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A B S T R A C T   

Biological motion perception plays a critical role in various decisions in daily life. Failure to decide accordingly 
in such a perceptual task could have life-threatening consequences. Neurophysiology and computational 
modeling studies suggest two processes mediating perceptual decision-making. One of these signals is associated 
with the accumulation of sensory evidence and the other with response selection. Recent EEG studies with 
humans have introduced an event-related potential called Centroparietal Positive Potential (CPP) as a neural 
marker aligned with the sensory evidence accumulation while effectively distinguishing it from motor-related 
lateralized readiness potential (LRP). The present study aims to investigate the neural mechanisms of biolog
ical motion perception in the framework of perceptual decision-making, which has been overlooked before. More 
specifically, we examine whether CPP would track the coherence of the biological motion stimuli and could be 
distinguished from the LRP signal. We recorded EEG from human participants while they performed a direction 
discrimination task of a point-light walker stimulus embedded in various levels of noise. Our behavioral findings 
revealed shorter reaction times and reduced miss rates as the coherence of the stimuli increased. In addition, CPP 
tracked the coherence of the biological motion stimuli with a tendency to reach a common level during the 
response, albeit with a later onset than the previously reported results in random-dot motion paradigms. 
Furthermore, CPP was distinguished from the LRP signal based on its temporal profile. Overall, our results 
suggest that the mechanisms underlying perceptual decision-making generalize to more complex and socially 
significant stimuli like biological motion.   

1. Introduction 

One of the fundamental roles of the human visual system lies in its 
capacity to perceive and discern animate movements within its sur
roundings. Notably, perception of biological motion influences various 
judgments, including the recognition of living entities, agency attribu
tion, responding to and interacting with those agents in the environ
ment, and shaping broader social cognition. The human visual system 
remarkably and efficiently executes this function (Blake & Shiffrar, 
2007; Pavlova, 2012; Rutherford & Kuhlmeier, 2013; Johnson & Shif
frar, 2013; Brooks et al., 2007). To illustrate, envision a scenario of 
driving a car when suddenly confronted with a pedestrian or a dog. Our 
visual system promptly detects the motion characteristic of a living 
being, which results in an immediate deceleration or halt. Without this 
essential ability, the consequences could become life-threatening. This 

highlights the significance of delving into biological motion perception 
within the realm of perceptual decision-making. 

Perceptual decision-making and its neural mechanisms have been 
widely researched in systems and cognitive neuroscience, employing a 
range of techniques from invasive neurophysiology in non-human pri
mates to non-invasive neuroimaging in humans and computational 
modeling. The random-dot motion paradigm has been utilized as a 
prominent tool, involving displays of moving dots with a subset coher
ently moving in a specific direction (signal) while others move randomly 
(noise) (Newsome et al.,1989). By adjusting the proportion of signal 
dots, researchers can control the stimulus coherence and simulate real- 
world scenarios where information is often ambiguous and noisy. His
torically, this paradigm has been primarily used with non-human pri
mates while recording the neural firing rate in different brain areas to 
reveal the underlying mechanisms of perceptual decision-making 
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(Horwitz & Newsome, 1999; Kim & Shadlen, 1999; Shadlen & News
ome, 1996). An influential neurophysiology study by Shadlen & News
ome (2001) examined neural firing rates in monkeys time-locked to the 
stimulus and response onset. The findings demonstrated a correlation 
between increased stimulus coherence and neural firing rates in the 
lateral intraparietal area (LIP), contrasting with findings from the mid
dle temporal area (MT), a brain region typically associated with motion 
perception. Moreover, researchers observed that activity of LIP neurons 
reached a uniform level during the response, irrespective of stimulus 
coherence. Therefore, it has been suggested that neurons play a critical 
role in perceptual decision-making (Shadlen & Newsome, 2001; Gold & 
Shadlen, 2007). These insights have been integrated into various 
computational models, with one prominent example being the 
drift–diffusion model (Smith & Ratcliff, 2004; Ratcliff & McKoon, 2008). 
The model consists of two main components: accumulation of sensory 
evidence and decision boundary. Essentially, the drift–diffusion model 
proposes that during perceptual decision-making, our sensory system 
initially collects and accumulates evidence over time, ultimately sur
passing a predetermined threshold for the decision to be reached, 
namely the decision boundary (Bach et al., 2011). Importantly, these 
processes resonate in the neural firing rates observed in the LIP. 

On the other hand, when investigating perceptual decision-making 
in humans, researchers predominantly utilized non-invasive tech
niques, including high temporal resolution EEG (Kelly & O’Connell, 
2013, 2015; Twomey et al., 2015). Event-related potentials (ERPs), 
coupled with behavioral measures are key dependent variables in these 
studies. The seminal work by Kelly and O’Connell (2013) manipulated 
the coherence level of random dot stimuli for a direction task, akin to 
previous non-human primate research, while the target motion stimuli 
were preceded by the scrambled dots. The results demonstrated that 
stimuli coherence increase is associated with reduced miss rates and 
faster mean response times. More importantly, the study revealed an 
ERP, Centro-Parietal Positivity (CPP), characterized by a positive dis
tribution over centroparietal electrodes and emerging between 200 and 
800 ms following the target presentation. The temporal and signal 
profile of CPP revealed a shorter peak latency and a larger amplitude as 
the coherence increased. Moreover, the response-locked analysis indi
cated that average CPP signals across different coherence levels 
converged at the response time. Numerous other studies have demon
strated complementary outcomes to CPP-related work on perceptual 
decision-making, encompassing various tasks and stimuli on a variety of 
sensory domains; namely visual (Philiastides et al., 2006), auditory 
(Kaiser et al., 2006), and somatosensory (Herding et al., 2019). Collec
tively, these studies suggest that CPP systematically builds up depending 
on evidence strength, irrespective of the sensory modalities, the ma
nipulations targeting signal-to-noise ratio of the targets (e.g., intensity 
or volume changes), or the motor demands of the task including button 
presses (O’Connell et al., 2012; Kelly & O’Connell, 2015). In other 
words, CPP is thought to reflect both the sensory evidence accumulation 
process and the decision boundary postulated by the drift–diffusion 
model (Kelly & O’Connell, 2013). 

Another event-related potential investigated within perceptual 
decision-making studies, particularly when there is a motor component 
for response reporting, is Lateralized Readiness Potential (LRP). This 
potential, whose source is considered to be within the primary motor 
cortex (De Jong et al., 1988), is regarded as reflecting the unimanual 
motor preparation process, demonstrating a negative-going potential 
contralateral to the hand being utilized for the response. Notably, it has 
been found that even in the absence of explicit motor response, prepa
ratory activation is sufficient to evoke this potential (Smulders & Miller, 
2012). In a study by Kelly & O’Connell (2013), it has been suggested that 
LRP, indexing the motor preparation phase, temporally follows CPP, 
indexing supramodal sensory evidence accumulation (but see Lui et al., 
2021). 

To the best of our knowledge, biological motion perception has yet to 
be explicitly studied within the theoretical framework of perceptual 

decision-making, holding promise for substantial insights. Point-light 
displays (PLDs) have emerged as fundamental stimuli for investigating 
biological motion perception, consisting of dots representing the joints 
of a moving actor (Johansson, 1973). Although these displays lack some 
fine details typically present in the natural motion of biological organ
isms, such as color, texture, and depth information, they still offer a 
valuable tool for studying the visual system’s ability to detect and pro
cess animate movement (Johansson, 1976; Blake & Shiffrar, 2007). PLDs 
allow the brain to integrate and process the motion trajectories of in
dividual dots embedded in the displays and to represent the structure 
with coherent forms (i.e. the human body). There is a large literature 
investigating the contributions of low-level features, such as global form 
and local motion information to biological motion perception (Chang & 
Troje, 2008, Troje & Westhoff, 2006, Casile & Giese, 2005, Thornton, 
2006). In this respect, exploring the information processing stages of 
biological motion perception from sensory evidence accumulation to 
bound dynamics, provides a valuable opportunity to integrate the two 
fields. This endeavor, by offering a close inspection of the temporally 
evolving signal, holds a promise for enhancing our understanding of 
biological motion perception and its underlying mechanisms. Accord
ingly, the present study is dedicated to investigating the neural and 
temporal dynamics of perceptual decision-making processes by 
employing a task featuring PLDs. 

Furthermore, the limitations of the perceptual decision-making 
literature can be effectively addressed by introducing PLDs. Particu
larly, widely employed random dot kinematograms (RDKs) offer limited 
complexity and lack social significance. Apart from the works utilizing 
RDKs, studies in the visual domain have predominantly employed 
relatively simple or static stimuli; including gabor patches, varying-sized 
circles, arrow sequences, face versus car images (Heekeren et al., 2008; 
de Lange et al., 2010; Cheadle et al., 2014; Gorea et al., 2014). However, 
the extent to which underlying temporal dynamics of perceptual 
decision-making revealed for these simpler stimuli generalize to more 
complex and social situations involving motion, such as biological mo
tion, remains unknown. In this respect, point-light displays are prom
ising to overcome these limitations through inherently complex form 
and motion interplay and by presenting socially meaningful and 
ecologically better non-static stimuli. 

In light of these, the present study investigated the core decision- 
making processes by embedding the PLDs in different noise levels. 
Given the evidence obtained from diverse stimuli and modalities as 
previously outlined, one could anticipate that the core mechanisms 
underlying perceptual decision-making extend to biological motion 
processing. To this end, we recorded behavior and EEG activity during 
PLD walker direction discrimination task consisting of four conditions in 
which the amount of randomly moving dots is varied to manipulate the 
coherency of the target stimuli. We hypothesized that the increases in 
mean reaction time and miss rate would inversely follow the changes to 
that of the coherence. Regarding ERPs, we expected that CPP would 
track the coherence level of the biological motion stimuli. However, we 
expected a potentially later onset for CPP than in previous studies since 
the perception of biological motion may require more time to process 
than random dot motion stimuli due to its complexity. In addition, we 
also examined LRP as an index of motor preparation (Gratton 
et al.,1988) and aimed to distinguish it from CPP, following the previous 
work (Kelly & O’Connell, 2013). 

2. Methods and materials 

2.1. Participants 

A total of 16 participants (8 female, mean age = 23.18, age range [18 
40]) with normal or corrected-to-normal vision participated in the 
study. None of the participants had a neurological or psychiatric disor
der and were using any psychiatric medication. The Human Research 
Ethics Board of Bilkent University approved the study. Participants were 
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informed about the study procedures and signed a consent form before 
participation. In the pre-screening form, all participants reported at least 
6 h of sleep to avoid confounding effects on the EEG signal and 
performance. 

2.2. Stimuli, experimental design, and procedure 

The experiment utilized point-light displays for the biological motion 
stimuli to investigate human perceptual decision-making with EEG, 
renowned for its efficacy in capturing biological motion DYNAMICS. 
The biological motion stimuli in the task portrayed a human walking 
action, featuring 13 dots representing the joints on both sides of the 
body and the head, with an overall size of 6.5 degrees. The walking 
direction could be either to the right or left while the stimuli were dis
played from the side view of the corresponding direction. The gait cycle 
for the walking phase lasts around 700 ms. The participants were asked 
to report the direction as soon as they detected the walking human while 
the target walking stimuli were displayed, which can last for 2 s at most 
and correspond to approximately 3 full gait cycles. The motion targets 
appear as forward walking towards left or right on a treadmill. The 
starting point in the gait cycle was randomized in each trial. 

For the scrambled motion stimuli, the motion vector of the dots 
mirrored that of the meaningful biological motion stimuli. However, 
instead of moving in a coherent direction to simulate human walking, 
the dots appeared to move randomly since their starting coordinates 
were randomized. Similar to the biological motion stimuli, varying de
grees of noise dots were introduced into the scrambled motion displays. 
To maintain uniformity within each trial, the number of noise dots 
introduced for the scrambled motion stimuli matched those introduced 
for the subsequent biomotion stimuli. 

For coherence manipulation, the biological motion stimuli were 
embedded in different levels of noise. Specifically, different quantities of 
dots were introduced into the display, effectively determining the trial’s 
noise level. These noise levels were determined through a pilot study, 
ensuring that manipulation of difficulty spanned four discernible levels. 
As a result, manipulation of difficulty was accomplished across four 
distinct noise levels: 10, 20, 35, 55. 

Each of the four noise levels featured 120 trials, resulting in 480 
trials in total for the whole experiment. The experiment was structured 
into four blocks, each consisting of 120 trials of varying levels of noisy 
stimuli. The counterbalancing mechanism ensured trial uniformity, 
encompassing both the direction of biological motion stimuli and the 
noise levels. 

A preliminary practice task was administered for participants’ 
familiarization with the task. Participants were instructed to fixate on 
the center - where the fixation point was displayed - while performing 
the task. The screen was viewed at a 57 cm distance. Additionally, 
participants were also explicitly instructed to report the walking direc
tion upon recognizing a human figure using bimanual key presses during 
the target interval. Each trial started with the presentation of a fixation 
point for 1 s at the trial’s onset, placed at the center of the screen to 
direct the participant’s attention to the designated area. Then, it was 
followed by the scrambled motion display. The scrambled motion 
stimuli were displayed at varying durations (3, 5, or 8 secs) to prevent 
the predictability of the target stimulus. After the scrambled motion, the 
target biological motion stimulus was displayed for a maximum of 2 s 
(See Fig. 1). The transition from scrambled to biological motion stimuli 
was executed seamlessly to eliminate potential immediate visual evoked 
potentials in the EEG data. 

2.3. Data collection and analysis 

2.3.1. Behavioral 
The mean response time and miss rate for the direction discrimina

tion task were recorded and analyzed for each noise level. Response 
time, which is defined as the period that spans the onset of the biological 

motion stimulus until the participant gives a response, was taken for the 
correct trials. The miss rate indicates the proportion of trials where 
participants failed to respond during the target stimulus presentation. 
This measure provides information on the participant’s ability to detect 
the target and respond on time. One-way repeated measures analysis of 
variance (ANOVA) was applied to examine how different noise levels 
affected the mean response time and miss rate. Our hypothesis posited 
that as noise levels increased, response time and miss rates would also 
increase. 

2.3.2. EEG Recording and Pre-processing 
64-channel EEG (Brain Products, GmbH, Germany) was recorded at 

512 Hz using sintered Ag/AgCl passive electrodes whose placements 
were according to the international 10/20 system. The electrode AFz 
was used as ground and FCz was used as reference. Electrode offset was 
kept below 25 k ohm. Pre-processing was done using Matlab and the 
EEGLAB toolbox (Delorme & Makeig, 2004). The analysis focused on 63 
EEG channels after excluding the ECG channel. Data underwent a 1 Hz 
high-pass and 50 Hz low-pass filter, followed by re-referencing to the 
average of all electrodes. Eye-related components were removed using 
Independent Component Analysis (ICA), specifically by the binica al
gorithm. Data were then epoched for stimulus-locked and response- 
locked analysis. Epoch time intervals were determined based on the 
mean response times instead of minimum response times for accurate 
trials for each participant due to the insufficiency of the latter to capture 
the entire decision process. The minimum mean response time among all 
participants was approximately 830 ms. Thus, our analyses incorporated 
800 ms post-target and pre-response. 

For the stimulus-locked analysis, data from 200 ms before to 800 ms 
after the target were included, with baseline correction applied using the 
interval [-200, 0]. The response-locked analysis covered 800 ms before 
to 100 ms after the response, without baseline correction. Epochs con
taining artifacts were removed through semi-automated methods in 
EEGLAB, which identified improbable and abnormally distributed sig
nals. Following EEGLAB’s pre-processing, event-related potentials were 
computed using ERPLAB (Lopez-Calderon & Luck, 2014). 

Fig. 1. Experimental Setup. The example trial is illustrated with noise level 20 
and the walking direction to the left. The red dots are depicted to highlight the 
noisy dots and all of the dots are in larger sizes than the actual stimuli for 
display purposes. 
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2.3.3. ERP analysis 
We examined the effect of noise level on two event-related potentials 

(ERPs), namely centro-parietal positivity (CPP) and lateralized readiness 
potential (LRP), through both stimulus-locked and response-locked 
analysis. 

CPP, typically measured by averaging the amplitude of the elec
trodes CPz and its bilateral neighboring electrodes CP1 and CP2 (Kelly & 
O’Connell, 2013; 2015), was computed accordingly. In stimulus-locked 
analysis, a preliminary inspection of grand average ERP waveforms in 
those channels revealed the rise having approximately 350 ms onset. 
Hence, we analyzed [350 800] interval for stimulus-locked analysis. For 
response-locked analysis, we considered the [-450 0] interval to main
tain consistent duration between both analyses. We employed one-way 
ANOVA on CPP amplitudes with the noise level as the main factor for 
both analyses. Pairwise comparisons were subsequently performed 
among the four noise levels. To explore further, we employed a more 
conservative approach utilizing false discovery rate (FDR) correction 
with the channels specified above and the time points included (Fields, 
2017; Fields & Kuperberg, 2020). For the stimulus-locked analysis, the 
time points from the stimulus onset to 800 ms post-stimulus; while for 
the response-locked analysis, the time points from 800 ms pre-response 
to the response onset were included. Scalp maps were also generated to 
visualize signal distribution across the entire brain during the epoch 
intervals. For LRP analysis, a measure of unimanual response prepara
tion, a pair of electrodes from central and frontocentral regions in each 
hemisphere (C3-C4, and FC3-FC4) were included, in line with the 
literature (Eimer, 1998; Kelly & O’Connell, 2013). LRP for each trial was 
computed by subtracting the contralateral from ipsilateral channel ac
tivity with respect to the walking direction of the target stimuli in the 
trial. We initially utilized ANOVA with FDR correction including all time 
points following the stimulus or preceding the response onset. Following 
this, we also performed the analysis to include only FC3 and FC4 
channels in the time interval approximately 100 ms later than the onset 
of CPP differentiation. Thus, in the latter analysis, the [450 800] interval 
for the stimulus-locked and the [-350 0] interval for the response-locked 
analysis were included. This analysis aimed to ascertain whether LRP 
temporally followed CPP, as suggested by Kelly and O’Connell (2013). 

3. Results 

3.1. Behavior 

The results of the behavioral analysis demonstrated that the mean 
response time and miss rate followed a trend aligned with the experi
ment’s difficulty level (see Fig. 2). The mean response time (Fig. 2, left) 
and miss rate (Fig. 2, right) increased as the noise level increased. The 
mean response time for different noise levels ranges from 1 to 1.4 s, 

while the miss rate ranges from 1 % to 25 %. 
One-way ANOVA indicated a main effect of the noise level on the 

mean response time (F [3,45] = 246.953, p < 0.001, ηp
2 = 0.943), and all 

pairwise comparisons showed significant differences between the noise 
levels (p < 0.001 for each comparison, see Table 1). Similarly, a main 
effect of the noise level was found on the miss rate (F [3,45] = 101.562, 
p < 0.001, ηp

2 = 0.871). Additionally, pair-wise comparisons between 
noise levels on miss rate revealed significant results (p < 0.005), further 
providing support for the successful manipulation of difficulty in the 
experiment (see Table 1). 

3.2. Centro-Parietal Positivity (CPP) 

3.2.1. Stimulus-locked 
To illustrate the effects of noise levels on CPP, we plotted the ERPs 

from stimulus onset to 800 ms post-stimulus. Complementing this, we 
generated scalp maps to visualize the general distribution of activity and 
its significance (See Fig. 3A). Initial inspection of the plot revealed that 
CPP waveforms align with the difficulty level of the target stimuli, dis
playing lower peak amplitudes and slower build-up rates as noise levels 
increase. The scalp maps further underscored the increased activity for 
conditions with lower noise levels, with a distribution concentrated on 
the centroparietal brain areas. 

Employing one-way repeated-measures ANOVA on mean amplitudes 
from CPP channels (CP1, CP2, and CPz) during [350 800], a notable 
main effect of noise level was found (F[3,6] = 196.615, p < 0.001, ηp

2 =

0.990). Following this, to investigate the effect of our manipulation 
more thoroughly, we performed pair-wise t-tests. All of the comparisons 
revealed significant effects after the Bonferroni correction (see Table 2). 

In an exploratory effort to comprehensively assess the CPP activation 
across the entire time range, we employed ANOVA with FDR correction 
for the CPP channels and encompassing time points from the stimulus 
onset to 800 ms post-stimulus. In this analysis, the correction was done 
considering the number of channels and the time interval included to 
reduce the effect of false positives and hence Type I errors (Fields, 2017). 

Fig. 2. Behavioral Results. The mean reaction time (left) and the miss rate (right) are given according to the corresponding noise levels of the biological mo
tion stimulus. 

Table 1 
Pair-wise comparisons with corresponding t and p values for the miss rate (Miss) 
and mean reaction time (RT) across different noise levels.  

Noise Level  t - Miss pbonf – Miss t – RT pbonf – RT 

10 20 − 4.340 0.003 − 8.800 <0.001  
35 − 6.211 < 0.001 − 17.058 <0.001  
55 − 10.803 < 0.001 − 25.936 <0.001 

20 35 − 5.854 < 0.001 − 8.258 <0.001  
55 − 12.837 < 0.001 − 17.136 <0.001 

35 55 − 11.115 < 0.001 − 8.878 <0.001  
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This heightened level of conservatism enabled us to meticulously eval
uate the significance of activations across CP1, CP2, and CPz, 
commencing right from the onset of the target stimulus. Remarkably, 
this analysis yielded a consistent pattern that mirrors the visual depic
tion of event-related potentials outlined above. Notably, the distinction 
in CPP responses based on varying noise levels began to emerge around 
400 ms following the stimulus onset (see Supplementary Fig. 1). This 
investigation further confirmed the chosen time interval in epoching. 

3.2.2. Response-locked 
ERPs during [-800 100] for the response-locked analysis is illustrated 

along with the scalp maps (see Fig. 3B). The figure highlights the 
alignment of CPP waveforms with the task difficulty, showcasing 

heightened peak amplitudes and build-up rates in lower noise level 
conditions. In addition, scalp maps indicate more robust activity in less 
difficult conditions. Noteworthy is the tendency for activity across noise 
levels to converge at a certain level during the response (at 0 point for 
the response-locked analysis). 

Consistent with the stimulus-locked analysis, we employed first a 
repeated-measures ANOVA on the mean amplitudes during the [-450 0] 
epoch interval. This analysis revealed a main effect of noise level (F 
[3,6] = 276.680, p < 0.001, ηp2 = 0.993). Pair-wise tests between the 
noise levels also revealed significant differences between all compari
sons except a marginally significant difference between noise levels 20 
and 35 (See Table 3). 

It is important to note that, as we have outlined above, the signals 

Fig. 3. CPP results. Stimulus-locked (A) and response-locked (B) waveform graphs demonstrating the amplitude over time for CP1, CP2, and CPZ channels along with 
the scalp maps. 

Table 2 
Pair-wise comparisons for the mean CPP amplitude in stimulus-locked analysis 
during [350 800] interval for different noise levels.  

Noise Level  Mean Difference t Cohen’s d pbonf 

10 20 0.617 13.228 2.346 <0.001  
35 0.831 17.832 3.163 <0.001  
55 1.081 23.187 4.113 <0.001 

20 35 0.215 4.605 0.817 0.022  
55 0.464 9.960 1.767 <0.001 

35 55 0.250 5.355 0.950 0.010  

Table 3 
Pair-wise comparisons for the mean CPP activity in response-locked analysis 
during [-450 0] interval for different noise levels.  

Noise Level  Mean Difference t Cohen’s d pbonf 

10 20 0.296 34.803 2.671 0.005  
35 0.597 16.651 5.385 0.022  
55 0.749 19.508 6.763 0.016 

20 35 0.301 9.999 2.714 0.059  
55 0.453 14.475 4.091 0.028 

35 55 0.153 18.276 1.378 0.018  
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from each electrode showed a tendency to reach a certain level 
regardless of the difficulty level during response execution (See Fig. 3B). 
This observation is also in line with the decision-making models that 
emphasize accumulation to bound dynamics. To further provide support 
for this trend, ANOVA with FDR correction is conducted on the [-800 0] 
time interval. The results of this analysis confirmed the trend with no 
main effect of noise on the activity observed in any of the CPP channels 
as the time approached the response onset (see Supplementary Fig. 2). 

3.3. Lateralized readiness potential (LRP) 

3.3.1. Stimulus-locked 
To measure the lateralized readiness potential (LRP), we calculated 

the difference between contralateral and ipsilateral channels based on 
the target’s walking direction. We included the electrodes from central 
and fronto-central sites as pairs (C3 and C4, FC3 and FC4) in line with 
the previous literature (Kelly and O’Connell, 2013). The LRP waveforms 
obtained from each pair during the epoched time interval for the 
stimulus-locked analysis were plotted in Fig. 4A. Employing ANOVA 
with FDR correction analysis on the mean activity during the period 
from the stimulus onset to 800 ms post-stimulus, we found that LRP 
activity did not exhibit the same alignment with task difficulty observed 
in CPP activity. 

Following this, we performed a modified version of this analysis akin 
to the similar study done by Kelly & O’Connell (2013), where they 
detected a delayed LRP activity measured in frontocentral sites for 
approximately 100 to 150 ms in relation to CPP formation. Thus, we 
focused our analysis on the mean activity during the interval from 450 
ms to 800 ms post-target, excluding C3 and C4 electrodes and narrowing 
it down to FC3 and FC4. Nevertheless, this analysis also failed to 
demonstrate a significant main effect of the noise level in the stimulus- 
locked data. 

3.3.2. Response-locked 
Similar to the stimulus-locked analysis, we plotted LRP waveforms 

for each electrode pair within the response-locked epoch (see Fig. 4B). 
Applying ANOVA with FDR correction analysis by considering the mean 
activity during the time interval from 800 ms pre-response to response 
onset, the alignment with the difficulty level was not observed as in the 
stimulus-locked analysis. 

Interestingly, further modified analysis conducted on the response- 
locked data considering the mean activity during the period from 350 
ms pre-response to response onset demonstrated a significant main ef
fect of noise level, providing support for generalizing the previous 
findings in the literature (F[3,45] = 3.3468, p = 0.03). The discrepancy 
between stimulus-locked and response-locked results likely arises 
because of the stimulus-locked analysis not being well-suited to capture 
the response preparation interval, as compared to more insightful 
response-locked analysis. 

4. Discussion 

The present study aimed to investigate the neural dynamics of bio
logical motion perception in the framework of perceptual decision- 
making, thereby integrating two lines of research. To achieve this, the 
experiment employed PLDs with varying degrees of noise dots to 
manipulate the difficulty level in the point-light walker direction 
discrimination task. 

The behavioral results highlighted that overall task performance 
improved notably under low noise conditions. In essence, biological 
motion stimuli with heightened noise levels translated into delayed re
sponses and an increased rate of misses, verifying our manipulation of 
task difficulty. On the other hand, investigating the electrophysiological 
results provided a more comprehensive overview of the neural un
derpinnings. Specifically, the amplitude of the CPP exhibited an upward 
trajectory and earlier peak under lower noise conditions. Furthermore, 

Fig. 4. LRP Results. Stimulus-locked (A) and response-locked (B) LRP activities are shown for two different pairs of electrodes, namely C3 – C4 and FC3 – FC4.  
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signal distribution was consistent with the previous findings, empha
sizing heightened activation in the central brain sites corresponding to 
the CP1, CP2, and CPz channels, which are the primary focus for CPP. 
Moreover, the activity in those channels exhibited a pattern of reaching 
a common level during response irrespective of the task difficulty. These 
findings bolstered the essential qualities of CPP, highlighting its role in 
indexing sensory evidence accumulation over time until a certain 
threshold is attained during the response. Another important implica
tion of the results is the differentiation of motor preparation signal LRP 
from CPP. It has been found that LRP lagged the CPP formation for 
approximately 100 to 150 ms. In sum, this study’s outcomes resonated 
with the prior literature, solidifying evidence for a domain-general 
mechanism driving the perceptual decision-making process. 

4.1. Impact on the biological motion perception literature 

Previous event-related potential (ERP) studies on biological motion 
perception have primarily focused on form, motion, and configuration 
processing, with a particular emphasis on early ERP components, 
namely N1, P1, as well as N200 and N330 (Hirai et al., 2005; Baccus 
et al., 2009). Additionally, some studies have delved into higher-level 
processes involving attention, visual search, and action recognition 
(White et al., 2014; Hirai & Hiraki, 2006). Notably, a few influential 
studies have identified a centro-parietal deflection resembling CPP at 
around 300 ms, suggesting potential involvement in later cognitive 
processes (Krakowski et al., 2011). To the best of our knowledge, the 
present study is the first to explicitly investigate perceptual decision- 
making and related ERPs in the context of biological motion percep
tion. The current study demonstrated the generalizability of the core 
decision-making mechanisms to biological motion perception tasks. 

There is a large body of biological motion literature aiming to un
derstand the effect of underlying low-level features on perception. Local 
motion, which refers to the kinematics of the individual dots, is found to 
be crucial for facing direction and animacy detection tasks (Chang and 
Troje, 2008, Troje and Westhoff, 2006). Yet, the important role of form/ 
structure information arising from the interconnectivity of the individ
ual dots, namely integrative motion (Thirkettle et al., 2009) and oppo
nent motion (Casile & Giese, 2005) have also been emphasized. In this 
regard, integrating biological motion task into perceptual decision- 
making framework, that is, investigation of information processing 
stages in temporally evolving accumulation to bound dynamics derived 
from EEG signal is promising. Thereby, the study introduced a new 
approach for future investigations aimed at better understanding the 
distinct contributions of features and their interactions in biological 
motion perception, such as global form and local motion. 

Furthermore, the findings of the current study, particularly those 
related to the temporal qualities of the sensory evidence accumulation 
process, can serve as a potential benchmark for prospective studies. As 
the application of various dynamic manipulations becomes feasible 
through PLDs (Decatoire et al., 2019), including the temporal aspects 
(Thurman & Grossman, 2008) and spatial configurations (Thirkettle 
et al., 2009), future studies can leverage these advantages to utilize tasks 
beyond PLD walker direction discrimination. For instance, the potential 
tasks include action discrimination, biological motion discrimination, or 
walking direction discrimination task along with a manipulation where 
the facing and movement direction are distinct. The richness of the 
manipulations would assist in identifying the specific time intervals and 
spatial arrangements where task-related information is maximized 
within the evolving temporal dynamics of the perceptual decision- 
making framework. Since biological motion perception may not be a 
single phenomenon, but rather encompassing distinguishable aspects, 
one can expect to see differences as the outcome of different tasks (Troje, 
2008). 

Previous studies have also identified relevant brain areas including 
the posterior superior temporal sulcus (Vaina et al., 2001; Gilaie-Dotan 
et al., 2013; van Kemenade et al., 2012), and explored the underlying 

computational aspects through modeling (Giese & Poggio, 2003; Lange 
& Lappe, 2006; Duarte et al., 2022). One of the most influential models 
was proposed by Giese and Poggio (2003), suggesting two streams of 
information processing, namely the ventral and dorsal pathways, that 
process form and motion, respectively. According to this model, 
convergence at the superior temporal sulcus integrates these pathways 
to yield the perception of motion (Giese & Poggio, 2003). There are also 
other models that have been proposed to explain the global structure- 
from-motion, local motion processing stages, and infant perceptual 
abilities (Lange & Lappe, 2006; Hirai & Senju, 2020; Troje, 2008). In this 
context, another potential impact of the present study is exploring the 
evolution of the decision process as outlined by the drift–diffusion model 
parameters (e.g. drift rate, decision threshold, starting point) along with 
processing the local motion and global form information, which holds 
the potential for further enhancing our understanding of the mecha
nisms leading biological motion perception in the brain. Notably, 
whether the accumulation of evidence occurs through concurrent pro
cessing within the two streams or after form-from-motion integration 
remains to be investigated. 

4.2. Impact on the perceptual decision-making literature 

The present study introduces a more intricate task involving motion 
clips, setting it apart from studies that utilize simpler (e.g. RDKs) or 
static stimuli (e.g. face versus car discrimination) to perceptual decision- 
making literature. By using PLDs, the advantages over traditionally 
employed RDKs or other simple/non-static stimuli include increased 
complexity, social relevance, generalizability of the core decision- 
making processes, and the variety of questions that can be addressed 
(e.g. local motion versus global form processing). The important reasons 
why RDKs are widely preferred in perceptual decision-making studies 
are their accessibility and ease of manipulation. Similarly, there is an 
increased accessibility and manipulation techniques in the studies 
employing PLDs (Lapenta et al., 2017). The variety of manipulations 
described previously allows adjusting the task difficulty to better un
derstand the task-specific mechanisms and their reflection on the 
decision-making process. Consequently, the present study extends pre
vious research by employing a more complex and socially relevant task. 
Furthermore, the results revealed a noteworthy delay in CPP formation 
compared to previous work employing RDKs (Kelly & O’Connell, 2013), 
highlighting the responsiveness of perceptual decision-making and CPP 
to stimulus complexity. 

One should note that the domain-general mechanism of perceptual 
decision-making can manifest through distinct networks. Indeed, the 
observed variability in latencies for the CPP in the literature during a 
large interval (300 ms-800 ms), can be attributed to the dynamic 
interplay between core decision-making brain regions and stimulus- 
specific ancillary regions. Different cognitive tasks and stimuli may 
engage these regions to varying extents, resulting in a wide range of 
observed CPP latencies. Notably, ancillary circuits, that play a comple
mentary role to core decision circuits, may exhibit variations depending 
on the specific task and stimuli employed. Specifically, in the tasks 
where accuracy is favored over speed, uncertainty evaluated by pre
frontal areas plays a role in the resulting conservative policies which 
may lead to longer latencies (O’Connell & Kelly, 2021). However, a 
definitive explanation for this notable range requires further investiga
tion. Future work should focus on disentangling these complex in
teractions and their impact on CPP timing, potentially revealing more 
about the underlying cognitive processes. The interactions between 
stimulus-specific regions leading to decisions deserve further scrutiny. 
Specifically, the role of pSTS merits deeper exploration using a similar 
paradigm, as this region has been linked with biological motion 
perception (Saygin et al., 2004), and is considered to be a convergence 
point for dorsal and ventral pathways (Giese & Poggio, 2003). Addi
tionally, studying the network connecting pSTS and homologous pari
etal regions in humans to macaque LIP holds promise, akin to research 
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exploring differences between the neural responses of MT and LIP re
gions (Gold & Shadlen, 2007). 

Investigating the parameters influenced by stimulus characteristics 
resulting in a later rise in CPP in the present study is also an avenue 
worth exploring. The recent models incorporate concepts such as drift 
rate, speed-accuracy trade-offs, urgency signals, and uncertainty signals 
(O’Connell & Kelly, 2021; Hanks & Summerfield, 2017). Likewise, 
studying these processes gains more significance when considering 
biological motion stimuli, given their potential to reflect evolutionarily 
and socially meaningful scenarios. Concurrently, models of perceptual 
decision-making stand to benefit from incorporating biological motion 
tasks. 

4.3. Limitations and future research 

The present study bears its first limitation concerning the stimuli 
used. Although temporal qualities of scrambled motion are manipulated 
by varying the display time, there are also other potential manipula
tions. Importantly, it would be worth exploring the manipulation of the 
speed of the stimuli used in the task. Such an investigation could alter 
the CPP onset and latency, revealing potential nonlinear effects of speed 
on the sensory evidence accumulation process. In addition, point-light 
displays, while effective in capturing crucial aspects of biological mo
tion, could be complemented by more naturalistic videos depicting 
human actions or even real human actors in naturalistic settings. This 
avenue of research aligns with the growing adoption of real-time EEG 
methodologies, offering the opportunity to enhance ecological validity 
(Stangl et al., 2023; Pekçetin et al., 2023). 

Another limitation of the study comes from the task being employed. 
The current study included explicit instructions for participants to report 
the walking direction upon recognizing a human figure. This was 
emphasized to ensure that responses were based on the perception of 
human gait patterns rather than isolated local movements. Additionally, 
participants were familiarized with the task in a pre-experimental ses
sion to minimize misunderstandings about the task requirements. 
Despite these, we acknowledge the possibility that subjects might rely 
primarily on local motion trajectories as demonstrated previously even 
in the absence of structural configuration for reporting the walking di
rection (Troje & Westhoff, 2006). Future work employing a detection or 
action discrimination rather than a direction task would be valuable in 
ensuring global form processing. Additionally, employing “moon
walker” stimuli is also possible to differentiate the global versus local 
processing when the facing and movement direction are distinct (Miller 
& Saygin, 2013). 

It should also be noted that the current study would benefit from 
explicit investigations of whether CPP observed with respect to our task 
indeed reflects the two essential components of the drift–diffusion 
model. Recent endeavors in computational modeling, notably neurally 
informed models, extend beyond traditional drift–diffusion models 
while explaining more complex mechanisms. The researchers benefit 
from CPP and mu/beta activity for informing, i.e. constraining the 
model parameters, which aligns with this study’s approach (Kelly et al., 
2021). With the inclusion of time constraints and speed-accuracy trade- 
offs, these models offer a promising direction for future investigations. 
The endeavors encompassing the above-mentioned models will also help 
disentangle the underlying processes for the evidence accumulation 
within the biological motion perception task in comparison to largely 
employed random dot kinematics. In this context, further research is 
planned by also incorporating different aspects of perceptual decision- 
making (e.g. prior information, feedback, speed-accuracy trade-off, 
etc.) which is for the time being, beyond the scope of this paper. 

Lastly, while the task employed in the present study focused on vi
sual perception, the integration of sensory information holds great sig
nificance in our daily experiences. This also holds for biological motion 
perception in natural settings since it consists of and requires multi
sensory input (Brooks et al., 2007). Despite the prevailing use of visual 

motion displays, the exploration of audio-visual cues for human motion 
in natural settings is a growing area of research (Mendonça et al., 2011). 
Therefore, it would be worth investigating the effects of multisensory 
integration on the CPP build-up using a similar experiment. Anticipated 
benefits of multimodal integration include more efficient sensory evi
dence accumulation which may potentially lead to earlier latencies and 
heightened peaks in CPP. 

5. Conclusion 

In conclusion, the present study extends our understanding of 
perceptual decision-making by demonstrating domain-general mecha
nisms within the context of a biological motion direction discrimination 
task. The introduction of PLDs to the field offers significant advantages 
over traditionally employed RDKs. The integration of perceptual 
decision-making and biological motion perception holds promise for 
further studies. Through employing different tasks (e.g. action recog
nition, detection), the underlying mechanisms of local and global pro
cesses in biological motion perception along with the decision variables 
can be investigated in future research. 
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