midline
electrodes Fz, Cz and Pz. The low reward feedback ERPs were more negative than high
reward ERPs at an earlier time of 280-360 ms post feedback and more positive at the
later time of 360-500 ms. The feedback evoked averaged EEG responses were statistically
significant for the two time windows (early:p = 0.025, F{; 15y = 6.18, late:p < 0.001, Fy 15) =
74.83 at electrode Fz). We also found a significant effect of reward difference on the late
component at fronto-central electrodes (e.g. p = 0.026, F(; 15) = 6.07 at Fz). No significant

reward xfeedback interactions were found in either time window.
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Figure 6.4: Grand-average feedback-locked ERPs for midline electrodes Fz, Cz, and Pz.
The ERPs following low reward feedback (red line) are more negative in an early time
window (280-360 ms, light gray) and more positive in a late time window (360-500 ms, dark

gray) relative to what is seen for high reward feedback (blue line).
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We investigated the sources that potentially generate the feedback related activity for
both the early and late time windows we identified in the ERP analysis. We grouped trials
that had either high reward feedback or low reward feedback. For each subject we found
two time points (early and late time) where the ERP difference was maximum and selected
two 50 ms time windows centered at these time points. We then calculated averaged ERP
amplitudes for each time window. For each individual subject, current density distributions
of both groups were estimated based on the average ERP, resulting in sSLORETA values
that were analyzed for significance via paired tests to identify differences between groups.
The cortical areas that show significant differences at p < 0.05 level are shown in blue and
cyan color in figures The difference between current densities of feedback conditions
was found to be significant in both time windows with activation following low reward
feedback being stronger. For the early component, the difference was significant (minimum
Log of ratio of averages = —1.52,p < 0.01) in supplementary motor area (BA 6), inferior
parietal lobule (BA 40), and anterior cingulate cortex (BA 24). For the late component, the
difference was significant (minimum Log of ratio of averages = —1.72,p < 0.01) in anterior
cingulate cortex (BA 32), supplementary motor area (BA 6), medial frontal gyrus (BA 8)

and cuneus/precuneus (BA 7).

6.5 Effect of Salience on Feedback Related Potentials

We also investigated the effect of salience by comparing “high reward” feedback ERPs
of five salience levels. The conditions of higher face reward were separately analyzed from
conditions of higher house reward. We ran a repeated-measures ANOVA to test the averaged
ERP values from windows of 350-450 ms.

In the high face reward condition, we found a strong positive component at around 400
ms after feedback when face salience is low (left panel of Figure ) The amplitude of
this component decreased with increasing of face salience. Similar results were observed
in the high house reward condition: the amplitude increased with face salience, which was
equivalent to a decrease in house salience (right panel of Figure ) Statistical tests on

averaged ERP at 350-450 ms (maximum difference) showed significant differences between
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Figure 6.5: The sSLORETA images showing statistical differences (Log of ratio of averages)

between groups with high and low magnitude of optimal early discriminating components.

Significant differences are observed at SMA, inferior parietal lobule and ACC for (a) early

window, and at ACC, SMA, medial frontal gyrus and precuneus for (b)late window.
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salience levels (see Figure , repeated-measure ANOVA p < 0.001, F(4 69) = 16.56 for the
high face reward condition, p < 0.001, F(469) = 18.72 for the high house reward condition).

Figure [6.7] shows scatter plots of average ERP amplitudes at 350-450 ms vs. percentage
of choices of the higher reward target for all subjects at different salience conditions. This
revealed a significant negative correlation between ERP amplitude and behavioral perfor-
mance (r = 0.499,p < 0.001, F1,78) = 25.79 for face and r = 0.514, p < 0.001, F{y 7g) = 27.99

for house).

6.6 Single Trial Analysis of Stimulus and Feedback Related
EEG

The previous set of analysis focused on feedback-locked ERPs. In the next set of analysis, we
investigated the feedback-locked EEG on a single-trial basis. For both high reward difference
and low reward difference conditions and for all subjects, we were able to discriminate high
reward feedback versus low reward feedback EEG trials with highly significant accuracy
for multiple EEG windows. Figure shows the average A, values in the high reward
difference condition across all subjects at each time point from feedback to 800 ms post-
feedback, with the Az value corresponding to a significance level of p = 0.01 (FDR-corrected
for multiple comparison) determined by our permutation method (see Section [2.3). The
feedback discrimination curve displayed two peaks with local maxima at 320 ms and 410
ms, which matched the two components we found in the ERP analysis (Figure [6.4)). The
scalp maps of the average forward models at these peak time were also shown in the figure.

We also performed a single-trial analysis of the stimulus-locked data to find a component
most discriminable of face and house images. Unlike in Chapter |4] using a three-alternative
force choice (3-AFC) decision making experiment, all three kinds of images were presented
at the same time, so we cannot estimate discriminating components for each category.
Instead we grouped the trials of the highest face salience level and face reward trials no
less than house reward (Rg/Ry > 1) as representative of face stimuli since these were
the trials dominated by subjects selecting “face” (see Figure , and grouped trials with

the lowest face salience level (corresponds to the highest house salience level) and house
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Figure 6.6: (a) Grand average ERP responses to high reward feedback at five different

salience levels. Conditions of higher face reward (R¢/Rp > 1) and higher house reward

(R¢/ Ry < 1) were analyzed separately. (b) Plots of the average amplitude in shaded area

(350-450 ms) at five salience levels. The amplitude shows a negative correlation with the

salience level of high reward target. Error bars indicates SE across subjects.
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Figure 6.7: Plots of the average ERP amplitude vs. choice rate of higher reward target.

Each dot refers to the data at one salience level of one subject.
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Figure 6.8: Group mean single-trial EEG discrimination performance for the high vs. low
reward feedback. Standard error across subject is indicated with shading. Significance level
is achieved by a label permutation method (30000 times) and FDR-corrected for multiple
comparisons. Topographies represent the group averaged forward models of the discrimi-

nating components at the time of peak discrimination (referred to as optimal discriminating

components).
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reward no less than face reward (R¢/R), < 1) as representative of house. A sliding window
method and LOO cross validation were used to identify the optimal post-stimulus timing 7
of discrimination.

The average discrimination curve showed only a single peak with a maximum at 350
ms (p = 0.011), with the largest magnitude of spatial weights over central electrode sites
(Figure . The weighting vector estimated from the optimal training window was then
applied to the data of all trials at this time window. The values of this discriminating
component y represented the confidence of the classifier in its prediction of face vs. house
EEG discrimination and we used these in the next section to calculate the expected reward

and prediction error of each trial.
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Figure 6.9: Group mean single-trial EEG discrimination performance for the face vs. house
stimulus. Standard error across subject is indicated with shading. Significance level is
achieved by a label permutation method (30000 times) and FDR-corrected for multiple
comparisons. Topographies represent the group averaged forward models of the discrimi-
nating components at the time of peak discrimination (referred to as optimal discriminating

components).
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6.7 Neural Correlates of Reward Prediction Error

Once the spatial weight vector w, was estimated using data derived from the optimal
training window, we applied w, to the data across all trials at the same time. The output
y; represented the confidence of the classifier for trial ¢ in its prediction of face vs. house
discrimination based on the training data [102] 196]. We can derive probabilities of the two

targets for each trial based on the logit function

Pi(i) = % and P,(i) =1— P(i) = 1+e)1(p(y)

Our hypothesis is that single-trial variability of feedback related activity is associated

(6.1)

with the prediction error, which is defined as the difference between expected reward and

actual reward, reported by feedback. The expected reward of trial ¢ is given by
E[R;] = Re(i) Px(i) + R (i) P (4), (6.2)

where probabilities of face and house can be obtained from single-trial analysis of stimulus-
locked data in previous step. We used the library Ime/ from the R-statistical analysis
package [147] to perform a linear mixed effects analysis of the relationship between feedback
STV and prediction error of reward. As fixed effects, we entered the prediction error into
the model. As random effects, we had intercepts for subjects as well as by-subject random
slopes for the effect of prediction error. Visual inspection of residual plots did not reveal any
obvious deviations from homoscedasticity or normality. P-values were obtained by likelihood
ratio tests of the full model with the effect in question against the model without the effect
in question. Blocks of large reward difference (i.e. reward ratio is 1/4 or 4) and small reward
difference (i.e. reward ratio is 1/2 or 2) were analyzed separately. The regression analysis
was also separately performed on trials with negative prediction error (actual reward less
than expected reward) and positive prediction error (actual reward greater than expected
reward).

Figure displays outputs of the early feedback STV versus prediction error for one
subject. Large reward difference and small reward difference conditions were analyzed
separately. We also segregated trials based on the valence of prediction error (positive

error means actual reward is greater than expected reward). Since our model assumed
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subjects only focused on two targets (ignoring cars), the minimum expected reward was
equal to the smaller reward (2 cents) and the maximum positive error was 2 cents in the
small reward difference condition and 6 cents in the large reward difference condition. Both
early and late feedback STV had positive correlation with negative prediction errors, but no
significant correlation was found in trials with positive prediction error. Results of mixed

effects analysis on all subjects are listed in table

Table 6.3: Summary of mixed effects analysis of the relationship between feedback STV

and prediction error.

Positive Error Negative error
Reward Condition Component

P X b X0
Early 0.61 0.26 0.002 9.18

Small
Late 0.67 0.19 0.001 10.82
Early 0.09 2.93 0.011 6.41

Large
Late 0.40 0.71 0.030 4.73

Bold text indicates significant at p < 0.05 level.

6.8 EEG-informed prediction error and subsequent choice

We also investigated the influence of EEG-informed reward prediction error on the subject’s
choice of the following trial. Specifically, this analysis was focused on incongruent trials,
in which the high-value target was of low salience and the low-value target was of high
salience (e.g. R¢/Ry = 1/2,C¢ = 44%,Cy, = 37%)). This was because for congruent
trials, i.e. the high-value target was of high salience, subjects can easily select the high-
value target and thus had very small variation in their choices. Large reward difference
and small reward difference conditions were analyzed separately. The prediction error of
each trial was normalized by subtracting the average prediction error of the corresponding
condition for each individual subject. Within each condition, all incongruent trials were

grouped based on the choices: choosing high-value target, low-value target or zero-value
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Figure 6.10: Scatter plots of early feedback STV against prediction error from one repre-
sentative subject. Trials with positive errors and negative errors are analyzed separately
(separated by a green line). The red line shows the result of linear regression of each part

of the data.

distractor. We then compared the normalized prediction errors of previous trials using a
repeated-measures ANOVA and found a significant difference between three choice groups
(p = 0.043, F{3,30) = 3.52 for the small reward difference condition; p = 0.039, Fiy 25) = 3.64
for the large reward difference condition)(Figure top row). We further grouped the
trials of choosing high-value targets and distractors together since we assumed in both
cases subjects took risks to guess the location of the high-value target. Using a two-tailed
paired t-test, we found that the prediction error was more negative for trials followed by
a low-risk choice (p = 0.018,t(15) = 2.67 for the small reward difference condition; p =
0.043,t(14y = 2.22 for the large reward difference condition) (Figure bottom row).
This observation is consistent with previous reinforcement learning studies that showed
subjects were less likely to make high-risk after negative outcomes in a gambling task
[20]. Given that most of the decisions were choices of high-value targets, it was likely
that subjects changed their decision strategy when choosing low-value targets. Therefore,
this result also supports the notion that large negative prediction error were more likely

to make subjects adjust their decision behavior on the subsequent trial [2I]. Although
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it was assumed that all trials were independent and the final choices were determined by
the previous perceptual decisions, we still observed the influence of prediction error on
the subsequent trial. However, the influence of the prediction error in this experiment
was relatively small compared to typical reinforcement learning tasks since subjects cannot

“learn” much from their previous decisions.

Small Reward Diff. Large Reward Diff.

0.2 0.5
‘© 0
= 0
|_
%) -0.5
3 02
.; -1
o
S__ 04 low high zero 1> low high zero Choice
[e) value value value value value value
(T
o 0.2 0.5
©
N 0
= 0
g 05
> 02 .

-0.4 —— -1.5 ————— .

low-risk high-risk low-risk high-risk Choice

Figure 6.11: Influence of prediction errors on subsequent trials. The top row show the
normalized prediction errors of previous trials for three choice groups. Small reward dif-
ference (left column) and large reward difference (right column) conditions were analyzed
separately. The prediction error before a low-value choice was more negative comparing
to the other two choices. The bottom row show the prediction errors before low-risk and

high-risk decisions. Error bars indicate SE across subjects.



CHAPTER 6. PERCEPTUAL SALIENCE AND REWARD BOTH INFLUENCE
FEEDBACK-RELATED NEURAL ACTIVITY 98

6.9 Discussion

Previous work has shown that value and salience each influence the decision process and
ultimately choice [25], 114} [148]. In these cases, behavioral performance has been characterize
by stochastic accumulator models such as the drift diffusion model [113], I76]. To further
this work and directly investigate the interaction between value and salience we designed
an experiment in which both visual salience and reward were changed in a systematic way.
From a behavioral perspective, the decisions were affected by both factors, which is in line
with previous results studying saccadic decisions among multiple objects of simple shape
stimuli [122] [165]. In these studies it was shown that subjects tried to maximize their
harvesting of targets using a Bayesian strategy influenced by the reward ratio of the two
target types. In our experiment, if the reward difference between two targets was very large,
it was very likely that subjects were willing to take risks to guess the location of the high
reward target, even though its salience level was very low and thus resulted in a relatively
high percentage of selecting distractors. In the case of small reward difference, selecting the
low reward but high salience target was a better way of maximizing reward, so we observed
more low reward target selections in the behavioral data. Our results are also consistent
with a computational behavioral model that explained the interaction between salience and
reward factors when there is incongruency between them [18]. All these behavioral studies
provided very good prediction of selection and reaction time, but it is still unclear that
how confident subjects are in their decisions and what neural correlates relate to these
phenomena.

To explore the neural correlates of reward processing, we first compared the EEG signals
between high and low reward feedback and observed a significant difference in the ERPs.
Trials following low reward feedback showed more negative ERP amplitudes in the early
time window and more positive amplitudes in a late window (Figure [6.4). We interpret
this ERP modulation as a manifestation of the FRN. The result is consistent with feedback
valence studies [22], [60], 204], though the typical FRN is reported in terms of a difference in
reward gains vs. losses. Since there was no loss in our experiment, low reward feedback was
equivalent to a negative feedback when the reward associated with each target was given

at the beginning of the block. Another possible interpretation of our results is that as a
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reward magnitude modulation of the feedback ERP components. Previous studies indicated
more negative-going early ERP responses when the reward magnitude was small relative to
when it was large, with a more positive P300 amplitude if the reward magnitude was larger
[201, 205]. However, our experimental design ruled out the impact of penalty/loss and
only focused on reward delivery and omission. Nevertheless, these potentials suggested to
reflect activation of a reinforcement learning system that rapidly encode reward prediction
error [22] [33] I81]. In some complex environments, the prediction error might not be fully
interpreted by a reinforcement learning model. Therefore, our next goal was to link these
feedback related activities to the prediction error, which was estimated from perceptual
decisions instead of reinforcement learning models, on a single-trial basis.

To further investigate the association with FRN, we also performed source localization
of the early and late feedback components (Figure . Both components showed clusters
localized in ACC and SMA, which have been previously reported as brain regions for dipoles
fits of the FRN [48| [115] 127, [163]. These localizations are also consistent with fMRI analysis
of reward processing and reward prediction errors [8, 27, [129]. Our results also showed slight
difference between the early and late components. The early component had a cluster in
inferior parietal lobule, which might suggest the early processing of visual feedback and
interpretation of sensory information. Previous fMRI studies, Vickery and Jiang [192] also
found that the inferior parietal lobule was involved in decision making under uncertainty,
showing higher activity when humans were given trial-by-trial feedback on choice outcomes
compared to when feedback was not provided. The late component also showed activation
in medial frontal gyrus that has been implicated in the processing of reward prediction error
[110].

We also found that these feedback-locked ERPs were modulated by stimulus salience.
The ERP amplitude at 350-450 ms was negatively correlated with the salience level and
the percentage of selection of high reward targets (Figure and Figure . Given that
by altering the phase coherences of target images we could successfully manipulate the
difficulty of perceptual decisions and behavioral accuracy [141], 144], our hypothesis is that
the probability of earning a high reward can also be modulated by the stimulus salience,

even though the actual reward delivery rate of the target was 100 percent. Unlike varying
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reward probability in a pre-defined way in typical reinforcement learning paradigms, the
reward probability in this task varied according to the perceptual decisions made before
feedback and thus positively correlated with the salience level and selection percentage
of higher reward target. This hypothesis is consistent with observations from a previous
study showing the effects of reward probability using an RL model, showing ERP amplitude
following “win” feedback was negatively correlated with reward probability [22]. Our result
is also consistent with a previous study of feedback processing in decisions under risk that
showed larger positive potentials for positive feedback in high-risk choices [164], where in
our experiment low salience targets with high reward represent high risk choices.

To characterization trial-by-trial variability of these feedback-related neural correlates
we used a single-trial analysis method to estimate temporally localized EEG components
that maximally discriminated between the high and low reward feedback conditions. In
a previous study of reinforcement learning models, Philiastides et al. [145] found different
EEG activity predictive of prediction error valence, magnitude, and future choice. In our
study, we found two discriminating components that corresponded to the feedback related
activities in ERP. Their spatial distributions were also consistent with our sSLORETA results.
The early component showed a parietal-temporal distribution, which might result from the
source localized in inferior parietal lobule. The late component showed large weights in
frontal-central areas that matched the location of ACC and SMA. We also compared the
Az values of these two components in large reward and small reward conditions and found
significantly higher Az, which means better discriminability, in large reward conditions
(paired-t test p = 0.002,%(15) = 3.65 for early component, p < 0.001,%;5) = 4.17 for late
component), suggesting the effects of reward magnitude on feedback activities.

We used the trial-to-trial variability of the EEG components to further investigate how
varying stimulus evidence instead of manipulating reward probability in reinforcement learn-
ing model, we also computed the trial-by-trial activities associated with perceptual deci-
sions. One might note that this result is different from previous studies on perceptual
decision makings [102] [141] because there was only one component that was discriminative
of face versus house perceptual decisions. There are two reasons for this difference. First,

three types of images were presented simultaneously in our experiment. With the notion
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that the early discriminating component indexes the quality of the early encoding of the
stimulus, multiple targets would confound the activity of one particular stimulus (e.g. N170
component sensitive to face) with others, which weaken the sensory evidence accumulated
during perceptual decisions. The late component, however, generated an internal represen-
tation of decision evidence that ultimately drove the decision process itself so less effect of
multiple targets on this component was observed. Also, even though we used trials with
highest salience level and with congruency of reward and salience to minimize the effect of
reward, it could still be involved in the decisions. The scalp map of this component showed
a central distribution, which was also different from what we saw 2-AFC perceptual decision
making studies. Moreover, in this analysis, we only focused on face vs. house discrimination
and ignored car images to simplify the model. This simplification is reasonable because:
1) Car images were set at a low salience level so it was very rare that subjects had strong
response to cars; 2) There was almost no car selection when face and house rewards were
equal (see Figure third panel). This means subjects can respond to either target that
had a higher salience and successfully ignore cars.

Many studies on reward-based decision making have investigated the relationship be-
tween feedback related activity and reward prediction errors, but to our knowledge these
studies all used reinforcement learning models to estimate prediction errors [17) 2] 145].
Unique to this work, however, is that we calculated prediction errors from EEG measure-
ments on a single-trial basis. The variation of expected reward in this experiment is not
due to the changes of actual reward probability of each option. Instead we fixed the re-
wards of targets and manipulated their salience levels, so the expected reward of each trial
changed according to the subjective perception of targets. Specifically, we used the STV
from a component that was stimulus-locked, approximately 350 ms after the stimulus and
best discriminated face vs. house trials, to estimate the expected reward. Unlike traditional
FRN studies, there was no time interval between response and feedback in our design. This
is because we wanted to directly link stimulus-related activity (pre-feedback), representing
the confidence of perceptual decision, with feedback-related activity, representing the evalu-
ation of the previous decision, and avoid any confounding factors in between. Interestingly,

our results showed an asymmetry with respect to the valence of prediction error in EEG
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correlates of feedback processing. We observed the STV of both feedback activity correlated
with negative prediction error but no significant correlation was found for positive prediction
error trials. Similar phenomena was found in an FRN study that reported no significant
difference in FRN amplitude for positive prediction errors [2I]. One explanation of this
from reinforcement learning model studies was that this feedback related activity (or FRN)
was related to how subjects adjusted their decision behavior on the subsequent trial. Large
negative prediction error were more likely to make subjects change their decision behavior
and thus elicited more negative FRNs. From a reward expectancy perspective, the RL the-
ory predicts that larger FRNs should be elicited by unexpected and unfavorable outcomes
[69], which in this paradigm are indicated by a more negative prediction error. Alternative
interpretation is based on one recent study that proposed RL model cannot fully inter-
pret how FRN encode prediction error and suggested prediction errors were associated with
motivational salience rather than motivational value [I82]. Without using reinforcement
learning model, our results support their idea that feedback ERP activities are stronger for

negative outcomes because negative feedbacks are more motivationally salient [I31], [182].

6.10 Summary

In summary, our results suggest that the feedback activity we observed represents the
evaluation of a prediction error by the subject, which is modulated by stimulus salience
and, thus stimulus evidence. Specifically, single-trial analysis showed an asymmetric effect
on the prediction error valence - STV of both feedback components were only correlated with
negative prediction errors. In addition, our results show that the valence of prediction error
was more important than the valence of the actual feedback since only positive reward were
delivered in the experiment (no penalty or loss). Many studies proposed that this prediction
error calculation was expressed through changes of dopamine neuron activity in midbrain
and modulation of pyramidal cells activity in the cingulate gyrus [47, 132} 168, [194]. Our
results showed temporal and spatial characteristics of the neural activity for prediction error
processing and thus may help understand the transmission of dopaminergic prediction error

signals between these regions.
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Chapter 7

Conclusions and Future Work

7.1 Summary of Main Scientific Findings

This thesis focused on studying the time course of perceptual decision making in the human
brain. By taking advantage of high temporal resolution of non-invasive EKG measurements,
we were able to find associations between neural correlates of pre-stimulus brain state, de-
cision formation and response evaluation. We conducted single-trial analysis with temporal
localization of evoked potentials as well as oscillatory activities. Figure summarizes the
main findings in a form of a temporal diagram. These include the correlates of pre-stimulus
alpha power and early sensory evidence (green line), modulation of stimulus evidence on
post-stimulus endogenous and exogenous oscillations (cyan line) and relationship between
feedback-related activity and reward prediction errors estimated from perceptual decision

evidence (red line).

7.1.1 Pre-stimulus alpha power predicts fidelity of sensory encoding

Pre-stimulus alpha power has been shown to correlate with the behavioral accuracy of per-
ceptual decisions. In most cases, these correlations have been observed by comparing alpha
power for different behavioral outcomes (e.g. correct vs incorrect trials). In this disserta-
tion, we investigated such covariation within the context of behaviorally-latent fluctuations
in task-relevant post-stimulus neural activity. Specifically, we considered variations of pre-

stimulus alpha power with post-stimulus EEG components in a two alternative forced choice
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Figure 7.1: Temporal diagram of perceptual decision making. Using single-trial analysis
with temporal localization we were able to identify a cascade of events associated with per-
ceptual decision making. These include pre-stimulus attention (indexed by alpha power),
post-stimulus sensory evidence (early component) and decision evidence (late component),
and post-feedback response evaluation. Associations between these components are dis-

played in different colors (see main text for details).
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visual discrimination task. EEG components, discriminative of stimulus class, were iden-
tified using a linear multivariate classifier and only the variability of the components for
correct trials (regardless of stimulus class, and for nominally identical stimuli) were corre-
lated with the corresponding pre-stimulus alpha power. We found a significant relationship
between the mean and variance of the pre-stimulus alpha power and the variation of the
trial-to-trial magnitude of an early post-stimulus EEG component. This relationship was
not seen for a later EEG component that is also discriminative of stimulus class and which
has been previously linked to the quality of evidence driving the decision process. Our
results suggested that early perceptual representations, rather than temporally later neu-
ral correlates of the perceptual decision, were modulated by pre-stimulus state. Further
analysis in multi-class perceptual decision task provided more evidence that validates the

correlation between pre-stimulus alpha power and post-stimulus sensory encoding.

7.1.2 Post-stimulus endogenous and exogenous oscillations are differen-

tially modulated by stimulus evidence

We investigated the modulation of post-stimulus endogenous and exogenous oscillations
when a visual discrimination was made more difficult. We used exogenous frequency tag-
ging to induce SSVEP while subjects performing a face-car discrimination task. The deci-
sion difficulty was changed on a trial-to-trial basis by manipulating the phase coherence in
the image. We simultaneously analyzed amplitude modulations of the SSVEP and endoge-
nous alpha activity as a function of stimulus evidence. SSVEP modulation can be viewed
as a neural marker of attention toward/away from the primary task, while modulation of
post-stimulus alpha was closely related to cortical information processing. We found that
as the task becomes more difficult, the amplitude of SSVEP decreases significantly, ap-
proximately 250-450 ms post-stimulus. Significant changes in endogenous alpha amplitude
followed SSVEP modulation, occurring at approximately 400-700 ms post-stimulus and,
unlike the SSVEP, the alpha amplitude was increasingly suppressed as the task became
less difficult. Our results demonstrated simultaneous measurement of endogenous and ex-
ogenous oscillations that were modulated by task difficulty, and that the specific timing of

these modulations likely reflected underlying information processing flow during perceptual
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decision-making.

7.1.3 Perceptual salience and reward both influence feedback-related neu-

ral activity

In this dissertation, we designed an experiment that systematically changes perceptual
salience and reward value. We analyzed the EEG from subjects performing the task and
receiving the feedback. Different from traditional reinforcement learning models, the un-
certainty of reward was completely determined by the perceptual decisions. We found
difference of feedback related potentials between high and low reward feedback in two dif-
ferent time windows. Source localization results suggested the difference came from brain
regions that relate to processing of reward prediction error, such as ACC. Further analysis
indicated feedback related potentials were also influenced by the salience of target stimulus.
This was likely due to the changes of reward probability. Target stimulus with lower vi-
sual salience had higher reward uncertainty and thus indicated a lower reward probability.
According to the studies of RL model, lower reward probability can elicit higher feedback
related potentials. Moreover, we proposed a model that can estimate expected reward and
prediction error on a single-trial basis by integrating value information with perceptual
decision evidence obtained from stimulus-locked EEG discrimination. Our result showed
an asymmetric effect of the prediction error valence: STV of both feedback components
were only correlated with negative prediction error magnitudes. One explanation for this is
that larger negative prediction errors are more likely to be important for changing subjects

decision behavior.

7.2 Future Work

7.2.1 Simultaneous EEG and fMRI analysis of decision making

The high temporal resolution of scalp EEG allows us to observe the temporal dynamics of
neural processes during decision making. However, EEG signals are collected by very limited
numbers of sensors and the inverse EEG problem is known to be ill-posed, thus no unique

solution can be found without utilizing prior knowledge about the nature of signal sources.
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On the other hand, the BOLD response acquired from fMRI provides millimeter scale spatial
resolution, but its temporal resolution is only on the order of seconds due to the indirect
relationship of the hemodynamic response to neural activity. Consequently, integrating
these two imaging modalities could compensate for each others intrinsic inadequacies and
provide more information than using them in isolation.

Previous studies in our lab using simultaneous recordings of EEG and fMRI have pro-
duced results that are otherwise unobservable using traditional analysis, but optimal ap-
proaches to combine the data still need to be developed. One approach uses to use the
trial-to-trial variability of task-discriminating EEG components as additional regressors in
general linear models (GLM) analysis [53] 197]. Specifically, strong activation of the LOC
was found indicative of distinct processes that contribute to the single-trial variability dur-
ing target detection in visual/auditory oddball paradigm [53 197]. In these studies, the
EEG STV regressor was designed as boxcar functions centered at classifier training windows
with their heights modulated by the output of the EEG discriminator for each trial. These
regressors were then convolved with the hemodynamic response function (HRF) and orthog-
onalized with respect to all traditional regressors such as stimulus and response regressors.
In the perceptual decision making paradigms discussed in this dissertation, similar designs
can be adopted by constructing regressors from early and late discriminating components
to model the variability of sensory and decision evidence respectively. In addition, a regres-
sor based on pre-stimulus alpha power can be helpful for modeling the brain state during
perceptual decisions on a single-trial basis. This regressor enables us to find the spatial
characteristics of pre-stimulus oscillation and its interactions with post-stimulus sensory
encoding and evidence accumulation.

Furthermore, in the experiment that includes both visual salience and subjective value
factors we computed prediction errors based on EEG discrimination for indexing the feedback-
related neural activity. In the future, we plan to utilize this estimation of prediction error
to model BOLD responses of feedback. Our EEG source localization results suggest the
activation of ACC in assessing feedback, but it is of interest to know whether ACC or other
cortical /subcortical regions are associated with the variability of prediction error arises

from visual perception. This simultaneous EEG/fMRI approach will provide more spatial
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information which complements our current analysis.

7.2.2 Roles of oscillations in decision making

Our visual perception fluctuates across repeated presentations of an identical stimulus, and
these fluctuations are thought to reflect neuronal variability. There is a substantial re-
lationship between cognitive states and oscillatory brain activity. Neural oscillations and
synchronization have been linked to many cognitive functions such as information trans-
fer, attention, perception, and memory [40]. Neural oscillations can be characterized by
frequency, power, and phase. In previous chapters, we have illustrated the roles of alpha
power and exogenous SSVEP power in different time phases of perceptual decision making.
These power changes of oscillations are believed to result from changes in synchronization
within a neural ensemble. To further understand about the role of oscillations in decision
making, it is critical to assess other features of oscillatory activity.

Pre-stimulus alpha phase has also shown to be predictive of visual awareness and percep-
tion. Recent study has demonstrated that the phase of EEG ongoing oscillations strongly
influences whether or not a stimulus is perceived. Specifically, it is suggested that the phase
of ongoing oscillations may represent an indicator of perceptual cycles, such that a stim-
ulus appearing at the optimal phase would be optimally registered and perceived, while
at another phase it might be entirely missed [16]. Based on this idea, it is important to
investigate if this phase variation also indexes the quality of evidence accumulation during
perceptual decisions. Future research should check the relationship between pre-stimulus
phase and the single-trial variability of discriminating components. This analysis can pro-
vide more evidence to understand how brain state, indexed by pre-stimulus oscillation,
impacts perceptions.

Each individual frequency components of endogenous oscillation plays distinct role in
the integration of information for making decisions. For example, in this dissertation, we
have shown that fluctuations in the trial-to-trial variability of EEG components reflect
the waxing and waning of attentional states during perceptual decision-making. Alpha
power is believed to have very important functions in a variety of cognitive process since

recent studies have link it with inhibition mechanism that contributes to diverse biological
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and behavioral phenomena [19, [86]. Preliminary results in our reward experiment show a
difference in alpha band between high and low reward feedback (see Figure[7.2). This result
suggests a role of alpha oscillation in reward processing. Possible future work would use
reward prediction errors for indexing trial-to-trial variability of alpha oscillation. Moreover,
it should be pointed out that alpha is not the only oscillatory frequency implicated in
perceptual and value-based decision making. Recent work has indicated a link between
reward expectancy, theta activity and memory encoding [1,[199]. Theta activity before event
onset seems to be especially important for the encoding of motivationally significant stimuli
[59]. One hypothesis is that dopaminergic activity during reward anticipation mediates
frontal theta activity related to memory. In respect to feedback evaluation, theta oscillation
distinguishes feedback valence while beta oscillation is modulated by the reward probability
and magnitude [22] [61), 107]. Delta oscillations have also been implicated in the reward
functions of drugs of abuse [89], and have been suggested to play an important role in
anticipation and motivation [88 [I78]. Future work should investigate the event-related
oscillatory activity across a wide spectrum of frequencies and its association with perceptual

decisions.

7.2.3 Studies of the reward evaluation system in depressed patients

In the experiment of Chapter [, we assign different levels of reward to stimuli. This ex-
perimental design enables us to obtain feedback related neural activity that represents the
evaluation of previous decision. In healthy controls, we find STV of feedback related activity
significantly correlates with negative reward prediction error. Therefore, it is of interest to
study whether similar phenomena could be observed in patients with dysfunction of reward
system.

One core symptom of major depressive disorder (MDD) is a decreased experience of
pleasure or interest in previously enjoyed activities such as work or hobbies, and is accom-
panied by decreased motivation or drive. The brain reward system consists of the neural
pathways involved in eliciting rewarding experiences in animals and humans. One hypoth-
esis is that altered brain reward system function may be an underlying brain mechanism

of the loss of pleasure/interest experienced in MDD [121]. Since our results support the



CHAPTER 7. CONCLUSIONS AND FUTURE WORK 110

feedback

— High reward

Normalized Alpha Power
|
()]

-2
— Low reward
_2.5 1 : — 1 Il — 1 J
-400 -200 O ------------- 200 400 600 800
---------- High-Low z-score
e 196
-1.96

200 ms 300 ms 400 ms 500 ms

Figure 7.2: Time series of alpha band power from 400 ms before to 800 ms after feed-
back. Alpha power is normalized by the substracting the alpha power in resting state.
Post-feedback alpha power of trials with low reward feedback shows a strong reduction at
around 200-500 ms. Scalp topology shows the alpha power discrepancy between high and
low feedback is most significant in parietal and occipital regions. Increased alpha activity

following low reward feedback is also observed in some frontal sites at about 400 ms.



CHAPTER 7. CONCLUSIONS AND FUTURE WORK 111

idea that the feedback related potential is at least partly modulated by dopaminergic-based
reward prediction error signaling, we would expect a change in the association between
prediction error and feedback related neural activity.

We have started to collect simultaneous EEG/fMRI data from both participants with
MDD and healthy controls. Future analysis will focus on the discrepancy in behavioral per-
formance, feedback related potentials and BOLD responses between patients and healthy
controls. We will also integrate this analysis with a study on kappa opioid receptor (KOR)
using positron emission tomography (PET) scan. This will potentially provide more evi-
dence as to whether the levels of KOR are different in people suffering from depression and
how this might be manifested in differences in the particular neural correlates of value-based

decision making we have identified.

7.2.4 Computational models of value-based perceptual decision making

Understanding how perceptual salience and value information are combined to make de-
cisions is important. Previous study using simple shape stimuli showed that decisions are
affected by both variables in a manner that leads to the maximization of the expected re-
ward within each trial and are consistent with the predictions of an ideal Bayesian observer
[122]. Our experiment consists of more complex stimuli (e.g., faces, cars and houses) but
similar behavior performance is still observable. Future work should include a detailed
model that can predict the psychophysical performance.

According the the study that shows optimal strategy follows a Bayesian manner, we can

assume that subjects choose the location associated with the highest expected reward

E[R,)= Y  wP(T,=cls), zc{TLTR,BLBR}, (7.1)
ce{F,C,H}

where E[R;] denotes the expected reward at location z (e.g. Top Left, Top Right, Bottom
Left, Bottom Right) and v, denotes the value associated with face (F), car(C) or house
(H). P(T, = c|s) is the posterior probability of stimulus 7, occurring at location x and
vector s is an estimate of the stimulus feature of all locations. Using Bayes’ theorem

the posterior probability can be computed from the likelihood P(s|T, = ¢) and a prior
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probability P(T, = ¢)
_ P(s|T, = c)P(T, = ¢)

P(T, = cfs) = e , (7.2)
P(T, = F) = % P(T, = H) = % P(T, = C) = % (7.3)

The feature s, at location x can be estimated using 1-D Gaussian probability density
function s, ~ N (u = O(T), o). For simple stimuli, ©(T;) can be directly quantified based
on stimulus properties such as orientation angles or luminance intensity [122]. However for
face/car/house discrimination, a more complex transition function ©(7}) should be properly
chosen and multi-dimensional Gaussian probability density function is also needed to better
estimate the stimulus feature.

Another possible direction of the work is to create a model that can predict selection by
integrating sensory information from the current trial and feedback information of previous
trials. Though all trials are designed to be independent in terms of their salience and reward
levels, it is still possible that subjects bias their choices toward options with lower riskiness
according to their experience. In our experimental design, trials with incongruence between
salience and reward are more likely to be risky. Therefore, a more refined model would be

necessary to fully explain subjects’ actions.

7.2.5 Improving perceptual decision making via BCI systems

In natural environments, it is very difficult for humans to make optimal decisions. This is
attributed to the limitation of their ability to accurately perceive and interpret the external
environment, especially in the presence of complex stimuli or in the absence of sufficient
time to complete the visual parsing. In this thesis, we investigated some factors that impact
perceptual decisions and revealed the association between temporally distinct cognitive pro-
cesses of decision making. Given these psychophysiology findings, it would seem reasonable
to attempt to exploit these constituent processes to improve the decision making. Future
work on implementing a BCI system that integrates human behavioral and neural responses
may be a good extension of current research.

One potential approach is to utilize the BCI system to customize stimulus and feedback

presentation to achieve optimal behavioral performance for individual subjects. Chapter
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shows pre-stimulus alpha power is a good index of attention and fidelity of sensory encoding.
Therefore, through monitoring changes of alpha oscillations and altering stimulus delivery
correspondingly, decisions can potentially be made faster and more accurately. To optimize
the final decision output of the BCI system, the behavioral choice can be further integrated
with the output of artificial intelligence algorithms by adjusting the integration weights
based on EEG sensory evidence and decision evidence on a single-trial basis.

Some research has shown that group decisions are superior compared to individual de-
cisions in different contexts [82) [177]. This provides another direction of improving decision
performance via BCI systems. Many research groups have started to discuss the possibility
of integrating the “perceptions” from multiple observers as a means of achieving better joint
perception and better group decisions [39] [I5I], but most studies assigned equal weights
to all group members because of the lack of prior knowledge to their decision confidence.
This thesis, however, suggests many cognitive features that are potentially useful for calcu-
lating integration weights, such as neural correlates of pre-stimulus attention, sensory and
decision evidence, attention allocation during decisions and reward prediction error. Since
these measurements could be used as predictive of the accuracy or confidence of one’s re-
sponse, we can expect a BCI system with dynamic weights on individuals to produce better

decisions than a simple combination of individual decisions.
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