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ABSTRACT

NEURAL DYNAMICS UNDERLYING PERCEPTUAL
DECISION-MAKING: AN EEG STUDY USING
BIOLOGICAL MOTION DIRECTION
DISCRIMINATION TASK

Osman Cagr1 Oguz
M.S. in Neuroscience
Advisor: Burcu Aysen Urgen
July 2025

Perceptual decisions constitute the core of most interactions with the environ-
ment and are modeled with the basic assumption that noisy evidence is accumu-
lated over time until a certain bound is reached. The centro-parietal positivity
(CPP), has been shown to reflect accumulation-to-bound dynamics in human
EEG studies. Although CPP has been validated in various tasks, biological
motion perception has not been investigated thoroughly in the context of per-
ceptual decision-making. Here we employed a design similar to widely employed
random-dot motion tasks, where the stimuli were presented in a continuous visual
stream. In particular, scrambled motion control stimuli were transitioned into tar-
get point-light displays of human walkers in a two-alternative forced choice task of
reporting walking direction. It has been shown that CPP displays characteristics
expected by the hidden decision variable occurring through evidence accumu-
lation dynamics, including a build-up rate scaling with the evidence strength
and reaching a common level near decision reports. Moreover, CPP differenti-
ates between correct and invalidly responded trials, shows predictive qualities for
reaction times, and covaries with the drift rate parameter estimates after drift-
diffusion model fitting. In addition, investigation of the pre-stimulus attention
levels and biological-motion specific signals revealed that pre-target attention
might exert its influence on the decision-making process with the enhanced qual-
ity of higher-level visual encoding following the target stimulus. As a result, our
study extended the previous findings on CPP into the biological motion literature

and provided an overview of the neural dynamics for perceptual decisions.

Keywords: Perceptual decision-making, drift-diffusion models, centro-parietal
positivity, biological motion perception.
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OZET

ALGISAL KARAR VERME SUREQLERININ ALTINDA

YATAN NORAL DINAMIKLER: BIYOLOJIK
HAREKET YON AYRIMI DENEYIYLE BIR EEC
CALISMASI

Osman Cagr1 Oguz
Norobilim, Yiiksek Lisans
Tez Danigmani: Burcu Aysen Urgen
Temmuz 2025

Algisal kararlar cevreyle olan etkilesimlerimizin temelinde yer alir. Bu karar
siirecleri, temel varsayimi giirtiltiilii duyusal kanitin belirli seviyeye kadar biriktir-
ilmesi olan modeller araciligiyla incelenmektedir. Algisal kararlarin altinda yatan
dinamikler insanlarda da EEG araciligiyla gozlemlenmis ve bu olaya iligkin potan-
siyel centro-parietal pozitiflik (CPP) olarak isimlendirilmigtir. Bu varsayimlar
ve CPP cesitli deneylerle dogrulansa da biyolojik hareket algisi baglaminda
heniiz genig kapsamli incelenmemistir. Bu caligmada, ekranda siiregelen bir
gorsel uyaranin oldugu ve hedef uyaranlara kesintisiz bir gekilde gecis yapildigi
bir tasarim kullanilmigtir. Bu deney dizayni, yaygin olarak kullanilan rastgele
nokta hareketi deneylerinden esinlenilmistir. Bu baglamda, karigtirilmig hareketi
takip eden nokta-igik uyaran geklinde insan hareketi gosterimleri kullanilmigtir.
Katilimcilarin iki alternatifli zorunlu se¢im gorevinde yiiriime yoniinii tayin et-
meleri beklenmistir. CPP’nin kanit birikiminden ortaya cikan karar degiskenini
yansittigl, duyusal kanitin giiciiyle olgeklenen bir artig orani ve karar bildirme
zamanina yakin bir ortak genlik seviyesine ulagmasiyla gosterilmigtir. Ek olarak,
CPP deney igerisindeki dogru ve gecersiz cevaplar arasinda ayrim gostermis,
karar siiresini tahmin edebilmis ve diflizyon-siiriiklenme modeli ¢iktilarindan
siiriiklenme orani parametresiyle pozitif yonde iligkilendirilmistir. Ayrica, hedef
uyaran oncesi dikkat seviyeleri ve biyolojik hareket algisina 6zgi sinyaller ince-
lenmistir. Hedef 6ncesi dikkatin, takip eden geligsmis gorsel isleme arabulucuguyla
karar verme siireci iizerindeki etkisi goriilmiigtiir. Sonug olarak, ¢aligmamiz CPP
hakkindaki onceki bulgular1 biyolojik hareket literatiiriine genisletmis ve algisal

kararlarin altinda yatan farkl dinamikleri ortaya ¢ikarmigtir.
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Chapter 1

Introduction

1.1 Perceptual Decision-Making

Perceptual decisions have key importance for most interactions with the envi-
ronment. Its functional significance includes the detection and interpretation of
objects and navigation in space. Imagine a common everyday situation, seeing
a pedestrian approaching you while walking on a sidewalk. In order to avoid
collision, you must decide how fast and in which direction to move based on the
sensory information coming from various sources, such as motion trajectory, body
posture, or even emotional expression in potentially threatening situations. In
case the view is obscured by the surrounding irrelevant objects or if you have lim-
ited attentional resources at the time, reaching perceptual decisions becomes more
challenging. This example illustrates the importance of investigating perceptual
decision making as the brain should quickly perceive and evaluate complex, noisy

sensory information.

To understand how the brain transforms noisy sensory input into evidence
for decision alternatives, researchers developed computational models under the

umbrella term of sequential sampling models (SSMs). These models share the



basic assumption, known as accumulation-to-bound [1], and view the sensory evi-
dence as being noisy and variable. To reach reliable decisions, the optimal system
should reduce the variability resulting from the noisy inputs. In this respect, at
the core of these models lies the idea that sensory evidence is gradually integrated
over time until a certain threshold is reached. Once this boundary is crossed, a
choice is made, and a response that conveys the decision report is initiated. The
integration view has been challenged with the claims that non-integration strate-
gies may also give rise to similar predictions regarding the behavioral patterns.
However, the opposing views are addressed by devising different variants of the
random-dot-motion (RDM) task, which is the most common paradigm for study-
ing simple perceptual decisions, to disentangle the proposed alternatives. These
displays accompany moving clouds of dots in which some manipulated propor-
tion is moving in the same direction (i.e., signal dots) while the rest is moving
randomly (i.e., noise dots). Therefore, RDMs come with ease of difficulty ma-
nipulation by changing the signal-to-noise ratio within the displays. As a result,
non-integration strategies are falsified and further support for the integration
strategy is provided [2]. Applications of SSMs are not limited to simple percep-
tual decisions. They are extended across a range of domains, including object
categorization [3], lexical decision-making [4], value-based choices [5], and social

decisions [6].

More excitingly, the expectations from these models regarding the evolving
decision variable have been extensively supported by neurophysiological findings
[7]. It has been shown by the monkey studies that single neuron firing rates
in task-relevant brain areas that control saccades (e.g., frontal eye field - FEF)
may show the very pattern of rising to threshold [8]. Other studies with rhe-
sus monkeys also demonstrated dynamics predicted by integration to threshold
models in interconnected areas. Specifically, neurons in the lateral intraparietal
area (LIP) [9] and superior colliculus [10] show a steeper increase in spike rates
with higher sensory evidence while reaching a common level during response re-
gardless of sensory evidence quality. In humans, the task of finding such neural

correlates of the decision variable (DV) unfolding temporally is more challenging



due to constraints related to the use of non-invasive techniques with lower res-
olution. In this respect, several attempts have been successful through careful
experimentation to isolate decision signals. Electroencephalography (EEG), with
its high temporal precision to capture the timely dynamics, became the natu-
ral candidate. Particularly, researchers designed experiments in which the target
RDM display is subtly transitioned from a continuous stream of visual stimula-
tion to prevent the large bursts of visual activity from occipital areas [11]. This
approach has been fruitful in finding a signal showing properties of an abstract
decision variable. As such, relevant event-related potential (ERP) is found and
has been named as Centro-Parietal Positivity (CPP). This ERP is found over
centro-parietal areas, beginning approximately 300ms following the stimulus on-
set as a positive-going potential while its rising slope scales with sensory evidence
and reaches a common bounded level at response in various difficulty conditions
[12]. It has also been found that CPP does not rely on specific sensory modal-
ities, is motor-independent by showing ramping activity even when no decision
report is required, and can predict RT. Moreover, it differentiates incorrect from
correct trials and can even be manipulated in the middle of the trial by chang-
ing the evidence for decision alternatives [11] [13]. Some researchers also found
that CPP can differentiate between the response alternatives by showing ampli-
tude modulation in memory or perceptual tasks [14] and even reflect subjective
evidence and confidence levels using a sequential vibrotactile comparison task
on stimulus frequencies [15]. CPP’s scalp topography and temporal qualities are
similar to those of a well-established decision-related signature, P300. Some stud-
ies endeavored to integrate these two lines of research and found that P300 can
reliably account for the variations in reaction time (RT) and scales with evidence
strength, in the direction that higher slopes are associated with faster reports
and easier conditions. As for the peak amplitude, the differentiation with respect
to different RT bins has not been observed, which is interpreted as reflecting the
common action-triggering threshold [16]. However, the CPP time window may or
may not coincide with those of P300’s established temporal qualities (occurring
around 300 — 600ms with respect to stimulus onset), depending on the tasks with
prolonged stimulus viewing conditions. In those cases, CPP is analyzed according

to response-locked waveforms [17].



1.2 Modeling Perceptual Decisions

The most widely employed model within the family of SSMs is the drift-diffusion
model (DDM) [18]. This model maps the decision process to functionally and
cognitively different underpinnings while accounting for behavioral data. Rely-
ing on a single measure of RT and accuracy may sometimes lead to misleading
conclusions. For example, a participant with fast responses may appear superior
based on RT alone, even if those responses reflect impulsivity and accompany
low accuracy. On the other hand, a participant with a high number of cor-
rect responses may appear superior based on considering accuracy alone, despite
adopting an overly cautious strategy leading to slower decisions (i.e. longer RTs).
By investigating the two core behavioral indices together under a unified process
of evidence accumulation (EA), DDM enables a more nuanced understanding of
the phenomena related to decision strategies, such as speed-accuracy trade-offs
[19]. For the two-alternative forced choice tasks, the core assumptions of the
DDM include stochastic evidence accumulation reflecting internal and external
noise in the decision process. If noise outweighs the signal in some trials due to
its stochastic nature, the end result will be reaching the bound for the incorrect
response alternative. More specific assumptions of DDM include that integration
takes place in time continuously, as an extended version of the discrete random
walk process [18]. Also, DDM postulates a single accumulator, meaning that the
evidence favoring one option is automatically conceptualized as evidence opposing
the other [20].

DDM has four essential parameters to jointly account for RT and accuracy,
each having cognitive interpretability and variability in some settings more than
others. Drift rate (v) reflects the average rate of evidence accumulation and the
difficulty manipulations target this variable, with higher drift rates observed in
easier conditions. It has been suggested that if the experimental manipulations
were targeting the difficulty of the trial, the corresponding changes in RT distribu-
tions should be captured by different drift rates rather than adjustments in other
main parameters, with the exception that the participants knew the upcoming

trial’s difficulty beforehand [21]. The decision process terminates when it crosses



boundary separation (a), which determines the amount of evidence required be-
fore committing to one of the alternatives. The speed or accuracy instructions are
reflected in the narrowing or widening of the thresholds, respectively. Evidence
accumulation begins from starting point (z), which represents the preliminary bias
between the two alternatives. In case of differently valued response alternatives
or when the stimulus probability is manipulated, the starting point lies closer to
the bound representing the favored option. However, when the bounds are deter-
mined as accuracy-coding (upper bound is correct and lower bound is incorrect),
the models do not include a free starting point parameter and instead fix it as
the halfway between the bounds [22], [3]. Lastly, non-decision time (t0) reflects
the sum of sensory encoding and motor delays, which are the processes assumed
prior to the evidence accumulation starts and after boundaries are crossed, re-
spectively. It has been shown that especially these central parameters of DDM
have high test-retest reliability, which further encourages the usage as a diagnostic
tool [23]. Moreover, the model’s main parameters have been shown to general-
ize and have powerful cognitive interpretation across domains, including simple
perceptual decisions, value-based or lexical decisions, memory experiments, and

even clinical applications [19].

In addition to the essential parameters, there is a diffusion coefficient that re-
flects within-trial variability in drift rate, although this term is often fixed to a
constant value for estimation of other parameters. The core model is further ex-
tended by adding between-trial variabilities in drift-rate, starting point [24], and
non-decision time [25], which is sometimes named as the Full Diffusion Model
[19]. However, these random between-trial variabilities are cautiously treated
and challenged by the notion that they lead to model overcomplexity without
offering interpretable outputs [26], or detrimental to parameter recoveries for
cognitively most interesting ones [27]. Despite the established theoretical foun-
dation with supportive findings and mathematical tractability for static main
parameters throughout the trial, some researchers claim that parameters change
in time [28]. For instance, the time-dependent drift rate stems from the idea of
a gain for sensory processing that is reflected in elevated drift rates as process-

ing time increases [29]. Another influential perspective was on the adjustments



regarding decision criteria, which challenges the traditional fixed boundary view
by suggesting a collapsing bound phenomenon [30]. This mechanism leads to
flexible criteria for the required amount of evidence, and in turn, gives rise to
timely decision reports. However, these approaches have not found comprehen-
sive support from modeling human data despite support from monkey studies
[20]. Yet, if the decisions are needed to be made within the imposed short dead-
lines, there is evidence supporting urgency-gating [31], where the accumulated
evidence is manipulated by the urgency signal that increases in a time-dependent
manner to prompt responses [32]. Furthermore, although DDM assumes discrete
stages between visual encoding, evidence accumulation, and motor response se-
lection, this traditional view is sometimes challenged by different formulations.
Some influential theories suggest that there is a leakage between perceptual or
decision systems and the motor system [33]. As for the visual encoding stage in
non-decision times, there may be at least some overlapping time windows where
both encoding and accumulation of evidence take place rather than being fully
discrete [34]. Keeping all these challenging views in mind, DDM still provides a
powerful tool to draw inferences for using estimated parameters for psychomet-
ric evaluations rather than theory development due to its established success in

capturing behavioral data with cognitive plausibility [20].

In addition to being powerful in algorithmic and computational layers of pro-
cessing, the underlying processes should be biologically realizable within the brain
to reach reliable inferences. Connecting with Marr’s level of analysis [35], without
demonstrating how the system might realize the underlying and mathematically
proven instantiations will provide only a limited part of the whole picture. There-
fore, it is crucial to support DDM with neurophysiological findings. Indeed, pre-
vious research has provided reliable counterparts of the DDM processing stages
from the brain. It has been shown using both perceptual and memory tasks
that when the single-trial data is partitioned into two groups according to ris-
ing slope of CPP, DDM returned lower drift rates in low CPP slope than high
CPP slope trials [14]. Another influential perspective is to estimate the model
parameters, then to connect with the neural measures. In this respect, it has

been reported that in easier trials potentially accompanying cautionary strategy,



both elevated boundary separation estimates and CPP amplitudes at response
is observed [36]. More precisely, neural signatures can be used as a validation
for the hidden dynamics predicted by the DDM. As such, using complex tasks
where the evidence is interrupted or changes during the course of the trial, CPP
showed close agreement with the simulated decision variable resulting from the
parameter estimates of DDM [37]. Additionally, CPP waveforms are found to
closely follow the simulated decision variable until response, and even the dy-
namics of post-response evolution of DV when it is formulated by gradual decay
back to baseline [16]. In case of differently valued response alternatives, some
researchers also found drift rate bias to favor the highly valued alternative. As
a neural correlate of this effect, CPP showed the turnaround effect, character-
ized by an initial rise towards the high-valued bound but later turning to the
correct but low-valued region in decision-variable space [13]. Regarding other
DDM components, N200 peak latencies are used successfully to mark the onset
of accumulation following the visual encoding stage that sequentially precedes
it [38]. As for the decision boundary parameter, some researchers informed the
parameter space with the contralateral motor-related neural markers at decision
time [39]. In addition, the starting point parameter has been associated with
motor oscillations preceding target onset, which is thought to reflect perceptual
expectations [40]. These studies collectively suggested that DDM parameters not

only have cognitive interpretability but also neural plausibility.

Lastly, another important decision is the fitting method employed for DDM.
Among the approaches for fitting DDM to behavioral data, the Chi-Square (CS)
based fitting is one of the most recognized methods. CS-based approach requires
RT to be separated into several bins rather than modeling the full distribution.
The CS-based approach requires less time to fit the data, has demonstrated ro-
bustness to outlier RTs and reliable parameter estimates if the experiment in-
cludes a sufficiently large number of trials [23]. Another widely employed fitting
method is based on maximum-likelihood (ML-based) and proven to be more ro-
bust in terms of parameter estimation and recovery with a relatively lower number

of trials compared to the CS-based approach. However, the pre-processing step to



remove outliers should be carefully done [25] if one employs an ML-based proce-
dure. On the other hand, as with the recent increases in available computational
resources, researchers were attracted by the hierarchical Bayesian approaches to
model fitting [41]. In this methodology, low trial numbers are effectively handled
with the parameter regularization incurred by the group-level hyperparameters.
However, Bayesian approach comes with another challenges regarding the time
required for the fitting procedure and the interpretability of the output because
of returning full posterior distribution rather than single estimates. Because each
fitting procedure having their costs and benefits, the final decision for which
methodology to be employed should be considered in tandem with the computa-

tional resources and data quality [42].

1.3 Biological Motion Perception

The most general description of biological motion (BM) refers to the movement
patterns of living entities. However, in the relevant literature, the term biological
motion perception typically denotes the human ability to perceive and interpret
human movement patterns [43]. This remarkable perceptual capacity constitutes
the core of social interactions and is regarded as the hallmark of social cognition
[44]. Given its critical role in interpreting intentions, detecting threats, coordi-
nating actions, maintaining social relationships, and resolving social conflicts, it
is unsurprising that humans exhibit exceptional sensitivity to BM — an ability
likely shaped by evolutionary pressures to survive in complex social environments
(see [45], [46], for reviews). There are several key brain areas found to be sup-
porting BM perception, including premotor cortex, potentially due to its role in
action understanding through multisensory neurons [47] and posterior superior
temporal sulcus (pSTS), especially in the right hemisphere [48], but see [49]. The
area pSTS has key importance due to demonstrating reliable activation not only
for whole-body motion displays, but also with respect to motion sequences of

specific parts of the body and even the sounds of footsteps [46].

One of the most influential tools in BM research is the point-light display
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(PLD) paradigm introduced by Gunnar Johansson [50]. PLDs consist of a lim-
ited number of dots attached to the major joints of the human body, effectively
eliminating visual cues related to form (texture, color, facial features, or attrac-
tiveness). Despite reduced detail, PLDs convey sufficient information to evoke a
vivid perception of a human figure, particularly when the dots are seen in mo-
tion. Research shows that observers perceive BM from PLDs in as little as 150
milliseconds, highlighting the efficiency and automaticity of BM processing [45].
PLDs have been used to study various perceptual and cognitive processes, in-
cluding action recognition, emotion detection [51], and even intention inference
[52]. Importantly, studies employing PLDs have revealed selective impairments in
populations with social cognition deficits. For example, individuals with autism
[53], schizophrenia [54], or broader social processing difficulties [55] often show
impaired performance specific to recognizing human PLDs, further emphasizing
the relevance of PLDs in both basic and clinical research. The power of PLDs
also attracts researchers in related fields, such as facial expression perception,

where the created point-light stimuli reflect facial kinematics [56].

To examine the temporal characteristics of the neural activity in response to
BM displays, EEG provides a powerful tool. Activities in response to PLDs as
early as around 150ms [57] have been observed, though some researchers sug-
gest that early components might reflect general integration of form and mo-
tion rather than BM-specific processes [58]. However, a relatively late negativity
around 300- 600 ms time windows reported in posterio-occipital regions is also
observed, which is thought to reflect the semantic processing specific to biological
motion for higher-level action understanding. As such, the peak amplitude ob-
served for this component is modulated by the attention devoted to motion rather
than another task, and also by biological motion point-light displays compared to
their scrambled counterparts [59], [60]. Additionally, some studies reported hemi-
spheric selectivity for the component of interest, as the effect is more pronounced
in right hemispheric regions [58], such as electrodes POS8, P6, and P8. The source
localization endeavors revealed that the likely generators for this negativity are
biological-motion specific posterior superior temporal sulcus [61], or the known

regions for general motion processing, such as right superior temporal gyrus and



V5 [57].

PLDs also offer flexibility for experimental control with ease of manipulation.
These manipulations include spatial scrambling to distort configural information
[62], distortion of configuration by creating upright or inverse walkers [63], and
even temporally distorting the phase [64]. Different techniques have been useful
in analyzing the relevant contributions of form and motion information embed-
ded in PLDs that underlie the remarkable perceptual ability of BM perception.
Across different manipulations, scrambled motion is one of the most employed
and effective types of noise mask [65]. This mask is created by randomizing the
starting points of the dots, but keeping the same motion trajectory as that of the
ones depicting human joints. Connecting with the idea of preventing large visual
evoked potentials that potentially attenuate decision-related neural markers, it
would be ideal to use scrambled motion stimuli prior to meaningful biological mo-
tion displays. It is therefore convenient to adjust the perceptual decision-making
paradigms utilizing RDMs to biological motion tasks involving PLDs. Building on
this, biological motion stimuli provide a useful framework to investigate whether
the properties of a domain-general abstract decision variable and its underlying

temporal mechanisms generalize to more socially relevant tasks and settings.

1.4 Current Study

The current study incorporates PLDs depicting human walkers to investigate
perceptual decision-making using EEG. In this way, the purpose of this study
is to extend the previous literature on decision-making by introducing socially
meaningful stimuli. The design has been inspired by one of the pioneering studies
on CPP by Kelly & O’Connell [12], in which the target RDM stimuli with varying
difficulty are presented in a continuous visual stream. In particular, in the current
study, scrambled motion displays are utilized before the biological motion targets
as a control stimulus to ensure an ongoing visual stream and are followed by PLD
walkers in different levels of noise to manipulate task difficulty. The participants

are tasked with reporting the walking direction of the PLDs. One may argue that
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this design requires detection of human form prior to the evidence accumulation
process for direction discrimination, which is not generally common in perceptual
decision-making studies [66]. However, seamless transition from scrambled to
biological motion displays is utilized to prevent visually evoked potentials from

contaminating the decision-related signal.

In our recent paper [67], using the same data, we have demonstrated that the
latency of the CPP peak amplitude is delayed in the BM direction discrimina-
tion task compared to the previous findings. Yet, the characteristics expected
from a decision signal were replicated by demonstrating a rising activity until
the decision report. Despite the observed patterns, the expected qualities of an
abstract decision variable still need to be thoroughly investigated*ii, such as the
relationship of CPP with RT or whether CPP can differentiate between correct
and incorrect trials. Furthermore, in this study, the behavioral data is fitted to
DDM to better understand the relationship between CPP slope and estimated
drift rates. As for the task-specific neural markers, this study also incorporates
measures of biological-motion related EEG signatures (e.g., posterior-occipital
negativity in relatively late time windows), pre-stimulus attentional markers (e.g.,
posterior-occipital alpha band spectral amplitude), and motor preparation levels
before the stimulus presentation (e.g., mu-beta band spectral amplitude). It is
also aimed to uncover the relationships between these neural markers to provide

a more complete picture of how perceptual decisions are made.

We believe that it is promising to introduce BM perception in perceptual-
decision-making literature, with such an experimental design allowing the inves-
tigation of a neural representation of an abstract decision variable. As will be
detailed in the discussion, both fields have the potential to inform and benefit
from each other. That is, perceptual decision-making literature can be informed
by examining task-related signatures. As for the BM perception, the relative
contributions from different information sources (e.g., form and motion) can be
better disentangled by temporally inspecting the neural representation of the

accumulated decision variable.
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Chapter 2

Methods

Before explaining the methodological details, it should be noted that the data
from this study was used for the undergraduate thesis [68] and our previously

published paper last year [67].

2.1 Participants

EEG and behavioral data are collected from 16 participants (8 female; age range:
18-40 years; mean age: 23.18) with no history of neurological or psychiatric
disorders. All participants had normal or corrected-to-normal vision and were
not taking any psychiatric medication at the time of data collection. The study
was approved by the Human Ethics Board of Bilkent University. Informed consent
was obtained from all participants after they were briefed on the experimental
procedures. To minimize potential confounds on EEG and behavioral measures,
participants were required to have adequate sleep the night before the session,

which was ensured by a pre-screening questionnaire form.
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2.2 Task and Procedure

Each trial began with a 2-second fixation period during which participants were
instructed to focus on the center of the screen. The target stimuli were point light
biological motion displays, a widely used paradigm to convey human form and
motion dynamics. Each display consisted of 13 dots representing the major joints
and the head, overlaid with a variable number of randomly moving noise dots.
The task difficulty was manipulated by introducing four levels of noise. Each
target display was preceded by a scrambled motion display in which the spatial
configuration of the 13 joint dots was randomized, eliminating the perception
of biological form. Scrambled displays lasted for 3, 5, or 8 seconds to prevent
the predictability of target onset (see Fig. 2.1). Transitions from scrambled
to coherent motion were implemented seamlessly to minimize transient visual
evoked potentials that could interfere with EEG signals of interest, following best
practices outlined by Kelly & O’Connell (2013) [12].

The task is to report the walking direction of a PLD walker depicted in a
sagittal view of a human figure as if walking on a treadmill, moving either leftward
or rightward. The stimulus remained on screen until the participant responded,
but for a maximum of 2 seconds. Each gait cycle spans 700 ms; hence, up to three
full gait cycles could be presented if participants used the entire response window.
Participants were instructed to report the walker’s direction as soon as they were
confident, using designated keys on the keyboard with their corresponding hand
(i.e., reporting rightward-moving walker with the index finger of the right hand

and vice versa).

Participants completed 480 trials in total, presented in random order. Walker
direction, noise level, and pre-stimulus duration were fully counterbalanced across
trials. Before the main experiment, participants underwent a practice session to
familiarize themselves with the task. All stimuli were displayed on a screen,
capturing 6.5 degrees of visual angle, viewed from a distance of 57 cm in a light-

attenuated room.
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Fixation
(2s)

Scrambled Motion
(3-5-8s)

PLD Walker
(2s)

Figure 2.1: An example trial with a walking direction of right and noise level of 10.
Each trial began with a 2-second fixation period, followed by varying durations
of scrambled motion displays, then seamlessly transitioned to point-light display
walkers that were displayed on the screen until response and a maximum of 2
seconds.

2.3 Behavioral Analysis

2.3.1 Reaction Time (RT)

For the reaction time (RT) analysis, independent variables are experimental ma-
nipulations for the duration of scrambled motion before the stimulus (hereafter
named as pre-stimulus duration, accompanying 3 levels - 3, 5, or 8 seconds) and
the number of added noisy dots to target walker stimuli (hereafter named as
noise level, accompanying 4 levels from easiest to most difficult - 10, 20, 35, 55).

The combination of two manipulations creates 12 different conditions for which
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subject-wise mean RT's are calculated. Thus, the resulting data has 192 rows, with
4 columns: subject, noise level, pre-stimulus duration, and mean RT. Repeated
measures ANOVA is employed to investigate each experimental manipulation’s
effect, while noise level and pre-stimulus duration are within-subject factors. As-
sumptions related to normality, sphericity, and residuals are also checked and
corrected for if necessary. In case of significant main effects or interaction, a
post-hoc test is also employed to reveal pair-wise differences between the condi-
tions. The main effect of the noise level is expected to be seen in such a way
that RT decreases in lower noise conditions, reflecting its relationship with the
difficulty of the task. Additionally, the main effect of pre-stimulus duration is
expected with the pattern of RT decrease in higher pre-stimulus durations due

to increased preparedness for the upcoming target.

To precisely estimate the relationship of single-trial RT with single-trial neural
measures, two different procedures are followed. Firstly, based on each partici-
pant’s single-trial RTs, fast and slow decisions were quantified with a median split
within each noise level. Incorporating the neural markers detailed below as depen-
dent variables, separate two-way repeated-measures ANOVAs with noise level and
RT category as within-subject factors were employed. As for the neural markers
measured prior to stimulus onset, a median split procedure is additionally done
within each subject and each pre-stimulus duration. This is because before the
target onset, it is only the pre-stimulus duration that is explicitly manipulated,
rather than the task difficulty via noise level. Therefore, additional repeated-
measures ANOVAs are conducted where the neural measures before the target
onset as the dependent variable, and the within-subject factor of RT category is

determined based on the other within-subject factor, pre-stimulus duration.

In case of significant main effects for RT category, a further test is conducted
to more precisely identify the relationship between neural markers of interest and
RT regardless of the experimental manipulations. That is, the single-trial data
from each participant was z-scored and then aggregated across subjects. This
step ensures the removal of the potential differences across participants. For
instance, one participant might follow an overly cautious strategy throughout the

experiment that hinders the statistical effects from being observed as a result
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of their data differing appreciably from others. In this aggregated and z-scored
RT data, it is now feasible to categorize more precisely due to the increased
number of trials. Hence, RT is divided into 6 bins within each experimental
manipulation of interest rather than simply 2 as in the previous analysis. Then,
the neural markers are regressed against 6 RT bins separately for each level of the
experimental factor. To ensure that any significant effects are not due to chance,
a permutation test with 10.000 replications is performed, where in each of the

replications, trials were randomly assigned to one of the RT bins.

2.3.2 Accuracy

To investigate accuracy in relation to the experimental manipulations, the major
imbalance between the two main response categories (correct: 6347, incorrect:
352) resulted in the failure to account for incorrect responses when a binomial
generalized linear model with a logit link is employed. More specifically, all the
model predictions were 'correct’ responses. To address this, a Chi-square test was
utilized, which also offered the flexibility to include misses (no response during the
target presentation) and premature responses (responses given before the target
stimulus) as additional response categories. It is noteworthy to include misses and
premature responses, since errors in this particular design result not only from
incorrect responses. In particular, the lack of anticipation about the timing of the
upcoming trial resulted in premature responses, while the problems with detecting
seamless transitions led to misses. As a result, 0 was encoded as incorrect (N =
352), 1 as correct (N = 6347), 2 as miss (N = 857), and 3 as premature (N =
98) responses. This way, the contingency tables are created. There is also an R
package that implements Chi-square post-hoc testing, which was used in the case
of significant main effects [69]. For the difficulty manipulation, it is expected to see
significantly more correct responses in lower noise conditions, while more misses
and incorrect responses are expected in higher noise conditions. As for the pre-
stimulus duration, lower waiting intervals accompanying significantly more misses
are expected. This is due to unanticipated target stimulus transitions occurring

relatively early that might prevent the detection of a PLD walker. On the other
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hand, significantly more premature responses are expected following longer pre-
stimulus durations due to false alarms caused by the increased preparedness and

potentially growing urgency to respond as soon as possible.

2.3.3 Drift Diffusion Model Fitting

Drift Diffusion Model fitting is done with the fast-dm-30 software developed by
Voss and colleagues [70]. Because of the RT discretization caused by the experi-
ment code (getting RT's in 35-ms steps), more robust fitting methods that require
full RT distribution (e.g., maximum-likelihood or Bayesian approaches) were not
employed. Hence, a Chi-square-based (CS) fitting procedure is used. CS-based
fitting methods often divide RTs into several bins. Traditionally, 6 bins are used,
corresponding to [0.1, 0.3, 0.5, 0.7, 0.9] percentiles. A small random jitter with
a magnitude on the order of 107¢ seconds drawn from a uniform distribution is
added to single-trial RTs to ensure fine-grained binning. The model selection pro-
cedure is done in a nested hierarchical manner, for which the individual datasets
are partitioned with respect to noise level, and the free parameters included are
allowed to vary between those levels. The goodness of fit measures (e.g., CS fit
values) are noted for each participant and each model configuration. For model
comparison, the Chi-Square table’s critical value at a 0.99 significance level is

evaluated as in [71], for which the degrees of freedom (df) is calculated as follows:
df = (bins x (2) — 1) x (conditions) — free_params (2.1)

Accordingly, in the case of using 6 bins as conventionally done, using noise level
to partition the data (4 levels), and supposedly having different drift rates for
each noise level, one boundary separation and one non-decision time parameter
while the starting point is fixed at halfway between the bounds, the equation will
result in a df of 38. On the other hand, a simpler model where the only difference
is that the drift rate does not differ according to noise levels results in a df of 41.
As illustrated, within the model structures divided according to noise levels, as
the number of free parameters increases, the df decreases. According to the above
example, the critical value is 11.45 when df difference is equal to 3 at a signifi-

cance level of 0.99. As a result, one should demonstrate that the goodness-of-fit
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measure should differ more than that critical value to favor the complex model
over the simple one with fewer parameters. Since the trial numbers are relatively
lower than suggested in the literature for reliable estimation, starting-point and
drift-rate variabilities are not included. The remaining essential parameters of
bound, non-decision time, drift rate, and optional non-decision time variability
are evaluated in different configurations depending on their relation with the

experimental condition.

After establishing the superior model structure, cumulative density functions
are investigated to compare model predictions and empirical data. Furthermore,
a parameter recovery study is conducted to give as much reliable interpretation
[72] as possible by simulating 1000 data sets that have the same number of trials
as the empirical data sets. The resulting datasets are fitted with the exact same
model structure using the CS-based methods, and from the resulting fits, 95%
confidence intervals for parameter estimates are compared to those of the results

from empirical fits.

2.4 EEG Data Collection & Analysis

EEG data were recorded using a 64-channel system (Brain Products GmbH,
Germany) at a sampling rate of 1000 Hz. Electrode placement followed the
international 10-20 system. The ground electrode was placed at AFz, and FCz
served as the online reference. FElectrode offsets were maintained below 25 k{2

throughout data acquisition to ensure signal quality.

2.4.1 Preprocessing

Preprocessing is conducted individually using MATLAB and the EEGLAB tool-
box [73]. First, the data were downsampled to 500 Hz for computational efficiency.
The ECG channel was removed, and a bandpass filter was applied with a high-

pass cutoff at 0.1 Hz and a low-pass cutoff at 50 Hz. Data were then re-referenced
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to the average of all electrodes. Break periods were removed using the ERPLAB
toolbox [74]. Subsequently, automatic bad channel detection was performed us-
ing EEGLAB’s built-in functions. The default rejection criteria were as follows:
(1) flat signal for more than 5 seconds, (2) standard deviation of high-frequency
noise exceeding 4, and (3) correlation with neighboring channels below 0.8. Chan-
nels identified as bad were removed and later interpolated following independent
component analysis (ICA). ICA decomposition was performed using the Picard
algorithm [75], optimized for speed and robustness. Artifactual components were
identified and removed using the ICLabel plugin [76], which classifies components
based on probabilistic estimates across categories such as brain, eye, and muscle.
Particularly, the components labeled ”eye” or "muscle” with a probability greater

than 90% were removed.

Epoching was carried out from —2000 to 1200 ms relative to stimulus onset for
stimulus-locked analyses. For response-locked analysis, epoching interval spans
—1200 to 200 ms relative to response onset, with time 0 defined by the keypress.
Epoch rejection was conducted using semi-automated procedures, including vi-
sual inspection, identification of improbable data, and detection of abnormally
distributed epochs. To ensure consistency between the analyses, the same epochs
were rejected in both stimulus-locked and response-locked waveforms. It is impor-
tant to convert the resulting EEG data from epoching to current source density
(CSD), to prevent contamination of the activity from neighboring channels and
isolate decision-signals, since some components such as frontocentral negativity
may serve another function for motor execution during response yet can have
significant impact on CPP waveforms [16] [77]. Therefore, CSD transformation
using spline interpolation is utilized. Before computing averaged event-related
potentials (ERPs), data were binned according to noise or pre-stimulus duration
levels. Furthermore, stimulus-locked ERPs were subjected to baseline correction
using a —200 to 0-ms time window relative to stimulus onset, whereas no baseline

subtraction was applied for the response-locked analysis.

Additionally, it is aimed to investigate the neural markers in correct versus
incorrect or missed trials. For this reason, incorrect responses and misses were

combined into a single category to ensure a sufficient number of trials within
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each difficulty condition. Hereafter this category is named as invalid trials for
clarity. The averaged invalid trial ERPs for each noise level and participant are
calculated. This is followed by weighted-averaging across noise levels, ensuring
that the resulting signal is not heavily affected by the trial number imbalance
across different conditions. Then, the ERPs of interest that will be detailed

below were compared between invalid and correct trials.

2.4.2 Centro-Parietal Positivity (CPP) Analysis

The evidence accumulation process in DDM is assumed to reflect both perceptual
categorization and response selection. Although in the latter case, motor signals
such as readiness potential are used to index accumulation dynamics, CPP is
generally used in the first case [22]. Therefore, CPP is the best-suited neural

marker to analyze in our particular design for walking direction discrimination.

CPP was computed by averaging the signal across electrode CPz and its two
closest neighbors, CP1 and CP2. To demonstrate whether CPP reflects the evi-
dence accumulation dynamics predicted by the hidden decision variable in the se-
quential sampling models (SSM) framework the following hypotheses were tested,

similar to previous research [14]:

1. CPP amplitude and slope scale with task difficulty, with the expectation
that steeper slopes and larger amplitudes will be seen in easier trials (i.e.,

lower noise levels).

2. CPP amplitudes do not show differences across noise levels at the time of

decision report, in line with the common-threshold assumption.

3. CPP slope changes with RT, with shallower slopes associated with longer
and steeper slopes with shorter RTs.

4. CPP differentiates correct versus invalid trials, with larger amplitudes ob-

served in correct trials.
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5. The variations of CPP slope across subjects and difficulty levels will be
related to variations observed in drift rate estimates from DDM, in a posi-

tively correlated manner.

To test the assumptions related to CPP amplitude from hypotheses (1) and (2),
grand-average stimulus- or response-locked waveforms were investigated. ANOVA
with false-discovery rate (FDR) correction using a conventional procedure by Ben-
jamini & Hochberg performed within the fMUT package [78]. For this analysis,
the centro-parietal electrodes CP1, CPz, and CP2 are included. Additionally,
a cluster-based permutation test was applied within the same package to assess
amplitude differences in a broader posterior region. The posterior and poste-
rior occipital electrodes are included in this analysis due to observed charac-
teristic profile during the candidate time interval (300 — 800ms), and previous
studies employing some of those channels to quantify CPP. A combination of
these two tests led to the identification of spatially and temporally contiguous
electrode clusters showing significant amplitude modulation across experimental
conditions. Informed by the results, single-trial CPP mean amplitudes were ex-
tracted from baseline-corrected, stimulus-locked waveforms within the significant
time windows. CPP mean amplitudes are then subjected to repeated-measures
ANOVA utilizing noise level as within-subject factor, and if appropriate, pair-wise

comparisons with a T-test are followed on aggregated measures.

To test the assumptions related to CPP slope in hypotheses (1) and (3) and
to determine the time intervals for significant CPP slope differences between the
noise levels, both stimulus-locked and response-locked waveforms were analyzed
using a sliding window regression approach. These windows have a 100-ms length
and are shifted in time with 10-ms steps. For each time window and participant,
the CPP slope was estimated by fitting a linear regression line to the 100-ms-long
ERP signal across noise levels. These slope values were then regressed against lev-
els of difficulty. Specifically, increasing noise levels were hypothesized to decrease
the CPP slope due to increased difficulty. Informed by the results for signifi-
cant time windows, single-trial CPP slopes were estimated from response-locked

waveforms as the slope of a linear line fitted, starting from the first time window
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center reaching significance, and ending at 150ms following that [77]. As for the
repeated-measures ANOVA analysis incorporating noise level and RT category as
within-subject factors, it is expected to see steeper CPP build-up with fast RTs.
In addition, this pattern is also expected to be seen in more precise analysis using

a permutation test and regression against 6 RT bins.

To test hypothesis (4), stimulus-locked CPP waveforms were calculated by
weighted averaging across noise levels for each subject. From these waveforms,
the mean amplitude values in the same time window determined by the FDR-
corrected ANOVA procedure are extracted. Then, the CPP mean amplitudes
from correct and invalid trials are compared using a one-tailed paired-samples
T-test, with the alternative hypothesis being that the measurement from correct

trials is greater than that of invalid trials.

Lastly, to test the relationship between drift rate estimates and CPP more
closely, as outlined in hypothesis (5), mean CPP slopes within each subject and
each noise level are calculated. According to the winner DDM model structure,
the resulting mean CPP slope and drift rate estimates are tested with a one-tailed
Pearson’s correlation test, with the alternative hypothesis being that those two
measures are positively correlated. In case of significance, to ensure the positive
relationship is not driven solely by simply partitioning the data into different
difficulty conditions, the effect of noise level is regressed out from both measures.
The remaining residuals from both measures were subjected to linear mixed model

analysis with a random effect of subject.

2.4.3 Biological Motion Related Negative ERP (N2-bm)
Analysis

Based on visual inspection of the scalp topographies and in line with prior lit-
erature, three right-hemisphere channels—POS8, P6, and P8—were identified as

sites of maximal negativity during relatively late time windows (300 — 400ms).
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Informed by the literature, this signal is hereafter named as the second nega-
tive time interval biological motion-related ERP (N2-bm, for short) for the rest
of the paper. To examine whether activity at these sites was modulated by
noise level, an FDR-corrected ANOVA procedure was applied on stimulus-locked
grand-averaged waveforms using the specified channels. It is expected to see
that the N2-bm amplitude scales with evidence strength, as lower noise levels
are associated with more negative activity. This finding would support the hy-
pothesis that easier stimuli accompany better visual encoding for higher-level
BM perception. The significant time windows as a result of this procedure were
used to calculate the single-trial N2-bm peak negativities in baseline-corrected
stimulus-locked waveforms. These single-trial measures are then analysed with a
repeated-measures ANOVA having noise level and RT category as within-subject
factors. It is expected to see significantly larger N2-bm peak negativities in faster
RTs.

In addition, to test if N2-bm peak negativity is different between correct and
invalid trials, the weighted averaging procedure is followed. Mean peak negativ-
ities for correct and invalid trials are then compared by means of a one-tailed
paired-samples T-test. It is expected to demonstrate statistically larger peak
negativity in correct compared to invalid trials as a reflection of enhanced visual

encoding quality.

2.4.4 Attentional and Motor-Related Neural Markers

The fluctuations in alpha-band activity were interpreted as indices of attentional
engagement, with lower power reflecting increased attentional engagement [12].
In that research, it is reported that alpha-band activity levels right before the
stimulus onset are linked with RTs and CPP slope, in a way that higher values
of alpha power are related to longer RTs and slower CPP build-up. Additionally,
it has been suggested that attention might modulate relatively late biological
motion-specific negative ERPs [60]. Therefore, alpha band activity from 8 — 13Hz

within [—700, 0]ms time window with respect to target stimulus onset is examined
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across five posterior-occipital electrodes spanning from PO7 to POS using the
newtimef() function in EEGLAB. Event-related spectral perturbations (ERSPs)
are returned as the output from this procedure and then averaged to obtain
single-trial measures. To enhance precision, the Morlet wavelet was convolved
over a broader window from —1000 to 0 ms, providing an additional temporal
buffer. The characteristics of the Morlet wavelet were defined as three cycles
at the lowest frequency, with a scaling factor of 0.5 to balance temporal and

frequency resolution.

Previous studies reported that pre-stimulus motor preparation levels may el-
evate depending on manipulating the expectancy, which is associated with the
starting point parameter being closer to the decision boundaries [40]. Further-
more, in a neurally-informed modeling study, motor preparatory activity reflected
in mu-beta band spectral amplitudes has been used to constrain the starting
points before the evidence accumulation starts [39]. In this respect, to test if
motor preparatory activity is significantly related to experimental manipulations
or RT, mu-beta band spectral power is calculated using fronto-central sites, C3
and C4. Apart from the channels employed, the remaining procedural details
(e.g., wavelet properties, time window) are the same as explained for the alpha-
band analysis. The resulting ERSPs were integrated separately for each channel,
and the mean spectral amplitudes were stored in a 3D matrix with dimensions
corresponding to subject (s), trial (¢), and channel (C3 or C4). A lateralized
motor preparation index was computed by subtracting activity in the contralat-
eral motor cortex from that in the ipsilateral cortex, based on the direction of
the upcoming walker stimulus. Although the output is termed as ERSPs for
both attention and motor markers, baseline correction was applied in neither of
the analyses regarding pre-stimulus activities. This is because any selection for
the baseline would be arbitrary, as there are no experimentally induced changes
in the epoching time intervals while participants are expected to passively view
scrambled motion displays. Moreover, applying an arbitrary baseline correction
could introduce challenges related to interpretation since there are 3 different lev-
els of pre-stimulus durations. Therefore, it is more appropriate to refer to these

measures as dB-power rather than ERSPs, as ERSPs typically denote activity
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relative to reference windows.

Following this step, two separate repeated-measures ANOVAs on each of the
single-trial pre-stimulus measures are conducted. In both of them, the subject is
the random factor. In the first RMAnova, one of the within-subject factors was
pre-stimulus duration and in the second, noise level. Due to relatively long RT's
observed in our task compared to simple perceptual decisions spanning several
hundred milliseconds, the expectations regarding the relationship between pre-

stimulus activity and RT are not as clear as those of CPP and N2-bm.

Lastly, lateralized readiness potential (LRP) is calculated, which has previ-
ously been found to be modulated by evidence strength and reaching a common
level at response, although lagging behind that of CPP’s temporal profile [12].
Additionally, some researchers found that the readiness potential, rather than
CPP, reflects the evidence accumulation process [22]. To calculate LRP, response-
locked epochs with 8 bins are created, for which each noise level is partitioned into
two, depending on the walker’s direction (right or left). From resulting ERPs,
LRP was computed as the difference between contralateral and ipsilateral activ-
ity with respect to the hand used for the response on each trial. The electrodes
used for LRP computation were C3 and C4, corresponding to the left and right
motor cortices, respectively [79]. After LRPs are calculated, sliding regression
analysis is used as in CPP slope analysis to see if the build-up rate of LRP differs
across noise levels. It is expected to see that significant windows marked as a
function of difficulty to be closer to response onset than of CPP. This temporal
lag would further suggest CPP’s role in representing the modality-independent
abstract decision variable by temporally preceding that of the motor preparation

component.

2.4.5 Relationship Between Neural Markers

The remarkable performance and sensitivity observed in response to BM percep-
tion [45] lead to questioning whether attentional resources are needed at all for

this excellent ability. However, previous research showed that attention is still
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required for active processing in dual-task settings [80], or when the sensory infor-
mation is degraded and in higher-level tasks such as intention understanding [81].
On the other hand, CPP slope has already been linked positively with attentional
engagement levels preceding the stimulus onset [12]. Hence, it is noteworthy to

examine the relationship of N2-bm and CPP with pre-stimulus alpha power.

To quantify the extent of the relationship between the neural markers, a series
of correlation analyses was conducted. The single-trial data are z-scored within
each subject, and averaged within each combination of experimental manipula-
tions. This normalization procedure aimed to remove between-subject variability
and met the assumptions of correlation analyses regarding independence. It is
expected to see a significant relationship between N2-bm or CPP with the al-
pha power from the pre-stimulus duration. In other words, higher quality visual
encoding and enhanced evidence accumulation are expected when the trials ac-
company already elevated attentional engagement before target PLDs. As such,
lower alpha power is expected to be associated with larger N2-bm peak negativity

and higher CPP slopes or mean amplitudes.

Following correlation analyses, single-trial data are investigated to quantify if
the relationship between pre-stimulus attention (i.e., alpha power) and evidence
accumulation (i.e., CPP) is mediated by the high-level processing of biological
motion (i.e., N2-bm). To precisely investigate this hypothesis, a Bayesian multi-
level analysis is employed. This approach allows for the simultaneous estimation
of multiple hierarchical regression models while accounting for subject-level vari-
ation. Particularly, two models are used to accommodate this analysis within
the mediation framework. In the first model (mediator model), N2-bm peak neg-
ativity is the outcome variable, and the neural predictor is alpha power. For
the second model (outcome model), CPP mean amplitude is the outcome while
N2-bm peak negativity and alpha power are the predictors. Both models also
include both experimental manipulations (i.e., pre-stimulus duration and noise
level) as categorical predictor variables. Lastly, random-effect is specified as for
each subject. By incorporating several potential sources of variability, the esti-

mated parameters for the indirect and direct effects will reflect a more fine-grained
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relationship between the neural markers than simple correlation on averaged mea-
sures. To jointly fit these two models, the brms package in R [82] is utilized with
4 independent Markov chains, each run for 4000 iterations, of which the first 1000
were the warm-up to ensure sampling efficiency. Results give the indirect effect as
the multiplication of regression coefficients from alpha to N2-bm (in the mediator
model) and N2-bm to CPP (in the outcome model). As for the direct effects, the
regression coefficient from alpha to CPP (in the outcome model) is used. Lastly,
the total effect is the sum of direct and indirect effects. It should be noted that
for the analyses including alpha power, data from 13 subjects were used due to

interpolation of critical channels for the remaining 3 out of 16 participants.
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Chapter 3

Results

3.1 Behavioral Results

Repeated-measures ANOVA, having RT as the dependent variable, revealed that
for the within-subject noise level factor, the sphericity assumption is violated,
which is addressed by Greenhouse-Geisser correction. Although the Shapiro-Wilk
test indicated a deviation from normality in the residuals (W = 0.974, p = .001),
visual inspection of the Q-Q plots suggested that the violation was minor.
Given that the test statistic was close to 1 and considering the known robust-
ness of repeated-measures ANOVA to mild violations of normality, the analysis
proceeded. The main effect of the noise level was significant after correction
(F(1.82,27.32) = 270.76, p < .001, n% = .40). There was also a significant main
effect of the pre-stimulus duration (F(2,30) = 13.78, p < .001, n4 = .035). More-
over, the interaction between these factors was also significant (F'(6,90) = 3.08,
p < .01, nZ = .012) (see Fig. 3.1).

Post-hoc pairwise comparisons were conducted using estimated marginal
means (EMMs), controlling for multiple comparisons using a Bonferroni adjust-
ment. It is revealed that for the noise level, all pairs have significantly different

mean RTs from each other (all p < 0.001), with lower RTs observed in easier
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Mean RTs by Noise and Pre-Stimulus Duration

1.5
..
1.4
W . )
: 1.3 Pre-stimulus Duration
nd - 3
T 4 5
Q12 - 8
=
1.1
1.0
10 20 35 55
Noise Level

Figure 3.1: Mean RTs across the combination of experimental manipulations are
shown on the y axis. The X axis shows different noise levels, while different pre-
stimulus durations (in seconds) are shown as separate lines.

conditions and vice versa. This provided support for a successful experimental
manipulation of difficulty. On the other hand, higher RTs are observed in the
pre-stimulus duration of 3 seconds than in the 5 or 8-second durations (p < 0.01
for both comparisons). This pattern might be due to problems with detecting
the transition from scrambled motion to PLD walkers in short durations, where
preparation is limited. To inspect the significant interaction more closely, the
main effect of one experimental manipulation was investigated within each level
of the other. This analysis revealed that, especially for the higher noise levels (35
and 55), the differences between the pre-stimulus duration of 3 compared to 5 or
8 seconds become significant, so that significantly faster RTs are observed after

longer waiting times (all p < 0.05).

Different response categories (correct, incorrect, misses, premature responses)
across experimental manipulations are analyzed with a chi-square test. There
was a significant main effect of pre-stimulus duration ( x*(6) = 214.21, p < .001,
Cramer’sV = 0.118) and noise level (x%(9) = 961.03, p < .001, Cramer'sV =

0.205). Following significant main effects, post-hoc pair-wise comparisons are
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conducted between combinations of experimental manipulations. First, the con-
tingency table with a combination of pre-stimulus duration (3) and noise level (4)
is formed, followed by calculating the standardized residuals. The resulting post
hoc comparison table, along with the standardized residuals and their statisti-
cal significance, is shown below (see Table 3.1). Inspection of the table revealed
that lower noise levels are associated with more correct but fewer misses and
incorrect responses. In contrast, higher noise levels show the opposite pattern.
These trends suggest that difficulty is successfully manipulated. For the pre-
stimulus duration, longer waiting periods were associated with significantly more
premature responses, especially if it was coupled with higher difficulties, as the
standardized residuals for 8.35 and 8.55 showed a significant effect. This effect
might stem from the increased urge to respond as soon as possible imposed by
the increased timing of scrambled motion. In addition, 8.35 and 8.55 conditions
are associated with significantly more incorrect responses, whereas this is not
seen at 3.35 or 3.55, respectively. This intriguing pattern points to the evidence
accumulation process terminating at the wrong decision boundary, which may
also be explained by the increased urgency imposed by longer waiting intervals.
More specifically, growing urgency might prevent sufficient evidence accumula-
tion, resulting in either internal or external noise outweighing the signal. This
claim is further supported by the observed pattern in mean RTs, where the sig-
nificantly lower RTs (hence limited time for evidence accumulation) are observed
in higher pre-stimulus durations at higher noise levels. However, for the shorter
pre-stimulus durations, the expectation of seeing more misses was not confirmed.
This is potentially due to the effect of noise level becoming more powerful to

account for the missed trial counts compared to the pre-stimulus duration.

3.1.1 DDM Results

Overall, the model where the drift rate depends on the noise level (v_noise) is
favored by most participants according to goodness-of-fit measures. In this model,
the starting point is fixed halfway between the bounds due to accuracy coding.

The remaining 6 free parameters include four drift rates for each noise level, one
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Table 3.1: Standardized residuals for each response type across a combination of
experimental conditions, where the first number denotes prestimulus duration,
the second denotes noise level.

Condition Incorrect (0) Correct (1) Miss (2) Premature (3)

3.10 -4.80* 10.09%* -8.05%* -2.27
5.10 -4.42%* 9.91%* -8.21%* -1.91
8.10 -3.82%* 9.00%* -8.32* 0.31
3.20 -3.82% 4.62%* -1.91 -3.01*
5.20 -2.85 7.38% -6.37* -1.54
8.20 -1.83 6.01%* -6.86%* 2.53
3.35 -0.63 -3.83* -6.05* -2.99
5.35 1.91 0.87 -2.16 -0.43
8.35 4.49%* -1.34 -3.19%* 5.10*
3.9 0.90 -17.42% 21.26* -3.01
5.55 6.05%* -13.41% 12.01%* -0.06
8.55 8.83* -11.90%* 5.73% 7.30%

Note: Asterisks (*) denote the conditions where post-hoc comparisons based on
standardized residuals produced significance (p < .05). Values are rounded to 2
decimal places for readability. The overall effect size for the Chi-Square
post-hoc analysis, Cramer’s V, is 0.234.

boundary separation, and one non-decision time. The table below shows the
subject-wise parameter estimates for the v_noise model (see 3.2). The mean CS-
fit value (64.87) is just above the critical value of 53.38 at 38 degrees of freedom
and 0.05 significance. However, this does not necessarily mean that there is a
significant misfit given the overly-conservative nature of the Chi-Square approach
[83]. Moreover, the differences are mostly driven by the resulting extremely large
fit value for subject 12 (226.26). As such, when that participant is excluded, the

mean CS-fit value becomes very close to the critical value (M=54.11).

Drift rate estimates across noise levels and subjects are compared with
repeated-measures ANOVA. However, due to violations in parametric assump-
tions, a non-parametric alternative, the Friedman rank sum test, is used. This test
returns a significant effect of noise level on drift rate (x?(3) = 48.00), p < .001).
For the following pair-wise comparisons, Exact Test is used, which revealed that

drift rates for noise level 10 and 35, noise level 10 and 55, and noise level 20 and
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Table 3.2: Estimated drift diffusion model parameters and resulting chi-square
fit values for each subject (a is boundary separation, t0 is non-decision time,
and v_is are the estimated drift rate parameters for noise level i). CS Fit values
represent the goodness of fit measures for each participant. The final row shows
the mean parameter estimates across participants (standard deviation).

Subj a t0 v_55 v_35 v_20 v_10 CS Fit
1 5.30 0.33 2.98 3.64 4.40 5.31 32.37
2 4.03 0.50 1.99 2.12 2.47 2.79 21.52
3 2.22 0.73 0.92 1.79 2.56 3.06 104.33
4 2.43 0.52 1.70 2.23 3.18 3.95 19.81
5 1.84 0.73 0.62 1.01 1.73 2.52 65.73
6 2.07 0.63 0.56 1.23 1.54 2.24 84.58
7 6.37 0.10 2.39 2.61 2.68 3.09 15.89
8 2.95 0.55 1.72 2.25 2.48 2.93 41.64
9 2.15 0.63 0.90 1.89 2.88 3.98 64.03
10 6.71 0.38 2.70 3.15 3.77 4.32 22.59
11 1.86 0.64 0.80 1.18 2.18 3.51 95.10
12 2.08 0.92 0.39 0.52 1.41 2.20 226.26
13 2.96 0.59 1.97 2.36 2.85 3.68 24.75
14 2.10 0.55 0.77 1.67 2.17 3.83 58.41
15 2.29 0.81 0.54 1.48 1.61 2.29 93.23
16 2.43 0.59 1.25 1.82 2.22 3.33 67.73

M(SD) | 3.11(1.56) | 0.58(0.19) | 1.39(0.81) | 1.94(0.77) | 2.51(0.78) | 3.31(0.83) | 64.87(50.66)

55 significantly differ (all p values < .001) after Bonferroni correction. Therefore,

lower noise levels, hence easier conditions, are associated with higher drift rates.

After getting parameter estimates and deciding on a winning model based on
a nested comparison of goodness-of-fit measures, it is important to check whether
the empirical data are in line with the model predictions. Visual inspection of
a plot accompanying the empirical cumulative density function (CDF) collapsed
across noise levels and its predicted counterpart showed a decent overlap (see 3.2).
It should be noted that step-like increases in the empirical CDF are due to a lack
of precision in getting single-trial RT's as a result of 35-ms discretization. Another
important check is whether the estimated parameters of model fitting to empirical
data can be reliably recovered from the generated datasets using those exact
parameter configurations. For that purpose, 1000 datasets for each participant
that match the trial numbers as much as possible to those of different noise

levels are generated, and the resulting parameter estimates are noted. However,
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Averaged Fast-DM vs. Empirical CDF (All Noise Levels)
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Figure 3.2: Cumulative Density Functions (CDF's) for subject 4, averaged across
all noise levels. The solid line represents the CDF from empirical data, and
the dashed line shows the predicted CDF from parameter estimates after model
fitting with Fast-DM. A visual inspection revealed a decent overlap between model
predictions and empirical data.

estimated parameters were not recovered successfully when evaluated at 95%
CIs. This might be caused by the CS-based fitting method being less successful
in parameter recovery, especially in low trial numbers. Indeed, in this study,
the trial numbers are lower than the previous studies and best practices outlined
[23] after excluding misses and partitioning the individual datasets according to
the experimental conditions. Yet another potential reason might be longer RT's
observed in our task compared to simple perceptual decisions often investigated

with DDM, leading to inherently less reliable parameter estimates.
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3.2 EEG Results

3.2.1 CPP

First, whether there exist amplitude differences in the stimulus-locked CPP signal
across experimental conditions of pre-stimulus duration or noise levels is inves-
tigated. For the false discovery rate (FDR) corrected ANOVA, the channels of
interest are CP1, CPz, and CP2. In those electrode sites, activity has been
found to differ significantly between noise levels starting at around 380 ms and
consistently continuing up to 830 ms following the stimulus onset (see Supple-
mentary Figure A.1). Similarly, a cluster-based permutation test showed compa-
rable results for the effect of noise level. In addition, when the response-locked
CPP waveforms were investigated using the same procedure, there were no sig-
nificant differences in amplitude with respect to difficulty levels revealed near
100ms of the decision reports (see Supplementary Figure A.2). This finding is in
line with the assumptions that CPP scales with evidence strength and reaches a
common level at response, as expected from an abstract decision variable. The
significant time window that spans from 380 — 830 ms informed the single-trial
analysis to calculate the mean amplitude of the CPP. Using those single-trial
measures, repeated-measures ANOVA showed a significant main effect of noise
level (F(3,45) = 15.79, p < .001, n& = .06), where the lower noise levels are asso-
ciated with higher CPP mean amplitudes. The results of pair-wise T-test applied
on aggregated single-trial measures produced significant differences between noise
levels 10 and 35 (p = 0.034), 10 and 55 (p < 0.001), 20 and 55 (p = 0.002), and 35
and 55 (p = 0.049) after Bonferroni correction. As for the pre-stimulus duration,
the significant activity differences across CPP channels are not as consistent as
in the case of noise level. Rather, this modulation is observed in more parietal

scalp sites (e.g., P1, P2 channels) (see Supplementary Figure A.3).

Another important property of CPP is having a build-up rate that scales with
evidence strength. In this respect, a running window-based linear regression was
applied across subjects to estimate the rising slope of the stimulus-locked CPP

waveforms for each difficulty level. Significant differences in rising slope emerged
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between noise levels starting from the 280 — 380 ms window and extending to
the 370 — 470 ms window. These significant windows were determined under the
assumption that lower noise levels (i.e., easier conditions) are associated with
steeper CPP build-up. The grand-averaged CPP waveforms for each difficulty
level are presented, with the centers of the significant time windows marked along
the time axis (see Fig. 3.3). Response-locked waveforms were also analyzed using
a similar sliding-window procedure as in the stimulus-locked analysis, whereas the
time window of interest spanned from -1200 ms to 0 ms relative to the decision
report. The same hypothesis as for the relationship between difficulty and the
rising slope of the CPP (i.e., lower noise associated with steeper build-up) is
used, and FDR correction for multiple comparisons is applied. It is revealed that
the significant differences in slope emerged beginning at approximately —600ms
and continued up until around —330ms before the response. Response-locked
grand-averaged CPP waveforms for each difficulty level are presented with the
significant time window centers marked below (see Fig. 3.4). The marked onset
of slope differentiation thus informed the single-trial analysis on estimating CPP

slopes, which is taken from a window of 150ms length, from —550 to —400ms.

For each subject, weighted averaged CPP mean amplitudes across noise levels
are compared between invalid versus correct trials using the time window of 380 —
830ms in stimulus-locked waveforms. One-tailed paired-samples T-test result was
significant (£(15) = 7.504, p < .001, Cohen’s d = 1.876). Therefore, it is concluded
that CPP mean amplitudes can differentiate between the correct and invalid trials

as expected from a neural representation of a decision variable.

In addition, to connect the drift rate with the CPP rising slope, the mean
single-trial CPP slopes were calculated for each subject and each noise level, A
one-tailed Pearson correlation revealed a significant positive relationship (r(62) =
A2, p < .001, 95% C1]0.24,1.00]). To more precisely estimate the relationship
between these two measures, the effect of noise is regressed out. This way, it
is ensured that the significant relationship is not the result of partitioning the
datasets according to different noise levels. A linear mixed model analysis on
the resulting residuals with a random effect of subject revealed that the positive
relationship still persists (r(62) = .32, p < .01, 95% CI[0.12,1.00]). These results
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Grand-Averaged Stimulus-Locked CPP Waveforms Across Noise Levels
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Figure 3.3: Stimulus-locked grand-averaged CPP (N = 16) for each noise level.
Asterisks along the bottom of the plot mark the centers of significant time win-
dows as a result of linear regression, assuming that lowering the noise leads to a
steeper rise in the signal. Note that while determining the significant windows,
false discovery rate correction is used to prevent Type I errors.

suggest that the variations in CPP slope is related to variations in drift rate,

further supporting the properties of an abstract decision variable.

3.2.2 N2-bm

FDR-corrected ANOVA procedure is also applied to N2-bm waveforms taken
from parieto-occipital channels, including POS8, P8, and P6 based on the inspec-
tion of scalp maps and stimulus-locked waveforms (see Fig.3.5). As a result, it
has been statistically validated that around 290ms onwards and up until around
510ms, N2-bm activity is modulated by the noise level. Informed by the output of
this procedure, single-trial peak negativities of N2-bm are measured in the same
interval. Using single-trial measures and applying repeated-measures ANOVA
demonstrated a significant main effect of noise (F'(1.88,28.26) = 17.78, p < .001,
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Grand-Averaged Response-Locked CPP Waveforms Across Noise Levels
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Figure 3.4: Response-locked grand-averaged CPP (N = 16) for each noise level.
Asterisks along the bottom of the plot mark the centers of significant time win-
dows as a result of linear regression, assuming that lowering the noise leads to a
steeper rise in the signal. Note that while determining the significant windows,
false discovery rate correction is used to prevent Type I errors.

né& = .041). As a next step, pair-wise comparisons with a T-test on the aggre-
gated single-trial measures revealed significant differences in N2-bm peak nega-
tivity between noise levels 10 and 20 (p = 0.049), 10 and 35 (p < 0.01), 10 and 55
(p < 0.001), and 20 and 55 (p < 0.01) after Bonferroni correction. Therefore, sig-
nificantly larger N2-bm peak negativities are observed in lower noise conditions.
In other words, N2-bm peak negativity scales with sensory evidence strength, as
larger negativities potentially reflect enhanced higher-level perceptual process-
ing. On the other hand, there was no modulatory effect of pre-stimulus duration
observed in FDR-corrected ANOVA, suggesting that it is the stimulus strength
rather than the interval preceding the stimulus onset that drives the amplitude

differences.

Additionally, weighted average N2-bm waveforms across noise levels are com-
pared between invalid and correct trials. Specifically, peak N2-bm negativities
in a 290 — 510ms time window are compared with a non-parametric one-tailed

Wilcoxon Signed-rank due to a violation of the normality assumption in the
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Figure 3.5: Stimulus-locked grand-averaged scalp map for the mean activity over
300 — 400ms is shown on the left panel. Next to the scalp map, stimulus-locked
grand-averaged waveforms across noise levels are shown for the N2-bm specific
channels: P8, P6, POS in order, where the larger peak negativities are observed
in lower noise levels.

paired-samples T-test. The alternative hypothesis was that the measurement
from correct trials is greater in magnitude than that from invalid trials. The
result was significant (z = —3.516, p < .001) and perfectly consistent across
subjects (W = 0.000, Rank-Biserial Correlation = -1.000).

3.2.3 Attentional and Motor Neural Markers

Greenhouse-Geisser corrected results showed that alpha power significantly differs
across pre-stimulus durations (F(1.19,14.24) = 12.57, p = .002, n = .013) and
noise levels (F(1.92,23.04) = 3.51, p = .048, nZ = .0016). The pair-wise com-
parisons using averaged single-trial estimates revealed that all pairs significantly
differ between pre-stimulus durations (all p < .05), with longer intervals leading
to lower alpha power. This finding may reflect that attentional engagement is
becoming increasingly higher with longer waiting intervals before the stimulus,
potentially due to growing uncertainty for the timing of the upcoming target
PLDs. For the noise level, the significant main effect is found to be driven by the
differences between the highest and lowest noise levels (p = .038). That is, lower
alpha power is observed in the most difficult condition compared to the easiest.
This might be due to how the scrambled motion stimuli are created as a control
for target BM displays by accompanying the same number of dots. Therefore, the

ambiguity of the stimulus shown on the screen during the pre-stimulus interval
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may lead to elevated attentional engagement to prevent missing the transition
to target PLDs. The same procedure is applied to pre-stimulus motor prepara-
tory signals indexed by the mu-beta band power at C3 and C4 channels as the
contralateral minus ipsilateral activity with respect to the upcoming trial. How-
ever, none of the within-subject factors showed significance. This might be due
to a lack of explicit cueing regarding the upcoming stimulus timing compared to

previous research.

To quantify whether the LRP build-up rate differs across noise levels and
the timing of this differentiation, similar to running regression analysis for CPP
response-locked waveforms, the slopes are investigated. The expectation was
to see significant time windows where the faster build-up rate of LRP is to be
seen in lower noise levels. There are only two 100-ms window centers marked in
the output, —230 and —220ms, satisfying this presumption. The centers being
closer to response onset than CPPs (—550 to —360ms) is in line with the view
that CPP reflects an abstract decision variable preceding the motor preparatory
activity [12]. However, there were no significant centers that survived after FDR
correction for multiple comparisons. This might be due to prolonged RT's in our

task that may interfere with the build-up dynamics of motor preparatory activity.

3.2.4 Relationship Between Neural Markers

According to averaged neural measures across experimental conditions following
within-subject z-scoring, a significant negative correlation was observed between
alpha power and N2-bm peak negativity (r = -0.18, p =.027, 95% CI [-0.33, -
0.02]). On the other hand, a significant positive correlation was found between
alpha power and CPP mean amplitude (r = 0.21, p = .008, 95% CI [0.06, 0.36]) or
CPP slopes (r = 0.23, p = 0.003, 95% CI [0.08, 0.38]). This positive relationship
pattern is in contrast with the findings of Kelly & O’Connell (2013), where lower
alpha band activity, interpreted as indicating higher attentional engagement, pre-
cedes greater CPP slopes. Lastly, there was a significant negative correlation

between N2-bm peak negativity and CPP mean amplitude (r = -0.27, p < .001,
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95% CI [-0.41, -0.12]). This result suggests that enhanced visual encoding (larger

N2-bm peak negativity) is linked with enhanced evidence accumulation.

Following correlation analyses, the possibility of visual encoding quality, in-
dexed by N2-bm, to be the mediator for the relationship between pre-stimulus
attention (alpha) and the evidence accumulation process (CPP) is investigated.
In this context, Bayesian multilevel modeling in the mediation framework is uti-
lized. Before reporting Bayesian multilevel model outputs, convergence diagnos-
tics were examined, including R values indexing whether the chains are converged
and effective sample sizes (ESS), where higher numbers reflect reduced autocor-
relation between the estimated effects. R values are generally regarded as ideal
if it is less than 1.1 or, even more conservatively, 1.02 [3]. All R values found
to be equal to 1.00, suggesting chain convergence and hence reliable posterior
estimates. On the other hand, effective sample size (ESS) should be as high as
possible to index how many samples are used to calculate the posterior for that
parameter [84]. The ESS values for all parameters are large enough to suggest
that there is a sufficient amount of independent information present in MCMC
samples. Therefore, after ensuring robust and stable estimates for the posterior
distributions, indirect, direct, and total effects were computed by combining path

coefficients from the two models.

The indirect effect of alpha power on CPP mean amplitude via N2-bm peak
negativity was found to be consistently positive across samples (Median = 0.0009,
95% CI [0.0005, 0.0013]), as well as the direct effect of alpha power on CPP mean
amplitude (Median = 0.0038, 95% CI [0.0014, 0.0063]. Lastly, the total effect
combining both direct and indirect effects suggested a reliable positive relation-
ship between alpha power and CPP mean amplitude (Median = 0.0048, 95% CI
[0.0023, 0.0072]). Therefore, the combined results suggest that the relationship
between pre-stimulus alpha power on CPP mean amplitude is at least partially
accounted for by the mediator N2-bm peak negativity. In other words, the rela-
tionship between attentional fluctuations before the target onset and the decision-
making process is partially mediated by higher-level visual encoding processes. It
should be noted that despite the indirect, direct, and total effects estimated nu-

merically as small, this is expected given the scales of the neural variables involved
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(e.g., microvolt-level ERP amplitudes and log-transformed power). Additionally,
the indirect effect calculation involves the multiplication of two regression coeffi-

cients, which inherently leads to smaller values.

3.3 Reaction Time & Neural Markers

None of the pre-stimulus markers significantly differed between RT categories,
regardless of which experimental manipulation determined those categories. Rel-
atively longer RT's observed in our task might have prevented the activity before
the stimulus onset from having any significant influence. Additionally, specific to
contralateral preparatory motor activity, the non-significant result might be due
to unpredictability of the upcoming stimulus timing as no cues are involved in

our experimental design, contrary to Kelly et al. (2021) [39].

For the neural measures calculated following the stimulus onset, N2-bm peak
negativity from stimulus-locked and CPP slope from response-locked waveforms
are of interest. According to repeated-measures ANOVA analysis, both N2-bm
peak negativity (F(1,15) = 11.94, p < .01, n& = .03) and CPP slope (F'(1,15) =
48.98, p < .001, n& = .26) significantly differ across RT categories. Specifically,
larger N2-bm peak negativity and steeper slopes are observed in fast compared

to slow decisions.

To more thoroughly investigate the relationship between RT and neural mark-
ers, z-scored aggregated RT's are separated into 6 bins within the noise levels.
Following that, either the CPP slope or the N2-bm peak negativity is regressed
against RT bins for each one of the noise levels. The resulting slopes are statisti-
cally evaluated within the scope of a permutation test with 10000 iterations. As
a result, it is revealed that the relationship between RT bins and CPP slope is
significant and not due to chance. That is, the estimated regression coefficients
were consistently and significantly negative across all noise levels (ranging from
[-0.00011, -0.00017], all p < .001). This indicates that slower decisions were sig-

nificantly associated with shallower CPP slopes even within difficulty levels (see
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Mean CPP Slopes by RT Bins within Noise Levels
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Figure 3.6: Mean CPP slopes are plotted across 6 reaction time (RT) bins on
the x-axis, with separate lines representing each noise level condition. The y-axis
values are scaled by a factor of 10* for improved readability and interpretability.
It is demonstrated that CPP mean slopes are getting smaller in slower RT bins,
as the downward trend is visible for all noise levels.

Fig. 3.6). However, this pattern is not observed for the N2-bm peak negativity.
These combined results point to the distinction between the CPP and N2-bm in
terms of which underlying decision process they may represent. In other words,
although both measures are modulated by stimulus quality through noise level
manipulation, it is the CPP slope that shows fine-grained RT-predictive qualities.
Therefore, the claim that CPP reflects an abstract signal and N2-bm reflects the
perceptual encoding quality of a biological motion stimulus is further strength-

ened.
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Chapter 4

Discussion

4.1 General Findings

In this study, the aim is to investigate perceptual decision-making dynamics for
biological motion perception. Given its established success in reflecting human
motion information by effectively preventing potentially confounding form cues,
PLDs are used as the stimuli. Informed by the previous research [12], our de-
sign enables seamless transition from scrambled motion displays to the target
PLD walker, for which the participants are asked to report the walking direction.
This design allowed us to examine the abstract decision signals without contam-
ination by the large visually evoked potentials due to the sudden introduction
of the visual targets. To manipulate difficulty, PLD walkers are embedded in
noise dots that move randomly without conveying any meaningful human form
or motion dynamics. In addition, temporal expectation regarding stimulus onset
is prevented by the changing pre-stimulus duration. Behavioral results showed
that an increase in noise level (i.e., difficulty) resulted in slower RTs with more
misses or incorrect responses. Moreover, if the targets are preceded by increased
pre-stimulus duration, faster decisions are observed. The effect of pre-stimulus
duration also showed differences for the response categories. In particular, partic-

ipants tend to respond prematurely with increasing pre-stimulus intervals. This
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is potentially due to the imposing urgency-related processes to respond as soon
as possible during increased waiting intervals, and ineffective preparation if the

target stimulus appears after a short duration.

Fitting DDM to behavioral data revealed that (v_stim) model produced a su-
perior fit when the data is separated by the noise level. It should be noted that
the minimum trial number requirement is not satisfied when the datasets are par-
titioned into 12 levels according to the combination of noise level and pre-stimulus
duration. Yet another nested comparison is also possible through partitioning the
RT data from each subject according to pre-stimulus duration and allowing the
free parameters to vary between its levels. In this nested comparison, the model
in which non-decision time depends on the pre-stimulus duration (tO_prestim)
provided a superior fit in most participants. Although not in the same nested
structures, the comparison between (v_stim) and (t0_prestim) models revealed
that (v_stim) produces a superior fit in 9 out of 16 participants. Specifically,
v_stim has the df of 38, whereas the to_prestim has 28. As such, these models are
evaluated at the critical value of 23.21 from the Chi-Square table with 10 df and
at 0.99 significance level. Additionally, due to noise level producing larger effect
sizes for significant main effect when inspected with behavioral metrics (RT and
accuracy), (v_stim) has been selected as the winning model. After determining
the winning model, it is revealed that the drift rate estimates are significantly
higher in easier trials, accompanying a lower number of noisy dots. The visual
inspection of the cumulative density functions produced by the empirical data
and predicted by the model fitting revealed a decent overlap in participants who
demonstrated better goodness-of-fit measures. However, parameter recovery is
not as successful as comparing CDFs. Unsuccessful parameter recoveries may
arise from the fact that ideal decisions to be investigated with DDM should span
hundreds of milliseconds but not more than several seconds [19], as in our task.
Nevertheless, DDM estimates provided informative indices for psychometric eval-

uations [20].

Neural measurements are taken through EEG, given its high temporal preci-
sion, to examine the underlying mechanisms occurring in time. Pre-processing

is applied carefully to ensure a high signal-to-noise ratio in single-trial measures.
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From the pre-processed datasets, single-trial measures of pre-stimulus attention
fluctuation and motor preparation levels are calculated. Moreover, for the ERPs
that follow stimulus onset, biological motion processing-related negativity (N2-
bm) and CPP are calculated for each trial. It has been shown that pre-stimulus
attention levels significantly differ between pre-stimulus durations and noise lev-
els, as longer waiting intervals and higher difficulties lead to lower alpha power in
posterior-occipital regions. This might be due to reduced suppression of scram-
bled motion processing in ambiguity, as when pre-stimulus durations are extended
and stimuli become harder to evaluate with an increased number of moving dots.
There were no significant relationships between RT and experimental manipu-
lations observed with pre-stimulus motor preparation, despite previous research
connecting it with starting point adjustments in the DDM framework. However,
those studies have common manipulations, including changes in expectation or
prior information [39] [40], in contrast to our experimental design, which includes

no explicit cueing relative to the stimulus onset or stimulus properties.

For the ERP waveforms that are thought to reflect neural representation of
the evidence accumulation process, CPP showed build-to-threshold dynamics,
scaled with the evidence strength, covary with RT, and correlated with DDM
drift rate estimates, which will be detailed below in a devoted section. An addi-
tional neural marker shown to display build-to-threshold dynamics scaling with
the difficulty [12], namely lateralized readiness potential (LRP), is also investi-
gated. The marked time points showing scaled slopes with evidence strength are
found to temporally lag that of CPP. However, these time windows could not
survive after FDR-correction. As for the N2-bm peak negativity, which is in-
terpreted as reflecting visual encoding quality specific to higher-level processing
of biological motion, larger negativities are observed in lower noise conditions.
Moreover, N2-bm shows RT-predictive qualities to some extent, as larger N2-bm
negativities are observed in faster decisions. Lastly, single-trial pre-stimulus at-
tentional fluctuations are found to be significantly correlated with N2-bm peak
negativity and CPP activity. A further test investigating whether the effect of
attention on evidence accumulation is mediated by the visual encoding quality

demonstrated at least a partial mediation, which has important implications that
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will also be detailed in the devoted section.

4.2 CPP as a Neural Representation of Decision

Variable

We endeavored to isolate the signal showing the decision variable characteristics
that is integrated over time through evidence accumulation dynamics. This is
challenging due to overlapping yet functionally distinct activities observed in the
brain, for which the problem is even more of a concern if used non-invasive tech-
niques, as in human decision-making tasks. Additionally, accumulation dynamics
are also proposed to be at play not only in perceptual decision-making but in de-
tecting signals [85], evaluating confidence, and even perceptual consciousness [86].
Keeping this caveat in mind, researchers should design careful experiments [87].
Informed by the previously suggested best practices in the field [12], we utilized
an experimental design with biological motion stimuli during a continuous visual

stream with varying difficulty.

Previous research has shown the decision variable properties from the centro-
parietal areas (CPP), as the signal demonstrates build-to-threshold dynamics
scaling with the evidence strength. By using socially meaningful stimuli, we have
extended the prior findings on this account. Specifically, CPP amplitude signif-
icantly differed between the noise levels, with smaller activity observed in more
difficult conditions. However, this modulation has not extended temporally to
time windows closely preceding the decision report. This finding further sup-
ports a common threshold view. As for the build-up rate of CPP, it has been
shown in both stimulus and response-locked waveforms that the CPP rising slope
differs between the noise levels. In particular, we have found time windows where
the steeper rises are observed in easier conditions. The CPP signal also reliably
differentiated between correct and invalidly responded trials, by having larger
mean amplitudes in trials accompanying correct responses. Another important

property of a decision variable is that it covaries with RT. In this respect, when
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the RT's are median-split within each participant and each noise level, the CPP
slope has been shown to be steeper in fast decisions. More fine-grained analysis on
RT by within-subject z-scoring and partitioning into 6 RT bins also revealed that
the CPP slope is significantly steeper in faster decisions within each noise level.
It is also worth connecting the CPP slope with the drift rate parameter in DDM,
which reflects the speed of information uptake. When the relationship between
these two measures is analyzed, it is shown that even after accounting for the

effect of difficulty or subject-level variation, the significantly positive relationship
still holds.

It should be noted that finding neural signals showing choice-predictive char-
acteristics is not sufficient to disentangle their role in the decision process due
to functionally different stages being involved (such as encoding of the stimulus,
evidence accumulation, and motor response production). Despite N2-bm show-
ing RT predictive characteristics in median-split analysis, this is not as precise as
CPP for the 6 RT bins. Moreover, CPP activity is differentiated temporally from
N2-bm, which peaked before CPP peak latency. There is another important issue
of leakage between the perceptual /cognitive systems and motor signatures, which
might falsely be interpreted as an abstract decision variable [33]. In this respect,
LRP is also evaluated as it indexes motor preparation for the decision alterna-
tives when mapped to specific effectors. However, no significant modulation by
the evidence strength was observed in LRP after FDR correction. If one were to
challenge using correction for multiple comparison for producing overly conserva-
tive results to prevent Type-I errors, even in that case, the marked windows still
lag behind that of CPP. As a result, our findings provided further support for
CPP to reflect the evolution of an abstract decision variable distinctively from the
other processing stages underlying perceptual decisions, such as visual encoding

and motor preparation.

It should also be noted that reaching a common threshold at response may not
be the core property expected from a decision variable. For instance, a previous
research utilizing single-trial EEG markers maximizing target stimulus discrim-
ination showed that the amplitude of this neural marker is modulated by the

difficulty near decision reports [66]. Additionally, it is difficult to find support
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for the common threshold near decision reports where the speed is emphasized
or during ambiguous stimulus presentations. Based on this perspective, CPP has
been thought to index both the decision variable and the urgency signal growing
over time in a multiplicative manner during those circumstances. This notion
is further supported by the findings that CPP reaches high amplitudes even in
the face of ambiguous sensory evidence, despite chance-level accuracy [17]. An-
other evidence supporting the urgency component comes from a monkey study
investigating the area LIP, which shows evidence-independent rise for both choice
alternatives modulated by the speed emphasis [88]. Although not found sufficient
support in human studies, another mechanism that produces similar predictions
to that of growing urgency is collapsing thresholds in time, which leads to loosen-
ing of the decision criteria in timely conditions [89]. Despite the caveats regarding
common bound assumption, it is not counterintuitive that our results showed no
amplitude modulation by the evidence strength near decision reports, given that
the experimental design does not include any specific instructions within or across
participants to emphasize speed over accuracy, and participants are given plenty
of time to decide walking direction. However, our behavioral findings suggest
a possible urgency mechanism is at play for the longer pre-stimulus durations,
which may account for the observed patterns regarding fast RTs and more pre-
mature responses. Despite this plausible explanation, we could not explore this
potential thoroughly in CPP waveforms following longer scrambled motion dis-
plays. This is due to a lack of distinct event markers at the response onset that

are specific to the levels of pre-stimulus durations.

Some accounts claimed that motor preparation may at least partly coincide
with the evidence accumulation process [90], and researchers model this process
as secondary with leaky accumulation of the input coming from the decision
process to reach the motor bound for triggering the response [91]. The sequential
assumption of these processes is also targeted by another study using rats, which
regards the decision process as a race between evidence accumulation and action-
triggering mechanisms [92]. However, our study has not found any significant time
windows where the build-up rate of LRP is modulated by the evidence strength.

Therefore, our particular design without reliance on choosing between the motor
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plans but rather focusing on perceptual categorization [22] may have prevented
motor-related signals from showing similar dynamics in time, coinciding with that

of CPPs.

4.3 The Role of Pre-stimulus Attention

It is difficult to reconcile our findings regarding the positive relationship between
pre-stimulus alpha power and CPP with previously shown opposite patterns [12],
particularly given the similarities between experimental designs. This discrep-
ancy likely arises from task-specific properties modulating how alpha activity
functions in pre-stimulus intervals. In our paradigm, the scrambled motion dis-
plays are shown before the PLD walkers to enable smooth transitions from control
to the target stimuli. However, this choice might have increased the perceptual
complexity by introducing ambiguous stimuli that closely resemble targets than
typical random-dot-motion controls. As a result, participants may be more prone
to false alarms during scrambled displays, especially in longer pre-stimulus du-
rations. To prevent misinterpreting the irrelevant stimulus as the target to be
decided upon, participants may have adopted a more cautious strategy. This
may necessitate attentional disengagement during the scrambled motion period.
This strategy could manifest as higher alpha power, which has been linked to
functional inhibition of sensory processing [93] and higher perceptual thresholds
[94]. From this perspective, increased alpha power may reflect successful suppres-
sion of the irrelevant visual input rather than fluctuations pointing to a lack of

attentional engagement.

Supporting these claims, we observed that alpha power significantly varied
with pre-stimulus duration, with longer durations associated with lower alpha-
band activity. This pattern may arise from the temporal uncertainty about the
stimulus timing and potentially reflect reduced confidence with increased duration
to evaluate whether the visual stimulus is a task-irrelevant scrambled motion dis-
play or a task-related PLD walkers. The relationship between the neural markers

further supports this interpretation. That is, when the processing of irrelevant
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stimuli is successfully inhibited (higher alpha power), enhanced visual encoding
quality of the targets (larger N2-bm peak negativity) is observed. Moreover,
larger CPP mean amplitudes, pointing to information processing strength, are
preceded by higher alpha power. Thus, in our task, higher alpha power may not
necessarily reflect reduced attention, but rather a protective gating mechanism

[95] that improves subsequent sensory encoding and decision-related processes.

To further understand these neural dynamics, it is demonstrated that there
is at least partial modulation by N2-bm on the relationship between alpha and
CPP. In our task, larger alpha power appears to have a functionally adaptive
role by means of inhibition for the irrelevant scrambled motion processing. It has
been previously argued that attention improves perceptual decisions by increasing
the quality of perceptual encoding, thereby leading to more robust visual short-
term memory traces, and hence more efficient information processing [96]. In
the context of our design, attentional mechanisms act as suppressors for the
processing of scrambled motion to preserve the acclaimed pipeline instantiated in
visual and decision-making streams. As for the link between these two streams,
previous research has proposed a gating mechanism, where the decision-related
neurons showing accumulation to threshold pattern receive input from the visual
encoding neurons [97]. This view postulates that visual encoding should reach
a sufficiently high quality before the accumulation onset for its output to be fed
into. In terms of the accumulation onsets, some researchers used the latency
where the CPP signal reaches its 50% peak amplitude [98]. It is noteworthy
that we observed a temporal overlap between higher-level visual encoding and
accumulation onset latencies. In particular, 50% peak latency of CPP at 408ms
and N2-bm peak negativity at 418ms is observed following the target onset in
grand-average waveforms. Therefore, this close match in temporal dimension
supports the outlined dynamics between visual encoding and the accumulation

process.
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4.4 Joint Models of Neural and Behavioral Data

Our study demonstrated that drift rate estimates from DDM are significantly and
positively correlated with aggregated single-trial CPP slopes even after the effect
of difficulty is regressed out. Although this approach improved the interpretabil-
ity of CPP as reflecting the accumulation of an abstract decision variable, it is
not the only way to connect neural and behavioral data. As such, initial work
focused on improving the theoretical assumptions underlying the decision-making
models informed by the neural characteristics. For instance, leaky competing ac-
cumulator models as an extension of classical DDM are inspired by the ideas of
neurally plausible properties such as lateral inhibition between the neighboring
neuron clusters and leaky integrate-and-fire dynamics [99]. A two-stage approach
to find the neural correlates of model parameters also attracted the researchers.
In this framework, first, the model parameters are estimated, and then their rela-
tionship with neural measures is evaluated by means of a subsequent correlation
or regression analysis, as in our study. However, there are inherent limitations in
this approach. Particularly, it does not allow enforcing constraints on the model
structure or parameters through neural variations that have crucial information
[100]. For instance, neural data may disentangle the roles of different parameters
on the very same phenomenon, such as fast RTs. It might be that the accumu-
lation process starting closer to the bound or enhanced drift rates may lead to
faster decisions in some conditions than in others [101]. In addition, the 2-stage
approach is not well-suited for studying single-trial data but rather aggregated
measures. Furthermore, statistical constraints may also be reciprocal between
the neural and behavioral parts, which further allows reliable inferences and in-
terpretations regarding the underlying processes. Connecting with Marr’s levels
of analysis, showing computationally optimal and at the same time biologically
realizable algorithms by a bidirectional link is crucial in understanding cognitive

functioning [35].

In this respect, firing rates in FEF visual neurons were previously used directly

as inputs to the accumulation process in a study with intriguing methodology by
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Purcell and colleagues (2010) [97]. A combination of direct neural input and cog-
nitive modeling suggested that there might be a gating mechanism with leakage
between the visual stream responsible for encoding and the motor stream respon-
sible for committing to a decision. Moreover, neural data can be as influential as
to give explanatory power to empirically test or refine model assumptions [87]. In
this regard, another study used the neural measures to directly constrain and val-
idate a perceptual decision-making model [39]. In particular, motor preparation
levels before the target stimulus onset determined the starting point parameter,
whereas motor signals during response were used to constrain decision bounds.
After establishing the model structure and parameter space informed by the neu-
ral data, the decision variable (DV) is simulated with the estimated parameters.
These simulated DVs were then compared with CPP waveforms to validate the
findings. It has been revealed that a neurally-informed model is superior in terms
of capturing the behavioral data and CPP dynamics compared to conventional
DDM with the same number of parameters. Recent advancements in joint mod-
eling endeavors also give rise to mathematically more advanced methodologies.
For instance, researchers utilized neural networks to simultaneously model behav-
ioral and neural (including CPP) data in the context of DDM. This integrative
approach was used to jointly describe EEG signals and behavioral outcome on

single-trial level [90].

Connecting with our findings of task-dependent (N2-bm) and domain-general
(CPP) neural signals, it would be noteworthy to evaluate the modeling of per-
ceptual decisions within more advanced frameworks. For instance, similar to the
direct input methodology used from FEF neurons, the sensory encoding quality
extracted from the N2-bm signal can be directly fed into the evidence accumu-
lation process in biological motion tasks. In addition, pre-stimulus alpha power
may inform the parameters in the subsequent trial, as more successful suppres-
sion of scrambled motion may lead to elevated single-trial drift rates. On the
other hand, within-trial fluctuations in the CPP signal may inform the diffusion
coefficient parameter in the DDM framework as a reflection of internal noise.
Furthermore, online evaluation of single-trial neural dynamics thought to under-

lie decisions may even inform brain-computer interface research. To illustrate,
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in case of low-quality visual encoding or high attentional fluctuations, adaptive
feedback may improve the performance [102]. Therefore, joint modeling of neural
and behavioral data offers great promise for further research in both fine-grained
understanding of perceptual decision-making dynamics and other technological

applications.

4.5 Future Studies

The current study has important implications in revealing both domain-specific
ERPs that reflect visual encoding quality and a domain-general abstract decision
signal. It has been demonstrated that single-trial N2-bm peak negativities and
CPP mean amplitudes are significantly correlated. Moreover, temporal investi-
gation revealed that the onset of CPP and N2-bm peak latency roughly overlap.
Future research should more extensively examine the hypothesis regarding the
relationship between visual processing and evidence accumulation. In this con-
text, it would be helpful to analyze connectivity between the centro-parietal areas
and the right-lateralized posterior-occipital regions. Specifically, in case signifi-
cant connectivity is found between the regions that coincides with the temporal
window of interest (around 400ms), it would strengthen the claims for the notion
that the decision-related accumulation process receives inputs from task-specific
higher-level visual encoding areas, such as pSTS for biological motion perception
tasks [61].

Our findings showed that if the scrambled motion is displayed for 5 or 8 sec-
onds, the mean RTs are lower compared to 3 seconds. That is, the participants
are responding more slowly at the lowest level of pre-stimulus duration. How-
ever, there were no significant differences found between 5 and 8 seconds. This
pattern is interesting given the differences in seconds between these two cate-
gories. To more precisely investigate how urgency or attention-related processes
might change with different pre-stimulus durations, future research might utilize
a randomly jittered waiting time in a specified window, rather than using 3 fixed

categories as in this study. This way, more insightful patterns might be observed
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between all levels of pre-stimulus durations. This design choice may, in turn, lead
to variations in single-trial neural measures related to evidence accumulation and

attention.

A significant portion of previous research on biological motion processing is
devoted to understanding the relative roles of form and motion cues underlying
the remarkable performance in humans. Some accounts view local and relative
motion dynamics as of great importance for BM perception, as PLDs are not as
accurately and efficiently perceived without being seen in motion [103]. On the
contrary, some researchers put great emphasis on form cues and revealed that
BM perception can be realized even with static snapshots of PLDs, depending
on the postural configuration [104]. There is also another line of research that
underscores the integration of form and motion information into a coherent per-
cept to explain neural and behavioral phenomena [65], [105], [106]. Nevertheless,
the consensus is yet to be reached, and studying biological motion perception
in a decision-making framework and with relevant markers offers great promise.
Particularly, as outlined previously, fitting the behavioral data to DDM results in
cognitively interpretable parameters. This approach is more fruitful in uncover-
ing the underlying mechanisms than studying accuracy or RT alone in isolation.
Additionally, investigation of the relevant experimental designs to address form,
motion, or both cues offer another prospect to study how the decisions are un-
folding temporally. Specifically, we have shown that research including abstract
decision signals - CPP - can be extended to the biological motion domain us-
ing PLDs. Therefore, perturbations targeting different sources of information
believed to be critical in biological motion perception may be reflected in CPP
waveforms during decisions. For instance, disturbed form or motion information
in biological motion detection tasks might lead to attenuated CPP amplitudes or
reduced slopes, or even a turnaround effect that has been observed in some tasks

when the evidence favors another alternative in the middle of the trial [13].

Lastly, although walking direction discrimination tasks are widely employed in
BM perception studies, PLD walkers constitute only a limited part of the whole
range of biological actions. PLDs offer great flexibility to convey other action

types, including object manipulation, locomotion, or even communicative actions.
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It has been thought that ERPs observed during the candidate time windows for
N2-bm (i.e., around 300 — 600ms following the stimulus onset) reflect higher-level
visual processing of BM displays [57]. Hence, it would be worth examining how
the tasks that requires semantically more complex processing (e.g., understanding
intentions, socially communicative actions, etc.) will lead to changes in amplitude
or temporal qualities of N2-bm. In addition, if a larger variation is expected to
be seen with respect to more complex tasks, the relationship between N2-bm and

CPP can be understood in a more precise manner.

4.6 Limitations

Several limitations should also be kept in mind to evaluate the findings of the
study. Firstly, RT measures are not as precise as expected from robust fitting
procedures for drift-diffusion modeling. In particular, due to problems in ex-
periment coding, RTs are taken in 35ms steps, and this problem is targeted
by adding an infinitesimal jitter and using Chi-Square (CS) based model fitting
that does not require the full RT distribution, rather several bins. However, the
CS-based approach provides limited power for reliable parameter estimations. In-
deed, although visual inspection of empirical versus predicted cumulative density
functions suggests overlap in some participants, the parameter recoveries were
not successful in containing estimated values within their 95% CIs in most of the
participants. Therefore, it should be noted that the parameter estimates are not
robust enough to ground the claims on a strong basis for theory development [20].
More ideally, when the trial numbers are relatively lower, as in our design, the
researchers are increasingly attracted to Bayesian hierarchical models [41] [107].
Considering problems related to parameter recovery in our study, future research
with more precise single-trial RT measures should use a Bayesian approach, given
the advantages in terms of providing full posterior distributions for quantifying

uncertainty and parameter regularization through group-level hyperparameters.

On the other hand, although PLDs offer great flexibility and have established
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usefulness, there are some inherent problems caused by the low-level represen-
tation of human motion patterns. We have interpreted the N2-bm as reflecting
the visual encoding quality, and developed a view on the time-course of decisions
based on the relationship between alpha power, N2-bm peak negativities, and
CPP amplitudes. However, it might be that the walking direction can be de-
duced only by the local motion patterns of the feet [62], [108]. In that case, the
global motion processing becomes limited, and higher-level processing is no longer
required to extract walking direction. However, in our task, relying on local mo-
tion patterns of feet is only relevant after stimulus onset, as participants should
detect the seamless transitions to targets from scrambled motion displays to pro-
duce correct responses. Otherwise, this would result in premature responses. In
addition, inspection of mean RT (1200ms) revealed a substantial amount of time
spanning several hundred milliseconds before the response, which is not sugges-
tive of utilizing those low-level cues that should have produced faster RTs. Still,
this is a noteworthy caveat that might be addressed in the future by designing
experimental paradigms to prevent potential reliance on such cues as in [109]
with the stimuli having distinct facing and movement directions to understand

the global versus local processing.

4.7 Conclusion

It has been demonstrated that CPP is a domain-general neural representation
of an abstract decision variable, showing the expected qualities in response to
socially meaningful biological motion stimuli. Additionally, the rise of CPP is
found to be delayed in our experimental paradigm compared to a similar design,
potentially reflecting the additional perceptual demands imposed by higher-level
visual stimuli than random dot kinematograms [12] and highlighting how CPP
responds to task difficulty. In terms of task-specific neural markers, our findings
suggest that N2-bm peak negativity indexes the quality of visual encoding for the
biological motion stimulus. From this perspective, the observed relationship be-
tween N2-bm and CPP indicates that enhanced visual encoding of the targets is

associated with a more robust evidence accumulation process. Additionally, the
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temporal overlap between CPP’s 50% and N2-bm’s peak latencies is observed,
which requires further investigation for the functional connectivity between the
regions from which these signals originate. In this regard, future research could
provide important insights regarding whether and how the visual system sends its
output to the decision-making process. As for the effects of pre-stimulus attention
on the subsequent trial performance, nuanced patterns are observed, necessitating
investigations along with task-specific demands. Specifically, the findings are in
line with the accounts for the functional inhibitory role of pre-stimulus attention
for the processing of task-irrelevant scrambled motion displays. In relation to
that, the trials accompanying enhanced visual encoding and evidence accumula-
tion are found to be associated with successful suppression of scrambled motion
before the targets. In conclusion, this study has extended the previous literature
on perceptual decision-making by introducing point-light displays, opening ways
for promising future research to explore the intricate neural dynamics underlying

perceptual decisions and biological motion perception.
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Appendix A

Supplementary Information

For the supplementary figures see A.1, A.2, A.3. Supplementary video on ex-
perimental stimuli depicting scrambled motion seamless transitioning to biolog-
ical motion PLD walkers at the lowest noise level (noise:10) can be found here:
https://osf.io/796fe/files/osfstorage.
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Figure A.1: According to false discovery rate-corrected ANOVA analysis, colored
time points mark the significant amplitude differentiation with respect to noise
level on stimulus-locked activity at CP-PO-P channels
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Figure A.2: According to false discovery rate-corrected ANOVA analysis, colored
time points mark the significant amplitude differentiation with respect to noise
level on response-locked activity at CP-PO-P channels
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Figure A.3: According to false discovery rate-corrected ANOVA analysis, colored
time points mark the significant amplitude differentiation with respect to pre-
stimulus duration on stimulus-locked activity at CP-PO-P channels
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