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Abstract

The attentional blink (AB) phenomenon refers to the failure to report the second target (T2)
if it appears 200-500 ms after the first target (T1) in a stream of rapidly presented images.
The present study aimed to investigate the neural representations of target processing under
conditions where AB does or does not occur. We recorded EEG and behavioral data while
participants viewed a rapid sequence of natural object images embedded with two face targets
presented at two lag conditions: lag 3 (targets were 252 ms apart) and lag 7 (targets were
588 ms apart). Consistent with AB, our behavioral results showed a lower T2 identification
accuracy in lag 3 compared to lag 7. We then used multivariate pattern analysis (MVPA) of
EEG data to extract the neural dynamics of target processing over time. Comparing the neural
representations of targets in the two lag conditions, we found that T1 processing coincided
with T2 processing, resulting in suppressed T1 and T2 late representations in lag 3, where
AB happened, but not in lag 7, where there was enough time between the two targets. Our
results also indicated that target representations were different between participants with a
strong AB effect (blinkers) and those with a weak AB effect (non-blinkers). These findings
carry significant implications for theories of attentional blink, highlighting the need for their

extension in order to account for naturalistic paradigms and new findings.
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Summary for Lay Audience

In this study, we investigated a fascinating phenomenon called the attentional blink (AB),
which occurs when people are unable to correctly identify a second target image (T2) in a
rapid sequential presentation of images if it appears shortly after the first target image (T1).
The objective of this study was to explore and compare how our brain processes targets during
AB. To achieve this, we measured brain activity and collected behavioral data from partici-
pants while they observed a rapid sequence of object images containing two face targets. T2
was presented either with a short delay (lag 3: T2 is item 3 after T1) or a longer delay (lag 7:
T2 is item 7 after T1) after T1.

Consistent with previous findings, we discovered that participants had lower accuracy in
identifying T2 when it appeared shortly after T1 (lag 3) compared to when there was more
time between them (lag 7). To better understand the underlying neural dynamics of the atten-
tional blink, we employed a technique called multivariate pattern analysis on the brain data.
This analysis allowed us to examine how the representations of target processing in the brain
evolved over time. By comparing the neural representations of T1 and T2 in the two lag condi-
tions, we observed that T1 processing interfered with T2 processing, leading to diminished late
representations of both targets in the lag 3 condition, where AB occurred. In contrast, in the lag
7 condition, where there was a greater temporal gap between the targets, this interference was
not observed, and the representations of both targets were relatively preserved. These findings
challenge current theories of attentional blink, as they cannot be easily explained by existing
models.

Overall, this study provides valuable insights into how our brains process multiple tar-
gets in rapid succession, shedding light on the attentional blink phenomenon. Understanding
these mechanisms can enhance our understanding of how the human brain perceives the ever-

changing visual world around us.
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Chapter 1

Introduction

1.1 Visual attention

In the blink of an eye, the surrounding environment bombards our brain with an overwhelming
influx of visual information, exceeding the brain’s capacity for simultaneous processing. Yet,
remarkably, we understand the visual world without investing much effort. This feat is possible
with a process that selects relevant information and filters out irrelevant information to help
us perceive what we see. Visual attention is the key to this process, as it helps our brain
selectively interpret the important parts of the visual information and ignore others by focusing
on certain aspects of the visual scenes (Carrasco, 2011). With this selective capability, attention
enables us to perform efficiently in spatial visual searches and pinpoint desired targets among
a multitude of distractors in mere fractions of a second (Treisman and Gelade, 1980). Even
during the sequential presentation of items in spatially overlapping locations, we are able to
identify and distinguish a specific target from distractors when each image is presented for
only a few milliseconds (Potter et al., 2014; Mohsenzadeh et al., 2018). However, with this
rapid presentation, it becomes challenging to identify subsequent targets that appear closely in
time. It is thus fascinating to explore the reasons behind this temporal limitation and discover
ways to optimize our cognitive processes over time. In this context, studying the temporal

limitations of visual attention can provide valuable insights.
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1.2 Attentional blink

To study how visual attention works in response to fast visual presentations, researchers have
used the rapid serial visual presentation (RSVP) (Hoffman et al., 1983; Schneider and Shiffrin,
1977). In an RSVP paradigm, several visual stimuli appear sequentially at the same spatial
location, typically the center of the screen, and each very briefly (e.g., for around 100 ms
per image). One or more targets that are visually different from other items are embedded
in the sequence. Early investigation into the temporal limitations of visual attention using
RSVP revealed that once two targets were presented in rapid succession, the identification of
the first target disrupted the identification of the second target for a subsequent duration of
around half a second (Broadbent and Broadbent, 1987), a phenomenon which is now known
as attentional blink (AB). The attentional blink phenomenon happens when participants fail to
correctly report two target images in rapid succession if the second target (T2) occurs within
200 to 500 ms of the first target (T1).

Raymond et al. (1992) were the first to introduce the term “attentional blink”. In their study,
many trials containing a series of black alphabet letter stimuli embedded with one white letter
as the first target were presented to the participants at the rate of 100 ms per stimulus. Some
trials contained the letter "X as the second target. Participants were asked to identify the first
target and the presence of the letter “X” subsequent to the first target. They found that in the
trials where T1 was reported correctly, T2 reporting accuracy was impaired significantly when
T2 was presented within 200 to 500 ms after T1. Moreover, they showed that the attentional
blink phenomenon is a deficit in our attention system rather than a sensory limitation since the
identification of T2 was improved when participants were asked to ignore T1.

Given the good temporal resolution of the human attention and visual system, the presence
of such a temporal limitation is intriguing. Therefore, many studies have investigated different
aspects of attentional blink and tried to find out the underlying mechanism of this attentional
deficit. The commonly used attentional blink paradigm is an RSVP at the rate of around 100

ms per item with two target images. The position of the second target relative to the first tar-
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get is called lag; for example, lag 3 means that T2 is the third item after T1. During a rapid
series of stimuli with two targets where each stimulus is presented for approximately 100 ms,
when T2 is presented at lag 2 (200 ms inter-target interval), lag 3 (300 ms inter-target inter-
val), and lag 4 (400 ms inter-target interval), participants exhibit significantly low performance
in reporting T2, indicating the occurrence of attentional blink in these short lag conditions.
However, as the lag condition increases to lag 5 (500 ms inter-target interval), lag 6 (600 ms
inter-target interval), and beyond, participants’ performance in reporting the second targets im-
proves, suggesting the absence of attentional blink in longer lag conditions (Raymond et al.,
1992; Einhduser et al., 2007; Tang et al., 2020). The following section provides an overview of
the two main categories of theories explaining the underlying mechanism of attentional blink.

Additionally, relevant research conducted to investigate attentional blink is discussed.

1.3 Theories of the attentional blink

One theory of attentional blink that was presented by Raymond et al. (1992) is the inhibition
model. They suggested that attentional blink occurs because of a mechanism that inhibits the
processing of post-target stimuli in order to reduce physical feature confusion (such as color)
between targets and distractors. They further explained that there are some attentional gates
that open to allow the first target to be identified, but close immediately afterward to prevent
interference from subsequent stimuli until the identification of the first target is complete. They
assumed that this process takes about 500 milliseconds, corresponding to the attentional blink
period.

However, in the subsequent years, Chun and Potter (1995) provided results that could not
be explained by the inhibition model. In their experiment, participants were asked to find
two black letters (targets) in a stream of black digits distractors, meaning that the targets were
chosen physically similar but categorically different from the distractors. They observed that

AB occurred even when there were no physical feature differences between T1 and the first
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distractor after T1. This led Chun and Potter (1995) to propose a two-stage model of attentional
blink, which suggests that a stimulus passes two stages of processing to be identified correctly.
In the first stage, a stimulus activates its stored conceptual representation, allowing for rapid
recognition of most items in an RSVP. However, this information is temporary and can be
replaced by subsequent stimuli. In the second stage, stimuli that are relevant to the task are
further processed and consolidated into working memory. According to this model, AB occurs
because of the limited capacity of the second stage, which causes the second target to wait until
the first target is processed and encoded into working memory. Similar models and theories
have since been proposed to explain attentional blink (Jolicceur and Dell’ Acqua, 1998; Potter
et al., 2002; Dehaene et al., 2003). All of these studies propose the limited capacity feature of
target processing which prevents T2 from consolidation in working memory when it is tied up
with T1 consolidation. Consequently, theories of central capacity limitations have dominated
the field for about a decade (Martens and Wyble, 2010).

The turning point came with a study conducted by Di Lollo et al. (2005). They conducted
an experiment with two cleverly designed conditions. In the first condition (uniform condition),
participants were asked to identify three consecutive black letter targets (T1, T2, T3) in a stream
of black digit distractors. In the second condition (varied condition), the middle target letter
was replaced by a digit distractor (T1, D, T3), and participants were asked to report both letter
targets and the middle digit. In the uniform condition, participants had no difficulty in reporting
T3 correctly, which contradicted the idea that the attentional blink occurs due to a depletion of
attentional resources for the previous targets. However, the reporting accuracy for T3 decreased
in the varied condition, when the second target was a digit instead of a letter. To explain these
results, Di Lollo et al. (2005) proposed that AB arises from a temporary loss of control over a
specific attentional set rather than a resource limitation. Thus, when the first item after T1 was
from the same category as T1, all targets were processed efficiently; on the other hand, when
the first item after T1 was chosen from a different category, AB occurred.

Furthermore, many studies provided evidence that the magnitude of the AB effect can be
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reduced by manipulating the experimental design, providing additional evidence in opposition
to the limited capacity theories. For example, a task-irrelevant visual motion or flicker can
attenuate AB effect (Arend et al., 2006). Also, it has been demonstrated that if a second target
is preceded by a distractor that shares a feature such as color with the second target, the AB can
be significantly reduced (Nieuwenstein et al., 2005). These findings have sparked new discus-
sions on whether the attentional blink is caused by limited processing resources or inefficient
attentional control since limited-capacity models struggle to explain why the performance of
reporting the second target improved in Nieuwenstein et al. (2005) study while there was no
difference in the first target reporting performance, as well as why third target performance is
not impaired in Di Lollo et al. (2005) study. As a result, newer studies provide support for
the hypothesis of the dysfunction in attentional control instead of the limited capacity model
(Olivers et al., 2007; Olivers and Meeter, 2008).

One of the recent studies in the line of work supporting the attentional control theories is
the ’boost and bounce theory of attentional blink” proposed by Olivers and Meeter (2008).
According to this theory, AB is a consequence of the dysfunctional gating of information into
working memory. They proposed that the process of working memory involves an input filter
that enhances the processing of stimuli that match the targets and inhibits distractor stimuli.
Thus, during a rapid presentation of stimuli with two targets, the input filter inhibits the dis-
tractors presented before T1 to prevent them from accessing working memory. When T1 is
presented, it is attentionally enhanced, allowing it to gain access to working memory. The
first distractor after T1 receives a strong attentional boost due to its proximity to T1; however,
the attentional enhancement of a distractor triggers a strong suppression or bounce of subse-
quent stimuli for around 500 ms, preventing distractors from entering working memory. This
suppression will prevent T2 to be attentionally enhanced and thus cause the attentional blink.

The new contradictory findings mentioned above motivated studies to investigate the inter-
action between attentional allocation and temporal processing to gain insight into the underly-

ing processes of the AB (See Yao and Zhou (2023) for a review of these studies). However, the
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mechanisms involved in the attentional blink phenomenon have yet to be discovered.

1.4 ERP analysis of attentional blink

In order to study the neural mechanisms underlying the attentional blink with a high temporal
resolution, researchers have used electroencephalography (EEG) to monitor the brain activity
of participants while they performed an attentional blink task. EEG provides a high temporal
resolution, meaning it can capture brain activity with great precision in time. Thus, it is well-
suited for studying rapid processes in the brain that occur in the order of milliseconds. One
approach to contrast EEG responses in different conditions is the event-related potential (ERP)
analysis.

ERPs show small voltages in the brain in response to specific stimuli (Sur and Sinha, 2009;
Blackwood and Muir, 1990) and they are computed by averaging EEG signals time-locked to
the onset of a target. ERPs consist of sequential peaks and dips, known as components that are
identified based on their polarity (positive or negative) and order of occurrence. For example,
P3 (or P300), a well-known ERP observed after the detection of a target, is a positive peak that
appears around 300 ms after the target onset. The key benefit of ERPs is that they enable re-
searchers to track the neural processes that take place after the onset of specific stimuli or events
and provide a continuous measurement (Zivony and Lamy, 2022). ERP analysis will provide
high temporal resolution information that results in a more comprehensive understanding of
neural processes underlying behavior when integrated with behavioral results.

The first two ERP components after a target onset during a rapid presentation of images are
P1 and P2 which indicate the early perceptual processing of the target. Most studies reported
no significant changes in either P1 or P2 after T2 onset, when AB happens (short lag conditions
such as lag 2 or lag 3) in comparison to when AB does not occur (longer lag conditions such
as lag 7 or lag 8) (Vogel et al., 1998; Batterink et al., 2012; Kranczioch et al., 2003). This

indicates that AB does not affect low-level perceptual processes (Zivony and Lamy, 2022).
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The next component that is associated with attentional engagement is N2pc (N2-posterior-
contralateral). The N2pc component usually arises between 180-300 ms after the onset of a
stimulus over the posterior regions of the brain (Zivony and Lamy, 2022). It is characterized
by a larger amplitude in electrodes positioned contralateral to the target’s location in the visual
field than those located ipsilateral to it. Consequently, the N2pc can only be detected when
the targets are presented laterally in the visual field. Attentional blink studies showed that the
N2pc component is reduced in shorter lags compared to longer lags (Pomerleau et al., 2014;
Verleger et al., 2009). These findings might suggest that the attentional engagement of the
target is impaired but not completely prevented during attentional blink.

The next component which has been studied the most is P3. The P3 is a positive deflection
that occurs approximately 300-500 ms after the onset of a stimulus over midline EEG channels
(such as Fz, Cz, or Pz). It is believed that P3 reflects processes related to target encoding
in working memory. Many studies showed a clear lag effect on the P3 amplitude (Dell’acqua
et al., 2003; Sessa et al., 2007; Vogel and Luck, 2002). As one example, Vogel and Luck (2002)
conducted an experiment consisting of multiple trials of rapid series of black letters embedded
with T1, a black digit, and T2, a white letter. Participants were instructed to report whether T1
was an odd or even number and whether T2 was the letter "E”. They observed that in the lag 3
condition, the P3 component after the onset of T2 was fully suppressed. They also showed that
when T2 was not masked with distractors, the P3 component was delayed in lag 3 (short lag)
but not in lag 7 condition (long lag).

Limited capacity theories can explain the suppressed or eliminated P3 component, as they
argue that the second target cannot reach working memory. On the other hand, attentional
control theories can explain the results related to both impaired P3 and N2pc components
through the disruption of attention. Both theories agree that the attentional blink does not
occur in the initial stages of processing which might explain why P1 and P2 components are
intact during attentional blink. Overall what we understand from ERP studies is that AB starts

to appear around 200 ms after the onset of T2; nonetheless, there is limited neural evidence for
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attentional blink and it is relatively inconsistent.

While ERPs provide valuable information about the timing of neural activity, they have
limited ability to capture the complex and simultaneous patterns of neural activity that under-
lie higher-order cognitive processes such as attention. Moreover, although ERPs can capture
the neural responses after a simple stimulus, ERP components can overlap in time making it
difficult to separate different components in multi-stage processes, especially in an RSVP task

where the processes of targets and distractors are overlapping in time.

1.5 Multivariate pattern analysis of attentional blink

Another approach to investigate the neural dynamics of target processing over time is the mul-
tivariate pattern analysis (MVPA) of EEG data. MVPA is a broad category of techniques for
studying neuroimaging data over space (fMRI) and/or time (EEG and MEG). What distin-
guishes these techniques is that the relationships between multiple variables (voxels in fMRI
data and channels in MEG/EEG data) are considered, rather than treated as independent mea-
surements (Grootswagers et al., 2017). One of the popular applications of MVPA is decoding
analysis. In neuroimaging, the term decoding refers to the prediction of a cognitive process or
experimental condition from brain data. MVPA can detect subtle differences in the temporal
pattern of EEG activity that cannot be captured by ERP analysis and can be used to decode the
neural representations of target processing based on these patterns.

A few recent studies used MVPA to study attentional blink (Meijs et al., 2019; Alilovi¢
et al., 2021). In Meijs et al. (2019) experiment, participants viewed several rapid sequences of
white alphabet letters with a green letter as the first target and the letters "D’ or ”K” randomly
as the second target. Participants were asked to report both targets. Their results indicate
that the identity of T2 (D or K) can be decoded using MVPA of MEG signals. Alilovic et al.
(2021) designed an RSVP stream using alphabet letters as distractors and digits as targets.

Similarly, they calculated targets’ and distractors’ neural representations using MVPA of EEG
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data. Moreover, they separated the trials into two groups: “T2 seen” where T2 was reported
correctly, and T2 unseen” where T2 was reported incorrectly. They observed that the early
processing of T2 did not change significantly in seen and unseen responses.

While these studies (Meijs et al., 2019; Alilovi€ et al., 2021) have successfully utilized mul-
tivariate pattern analysis to explore the neural dynamics associated with the attentional blink
phenomenon, important questions remained unanswered in this area of research. For instance,
itis unclear how neural representations differ when participants are presented with natural stim-
uli that resemble real-world visual scenes, as opposed to the commonly used letters and digits.
Naturalistic paradigms are more complex compared to traditional paradigms; thus, delving into
the study of these paradigms not only enables us to explore the differences in the AB effect be-
tween the two stimuli contexts but also facilitates the expansion of AB models to encompass
these intricate stimuli. Additionally, while neural representations of correct and incorrect tar-
get responses have been compared, neural representations of target processing across different
lag conditions have not been thoroughly investigated. Addressing the differences caused by
lag conditions is important in elucidating the temporal dynamics of target processing in atten-
tional blink which happens during the short inter-target intervals. The present study aimed to
address these questions and provide valuable insights into the neural mechanisms underlying
attentional blink. Answering these questions contributes to a deeper understanding of how
attention operates in complex visual environments and rapid events, which may enhance our

understanding of human cognition.

1.6 Study objective

The current study has two main aims. First, investigating the neural representations of target
processing in an attentional blink paradigm when targets and distractors are natural stimuli
rather than alphabet letters and digits traditionally used in attentional blink studies. By em-

ploying naturalistic stimuli, this study aimed to examine neural responses that are more rep-
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resentative of real-world scenarios. The second aim is to compare the neural representation
of target processing under conditions where attentional blink does or does not occur, short lag
and long lag conditions respectively. Thus, a comparison was conducted between the target
representations in lag 3 (short lag) and lag 7 (long lag).

To address these aims, an attentional blink paradigm was designed using rapid series of
object images embedded with two face targets, where each image was presented for 84 ms.
EEG and behavioral data were collected while participants viewed multiple trials of the RSVP
task, and they were asked to report both target faces at the end of each trial. MVPA of the EEG
data was used to investigate the temporal dynamics of neural representations for target 1 and
target 2 processing in lag 3 (short lag) and lag 7 (long lag) conditions. Specifically, a support
vector machine (SVM) classifier was trained to decode the neural activity patterns associated
with each target in each lag condition over time.

Moving forward to chapter 2, it offers a comprehensive exploration of the methods used in
this study, encompassing all the necessary details. Chapter 3 delves into the presentation of the
results. Finally, the last chapter is dedicated to a discussion, offering insights and interpreta-

tions of the findings in a broader context.



Chapter 2

Methods

2.1 Participants

Thirty-five healthy participants (17 female; age range: 18-35; mean = 22.8; STD = 4.2) took
part in the experiment. Three were excluded from the analysis due to their low performance
(Iess than 50% in first target identification accuracy) in the behavior task for a final sample of 32
participants. All participants were right-handed and had normal or corrected-to-normal vision,
they signed a consent form prior to the experiment and received compensation for their par-
ticipation. The study and all the procedures were approved by the Western University Health
Sciences Research Ethics Board (HSREB) team. The ethics approval letter is attached to Ap-

pendix B.

2.2 Procedure

Participants viewed multiple rapid series of natural object images and they were asked to iden-
tify two face target images embedded in the stream of distractor images. Following the stream,
two questions were presented consecutively to participants to report target images by pressing

a button.

11
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2.3 Design and stimuli

Target images were chosen from 16 face images (8 women and 8 men) from the Flickr Face
HQ dataset (Hebart et al., 2019) (Figure 2.1 A), and distractors were chosen among 220 ob-
ject images chosen from THINGS object concept and object image database (Karras et al.,
2019). Face images were chosen from a variety of ethnicities to reduce the effect of partici-
pants’ ethnicity. All face images displayed smiling facial expressions and forward gaze. Each
image was converted to grayscale and resized to 220*220 pixels using MATLAB functions.
Luminance matching was applied to all distractor images using the SHINE MATLAB toolbox
(Willenbockel et al., 2010). The stimuli were presented using MATLAB Psychtoolbox (Pelli
and Vision, 1997; Kleiner et al., 2007) on a 30-inch Dell monitor with 1200*1200 pixels reso-
lution and a refresh rate of 59.95 Hz. Participants were seated 70 cm away from the monitor,
and the stimuli covered 5 degrees of visual angle centrally on a gray background on the screen.

Each trial began with a 600-800 ms fixation (uniformly distributed) followed by a rapid
series of 15 images (13 distractors and 2 targets) each presented for 84 ms. The first target was
either item four or item six in the stream and the second target was item three or item seven
after the first target, resulting in two different lag conditions, lag 3 and lag 7. There were other
items after T2 to mask the second target. At the end of each trial, after a delay of 600-800 ms
(uniformly distributed), participants identified T1 and T2 respectively among 4 options with a
button press (Figure 2.1 B).

Each participant completed 22 runs. In each run, all 16 target images were randomly pre-
sented as T1 and T2, without repeating the same image for both targets. The same pair of
images were used in both lag 3 and lag 7 conditions; therefore, each run contained 32 trials and
the whole experiment session contained 704 trials. Prior to the experiment, participants viewed
all target face images, each for 1 second, and did a practice run of 32 trials to get familiar with

the task.
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Figure 2.1: Stimulus set and experiment design. (A) Face target images. Targets were chosen
from 16 face images, 8 women and 8 men. Face images were chosen from different ethnicities,
but they shared the same facial expression. (B) The structure of each trial. Each trial started
with a random fixation for 600 - 800 ms followed by 15 items: 2 targets and 13 distractors. Tar-
get images were randomly chosen from panel A images and distractor images were randomly
chosen from 220 natural object images. Each item (target or distractor) could be presented once
in a trial. T1 was presented randomly as item 4 or item 6 in the series and T2 was randomly
presented at lag 3 or lag 7, each on half of the trials. At the end of each trial, after a random
delay of 600 - 800 ms, participants were asked to report T1 and T2 respectively between four
options.
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2.4 EEG recording

The experiment was conducted in a sound attenuated dimly lit room designed for EEG exper-
iments. Continuous EEG was recorded using a 64-channel Biosemi Active-Two system fitted
with active-amplified electrodes. Data were recorded at a sampling rate of 2048 Hz and all

electrode impedances were kept below 20 k€.

2.5 Preprocessing

EEG data preprocessing was performed using the Brainstorm MATLAB toolbox (Tadel et al.,
2011). The data was filtered with a 0.5-30 Hz band pass filter and downsampled to a sampling
rate of 512 Hz. Bad channels were removed if they were outliers in the power spectral density
graph. Eyeblink and eye movement artifacts were corrected by Picard ICA (Makeig et al.,
1996). The data was segmented into two groups of trials with respect to the onset of T1 and
T2 (-200 ms to 1000 ms) with 200 ms pre-stimulus baseline correction. The trials containing
excessive movement artifacts were rejected manually, and the trials with incorrect T1 responses

were excluded as well.

2.6 MPVA: Decoding analysis

For each target in each lag condition, trials were labeled by their target face images. There were
a maximum of M = 22 repetitions for each of the 16 target faces. Using 64 EEG channels, each
time point t (from -200 to 1000 ms with 512 Hz sampling rate) at each trial included a pattern
vector of 64 measurements. Using a pairwise support vector machine (SVM) classifier, we
decoded the pattern vectors of each two target images at each time point (Chang and Lin,
2011). The classification accuracies for all time points were averaged over pairs resulting in
decoding accuracy time series (Figure 2.2).

In more detail, to calculate the decoding accuracy time series for T1 in the lag 3 condition,
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all trials with T1 onset and the lag 3 condition were grouped together and each trial was labeled
by the face image that was presented. Then for each time point, we performed pairwise SVM
classification on EEG pattern vectors. To improve the signal-to-noise ratio, M pattern vectors
of each label were divided into five folds, and pattern vectors within each fold were averaged,
resulting in five input observations per face target image and a total of 80 (16*5) input ob-
servations for the classifier (each contained one EEG pattern vector as input features at time
point t). Using the leave-one-out cross-validation method, four averaged pattern vectors were
assigned as the train set, and one as the test set. The cross-validation process was repeated 100
times with random assignments of pattern vectors into averaged folds. The output pairwise
classification accuracies were then averaged over all pairs to calculate T1 decoding accuracy,
at time point t, in the lag 3 condition. The same process was performed to calculate T1 decod-
ing accuracy in lag 7 and T2 decoding accuracy in the two lag conditions. Decoding analysis
was done separately for each participant and then averaged over all participants. The averaged
decoding accuracies for all participants over time were obtained to trace the neural dynamics

of T1 and T2 processing in lag 3 and lag 7 in EEG data (Mohsenzadeh et al., 2018).



CHAPTER 2. METHODS 16

EEG channels value at time t EEG pattern vectors per label
Trial 1
Trial 2
A AVAY/? Trial M
NAVAVAV é ! I
- |
1000 ms Channel value
Decoding accuracy over time SVM Pairwise Classification

Training set  Test set

200ms 0 t 1000 ms

Figure 2.2: Multivariate pattern analysis of EEG data. For each participant, we segmented
the EEG data into trials of 1200 ms, -200 ms to 1000 ms with respect to the target onset.
Each EEG pattern vector was the 64 EEG channel values at time point t of each trial, and
each target image was presented in M=22 trials, resulting in a maximum of M EEG pattern
vectors per target image (label) at time point t. An SVM classifier was then used to do pairwise
classification between EEG pattern vectors of all possible pairs of target images at time point t.
Classification accuracy at time t was calculated using leave-one-out cross-validation. Pairwise
classification accuracies were averaged over all possible pairs at each time point to calculate
the decoding accuracy time series.

2.7 Significant interval duration in decoding accuracy time
series

For statistical assessment of the significant interval duration in the decoding accuracy time
series (the time interval that the decoding accuracy was significant), we performed bootstrap

tests. 32 participants were bootstrapped 1000 times with substitution and each time the sig-
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nificant interval duration for the decoding time series was calculated using cluster correction.
To find whether there was any lag effect in the duration of the early significant interval in the
decoding accuracy time series, we calculated 1000 samples of difference between lag 7 and lag
3 significant interval duration for both T1 and T2. This resulted in an empirical distribution of
duration differences for each target. We evaluated the p-value as the proportion of bootstrap

samples that were less than zero.

2.8 MYVPA: Temporal generalization analysis

To look at the stability of the neural representations over time, we extended the SVM classifi-
cation procedure using a temporal generalization approach (Mohsenzadeh et al., 2018; Meijs
et al., 2019; King and Dehaene, 2014). We trained the SVM classifier on time point t and tested
it on all time points. To visualize a temporal generalization map, we used a 2D Matrix with
the x-axis denoting training time and the y-axis testing time. More specifically, for all pairwise
classifications, we trained the pairwise SVM classifier on time point t1 and tested it on time
point t2. The averaged classification accuracy over all pairs shows the [t1, t2] element of the
temporal generalization matrix (map). To reduce calculation time and visualize the temporal
generalization maps better, time points were limited to -100 to 800 ms with respect to the onset

of the target.

2.9 Correct versus incorrect T2 responses

To evaluate the difference between correct and incorrect T2 responses in lag 3 condition, we
separated all the trials into two groups of correct and incorrect based on whether T2 was iden-
tified correctly. We then conducted pairwise classification between correct and incorrect labels
to calculate the decoding accuracy time series for T2 responses. Since the number of correct
and incorrect trials were different, we randomly chose N trials from the bigger group (N is

the number of trials in the smaller group) before averaging the trials within each input fold to
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make sure there was the same number of trials in both the correct and the incorrect group. We
performed the bootstrapping 1000 times, ensuring that the signal-to-noise ratio was similar for
all input folds. The decoding accuracy time series for correct versus incorrect T2 responses in
lag 3 condition were calculated by averaging pairwise classification accuracies over bootstrap

repetitions.

2.10 Separating participants into blinkers and non-blinkers

To separate participants into two groups of blinkers and non-blinkers, for each participant we
calculated the difference between T2|T1 performance in lag 7 and lag 3. Based on the histogram
of the T2 performance difference between lag 7 and lag 3 we set a threshold (threshold = 3%).
The chosen threshold was greater than the standard error of T2|T1 reporting accuracy. If the
difference was greater than the threshold the participant was a blinker, otherwise the participant

was a non-blinker. We found 13 non-blinkers and 19 blinkers among 32 participants.

2.11 Statistical analysis

Statistical inference of MVPA analysis relied on clustered-based non-parametric statistical tests
(Maris and Oostenveld, 2007). We performed permutation-based cluster-size inference for sta-
tistical assessment of decoding accuracy time series and temporal generalization maps. The
null hypothesis was set at a 50% chance level. To find the significant time intervals (clus-
ters), the time series corresponding to participants were randomly sign-flipped and averaged
10000 times (permutations) to generate null distributions at each time point. By applying
a cluster-defining threshold, significant time points were calculated and adjacent time points
were grouped into clusters. The null distribution of maximum cluster sizes was estimated
by finding the maximum cluster size of each permutation. Then, by applying a significance
threshold, corrected significant clusters were calculated.

In all decoding analyses, we used 10000 permutations, 0.05 cluster defining threshold, and
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0.05 significance threshold. In temporal generalization analysis, we used 10000 permutations,

0.01 cluster defining threshold, and 0.05 significance threshold.
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Results

3.1 Behavioral performance reveals attentional blink

We calculated the participants’ average accuracy of reporting T1, and T2 given T1 had been
reported correctly (T2|T1) for the two lag conditions (Figure 3.1 A). We observed a signifi-
cant difference in T2|T1 accuracy between the two lags using a two-tailed paired-sample t-test
(N=32 participants; lag 3 accuracy: mean=70.59%, SE=2.22%; lag 7 accuracy: mean=75.75%,
SE=1.84%; t(31) = 4.9, p < 0.0001). This, in line with previous studies, indicated that AB
occurred in our study (Raymond et al., 1992). Moreover, there was a significant increase in
T1 accuracy in lag 7 compared to lag 3 (N=32 participants, lag 3 accuracy: mean=84.92%,
SE=1.52%; lag 7 accuracy: mean=88.29%, SE=1.38%; t(31) = 6.5, p < 0.0001). This find-
ing is similar to earlier studies highlighting that T1 reporting accuracy can vary at different lag

conditions (Olivers and Nieuwenhuis, 2006).

20
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Figure 3.1: Behavioral and decoding analysis results. (A) Accuracy of reporting targets for the
two lag conditions. T1 reporting accuracy is shown in blue, and T2|T1 (T2 given T1 identi-
fied correctly) reporting accuracy is shown in red. Circles show each participant’s reporting
accuracy. Error bars indicate standard error (SE). There was a significant effect of lag in T1 ac-
curacy (N=32 participants, two-sided paired-sample t-test, #(31) = 6.5, p < 0.001) and T2|T1
accuracy (N=32 participants, two-sided paired-sample t-test, #(31) = 4.9, p < 0.001). (B)
Decoding accuracy time series. Decoding accuracy time series of T1 (blue) and T2 (red) are
shown in lag 7 (upper graph) and lag 3 (lower graph) conditions. The vertical dashed lines
show the onset of T1 (blue) and T2 (red). The horizontal dashed line shows a 50% chance
level. The lines above the graphs are significant intervals that were calculated using one-sided
permutation tests and corrected with cluster correction (N=32 participants; cluster defining
threshold p < 0.05, corrected significance level p < 0.05, 10000 permutations). (C) Signifi-
cant interval duration in decoding accuracy time series for T1 (blue) and T2 (red). Error bars
indicate standard deviation (STD). There was no effect of lag in the duration of the early sig-
nificant interval of T1 decoding accuracy (N=32 participants, two-sided hypothesis test with
bootstrapping, 1000 permutation, p = 0.8) or T2 decoding accuracy (N=32 participants, two-
sided hypothesis test with bootstrapping, 1000 permutation, p = 0.08).
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3.2 Neural representations of target processing depend on
the lag between targets

Next, we aimed to determine if the neural representations of target processing exhibit a similar
pattern as the behavioral results. To compare the neural representations of target processing
in short and long lag, we calculated the decoding accuracy time series for T1 and T2 in lag
3 and lag 7 respectively (Figure 3.1 B) by performing SVM pairwise classification on EEG
pattern vectors of target images (See Methods section 2.6 for more information). It is worth
reiterating that all trials with incorrect T1 responses were excluded prior to the multivariate
pattern analysis.

In lag 7, decoding accuracy increased significantly as early as ~102 ms after the onset of
T1 and dropped to chance level (%50) after ~232 ms. The early rise in decoding accuracy
indicated that the target identity can be decoded from the EEG data, and neural responses were
resolved at the level of individual faces (Mohsenzadeh et al., 2018). After 400 ms of the T1
onset, decoding accuracy rose again indicating that T1 processing had continued for a longer
period of time (as long as ~600 ms after the T1 onset). At around 674 ms (~86 ms after
the onset of T2), T2 decoding accuracy started to increase significantly, while T1 decoding
accuracy dropped to the chance level. The early rise in T2 decoding accuracy took ~250 ms,
and then decoding accuracy decreased to chance level. At around 1000 ms after T1 onset, T2
decoding accuracy rose again, indicating T2 further processing similar to what we saw in T1
decoding accuracy time series.

The decoding accuracy time series of both targets presented two distinct stages of process-
ing. The early processing occurred approximately 100 to 300 ms after the target onset, while
the late processing happened after 400 ms. This is consistent with previous studies suggesting
that there are two stages of processing for a target (Chun and Potter, 1995). The early stage
happens as early as 100 ms after target onset, while the second stage of processing starts later

and extends for a longer time. Furthermore, few studies observed the two distinct processing
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stages using MVPA (Meijs et al., 2019; Alilovic¢ et al., 2021).

What we observed in lag 3 was different. In lag 3, T1 decoding accuracy rose significantly
at around 72 ms after the T1 onset and dropped to chance level after ~228 ms. The early rise in
decoding accuracy of T2 was observed significantly after ~100 ms of T2 onset and the signifi-
cant interval (the time interval that the decoding accuracy was significant) took around 156 ms
before T2 decoding accuracy dropped to chance level. The early rises in T1 and T2 decoding
accuracies were similar to the early rises we observed in T1 and T2 decoding accuracy time
series in the lag 7 condition, and it showed the discrimination of neural responses at the level
of individual face images in the brain. In contrast, there was no significant time interval in
either T1 or T2 decoding accuracy after 500 ms of T1 onset. This suggested that in the lag 3
condition, the subsequent processing of T1 and T2 was inhibited, preventing the targets from
progressing to the later stages of processing.

Comparing targets decoding accuracy time series in lag 3 and lag 7 conditions, first, we
observed that the first significant interval of T1 decoding accuracy was similar in lag 7 and lag
3 conditions (lag 7 significant interval duration: 232 ms; lag 3 significant interval duration:
228 ms); however, the first significant interval of T2 decoding accuracy was higher in lag 7
in comparison to lag 3 condition (lag 7 significant interval duration: 250 ms; lag 3 significant
interval duration: 156 ms). To find out whether there was any significant difference between
the early rise duration in lag 3 and lag 7 conditions, we performed bootstrap tests to calcu-
late the duration of the significant interval for each target in each lag condition (See Methods
section 2.7 for more information). We observed no significant lag effect in the duration of the
significant interval of T1 or T2 decoding accuracy (Figure 3.1 C) (N=32 participants, number
of permutations=1000, T1 lag 3 significant interval duration: mean=216.99 ms, STD=22.15
ms; T1 lag 7 significant interval duration: mean=193.68 ms, STD=21.47 ms; p = 0.8 not sig-
nificant), (N=32 participants, number of permutations=1000, T2 lag 3 significant interval du-
ration: mean=134.33 ms, STD=31.23 ms; T2 lag 7 significant interval duration: mean=194.31

ms, STD=27.64 ms, p = 0.08 not significant). This finding in line with previous studies indi-
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cated that attentional blink does not have much effect on the early processing of targets (Zivony
and Lamy, 2022; Meijs et al., 2019; Alilovi¢ et al., 2021). Our second and novel finding pro-
posed that in lag 3 condition, the condition that attentional blink happened, T2 early processing
coincided with T1 later processing, resulting in suppressed T1 and T2 late decoding accuracy.
Nonetheless, in the lag 7 condition, where there was enough time between two targets, a late
rise in decoding accuracy of both T1 and T2 can be seen, showing that targets were further
processed in this condition.

Together, these results suggested that the early stages of target processing (reflected by the
first rise in decoding accuracy time series) remained intact in the lag 3 condition (short lag con-
dition). However, the subsequent processing (indicated by the second rise in decoding accuracy

time series) was inhibited in lag 3 compared to the lag 7 condition (long lag condition).

3.3 Temporal generalization analysis confirmed the effect of
lag on target representations

Temporal generalization analysis enables us to delve deeper into how visual information is
transferred over time. Thus, instead of training and testing the classifier on the same time
point, we trained SVM classifiers on one time point and tested them on all other time points
to calculate the temporal generalization maps of T1 and T2 in lag 3 and lag 7 conditions (Fig-
ure 3.2). Similar to our observation in decoding analysis, in both lag conditions, significant
decoding accuracy for T1 and T2 started to appear as early as 100 ms of target onset indicating
that the individual target face images were decoded using EEG data.

In lag 7 condition, we observed a narrow diagonal pattern in T1 temporal generalization
map from ~100 ms to ~300 ms (Figure 3.2A). The diagonal decoding pattern demonstrated a
rapid sequence of distinct neural processes that evolved over time (King and Dehaene, 2014;
Mohsenzadeh et al., 2018). Later in time, an off-diagonal square-shaped pattern can be ob-

served in the temporal generalization map of T1. This pattern appeared to be weaker compared
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to the earlier time; however, it was significantly above the chance level (50%) between ~500
to ~600 ms after the target onset. The square-shaped pattern reflected that the decoding was
extended in time and the neural representations of target processing were more sustained in
this stage in contrast to the early stages where the neural representations were transient (Meijs
et al., 2019). Upon examining the diagonal of the temporal generalization map for the second
target in lag 7 condition, a consistent trend became evident (Figure 3.2 B). T2 decoding accu-
racy increased as early as ~100 ms after the target onset and then declined after approximately
200 ms. In the later stages, a square-shaped decoding pattern can be observed, which exhibited
significance around 500 to 600 ms after the target onset showing the extended processing of
the second target.

In the lag 3 condition, we observed a narrow diagonal pattern in the temporal generalization
map of both T1 and T2 early in time (100 ms to 300 ms) (Figure 3.2 C, D), similar to what
we found in the lag 7 condition. However, the decoding pattern was smaller and more limited
to the diagonal for the second target. We could not see any significant square-shaped pattern
in the temporal generalization maps later in time which indicated that the later processing of
T1 and T2 in lag 3 was suppressed. In particular, the processing of T2 appeared to be more
suppressed compared to T1 due to its narrower decoding pattern in the temporal generalization
map.

Comparing lag 7 and lag 3 temporal generalizations maps of T1 and T2, we found that the
early processing of targets happening between 100 ms to 300 ms of target onset was similar be-
tween lag 3 (AB condition) and lag 7 conditions. However, the later processing was suppressed
in lag 3, but not in lag 7 as a broader decoding pattern can be seen in lag 7 condition for both
targets. These findings are consistent with what we found in the decoding analysis (Results
section 3.2), confirming that the early target processing remained unchanged regardless of lag

condition, but higher-level processing was inhibited during attentional blink.
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Figure 3.2: Temporal generalization maps. Temporal generalization maps for T1 (A) and T2
(B) in lag 7 condition. Initially, a slender diagonal pattern emerged, which later transformed
into a wider square-shaped pattern. Temporal generalization maps for T1 (C) and T2 (D) in
lag 3. Only narrow diagonal patterns emerged early in time. Warmer colors indicate higher
decoding accuracy. Black vertical and horizontal lines show the corresponding target onset.
Significant clusters, shown with a black contour were calculated using one-sided permutation
tests and corrected with cluster correction (N=32 participants; cluster defining threshold p <
0.01, corrected significance level p < 0.05, 10000 permutations).
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3.4 Early target representations are not affected by T2 iden-
tification

To calculate the decoding accuracy time series for T2, we used all T2 trials regardless of correct
or incorrect responses. This raises the question of how the neural representations differ between
correct and incorrect T2 responses. To answer this question, we separated the trials based on
whether T2 was reported correctly and then calculated the decoding accuracy time series for
correct versus incorrect T2 responses in lag 3 condition, the AB condition. We observed that
decoding accuracy was at chance level until 400 ms after T2 onset indicating that the early
processing of correct and incorrect responses were similar (Meijs et al., 2019; Alilovic et al.,
2021). However, the decoding accuracy of correct versus incorrect responses rose significantly
from around 500 ms to 800 ms, showing that late stages of processing differed between correct

and incorrect T2 responses (Figure 3.3 A).

3.5 Blinkers and non-blinkers exhibit different target repre-
sentations

Finally, we aimed to investigate the individual differences in our attentional blink paradigm.
It has been previously shown that the performance of individuals in an AB task varies to the
extent that some individuals show no AB at all (Willems and Martens, 2016). Consequently,
we can categorize the participants into two distinct groups: “blinkers” who demonstrate AB
effect in their behavior performance, and “non-blinkers” who show small or no AB effect in
their behavior performance.

According to previous studies, attentional blink is defined as a significant change in T2
performance when the two targets are presented in close temporal succession. Thus, we sep-
arated participants into two groups based on the difference in target identification accuracy

between lag 7 and lag 3 (Colzato et al., 2007; Arnell et al., 2010). We set a threshold for this
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difference, if the accuracy difference was higher than 3% then the participant was a blinker;
otherwise, the participant was a non-blinker. The average accuracy difference was higher in
blinkers compared to non-blinkers (Blinkers: N=19 participants, mean=8.85%, SE=0.99%;
Non-blinkers: N=13 participants, mean=-0.22%, SE=0.95%). We separately calculated the
decoding accuracy time series of T1 and T2 for blinkers and non-blinkers in lag 3 and lag 7
conditions (Figure 3.3 B-E).

We observed that the magnitude of the first rise in the decoding accuracy of both T1 and
T2 was higher in non-blinkers in comparison to blinkers, especially in lag 3 condition (AB
condition). Since the number of participants in the blinker and the non-blinker groups were few
and different, we could not compare blinkers and non-blinkers decoding accuracy time series
quantitatively, but this finding might indicate that target images were discriminated better in
non-blinkers’ brains. Moreover, in the lag 3 condition (Figure 3.3 D), after the early rise in the
decoding accuracy of T1, a significant interval in the decoding accuracy of non-blinkers can
be seen around 400 to 600 ms after the target onset, but there was no such rise in decoding
accuracy of the blinkers.

Comparing the decoding accuracy of blinkers and non-blinkers in lag 3, we first found that
non-blinkers decoding accuracy magnitude was higher than blinkers during the early rise of the
decoding accuracy. This might indicate that non-blinkers were better at target discrimination.
Second, the late significant interval in non-blinkers decoding accuracy time series for T1 in
lag 3 condition revealed that the interference between T2 and T1 in non-blinkers was less
pronounced during attentional blink compared to blinkers. These findings may suggest that

non-blinkers are able to process targets more efficiently.
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Figure 3.3: Decoding analysis for T2 responses and blinkers and non-blinkers. (A) Decoding
accuracy time series for correct versus incorrect T2 responses in lag 3 condition (N=32). De-
coding accuracy time series of T1 in lag 7 (B) and lag 3 (D) for blinkers and non-blinkers. Dark
blue graphs indicate the blinker group (N=19 participants) and light blue color shows the non-
blinker group (N=13 participants). Decoding accuracy time series of T2 in lag 7 (C) and lag 3
(E) for blinkers and non-blinkers. The dark red color indicates the blinker group and the light
red color shows the non-blinker group. The vertical dashed lines show the corresponding target
onset. The horizontal dashed lines show a 50% chance level. The lines above the graphs are
significant intervals that were calculated using one-sided permutation tests and corrected with
cluster correction (cluster defining threshold p < 0.05, corrected significance level p < 0.05,
10000 permutations).
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3.6 Results summary

First, we found a significant effect of lag in T2 identification accuracy (attentional blink) and
T1 identification accuracy indicating that both T1 and T2 processings were affected by lag
conditions. Second, we compared the neural representations of targets in lag 3 and lag 7, and
we found that T1 and T2 processings interfered with each other in lag 3 but not lag 7 which can
explain why attentional blink occurs in short lag conditions. We then confirmed this finding by
analyzing the temporal generalization maps of target processing. This analysis confirmed the
suppressed processing of targets in lag 3 while revealing sustained processing of later stages
in lag 7. Furthermore, we found that the early processing of targets was intact during the
attentional blink; however, the later processing was suppressed. We observed the same pattern
comparing correct and incorrect T2 responses. The first stages of processing were similar in
correct versus incorrect T2 decoding accuracy; however, the later stages could be discriminated
by decoding analysis. Third, we compared blinkers and non-blinkers target representations and
observed that the early rise in decoding accuracy was stronger in non-blinkers. Moreover, T1
and T2 processing coincided less with each other in lag 3 in non-blinkers which may explain

why non-blinkers show no or small AB effect.
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Discussion

The present study aimed to contrast the neural dynamics associated with target processing un-
der conditions where attentional blink does or does not occur. We used an attentional blink
paradigm with two face targets and two lag (inter-target interval) conditions: a short lag con-
dition expected to induce the attentional blink, and a long lag condition, where the attentional
blink is expected not to happen. We collected EEG and behavioral data from participants as
they engaged in a task involving the identification of two face target images within a rapid
stream of natural object distractors. Using multivariate pattern analysis of EEG data we calcu-

lated the neural representations of target processing over time under the two lag conditions.

4.1 Target identification accuracy depends on lag

At the behavioral level, we observed a significant impairment in the second target identifi-
cation accuracy in lag 3 confirming the attentional blink phenomenon. Intriguingly, we also
observed a similar pattern of decline in the identification accuracy of the first target. This find-
ing indicated that the first target processing might be influenced by the time interval between
targets. Previously, T1 identification accuracy has been used as a baseline for T2 identification
accuracy to determine whether AB occurred in a study (Chua, 2005; McLaughlin et al., 2001).

However, according to MacLean and Arnell, 2012, the use of T1 identification accuracy as a

31
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baseline in studies where the identifying tasks for T1 and T2 differ is not appropriate. Addi-
tionally, based on our results, even when the identifying tasks for both targets are the same, the
T1 identification accuracy may vary across different lags. Therefore, the traditional practice
of using T1 identification accuracy as a baseline to evaluate attentional blink may not be ap-
plicable in all experiments. Furthermore, our findings emphasize the importance of exercising
caution when generalizing previous findings from basic stimuli to make predictions regarding

visual performance under more naturalistic conditions (Einhduser et al., 2007).

4.2 MYVPA of EEG data uncovered the impact of lag on tar-
get representations.

We presented a series of multivariate pattern analyses, in which we first found that the identity
of individual faces can be decoded reliably using EEG data. It is important to note that the target
stimulus set we used shared several features such as grayscale color and facial expression;
therefore, the maximum decoding accuracy magnitude was relatively low (~ %56). Moreover,
comparing target representations across lag 7 and lag 3, we found that the early processing of
both T1 and T2 was highly similar in the two lag conditions. This might suggest that attentional
blink does not affect the early processing of targets. However, we observed a chance level
decoding accuracy after 300 ms of the target onset in lag 3, indicating that the later processing
of targets was suppressed in lag 3, where attentional blink occurs, but not in lag 7. In lag 7, on
the other hand, where there was an additional time between the two targets, another significant
rise (later processing stages) could be seen in the decoding accuracy of targets around 400 to
600 ms after the target onset. The similar pattern of T1 and T2 decoding accuracy in lag 3 and
lag 7 suggests that both T1 and T2 processing were inhibited when they emerged closely one
after the other.

Our results are in opposition to the limited-capacity theory, which suggests that our at-

tention system’s resources become occupied with processing the first target during a rapid
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presentation of images; as a result, there are insufficient resources for processing the second
target, which causes the attentional blink (Dux and Marois, 2009). In certain models within
this category, it has been proposed that T2 processing should be delayed until T1 processing
is completed. However, in situations where there is limited time between stimuli (short lag
conditions), T1 processing may not have sufficient time to finish before the arrival of T2; as a
result, T2 cannot be adequately processed, leading to attentional blink (Chun and Potter, 1995;
Marti et al., 2012). In our results; however, the early stages of target processing can be seen
for both targets in the lag 3 condition. Furthermore, both targets’ late processing was restricted
which suggests that the available resources are engaged with both targets simultaneously rather
than completing the first target processing before starting the second target processing.

Moreover, we confirmed the suppression of target representations beyond 300 ms of tar-
get onset (later stages of processing) by evaluating the temporal generalization results. The
temporal generalization maps showed a narrow diagonal pattern around 100 to 300 ms after
the target onset indicating that the target representations evolve transiently in the first stages of
processing. Later in time, there was a broad square-shaped pattern in the temporal generaliza-
tion of targets in the lag 7 condition, suggesting the involvement of higher-level processes in
target identification. In contrast, such patterns cannot be seen in the lag 3 condition, indicating
that the high-level processes are suppressed during the attentional blink condition. Similar to
decoding analysis results, these findings imply that both T1 and T2 representations are more
sustained when there is enough time between the targets (lag 7) which is contrary to the limited
capacity models of the attentional blink. Previous studies also suggested a similar pattern in
the temporal generalization maps of T2, when T2 was a letter or digit image (Meijs et al., 2019;
Alilovi¢ et al., 2021). Decoding analysis and temporal generalization analysis are in line with
behavioral results, showing the impairment of T1 and T2 identification accuracy in the lag 3
condition compared to the lag 7 condition.

In the next step, we investigated the difference between neural representations of correct

and incorrect responses of the second target. To do so, we divided the trials into two groups and
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labeled them based on the correct or incorrect T2 responses. Subsequently, we calculated the
decoding accuracy of correct versus incorrect responses. We observed no significant difference
between correct and incorrect T2 responses at early times indicating that early processing of the
target 1s intact regardless of correct identification of target (Meijs et al., 2019; Alilovi¢ et al.,
2021). Nonetheless, a significant difference can be seen later in time from ~500 to ~800 ms,
meaning that the late stages of processing were different when participants correctly identified
the second target.

Taking these results into account, we observed two stages of processing in the neural repre-
sentations of face targets in an attentional blink paradigm with natural stimuli. This is aligned
with previous studies that used an attentional blink paradigm with basic stimuli (such as digits,
letters, or objects without background) (Kaiser et al., 2016; Alilovi¢ et al., 2021; Meijs et al.,
2019). The early stage, which appeared as a significant rise in the decoding accuracy of the
targets, started as early as 100 ms and continued until 300 ms after the target onset. This early
processing was not significantly different for T1 and T2 in lag 3 and lag 7 conditions, meaning
that the early target processing was not affected by attentional blink. One possible implication
could be that the early stages of target processing are processed unconsciously; thus, regard-
less of the lag condition or target location in a rapid series, early processing occurs similarly.
In our findings, the early stage was even similar between correct and incorrect T2 responses,
confirming that the immediate processes following the target onset occur unconsciously. The
second stage of processing can be seen around 400 to 600 ms after the target onset only in lag
7 condition, showing that this stage of processing is affected by attentional blink. Therefore,
the late stages of processing might be associated with the conscious identification of the target.
Additionally, we observed that this late pattern in the neural representations of the target was
similar for both T1 and T2, indicating that the late stages of both targets’ processing in an
attentional blink paradigm depend on the time interval between the two targets.

Our findings contradict the limited-capacity theories, which propose that the attentional

blink results from the constrained capacity or resources in the working memory (Jolicceur and
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Dell’ Acqua, 1998; Potter et al., 2002; Dehaene et al., 2003). Instead, our findings are more
in line with attentional control theories (Nieuwenstein et al., 2005; Olivers and Meeter, 2008;
Olivers et al., 2007). These theories posit that the attentional blink transpires due to the in-
terference of targets and distractors’ attentional sets. Attentional control theories provide the
explanation of why T1 representations, just as T2 representations, were suppressed in the lag 3
condition. Although our results do not directly investigate the impact of distractors on the neu-
ral representations of targets, it would be interesting for future studies to explore and compare

the neural representations of both distractors and targets, as well as their potential interactions.

4.3 Target representations are different between blinkers and
non-blinkers.

We aimed to examine the individual differences in our study; thus, we divided our participants
into two groups: blinkers, who show a strong AB effect, and non-blinkers, who show a small
AB effect in their behavior results. Previous studies examined individual differences in atten-
tional blink using ERP analysis of EEG data (Martens et al., 2006; Troche and Rammsayer,
2013). Martens et al., 2006 found a delayed P3 component in ERPs of blinkers, and they sug-
gested that non-blinkers have a faster ability to consolidate the identity of targets. Furthermore,
Troche and Rammsayer, 2013 showed that the P3 component is suppressed during attentional
blink.

We found that non-blinkers neural representations were stronger in the early stages of pro-
cessing which may explain why non-blinkers are better at distinguishing targets. Moreover,
we observed a significant peak in the decoding accuracy of T1 in the lag 3 condition in non-
blinkers. This means that the first target was further processed in non-blinker groups and the
interference between the two targets was less observed. It is important to note that the number
of participants in the two groups of blinkers and non-blinkers was not identical and the sample

size was small; therefore, we could not compare them quantitatively. However, it would be
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an interesting complementary study to contrast blinkers and non-blinker neural representations

with a higher sample size to find out why the effect varies among participants.

4.4 Conclusion

In conclusion, first, we demonstrated that the neural representation of face targets in a rapid se-
rial visual presentation of natural object images can be decoded from neural activity measured
by EEG. Second, we showed that the late neural representations of targets are suppressed if
the second target is presented within 200 - 500 ms of the first target, the attentional blink pe-
riod; thus, both the first and the second target identification accuracy is reduced. On the other
hand, the early representations of targets are similar regardless of the targets’ lag and/or the
behavioral performance of participants. Third, we observed that the neural representations of
face processing might be stronger in non-blinker participants than in blinkers. Our findings
contradict early theories of the attentional blink, such as limited capacity theories. Instead, our
results are more in line with attentional control theories. However, further research is needed

to fully determine the extent to which our findings support attentional control theories.

4.5 Limitation

While this study has provided valuable insights into understanding the attentional blink phe-
nomenon, it is important to acknowledge several limitations that could have influenced the
outcomes.

To begin with, we examined the targets decoding accuracy time series in lag 7 and lag 3,
comparing them against chance levels, and identifying statistically significant time points. Nev-
ertheless, a direct contrast between decoding accuracy at lag 7 and lag 3 was challenging due
to the minimal effect size, as the difference in decoding accuracy magnitude between lag 3 and
lag 7 was very small. A direct comparison between the decoding accuracy time series in the

two lag conditions can enhance the robustness of our finding. Secondly, another limitation was
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encountered in the separate analysis of correct and incorrect T2 responses. The presence of a
few incorrect trials, particularly within the lag 7 condition, limited our ability to investigate the
decoding accuracy time series for correct and incorrect T2 responses separately within each
lag condition. Instead, we compared all correct responses to all incorrect T2 responses in lag 3
condition (See Methods section 2.9).

Furthermore, in examining individual differences, we categorized participants into two
groups (blinkers and non-blinkers) resulted in relatively small sample sizes for each group.
This limited the statistical power of decoding analysis for blinkers and non-blinkers; as a re-
sult, we have not compared them statistically, but a robust comparison might be achieved with
a larger sample size. Lastly, there was a limitation in our approach to participant inclusion.
Prior to the multivariate pattern analysis, we removed all trials with T1 incorrect responses;
thus, we excluded participants who exhibited less than 50% T1 reporting accuracy. While this
decision was made to ensure data quality, it led to the exclusion of a subset of participants (3
out of 35).

Addressing these limitations in future research endeavors could potentially yield more com-

prehensive results and advance our understanding of this area of research.
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Appendix A

Results Appendix

To see the differences between correct and incorrect T2 responses, a better approach, instead
of the method we used in section 2.9, is to examine the decoding accuracy time series of T2
correct and incorrect responses separately (See Discussion section 4.5).

To compare correct and incorrect T2 responses separately in the lag 3 condition, we added
correct or incorrect labels to the trials in T2 and lag 3 condition based on whether T2 was
identified correctly. We followed the same process described in the Methods, decoding analysis
section 2.6 to calculate the decoding accuracy time series for correct and incorrect T2 responses
in lag 3 conditions. Since the number of correct and incorrect trials varied across labels we
bootstrapped the trials before sub-averaging to make sure the signal-to-noise ratio is similar
for all input folds. The decoding accuracy time series for correct and incorrect T2 responses
in the lag 3 condition were calculated by averaging pairwise classification accuracies across
correct labels and incorrect labels respectively.

The decoding accuracy time series for correct and incorrect T2 responses are shown in Fig-
ure A.1. We observed a similar early rise in the decoding accuracy of the correct and incorrect
responses, indicating that early processing was almost intact during the attentional blink (Meijs
et al., 2019; Alilovi¢ et al., 2021). However, the early rise was weaker in incorrect responses.

This might be because of the few number of incorrect trials in decoding analysis or it might

46



CHAPTER A. RESULTS APPENDIX 47

indicate that the early processing was slightly suppressed when participants did not identify the
target correctly. Furthermore, a late rise in decoding accuracy can be seen for correct responses
but not for incorrect responses, showing that the processing of T2 was continued when partici-
pants identified the target correctly. However, T2 was not further processed when participants
did not identify it.

Taking the findings into account, we observed that the early processing in correct and incor-
rect T2 responses did not differ much; however, the later processing can be only seen in correct
responses decoding accuracy time series (Meijs et al., 2019; Alilovic€ et al., 2021). It is impor-
tant to reiterate that there were a few incorrect T2 responses; consequently, the classifier had
limited training samples, resulting in a considerable amount of noise in the obtained results.
Due to this limitation, we were unable to make a comprehensive comparison between correct
and incorrect T2 responses decoding accuracy time series using this method. As a result, it is
recommended that future studies use more repetitions per target image if they aim to compare

correct and incorrect neural representations of the target.
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Figure A.1: Decoding accuracy time series for correct (green) and incorrect (yellow) T2 re-
sponses in lag 3. The vertical dashed line shows the T2 onset. The horizontal dashed line
shows a 50% chance level. The lines above the graphs are significant intervals that were calcu-
lated using one-sided permutation tests and corrected with cluster correction (cluster defining
threshold p < 0.05, corrected significance level p < 0.05, 10000 permutations).
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Ethics Approval

Figure B.1 Shows the ethics letter approved by Health Science Research Ethics Board (HSREB).

The application was submitted through Western Research Ethics Manager (WREM).
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