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Abstract: To investigate the intricate dynamics of brain activity when interacting with a dynamic

environment, it is imperative to continuously generate and update expectations regarding

forthcoming events and their corresponding sensory and motor responses. This study aims to

explore the interconnectivity in time perception across predictable and unpredictable conditions. The

necessary data for this study were acquired from EEG signals, sourced from an existing database that

involved an experiment conducted on a group of healthy participants. The individuals were subjected

to two distinct conditions, predictable and unpredictable, encompassing various time delays. The

functional connectivity between brain regions was estimated using a method known as the phase

lag index. This method was employed to discern disparities in time perception between the two

conditions. A comprehensive comparison of the two conditions across different delays demonstrated

noteworthy variations, particularly in the gamma, beta, and theta frequency bands. The differences

between delays were more pronounced in the predictable condition. Subsequently, an in-depth

analysis was conducted to scrutinize the dissimilarities between the conditions within each delay.

Notably, significant differences were observed across all delays. In the unpredictable condition, an

increase in connectivity was detected within the alpha band during the 400-ms delay, specifically

between occipital and temporal regions. Moreover, the mean connectivity in the unpredictable

condition surpassed that of the predictable condition. In the delta band, distinct connectivity patterns

were observed across different delays, involving connections between central and frontal regions.

Specifically, a heightened connectivity between central and prefrontal regions was noted during

the 83-ms delay. Notably, the right hemisphere of the prefrontal cortex played a vital role in time

perception. Furthermore, a decline in connectivity across the delta, theta, and beta bands was

observed in both conditions during the longest delay (800 ms) when compared to other delays.

Keywords: Functional Connectivity, EEG Signals , Temporal patterns , Visual events, Discrimination ,

Brain regions

1. Introduction

The human brain can be regarded as a complex structure composed of numerous interconnected

networks. As the brain functions as an integrated system, the performance of specific tasks within the

brain is not solely derived from the isolated activities of its regions, but rather relies on the interaction

and communication among its constituent parts. Therefore, examining the connections and interactions

among the brain regions is crucial for a comprehensive understanding of brain activity. Investigations

of brain interactions are conducted at various levels. Considering that the brain operates at a high

speed, although the physical connections between regions may remain stable for several seconds, the

functional communication (functional connectivity) between activities of different regions can vary on

a small time scale, even within milliseconds.

In this study, electroencephalography (EEG) signals are utilized to record the electrical activity of

the brain[1]. EEG signals provide an approximate measurement of postsynaptic activity of neuronal
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cells with a temporal resolution on the order of milliseconds, enabling the description of brain activity

dynamics [2]. Hence, the use of EEG can be valuable in investigating functional connections between

regions due to its high temporal resolution. Various estimators, such as correlation estimators, partial

coherence, mutual information, phase locking value, phase lag index, phase slope index, weighted

phase lag index, etc., have been employed in studies to explore functional connections [3–5]. The

concept of time is defined as a quantitative measure of various sequential events to compare their

duration or the interval between them [6–21]. The traditional view, influenced by St. Augustine

of Hippo philosophy, has been of interest to cognitive neuroscientists, suggesting that time is a

composite of simultaneous and disjointed mental concepts. For instance, the past is constructed

through memories, the present is shaped by attention, and the future is anticipated through prediction

[22]. To interact with the changing environment we live in, the brain constantly requires generating and

updating predictions about future events [23]. In fact, the ability to predict the timing of events in the

environment enables humans to allocate the necessary processes for comprehension and appropriate

action [24]. Additionally, in order to communicate with the surrounding environment, the brain needs

to perceive the timing of events and utilize estimates of time to regulate sensory and motor responses.

However, it is still unclear how the brain processes time. Furthermore, it has been well-established

that the temporal concept is correlated with perceptual processing [25–31]. Recognizing regular timing

is not the only temporal pattern that the brain is capable of perceiving. Recent studies on humans

and primates have focused on investigating the brain’s capacity to identify more complex temporal

distributions apart from regular intervals [32,33]. To understand how the brain operates during

different time periods and utilizes them for external interactions, it is necessary to identify the regions

and mechanisms involved in the temporal processing. It is evident that the brain should not rely

solely on one mechanism or a specific region for all different temporal ranges. While an internal clock,

which perceives time in the form of 24-hour intervals, has been identified as a known system [34],

neural mechanisms operating at sub-millisecond to second timescales, representing temporal intervals,

are still not fully comprehended [35]. Cellular activity changes related to temporal processing have

been observed in the cerebellum [36], thalamus [37], posterior parietal cortex [38], prefrontal cortex

[39–42] and motor cortex [43] in monkey behavior. Furthermore, neurological disorders ultimately

alter the functioning of the cerebral cortex, which may contribute to other timing impairments in

Parkinson’s Disease and early stages of diseases such as Huntington. Specifically, damage to the

right frontal cortex and subcortical structures disrupts temporal perception [44]. Findings suggest

that the prefrontal cortical regions may control attention and memory, which interact with timing

processes [45]. In study [46], the aim was to investigate whether the prediction of stimulus timing

modulates sensory discrimination accuracy and whether the timing between the cue and stimulus has

an impact on this modulation. EEG signals were recorded in predictable block conditions with stimuli

presented after a fixed delay relative to the cue, and in unpredictable block conditions with stimuli

presented after variable delay sequences (83, 150,400, and 800 milliseconds) relative to the visual

cue. The predictability effect on behavior was observed at posterior parietal sites in the alpha power,

specifically during the longest delay period (800 milliseconds). In fact, a significant difference and

improvement in performance were observed between the predictable and unpredictable conditions at

the 800-millisecond delay, indicating the influence of predictability on sensory processing. To better

understand temporal processing in the brain, functional connectivity analyses were conducted using

EEG signals and the Phase Lag Index (PLI) as a measure of connectivity in different brain regions.

2. Materials and Methods

2.1. Data Introduction

In this study, data recorded from the article [46] were utilized. The experiment involved EEG data

recorded at a sampling frequency of 1000 Hz with 64 AGCL/AG electrodes referenced to the mastoid

bone. The impedance of the channels was maintained below 6 kilohms.
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The experiment was conducted on 29 healthy male individuals with normal vision, right-handed,

and with an average age of 24 years. The experimental protocol was approved by the ethical committee

of sirjan University of Medical and Sciences. A 24-inch display screen with a resolution of 1920×1024

pixels was used in the experiment. The general experimental protocol is illustrated in Figure 1. Initially,

to ensure the participant’s fixation and concentration, a fixation cross appeared. Then, stimuli were

presented for 200 milliseconds, followed by a delay period. Subsequently, a visual stimulus in the

form of clockwise or counterclockwise rotation appeared, and the participant was required to press

the right or left key, respectively, depending on the rotation direction. Following that, to introduce a

non-rhythmic aspect to the experiment (since rhythmic experiments involve the presentation of stimuli

at brain frequencies), a delay was introduced. The delay was randomly sampled from a Gaussian

[47–55] distribution with a mean of 900 milliseconds and a variance of 600 milliseconds.

Figure 1. General experimental protocol[27].

As mentioned, prior to stimulus presentation, a delay was introduced to transform the experiment

into two conditions: predictable and unpredictable. Each block was predictable. In the predictable or

unpredictable, it included 48 trials, where only one of the delays (83, 150,400, or 800 milliseconds) was

considered as the target delay between the cue and the stimulus for all trials in each experiment. In

the unpredictable condition, for each trial, the delay was randomly selected from the four delays (83,

150,400, or 800 milliseconds) to ensure that no delay coefficient was a multiple of another, thus avoiding

the creation of harmonics in a specific rhythm. Additionally, the timing of each frame of the monitor

(60 Hz frequency) was taken into account when selecting these delays to ensure proper alignment. The

recorded signal aimed to investigate time perception in humans and the role of brain oscillations in

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 July 2023                   doi:10.20944/preprints202306.2268.v1

https://doi.org/10.20944/preprints202306.2268.v1


4 of 16

timing information processing. In their study, they concluded that the temporal prediction effect on

alpha power exists during the longest delay period (800 milliseconds). They observed that after the

cue presentation, alpha power decreased in the predictable condition (from 172 to 373 milliseconds

after the cue), compared to the unpredictable condition. However, before the stimulus presentation,

alpha power increased in the predictable condition (305 milliseconds before the stimulus), compared

to the unpredictable condition. The significant difference and improvement in performance were only

observed during the longest delay period (800 milliseconds) between the two conditions [27].

2.2. Preprocessing

The preprocessing steps were performed using MATLAB software and the EEGLAB toolbox.

Initially, the recorded signals were imported into the software, and their DC offset was removed

using a line base removal technique. To eliminate drifts and artifacts caused by very low-frequency

components with significantly higher magnitude and power compared to EEG signals, a high-pass

filter with a cutoff frequency of 0.5 Hz was applied. After filtering, visual inspection was performed

on the signal, and the channels that were corrupted were replaced with neighboring channels using

healthy channel signals. Subsequently, relative and visual data interpolation were applied to clean the

data. The purpose of this process was to eliminate common noise present in all channels. For further

cleaning, Independent Component Analysis (ICA) algorithm was applied to the signals, and then

artifacts related to blinking, eye and neck movement, and so on, were removed. From the remaining

62 electrodes, a subset of 19 standard 10-20 electrodes Figure 2 was selected for further analysis. These

electrodes were chosen based on clinical relevance and their ability to cover the entire brain.

Figure 2. 17 selected electrodes.

After the electrode selection, segmentation was performed based on the specified timing as

described in reference [46]. In this segmentation, a time interval of 500 milliseconds prior to the onset

of the stimulus to 500 milliseconds after the stimulation was chosen.

2.3. estimate of correlation

In the present study, the PLI (Phase Lag Index) was utilized to investigate the phase

synchronization relationships in brain oscillations during a state where the phases of two oscillators

were coupled. Phase synchronization refers to the simultaneous occurrence of phases despite their
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non-coherence in amplitude [56–58]. The foundations and theory of this method have been further

examined in the following sections.

2.3.1. Phase lag index

The Phase Lag Index (PLI) is a functional connectivity estimator defined by the equation (1),

which, theoretically, is resistant to volume conduction artifacts [59].

(1)

In this equation, "sign" denotes the sign function,Φx and ΦY represent the phase of the momentary

samples of two time series N and k = 1...N at discrete time steps tk, ∆Φ = Φx − Φy, and N refers to

the number of samples. Additionally, PLI values range from 0 to 1, where PLI is a statistical measure

of dependence between time series that reflects the strength of their coupling. This method has been

employed due to its lower sensitivity to volume conduction and common sources [60]. In this research,

functional connectivity related to each of the 29 participants was estimated in the following frequency

bands: delta (1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-49 Hz). The

obtained results form 40 symmetric 19x19 matrixs, where the rows and columns correspond to the

channels used in this study. Each element of the matrix represents the connectivity between two

recorded channels. The elements of the matrix are symmetric with respect to the main diagonal

because directionality is not relevant in functional connectivity. Therefore, in each matrix, the number

of different states is equal to the following value:

(2)

The functional relationships were estimated by calculating the average values of PLI. Similarly, the

correlation matrix was obtained for both predictable and unpredictable states, encompassing all

possible delays.

2.3.2. statistical analysis of data

After applying the necessary preprocessing steps to the data and estimating all the connections

between brain channels, statistical analyses were performed. In this study, SPSS24 was used for

performing the statistical analyses. Initially, the normality of the data was ensured using the

Kolmogorov-Smirnov test with

P-Value ≥ 0.05 . The first step involved comparing the clockwise and counterclockwise

stimulations at each of the four delays to determine if there was a significant difference. For this

purpose, paired t-tests were conducted with eight paired samples (individuals in two different

conditions). Subsequently, to examine whether there were significant differences among different

delays within each condition, an one-way analysis of variance (ANOVA) was performed. To ensure

significant differences and the results were confirmed using the False Discovery Rate (FDR) test [61].

To identify within-group differences, the Hoc-Post test was used. Finally, to determine if there were

significant differences between predictable and unpredictable conditions for each delay, paired t-tests

were conducted.

3. Findings and Discussion

The analysis utilized data from 29 individuals, and all the data were examined in both predictable

and unpredictable conditions. This comprehensive analysis allowed for a more thorough and accurate

exploration of the delays associated with brain connectivity.
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3.1. Comparison of stimulation with clockwise and counterclockwise shapes

In this section, paired t-tests were conducted to compare the stimulation with clockwise and

counterclockwise patterns. For each delay, a separate test was performed for the stimulation with

clockwise and counterclockwise patterns across all frequency bands. The results of these tests did not

reveal any significant differences. Based on the collected data and examination of the responses, it was

observed that approximately 83% of the given responses were accurate in identifying the clockwise

and counterclockwise stimulation.

3.2. Comparison of delays in two predictability and unpredictability conditions

In this section, the focus was on examining significant differences between different delays in

each separate predictable and unpredictable condition. The statistical test used for this purpose was

ANOVA, which revealed significant differences in delays between the two conditions. 1 and 2 display

the number of connections with significant differences. The largest differences were observed in the

beta, theta, and gamma frequency bands, particularly in the beta and theta bands where the differences

were quite noticeable, ranging from 83 milliseconds to 800 milliseconds. These differences were

minimal in the delta band and very slight in the alpha band. These differences were observed in both

the predictable and unpredictable conditions, although there were more differences in the predictable

condition compared to the unpredictable condition. Further details regarding the differences between

each delay in the 5 frequency bands are provided below.

According to Table s 1 and 2, in the delta band of the predictable condition, the differences between

delays of 83 ms with 800 ms, 150 ms with 800 ms, and 400 ms with 800 ms have increased. In this

condition, the differences between the delays of 400 ms with 800 ms were particularly significant, with

the majority of connections observed in the frontal region. In the unpredictable condition, the largest

difference was observed between the delays of 150 ms and 800 ms, with more connections formed

in the posterior region. The significant difference in this condition is relatively smaller compared to

the predictable condition. In the theta band, the highest significant differences between delays of 83

ms with 800 ms, 150 ms with 800 ms, and 83 ms with 400 ms were observed in both the predictable

and unpredictable conditions. In the predictable condition, the majority of connections were initially

observed between the delays of 83 ms with 800 ms across the entire scalp. Subsequently, the differences

between the delays of 150 ms with 800 ms were more prominent, with most connections observed

in the frontal region and then in the posterior region. In the unpredictable condition, the largest

differences were observed between the delays of 83 ms with800 ms, with most connections seen in

the frontal region and then in the posterior region. In the alpha band, there was a very small but

significant difference between the delays in the predictable condition. Two significant differences were

observed between 83 and 150 milliseconds, indicating a correlation between the frontal and parietal

regions. In the unpredictable condition as well, a significant difference was observed between 83 and

150 milliseconds, indicating a correlation between the parietal and frontal regions. In the beta band, the

greatest significant differences in delays were observed between 83 and 800 milliseconds, and 150 and

800 milliseconds, in both the predictable and unpredictable conditions. In the predictable condition,

initially the greatest delay was observed between 83 and 800 milliseconds, which was consistently

observed throughout the experiment. Subsequently, the differences between 150 and 800 milliseconds

were greater, indicating stronger correlations in the parietal region initially, and then in the frontal

region. In the gamma band, in the predictable condition, the greatest differences were observed initially

between 83 and 400 milliseconds, followed by differences between 83 and 800 milliseconds, with the

strongest correlations initially observed in the parietal region and then in the posterior region. In the

unpredictable condition, significant differences were observed between 150 and 400 milliseconds, with

stronger correlations formed in the posterior region. After that, greater differences were observed

between 150 and 800 milliseconds, with stronger correlations in the parietal region.
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Table 1. -The number of significant correlations P-Value ≥ 0.05 05 among the delays in the predictable

condition

Table 2. -The number of significant correlations P-Value ≥ 0.05 among the delays in the unpredictable

condition.

3.3. Comparison of Predictable and Unpredictable Scenarios for Each Delay

In this section, we examined whether there are significant differences between the predictable and

unpredictable scenarios for each delay. The analysis was conducted across a frequency range of 1 to 40

Hz, and the network of connections was presented in the following figures. Subsequently, separate

calculations were performed for each frequency band. The network of connections in the alpha band

was compared to the results presented in reference [46]. The results for other frequency bands were

also provided along with their analysis.

To display the results, threshold values were determined based on the average ± standard

deviation. If the difference exceeded this threshold, it was considered significant and displayed;

otherwise, it was not shown. The thickness of the lines in the figures represents the strength of the

connection.

In the subsequent analysis, the differences between the predictable and unpredictable scenarios

were examined for each delay in all frequency bands, and the results are presented below.

As observed in Figures 3–6, in the frequency range of 1 to 40 Hz, the connections decrease with

increasing delays in the predictable scenario. Additionally, the connections are stronger in the delay

of 150 milliseconds compared to 83 milliseconds. In all delays, there is a connection between the

two hemispheres. Furthermore, in the delay of 400 milliseconds, a strong connection is observed

from the prefrontal region to the posterior region. This connection also exists in the delays of 83

and 150 milliseconds but is weaker compared to the connection in the delay of 400 milliseconds.
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In the unpredictable scenario there are connections between the two hemispheres. Moreover the

connections also decrease with increasing delays. In the delay of 150 milliseconds, strong connections

are observed in the parietal and posterior regions compared to other connections at this delay. To

assess the significant difference between the predictable and unpredictable scenarios, a paired t-test

with a significance level of α=0.05 has been conducted. The results indicate a significant difference

in all delays, and particularly, larger significant differences are observed in the delays of 150 and 400

milliseconds compared to the other delays. in Figures 7–10, the network of communication in the alpha

band is observed, indicating information flow between the posterior and anterior regions. Furthermore,

in both scenarios, there is communication between the two hemispheres for all delay groups. It is

expected that in the predictable scenario, different regions of the brain are engaged in training at

different times. Additionally, the study’s findings reveal learning in the alpha band in the parietal

regions, even before the stimulation, when the brain is in a training state, aligning with the results

of reference [62]. Moreover, a study on neural imaging of time perception, described in reference

[63], demonstrated that cortical areas such as the parietal cortex are involved in regulating temporal

durations.In the unpredictable scenario, in the 400 ms dela while in the 800 ms delay, there is increased

connectivity between the posterior regions and the anterior regions. The findings of this study exhibit

differences in brain maps for different delays. To investigate whether there is a significant difference

between the two scenarios, a paired t-test with α=0.05 has been conducted, and significant correlations

have been observed in all delays. In the 400 ms delay, the average connectivity in the unpredictable

scenario is higher than in the predictable scenario. In the 800 ms delay, the average differences in

connectivity between the unpredictable and predictable scenarios are greater in the anterior regions

compared to the posterior regions. Similar significant differences have been observed in the other

frequency bands, which are reported in detail below. In the delta band, for the 150 ms, 400 ms, and 800

ms delays in the predictable scenario, there was connectivity between the central and frontal regions.

Additionally, in the 83 ms delay, there was strong connectivity from the central region to the anterior

region. Moreover, in the 800 ms delay, there was a very strong connection from the central region to

the frontal region. In the unpredictable scenario, for all delays, the number of connections was higher

compared to the predictable scenario. In this scenario, although there were strong connections in the

800 ms delay, the number of connections decreased compared to other delays. In the 83 ms and 150

ms delays, there was also a very strong connection between the parietal and frontal regions. In the

theta band, in both scenarios, there were connections observed in the frontal, prefrontal, and parietal

regions for all delays. However, in the 800 ms delay, the number of connections decreased compared to

other delays. Additionally, in the study mentioned in reference [64], it has been shown that exposure

to timing estimation tasks affects the severity of inattentive symptoms, ADHD, and theta band activity

in the lateral posterior frontal cortex. In the beta band, in the 800 ms delay, there was a decrease

in connections compared to other delays in both scenarios. Additionally, the prefrontal region had

connections to other areas in all delays, and in the unpredictable scenario, there were more connections

compared to the predictable scenario. In the gamma band, in the unpredictable scenario, there were

connections throughout the brain for all delays, and in the predictable scenario, there were connections

for the delays of 83 and 150 milliseconds. Additionally, there were connections between the posterior

and anterior regions in both scenarios. Furthermore, in the article referenced as [65], it is shown that

intervals of less than a second and processing time are associated with increased cognitive functions in

areas including the prefrontal cortex. The results reported in paper [46] indicate that predictability has

an effect on behavior at a delay of 800 milliseconds. The authors concluded that there is a predictive

timing effect on alpha power during the longest delay period (800 milliseconds). In their experiments,

it was found that after the presentation of a cue, alpha power decreased in the predictable condition

(between 172-373 milliseconds after the cue) compared to the unpredictable condition, while before the

stimulus presentation, alpha power increased in the predictable condition (305 milliseconds before the

stimulus) compared to the unpredictable condition. Their study only observed a significant difference
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between the predictable and unpredictable conditions at the longest delay (800 milliseconds), whereas,

in the current study, a significant difference between the two conditions was observed at all delays.

Figure 3. The average correlations in two conditions, predictable (A) and unpredictable (B), along

with their significant differences (C), at a frequency range of 1 to 40 Hz for a delay of 83 milliseconds

estimated using the PLI method. ( The green line represents a higher average correlation in the

unpredictable condition compared to the predictable condition, while the orange line indicates the

opposite trend.)

Figure 4. The average correlations in two conditions, predictable (A) and unpredictable (B), along

with their significant differences (C), at a frequency range of 1 to 40 Hz for a delay of 150 milliseconds

estimated using the PLI method. ( The green line represents a higher average correlation in the

unpredictable condition compared to the predictable condition, while the orange line indicates the

opposite trend.)

Figure 5. The average correlations in two conditions, predictable (A) and unpredictable (B), along

with their significant differences (C), at a frequency range of 1 to 40 Hz for a delay of 400 milliseconds

estimated using the PLI method . (The green line represents a higher average correlation in the

unpredictable condition compared to the predictable condition, while the orange line indicates the

opposite trend.)
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Figure 6. The average correlations in two conditions, predictable (A) and unpredictable (B), along

with their significant differences (C), at a frequency range of 1 to 40 Hz for a delay of 800 milliseconds

estimated using the PLI method. (The green line represents a higher average correlation in the

unpredictable condition compared to the predictable condition, while the orange line indicates the

opposite trend.)

Figure 7. The average correlations in two conditions, predictable (A) and unpredictable (B), along with

their significant differences (C), are shown for the alpha band at a delay of 83 milliseconds estimated

using the PLI method. ( The green line represents a higher average correlation in the unpredictable

condition compared to the predictable condition, while the orange line indicates the opposite trend.)

Figure 8. The average correlations in two conditions, predictable (A) and unpredictable (B), along with

their significant differences (C), for the alpha band at a delay of 150 milliseconds estimated using the

PLI method. (The green line represents a higher average correlation in the unpredictable condition

compared to the predictable condition, while the orange line indicates the opposite trend.)
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Figure 9. The average correlations in two conditions, predictable (A) and unpredictable (B), along with

their significant differences (C), for the alpha band at a delay of 400 milliseconds estimated using the

PLI method. (The green line represents a higher average correlation in the unpredictable condition

compared to the predictable condition, while the orange line indicates the opposite trend.)

Figure 10. illustrates the average correlations in two conditions, predictable (A) and unpredictable (B),

along with their significant differences (C), for the alpha band at a delay of 800 milliseconds estimated

using the PLI method. (The green line indicates a higher average correlation in the unpredictable

condition compared to the predictable condition, while the orange line indicates the opposite trend.)

4. Conclusions

The results indicate that there was no significant difference observed between the clockwise and

counterclockwise stimuli. Comparing the delays in both the predictable and unpredictable conditions,

the findings suggest that the greatest differences in delays were observed in the gamma, beta, and

theta bands, with the largest differences between the 83 and 800 milliseconds delays in the beta

and theta bands. In the study by Ghaderi et al. [66], it was shown that participants who perceived

time as shorter than the physical time exhibited higher beta power and higher coherence in central

regions. Additionally, in the study by [67], a correlation matrix of connectivity was demonstrated

between the frontal-central and posterior regions across all frequencies. In the current study, it was

observed that, in comparison of delays, both in the predictable and unpredictable conditions, there

were connectivity patterns between the frontal-central regions in all frequency bands except for alpha.

In this section, a significant difference was observed between the delays, with a greater difference

observed in the predictable condition compared to the unpredictable condition. By examining these

significant differences, it is possible to extract the regions that were more involved in the process.
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Table 3. The greatest differences have occurred between the delays and the involved regions in both

the predictable and unpredictable states.

Table 4. Comparison between the predictable and unpredictable state.

The article referenced in [68] states that the brain does not exhibit significantly different neuronal

spike activity in time intervals less than 500 milliseconds. Therefore, it is suggested to design an

experiment with delays ranging from 2 to 3 intervals above 500 milliseconds in order to analyze

temporal events with greater clarity and accuracy. Additionally, to reduce participant fatigue without

compromising the integrity of the experiment, it is recommended to use fewer trials per delay group.
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